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ABSTRACT 
 

 For humans with adequately operating auditory systems the arrival of acoustic 

waves to the ear and the subsequent displacement of the tympanic membrane gives 

rise to the sensations and perceptions commonly known as hearing.  One aspect of 

hearing is loudness, to which the field of psychophysics attempts to ascribe a physical 

correlate intrinsic to the incoming acoustic wave.  For over 50 years psychophysicists 

have attempted to explicitly define the just-noticeable difference (JND) for loudness: 

the smallest amount, in physical units, that a stimulus needs to be increased to 

produce a perceptual difference.  A review of the literature suggests that the problem 

in defining the JND is twofold.  Firstly there is the measurement problem, with 

specific weighting on two competing measures of the JND: the level difference (ΔL) 

vs. the Weber fraction (ΔX/X).  Deciding between the two measures has proved 

difficult:  within the natural operating range of the auditory system the two measures 

are directly proportional to one another.  Secondly there is the units problem, 

concerned with the physical unit in which the measure should be expressed.  The units 

problem exists because it has yet to be determined which property of the acoustic 

stimulus accounts for the perception of loudness.  There are several candidates: 

acoustic pressure (p); acoustic intensity (I); acoustic power (P), and acoustic energy 

(E).  The necessity of determining which, if any, is the proper measure of the stimulus 

is forced by the phenomenon of negative masking, which is manifest when the 

stimulus is expressed in terms of pressure.  Selecting among the various quantities is 

complicated by the fact that the four measures are linearly related and constitute a 

direct transformation of one another.  In the laboratory context existing techniques 

can produce stimuli that severely challenge the auditory system and break down the 

proportionality exhibited by the various candidate JNDs.  These techniques however 

require greater scrutiny and development.   Buus and Florentine (1991) have proposed 

that the JND measure (i.e., Δp/p, ΔI/I, ΔL) that realizes a linear relationship with the 

detectability index, d’, is the correct measure.  The proportionality of the measures 

makes such comparison complicated, and threshold values need to be inflated by 

manipulating stimulus parameters in order to exceed the range of proportionality.  

This is accomplished using short duration (10-ms) sinusoids and low level masking 

noise.   The experimental program commenced with a series of negative masking 
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experiments to ensure the phenomenon is still relevant to short duration stimuli.  

Laming’s (1986) sensory analytical model, which assumes the auditory system 

responds to pressure, provided an acceptable fit to these data.  Experiments on the 

pedestal effect, a related phenomenon, generated fixed-increment functions that could 

be compared to the masking functions generated from the negative masking data.  A 

consistent relationship between the two was found when the stimuli were expressed in 

units of pressure. Attention then turned to improving the studies undertaken by Buus 

and Florentine (1991) to determine what the proper measure of the JND should be.  A 

series of experiments, differentiated by stimulus conditions, suggest a JND measure 

expressed in pressure units had the most linear relationship with d’.  The results argue 

for pressure as the correct measure of the stimulus, and Δp/p to be the most qualified 

representative of the JND.               

 

KEYWORDS: psychophysics, sinusoid, pressure, intensity, difference threshold, 

short-duration stimuli, negative masking, pedestal effect, psychometric function, 

masking function, fixed-increment function, d’ 
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CHAPTER I : GENERAL INTRODUCTION  
 

“Nihil est in intellectu quod non prious fuerit in sensu” 
 
“Nothing is in the intellect which has not previously been in the senses” 
 
          John Locke 
 

INTRODUCTION 
 
 The extraction of primitive features from incoming stimuli is a process Laming 

(1986) terms Sensory Analysis.  Such processing is considered preconscious, and a 

subsequent synthesis of those extracted features constitutes perceptual experience.  In 

audition, the main perceptual dimensions of the stimulus are pitch, loudness, and timbre.  

Correlating these perceptions with the physical properties of the stimuli is the concern of 

the psychophysicist.  In a level discrimination task an experimenter might manipulate the 

amplitude of an acoustic wave and test to see whether an observer can discriminate one 

from another.  After 50 years of quantitative psychoacoustical research two central issues 

remain unresolved:  1) How exactly to quantify the ability of an observer to tell whether 

two sequentially presented stimuli are the same or different, and; 2) what the units 

employed in the measurement of the respective magnitudes of the two stimuli should be. 

 
The current enterprise examines the ability of the auditory system to discriminate 

short duration sinusoids presented at either absolute or masked threshold.  Such stimuli 

present a severe test to the auditory system: in psychoacoustical research a well-

established inverse relationship between the amplitude of a sinusoid and its duration 

exists in relation to detectability (Garner, 1947).  The choice of such stimuli is further 

justified by the unorthodox behaviour of sinusoids around absolute threshold.  Negative 

masking and the pedestal effect are two examples of how the processing of near-

threshold stimuli differs from that of supra-threshold stimuli.  Negative masking 

constitutes an important reason why the units problem in audition requires a solution 

because its existence depends upon which units the stimuli are expressed in.   
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Buus and Florentine (1991) and later Moore, Peters, and Glasberg (1999) ran a 

series of experiments aimed at solving the units problem in audition.  The two studies 

however produced contradictory data, and as a consequence the units problem remains 

unsolved.  Central to these experiments was the use of short duration sinusoids.  This 

study will extend and improve on the experiments reported by Buus and Florentine 

(1991) and Moore, Peters, and Glasberg (1999).  Additional experiments exploring the 

phenomena of negative masking and the pedestal effect will be presented.  A review of 

the literature reveals a number of fundamental questions concerning this topic that have 

yet to be answered. These include: 

 

o Can negative masking be demonstrated using short-duration sinusoids?  Using 
high frequency sinusoids? 
 

o Does the pedestal effect occur at absolute threshold?  Can it be demonstrated 
using short-duration sinusoids?   
 

o How should the stimulus be defined?  In which unit should the stimulus be 
expressed? 

 

This thesis constitutes an attempt to answer these and other interesting questions.  

A review of psychophysics, contextualised to audition, begins the enterprise for the 

remainder of Chapter I.  Chapter II presents a detailed examination of level 

discrimination.  Negative masking and the pedestal effect are more fully explored in 

Chapter III.  Chapter IV describes the three contempory models of level discrimination 

that are fitted to subsequent experimental data. Chapter V is confined to contempory 

issues surrounding the definition of the auditory stimulus. The experimental chapters VI 

(negative masking), VII (the pedestal effect), and XIII (psychometric functions) provide 

data with which the questions above can be answered.  A discussion (Chapter IX) is the 

terminus of this work.  
 

AN INTRODUCTION TO PSYCHOPHYSICS     
     

To gain an understanding of how an organism is able to sense aspects of its 

environment, we must examine features belonging to both the observer, that is, the 

sensory modality of interest, and of that which is being observed, that is, the 
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Figure 1.1 : A schematic diagram of the events that constitute the discipline of psychophysics.   
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environmental energy available to the senses (Figure 1.1).  To aid us in this task it is 

useful to divide all occurrences in space and time (the constituents of our universe) into 

two main categories: physical events and psychological events.  Physical events 

constitute the behaviour of "matter" and are of interest to physicists.  In the study of the 

senses, investigators call environmental energy “stimuli” because they “stimulate” 

particular sensory receptors. In comparison, psychological events do not afford 

themselves to such a simple explanation, but can tentatively be defined as the contents of 

consciousness emergent from the neural activity of the sensory nervous system. 

 

The domain of sensory psychology investigates the psychological correlates of 

physical energy, and so spans both physics and psychology.  Sensory psychology often 

goes under the name Sensation and Perception, which references the complexity to 

which environmental stimuli may be processed.  Sensation is the initial contact between 

an organism's senses and the stimuli present in the environment, resulting in rudimentary 

feature processing of the stimulus field.  Perception refers to the organism's ability to 

endow unity, meaning and organisation upon incoming stimuli.  The area of sensory 

psychology involved in measuring the abilities of our sensory organs is psychophysics 

(Greek, psyche - of the mind; physike - phenomenon of nature).  Psychophysics 
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investigates the relationship between the physical properties of stimuli and the resulting 

sensations and perceptions they give rise to. 
 
For humans the sensory modalities can be classified into five broad classes: 

vision, audition, gustation, olfaction and the somatosensory senses.  The current 

enterprise concerns itself with audition, in which the vibrations of molecules in the air (a 

physical event) are processed by the auditory system to produce the sensation of sound.  

The study of hearing is synonymous with the concept of sound, though the exact 

definition of this term is confounded by the context in which it is applied (Rosenberg, 

1982).  Commonly the term sound is used interchangeably to mean either the subjective 

experience of hearing or its physical cause.  The two are distinguished by referring to the 

latter as acoustic waves or stimuli, where the term acoustics originates from the field of 

physics and refers to the study of sound waves.    

 

THE PHYSICAL DESCRIPTION OF SOUND 
 

 This section is dedicated exclusively to the physical origins of sound, that is, the 

generation and propagation of sound waves.  Such grounding will aid the reader in 

subsequent discussion.  

 

 The auditory system responds to ambient acoustic waves; themselves a product of 

mechanical vibration occurring in an environmental object.  To be set into vibratory 

motion an object must possess the properties of inertia and elasticity.  An acoustic wave 

will travel outwards from a vibrating object (the source) only if the object is surrounded 

by a supporting medium.  Acoustic waves are by nature mechanical waves whose 

transmission is dependent upon the density and compressibility (i.e., elasticity) of the 

propagating medium.  Acoustic waves can be transmitted through gas, liquid, or solids 

(e.g., bone conduction), but unlike light waves, not through a vacuum.  Acoustic waves 

travel faster through less dense and less compressible media, and although gases are less 

dense than either liquids or solids, acoustic waves in fact travel slower through gases 

because of their greater compressibility.   
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 The sensation of sound depends upon the ability of incoming acoustic waves to 

sufficiently displace the tympanic membrane.  How then is vibration transmitted from the 

sound source to receiver?  Far from being unoccupied, the air about us contains countless 

molecules constantly in random motion.  The temporary entrainment of these aerial 

molecules to the vibrations of a solid-body allows acoustic waves to be transmitted 

through the air from one point to another. 

 

 A vibrating object entrains a regular motion on near-by air molecules, which 

begin to move in the same direction as the vibrating object rather than randomly.  These 

molecules in turn collide with adjacent molecules, consequently setting them in motion, 

which then collide with molecules adjacent to them, thus realising a chain of motion 

moving through space not unlike a Mexican wave or a collapsing row of dominos.  

Eventually air molecules close to the tympanic membrane will be set in motion and the 

resulting collision between the two can potentially lead to the recipient experiencing 

sound.  The ear then does not simply collect particles directly emitted by the distal 

stimulus; instead there is a transmission of motion across a propagating medium. 

 

 The simplest kind of vibration is simple harmonic motion, whereby the 

displacement of air molecules is proportional to the applied force (negating friction).  As 

a solid body vibrates it initially leaves an equilibrium (a resting point) and collides with 

surrounding air molecules until it reaches the point of maximum displacement.  The net 

result is an increase in density of air molecules as those nearest the vibrating body are 

pushed towards others slightly further out.  As the density of air molecules increase, so 

does pressure, and an area of condensation is created.  Occupying the extremity of its 

displacement, the force on the vibrating object is now proportional to its displacement but 

in the opposite direction, and it begins to move back towards its equilibrium.  Diffusion 

and electrostatic forces now act to push the air molecules apart and to occupy the area 

vacated by the object itself.  As the object crosses its equilibrium and moves in the 

opposite direction, the area available to the air molecules to disperse themselves becomes  
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Figure 1.2 : A representation of simple harmonic motion (top) and the resulting condensation (pressure 
increase) and rarefaction (pressure drop) of air molecules. 

 
 
even greater.  As the distance between the air molecules increases the density drops and 

pressure decreases, creating what is called an area of rarefaction.  By oscillating about an 

equilibrium point, a vibrating object undergoing simple harmonic motion continually 

affects the density of the surrounding air molecules, alternately increasing and decreasing 

this density as it cycles back and forth.  As a consequence, pressure systematically 

changes, and acoustic waves become variations around atmospheric pressure.   

 

Air molecules adjacent to these initial air molecules experience the same forces, 

and they too undergo condensation and rarefaction across time.  This in turn produces a 

wave motion, with the molecules themselves vibrating in a repetitive pattern until the 

vibrating body itself eventually returns to its initial resting equilibrium.  Figure 1.2 

depicts both condensation and rarefaction arranged in an instant in time assuming simple 

harmonic motion. 
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 Note that the air molecules themselves behave as simple harmonic vibrators, 

continuously oscillating around an equilibrium point.  The velocity (distance per unit 

time) of the molecules continuously varies as a function of displacement.  As they 

approach the point of maximum displacement the molecules decelerate until their 

velocity reaches zero, and they begin to accelerate again when their direction is reversed.  

A molecule’s velocity is greatest when it is over the equilibrium point, and decreases 

again once this point is passed.   

 

 Pressure is proportional to velocity, and as velocity changes as a function of 

displacement it follows that pressure changes as well.  A vibrating body exerts an 

instantaneous pressure p(t) on an area according to: 

 

p(t)=mv/tA,              (1.1)  
 

where m=mass, v=velocity, t=time and A=area.  Hence the instantaneous pressure that 

can be generated by an air molecule (putting m equal to the mass of an air molecule) is 

directly proportional to the area on which it is pushing.  Displacement, the distance 

between an air molecule and its equilibrium point, determines velocity and hence 

pressure.  Simple harmonic motion displacement is a simple sinusoidal function of time, 

depicted in the top part of Figure 1.2.  

 

 The sinusoidal function, or more simply the sine wave, is represented 

algebraically as a trigonometric function of an angle:  

 
x(t)=Asin(2πft+φ),         (1.2) 

 

where 2πft+φ is the angle, A=amplitude, t=time, f=frequency  and φ is the instantaneous 

phase when t=0.  The reciprocal of frequency, 1/f, is the period: the time the function 

takes to complete one cycle.  In common notation Equation 1.2 is expressed as  

 

x(t)=Asin(ω t+φ)          (1.3) 
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where ω=2πf is angular velocity, representing the rate of change of the angle 2πft+φ 

expressed in units of radians per second.  The amplitude scales the sine function, whose 

domain -1 to 1 means x(t) has a minimum value of –A and a maximum value of +A (note: 

in Equation 1.3 A is always a positive real number).       

 

A BRIEF DESCRIPTION OF THE AUDITORY SYSTEM 
 

The auditory system can be divided into two anatomically distinct regions: the 

peripheral auditory system and the central auditory system (Evans, 1992). The peripheral 

auditory system is further subdivided into the outer, the middle, and the inner ear (Figure 

1.3).   

 

The outer (or external) ear consists of the pinna, the external auditory meatus (viz 

the ear canal) and the tympanic membrane (viz the ear drum). The pinna, constructed of 

cartilage and emerging from the side of the cranium, is more commonly known in 

everyday usage as “the ear”.  Functionally the pinna amplifies a defined range of 

incoming frequencies (approximately 1500 Hz to 7 KHz) of evolutionary significance; 

namely, those produced by speaking.  As a resonator, the external auditory meatus also 

amplifies incoming sound stimuli, and together with the pinna this acoustic gain peaks for 

frequencies around 2500 hertz (Yost & Gourevitch, 1987).  The tympanic membrane is a 

cone-shaped membrane that serves as the inner boundary of the outer ear and protects the 

middle ear against foreign bodies.  Its vibration in response to incoming acoustic stimuli 

is transmitted to the middle ear by its interface with the ossicular chain.   

 

Anatomically, the middle ear is a single air-filled cavity separated from the outer 

ear by the tympanic membrane.  It contains a chain of three small bones, suspended by 

ligaments, known as the ossicles: the malleus, incus, and stapes (see Figure 1.3).  The 

ossicles span the gap between the tympanic membrane to the inner ear, and serve to 

transmit the vibrations of the tympanic membrane to the inner ear.  Because the inner ear 

is fluid filled an impedance mismatch exists, which if not addressed would result in the 

attenuation of vibration passing through the middle ear to the inner ear.  This mismatch is 
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significantly reduced by a size difference in area between the tympanic membrane and 

the part of the stapes, (the terminating member of the ossicular chain), contacting the 

inner ear.  The area of the tympanic membrane is 17 times greater than that of the foot of 

the stapes, which transmits vibration to the inner ear.  By examining the relation p=F/A, 

where p is pressure, F is force, and A is area, it is apparent that this reduction in area, 

while holding force constant, realises a pressure gain.  

 

The structure of the inner ear is the most complex of the peripheral auditory 

system, containing the cochlear and vestibular system.  The latter is concerned with 

balance and therefore not of current interest.  The cochlear is suspended in bone with 

portions of membrane protruding into the middle ear, one of which, the oval window, 

connects with the stapes.   

 

The inner ear acts as a frequency analyser and contains the cochlea, which houses 

the organ of corti and the basilar membrane. The basilar membrane can be conceptualised 

as a bank of overlapping bandpass filters that realise a Fourier transform  

 
 

 
 
Figure 1.3 : A diagram of the peripheral auditory system and its divisions (image from www.nih.gov). 
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of the incoming auditory stimuli at the biological level of description.  It is here that the 

transduction of physical energy to a binary representation in the form of neural impulses 

is undertaken.  Information from each filter is encoded by the cochlear nerve fibres and is 

passed on to various brainstem nuclei that transmit to the thalamus and higher cortical 

centres. 

 

The anatomy and behaviour of the auditory Central Nervous System is more 

complex than even that of the visual system, and difficult to describe, let alone explain 

(Yost and Nielsen, 1985).  Information is transmitted beyond the cochlea by the primary 

fibres of the auditory nerve, and eventually arrives at the inferior colliculus by way of 

several auditory nuclei.  By this stage information is being integrated from both ears, and 

from this point on the stimulus is represented bilaterally.  From the inferior colliculi the 

information is passed on to the medial geniculate nuclei, which respond to auditory 

stimuli tonotopically.  Neural tracts from the medial geniculate nuclei project to the 

primary auditory cortex, which in turn transmits to the auditory association cortex.  It is 

in these higher areas where the experience of hearing is thought to occur.    

 
PSYCHOPHYSICS: METHODS AND MEASURES 

 
When an observer makes a decision about a particular sensation or perception 

(e.g., the loudness of a handclap) we say they have made a 'judgment', and by studying 

these judgments the psychophysicist can estimate the sensitivity of a particular sensory 

system. In general, psychophysicists are interested in three kinds of sensory judgments: 

 

1) Detection: What is the minimum amount of a stimulus that I can perceive?  

"How forceful does a handclap have to be before I notice its presence?" 

 
2) Discrimination: When comparing a particular property of two separate objects, how 
different does that property have to be before I notice a difference? 
"With how much force do I need to bring my hands together so this handclap is louder 
than my previous one?" 
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3) Scaling: How much of a particular property is there? 
"How loud is my handclap?” 

 

The present study concentrates on judgments involving the differences in sound 

pressure level between two acoustic waveforms - scaling techniques go far beyond this 

study’s scope and will not be considered any further.  Results obtained from a select 

number of detection experiments will be commented on, and though detection 

experiments are necessitated in the bulk of the experiments undertaken in this thesis, they 

are by no means its focus.  Figure 1.4 categorises the ways in which stimuli can be 

configured in a discrimination experiment and the measures one might expect from them.  

The methods used to obtain there various methods will be presented after discussion of 

the measures.   
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The Receiver Operating Characteristic (ROC) Curve 
 
 
 

Signal Detection Theory (SDT) is the flagship of modern psychophysics.  

Classical psychophysics was constructed upon the concept of the sensory threshold, but 

the very notion of a sensory threshold has itself become doubtful (Swets, 1962). Notably, 

in devising well-controlled psychophysical experiments, researchers assumed that 

influences unrelated to sensory systems were unimportant.  Supporters of the SDT 

approach emphasized the role of context in sensory judgments, and further divided this 

process into two independent components: response bias and sensitivity.  SDT represents 

an attempt to obtain measures of sensitivity and response bias that are independent of 

each other, that is, measures that manifest an uncorrupted estimate of sensory ability. 

 

SDT begins with the assumption that the sensory effect of a given stimulus is 

variable, so that even though a stimulus might be generated to a constant specification by 

an experimenter the effect of the stimulus on the observer may vary between 

presentations.  For example if the stimulus was an acoustic wave of constant amplitude,  
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Figure 1.4 : Diagrammatic summary of the various types of experimental results that can be extracted from 
a discrimination task using different configurations of stimuli.  From left to right the components represent: 
the stimulus; a “black box” symbolising the sequence of operations carried out by the nervous system; the 
distributions of evidence this gives rise to, and; the experimental results themselves: A) an ROC curve; B) a 
psychometric function; C) a masking function, and; D)  a fixed-increment function .  Adapted from 
Laming, 1986. 
 

 

then the observer may report it’s presense on some presentations but not others.  The 

reason for this inconsistency is that the stimulus, call it the signal, is presented against a 

background of random noise that, experiments have shown, is approximately normally 

distributed.  It follows that because the signal is embedded in this randomly distributed 

background noise, the sensory effect of the signal+noise is also modeled by a Gaussian 

(as the normal distribution is conventionally called in psychophysics) distribution. 
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Figure 1.5 shows two hypothetical Gaussian probability density functions for 

noise (N) and signal+noise (SN).  There is more physical energy related to the SN 

distribution, and so its mean sensory effect is always greater than that of the N 

distribution alone.  It is obvious that a signal of a fixed magnitude generates a sensory 

effect about a mean, but on rare occasions the effect will be, to varying degrees, higher or 

lower than the mean.  Furthermore, the ease with which an observer will be able to tell if 

the signal was presented or if it was not presented is determined by the distance (denoted 

d’ if measured in normalized units) between the means of the N and SN distributions. 

 
A typical psychophysical task is to present a single stimulus to an observer and 

ask them if the stimulus was the signal stimulus.  Their response, “yes” or “no” gives 

experiment one of its common names: The Yes-No Task  Observers then act as decision-

makers, having received some input (i.e., the stimulus) they effectively must decide 

which of two events - N or SN - gave rise to that input.  This is undertaken by taking the 

stimulus and mapping it onto a one-dimensional decision axis known as the decision 

variable (this is equivalent to the “sensory effect” variable presented in Figure 1.5), 

symbolized z.  An observer then decides, if z is high enough, to respond “yes”; where the 

value that determines high enough is called the criterion, zc.  If z is less than zc  
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Figure 1.5 : Distribution of sensory evidence across noise and signal+noise trials.  The criterion, zc, and the 
distance between the two distributions, d’, are shown. 
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then the observer responds “no”. 
 
 

The criterion, zc, can be thought of as a fixed value of a decision variable whose 

value can be estimated experimentally.  Figure 1.5 illustrates N and SN distributions with 

a criterion of an arbitrary positioning.  Coupled with the overall sensory acuity of an 

observer, it is the positioning of the criterion that determines the conditional probabilities 

presented in Figure 1.6.  For example if the experimenter presents a stimulus drawn from 

the N distribution the observer might respond “No” which is termed a Correct Rejection, 

or else respond “yes”, which is termed a False Alarm.  If the stimulus is drawn from the 

SN distribution then a “yes” response is termed a Hit and a “no” response is termed a 

Miss.  Examination of Figure 1.5 leads to the realization that the Hit rate equals the 

proportion of the SN distribution that exceeds the criterion, and the False Alarm rate 

equals the proportion of the N distribution that exceeds the criterion.  If the criterion is 

moved left (a liberal criterion) or right (a conservative criterion) then it should be obvious 

that the respective Hit and False Alarm values also change.  

 

By demonstrating the influence of response payoffs and a priori signal 

probabilities on Hit and False Alarm rates, early SDT proponents showed that what was 

traditionally thought to be a sensory threshold in fact reflected a response criterion.   

 

SDT is unique in that it separates out response bias from sensitivity, and it does 

this by using only two of the four conditional probabilities presented in Figure 1.6: Hits 

and False Alarms. Because the areas under both the N and SN distribution equal unity a 

complementary relationship exists between Hits and Misses and also between Correct 

Rejections and False Alarms.  Thus by knowing the Hit value, we always know the Miss 

value because they must add to one (i.e., Miss=1-Hit). It is the same for False Alarms and 

Correct Rejections (CR =1-FA), and so from each pair of complimentaries we need only 

one, because the other is giving us no additional information.   The selection of the Hits 

and False-alarms is arbitrary but established, and the same convention is adopted for the 

purposes of this discussion.  
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Figure 1.6 : A 2x2 contingency table for a Yes-No Task showing the four conditional probabilities that can 
be measured during a typical SDT experiment.   
 
 

 

The Receiver Operating Characteristic (ROC) curve (Figure 1.4A), an important 

construct of SDT, consists of a plot of Hits on the y-axis and False Alarms on the x-axis. 

The ROC curve permits an estimate of an observer's sensitivity to the difference between 

a pair of stimuli, independent of response bias. The position of a point on the ROC curve 

represents an observer's response bias, that is, zc. An observer's sensitivity for a particular 

stimulus is indicated by the area under the ROC curve.  The greater the area under the 

ROC curve the more sensitive the observer.  The sensitivity index, denoted d’, 

corresponds to the distance between the two means belonging to N and SN respectively 

(i.e., ).  The larger the distance between the two distributions, the higher  
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Figure 1.7 : A hypothetical ROC curve based on the normal-normal equal variance model.  The solid line 
going diagonally from left-to-right is the major diagonal, while the dotted line going from right-to-left is 
known as the minor diagonal. 
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the value of d’, and the greater the area below the ROC curve.  Typical experimental 

values of d’ range between zero (chance performance) and four (high sensitivity). 
 

 
 The ROC curve displayed in Figure 1.7 shows a hypothetical ROC curve with six 

made-up points, each representing a different criterion placement.  The position of points 

on the curve can be adjusted by manipulating the a priori probability of presenting the 

SN, changing response consequences (e.g., using a payoff matrix), or by using the Rating 

Method.  For discrimination tasks there is sound theoretical argument (Green and Swets, 

1966; Laming, 1986) that the underlying N and SN distributions are Gaussian.  The curve 

in Figure 1.7 was fitted using two normal probability density functions with equal 

variances; a model commonly known as the normal-normal equal-variance model.  

Different shaped ROC curves can be produced by changing the assumptions associated 

with the underlying N and SN distributions.  Other contenders include the normal-normal 

unequal-variance, the negative exponential, and the chi-square distributions (Green and 

Swets, 1966).   

 

 The relationship between the area under an ROC curve and the performance of an 

observer in a psychophysical task has been elucidated in an intuitive way by Green’s 

Area Theorem (1964) which states that the area under an ROC curve for a single-interval 

task equals the proportion of correct decisions of an unbiased observer in a two-interval 

forced-choice task.  Because of this relationship it is not uncommon for experimenters 

using highly trained observers to convert proportion correct measures obtained in a two-

interval forced-choice task into values of d’.   
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The Psychometric Function 

 

The psychometric function (Figure 1.4B) relates some performance measure (e.g., 

proportion correct) to a change in sensory magnitude.  For example, in the field of 

psychophysics a psychometric function denotes a functional relationship between a 

 16



physical stimulus and its effect on the resolving power of an observer.  Though not 

always apparent in the literature, investigators make the distinction between an empirical 

psychometric function, which is a set of discrete points obtained empirically, and a 

theoretical psychometric function: a mathematical model that is fitted to the empirical 

psychometric function.  Figure 1.8 shows a theoretical function relating percentage of 

correct discrimination responses to a change of stimulus level. 

  

Psychometric functions have a rich history in psychology, and despite the bad 

publicity generated by the advent of SDT in the 1950’s (Peterson, Birdsall, & Fox, 1954) 

psychometric functions remain resilient both in research and in the classroom.  The 

maligning of the psychometric function rested upon the implicit notion of a sensory 

threshold that, theorists argued, was corrupted by non-sensory factors (Swets, 1962).  

However, the adaptability of the psychometric function ensured the technique survived.  

Relationships between the proportion of correct responses and signal detection indices of 

sensitivity have been derived for several experimental paradigms (e.g., Green, 1964; 

Irwin, Hautus, & Butcher, 1999). Alternatively, the outright adoption of signal detection 

indices (e.g., d’) as the dependent variable is equally permissible (Strasburger, 2001).   
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Figure 1.8 : A generalised psychometric function plotting a performance measure (here proportion correct) 
as a function of stimulus magnitude.  The data points have been added for demonstration purposes only and 
are not derived empirically.   
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The Masking Function 
 
 
 The masking function (Figure 1.4C) plots the magnitude of an increment, ΔX, 

required to fulfil some performance criterion (e.g., 75 percent correct) as a function of the 

pedestal X to which the increment is added.  Such a function is commonly used to test the 

veracity of Weber’s law, which generalises the ability of an observer to tell two stimuli 

apart.  Weber’s law states that when two stimuli are just-noticeably different the ratio of 

the base stimulus X to the increment ΔX,
X
XΔ , is constant across values of X.  Formally, 

Weber’s law is stated as 

 

 ,Θ=Δ
X
X          (1.4) 

 

where Θ is known as the Weber fraction and is a constant.  Put another way, Weber’s law 

says ΔX is proportional to X, and because of the constant nature of Θ, as X changes so too 

must ΔX in a proportional manner.  For stimuli above the observer’s threshold Weber’s 
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Figure 1.9 : The difference threshold (Δw) as a function of w for the discrimination of pressures applied to 
the forearm.  The straight solid line is the equation Δw=0.171w.  Data from Gatti and Dodge (1929; cited 
Laming, 1986). 
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law is the rule rather than the exception.  Figure 1.9 shows a Weber function with 

Θ=0.171, which corresponds to the slope of the line displayed on the graph.  The value of 

Θ needs to be determined empirically.  This is achieved by finding the best-fitting value 

of Θ when Equation 1.4 is solved for ΔX and retracted onto the empirical data.  For a 

more sophisticated discussion of the Weber fraction, including alternative formulations, 

the reader is directed to Laming (1986, chapter 1).      
(d) X variable, ΔX fixed

log X
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The Fixed-increment Function 
 
 
 The use of difference discrimination tasks in which ΔX is fixed while X is variable 

is rare to say the least, with the auditory literature barely making mention of this 

configuration.  Indeed such a task does not even have a name, and will be referred to as 

the fixed-increment function in the current study.  This function (Figure 1.4D) will be 

discussed in more detail in the section dedicated to the pedestal effect, a sensory 

phenomenon that the fixed-increment function is able to demonstrate with a good deal of 

clarity. 

 

PSYCHOPHYSICAL METHODS 
 

 The preceding discussion has dealt with stimulus configurations and the ways in 

which we might present the results thereof.  Since Wundt established the first 

psychophysics laboratory in 1875, hundreds of psychophysical experiments probing the 

five main sensory modalities have been undertaken, most yielding stimulus 

configurations and results similar to those presented in Figure 1.8.  In collecting data, 

however, there are a number of methods available to the investigator, and these methods 

differ in the manner that the stimuli are presented and the task assigned to the observer.  

All psychophysical procedures do, however, share some common terminology used to 

describe practical aspects of the data collection process: 
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• Observer: One who participates in a psychophysical experiment. 
• Stimulus: A physical entity of environmental origin that arouses an observer’s 

sensory receptors and upon which they make a judgment.  The term stimulus in 
this context is usually referred to as the proximal stimulus.   

• Observation Interval: The name given to the point in time that coincides with 
the controlled presentation of a stimulus. 

• Trial: The events that surround the exposure of the stimulus to the observer and 
the resulting response made by the observer.  A trial may contain one or more 
observation intervals. 

• Block: The sequence of trials that constitute an experimental sitting. Thus once 
the observer begins the first trial they should continue the experiment until the last 
trial in the experimental block has been completed.  

• Feedback: Information given to the observer either at the end of each trial or the 
end of a block of trials.  Feedback relates directly to the performance of the 
observer: usually informing them if their response was correct or incorrect.   

Figure 1.10 presents a taxonomy designed by Marvit, Florentine, and Buus (2003) 

in order to provide a structure and common terminology to the classification of 

psychophysical procedures.   They divide psychophysical procedures into two main 

branches: paradigm and method.   A procedure’s paradigm determines its gross 

classification.  For example the Yes-No Task contains a single observation interval with 

the task of the listener to judge whether or not the presented stimulus was SN.  The 3I-

3AFC (three-interval three-alternative forced-choice) paradigm has three observation 

intervals and gives the observer three response choices when judging which of the three 

intervals contained the target stimulus.  Interval content refers to the physical properties 

of the presented stimuli.   

 

A procedure’s method determines how a series of stimuli are to be presented and 

how to derive a meaningful result (the data definition) at the end of a block.  For example 

the presentation of stimuli could be governed by the experimenter beforehand, randomly 

assigned during the course of the experiment or, as with the case of adaptive methods, be 

contingent upon observer response.  The measurement strategy encompasses three rules 

that determine the progression of trials within an experimental block.  The stimulus 

presented on the first trial is determined by the starting rule, the second and subsequent 

stimuli by the progression rule (which may or may not be contingent on the previous  

 
 

 20



 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
 
 

PSYCHOPHYSICAL PROCEDURES
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Figure 1.10 : Taxonomy of Psychophysical Procedures ( Marvit, Florentine, and Buus, 2003) 

 
 

 response of the observer), and third, the stopping rule determines when a block of trials 

is terminated.       

 

Figure 1.10 shows that a psychophysical procedure will be a combination of one 

of the many procedural paradigms and one of the many methods.  The more common 

combinations will now be presented, beginning with an initial emphasis on older 

procedures (in text books referred to as “Classical psychophysical procedures”) so that 

readers may have insight into the evolution of the modern procedures.   

 
CLASSICAL PSYCHOPHYSICS 
 

 G.T. Fechner’s Elemente der Psychophysik (Elements of Psychophysics), 

published in 1860, documented the three main psychophysical methods that have come to 

be known as the classical procedures.  The substrate of classical psychophysics was the 

concept of the threshold; a point of discontinuity in sensory experience.  Classical 

procedures were designed primarily to estimate sensory thresholds. From Fechner’s three 
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methods investigators could measure absolute thresholds, difference thresholds, and 

sensory equivalence. 

 

The Method of Limits 

 

 The Method of Limits consists of a standard stimulus (often referred to in 

psychoacoustics as a pedestal) and a comparison stimulus whose level is successively 

increased or decreased by a small predetermined amount relative to the standard stimulus.  

The procedure can be divided into descending and ascending series of trials, both which 

yield threshold estimates that, after sufficient numbers of both have been completed, are 

averaged to give a grand threshold value.  If the comparison starts at a level discriminably 

greater than the standard, as it does in a descending series of trials, then the experimenter 

gradually, in small predetermined steps, decreases the level of the comparison until the 

observer reports a change (e.g., from different to same; from present to absent).  In an 

ascending series of trials the level of the comparison is set well below the level of the 

standard and is increased trial-by-trial until the observer reports a change.  Table 1.1 

demonstrates two pairs of descending and ascending trials for a discrimination task 

involving two observation intervals per trial.  Note that the stimulus level is arbitrary and 

the data made up. 

 

The lower difference threshold (denoted Ra) and upper difference thresholds 

(denoted Rd), visible in Table 1.1, are averaged to give an estimate of the threshold of 

interest, that is, either an absolute or discrimination threshold. Usually many sets of 

ascending and descending series of trials are undertaken in a counterbalanced order.  The 

advantage of this procedure lies in its ability to estimate the threshold without having to 

estimate an entire psychometric function. As a consequence it is less time consuming.   

 

The Method of Limits, despite its adaptability, is not frequently used by 

psychophysicists because the obtained threshold estimates are vulnerable to bias. Two 

sorts of bias are associated with this method: habituation and expectation.  The error of  
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Table 1.1 : Determination of threshold values by the Method of Limits for two pairs of descending and 
ascending series: A) demonstrates the error of habituation; B) the error of expectation. 

 

 (A)  (B) 
 Stimulus 

Level 
Descending  

Series 
Ascending 

Series  
Descending  

Series 
Ascending 

Series 
10 +   +  
9 +   +  
8 +   +  
7 +            +     Rd  
6 +          +    Ra  -  
5 + -    
4 + -    
3          +     Rd -            +     Ra 
2 - -   - 
1  -   - 
0  -   - 

 

habituation is due to an observer becoming over-familiar with or "habituating to" a 

particular response, and they continue to elicit that response even after the threshold is 

reached. Thus for an ascending series of trials they may have a tendency to respond "No", 

while for a descending series of trials they may have a tendency to respond "Yes" (Table 

1.1A).  The error of expectation occurs because the observer "expects" the threshold to be 

reached soon and they change their response before the true threshold is actually reached 

(Table 1.1B). 

 

Adaptive Procedures: a variation of the Method of Limits

 

 The Staircase Method (Cornsweet, 1962) has become popular in psychophysics 

due to its efficiency and accuracy.  The procedure derives threshold estimates by 

traversing an observer’s threshold multiple times during a block of trials.  The starting 

level of the stimulus is either well above or well below threshold (though the latter is the 

exception rather than the rule) and the level is systemically increased or decreased in 

value until the observer makes an error.  For example, in an auditory discrimination task 

the stimuli may be presented well above the difference threshold.  The progression rule is 

predetermined by the experimenter and is frequently either two-down, one-up or three-

down, one-up.  With a two-down, one-up regime an observer needs to get two trials in a 
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row correct before the difference between the stimuli is reduced by some amount.  An 

incorrect response at any stage means the difference is increased.  Likewise for the three-

down, one-up regime an observer must get three correct in a row in order to decrease the 

difference between the two stimuli.  The same procedure holds for estimating absolute 

thresholds, except only one of the two observation intervals contains an experimentally 

controlled stimulus.  

 

 Initially, given the stimulus is presented at some suprathreshold level, an observer 

will be expected to be able to discriminate between the two stimuli and emit correct 

responses.  Eventually though the level difference between the two will become 

sufficiently small and the observer, no longer able to reliably discriminate between the 

two stimuli, will make a mistake.  At this point the difference between the two stimuli 

increases and this change in trend from a decrease to an increase in stimulus level is 

known as a turn-around or a reversal.  Similarly if the trend changes from an increasing 

level difference to a decreasing level difference a turn-around has occurred (See Figure 

1.11).   

 

An experimenter can determine beforehand how many turn-arounds are to occur, 

and threshold is taken to be the mean stimulus level associated with each of the turn-

arounds.   The “Wetherill estimate” (Wetherill and Levitt, 1965) takes the average of an 

even number of turn-arounds (i.e., an equal number of “up” and “down” series).  Another 

facet of the procedure that is under experimental control is by how much will the 

difference between the two stimuli change when it increases or decreases in value, known 

as the step size.  Often the initial step size is larger until the first few turn-arounds are 

reached.  This will rapidly deliver the observer to their threshold region.  It’s not 

uncommon for experimenters to treat the first few turn-arounds in a block as practise and 

discard them.  After a set number of turn-arounds the step size decreases to allow a more 

precise threshold estimate.  An important consideration in designing an adaptive 

procedure is the magnitude of the step size, too large and accuracy will be sacrificed for  

speed, while too small risks fatiguing the observer with more than necessary trials 

(Cornsweet, 1962). 
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Figure 1.11 : Hypothetical data representing a three-down, one-up adaptive procedure. Each number 
represents the occurrence of a turn-around.  The ordinate is the level difference between two stimuli being 
discriminated.  By referencing trial number (abscissa) it is seen that the initial level difference is large, and 
that over subsequent trials the difference in level approaches threshold.  Of note is the initial step-size, 
which is reduced after three turn-arounds, and that the first three turn-arounds are not considered in the 
estimate of threshold magnitude.   
 
 
 

 The Transformed Up-Down Method (Levitt, 1971) tracks an observer’s 

performance in terms of proportion correct and allows threshold to be specified by a 

specific proportion correct; usually 71 (two-down, one-up) or 79 (three-down, one-up) 

percent correct.  Using the example of a three-down, one-up procedure, the level 

difference of the stimulus converges to the level where the probability of the difference 

decreasing equals the probability that the difference will increase.  The probability of 

three correct responses in a row must then be equal to 0.5, or, put another way, 

p*p*p=0.5 => p3=0.5.  The proportion correct level to which a three-down, one-up 

procedure converges must be 3 5.0 =0.794, which corresponds approximately to the 79 

percent correct point on a psychometric function (Levitt, 1971).   
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The Method of Constant Stimuli 
 

 This classical psychophysical procedure can be used to estimate either absolute or 

difference thresholds, and is also known as the Method of Right and Wrong Cases. The 

Method of Constant Stimuli is so called because a fixed (or constant) stimulus set is 

defined by the experimenter in advance, consisting of a standard stimulus (Rs) and several 

comparison stimuli (Rc).  The standard is the stimulus that all other stimuli (i.e., the 

comparisons) are judged against. The standard is usually presented in the first interval of 

every trial and remains unchanged throughout an entire experimental block.  The 

comparison stimulus is compared to the standard and is, from trial-to-trial, randomly 

drawn from a predefined set of comparison stimuli and conventionally, though not 

always, presented in the second observational interval.  The task of the observer is to say 

whether the comparison stimulus is, along some dimension, greater or less than the 

standard.  

 

 The Point of Subjective Equality (PSE) indicates the stimulus level at which the 

observer said "greater than" 50% of the time and "less than" the other 50% of the time.  

The PSE is commonly denoted R50 in the literature.  However, it does not suffice as an 

estimate of the difference threshold because the PSE gives the stimulus value that 

appeared most like the standard (i.e., the same).  Instead, the value of the stimulus that 

can be reliably discriminated from the standard on, commonly, 75% of presentations is 

taken to be the difference threshold.  To this end the interval of uncertainty is calculated, 

which is the difference between the stimulus values corresponding to 25 (R25) and 75 

(R75) percent of stimuli judged “of greater magnitude than the standard”, and then the 

average of the two computed.  Thus the threshold for "greater than" (the Upper 

Difference Threshold) and the threshold for "less than" (the Lower Difference Threshold) 

are averaged to yield the difference threshold.  A psychometric function that might be 

obtained from such a task is illustrated in Figure 1.12.  The just noticeable difference is 

calculated by taking the average of the upper (R75-R50) and the lower (R50-R25) difference 

thresholds (simplified to ½(R75-R25)), and, because it accounts for stimuli of both lesser 

and greater level than the standard, is a non-directional threshold.   
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Figure 1.12 : A psychometric function obtained with the Method of Constant Stimuli. Results are 
hypothetical but typical of those obtained from actual experiments. 
 
 

Having stimuli bracketing threshold often necessitates pre-testing in order to 

determine the best set of stimuli, and this contributes to the methods reputation as being 

time consuming. Though the method requires a significant amount of data to be collected,  

the Method of Constant stimuli generates a full psychometric function and yields the least 

variable and most stable threshold estimates of the classical methods (Laming, 1986: 

p.23).  The Method of Constant Stimuli is, like the Method of Limits, prone to bias.  The 

time-order error, in which the probability of a “greater” judgment changes according to 

whether an experimenter assigns the standard to the first or second interval, is one such 

bias. 

 

The Method of Average Error / The Method of Adjustment 
 

 The Method of Adjustment stands out from other psychophysical techniques in 

that the magnitude of the stimulus in not under the experimenter's control but instead is 

regulated by the observer. The observer may respond by using a sliding scale, a dial, or a 

multipoint switch.  The task of the observer is to judge when the stimulus, whose level is 

under their control (the comparison stimulus) is equal to a standard stimulus.  The 
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Method of Adjustment involves the observer adjusting the comparison until it is 

perceived to be same as the standard.   

 

 This method is particularly fruitful with illusions in that it yields a quantitative 

measurement of the effect of the illusion.  Thus it is not important that the average of the 

adjustments approximates the physical value of the standard stimulus in this instance.  

This difference between mean adjustment and the standard is known as the constant 

error, which should be distinguished from variable errors, or errors that vary from trial-

to-trial.    

 

 The Method of Average Error, while being fast and simple, is in practice the least 

accurate method with which to estimate thresholds. The reason for this is that observers 

cannot be relied upon to be consistent with their responses, and as a result threshold 

estimates vary considerably. It has been found that the Method of Adjustment gives 

smaller values of threshold than the Method of Constant Stimuli, but has substantially 

larger standard deviations.   

 

MODERN PSYCHOPHYSICS 
 

 The classical notion of the sensory threshold lost credibility midway through the 

20th century when the era of modern psychophysics emerged.  The concept of the 

threshold was attacked on two grounds.  Firstly, estimates of threshold were not free from 

bias (see preceding discussion).  The second and more damning point was that the 

quantification of thresholds was not a measure of sensation, rather they directly measured 

physical quantities (i.e., X and ΔX) and not psychological qualities (Gescheider, 1997).  

In the scheme of modern psychophysics, sensations needed to be framed in terms of the 

physical quantities required to change an observer’s response, that is, a stimulus-response 

focus.    
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The Yes-No Task 

 

 The Yes-No Task (see Green and Swets, 1966) is a single-interval procedure 

where observers judge whether “yes” or “no” a target stimulus (or signal) had been 

present.  This procedure is highly vulnerable to observer bias. An observer can detect the 

target stimulus on 100% of signal trials by simply responding “yes” to every trial.  Such 

bias can, however, be addressed by SDT, though the process is tedious.  In general each 

point on the ROC curve requires approximately 500 trials (McNicol, 1972), and because 

it is desirable for an ROC curve to be based upon a multitude of points the experimenter 

must manipulate signal probability or response consequences to obtain additional points.  

This process becomes more time consuming if an experimenter is investigating how 

discriminability varies with pedestal level, and a family of ROC curves must be 

generated.  Alternatively, measures of sensitivity which do not require statistical 

assumptions to be met (e.g., normality / equal variance) exist, though these tend to 

underestimate sensitivity (Gescheider, 1997).   

 

A typical trial from a Yes-No Task is illustrated in Figure 1.13.  A trial begins 

with a warning of some description (e.g., a light or a sound) to alert the observer to the 

upcoming observation interval that either contains a target stimulus or does not.  After the 

observer has responded, feedback is given regarding the true state of nature and either the 

next trial begins or, if a predefined number if trials have elapsed, the session terminates.  

The simplicity of the Yes-No Task is one of the procedure’s major attractions.   

 

The Rating Scale Task 

 

 Instead of being constrained by a binary-response regime such as that use in the 

Yes-No Task, in a Rating Scale Task the observer has at their disposal a scale with a 

number (n) of response categories.  The observer is asked to rate their confidence that, 

assuming a single-interval task, a target stimulus had been present.  Using this method an 

entire ROC curve can be generated with n-1 points.  When an observer makes a response 

it is assumed that they set up n-1 criteria along the sensory continuum to demarcate the  
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Warning     Observation          Response          Feedback 
  
 
 
 
Figure 1.13 : Structure of a Yes-No trial.  The temporal sequence runs from left to right.  
  
 
 

rating categories.  Figure 1.14 shows a noise and a signal-plus-noise distribution and how 

an observer might distribute four criteria (i.e., a 5 interval rating scale) along the sensory 

effect axis.  Such a regime would witness an observer responding “5” for observations 

greater or equal to the criterion labelled “C4”, and respond “1” for observations less than 

the criterion labelled “C1”.  The corresponding points they would produce in ROC space 

are displayed in Figure 1.15.  Note that, within reason, as the number of points increases 

so too does the ability of the experimenter to determine if the selected model is correct 

for the data.  An ill-fitting model can either overestimate or underestimate true 

sensitivity, so an added convenience of the rating method is that it allows a more 

thorough test of the theoretical ROC against the data it is supposed to fit.   

 

The Rating Scale Task has become popular because of its ability to generate full 

ROCs in only a few experimental sessions (McNicol, 1972).  The fact that sensitivity 

measures derived from a Rating Scale Task have been found to equate to those derived 

from the Yes-No Task has added validity to this method (Green and Swets, 1966).  Few 
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 Figure 1.14 : A noise (N) and a signal+noise (SN) distribution with five numbered criteria placed along 
the sensory evidence axis. 
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Figure 1.15 : Best fitting ROC curve to data points that may be generated by the criteria placements in 
Figure 1.14. 
 
 

pitfalls exist in using this method so long as the experimenter keeps the number of 

categories at a reasonable level (between four and ten) and that the observer has a clear 

understanding as to what the different categories on the scale represent (McNicol, 1972). 

 

M-interval Forced Choice Tasks 

 

 The Forced-Choice Task involves the presentation of two or more observation 

intervals with the observer expected to identify which of the intervals contained a target 

stimulus.  Assuming an interval bias doesn’t exist (i.e., an observer doesn’t have a 

preference for responding in one way over the other ways due to factors unrelated to the 

experiment) then Forced Choice Tasks can return measures of observer sensitivity 

unaffected by fluctuations in response criteria.  This means that the proportion of correct 

responses, p(c), can be used as a measure of observer sensitivity.  Green’s Area Theorem 

(1964) states that the area under a Yes-No ROC is equal to p(c) in a 2-Interval Forced 

Choice (2-IFC) Task if no interval bias exists.  If such a bias does exist then corrections 

for p(c) can be found in Green and Swets (1966).  Similarly, empirically derived values  
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    Warning        Observations               Response               Feedback 
 
 
 
 
Figure 1.16 : The components of a 2-IFC Task.  The temporal sequence runs from left to right.   
 
 
 
of p(c) can be converted to d’ using algorithms (Hacker and Ratcliff, 1979) or commonly 

found tables in Psychophysics textbooks. 

 

Figure 1.16 illustrates a typical trial from a 2-IFC Task.  It is identical to a trial 

from a Yes-No Task (see Figure 1.13) but with the addition of an extra observation 

interval.  Despite this extra interval the 2-IFC Task is ultimately the more efficient of the 

two and consumes less time (McNicol, 1972).  The sensitivity measure d’ between the 

two tasks are related by d’2-IFC = d’yes-no⋅√2.  The 2-IFC Task is perhaps one of the most 

adaptable tasks in psychophysics, and outside of the SDT paradigm is frequently used in 

variations of The Method of Constant Stimuli and Adaptive Procedures.     

 

 While the 2-IFC has been immensely popular, the 3-IFC Task is reported only 

occasionally and even less so the 4-IFC.  The reason for neglecting the M-IFC Task, 

where M is greater than two, is two fold.  The first is that increasing the number of 

intervals puts a great strain on an observer’s memory abilities and levels of concentration.  

The second is that increasing the number of intervals increases the time taken per trial 

and consequently reduces the number of trials that can be presented in an experimental 

block.  Of additional interest is that as M increases there is a decrease in p(c) if d’ is held 

constant.  This is understandable given that the probability of getting a correct answer by 

chance is 0.5, 0.33, and 0.25 for 2-, 3-, and 4-IFC Tasks respectively.  Despite this 

difference in p(c) the tasks with different values of M are still comparable.  By converting 

p(c) into d’ a sensitivity measure can be obtained whose value is equal regardless of the 

number of intervals, so long as the stimuli used on the two tasks are identical 

(Gescheider, 1997). 
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The Same-Different Task 
 
 It is sometimes the case that stimuli are difficult to judge on a solitary dimension 

or that the stimuli differ along many dimensions and not just one.  In such a situation is 

may be best to ask an observer whether two stimuli were either the same or different.  

Thus if an observer is to discriminate between a pair of stimuli, denoted A and B, then 

there are four possible stimulus pairs that can be combined on a particular trial: AA, BB, 

AB, and BA.  The observer judges either “the same” or “different” and may be 

completely ignorant to the ways in which the stimuli may differ.  Figure 1.17 displays a 

typical trial in a Same-Different Task.  Note that this task has the same structure as a 2-

IFC trial (Figure 1.16), but the judgement required to be made by the observer is 

different.   

 

Data from a Same-Different Task can be used to compute either p(c) or the SDT 

sensitivity measure d’.  The estimation of d’ for the Same-Different Task is complicated 

by the different decision strategies an observer can adopt, so care should be taken.  Since 

the decision strategies available to an observer each generate different values of d’, then 

the index p(c) is also different for the different strategies, and this renders the definition 

of p(c) uncertain (Irwin et al., 1992).  Another drawback from this inconsistency is that it 

is difficult to compare values of  p(c) with those obtained in 2-IFC and Yes-No Tasks.  

Fortunately this is not the case with d’, which still affords such comparisons, as Irwin et 

al., (1992) state: “Theoretically, a given value of d’ has a given meaning, no matter what 

psychophysical procedure produced it.” (p. 230).      

 

Figure 1.18 presents ROCs based on two models of discrimination proposed to 

account for same-different data: the differencing strategy and the likelihood-ratio 

strategy.  An observer employing a differencing strategy bases their decision on the 

difference between the two sensory percepts related to the two presented stimuli.  If the 

likelihood-ratio strategy is adopted then decisions on the relative differences between the 

two stimuli are given no weight, and instead decisions are based on assessing individually 
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Figure 1.17 : Structure of a Same-Different Task.  The temporal sequence runs from left to right.   
 
 
 
the likelihood that a stimulus came from one or other of the two distributions (i.e., A or 

B) and then comparing the ratio of the two likelihoods to a criterion.  
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Figure 1.18 : An ROC curve with both the differencing and the likelihood-ratio models fitted to same-
different data. 
 
 
 
 
 

This chapter has served to brief the reader on the more common measures and 

methods utilised in psychophysical research.  These metrics and procedures will be 

referred to frequently in subsequent introductory (Chapters II-V) and experimental 

chapters (Chapters VI-VIII), as will the terminology and jargon that has been introduced.  

Chapter II now presents a summary and discussion of experimental undertakings and 

results relevant to auditory level discrimination.    
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CHAPTER II : Auditory Level Discrimination 
 
“An inch added to one’s stature seems less important than an inch added to one’s 
nose”                     

           E.G. Boring 
 

INTRODUCTION 

 
The primary interest of an investigator probing the auditory modality is the 

resolving power of the system.  In the context of psychophysics, resolving power has 

been given a precise definition: the limits of the ability of sensory systems to 

determine whether two stimuli are the same or different.  In the case of audition this 

may be the ability of the system to disentangle incoming signals that differ in 

amplitude, frequency, or temporal characteristics. For humans at least, the level of 

functioning of the auditory system is no trivial matter.  The capacity of the ear to 

analyse the minute pressure fluctuations of an incoming waveform is vital if speech is 

to be comprehended. Furthermore, an efficiently functioning auditory system can, in 

evolutionary terms, endow increased fitness to an organism.  The aim of Chapter II is 

to present the current state of knowledge in relation to level discrimination and 

introduce phenomena and techniques that will be measured in subsequent 

experiments.   

 

THE ASSESSMENT OF LEVEL DISCRIMINATION 
 

Compared to the other sensory modalities, the investigation of auditory level 

discrimination has been retarded due to a lack of ‘stimulus control’ (Green, 1993).  

The generation of acoustic stimuli prior to the advent of electronic apparatus was 

inconsistent and its measurement imprecise.  The impressive resolving power of the 

ear was also a hindrance.  In controlled conditions a person with normal hearing can 

detect vibrations of less than half a nanometre: approximately the diameter of a 

hydrogen atom.  Not until Riez’s (1928) classic study into auditory level 

discrimination can it be said that experimenters in this field could adequately quantify 

the stimuli they were presenting to their observers, and this study can be considered 

the beginning of modern auditory psychophysics.  For the next fifty years 

experimentation in this area focused on the discrimination of ‘simple stimuli’: pure 
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sinusoids, clicks (short-duration sinusoids), and noise (Yost, 1993).  Of these, the pure 

sinusoid (or pure tone) has been the most studied. 

 

THE SINUSOID  
 

Ohm’s acoustic law states that the ear acts as an acoustic analyser, 

decomposing incoming complex sound waves into their constituent sinusoidal make-

up.  Helmholtz (1877) conjectured that the locality for this biological Fourier 

transform was the cochlear.  Experimental work 100 years later confirmed this (von 

Bekesy, 1960).  The sinusoid offers the psychophysicist the opportunity to study 

auditory level discrimination that is on the whole independent of frequency or 

temporal effects. In the words of Hartmann (1998): 

 

“The psychoacoustician or physiologist uses pure tones in order to retain control, in 

other words, for the same reasons that the chemist uses pure chemicals” (page 6) 

 

Mathematically, the sinusoid can be represented by the function: 

 

⎟
⎠
⎞

⎜
⎝
⎛ φ+=

T
tπAtx 2sin)( ,                 (2.1) 

 

where A is the peak amplitude, t the elapsed time, φ  the phase, T the period, and 2πt 

the angular frequency.  The amplitude correlates strongly with the perception of 

loudness and is always a positive real number.  In mathematics the sinusoid is known 

as a sine wave as it is generated by the sine function (sin) and manifests a 

trigonometric function of an angle.  The phase (φ) determines the value of A when 

t=0, and for the bulk of sinusoids used in psychophysical research the phase is zero.  

In psychoacoustical research φ is more commonly referred to as the “starting phase”, 

and is measured in either degrees or radians.  The period, T, is the time taken for the 

sinusoid to complete one full cycle, and is measured in seconds.  The reciprocal of T 

is equal to the frequency of the sinusoid, which is expressed in units of cycles per 

second, called Hertz (Hz).  The frequency of a sinusoid correlates strongly with our 

perception of pitch. 
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 A sinusoid can be represented mathematically in both the time and the 

frequency domains.  Equation 2.1 is in fact the time domain representation of a 

sinusoid, portrayed graphically in Figure 2.1.  As can be seen from this figure, 

vibratory displacement changes as a function of time in accordance with a sine 

function.  The term ‘instantaneous amplitude’ (or more correctly ‘instantaneous 

pressure’) is used to describe this time-varying displacement, though other definitions 

of amplitude exist that do not relate to time but can be illustrated using measures such 

as those displayed in Figure 2.1.  Peak amplitude represents the value of A coinciding 

with the apex of a sine wave within a single period.  Peak-to-peak amplitude is simply 

the distance between the maximum and the minimum of the sinusoid within a single 

period.  For sinusoidal and certain periodic non-sinusoidal waveforms, the peak 

amplitude and the peak-to-peak amplitude can be considered adequate measures of 

maximum displacement.    

 

The frequency domain represents sinusoids as a function of frequency, and can 

be divided into the amplitude spectrum (Figure 2.2A) and the phase spectrum (Figure 

2.2B).  When the amplitude and phase spectrum of a sinusoid are known, the sinusoid 

has been completely described in the frequency domain.  A sinusoid’s amplitude and 

phase spectra can be derived from its time domain description using Fourier analysis, 

which effectively deconstructs the time domain waveform into a sum of weighted 

sinusoidal and cosinusoidal components.   
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Figure 2.1 : A sinusoid represented as displacement as a function of time.  The dashed and dotted lines 
represent peak amplitude and peak-to-peak amplitude respectively.   
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Spectra such as those displayed in Figure 2.2 are known as line spectra, and 

are adequate only for a discrete number of sinusoids (here one).  Indeed, the spectra 

displayed in Figure 2.2, at least as far as the auditory system is concerned, are only 

theoretical in nature due to the nonlinear response functions of the inner ear.  

Presented to the ear, any single sinusoid of a particular frequency (called the 

fundamental frequency, and equal to the reciprocal of the period: 1/T) causes the 

production of higher frequency components known as harmonics, with the generation 

of these harmonics known as harmonic distortion.   Thus a 1000-Hz sinusoid also 

produces harmonics at 2000, 3000, and 4000-Hz, which are the 2nd, 3rd, and 4th 

harmonics respectively.  The amplitude of a harmonic is usually proportional to the 

preceding harmonic except for the first harmonic, which is the fundamental.  Thus 

there is an inverse relation between the harmonic frequency and amplitude.    

 

A sinusoid of any single frequency cannot necessarily be of infinite duration.  

The switching on-and-off of a sinusoid causes “switching transients”.  Switching 

transients are usually unwanted and are commonly known as “spectral splatter” due to 

the introduction of numerous other sinusoids to remote spectral regions.  Spectral 

splatter can be avoided by presenting stimuli in a tapered, as opposed to a rectangular, 

time-window.  Here the squared-cosine function (the Hanning Window) is 

recommended (Harris, 1978).  Alternatively, for experiments using sinusoids the 

starting phase parameter can be set to a value that minimizes onset transients, with the 

optimal solution dependent on frequency (Hartmann, and Sator, 1991).  A further 

method availing itself to the masking of transients is a low-level continuous 
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Figure 2.2 : The amplitude (A) and phase (B) spectrum of a hypothetical 1000-Hz sinusoid with a 180o 
starting phase.  The amplitude spectrum plots the amplitude of the sinusoid as a function of frequency, 
while the phase spectrum plots the starting phase of the sinusoid as a function of frequency.     
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broadband noise background of sufficiently low intensity to ensure adaptation is not a 

problem. 

    

RANDOM NOISE 
 

Random noise can be broadly defined as an auditory stimulus whose 

instantaneous amplitude cannot be predicted at any given instant in time (Yost and 

Nielsen, 1985).  Accepting this definition, a sinusoid of the kind generated by 

Equation 2.1 can be considered noise only so long as its instantaneous amplitude 

fluctuates randomly and cannot be predicted.  It is however more common to find the 

random noises reported in the literature to have bandwidths greater than one hertz.  

Four gross categories emerge when considering why a researcher might choose to 

employ a noise stimulus:    

    
1) The introduction of a statistically-known background noise is preferable to the 
alternative: uncontrolled internal noise which has variable properties across observers. 
 
2) “Noise is the great leveller” (Green, 1988, p.27).  Differences in level 
discrimination thresholds between observers can be “levelled” out with the 
introduction of background noise.   
 
3) To test the veracity of a theory that specifies how the auditory system processes 
noise stimuli. 
 
4) Considerations of ecological validity.  The auditory system is never presented with 

“noise-free” signals and everyday auditory signals are embedded in background noise 

to some degree (Watson, Franks, and Hood, 1972). 

 

Experimental noise differs from what is customarily thought of as nuisance 

noise in that it is in fact wanted, and it is often called “random noise” to distinguish it 

from its unwanted counterpart. Random noise, as a stochastic process, consists of 

harmonically unrelated frequency components possessing random phase and 

amplitude values. Fourier’s theorem categorizes noise waveforms as nondiscrete and 

aperiodic. In everyday experimental usage, noise is said to be gated if it is switched 

on and off for the duration of an observation interval only, or else continuous if it is 

presented without temporal interference over a block of trials. 
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TIME DOMAIN DESCRIPTIONS OF NOISE 
 

As a complex stimulus that varies randomly over time, a noise waveform can 

nevertheless be described in the statistical sense over some finite time period. Time 

domain descriptions simply relate the instantaneous values of a waveform to time.  

Consider an electrical noise generator outputting over time a fluctuating voltage v(t) 

imposed across a one-ohm resistor.  Figure 2.3 displays a typical burst of random 

noise as one might viewed on an oscilloscope, with the ordinate representing voltage 

(V) and the abscissa time.  Power is the product of voltage and current, and by Ohm’s 

Law this becomes V2/R, where R, the resistance term, can be ignored because across a 

one-ohm resistor R is equal to one.  The energy of a noise over some time interval, T, 

is equal to V2.T/R, with R likewise able to be negated when set to unity. 

 

Though each instantaneous value is constructed from frequency components 

possessing unpredictable voltages, random noise nevertheless possesses consistent 

statistical properties that lend themselves to mathematical description.  There is an 

equal chance that the voltage will swing in either the negative or positive direction, 

and so the mean of the noise is zero.  As a consequence, more useful measures such as 
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Figure 2.3 : A burst of Gaussian noise in the time domain. The rotated Gaussian probability density 
function presented to the left of the ordinate has been centred on the mean of the noise.      
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root-mean-square voltage (VRMS) are used to determine mean voltage levels.  Because 

the power in the noise source is proportional to V2, so must the average power (N) be 

proportional to the mean-square voltage: 

  

∫=
T

dttV
T

N
0

2 )(1 ,                 (2.2) 

 

and it follows that the RMS power is proportional to N . Note also that, because the 

mean voltage is zero, the standard deviation of the voltages 
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RMSV σ ,                (2.4) 

 

and by squaring Equation 2.4 we obtain the variance of the noise voltage (N) 
 

∑== 22 1 V
n

N vσ ,                 (2.5) 

 

which is a measure of average power obtained with discrete measurements, and 

equivalent to Equation 2.2. 

 

The use of a finite number of discrete points greatly eases the burden of 

extracting statistical properties from a continuous waveform.  To produce an 

adequately described waveform requires the use of sampling theorems.  Shannon 

(1949) demonstrated that a continuous waveform with a maximum frequency fmax and 

duration t could be completely described by 2fmaxt equally spaced and independent 

measurements.  Too many samples will result in redundancy: that is positive 

correlation and a loss of independence (Laming, 1986).  Not enough samples yields 

poor approximations and aliasing, in which certain frequencies are reconstituted at 

reduced wavelengths (Ramisrez, 1985).  Reconstruction of a noise sample from 2fmax 
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points does however rest upon the assumption that the noise is Fourier series band 

limited.  Noise is said to be band-limited if the amplitude of its spectrum goes to zero 

for all frequencies beyond a cutoff frequency. The representation of an aperiodic 

waveform as a Fourier series introduces a measure of error into the procedure, and the 

merit of using this method to approximate psychoacoustical noise has been discussed 

by Green & Swets (1966) and, more negatively, by Levitt (1972). 

 

By representing a voltage waveform in a sample of noise using 2WT discrete 

voltages, the average power becomes 

 

∑
=

=
WT

i
iV

WT
I

2

1

2

2
1 ,                 (2.6) 

 

where I denotes the mean power in a sample. Because noise sources are commonly 

Gaussian, the distribution of voltages over time approximates a normal probability 

density function.  Such noise is conventionally referred to as “Gaussian noise” and, 

possessing a normal distribution, is summarised by a mean (μ) of zero and a standard 

deviation of N .  The rotated distribution accompanying Figure 2.3 is of the 

Gaussian type, written 
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Equation 2.7 is more commonly known as the normal probability density function.   

 

 The use of probability functions is a constraint imposed by the stochastic 

nature of random noise, but for multiple samples of noise it is possible to calculate the 

probability that, at any point in time, a voltage will lie in some particular range. 

Definite integration of Equation 2.7 gives the probability that, at any particular time, 

the voltage lies below some specified value V, 
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where erf is the error function, and the limits of integration are -∞ to V.  Because it is 

a probability density function, integration of Equation 2.7 over this range will yield 

unity. 

 
Multiple samples of Gaussian noise over 2WT equally spaced intervals show 

voltage measurements across time,  to be distributed as nonstandard 

normal.  If each 2WT normally distributed voltage measurement is transformed to a 

standard normal variable (the familiar z-score; here 

,,...,, 221 WTxxx

N
Vz = ), squared and then 

summated, we again have the average power I (see Equation 2.6) 
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Knowing has a chi-square distribution ( ) with v degrees of freedom, it then 

follows that the distribution of the power of a Gaussian noise source is  with 2WT 

degrees of freedom ( ), which has the density function 
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where Γ symbolizes the gamma distribution, of which the  distribution is a special 

case.  Egan (1975) has provided a complete account of the mathematical properties of 

the distribution and the various operations that can be performed.  For example, 

given that Gaussian noise has a root-mean-square amplitude (A

2χ

2χ

RMS) that is equal to 

VRMS, taking the square root of the random variables represented by Equation 2.10 

results in the density function for ARMS: 
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The use of the  distribution is, however, often unnecessary, given that, for 

degrees of freedom greater than 30, the distribution is satisfactorily approximated 

by its Gaussian counterpart.  One instance in which the distribution is useful is the 

limiting case when 2WT=2: a narrowband noise one cycle wide.  Such a noise can be 

represented by a randomly fluctuating amplitude and phase parameter, distinguishing 

it from a sinusoidal waveform in which these parameters are constant.  Substituting 

ν=2 into Equation 2.11 above results in 

2χ
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2χ
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and because amplitude (A) is related to power by 2

2
1 AI = , Equation 2.12 can, by a 

simple substitution and a further multiplication of each random variable by 

 be rewritten as ,)(' AIf =
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2
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= .               (2.13) 

 

Equation 2.13 turns out to be equation 2.11 with ν=2 and, with the relationship 

RMSAA 2=  holding for sinusoids, each random variable for ARMS scaled by 2  . 

This is the density function for the Rayleigh Distribution, the distribution of the 

amplitudes in a one-hertz noise band, and as a consequence a Gaussian noise process 

with two degrees of freedom is known as Rayleigh noise (see Jeffress, 1964).  

 

Although Gaussian noise is the most common form of noise utilised in 

psychophysical experiments, it is by no means the only type.  Pumplin (1985) has 

formulated a novel non-Gaussian noise algorithm that minimises the waveform’s 

standard deviation.  Called low-noise noise, it generates waveforms whose 

fluctuations are very close to zero.  Another type of experimental noise is the so-

called frozen noise.  Frozen (or reproducible) noise simply consists of a sample of 

noise that is captured by some form of recording medium and then repeatedly 

presented across a block of trials.  Here the point is to eliminate variation associated 
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with the stimulus (Green, 1964) and to permit a more realistic estimate of the effect of 

parameter manipulations (e.g., level, duration, bandwidth) influencing endogenous 

noise, which is assumed to interact with the fluctuations inherent in the introduced 

noise (de Boer, 1966). 

 

FREQUENCY DOMAIN DESCRIPTIONS OF NOISE 

 

 Waveforms containing a discrete number of sinusoids produce a spectrum of 

discrete lines (a line spectra) corresponding to the frequency components of the 

periodic signal (e.g., see Figure 2.2).  In comparison, an aperiodic waveform such as 

random noise has a spectrum that is a continuous function of frequency, and contains 

nonperiodic waveform components in the time domain.  The frequency content of a 

random noise is represented by a continuous spectrum, and its derivation is dependent 

on the set of theorems developed in the 19th century by Joseph Fourier.  Where a 

Fourier series equation suffices for periodic waveforms such as sinusoids, a Fourier 

transform is required to separate the sinusoidal residents of a random waveform. 

 

Figure 2.4 is the output of a spectrum analyser with the ordinate set to measure 

intensity (voltage-squared) per unit bandwidth (the abscissa), a measure based upon a 

Fourier transform of the autocorrelation function.  Such a representation is known as 
 

 

 

 

V
ol

ts
2 

               0         2.0        4.0        6.0       8.0        10         12        14         16         18        20 
     Frequency (kHz) 
 
Figure 2.4 : The output of a spectrum analyser displaying a burst of Gaussian noise in the frequency 
domain.  The abscissa plots frequency to 20,000-Hz, while the ordinate is voltage squared.   
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the power spectrum and, for the Gaussian case, the average spectrum of the noise is 

flat, and is so called white noise due to similarities with white light.  The noise-power 

density (No) measures the average noise power in a one cycle-wide band of noise, and 

when multiplied by the bandwidth (W) a rectangle with an area equal to total power 

(N) is obtained: 
 

 .                (2.14) NNW o =⋅
 

When Equation 2.14 is solved for W the Equivalent Rectangular Bandwidth (ERB) is 

obtained.  When solving for No Equation 1.13 becomes 
 

 W
NNo = ,                (2.15) 

 

which more readily exposes the dimensions of No.  Because bandwidth has its units in 

Hertz (cycles-per-second) and its reciprocal, the period, has the dimension of time, No 

is a ratio of power per unit of time.  The noise power density is therefore not a power 

but an energy (Green & Swets, 1966).  Figure 2.5 shows a schematic representation of 

the amplitude spectrum for white noise.  The total power equals the summed levels of 

all the sinusoids in the noise.  

 

The spectral make-up of introduced noise is dictated by the needs of the 

experimenter.  Filters, traditionally analogue but increasingly digital, permit the 

physical realisation of desired spectral forms by the attenuation of components 

residing in particular frequency bands.  By this means a collection of filters serially  
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 Figure 2.5 : The amplitude spectrum of a “white noise” going across the audible range of frequencies.   
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coupled to a noise source can produce multiple forms of spectrally-distinguishable 

noise of which the more common types are known as low-pass (high-frequencies 

attenuated), high-pass (low-frequencies attenuated), band-pass (defined range of 

frequencies passed), and band-stop (defined range of frequencies attenuated) filtered 

noise.  In the literature it is familiar for noise to be referred to simply as either 

narrowband (i.e., band limited) or broadband noise.  The demarcation between the 

two is usually determined by whether or not the noise is contained within, or extends 

beyond, an auditory filter.   

 

CLICKS 
 

Clicks have been described as “the stimuli par excellence” for evoking 

synchronised discharges in acoustic pathways (Raab and Taub, 1969) and as a 

consequence are often utilised by audiologists.  Clicks are very brief auditory stimuli 

typically between one-half and three milliseconds in duration.  In the time domain a 

click-stimulus is characterised by an abrupt onset, effectively having a starting phase 

of 90o and therefore starting at the peak value of A.  The amplitude spectrum 

associated with a click is distinct from that elicited by a sinusoid.  It is continuous and 

not discrete, and as a consequence the amplitude spectrum cannot be derived using 

Fourier analysis, and instead the more complicated Fourier transform must be 

employed.    

 

Figure 2.6 shows the amplitude spectrum for a click of duration t, and its 

continuous nature can be directly contrasted to the discrete spectrum presented in  
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Figure 2.6 : Amplitude spectrum for a click.   
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Figure 2.2.  The general shape of the spectrum, referred to as the spectral envelope, is 

determined by t.  As frequency approaches the reciprocal of t, amplitude goes to zero.  

Thus as t decreases in value the continuous spectrum becomes broader.  If, for 

example, t was equal to half-a-millisecond, then the amplitude spectrum would have 

nonzero amplitudes out to 2000-Hz.       

 
 
WEBER’S LAW 
 
 

Weber’s law describes the relationship between the magnitude of a stimulus 

and the magnitude that must be added to that stimulus so it is perceived as being “just 

noticeably different” (JND). Investigating the sensitivity of skin, E.H. Weber (1795-

1878) noted that the amount a reference stimulus (X) needed to be changed (ΔX) so 

that a JND occurred was proportional to the absolute magnitude of that standard 

stimulus. This is written as 

 

 ,Θ=
Δ
X
X                  (2.16) 

 

where Θ is the Weber fraction and ΔX the difference threshold. Weber’s law indicates 

that when two stimuli of differing magnitudes are compared, it is the relative 

difference (i.e., the ratio Θ) and not their absolute differences that determine whether 

the two will be perceived as being different.  The term Θ is a constant whose 

empirically determined value differs across sensory modalities as well as between 

individuals. Because Θ is a constant, any increase or decrease in the magnitude of X 

requires ΔX to change proportionately as well, and in the direction of the change in X.  

The reference stimulus X can be said to “mask” ΔX, and so X is often referred to in the 

literature as the masker, while the comparison stimulus that is just noticeably different 

is termed the masker plus increment (i.e., X+ΔX). It is easy to show that this ratio of 

the masker plus increment to the masker is: 
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 The term ‘just noticeable difference’ has an exact meaning in psychophysics.  

The difference threshold, ΔX, is expressed in physical units and equates to the amount 

of change in a physical stimulus required to produce a JND.  Thus the JND refers to a 

psychological event and not a physical event.  However, for conciseness, and to 

maintain consistency with the contemporary literature, the term JND in the current 

study will be represented in physical units, that is, ΔX.  Further clarification is 

required regarding the terminology used to describe X.  In various psychophysical 

contexts X may be called the reference, the standard, the masker, or the pedestal.  In 

psychoacoustics the phrases most frequently employed are masker or pedestal, and for 

the remainder of this thesis the term pedestal will be adopted as it is the most relevant 

term to the study. 

 

In the psychoacoustics domain the Weber fraction, Θ, is often expressed in 

decibels.  Green (1988) alludes to the fact that the use of logarithms is unnecessary 

given Weber fractions rarely range beyond a single logarithmic unit, and the practice 

comes from using decibels to express auditory stimuli that would otherwise vary over 

several orders of magnitude.  The Weber fraction itself is a dimensionless number and 

researchers should not feel the need to convert the measure to a decibel.  Regardless 

of this lack of necessity, the Weber fraction is nearly always presented in logarithmic 

units.  
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Figure 2.7 : The JND, expressed as 10log(ΔI/I0), for the level of Gaussian noise for three observers. 
From Harris (1950, Table I). 
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 Level discrimination data conforms to Weber’s law more often than not, 

though there are exceptions that will be soon introduced.  Figure 2.7 displays data 

from Harris (1950) who presented observers with bursts of Gaussian noise.  The data 

are plotted relative to the observer’s absolute thresholds (i.e., re: SL) and in these 

coordinates a straight line of unit slope would represent Weber’s law.  These same 

data are presented in Figure 2.8, though this time the Weber fractions are not 

expressed in logarithmic units.  In these coordinates Weber’s law is represented by a 

horizontal line with a slope of zero.  The literature often calls such graphs, where the 

Weber fraction is plotted as a function of pedestal level, a Weber function.     

 

The ubiquity of Weber’s law across the sensory modalities and dimensions 

there-in has been well documented.  It has however been equally demonstrated that at 

the extremes of a sensory modalities dynamic range Weber’s law breaks down.  For 

stimuli occurring around absolute threshold there is substantial evidence that the 

Weber fraction increases.  Interestingly, this increase is found to be larger when X is 

continuous (i.e., an increment detection task) than gated (a difference discrimination 

task).  There are numerous examples of auditory research supporting this distinction 

(e.g., Harris, 1950; Miller, 1947).  A theory of sensory functioning proposed by 

Laming (1986) attempts to account for this difference, and the theory will be more 

thoroughly scrutinised in subsequent chapters. 
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Figure 2.8 : A alternative plot of the data shown in Figure 2.7.  The Weber fraction, Θ=ΔI/I, is plotted 
as a function of pedestal level re dB SL.  From Harris (1950, Table I).  
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For stimuli approaching terminal threshold, i.e., at the top-end of the dynamic 

range, the evidence that Weber’s law fails is more contentious, but reported never-the-

less. Irwin (1988) has pointed out that, for Miller’s (1947) data, Weber’s law holds for 

99.9999% of the stimulus range, and it is only the use of a logarithmic scale that 

exaggerates the failure of Weber’s law at low pedestal levels.            

 

The Near-Miss to Weber’s Law 

 

 Difference discrimination tasks employing noise stimuli have repeatedly 

supported Weber’s law.  However the same cannot be said for the discrimination of 

pure sinusoids by level.  When detecting differences in the level of two sinusoidal 

waveforms the Weber fraction systematically decreases as pedestal increases.  This 

decline in the Weber fraction has been termed the “near-miss” to Weber’s law, and is 

found irrespective of the frequency or duration of the sinusoids.  McGill and Goldberg 

(1968), who are credited with coining the term ‘near-miss’, found that the gradient of 

the function relating log ΔI to log I was in the region of 0.9, where-as Weber’s law 

predicts a gradient of unity.   If the sinusoids are embedded in a broadband noise 

masker then Weber’s law again holds, as it does if high-pass or band-reject noise is 

employed (Viemeister, 1972).  The conclusion is, given that Weber’s law is realised 

for broadband but not narrowband stimuli, the degree of mechanical excitation of the 

basilar membrane must determine the form of the near-miss data.      

 
Figure 2.9 displays results reported by Jesteadt, Wier, and Green (1977) for 

1000-Hz sinusoids being discriminated in an adaptive 2-up, 1-down 2-IFC procedure.  

An approximation of the form 

 

αX
X
X

Θ=
Δ ,                (2.18) 

 

would yield a value of α equal to zero if Weber’s law were true, and Equation 2.18 

can be seen to examine the effect of pedestal level on the Weber fraction.  In fact 

Jesteadt, Wier, and Green (1977) reported, when the stimuli were expressed in units 

of pressure (in units of intensity the value of α must be halved, for if p= I and 
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ΔI/I=2(Δp/p) then equation 1.4 becomes ( 2/

2
1 pI

I
I

Θ=⎟
⎠
⎞

⎜
⎝
⎛ Δ )  (Green, 1988)), an α-value 

of -0.14.  The exponent α affects the slope of the masking function, and Green (1988), 

reviewing 11 independent studies dedicated to the near-miss, found an average α-

value of -0.18 (-0.9 in units of intensity) after applying a correction for duration.  

After performing the meta-analysis Green found that data for stimuli with durations 

greater than half-a-second could be approximated by   

 

 ( 6/1
2

1 −=
Δ p
p
p ) .            (2.19) 

 
The near-miss to Weber’s law is still very much a phenomenon without an 

adequate explanation (Doble, Falmagne, and Berg, 2003).  An initial suggestion made 

by Viemeister (1972) was soon to be shown untenable despite its early promise.  

Viemeister proposed that the distortion products (i.e., harmonics) produced when a 

sinusoid is received by the auditory system could endow the observer with additional 

information that could be used in the decision process.  The data collected by Jesteadt, 

Weir, and Green (1977) for 8000-Hz sinusoids however exhibited the near-miss, even 

though the harmonics would have been inaudible.  Other explanations, based on a 

nonlinear transduction of the sinusoids (e.g., McGill and Goldberg, 1968), have 

likewise been found to be untenable.  Neuropsychological studies (Gallego and 

Christophe, 1998) have marshalled evidence that the near-miss is mediated by 

retrocochlear processes, with the middle ear a likely candidate.  
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Figure 2.9 : The Weber fraction plotted as a function of pedestal level for 1000-Hz sinusoids presented 
in quiet.  Data are from Jesteadt, Weir, and Green (1977, Table B1). 
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The Severe Departure from Weber’s Law 

 

 Found predominantly with brief (i.e., less than 10-ms) and high frequency 

(i.e., greater than 6.5-kHz) sinusoids, the severe departure to Weber’s law represents 

an elevation in the Weber fraction for midlevel pedestals.  By midlevel, it is meant 

pedestals between 30 and 45 dB SL (Long and Cullen, 1985).  If Weber’s law were 

correct, then the Weber fraction would be constant across pedestal levels.  Instead the 

Weber fraction increases sharply at low pedestal levels, peaks at approximately 40 dB 

SL (typically about 55 dB SPL) and then decreases sharply as the pedestal level 

approaches 80 dB SL.  This deterioration of sensitivity at midrange pedestal levels is 

not found with low frequency sinusoids of any duration (Carlyon and Moore, 1984), 

though a similar phenomenon has been reported using a 2.5-ms 2-kHz sinusoid 

presented in a Gaussian envelope (Nizami, Reimer, and Jesteadt, 2001). 

 

 Figure 2.10, recreated from Long and Cullen (1985), shows some typical 

severe-departure data.  Here ΔL, which, assuming level is expressed in pressure, is 

equal to  

 

( )
p

ppL Δ+
=Δ log20 ,               (2.20) 

 

has been measured at four different pedestal levels and three different frequencies (2-

kHz, 6-kHz, and 10-kHz) for two observers.  Observe that for the lowest frequency 

(2-kHz), ∆L stays approximately constant across the range of pedestal levels.  As the 

frequency of the sinusoid is increased however performance worsens and ∆L 

increases.  The duration of the sinusoids, 250 ms, is also of interest given that 

previous studies, using nearly identical stimuli (6.5- and 8-kHz sinusoids 225 ms in 

duration) found no midlevel deterioration of substance (Carlyon and Moore, 1984).  

From Figure 2.10, a clear midlevel bulge is evident for the 250-ms 10-kHz sinusoids, 

and so a discrepancy between the two sets of results exists.     

  

 53



0

1

2

3

15 30 45 60
I (dB SL)

Δ
L

JKC-2kHZ
GRL-2kHz
JKC-6kHz
GRL-6kHz
JKC-10kHz
GRL-10kHz

 
 

Figure 2.10 : ΔL as a function of pedestal level for two observers (JKC ■ and GRL ▲) participating in 
three frequency conditions: 2, 6, and 10-kHz.  Data for 250-ms sinusoids were read directly from Long 
and Cullen (1985, Table AII).     
 
 

 The “midlevel hump” associated with the severe departure was originally 

reported by Avakyan and Radianova (1963) and later by Raab and Taub (1969) who 

used clicks, though the name emerged much later (Carlyon and Moore, 1984).  A 

comparative study that observed the midlevel hump in controls but not in cochlear 

implant patients suggests that the origin of the severe departure lies in the mechanics 

of the cochlear and the associated hair-cell transduction processes (Gallego and 

Micheyl, 1998).  Physiological and psychophysical theories attempting to explain the 

severe departure are numerous (e.g., Raab and Taub, 1969; Laming, 1988 ; Zeng and 

Turner, 1992 ; Nizami, Reimer, and Jesteadt, 2001) but a lack of a sound empirical 

substrate makes it difficult to choose amongst them.     

 
 

  
 
 
 
 
  
  
 
 
 
Figure 2.11 : A schematic representation of the stimuli employed by Carlyon and Moore (1984).   The 
bandstop noise was 37 dB below the level of the pedestals, and each band had a width of 1950-Hz.   
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Figure 2.12 : Weber fractions for three observers (RC ■, JH ●, SY▲) participating in two conditions: 
the presence (solid lines) or absence of bandstop (broken lines) noise.  Data for 30-ms 6.5-kHz 
sinusoids from Carlyon and Moore (1984, Table I).  
 
 

Two interesting experimental variations related to the severe departure warrant 

further discussion.  The first is an enhancement of the severe departure by the addition 

of a bandstop noise background, and the second a facilitation using forward masking.  

Carlyon and Moore (1984) presented a 6.5-kHz sinusoid in a notch in noise that was 

20% of the frequency of the sinusoid (see Figure 2.11).  The effect of adding the 

bandstop noise is displayed in Figure 2.12, which shows the bandstop (BS) noise 

condition (solid lines) to have inflated Weber fractions for midrange pedestals 

compared to the control condition (broken lines).  Zeng and Turner (1992) found a 

midlevel hump could be induced using masking noise turned on-and-off just before 

the presentation of the sinusoids (forward masking), though because a pronounced 

effect was found using 1000-Hz sinusoids it is unlikely to be a relation of the severe 

departure.         

 
Negative Masking  
    
 Negative masking is a phenomenon that occurs around absolute threshold in 

connection with difference discrimination.  In its prototypical form (i.e., Equation 

2.16), Weber’s law states that to effect a just noticeable difference the increment, ∆X, 

must increase as the level of the pedestal, X, with respect to which it is being 

estimated, increases.  A functional definition of masking is the increase in threshold 

of one stimulus due to the presence of another (masking) stimulus.  It follows that, in 
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relation to Weber’s law, ∆X is masked by X.  Negative masking is a phenomenon 

whereby ∆X decreases as X increases for values of X spanning absolute threshold.  

Such behaviour is contrary to Weber’s law.  The current research project is heavily 

invested in the phenomenon of negative masking.  Consequently, negative masking is 

investigated in depth in the following chapter.   

 
The Pedestal Effect 
 
 A relation of negative masking, the pedestal effect likewise occurs around the 

absolute threshold, and it too constitutes a digression from Weber’s law.  The effect 

occurs when ∆X is held constant and the level of X is varied about absolute threshold.  

In these conditions the proportion of correct responses initially increases before 

briefly plateauing and then dropping off.  Such nonmonotonic behaviour is not 

accommodated by Weber’s law, whose form is strictly monotonic. Because of the 

relationship between the pedestal effect and negative masking, the pedestal effect will 

also be discussed in detail in the following chapters.   

 
Level Discrimination: A summary of findings 
 
 A summary of results obtained from the literature on the subject of auditory 

level discrimination will now be presented.   

 
Difference thresholds for Sinusoids  
 
 The key finding for sinusoids presented in quiet is the near-miss to Weber’s 

law, in which the slope of the line relating log ΔI to log I is commonly reported to be 

approximately 0.9.  Weber’s law predicts the slope to be unity.  Many studies have 

established that the frequency of the sinusoid does not affect the near-miss parameter 

(e.g., Riez, 1928), at least not between 200- and 8000-Hz.  Figure 2.13 displays data 

from Jesteadt, Wier, and Green (1977) demonstrating the lack of threshold 

dependence on frequency.  The curves fitted to the data represent an alternative 

formulation (Equation 2.18 expressed in units of intensity) to the near-miss: 

 

 μ−=
Δ aI
I
I ,        (2.21) 
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where a is a scaling constant, I is pedestal level in decibels re: sensation level, and the 

exponent μ has been set equal to 0.072.  This value is independent of frequency, and 

was the original estimate from Jesteadt, Wier, and Green.  Note that if μ=0 then the 

quotient becomes Θ: the Weber fraction.     

 

In the temporal domain, Moore and Raab (1974) showed that the slope 

parameter was stable across duration (0.015 to 1.5 seconds), suggesting the near-miss 

is independent of stimulus duration.  When accounting for the effects of duration on 

level discrimination thresholds, the energy of the sinusoid is kept constant.  Figure 

2.14 shows that as duration (T) decreases, the amplitude of the sinusoid must increase 

in order to hold energy (E), represented by the shaded area, constant.  This is because 

P=E/T, where P is power and is proportional to the square of amplitude.  When the 

pedestal and increment energy are held constant then so to is the difference threshold, 

in units of energy, for durations between 10- and 100 ms.  At durations less than 10 

ms switching transients emerge serving to reduce the energy in the critical band 

centred on the sinusoid frequency.  As a consequence energy must be increased to 
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Figure 2.13 : Weber fractions, for sinusoidal level discrimination, reported in Jesteadt, Wier, and 
Green’s (1977) Table B-1,.  Each set of data represents a different sinusoidal frequency.  The best-
fitting curves are from Equation 2.21, with the exponent μ fixed to 0.078.      
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Figure 2.14 : Schematic diagram illustrating two sinusoids (A and B) with equal energy (represented 
by the shaded rectangles of equal area).   
 
 
keep discrimination thresholds constant.  For longer durations (T ≥ 100 ms) the 

auditory system cannot integrate all of the energy, and thus energy must again be 

increased to hold the difference threshold constant (Green, 1988). 

 
 For pedestals presented around absolute threshold, negative masking is 

experienced (e.g., Hanna, von Gierke, and Green, 1986) though experiments probing 

the near-miss rarely, if ever, go below 5 dB SL pedestal levels.  As a consequence the 

effects of negative masking do not affect the Weber fraction estimates in these types 

of experiments.  The pedestal effect has, to the best of the Author’s knowledge, yet to 

be demonstrated conclusively using sinusoids presented in quiet.     

 
 
Difference thresholds for Sinusoids in a noise background 
 
 When a sinusoid is embedded in a broadband noise background the near-miss 

to Weber’s law is absent.  This has been confirmed for a wide range of sinusoidal 

frequencies over several levels of No (Hawkins and Stevens, 1950).  However, for 

high-frequency sinusoids presented in bandstop noise the severe departure to Weber’s 

law emerges (Carlyon and Moore, 1984).  The temporal structure of noise, that is 

either continuous or gated, has been shown to be consistent across sinusoid frequency 

and duration (Wier, Green, Hafter, and Burkhardt, 1977).  The one exception was 

1000-Hz sinusoids of brief duration (≈10 ms), where gated noise maskers generated 

significantly more masking than continuous maskers.  Hanna, von Gierke, and Green 

(1986) showed that as the level of background noise increases, the magnitude of 

negative masking decreases, at least with the continuous noise they employed.  The 

pedestal effect has been demonstrated conclusively using 100-ms 1000-Hz sinusoids 

presented in a gated noise background (Pfafflin and Mathews, 1962).       
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Auditory profile analysis 
 
    An auditory profile analysis task involves discriminating between two 

complex stimuli: acoustic stimuli containing a multitude of simple sinusoids at a 

number of frequencies.  In a typical experiment each observation interval contains a 

multicomponent complex of usually between 10 and 20 equal amplitude sinusoids 

equally spaced on a logarithmic frequency scale.  An in-phase addition of a sinusoid 

to one of the components in the complex distinguishes the increment-containing 

interval from a standard.  For such a task listeners are able to detect smaller sinusoidal 

increments than if the complex had not been presented (Spiegel, Picardi, and Green, 

1981).  Because an increment in the level of a sinusoid is more easily detected when 

presented amongst other, non-incremented, sinusoids of uniform amplitude the Weber 

fraction for such stimuli should be less than if the sinusoid and its increment were 

presented in isolation.  This has in fact been found to be the case (Green, Kidd, and 

Picardi, 1983).  A further finding of interest emerging from auditory profile analysis 

experiments is the inability of otherwise normal-hearing adults to make the basic 

profile discriminations.  Some authors (e.g., Hirsh and Watson, 1996) have stated that 

up to half of all normal-listeners fall into this category.        

 

Difference thresholds for noises presented in quiet 
 
 Bursts of noise conform to Weber’s law, and this has been sufficiently 

confirmed in the literature (e.g., Raab and Golberg, 1975).  This is an interesting 

result in light of Fourier’s theorem, and previous findings using sinusoids presented in 

quiet.  The near-miss to Weber’s law has been observed with sinusoids across the 

frequency range.  Noise itself is constructed from a number of sinusoids at all 

frequencies and with varying amplitudes.  Because of this it might be expected that 

when a large number of sinusoids of different frequencies are combined to synthesize 

noise the near-miss to Weber’s law might hold (Green, 1988).  This expectation is 

based on the assumption that once a complex waveform has be decomposed into 

individual sinusoidal components the processing of these components occurs 

independently.  The fact that it doesn’t suggests that the results with sinusoids in quiet 

are an artefact that disappears in the noise case.     
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 Harris (1950), using the Method of Constant Stimuli, utilised broadband noise 

bursts of one second duration to derive the functions presented in Figures 2.7 and 2.8.  

Examination of these two figures shows that Weber’s law is upheld.  Raab and 

Goldberg (1975) reached an identical conclusion using bursts of random noise and, in 

a separate experiment, frozen noise.  They also reported, for 10-ms frozen noise 

bursts, a midlevel hump analogous to the severe departure.   Schacknow and Raab 

(1976) manipulated the bandwidth of both the pedestal and the increment to further 

examine the effect of bandwidth on discrimination thresholds.  In their homogenous 

condition, in which the bandwidths of the pedestal and the increment were equal, they 

noted that as the bandwidth of the two noise-bursts to be discriminated increased, the 

Weber fraction decreased slightly.  For the heterogeneous condition, in which the 

bandwidth of the increment was less than the bandwidth of the pedestal, the Weber 

fraction systematically increased as the increment bandwidth decreased.  Four 

pedestal bandwidths were used: 100, 344, 1013, 3160, and 10050-Hz, at three 

pedestal levels: 5, 25, and 45 dB SPL.       

 
Hautus and Irwin (1992), using the rating method and ROC analysis, found 

that results obtained using  Rayleigh-distributed sinusoids and narrowband Rayleigh 

noise were well approximated by Weber’s law.  Irwin (1989) employed 100-ms 

broadband noise and a 2-IFC procedure to derive a psychometric function using a 70 

dB SPL pedestal (Figure 2.15).  The data were well described by the upper-half of the 

normal probability integral:  P(C)= aΦ(x/√2), where Φ is the normal probability 

integral, x=∆I/I and a a scaling constant.  Weber’s law could not be evaluated in this 

case as only one pedestal value was employed.  Negative masking has been shown to 

occur with noise stimuli presented in quiet (Raab, Osman, and Rich, 1963b).           

 
Difference thresholds for noises in a noise background  
 
 A definitive set of experiments examining discrimination of gated noise bursts 

presented amid a continuous noise background was conducted by Green and Sewall 

(1962).  In this series of experiments the continuous background noise had a 

bandwidth of 4000-Hz, and the two noise-bursts to be discriminated were presented 

for 100 ms each.  Similar to Irwin (1989), Green and Sewall found that, for two gated 

noise bursts presented in a continuous noise background, the data were best modelled 
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Figure 2.15 :  Irwin’s (1989) Figure 2 plotting percentage correct P(C) as a function of ∆I/I.  The fitted 
psychometric function is the upper half of the normal probability integral. 

 
 
using psychometric functions based upon the upper-half of the normal probability 

integral.  

 

 

 A substantial amount of previous research undertaken in the field of 

psychoacoustics has been dedicated to Weber’s law.  As an empirical generalisation, 

Weber’s law has been successfully applied to a multitude of stimulus dimensions.  

Indeed, it is fair to say that Weber’s law is the cornerstone of auditory level 

discrimination theory.  Examples of psychoacoustic research deviating from Weber’s 

law include negative masking and the pedestal effect.  Before discussing models of 

auditory level discrimination designed to account for Weber’s law, negative masking 

and the pedestal effect will be discussed in greater detail.      
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Chapter III : Negative Masking and the Pedestal Effect 
 
 “…because it has been the common practise amongst experimental psychologists to talk 
about the stimulus as though it were like the coin one puts in a jukebox; but it is, in 
reality, the music one gets out”      

          Donald Laming 
 
NEGATIVE MASKING 
 
 A common finding in discrimination experiments is the existence of a monotonic 

relationship between ΔX and X, in which case the independent variable X acts as a 

masker, and the dependent variable ΔX is said to be “masked” by X.  Thus as the level of 

the pedestal X increases so must the level of ΔX be proportionally increased to maintain a 

discernable difference between X and X+ΔX: this being the basic premise of Weber’s law.  

However, for values of X bracketing absolute threshold, a nonmonotonic relationship 

emerges in which ΔX changes inversely with respect to X, and ΔX is said to be 

“negatively masked” by X.   

 

 Negative masking has been found with 1000-Hz sinusoids (Hanna, von Gierke, 

and Green, 1986; Viemeister and Bacon, 1988) and noise stimuli (Miller, 1947), though it 

is essential that ΔX is correlated or in phase with X (Raab, Osman, and Rich, 1963a; 

Vogten, 1978).  Figure 3.1 shows typical negative masking data for noise stimuli (Raab, 

Osman, and Rich, 1963b) expressed in RMS amplitude (ARMS).  Stimuli were 500 ms in 

duration and were presented in a continuous broadband noise with an identical spectrum.  

Note the nonmonotonic relationship between the increment ΔA and the pedestal A, 

particularly evident below 20 dB SPL.  Figure 3.2 shows the same nonmonotonic 

function for 100-ms sinusoids presented in quiet (lower data set) and continuous 

broadband noise (upper data set) with a spectrum level of 20 dB SPL (Hanna, von 

Gierke, and Green, 1986).  Duration has been shown to affect the degree of negative 

masking.  Raab Osman, and Rich (1963b) reported no negative masking for bursts of 

noise equal to, or less than, 10 ms.        
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Figure 3.1 : Data from Raab, Osman, and Rich. (1963b) showing negative masking with noise stimuli.  
The two curves are derived from Laming’s (1986) sensory analytical model (see Chapter IV).  The triangle 
(▲) represents the observer’s absolute threshold. 
 
 

This nonmonotonic behaviour between X and ΔX aside, another surprising result 

of experiments probing negative masking is that the difference threshold ΔX is less than 

ΔX0: the absolute threshold.  An observer can, it seems, under certain stimulus conditions 

discriminate a finer difference than they can detect.  This is an odd state of affairs 

because, if X is a masker we’d expect thresholds to be less when X is present than when it 

is absent.  Furthermore, such a result is unexpected in light of Weber’s law.  Figure 3.1 

 
 

 
 
Figure 3.2 : Discrimination thresholds (ordinate) standardized to the observers absolute threshold as a 
function of pedestal level (abscissa). The right-hand ordinate applies to the upper dataset.  The left-hand 
figure (A) plots the data in units of pressure: the right-hand (B) figure uses the intensity scale.  Figures are 
facsimiles from Hanna, von Gierke, and Green (1986).  
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shows that for pedestals between 0 and 20 dB SPL the difference thresholds (ΔA) are less 

than the absolute threshold (▲).  This astonishing state of affairs is made especially 

apparent when the dependent variable, ΔX, is standardized with respect to ΔX0.  Such 

standardization specifies the data in what is termed sensation level, abbreviated SL: the 

level of a sound in dB SPL relative to the observer’s absolute threshold.  On these 

coordinates data occurring at negative ordinate values indicate that the difference 

thresholds are less than the absolute threshold.  Figure 3.2 shows data from Hanna, von 

Gierke, and Green (1986) expressed in terms of sensation level.  A difference threshold 

below 0 dB re the ordinate is less than the absolute threshold. 

 

The units in which the stimuli are expressed also affect the magnitude of the 

phenomenon, with negative masking being more apparent if the stimuli are presented in 

terms of amplitude (peak pressure) as opposed to intensity (compare Figures 3.2A 

(pressure) and 3.2B (intensity)).  This finding has lead to theoretical dispute as to the 

credibility of negative masking as a genuine experimental finding.  In addition to 

audition, negative masking has also been observed in vibrotaction (Hamer, Verrillo, and 

Zwislocki, 1983), vision (Legge and Folley, 1988), taste (Schutz and Pilgrim, 1957 cited 

in Laming, 1986) and olfaction (Stone and Bosley, 1965).  In vision, negative masking is 

more commonly called the “dipper effect” or “subthreshold summation” (Landy & Oruc, 

2002 ; Yang and Makous, 1995).  Figure 3.3 presents both visual and auditory data, 

expressed in terms of amplitude, demonstrating negative masking in both modalities.  

The term negative masking first appeared in the literature in 1963 in association with 

auditory research (Raab, Osman, and Rich, 1963a). It should not be confused with the 

classical psychophysical term “negative sensation” that refers to negative, or 

subthreshold, sensations. 

 

The large amount of data demanded by investigations into negative masking have 

affected its popularity in pyschoacoustical research, and along with the two studies 

presented in Figures 3.1 and 3.2, only one other study has seriously focused on the 

phenomenon (Viemeister and Bacon, 1988).  This bears a sharp contrast to the visual 
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Figure 3.3 : A comparison of visual (sine-wave-grating contrast discrimination) and auditory (200-ms 
1000-Hz sinusoid difference discrimination) data.  This figure demonstrates the equivalence of cross-modal 
negative masking functions.  The visual data are from Legge and Foley (1981); auditory data from 
Viemeister and Bacon (1988).   
 

 
modality, which has been subjected to a plethora of studies.  Such neglect produces a 

distinct lack of experimental data with which theories can be tested and models 

compared.  It also means many of the parameters of interest in psychophysics are not 

manipulated with respect to this phenomenon.  For example, studies of negative masking 

using sinusoids have utilized only one pedestal frequency (1000-Hz) and longer duration 

sinusoids (100- and 200 ms).  Aside from the laborious data collecting regimes that must 

be implemented, many experimenters justify the neglect of this area on a theoretical 

basis, and discussion now turns to this. 

 
EXPLANATIONS OF NEGATIVE MASKING 
 

Negative masking represents a significant breakdown of Weber’s law at low 

stimulus levels.  Efforts to elucidate the mechanisms of negative masking drive right to 

the heart of a fundamental theoretical inadequacy in audition: the correct definition of the 

stimulus.  Several explanations of negative masking have been proposed, and all of those 

known to the author will now be introduced.  A brief review of negative masking and 

some of the mechanisms proposed to account for it can be found in Hanna, von Gierke, 

and Green (1986).       
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1) Energy detection: negative masking as an artifact of stimulus definition? 
 

The appearance of the masking function at low stimulus levels is greatly affected 

by the units in which the stimuli themselves are defined.  Some argue that when the data 

are specified in terms of increment energy, negative masking is eradicated (Raab Osman, 

and Rich, 1963b).  What is more, there is some support for the idea that the human 

observer is an energy detector and that energy is in fact the correct definition of the 

physical stimulus.    

 

Let p and Δp be a pedestal and an increment respectively, both expressed in 

pressure, and identical in frequency and phase.  In units of energy the summation of p and 

Δp is proportional to ( ) .  The difference threshold, pppppp Δ++Δ=Δ+ 2222

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛ Δ
2

2

10log10
p
p is, in terms of signal energy, Δp2, but this is not the same as increment 

energy, which is the difference (p+Δp)2-p2, or ( )
2

2

10
2log10
p

ppp Δ+ in log units.  When 

the ordinate is expressed as increment energy all trace of negative masking vanishes, and 

hence the argument that negative masking is merely an artifact of the stimulus definition 

can be made. 

        
The data presented in Figure 3.2B are in terms of increment energy and do 

however exhibit negative masking, though to a lesser degree than when presented in units 

of pressure (see Figure 3.2A).  Also worthy of attention is research conducted on other 

sensory modalities which has revealed evidence of negative masking at low-stimulus 

levels.  In the field of visual research, strong evidence exists that luminance 

discrimination should be modeled with amplitude (Yang & Makous, 1995).  In 

vibrotactile studies negative masking has been found regardless of the units used to 

represent the stimulus.  Furthermore, negative masking has been found in studies on the 

chemical senses (McBride and Laing, 1979) where the distinction between amplitude and 

intensity is not overly relevant.   
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2) Contrast analyzer.    
 

Laming (1986) proposes a model in which incoming stimuli are subjected to a 

nonlinear transformation and circa-threshold stimuli undergo a square-law transform.  

The theory attempts to explain why ΔX doesn’t increase with X as expected, by 

subjecting both X and (X+ΔX) to a square law transform.  For two small near or below 

threshold stimuli this amounts to a discrimination between X2 and (X+ΔX)2, and, 

assuming a fixed difference is required to distinguish the two, 2X.ΔX+(ΔX)2=constant.  If 

ΔX is small compared to X we can neglect the second term (ΔX)2 and hence 

2X.ΔX=constant, which of course indicates an inverse relationship exists between X and 

ΔX in this region.  A qualification regarding the square-law transform is required.  The 

square-law transform applies for stimuli of sufficient duration.  For durations less than or 

equal to 10 ms the square-law transform applies to ΔX alone and for stimuli less than 10 

ms Laming predicts the disappearance of negative masking (p. 138).   

 

Hanna, von Gierke, and Green (1986) found the predictions of Laming’s sensory 

analytical model to be consistent with their data in the near threshold region, and 

additional reinforcement has come from other quarters (Irwin, 1988; McGill and Teich, 

1991).  Laming’s model will be discussed in more detail in subsequent chapters. 

 
3) An experimental artifact: Observer Uncertainty  
  

Observer uncertainty (aka the channel uncertainty hypothesis) of stimulus 

parameters has long been known to affect the psychometric function (Green and Swets, 

1966) and, SDT predicts, will degrade observer sensitivity.  Confusion over when a 

signal occurs and/or varying frequency or phase settings forces an observer to attend to a 

multitude of otherwise unstimulated noise channels in an effort to detect the signal 

(Nachmias & Kocher, 1970).  As the number of noise channels needing to be monitored 

increases, the psychometric function becomes shallower, increasing the difference 

threshold for low-level stimuli.  For example, uncertainty about stimulus duration (Dai 

and Wright, 1998) and temporal occurrence (Watson and Nichols, 1975) serve to 

introduce nonlinearities into the psychometric function.  These nonlinearities increase the 
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exponent of the psychometric function, which is found to be a positively accelerating 

power function of magnitude.     

 

 Uncertainty is postulated to increase at low-stimulus levels, effecting a 

suppression of low-level stimuli.  As the level of the pedestal increases, and uncertainty 

decreases, thresholds improve; that is, negative masking.  Observer uncertainty can 

explain why difference thresholds are less than absolute thresholds in the following way.  

Consider two stimuli of magnitudes X and X+ΔX, where X is of a measurable level for 

discrimination tasks but put equal to zero in a detection task.  If, in a discrimination task, 

X is close to, but not equal to, zero and not of sufficient magnitude to diminish the 

detection of ΔX as per Weber’s law, then X provides the observer with information about 

the location of ΔX in both space and time (Lasley & Cohn, 1979).  Thus as X approaches 

the absolute threshold, ΔX becomes easier to detect until eventually Weber’s law begins 

operating effectively and X is of sufficient level to eliminate all uncertainty and negate its 

effect.   

 

In contrast to the energy detection hypothesis ((1) above), the uncertainty 

hypothesis predicts negative masking regardless of the units used to express the stimuli, 

although this assumption rests upon an initial square-law transduction of the physical 

stimulus (Hanna, von Gierke, and Green, 1986).  A further assumption is that X and 

X+ΔX are obscured by an external noise occupying all of the stimulus channels.  

Uncertainty increases the overall effect of such noise and consequently low-level stimuli 

are harder to detect (Lasley and Cohn, 1979). 

 

 In audition, the contribution of observer uncertainty to the discrimination process 

has long been a point of speculation, with Green (1960b) commenting that “uncertainty 

alone is not a sufficient explanation” (p. 1202).  Green used stimuli and procedures 

designed to reduce uncertainty and noted that performance did not improve to the same 

degree as that predicted by an ideal observer.  Raab, Osman, and Rich (1963b) 

documented the quantity of negative masking using noise stimuli.  Noise affords no 

frequency or phase information, and the continuous noise masker they employed 
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obscured any onset/offset cues.  They noted the amount of negative masking was similar 

in level to sinusoids of known frequency and phase presented in gated noise.  They 

concluded that negative masking is not dependent upon the level of signal uncertainty.   

 

Laming (1988) discussed a series of experiments in which an inverse relationship 

between the Weber fraction, Θ, and the amount of uncertainty was evident.  This is 

contrary to the predictions of the stimulus uncertainty hypothesis.  The shallower 

psychometric functions obtained for sinusoids embedded in gated as compared to 

continuous maskers has been thought of in terms of stimulus uncertainty.  Green, 

Nachmias, Kearney, and Jeffress (1979) designed experimental conditions that found the 

opposite, contradicting the stimulus uncertainty hypotheses which would predict 

uncertainty to decrease with gated maskers. Raney et al. (1989), investigating the effects 

of frequency uncertainty on spectral shape discrimination, found no significant 

uncertainty effects.   

 

Further to the negation of the stimulus uncertainty hypothesis, experiments in 

vision have eliminated stimulus uncertainty as an explanation for the behaviour of stimuli 

in this region (e.g., Yang and Makous, 1995; Blackwell, 1996). Opponents of the 

uncertainty hypothesis cite the inconsequential effects of uncertainty with well-practiced 

observers, the large number of channels needed by uncertainty models to fit empirical 

data, and the variability of the uncertainty constant across different masker levels (Lu and 

Dosher, 1999).  The case for stimulus uncertainty being the protagonist of negative 

masking is weak, and will for the most part be ignored in this thesis.   

 
4) Nonlinear Transduction 
 

A popular explanation of negative masking is the idea that the initial 

transformation of the physical stimulus onto an internal psychological representation 

involves a nonlinear function of some sort.  Hanna, von Gierke, and Green, (1986) 

propose such a nonlinear transduction to be, at low levels, positively accelerating, with 

observer sensitivity increasing as pedestal levels are increased; that is, producing negative 
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masking.  For pedestal levels beyond absolute threshold a quasi-logarithmic transduction 

function operates yielding, in quiet, the near-miss to Weber’s law.   

 

The functions fitted to the lower data sets (quiet condition) in Figures 3.2A and 

3.2B show, for pedestals below 0 dB SL, that the data are well described by a fourth-

power transform when the stimulus is presented in units of amplitude (Figure 3.2A), or a 

square-law function when presented in terms of energy(Figure 3.2B).  The values of these 

exponents are halved when considering the upper data sets (noise condition), that is, 2 

and 1 for amplitude (Figure 3.2A) and energy (Figure 3.2B) respectively (Hanna, von 

Gierke, and Green, 1986).  For suprathreshold pedestals greater than 0 dB SL a linear 

function suffices to describe the data in terms of both the quiet and noise conditions 

regardless of units.  The exact form from these functions will be discussed in a 

subsequent chapter (Chapter IV). 

 

Positive acceleration of the psychometric function is equivalent to increasing the 

exponent of the psychometric function.  A single transform (i.e., zero uncertainty using a 

single channel) yields an exponent of one.  An exponent greater than unity is consistent 

with both the uncertainty hypothesis and the idea of a nonlinear transduction.  Lasley and 

Cohn (1979) conducted experiments to determine which of the two explanations was the 

most likely.  A theorem tendered by Birdsall (Peterson, Birdsall, and Fox, 1954) states 

that noise prior to a nonlinear transducer produces a linear psychometric function (i.e., an 

exponent of unity) if the variance of the noise is of sufficient magnitude to swamp other 

sources of noise.  They added significant amounts of external noise and noted that the 

exponents of psychometric functions obtained in a simple discrimination task were 

statistically indistinguishable from those acquired in a no-noise condition.  Lasley and 

Cohn concluded “The results of this experiment are inconsistent with the nonlinear 

transducer theory” (1979, p. 276).  In a further objection, they also noted that the 

nonlinearity hypothesis is not an explanation at all, but rather, just a description – no 

mechanisms to account for the non-linearity are actually advanced.   
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5) Stochastic Resonance 

Stochastic resonance is a nonlinear phenomenon in which the deterministic 

components of a weak signal and the inherent nondeterministic nature of noise couple 

and effect an amplification of the near threshold stimulus. Such a noise-induced transition 

between two otherwise statistically stable states must occur in a dynamical bistable 

system involving an optimal level of noise: not enough will fail to entrain the noise to the 

periodic stimulus while too much will serve to swamp it.  Such an idea runs counter to 

the contemporary notion that any noise present within an information channel will drive 

the signal-to-noise ratio down and necessarily impede detection of the signal.   Figure 3.4 

shows a typical stochastic resonance curve where the signal-to-noise ratio outputted by 

the system is shown to be maximal at some non-zero noise level.  A comprehensive 

review of theoretical and applied research in this area can be found in Gammaitoni et al. 

(1998).  

 

The notion that optimal levels of background noise can improve the detection of 

weak signals does not conform to the accepted view of noise and its role in information 

transmission.  Shannon and Weaver’s (1949) well-established information theory outlines 

a strictly monotonic relationship between information transfer and a system’s resident 

signal-to-noise ratio.  In the psychoacoustical context, signal detection theory (Green & 

Swets, 1966) staunchly opposes the existence of a sensory threshold, a vital component in 

any model incorporating stochastic resonance.  Efforts to unite signal detection theory 

and stochastic resonance exist (Inchiosa & Bulsara, 1996), but have been shown to be 

untenable (Tougaard, 2000), although theoretical pursuit on the matter continues with 

some momentum (Ward, 2002).     

 
Because of its immaturity, at least in research terms, scant data on the topic of 

stochastic resonance exists in the field of psychophysics.  In the visual modality 

Blackwell (1996) attempted with marginal success to explain the dipper effect in terms of 

stochastic resonance.  However, the contribution of stochastic resonance could not be 

distinguished from that of observer uncertainty.  Ward (2002) similarly presented the  
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Figure 3.4 : A hypothetical stochastic resonance curve showing the signal-to-noise ratio as a function of 
noise level measured at the output of the system. 
 
 
 
results of a previously unpublished suite of visual experiments analyzed within the 

stochastic resonance paradigm.  In audition the only research of note was undertaken by 

Zeng, Fu and Morse (2000), though strictly theoretical approaches had preceded their 

efforts (e.g., Parnas, 1996), and unpublished data are freely available over the world-

wide-web (e.g., Ward et al., 2001).  Theoretical discussion of a potential role of 

stochastic resonance in negative masking can be found in Moss, Ward, and Sannita 

(2004). 

        
Results from Zeng, Fu and Morse (2000) can be inspected in Figure 3.5.  

Broadband noise of various levels were employed in a 2-IFC, three-down, one-up, 

adaptive procedure requiring the detection of a 1000-Hz sinusoid.  Stochastic resonance 

is manifested as negative threshold values, and the authors argued for the existence of an 

optimal noise level at the -15 dB SPL noise spectrum level, 5 dB SPL below the reported 

mean absolute threshold of the observers (-10 dB SPL).  Caution should accompany the 

interpretation of their results however as each point was based on only three estimates, 

and the reported standard deviations ranged as high as 4 dB SPL.   

 

The potential for negative masking to be explained by stochastic resonance is 

realized with the notion that, within a limited band of signal levels, an optimal level of 

noise bracketing absolute threshold exists.  The consideration of a constructive noise  
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Figure 3.5 : Standardized detection thresholds (re: dB SL) as a function of noise level for five observers.  
Taken from Zeng, Fu and Morse (2000). 
 
 
 
effect such as stochastic resonance can also explain why negative masking decreases 

inversely with noise level (i.e., the top functions in Figure 3.2A and 3.2B) as optimality is 

a function of noise level.  The superposition of two sinusoids of slightly different 

frequencies results in a periodic amplitude fluctuation that has been termed “beats”.  

Using a 70-Hz base sinusoid Ward et al. (2001) superimposed a 73-Hz sinusoid to create 

a 3-Hz beat stimulus and tested observers on their ability to discriminate between it and 

the base sinusoid without the beats.  Various levels of white noise were added to the  

 

 

 
Figure 3.6 : A stochastic resonance curve for the detection of 3-Hz auditory beats.  Note that sensitivity 
(ordinate) peaks at a non-zero noise level (abscissa).  The solid curve is a best-fitting theoretical function.  
From Ward et al. (2001).   
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stimuli.  The results are presented in Figure 3.6.  The ordinate represents the observer’s 

sensitivity to beat modulation; the abscissa represents the level of the masking noise. 

The points show that sensitivity is greatest at some non-zero level of noise.  The solid 

curve is a theoretical model not presented by the authors in the text.  Aberrations from the 

curve at low noise levels could be a result of the observer’s own endogenous noise levels 

impinging upon the discrimination task (Ward et al., 2001).   
  

THE PEDESTAL EFFECT 
 

The pedestal effect can be considered a relation of negative masking (Raab 

Osman, and Rich, 1963a) and the two terms are often used interchangeably. Laming 

(1986), however, has expended considerable effort to distinguish the two phenomena.  In 

a negative masking paradigm an investigator examines the behaviour of the difference 

threshold ΔX using magnitudes of X around and less than absolute threshold.  However, if 

the level of ΔX is held constant (see Figure 3.7A) while X varies, and a performance 

measure such as percentage correct replaces the threshold measure, then it has been found 

that the addition of a pedestal around threshold enables an observer to distinguish the 

fixed level ΔX with greater ease (Green, 1960b).  As X increases beyond the absolute 

threshold the performance of the observer deteriorates and performance asymptotes 

toward chance (Figure 3.7B).    
 

 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.7 : Hypothetical stimuli (A) 
and results (B) from a pedestal experiment.  The stimuli are presented as pedestals, X, with an added fixed-
increment, ΔX.  The hypothetical results plot percentage correct as a function of pedestal level for a 2-IFC 
difference discrimination task employing a fixed increment. The six stimuli (a-f) in part A relate to the 
labeled data points in B. 
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Like negative masking, the pedestal effect represents a collaspe of Weber’s law at 

and around absolute threshold.  In the present context Weber’s law would stipulate that as 

X increases the difference between X and X+ΔX must also increase so that a discernable 

difference remains.  If no increase in ΔX is forthcoming then as X increases 

discrimination should decrease, and force a corresponding decrease in observer 

performance.  Figure 3.7B shows that as X increases in magnitude, and thus the relative  

difference between itself and X+ΔX diminishes, the drop in performance predicted by 

Weber’s law does not occur until suprathreshold pedestal levels are reached (i.e., beyond 

point d, Figure 3.7).  This nonmonotonic relationship between X and percent correct for a 

fixed value of ΔX is a defining trait of the pedestal effect. 

 

The use of hypothetical data in Figure 3.7B is in part necessitated by the fact that, 

like negative masking, the pedestal effect has received little attention in the 

psychoacoustic literature.  However the pedestal effect is not unique to audition, and has 

also been observed in the visual modality, where enquiry has been more intensive.  To 

the Author’s knowledge, the last dedicated investigation into the pedestal effect occurred 
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Figure 3.8 : Proportion correct as a function of normalised pedestal amplitude (NPA) for gated or 
continuous pedestals.  (Adapted from Pfafflin and Mathews, 1962).  The data are for a single observer, LG, 
and the dashed vertical line represents the pedestal equal in level to the abslute threshold.    
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in 1963 (Raab, Osman, and Rich, 1963b), while prior to this, studies by Pfafflin and 

Mathews (1962) and Green (1960b) represent the only serious effort to probe the 

phenomenon.   

 

The pedestal effect can also be gauged using psychometric functions.  Green 

(1966) noted that, for pedestals presented below absolute threshold the psychometric 

function ranged over 10 dB as opposed to 25 dB for pedestals above absolute threshold.  

This narrowing of range reflects an increase in the slope of the psychometric function, 

implying better sensitivity.  This difference is evident regardless of the scale used to 

measure the stimuli.   

 

Figure 3.8 presents data from one of the few auditory experiments on the pedestal 

effect.  The data, reproduced from Pfafflin and Mathew’s (1962) study, express the 

pedestal levels as normalised pedestal amplitudes (NPA) which, as Laming (1986: p. 

144) has demonstrated, are equal to the theoretical measure 
No
E

d p2
'= , where Ep is 

pedestal energy and No is noise power density.  The data were obtained from one 

observer, LG, participating in a two-alternative forced-choice task.  The task of the 

observer was to say which of two temporally separate 100-ms 1000-Hz sinusoids 

contained the increment, ΔX.  The two data sets represent two different types of 

sinusoidal temporal characteristic: gated or continuous.  A gated sinusoid is turned on and 

off within the confines of an observation interval.  In contrast, a continuous sinusoid is 

presented for the duration of the experimental block and the observation intervals are 

usually signaled with lights.  Inspection of Figure 3.8 reveals the general finding that the 

pedestal effect coincides with pedestal values at or below absolute threshold, which for 

observer LM was equal to an NPA of 8.  As the NPA increases it would be expected that 

the observer’s performance would decline to chance in a similar fashion to the 

hypothetical data in Figure 3.7B.  This decline in performance would be predicted by 

Weber’s law.   
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A relationship exists between the masking function and the fixed-increment 

function.  Figure 3.9 shows X+ΔX plotted as a function of pedestal level, X, for two 

hypothetical sets of stimuli.  The first set represents the expected relationship between X 

and ΔXd, where  the subscript “d” denotes difference, assuming a 3-up, one-down 2-IFC 

difference discrimination procedure and a Weber fraction of unity.  The second set shows 

the relationship between X and ΔXf, where the subscript “f” denotes fixed, for a fixed-

increment task.  For the fixed-increment stimuli a ratio between X and ΔX of unity yields 

a percentage correct of 79% (see notation on graph).  However, for the fixed-increment 

task, this ratio is forced to decrease as the pedestal level, X, increases because the 

increment ΔXf is a constant.  Empirical and theoretical (e.g., Weber’s law) precedents 

indicate that as X increases the increment ΔXf will become harder to detect, and 

consequently the percentage correct in a 2-IFC discrimination task will decrease. 

 

Figure 3.10 shows the relationship between the fixed-increment function and the 

masking function.  The left-hand axis is percentage correct in a 2-IFC task.  The right-   
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Figure 3.9 : Pedestal, X, plus increment for masking (X+ΔXd) and fixed-increment (X+ΔXf) plotted as a 
function of pedestal level.  As the pedestal increases in level the difference threshold, ΔXd, increases to 
maintain 79% correct in an adaptive 2-IFC task.     
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Figure 3.10 : Hypothetical data demonstrating the relationship between the fixed-increment function and 
the masking function.  The percentage correct (left-axis) in a fixed-increment task (■) and an adaptive 
difference discrimination 2-IFC task (□) are plotted as a function of pedestal level, X.  Note that the 
differences in percentage correct between successive values of X for the fixed-increment function are 
arbitrary and for demonstration purposes only.  On the right-hand axis the increments ΔXf (●) and ΔXd (○) 
are plotted as a function of pedestal level.  Note the inverse relationship that exists between ΔXd and 
percentage correct in a fixed-increment task (Fixed % Corr).      
 
 

hand axis represents the increments ΔXf and ΔXd: the latter being the increment needed 

for an observer to obtain 79% correct in a three-up, one-down 2-IFC task.  The axes 

therefore relate to both the fixed-increment and the masking functions.  Attention to 

Figure 3.10 shows that as ΔXd increases, percentage correct for the fixed-increment task 

decreases.  Thus an inverse relationship exists between the difference thresholds 

exhibited by the masking function and the percentage correct scores associated with the 

fixed-increment function.  The modeling of the decline associated with the fixed-

increment function (Figure 3.10: solid squares) as linear is justified by data reported by 

Pfafflin and Mathews (1962) though in reality this decline may not be strictly linear.  A 

lack of reported data prevents any certain conclusion as to the nature of this decline.      
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EXPLANATIONS OF THE PEDESTAL EFFECT 
 
1) Energy Detection 
  

When presented with two stimulus intervals separated temporally, an energy 

detector will analyse each individually and select the interval containing the larger 

sample of energy as that which contains a signal.  This involves computing two values of 

a test static, ϕ, one associated with each of the two intervals, and comparing thus: 

P(c)=Pr(ϕ2>ϕ1), where P(c) is the probability of a correct choice in a 2-IFC procedure 

(Green and McGill, 1970).  Figure 3.11 displays the probability densities of the two test 

statistics, where ϕ1 is noise alone and ϕ2 is signal-plus-noise.  Examination of these two 

distributions reveals that statistical fluctuations will lead to errors, and so by its very 

structure the energy detector cannot be considered optimal (Pfafflin & Mathews, 1962; 

Green & Swets, 1966). 

 

Pfafflin and Mathews (1962) presented the energy detector models illustrated in 

Figures 3.12 and 3.14, and applied them to data collected in a pedestal experiment.  The 

stimulus, x(t), consists either of a pedestal, x(t)=m(t)+Kpsinωct or the pedestal-plus-

signal: x(t)=m(t)+Kpsinωct+ Kssinωct, where Kp is pedestal pressure, Ks is signal pressure, 

m(t) is a noise background, and ωc sinusoidal frequency.  Their initial model (Figure 

3.12) begins with a bandpass filter whose centre frequency is ωc and response bandwidth 

equals 2σ.  The filter’s output is then fed into a square-law device representing a 

nonlinear element with a mean output value monotonically related to x(t).  After 

 
 

M1 M2

ϕ1  Density ϕ2  Density

 
Figure 3.11 : Probability densities for the test statistic (redrawn from Pfafflin & Mathews, 1962) 
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Figure 3.12 : An energy-detector model consisting of a bandpass filter, a squarer, and an integrator.   
 

 

emerging from the squarer the output is integrated for the duration of the stimulus (T).   

 

A key assumption of the energy detection model presented in Figure 3.12 is that 

the distribution of ϕ is Gaussian, and a Gaussian approximation is realized if T is of 

sufficient duration with respect to the bandwidth of the filter.  A discrete summation over 

2WT samples of the stimulus, where W represents bandwidth, approximates the Gaussian 

assumption satisfactorily if values of 2WT are sufficiently large (Green & Swets, 1966).  

The probability of being correct, viz P(c)=Pr(ϕ2>ϕ1), can be computed thus: 
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2 = serve to normalize the pedestal levels with respect 

to the noise level.  The peak amplitudes of the pedestal and the pedestal-plus-increment 

are represented in Equation 3.2 by K1 and K2 respectively.  The variable
cω
σξ ≡ , and T is 

the stimulus interval in seconds.  Performance as a function of normalized pedestal 

amplitude, as predicted by Equation 3.1, is displayed in Figure 3.13.  Each curve  
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Figure 3.13 : Theoretical curves, plotting proportion correct as a function of normalised pedestal 
amplitude, derived from the model presented in 3.10.  The numbers below each curve represent 10logE/No.  
The bandwidth of the filter has been set to 200-Hz.  The graph is an adaptation of Pfafflin and Mathews 
Figure 11 (1962, p. 1850).      
 

 

represents a different signal-to-noise ratio (10logE/No) and the bandwidth parameter, σ, 

has been set to 200-Hz.   

 

As initially formulated, the energy detector model outlined in Figure 3.12 failed to 

predict the data at high pedestal levels, where performance drops to 50 percent correct 

(Pfafflin and Mathews, 1962).  A reformulation of the model was undertaken with the 

introduction of an internal noise source eI consisting of a constant endogenous component  
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Figure 3.14 : An energy-detector model consisting of a bandpass filter, a squarer, an integrator, and 
endogenous noise, eI, which is added to the test statistic φ. 
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and another proportional to the energy of the pedestal.  Figure 3.14 shows the 

modification, and eI can be seen to add directly to the test statisticϕ.  Adding these two 

noise terms to the external noise term in Equation 3.2 gives 
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The incorporation of an internal noise changes the predictions of the model 

enough to give a degree of qualitative agreement with human data.  The model still fails 

quantitatively and under-predicts human performance by up to 20 percent at some 

pedestal values.  This contrasts with the first model (Figure 3.12) that grossly over-

predicted human performance by up to 30 percent in places.  The model can be further 

demeaned by the number of parameters it possesses, as Equation 3.3 attests.  A good 

model should be simple and based upon sound principles.  The more parameters a model 

possesses, the more likely it is to fit the data on account of its ability to soak up the 

residual error (Myung, 2000).  For these reasons the energy detection model as originally 

formulated by Pfafflin and Mathews (1964) has not undergone widespread application.      

 
2) Contrast analyzer 
 

As the level of a subthreshold pedestal X increases, the performance of the 

observer will also increase if discriminating a fixed difference ΔX; this being, by 

definition, the pedestal effect.  Laming (1986) ascribes this effect directly to a square-law 

transform of low-level stimuli.  For pedestals presented in continuous noise this 

transform affects only the increment, ΔX.  If the pedestal is switched on and off with the 

noise background then the square-law transform affects both pedestal and increment, and 
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so Laming’s theory also provides an explanation about to why the two different 

configurations should give different results.  Inspection of Figure 3.8 shows that the two 

different configurations do indeed produce different data.  Laming’s sensory analytical 

model is described in detail in the next chapter along with two other models of auditory 

level discrimination.   
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Chapter IV : Three Models of level discrimination 
 

The professor was lecturing on insects. “I hold here in my hand,” he said, “a flea. Notice 
it is on my right hand. I order it to jump to my left hand, and as you observe, the flea 
obeys. Now, notice that I remove the legs of the flea and then order it to jump again.  But 
as you can see, the flea does not jump.” 
 
“Therefore, we have scientific proof that a flea whose legs have been removed becomes 
deaf.” 
                 R. Woods 
 
 
INTRODUCTION 
 
 Models of auditory level discrimination can be crudely divided into four main 

approaches (McGill and Teich, 1991): ideal observers, neural counting models, 

differential analysers, and amplifier networks.  In the auditory context the aim of a model 

is to process critical information extracted from acoustic waveforms and generate an 

output that is consistent with experimental data.  This is relevant to the units problem 

because, in the process of extracting information from the stimulus, the units representing 

the stimulus must be explicitly defined.  A model that fails to predict which units the 

auditory system responds to cannot be considered a definitive model of the auditory 

system’s ability to resolve level.     

 
Of the three papers directly investigating auditory negative masking and 

presenting relevant data, two fit models to their data.  The nonlinear transduction model 

of Hanna, von Gierke, and Green (1986), and Viemeister and Bacon’s (1988) model, will 

now be outlined.  Additionally, the sensory analytical model formulated by Laming 

(1986) will be described.  In subsequent experiments masking functions exhibiting 

negative masking will be generated, and each of the three models will be retracted onto 

the data.  The performance and merits of each model will be critically evaluated and 

discussed in relation to the units problem in audition.   Description of the models will 

commence with a detailed discussion of the sensory analytical model, which is of specific 

interest because the model predicts that amplitude (i.e., peak pressure) is the correct unit 

of the auditory stimulus.     
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THE SENSORY ANALYTICAL MODEL 
 

 The extraction of primitive features from incoming stimuli is a process Laming 

(1985) terms Sensory Analysis.  Such processing is considered preconscious, and a 

subsequent synthesis of those extracted features constitutes perceptual experience.  

Laming, in his book Sensory Analysis (1986), presents “a semi-quantitative theory of 

sensory analytic processes” (p. vi) that relies not upon the presentation of new 

experimental data, but rather, upon a reinterpretation of established data.   The model is 

unique in that it can be generalised to all sensory modalities, an approach first endorsed 

by auditory pioneer Georg von Békésy, who believed that beyond their sensory 

transducers all senses operate fundamentally the same (Tonndorf, 1974).  Laming makes 

no serious attempt to fortify the model with physiological concepts unique to each of the 

sensory modalities’ biological make-up, and instead the emphasis is placed upon 

developing common principles of sensory analysis that are applicable to all senses.   

 
To realise this universal stimulus processing, Laming envisages the senses to 

share a common statistical structure that emerges beyond their respective receptor types.  

In particular, incoming stimuli consist of Poisson events sufficiently dense to 

approximate the normal probability density function.  In the case of audition this Poisson 

process does not occur until the level of the primary auditory neurons, whose coincidental 

outputs sum and, with a Poisson density of sufficient intensity, an approximation to the 

normal distribution is achieved.  

 
 The two stimulus configurations in Figure 4.1 illustrate the difference between 

difference discrimination (Figure 4.1A) and increment detection (Figure 4.1B).  Such a 

distinction is of fundamental importance because each stimulus configuration is 

associated with different psychophysical properties, and furthermore these differences are 

consistent across sensory modalities.  Laming draws upon these differences to infer 

underlying mechanisms that are common to all modalities, discards the energy detection 

model, and in the process has “revived serious interest in sensory networks” (McGill & 

Teich, 1991: p. 8).  
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B) Increment detection

  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
Figure 4.1 : Common configurations of stimuli. Difference discrimination (A) involves discriminating 
between two stimuli (X and X+ΔX) separated either in space or time. Increment detection (B) involves a 
continuous uniform stimulus (X) above the level of background noise (0) and the addition of an increment 
(ΔX). 
 

 
The model itself can be broadly thought of as a differential analyser or a contrast 

detector.  The outputs of primary receptor elements fluctuate with stimulus level, 

although at higher centres these outputs are opposed by approximately equal inhibitory 

outputs.  The balancing of these excitatory and inhibitory processes leads to the important 

measure of stimulus change being not the mean output per se but rather the variance of 

the output.  This is known as differential coupling, and forms a central part of Laming’s 

model.  Additionally, Laming argues that while stimuli of sufficient magnitude are 

transmitted through sensory systems linearly, small stimuli are subject to a compressive 

non-linearity approximating a square-law.    

 
Laming’s sensory analytical model consists of a number of sequential operations, 

some of which contribute more than others (e.g., differential coupling and half-wave 

rectification) but all of which are essential.  Figure 4.2 is a block diagram summarising a 

sequence of sensory analysis, and the function of each component will now be described 

in turn.  

 
 

 86



D

C

B

A- A+

- +

- +
 Differential 

Coupling 

 Differential 
Coupling 

Output to 
Discriminator 

Stochastic 
Transfer 

Stochastic 
Transfer 

Determinate 
Transfer 

Half-wave 
Rectifier 

Point-process 
Generator 

Negative 
Input 

Positive 
Input 

Observation 
Window 

Observation 
Window 

STAGE 1 

STAGE 2 

Figure 4.2 : A schematic presentation 
of Laming’s (1985) sensory analytical 
model.  The model flows from top-to-
bottom, with each block representing a 
functional module.  The letters A, B, 
C, and D relate to commentary in the 
text and Figure 4.3. 
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Stochastic Transfer 
 

This stage effects a locally random spatial and temporal rearrangement of the 

elements of the physical stimulus.  The random rearrangement of stimulus elements with 

respect to time is a consequence of the temporal variability of neural connections in the 

receptor field and, as Laming acknowledges, is simply a re-expression of temporal 

integration.  Ultimately stochastic transfer imposes limits to the resolving power of the 

senses by smoothing out changes in the stimulus input, “…much as a sand castle is 

almost levelled by the incoming tide” (Laming, 1986: p. 104). 

 
 
Differential Coupling  
 
 Laming sets himself apart from the majority of his colleagues by a complete 

rejection of the notion of direct coupling, instead arguing that a stimulus of magnitude X 

and the resulting internal pattern of activity f(x) is in fact differentially coupled.  Direct 

coupling assumes a proportional relationship between X and f(x).  Thus as the mean level 

of X increases or decreases the directly coupled value of f(x) also changes in an identical 

direction.  In contrast, differential coupling assumes that the mean level of f(x) is 

independent of X and ultimately exists as a constant equal to zero (f(x)=0) playing no 

direct role in the discriminatory process. 

 
 The effect of differential coupling is a continuous differentiation of input that 

negates the steady-state component and instead extracts transient variations occurring in 

f(x).  Laming deems the resultant effect a fundamental principle of sensory analysis: 

 
“Sensory discrimination is differentially coupled to the physical stimulus, so that only 

changes in the stimulus, including those occurring by chance, are available as a basis for 

discrimination”                  

          (Laming, 1985: p. 468) 

 
 Furthermore, in the case of increment detection, the non-linear transform is 

effected only upon small perturbations embedded in a continuous background, and not 
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upon the entire stimulus magnitude X.  Thus the differentiation of a stimulus into X and 

ΔX allows the increment, ΔX, to be transformed alone non-linearly.  

 
 At the physical level of description the manifestation of differential coupling 

could plausibly rest in the excitatory-inhibitory nature of receptive fields.  

Physiologically, uniform stimulation of a receptor field results in a mean excitatory and a 

mean inhibitory effect that cancel each other.  Fluctuations about those means do not 

cancel however; they are statistically independent and combine to form a Gaussian noise 

process.  These excitatory and inhibitory inputs are shown at the top of Figure 4.2.  The 

first stage of the model subjects these inputs to stochastic transfer, which interprets the 

temporal coincidences of the two by introducing a fixed delay, τ, into the inhibitory input 

relative to that of the excitatory input. 

 
 Figure 4.3 compares the excitatory and inhibitory inputs undergoing stochastic 

transfer (A) and differential coupling (B).  Note the time delay, τ, between the excitatory 

and inhibitory inputs, both of which are represented here as Poisson processes of equal 

density but opposite polarities: ½X and -½X respectively.  Differential coupling serves to 

unite the two inputs into a single stream that converts the excitatory and inhibitory 

components into positive and negative half increments.  However, their original Poisson 

character is not preserved, and instead is replaced with a Gaussian noise process centred 

on a mean of zero.     
 

Determinate Transfer  
 
 An idealised Poisson process possesses an infinite bandwidth, but the time-limited 

response of neurons serves to attenuate higher frequencies (>2000 Hz), and the 

determinate transfer function represents this low-pass filtering.  Physiologically this 

function is analogous to the parallel capacitance of neural tissue (Laming, 1986) and it 

should be pointed out that its location in Figure 4.2 is arbitrary and is in fact distributed 

through out the model.  By filtering out higher frequencies there is a subsequent energy 

loss and a corresponding reduction in the variability of the sensory process.  Importantly,  
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y(½ΔX, N) 

-½ΔX 
 

-½X 
 

+½ΔX 
 

½(X+ΔX) 

0

½X 
 

-½(X+ΔX) 
 

0

√(N/2π) 
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Figure 4.3 : Oscilloscope traces related to the various functional modules presented in Figure 4.2.  Part (A) 
shows two equal density Poisson processes of opposite polarity each perturbed by an increment.  The 
increment superimposed on the inhibitory component is retarded by a factor τ.  The addition of the two 
components yields a single Gaussian noise process, with the two half-increments preserved (Part (B)).  The 
effect of low-pass filtering and half-wave rectification is illustrated in Part (C), with the notable 
suppression of the negative half-increment.  Part (D) shows the contents of the observation window.  
(Adapted from Laming (1986), p. 82). 
 
 
the filtering is not random and both signal and noise are equally attenuated at each 

frequency, thus avoiding deterioration of the signal-to-noise ratio. 

 
 The selective attenuation of high frequency components reduces the background 

noise level and is an essential component in Laming’s model in two respects.  Firstly, it 

aids in enforcing a Gaussian approximation onto the Poisson process.  Secondly, without 

determinate filtering, Laming’s model would give the noise component, and not the 

signal component, more weighting in the discriminative process.  A model predicting the 
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noise component to be the more informative would be at odds with empirical findings.  

The background noise, N, needs to be scaled, and hence the determinate transfer function, 

which scales the overall level in proportion to X:  

 
 N=κX              (4.5) 
 
where the constant κ is less than one.  
 
 
Half-wave Rectification  
 
 The behaviour of sensory neurons approximates that of a half-wave rectifier in 

that, while they receive both negative and positive inputs, they can only transmit action 

potentials that cannot be, by definition, negative in number.  While the effect of 

differential coupling is to combine the excitatory and inhibitory inputs into a single 

Gaussian noise process centred on zero mean, the effect of rectification is to eliminate the 

negative excursion while retaining the positive excursion.  Laming models this 
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Figure 4.4 : The rectification of an input by a half-wave rectifier. The dashed line is the ideal rectifier 
characteristic, the smooth curve the same but for a rectifier perturbed by Gaussian noise.  A mean input of 
zero gives the dotted line. 
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rectification using a half-wave rectifier, which ideally has the rectilinear response 

characteristic displayed in Figure 4.4 (dashed lines): 

 
 f(x)=0, x ≤ 0 
 f(x)=x, x ≥ 0.                        (4.6) 
 

 However it must be remembered that the signal is embedded in a Gaussian noise 

background and this has a profound effect on the output of the half-wave rectifier.  This 

Gaussian distribution with zero mean is represented by the normal density function to the 

left of Figure 4.4.  If x is the mean input to the rectifier and N is the power (variance) of 

the noise then its mean output is: 

 

( ) ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
Φ+⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
Φ=

N
XN

N
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where Φ( ) is the normal distribution and Φ’its derivative.  By setting N equal to one we 

obtain the continuous curve in Figure 4.4.  The dotted horizontal line is a direct 

consequence of Equation 4.7, indicating that a zero input does not equate to a zero output, 

but rather is  

 

( )
π2

,0 NNy = ,            (4.8) 

    

which represents the spontaneous background activity of an unstimulated neuron.   
 

Point Process Generator 
 

 Neurons transmit discrete action potentials by an all-or-nothing law, and it is their 

occurrence rather than the magnitude of their waveforms that is of significance.  This 

physiological characteristic of neurons is accounted for with a point process generator, 

which acts on the instantaneous output from the half-wave rectifier, emitting Poisson 

events proportional to the rectifier’s output.  The recoding into a quasi-Poisson form 

yields an output mimicking the original physical stimulus that serves as an input to 
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subsequent stages of sensory analysis.  Additionally, it causes a loss in resolving power 

by introducing an internal noise proportional to X, and Poisson in character.   

 
The Observation Window 
 

 The output from the point process generator undergoes a spatial and temporal 

random rearrangement in the observational window, which essentially behaves the same 

as the stochastic transfer function.  A noticeable difference exists however in that the two 

perturbations merge temporally and forfeit their autonomy (Figure 4.3D).  Thus the 

discriminator receives a weighted moving average from the half-wave rectifier that 

contains evidence of a positive perturbation but barely a trace of the negative one.  

 
 The net perturbation in the observation window can be calculated by the simple 

addition of the positive and negative components.  Suppose a brief increment, ΔX, is 

added to a continuous background X (Figure 4.1B).   Differential coupling produces two 

half increments ±½ΔX contained in a Gaussian noise of power N.  After half-wave 

rectification, the perturbations are of sizes y(½ΔX,N) and y(-½ΔX,N) respectively.  Given 

a background level of y(0,N) the net perturbation, Δy, of the observation window is, after 

simplification (see Laming 1985, p. 475): 
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    (4.9) 
   

For ΔX sufficiently large (ΔX ≥ N) the first term approximates ½ΔX because the normal 

integral Φ((½ΔX/√N) tends to one.  Thus supra threshold stimuli undergo the linear 

transform predicted by Weber’s law.  For circa-threshold stimuli the net perturbation is 

calculated as 

( )
Nπ2

,          (4.10)Xy 25.0 2Δ
≅Δ  
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and Laming’s (1986) Appendix B can be consulted for the detailed calculations which 

arrive at this result.  The above equation states that the transmission of small stimuli is not 

linear but is instead governed by a square law.  Laming signifies this non-linearity as 

another fundamental principle of sensory analysis: 

 
“Small, near-threshold stimuli are subject to a square-law transform which makes them 
less detectable than they would otherwise be.”  
                   Laming, 1985 (p. 476) 
 

 The square-law transform on continuous circa-threshold stimuli applies only to 

ΔX and not to the background on which it is superimposed.  Furthermore he argues that 

such a principle is not upheld by the Energy-Detection model, and as a consequence the 

latter fails to predict the differences between the detectability function and the 

discriminability function.  

 
 By further refining Equation 4.7 Laming derives what he calls the exact transfer 

function which is based upon a symmetrised version of the mean half-wave rectifier 

output y(x,N): 
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where the subscript s in ys is assumed to mean ‘symmetrised’.  Its characteristic is 

displayed in Figure 4.5, where the independent variable, X, has been standardized to 

z=X/√N, and N again has been set equal to unity.  At z=0 the net perturbation of the 

observation window is equal to twice the output of Equation 4.11 divided by √N/2π.  The 

exact transfer function, which determines the net perturbation in the observation window, 

becomes, for a stimulus increment of amount ΔX: 
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and for a stimulus increment ½ΔX < 1.16√N Equation 4.12 is accurate to within 10% 

(Laming, 1986).  Figure 4.5 shows that within this range (0 ≤ z ≤ 1.16) ΔX (i.e., z in 

normalized units) is approximately a normal integral with respect to the square of ΔX 

(i.e., z2) and by subjecting ys(z,1) to a Maclaurin expansion the net contents of the 

observation window can be approximated by 

 

.
2
2
11 2

π

+ z
           (4.13) 

        
This function is illustrated in Figure 4.5.  
 

For larger values of z the terms Φ(X/√N) and Φ’(X/√N) in Equation 4.11 tend to 

one and zero respectively, and ys(z,1)→½z.  Laming (1986) uses numerical calculations  
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Figure 4.5 : Laming’s (1986) Equation 4.11 accompanied by its two approximations: ½z and Equation 
4.13.   Plotted is the net perturbation in the aggregated contents of the observation window as a function of 
normalized mean input, z.  Adapted from Laming (1986: p. 266). 
to show this approximation to be accurate within 10% for z ≥ 1.18√N.  It is apparent from 

Figure 4.5 that ys(½ΔX,N) →½ΔX when z ≥ 1.18√N and so a linear transmission is 

obtained.  Note, from Figure 4.5, the abruptness in transmission from square-law to 

linear-law, which for audition is empirically estimated to be approximately 20 dB SL 
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(Harris, 1950 ; Raab, Osman, and Rich, 1963b). The discriminability functions for large 

suprathreshold stimuli are evidently not influenced by a non-linear transform, and 

alternatively possess the simple form, Φ(ΔX/X). 

 
Negative Masking 
 
 Stimuli in a difference discrimination task, involving a comparison between X and 

X+ΔX near the absolute threshold, ΔX0, set against a noise background X0, become, in 

Laming’s scheme, subject to the square-law transform.  The difference is then (X+ΔX)2-

X2=2X⋅ΔX+ΔX2, which according to Weber’s law, should be constant across values of X.  

The constant value, - found by setting X equal to zero, is  ( 2
0XΔ )

)

 

 ,         (4.14) 
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and for values of X sufficiently small an  inverse relationship exists between X and ΔX 
(Laming, 1986: p. 134).   
 

 Laming (1986), derives two separate models, or in his own terms, negative 

masking characteristics, to account for data of this kind.  The first, a simple 

approximation, is the model of choice for this thesis, and its application is outlined in 

Laming’s (1986) appendices.  The second, or the exact negative masking characteristic, 

has been overlooked because of its difficult mathematics that even Laming himself 

describes as “tedious” (p. 137) and “overelaborate in relation to the precision of 

contemporary experiments” (p. 275). 

 
 Figure 4.3B shows the two-half increments ±½ΔX emerging from X0 prior to low-

pass filtering and half-wave rectification (Figure 4.3C).  At this stage X0 has a stationary 

output of level (see Equation 4.8) and the two half-increments have levels of ( Ny ,0

( )1,zyN ⋅  for the positive component and ( )1,zyN −⋅ for the negative, where  

was defined in Equation 4.7, with the addition of a  scaling factor 

 

( )1,zy
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effecting stimulus normalisation.  The net increment from aggregation within the 

observation window is, (skipping some of the steps presented by Laming (1986: p. 135; 

see also p. 275)) 

 

 ( ) ( ){ }1,01,2 ss yzyN − .         (4.16) 
 

Due to the normalisation, subsequent analysis of an increment X+ΔX is now an analysis 

of z+Δz, where ½ΔX becomes the numerator in Equation 4.15 to give Δz.  

 
 The observation window contains the normalised increment (Equation 4.16) and 

an additional component Y0, which represents the impact of X0 taking into account the 

length of the observation window and the duration of the increment.  On the assumption 

that Weber’s law operates “exactly” on the contents of the observation window, for z 

sufficiently small 
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where Θ is the Weber fraction.  Substituting in Equation 4.15 reduces Equation 4.17 to  
 

( ) ( ) πκ 281 00
22 YXXXX Θ+Θ+=Δ+ .        (4.18) 

 

Setting X to zero shows that the square of the absolute threshold, (ΔX0)2 is equal to the 

term πκ 28 00YXΘ and so 

 ( ) ( ) ( )2
0

22 1 XXXX Δ+Θ+=Δ+ .        (4.19) 
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Figure 4.6 shows the negative masking characteristic derived from Equation 4.19 by 

solving algebraically for ΔX and converting X and ΔX to sound pressure levels.  The 

degree of negative masking is determined by the only free parameter, Θ, here set to 0.14 

(taken from Harris (1950) for the discrimination of two bursts of Gaussian noise),  which 

is estimated from the data.  Equation 4.19 is an approximation only and relevant only to 

data that fall within the range affected by the square-law transform.   For suprathreshold 

stimuli not subject to the square-law transform the threshold characteristic is 

approximately 

 ( )
Θ+=

Δ+ 1
X

XX ,          (4.20) 

and this equation is used, with suprathreshold data, to estimate Θ. 
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Figure 4.6 : Theoretical lower bound for a difference discrimination task.  The curve is based on Equation 
4.19 with Θ set to 0.14.   
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 Analysis of discrimination data involves the application of Equations 4.19 and 

4.20.  To this end the location of the minimum of the function, Xmin, can be estimated 

using 

 

 ( ){ } 2
1

0min 1 −Θ+ΘΔ= XX ,         (4.21) 
 

where an initial estimate of Θ is obtained by rearranging the relation ΔX=ΘX and 

averaging for those values of the pedestal, X, bracketing the absolute threshold.  Pedestal 

values greater than Xmin can be obtained and a more precise estimate of Θ obtained by 

fitting an alternative version of Equation 4.20 (Laming, 1986: p. 278) 
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and weighting the different observations in proportion to the estimated variance of ΔX, 

that is, in proportion to (ΔX)-2
 (Laming, 1986: p. 277).  Statistically this is the same as 

minimising, using sums-of squared deviations,  
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where Laming (1986: p. 278) shows that c is equal to the expression ( ) ⎟⎟
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Equation 4.22 and can be conceptualised as the level of the physical background.  The 

subscript i indicates the existence of multiple pedestal levels and threshold estimates.  

The values of the two parameters estimated using Equation 4.23 are substituted back into 

Equation 4.19 (broken curve, Figure 3.1) and Equation 4.20 (continuous curve, Figure 

3.1) to obtain the negative masking and suprathreshold characteristics.   

 

 In the literature the sensory analytical model has yet to be evaluated in relation to 

the masking function and negative masking.  In Chapter VI of the present study, masking 
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functions will be generated, and the performance of the sensory analytical model 

scrutinised.   

   
THE NONLINEAR TRANSDUCTION MODEL 
 

 For low-level stimuli Hanna, von Gierke, and Green (1986) consider a nonlinear 

transduction to be negative masking’s chief protagonist.  Such a transformation is 

classified as direct coupling, distinguishing it from the sensory analytical model’s square-

law transform as a consequence of differential coupling.  Let stimulus intensity I map 

onto some internal decision axis (Ψ) using 

 
baI=Ψ ,           (4.24) 

 

and threshold be defined as a constant difference on this decision axis so that at threshold 
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To express ΔI as a function of I Equation 4.25 can be re-arranged thus 
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Declaring the value of the independent variable I to equal zero and notating the absolute 

threshold as I0, Equation 4.25 becomes 
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Equation 4.27 can be used to standardise Equation 4.25 in terms of the observer’s 

absolute threshold 
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To redefine stimuli in units of pressure a simple replacement of p, Δp and po for I, 

ΔI and I0 into Equations 4.24-4.28 is all that is required.  The best-fitting exponents 

reported by Hanna, von Gierke, and Green (1986) were, for data in quiet, b=4 when the 

stimuli were expressed in units of pressure, and b=2 when intensity was the selected unit.  

For data obtained in a noise background the respective exponent values were b=2 

(pressure) and b=1 (intensity).       

 
 For suprathreshold stimuli the following relations are used: 
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or in terms of pressure 
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where the parameters d and e are to be independently estimated from those associated 

with the subthreshold data above.  Hanna, von Gierke, and Green (1986) report exponents 

values for data expressed in units of intensity only.  These were d=0.65, e=0.94 for data 

in quiet and d=0.80, e=0.90 for data obtained in noise.  These parameter estimates and the 

goodness-of-fit statistics of the nonlinear transduction model will be compared to those 

obtained in Chapter VI of the current study.        

      
VIEMEISTER & BACON’S (1988) THREE PARAMETER MODEL 
 
Viemeister and Bacon use the following relation to model masking data:  
 

( )
k

II
I

b =
+
Δ

0

,           (4.31)  

 

where I0, b, and k are constants.  Solving for ΔI gives 
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  .          (4.32) ( ) IIIk b Δ=+ 0

Viemeister and Bacon (1988) attribute this equation to Miller (1947) with the 

addition of the slope parameter b to better account for the data.  Miller was interested in 

the relationship between the Weber fraction and the intensity of white noise bursts.  He 

modelled his data using a more simplified version of Equation 4.36: 

 

  k
II

I
=

+
Δ

0

,            (4.33) 

 

or, solving for ΔI: 
 

( ) IIIk Δ=+ 0 .            (4.34) 
 

The parameter I0 is necessary to account for values of I at and around absolute 

threshold; a region where Weber’s law appears not to hold.  It is likely then that I0 is 

somehow associated with the operating characteristics of a sensory modality near 

absolute threshold, and as such may be considered a representation of magnitude of 

sensory noise when I is equal to zero (Miller, 1947).  The inclusion of this noise 

parameter can be traced as far back as the mid-1800s when Helmholtz (1877) proposed a 

correction to Weber’s law that took the exact form of Equation 4.34.  This original 

formulation took the value of I0 to equal the observer’s absolute threshold, and was 

similarly thought of as representing some measure of sensory noise.   

 
When data are expressed in units of pressure, Δp can be calculated using 
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and using Equation 4.34 to define ΔI and substituting p with I  gives 
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which, for I>0, simplifies to 
 

( )bIIkIp 0+=Δ .          (4.37) 
 

Viemeister and Bacon perceive Io to be independent of the stimulus, and thus 

additive in nature.   Noise originating from the stimulus itself is said to be multiplicative, 

and McGill & Teich (1991) assert that both types play important roles in sensory 

analysis.  There is, however, no possible way of knowing the relative contributions of 

additive or multiplicative noise to Io.  The current study will evaluate Viemeister and 

Bacon’s (1988) model and in the process estimate Io, k, and the slope parameter, b. 
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Chapter V : The Units Problem in Audition 
 

“Finally we come to the heart of the issue: namely, how should the stimulus be defined, 
and is signal energy a reasonable measure of the stimulus?  We are, of course, nearer 
philosophy than science when we discuss this issue, since in a sense all of psychophysics 
is involved in the task of defining the stimulus, and there are very few among us who 
would admit that we are very advanced in that project.” 
 
                  David M. Green  
 
 
INTRODUCTION  
 

Not much has changed since the epigraph above was penned by Green in 1966 (p. 

748).  Theorists still struggle to define the stimulus (McGill and Teich, 1989), while at 

the laboratory level the physical definition of the stimulus is more at the whim of the 

researcher than any pre-existing standard.  Auditory level discrimination refers to the 

ability of the auditory system to resolve two acoustic waves differing in amplitude.  To 

investigate this capability experimenters rely on verbal reports or behavioural responses 

from observers.  When presented with two stimuli, X and X+ΔX, differing along some 

dimension, observers are asked to indicate when they can detect a difference between the 

two stimuli being discriminated.  Researchers seek to find the smallest difference needed 

to reliably elicit a judgement of “different” from the observer.  This minimum difference 

is termed the “just noticeable difference” (JND).  Theoretically the JND is a measure of a 

psychological event.  However, experimenters meaningful relate the JND to the physical 

stimulus in order to obtain a physical representation of the JND.  For this reason, when 

JNDs are reported in the literature they refer to a physical, and not a psychological, event.  

Among theorists, however, there exists no consensus on how the JND should be 

measured.  It is also unclear as to which unit should be employed to represent the 

stimulus.  I have termed these two difficulties the measurement problem in audition, and, 

after McGill and Teich (1989), the units problem in audition:   

 
1) The measurement problem in audition: How to measure the difference between 

two stimuli being judged “just noticeably different”.  This problem involves the 

choice of the dependent variable in a discrimination experiment estimating a JND.  

 104



For example, should the nature of the measurement be absolute, that is (X+ΔX)-X, 

or relative, that is, ΔX/X?    

 

2) The units problem in audition: Which units should be employed in the 

measurement of the respective magnitudes of two stimuli.  This problem affects 

both the definition of the dependent (i.e., the JND) and independent (i.e., pedestal 

level) variables in a discrimination experiment.  Thus the units problems involves 

the assignment of a unit (e.g., intensity or pressure) to X and ΔX, but not how they 

should be manipulated in order to obtain a JND.        

 

In a conventional difference discrimination task the stimuli consist of the pedestal, 

X, and the pedestal-plus-increment, X+ΔX.  The mathematical operations that an 

experimenter subjects X and ΔX to in order to derive the JND constitutes the 

measurement problem in audition.  The units selected to represent X and ΔX embodies the 

units problem in audition.  Thus the problem is twofold: firstly, what measure should be 

employed, and secondly, what units should the stimuli be expressed in?  These two 

problems drive to the heart of a theoretical inadequacy in the study of level 

discrimination (Green, 1993).  Discussion now turns to these two fundamental issues, 

firstly the measurement problem, and then the units problem.   

 

THE MEASUREMENT PROBLEM IN AUDITION 
 

Assume two stimuli are presented to an observer who is to judge which has the 

greater level.  The first is a standard stimulus of magnitude X (the pedestal) and the 

second a comparison stimulus of magnitude X plus ΔX.  The experimenter is interested in 

the magnitude of ΔX required to satisfy a predetermined performance criterion.  What 

measure should the experimenter use to represent this value?  Rabinowitz et al. (1976) 

distinguishes two ways of reporting increment values associated with JNDs.  The first 

they call the “JND functions” which plot, assuming for the moment that pressures are 

being used, 20 ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ Δ+
p

pplog as a function of pedestal level, 20 logp.  Buus (1990) refers 

 105



to this measure as the “level difference”, denoted ΔL (see Equation 2.20).  Elsewhere ΔL 

is known as the “difference limen”, denoted DL (Miller, 1947).  If the unit of expression 

is either acoustic intensity or power, then ΔL becomes ⎟
⎠
⎞

⎜
⎝
⎛ Δ+

I
IIlog10 , which is also 

known as “ΔI in dB” (Grantham and Yost, 1982).  The present study will adopt Buus’s 

(1990) terminology; namely, level difference or, in abbreviated form, ΔL.  This measure 

is simply the difference in decibels between the pedestal, with an increment added to it, 

20 log(p+Δp), and the pedestal alone: 20 logp.   

 
 

Secondly there are the “masking functions” plotting 20 logΔp against 20 logp, or, 

on a occasion, their anti-log: Δp as a function of p (Jesteadt, Weir and Green, 1977). This 

form simply reflects the proportional increase in pressure required for a change in level to 

be noticed.  For acoustic intensity or power this relation becomes 10 logΔI versus 10 logI, 

or ΔI versus I.  Note that the derivative of the masking function gives the Weber fraction, 

ΔX/X, and JNDs estimated using this measure are likewise said to be based upon the 

Weber fraction.     

 

The measurement problem then reduces to the choice of the dependent variable, 

either ΔX when masking functions are being employed or ΔL when the JND function is 

used.  Both measures have their ardent supporters, and it is fortunate that balanced debate 

exists in the literature (e.g., Green, 1988; Doble, Falmagne, and Berg, 2003).   Jesteadt, 

Wier, and Green (1977) report that the JND and masking functions occur with equal 

frequency in the literature.  Green (1988, 1993) summarises the five indices used to 

quantify the JND: 

 

1) The pressure ratio, Δp/p 
2) The logarithm of the pressure ratio, 20 log(Δp/p) 
3) The intensity ratio, ΔI/I 
4) The logarithm of the intensity ratio, 10 log(ΔI/I) 
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5) The level difference in decibels, ΔL, which is equal to ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ Δ+
p

pplog20 or, in units 

of intensity ⎟
⎠
⎞

⎜
⎝
⎛ Δ+

I
IIlog10 . 

 
1-4 are masking functions, as previously defined, and 5 is a JND function.  Note also that 

1-4 are in fact the Weber fraction.  Though unnecessary, the Weber fraction is nearly 

always presented in decibels (i.e., 2 and 4 above).  Because the raw Weber fraction and 

the Weber fraction in decibels constitute a direct transformation of one another, the 

distinction between 1 and 2, and between 3 and 4, are not of profound importance.  In this 

study, as is found in the literature, the raw Weber fraction and the Weber fraction in 

decibels will be used interchangeably.     

 

Pressure and intensity are quadratically related: intensity is proportional to the 

square of pressure, and this allows approximations to be developed that convert one 

quantity into another.  Green (1988) converts between the Weber fraction in units of 

pressure (1 above) and intensity units (3 above) using the following relation: 

 
( ) 2

2

2

2

22 22
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ Δ
+

Δ
=

Δ+Δ
=⎥

⎦

⎤
⎢
⎣

⎡ −Δ+
=

Δ
p
p

p
p

p
ppp

p
ppp

I
I , 

 

and if Δp is small compared to p then the last term can be neglected and, for 1<<
Δ
p
p  

p
p

I
I Δ
≈

Δ 2 .                        (5.1) 

 
Equation 5.1 can relate 10 log(ΔI/I) to 20 log(Δp/p): 
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⎛ Δ
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which by numerically simplifying for 10 log2 and substituting 10 log(Δp/p) with  
 

⎟⎟
⎠

⎞
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⎝

⎛ Δ
p
plog20

2
1  becomes 
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⎛ Δ
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pdB
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To convert the level difference in decibels into Δp/p or ΔI/I the approximations:  
 

ΔL≈8.686(Δp/p),            (5.3) 
 
or 
 

ΔL ≈4.343(ΔI/I),            (5.4) 
 

can be used  if Δp/p<<1, or equivalently  if ΔI/I<<3 (Green, 1993).    
 

Table 5.1 displays the relationships amongst the five quantities for typical human 

auditory discrimination performances and beyond.  Over fifty years of quantitative 

research and a large number of experiments using simple stimuli (see Chapter II) has 

shown that, for listeners with normal hearing, 20 log(Δp/p) is typically between -20 to -10 

dB SPL.  The uppermost threshold value in Table 5.1, 20 log(Δp/p)=0, was selected to 

demonstrate that the approximations, listed in the final four columns, decrease in 

precision as 20 log(Δp/p) increases.  Note that in Table 5.1 that it is not specified in 

which units, pressure or intensity, ΔL is expressed.  This is because ΔL is not affected by 

the units problem.  As Figure 5.1 shows, ΔL expressed in terms of pressure (e.g., 

Equation 2.20) equals ΔL expressed in terms of intensity: 
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Thus in dB 
p
pΔ

+1 equals 
I
IΔ

+1 in dB, and
p
p

I
I Δ

+=
Δ

+ 11 , and is a consequence of 

intensity being proportional to the square of pressure.    
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Table 5.1 : Five measures of the JND and  the approximations which transform them.  Equation 5.1 
transforms Δp/p into ΔI/I; Equation 5.2 transforms 20 log(Δp/p) into 10 log(ΔI/I); Equation 5.3 transforms 
Δp/p in ΔL, and; Equation 5.4 transforms ΔI/I into ΔL. 
 

Measures Approximations 
20log(Δp/p) Δp/p 10log(ΔI/ I) ΔI/I ΔL Eq. 5.1 Eq. 5.2 Eq. 5.3 Eq. 5.4 
 

-20 0.100 -6.78 0.210 0.83 0.200 -7.00 0.87 0.91 
-19 0.112 -6.25 0.237 0.92 0.224 -6.50 0.97 1.03 
-18 0.126 -5.72 0.268 1.03 0.252 -6.00 1.09 1.16 
-17 0.141 -5.19 0.303 1.15 0.283 -5.50 1.23 1.31 
-16 0.158 -4.66 0.342 1.28 0.317 -5.00 1.38 1.49 
-15 0.178 -4.12 0.387 1.42 0.356 -4.50 1.54 1.68 
-14 0.200 -3.58 0.439 1.58 0.399 -4.00 1.73 1.90 
-13 0.224 -3.03 0.498 1.75 0.448 -3.50 1.94 2.16 
-12 0.251 -2.48 0.565 1.95 0.502 -3.00 2.18 2.45 
-11 0.282 -1.92 0.643 2.16 0.564 -2.50 2.45 2.79 
-10 0.316 -1.35 0.733 2.39 0.632 -2.00 2.75 3.18 
-9 0.355 -0.78 0.836 2.64 0.710 -1.50 3.08 3.63 
-8 0.398 -0.2 0.955 2.91 0.796 -1.00 3.46 4.15 
-7 0.447 0.39 1.094 3.21 0.893 -0.50 3.88 4.75 
-6 0.501 0.98 1.253 3.53 1.002 0.00 4.35 5.44 
-5 0.562 1.59 1.442 3.88 1.125 0.50 4.88 6.26 
-4 0.631 2.2 1.660 4.25 1.262 1.00 5.48 7.21 
-3 0.708 2.83 1.919 4.65 1.416 1.50 6.15 8.33 
-2 0.794 3.46 2.218 5.08 1.589 2.00 6.90 9.63 
-1 0.891 4.11 2.576 5.53 1.783 2.50 7.74 11.19 
0 1.000 4.77 2.999 6.02 2.000 3.00 8.69 13.03 
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Figure 5.1 : ΔL expressed in units of intensity (abscissa) and pressure (ordinate).  Points falling on the 
solid line running from the lower-left to the upper-right indicate ΔL in intensity equals ΔL in pressure.  The 
dotted line indicates the point where the Weber fraction in units of pressure, that is, Δp/p, exceeds unity. 
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An experimenter has the choice of ΔL, Δp/p, ΔI/I, 20 log(Δp/p), or 10 log(ΔI/I) to 

measure the JND, though the fundamental choice is between the level difference, ΔL, and 

the Weber fraction either in or not in decibels.  This choice and lack of consensus 

amongst theorists defines the measurement problem in audition. How then should an 

investigator choose between the options when, as Table 5.1 reveals, the JND functions 

(i.e., ΔL) and the masking functions are proportional to one another in the typical range of 

discriminatory performance?  Is the decision an arbitrary one whose selection is guided 

by convenience?  Perhaps one answer is that unless the measures have theoretical 

significance then this may be so, and if the literature is indicative of investigator 

preference then it appears that the masking functions enjoy the greater popularity.  The 

merits of using, for example, a JND function as opposed to a masking function or vice-

versa will now be discussed, with the issue of units being treated in a subsequent section.   

 

Psychometric Functions and the Measurement Problem  
 

Buus advocates the use of ΔL as the measure of the difference threshold for 

theoretical reasons (Buus, 1990; Florentine and Buus, 1981; Buus et al., 1995; Durlach 

and Braida, 1969).  Central to the concept of the difference threshold is the psychometric 

function (see Chapter I) which in psychoacoustics is often fitted with the equation  

 
d'=aXb ,            (5.5) 
 

where the coefficient a scales the function along the abscissa and the exponent b defines 

the slope, or “shape” (Moore, Peters, and Glasberg, 1999) of the function.  The 

independent variable X can be ΔL or one-or-other of the Weber fractions: Δp/p or ΔI/I.  

Buus and Florentine (1991) have proposed that the measure of the independent variable 

(i.e., X) that yields a proportional relationship with d’ is the correct measure to use.  

When Equation 5.5 is plotted on log coordinates a b of unity indicates proportionality, 

which is Weber’s law. 

 
When the increments are as small as those commonly found with level 

discrimination procedures it is, however, impossible to discern which of the JND 
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candidates gives the most linear relationship to d’ because of the proportional relationship 

they have to one another.  Weber fractions are typically small (i.e., Δp/p<<1) and so it is 

difficult to distinguish between the JND functions and the masking functions because 

ln(1+ε)≈ε, for small ε (Raney et al., 1989) and both functions reduce to d’=mΔp/p.  To 

circumvent this difficulty, experiments must be designed to deliberately inflate JND 

values (i.e., Δp/p≥1) to a region where a nonlinear relationship exists between the JND 

measures.  This can be achieved by employing short duration signals (i.e., around 10 ms) 

and masking noise. 

 

Buus and Florentine (1991) used 10-ms signals to determine psychometric 

functions at a number of signal frequencies (0.25, 1, 8 and 14 KHz) and fitted Equation 

5.5 to data collected around numerous pedestal values using the method of least squares.  

If the data are plotted as log d’ verses either ΔL, Δp/p, or ΔI/I also plotted in logarithms, 

then a straight line with unit slope (i.e., b=1) indicates that d’ is proportional to the JND 

measure.  Using five observers who between them generated 42 psychometric functions, 

Buss and Florentine (1991) noted that for each of the different measures of the JND the 

general fit to the data was excellent, with mean values of R2 being 0.962 for ΔL, 0.960 for 

Δp/p, and 0.957 for ΔI/I. 

 

The exponent b was then plotted as a function of each JND, the latter defined by 

the value of X where the fitted line intercepted with d’=1.  The value d’=1 is 

conventionally regarded as performance at threshold and is equal to 76% correct in a      

2-IFC task (Green and Swets, 1966).  The three graphs in Figure 5.2 show the slope 

parameter b plotted as a function of ΔL (Figure 5.2A), Δp/p (Figure 5.2B) and ΔI/I 

(Figure 5.2C) all in logarithmic units.  Noteworthy is the decrement in slope as Δp/p and 

ΔI/I increase, from 0.9 to 0.6 and 0.8 to 0.3 respectively, whereas the corresponding trend 

for ΔL is a slight increase (0.9 to 1).  The average value of b was 0.73 (SD=0.12) for 

Δp/p, 0.6 (SD=0.16) for ΔI/I, and 0.94 (SD=0.15) for ΔL.  For ΔL then, the value of b 

hangs around unity, allowing the authors to argue that d’ is proportional to ΔL and thus 

ΔL is the “appropriate” measure.  A one sample t-test (test value=1) undertaken with data  
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Figure 5.2 : Slope exponent b (see Equation 5.5) plotted as a function of the JND expressed in terms of 
either A) ΔL; B) 20 log(Δp/p), or; C) 10 log(ΔI/I) for numerous experimental conditions.  Data are for four 
observers LG (â), KL (ã), RR ( ), and TZ (ä) from Buus and Florentine (1991). 
 
 
extracted from Buus and Florentine’s (1991) Table 1 showed, however, that all mean 

values were significantly different from unity at α=0.05. 

 

Green (1993) has pointed out, in further support of ΔL, that if the slope parameter 

b is equal to unity then Equation 5.5 becomes d’=mX.  This simplifies the model 

somewhat in that the scaling constant is the sole parameter to estimate, making for a more 

parsimonious model.   

 

An interesting aspect of Buus and Florentine’s (1991) analysis is their expression 

of ΔL as a logarithmic quantity.  This is curious because ΔL is the logarithmic ratio of 

X+ΔX and X, and so logΔL is equivalent to taking the logarithm of a logarithm.  If, as 

argued by Buus and Florentine, ΔL is proportional to d’, the logarithmic plot of ΔL will 

manifest equal ratios of sensitivity as equal visual distances.  Furthermore, if ΔL were to 

be plotted on a linear scale then visual compression would be potentially misleading, and 

hence the use of a logarithmic scale is justified.  
 
  
Viemeister and Bacon (1988), and Green (1993) have commented on the 

compressive nature of ΔL.  If, for example the difference in ΔL between two observers is 
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2 dB, then the difference in terms of 20 log(Δp/p) will be about 6.5 dB.  Care must be 

taken then when comparing differences between measurements in ΔL and the Weber 

fractions, as ΔL measurements serve to under emphasise differences.  Viemeister and 

Bacon further make the claim that as JND estimates in terms of ΔL increase so too does 

the variability of those estimates.  Florentine (1985), however, argued that this occurs 

only when ΔL is plotted on a linear scale, and that a logarithmic scale eliminates this 

increase of variability, and the variability becomes independent of ΔL.  Jesteadt, Wier, 

and Green (1977) argued against the use of ΔL on the grounds that values cannot be 

discerned graphically to even two significant figures due to its compressive nature.  Such 

graphical representations of the data, unaccompanied by tabulation, are “of little use in 

archival journals” (p. 176).    

 

The findings of Buus and Florentine (1991) prompted Moore and his colleagues 

(Moore, Peters, and Glasberg, 1999) to conduct their own series of experiments to 

determine which of the measures is the true representation of the JND.  Psychometric 

functions were constructed for sinusoids of various durations (5, 10, 20, 50, 100 and 200 

ms) and frequencies (0.75, 2, and 8-kHz).  The study employed a single, fixed pedestal 

level (70 dB SPL), and sinusoids were embedded in a continuous noise.  A 3-IFC task 

was utilized for both increment and decrement discrimination tasks, though only the 

increment data is of relevance to this discussion.  The raw data collected by Moore, 

Peters, and Glasberg (1999) has been made available for the purpose of this investigation 

(Moore, personal communication).   

 

To determine which of ΔL, Δp/p, or ΔI/I is proportional to d’, Moore, Peters, and 

Glasberg (1999) collected difference discrimination data, generated psychometric 

functions, and then conducted a three-tiered analysis: 

 

1) Straight lines were fitted through the data, constrained only by the requirement 

that the line pass through the origin (i.e., y=mX+0).  The goodness-of-fit of these 

lines to the data were taken as supporting the JND measure that possessed the 

lowest sums-of-squared deviations from the fitted line.  Furthermore, a linear 
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relationship between d’ and X validates Weber’s law (Rabinowitz et al., 1976), 

and the better the fit the more linear the relation.  For all cases the mean sums-of- 

squared residuals were 0.253 for d’ as a function of ΔL, 0.13 for Δp/p, and 0.175 

for ΔI/I.  These figures, calculated using the data provided by Moore, depart 

somewhat from the ones Moore, Peters, and Glasberg reported (1999).  The 

difference arises because they only analysed 12 of their sets of data (the 2 shortest 

durations by the two lowest frequencies by 3 observers) whereas the reanalysis 

undertaken in this study considered all the data (for justification see Buus and 

Florentine, 1991). 

 

2) Straight lines were again fitted to the data, but were free to intercept the y-axis at 

any point with the addition of a free parameter (i.e., y=mx+c).  If the fitted line 

intercepts the x-axis at a positive value then this signifies a slight upwards 

curvature in the psychometric function. A negative x-intercept value signifies a 

downward curvature.  Positive intercepts indicate that the psychometric functions 

grow faster than proportionality, while negative intercepts reflect psychometric 

functions that grow slower than proportionality.  Part (a) of Table 5.2 summarizes 

the results.  Moore, Peters, and Glasberg (1999) reported no evidence of curvature 

only when ΔI/I was selected as the metric, as the results of the single sample t-test 

attests (Table 5.2).  However, when all the data were tested this was only the case 

when Δp/p was the metric. 

  

3) Following Buus and Florentine (1991), Equation 5.5 was fitted to the data on the 

assumption that if the best fitting value of b is unity then d’ is linearly related to 

X.  Part (b) of Table 5.2 presents the result.  Moore, Peters, and Glasberg (1999) 

again report ΔI/I as the best of the tested metrics for their limited analysis, but the 

ability to determine which of the three measures is the more appropriate 

diminishes with the inclusion of all data.   
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Table 5.2 : Results from the reanalysis of Moore, Peters, and Glasberg’s (1999) data.  Value of abscissa 
intercept [Part (a)] of a best-fitting straight line for d’ vs. ΔL, Δp/p, or ΔI/I. Part (b) gives exponent values 
for b (see Equation 5.5).  Figures in parentheses are those reported by Moore, Peters, and Glasberg (1999). 

 
 ΔL Δp/p ΔI/I 
 
(a) y=mx+c    
Number of positive intercepts 38/54 (12/12) 33/54 (11/12) 18/54 (7/12) 
Mean intercept 0.559 (1.85) 0.03 (0.12) -0.267 (-0.58) 
SD of intercepts 1.027 (1.15) 0.125 (0.14) 0.835 (1.64) 
Significance from 0 <0.001 (<0.001) 0.093 (<0.02) 0.022 (0.68) 
    
(b) d’= aXb    
Mean value of b 1.379 (1.78) 1.112 (1.34) 0.915 (1.05) 
SD of b 0.566 (0.50) 0.346 (0.39) 0.301 (0.33) 
Significance from 1 <0.000 (<0.001) 0.021 (<0.01) 0.043 (0.62) 
 
 

 
 

Moore, Peters, and Glasberg (1999) did not extend their analysis to the degree 

evident by Buus and Florentine (1991) in Figure 5.2.  Using the data provided by Moore 

an identical analysis was carried out (Figure 5.3: see Appendix A).  Visual inspection of 

Figures 5.2 and 5.3 suggest contrasting results that lead to substantially different 

conclusions.  Figure 5.2 champions ΔL as being proportional to d’, with Δp/p following, 

and ΔI/I a distant third.  Figure 5.3 effectively reverses this ranking.  Why this should be 

is unclear.  Certainly the main difference between the two experiments, a 2-IFC vs. a 3-

IFC procedure, would be an unlikely candidate to account for the different results.  
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Figure 5.3 : Same as Figure 5.2 but for data obtained from Moore, Peters, and Glasberg (1999).  Data are 
shown for all three observers: RR ( ), MD (Ο), and RP (ã).  
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Auditory Profile Analysis and the Measurement Problem  
 
 
 Level discrimination can be facilitated by the presence of equal-amplitude 

sinusoidal components scattered across the frequency range; a phenomenon referred to as 

auditory profile anaylsis (Green, 1988).  Profile analysis is thought to involve the 

detection of changes in spectral shape.  Numerous studies have reported that observers 

are able to discriminate changes in sinusoids as small as 1-2 dB in profile tasks.  It is 

unlikely that thresholds this small can be obtained by employing a solitary auditory filter, 

and the processing of these stimuli is thought to involve across-frequency comparisons.  

 

 Raney et al. (1989) measured psychometric functions for a 1000-Hz sinusoid 

embedded in a multicomponent complex of 21 sinsusoids using a 2-IFC same-different 

procedure.  Stimuli were classified into three conditions based upon their duration (either 

10 or 100 ms) or whether the task involved increment detection (10-ms and 100-ms 

durations) or decrement detection (100 ms only).  Best-fitting psychometric functions to 

these data were derived from one of three equations: two single parameter models based 

on the cumalitive Gaussian function, and a third based on the logistic regression that will 

not be considered due to its greater number of parameters and theoretical irrelevance.  

The first suggested form of the psychometric function was d’=mΔp/p, the second based 

upon the JND function (i.e., ΔL): d’=20mlog(1+Δp/p), where in both forms m is a fitting 

constant.  By comparing the two forms on the basis of goodness-of-fit statistics Raney et 

al. (1989) were unable to determine which best described the data because the slight 

difference between the goodness-of-fit statistics was smaller than measurement error.   

 

 A Summary of the Measurement Problem in Audition 
 

 The choice of measurement for difference discrimination data obtained in psycho- 

acoustical tasks at present lacks standardisation.  Because the measures constitute a direct 

transformation of one another it is difficult to select between them.  A number of theorists 

have attempted to answer the question as to which is the most appropriate measure to use, 

but experiments conducted thus far appear to be inconclusive or contradict the 
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experimental conclusion of other teams.  It is clear that an issue of such fundamental 

importance needs to be addressed to a greater degree than is currently evident in the 

literature.         

 
THE UNITS PROBLEM IN AUDITION 
 

 The sensation of sound is nothing more than the auditory system analysing the 

acoustic pressure changes occurring in the receiver’s immediate surrounds.  These 

pressure fluctuations are manifested in the back-and-forth motion (i.e., vibration) of 

objects in the environment.  This vibration is then transmitted in a wave-like manner 

through the air and, after being channelled down the ear canal, vibrates the tympanic 

membrane.   

 

 The energy (E) inherent in an acoustic wave is capable of doing work, as 

demonstrated by its ability to make the eardrum vibrate. The amount of energy carried 

per second by a sound wave is the power (P) of a wave, measured in watts (joules per 

second).  Because a sound wave spreads out as it leaves its source, area must be taken 

into account, and power per unit area (W/m2) defines acoustic intensity (I).  The majority 

of reports found in the contemporary literature adopt the intensity as the unit representing 

the ability of an acoustic waveform to undertake work on the tympanic membrane.   

 

 Jeffress (1964) emphasises the difference between amplitude and displacement 

(pressure or voltage). A sinusoid of the form ( ) ftAty π2sin=  represents amplitude as the 

constant factor A.  The displacement is the continuous variable y(t), and its value ranges 

between +A and –A.  Neglect of this detail is common in the literature.  For example Heil 

and Neubauer (2001) define pressure as “not the cycle-by-cycle variation of pressure but 

rather the peak pressure” (p. 7405).  Green (1993) states an equivalence between 

amplitude and acoustic pressure.  Psychoacoustics would be better served if standardised 

terminology could be agreed upon in this matter as confusion often arises with the two 

terms being used interrelatedly.  This study will use the term pressure to represent the 

displacement of the tympanic membrane.  Note the terms peak pressure and amplitude 

are equivalent, as are the terms instantaneous amplitude and pressure.  To avoid 
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misrepresentation, when reporting the results of published research, this study will report 

the units as described by the original authors.   

 

Many researchers do not bother themselves over the issue of unit selection, 

believing they are one and the same:  selection is often on the basis of convenience.  

Hanna, von Gierke, and Green (1986) provide an example of this equivalence using 

psychometric functions obtained in a 2-IFC discrimination task using 1000-Hz sinusoids.  

They chose to plot their data in units of pressure and fitted psychometric functions using 

the relation d’=aΔpb.  In their commentary they noted that the exponent of interest, b, the 

slope exponent, was essentially the same regardless of whether the abscissa was 

expressed in Δp or in units of intensity: ΔI.  This result is to be expected given the 

proportional relationship between Δp and ΔI for small stimulus values.  Given this reality, 

does it even matter which of the units are chosen to represent the stimulus?  It would not 

if not for the phenomenon of negative masking, and the following proof that this is so 

comes from an elegant discussion by McGill and Teich (1989). 

 

Let the relation between the amplitude (i.e., peak pressure) and the intensity in a 

sinusoid be stated as p2/2=I.  Take the derivative of each side and divide by the term 
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If the increment is small relative to the pedestal then, to a good approximation 
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I Δ
≅

Δ
+
2

1 ,             (5.7) 

 
where β is a dummy variable designed to show that, in spite of Equation 5.7 possessing a 

proportional relationship, laws stated in terms of pressure do not necessarily reflect laws 

stated in intensity units.  Suppose that over a range of pressures Δp remains constant (i.e., 

setting β equal to zero) then ΔI follows a square-root law over the same range (i.e., 
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p
I
I

Δ=
Δ ).  But if, as is the case around the absolute threshold of an observer, we hold ΔI 

constant (i.e., β=-1) we get 1−

Δ
≅Δ

p
pI and as p increases Δp decreases, that is, negative 

masking.  Hence, unit selection is of consequence.  Furthermore, as Irwin (1988, p. 27) 

has pointed out, Weber fractions are different in units of intensity and pressure, and this 

has consequences when attempting meaningful comparison of cross-modal Weber 

fractions.   
 

Psychometric Functions for Level Discrimination 
 

 The studies conducted by Buus and Florentine (1991) and Moore, Peters, and 

Glasberg (1999) have already received attention in this chapter.  Whereas Buus and 

Florentine were interested more in the actual measure to use with psychometric functions, 

the interest of Moore and colleagues lay more with units.  These two studies permit 

however, an examination of both issues.  Hence their prior introduction in the previous 

section contrasting the JND measures: ΔL, Δp/p, and ΔI/I.  Because the Weber fractions 

Δp/p and ΔI/I afford a direct comparison of units while holding the mode of measurement 

constant, discussion will centre upon a comparison of these two measures of the JND.  

 

 The data in Figure 5.2 are reproduced from Buus and Florentine (1991) and plot 

the slope exponent b from Equation 5.5 and the value of Δp/p (centre graph), or ΔI/I 

(right-most graph) needed to get 76% (d’=1) correct (i.e., the difference threshold).  The 

closer the slope value, b, to unity the more proportional the relationship between d’ and 

measure on the abscissa.  For Δp/p the mean of the slope exponent was b=0.73, for ΔI/I 

the mean was b=0.60, suggesting pressure was the more appropriate unit in which to 

express the stimuli.   

 
 A more thorough analysis was possible on the data obtained by Moore, Peters, 

and Glasberg (1999) and the outcomes are presented in Figure 5.3 and Table 5.2.  Fitting 

again Equation 5.5, the mean of the slope exponents, b, was 1.11 for Δp/p and 0.92 for 

ΔI/I.  The distance between the slope exponent and unity for Δp/p and ΔI/I is 0.11 and 
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0.08 respectively, with a one-sample t-test reporting both values of b to be significantly 

different from unity (α=0.05).  It seems then, that when Moore, Peters, and Glasberg’s 

(1999) data are taken in their entirety, there is no basis on which to judge whether 

pressure or intensity is the more correct unit for the JND.  Further analysis adding weight 

to the notion that pressure is the correct unit includes better fits for data expressed in 

terms of Δp/p than ΔI/I for a straight line constrained to pass through the origin.  When 

this constraint is removed the value of the x-intercept for Δp/p is not found to be 

significantly different from zero, in contrast to the x-intercept associated with ΔI/I, which 

is significantly different at the α=0.05 level (Table 5.2). 

 

The Findings of Raab, Osman, and Rich (1963a/1963b) 
 

 Perhaps the first indication that unit selection was to become a dividing issue in 

psychoacoustics came from Raab, Osman and Rich’s (1963a) commentary on Miller’s 

(1947) classic paper “Sensitivity to changes in the intensity of white noise and its relation 

to masking and loudness”.  They reanalysed Miller’s data, which had originally been 

presented in units of acoustic power, in units of pressure (See Figure 5.4).  The 

justification used by Raab, Osman, and Rich (1963a) for their reanalysis was that the 

masking noise 10 logI and increment noise 10 logΔI were derived from the same source, 

(i.e., they were perfectly correlated), and hence their sound pressures add in phase.  The 

implication here is that the addition of the noise masker and noise increment in terms of 

intensity is the square of their pressures summed, (p+Δp)2, and not p2+Δp2, the sum of 

their squared pressures.  By converting Miller’s (1947) original data from power units to 

pressure units, a transformation described by McGill and Teich (1989) as “a cute 

gimmick” (p. 105), negative masking was demonstrated.  The origins of the unit debate 

and negative masking can be traced at least as far back as this. 

 

A subsequent paper by Raab, Osman and Rich (1963b) presents the results of a 

difference discrimination experiment employing noise that was correlated with the 

continuous noise background (the masker), and another experimental condition in which 

it was uncorrelated.  The outcome of the experiments was that correlated noise produced 
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Figure 5.4 : Difference threshold estimates calculated from Miller’s (1947) Table I expressed in units of 
intensity (squares, right ordinate) and units of pressure (circles, left ordinate) for two observers (closed 
symbols, GM; open symbols, SM).  The level of the pedestal (abscissa) and the difference thresholds have 
been standardised to the observer’s absolute threshold, i.e., sensation level.   
 

 
negative masking while uncorrelated noise did not.  The authors argued that the threshold 

differences between the two conditions was due to the energy differences resulting from 

the two different procedures of waveform addition, that is, whether the increment was in-

phase (i.e., correlated) or not (uncorrelated).  They then proceeded to calculate the power 

of the correlated noise thresholds and noted scant difference between these and the 

thresholds computed for the uncorrelated noise.  This was taken by Raab, Osman, and 

Rich (1963b) as “strong” support for an energy-detecting model and increment energy, 

(i.e., the time integral of ΔI), being the proper definition of the stimulus.   

 

For a brief period then it appeared the problem of units in psychoacoustics had 

been formulated, tackled, and solved by Raab and colleagues (1963a/1963b).  The 

illusion was short lived however: a retort from Green (1966) served warning to all in the 

psychoacoustics field that the problem of units was a profound and fundamental one that 

would yield to no easy solution.  Firstly, Green (1966) showed that one of the key 

assumptions of Raab, Osman, and Rich (1963b) did not withstand scrutiny; namely that 

the different types of waveform addition associated with correlated and uncorrelated 
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noise sources produce waveforms with different energy contents. This difference in 

energies was hypothesised to be the basis of the difference in thresholds between 

correlated and uncorrelated noise increments.  Using different arguments, Green (1966) 

and McGill and Teich (1989), demonstrated that the post-addition distribution functions 

of the noises are equal, unless one or more of the sources are non-Gaussian, or there are 

differences in the power spectra of the two noises being added.  Thus the conversion of 

the correlated noise thresholds from pressure units to power units represents just that, a 

conversion, and Raab, Osman, and Rich (1963b) equally could have converted the 

thresholds obtained with the uncorrelated noise in units of power into units of pressure 

and have found negative masking!  It was obvious that the units problem remained.   

 
Signal Detection Theory and the Concept of the Ideal Observer, and the Rectifier 
 

 Signal detection theory (SDT) combines statistical decision theory and the 

concept of the ideal observer to model observer sensitivity.  Ideal observers are in fact 

theories representing the upperbound detection for a given class of stimuli.  Note that 

ideal detection is not the same as perfect detection.  By focusing on attributes of the 

stimulus to predict the properties of an “ideal observer” for a particular task, SDT is 

regarded as a stimulus oriented approach.  For some, this dependence upon the stimulus 

domain is vulgar (e.g., McGill and Teich, 1991), and the concept of the ideal observer has 

attracted criticism on numerous grounds (see, for example, Pfafflin and Mathews, 1962).  

Two prominent ideal observers are the energy detector (Green, 1960b; Green and Swets, 

1966) and the envelope detector (Jeffress, 1964).  The term “detector” defines a linear 

system with the following components: filter, rectifier, integrator, and sampler (Figure 

5.5).  The difference between an energy detector and an envelope detector is their mode 

of rectification and integration.  An energy detector possesses a square-law rectifier and a 

full integrator, while an envelope detector rectifies an acoustic waveform with a linear 

(either half- or full-wave) rectifier followed by a leaky integrator.   
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Filter 

Rectification 
Half-wave x(t)=y(t), y(t)>0 

x(t)=0,     y(t)≤0 
Linear: 

Full-wave x(t)=|y(t)| 
Nonlinear: Square-law x(t)=y(t)2

Integrator 

Sampler Discriminator 

Figure 5.5 : A typical model for auditory discrimination.  The filter module realises a Fourier transform of 
the stimulus.  The different types of rectifier are listed along with their transfer function, where x(t) is the 
output and y(t) is the input stimulus.  

 
 

Perusal through the literature leaves the impression that between the energy 

detector and the envelope detector, the former is the more popular and widely accepted 

amongst theorists.  The likely reason for this, however, is not so much the energy detector 

providing a better fit to the human data, but the inaccessible mathematics associated with 

linear rectifiers.  The energy in a burst of Gaussian noise is distributed approximately chi-

square with 2WT degrees of freedom:  (Green and Swets, 1966).  As 2WT increases 

the distribution gives way to a normal distribution, and so statistics and techniques 

readily available make energy the easier unit to use.  However, physiological evidence 

suggests the auditory nerve acts as a half-wave rectifier (see Laming, 1986), manifested 

in the phase-locking behaviour of auditory neurons.  Computer-based simulations better 

explain empirical data if a half-wave rather than a square-law rectifier is used (Gilkey and 

Robinson, 1986).  Studies conducted by pioneers of auditory SDT concluded that the 

sensitivity index, d’, is a voltage-like quantity, where voltage is the electrical correlate of 

pressure (Tanner and Birdsall, 1958). 

2
2WTχ

2χ

 

One early champion of the envelope detector, Lloyd Jeffress, gained a reputation 

for his zealous support of amplitude as the correct stimulus quantity: 

 
“These findings support our earlier conclusions that amplitude, rather than power, 
is the basis for detection”    (Jeffress, 1964 p. 770) 
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“…the envelope of the waveform is the aspect of the stimulus to which subjects 
respond”      (Jeffress, 1970, p. 107) 
 
“The use of increment energy as a measure of the signal carries the implication 
that auditory detection is based on energy, an implication that I am not willing to 
accept”       (Jeffress, 1975, p. 401) 
       
“I can now still maintain my stand that the proximal stimulus for hearing is 
amplitude rather that power”    (Jeffress, 1979, p. 1037) 
 
Jeffress argued that the primary auditory stimulus is the displacement of the 

basilar membrane, with maximal displacement correlated to the amplitude of the 

incoming acoustic wave.  The amplitude of displacement is transformed into a neural 

count, a process that Jeffress (1979) deemed more “natural” than integrating squared 

voltages, and then accumulating with a leaky integrator. Penner (1972), commenting on a 

neural counting model proposed by McGill (1967), showed that the assumption of energy 

summation could not be sustained, and that only if neural pulses were summed could the 

model maintain consistency.    

 

Using the stipulates of SDT, Jeffress (1964 / 1970) derived ROC curves and 

showed that an ideal observer lacking phase information was better modelled using an 

envelope detector  than an energy detector, though this in itself was not a new finding 

(Peterson, Birdsall and Fox, 1954).  In particular it was noted that the derivation of False 

Alarm and Hit rate probabilities differed depending on whether the underlying signal and 

signal+noise distributions were based upon amplitude envelopes or the normal 

distributions predicted by energy detectors.  It was found that data for rating-scale 

detection experiments were explained far more effectively by ROC curves based on 

amplitude, and furthermore ROCs derived from distributions based upon instantaneous 

power failed to an even greater degree. 

 

A somewhat more modern and comprehensive study using Gaussian noise was 

undertaken by Lapsley-Miller (1999).  This study relied heavily upon computer 

simulations, but incorporated a human psychophysical component as well.  The 

simulations were conducted in such a way to reveal differences between the three modes 
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of rectification (see Figure 5.5) and showed that higher signal-to-noise ratios could be 

obtained with linear compared to square-law rectifiers.  The other finding of importance 

was that either a half-wave or a linear rectifier described the data better than a square law 

rectifier.  Previous investigators (Bernstein and Raab, 1990) had noted a serious 

inadequacy in an energy detector’s ability to discriminate between bursts of narrow-band 

Gaussian noise in the presence of a continuous masker.  Interestingly, Green (1966) 

showed that the envelope detectors (narrowband filters centred on the signal frequency 

followed by rectification) described by Jeffress (1964) predict negative masking whereas 

the energy detector does not.   

 

Signal Detection Theory and the Concept of the Ideal Observer, and the Integrator 
 

 Another manner in which energy detectors and envelope detectors differ is their 

mode of temporal integration.  Integration is fundamental to models of stimulus detection 

and discrimination, and the prevailing view in psychoacoustics that intensity or energy 

are the fundamental properties of stimuli to which the auditory system responds began 

with Garner (1947) and his studies on temporal integration.  Originally theorists offered 

the phenomenon of temporal integration as an intuitive reason why energy must be the 

unit of import, but this view has eroded with time to the point where no consensus 

presently exists about the mode of integration employed by the auditory system.  Current 

proposals of integrators can be divided into two types based on the durations (or time 

constants) they sample over.  Integration over long time constants (i.e., >200 ms) is 

known as full integration,  while that employing a shorter-time constant and returning a 

running average is known as leaky integration. 

 

An energy detector employs a full integrator which sums each waveform at the 

output of the rectifier without weighting.  The leaky integrator, used by the envelope 

detectors, weights the current (N) and previous (N-1) values of the waveform using the 

negative exponential functional and then sums them.  Full integration is thought to be 

unrealisable at the physiological level (Jeffress, 1968) while the sampling strategies 

required for leaky integration (e.g., multiple looks) are not themselves without 
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controversy (Moore, Peters, and Glasberg, 1999).  Unlike full integrators, which provide 

a single sampling statistic at the termination of the integration period, leaky integrators 

operate using time constants that somehow temporally segment the waveform and 

necessitate subsequent sampling.  The nature of this sample process and reliable values of 

the time constant have yet to be established, though there are no shortage of attempts 

(Jeffress, 1975; Viemeister and Wakefield, 1991; Buus, 1999). 

 

 Studies directly comparing the integration processes of energy detectors and 

envelope detectors are few, but many examples exist where the different types of 

integration are pitted against each other without regard to rectification (e.g., Viemeister 

and Wakefield, 1991; Dai and Wright, 1998).  Before computer simulations became 

practical, electrical models of hearing were employed.  One such model, designed by 

Gaston and Jeffress (1974; see also Jeffress, 1975), was used to investigate the mode of 

integration following half-wave rectification.  The findings of the electrical model, which 

also correlated strongly with human data, was that the auditory system employed a 

multiple-looks sampling regime that integrates pressure peaks.  Lapsley-Miller  (1999) 

found that a leaky integrator with a long time constant resulted in high correlations 

between human data and simulated data, and what is more, the results were consistent 

with a multiple-looks sampling strategy.   

 

Two-tone Masking Experiments 
 

 The masking of one tone by another has preoccupied psychoacousticians since 

quantitative experiments became realisable (e.g., Wegel and Lane, 1924).  Leshowitz and 

Cudahy (1972) conducted a series of two-tone masking experiments involving, in the first 

condition, the detection of a short-duration (5-ms) 600-Hz sinusoid masked by a 500-ms 

800-Hz sinusoid.  Of interest was the relationship between the temporal presentation of 

the sinusoid to be detected relative to the longer duration masker and the amount of 

masking.  This paradigm is properly a species of the “overshoot” experiments.  The 

second experimental condition employed a continuous rather than a gated masker, with 

all other stimulus attributes identical to those in first condition.  Detection thresholds 

 126



were found to decrease as a function of presentation latency relative to the masker.  An 

ensuing attempt to apply the energy detection model to the data succeeded only after 

substantial modification for the first condition and not at all for the second.  

Unfortunately no attempt was made to fit an envelope detector.   

 

 Vogten (1978) conducted a two-tone masking experiment using the method of 

adjustment; a method much maligned by the literature and which the author felt justified 

defending.  A 50-ms 1000-Hz sinusoid was randomly added to another continuous 

sinusoid (the masker, whose frequency was the independent variable) with a constant and 

exactly known phase relation between the two, permitting precise estimation of increment 

values.  A key finding was that masked thresholds were unaffected by phase, a result 

contrary to the predictions of an energy detector.  An envelope detector with a leaky 

integrator was proposed as a more viable alternative, with the author concluding “The 

data provide a support for detection on the basis of amplitude rather than energy 

increments” (p. 1512). 

 

Laming’s Sensory Analytical Model 
 

Donald Laming (1986) has marshalled evidence in support of pressure by 

exposing the inadequacies of models based on energy detection.  He argues persuasively 

that any decision regarding the choice of scale should be based upon parsimonious and 

consistent theories capable of accounting for the diverse range of empirical findings.  In 

particular, the shape of the psychometric function ought able to be predicted across 

numerous experimental paradigms.  Laming generalizes psychophysical tasks into two 

types: difference discrimination and increment detection (see Chapter IV). True to 

Laming’s treatment of the subject (Laming, 1986) the following is structured to present 

Laming’s ideas in terms of these two empirical relations.   

 

The Detection of a brief tone in Gaussian noise 
 

For a brief sinusoid embedded in a continuous noise background of fixed noise 

power density, No, performance on a detection task can be modelled effectively with 
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where Es is signal energy (Green and Swets, 1966). Such data can, however, be modelled 

equally well using amplitude (A) given 
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where T represents duration.  The substitution of Equation 5.9 into Equation 5.8 yields a 

detectability function that is a normal integral with respect to the square of the amplitude, 

A2, as opposed to a normal integral with respect to energy.  Because energy and 

amplitude are functions of one another, either can be fitted to the empirical data on the 

condition that the stimuli themselves are scaled to the relevant units.  Historically, energy 

has been the unit of preference, due mainly to the dependency of detection upon duration 

(Miller, 1947).  The invariance of the gradient of the psychometric function when plotted 

in units of energy was taken as evidence that the ear acts as an energy detector and that 

stimuli should be specified in terms of energy.  It was not widely noted (Jeffress 1964 is 

an exception) that equally good fits to detection data could be obtained using amplitude 

as the defining stimulus property. 

 

The discrimination of brief tones in Gaussian noise 
 

An experiment whereby an observer is required to discriminate between two brief 

sinusoids presented serially against a noise background constitutes a difference 

discrimination task (Laming, 1985).  In a conventional 2-IFC task a trial consists of two 

intervals each containing a pedestal E and an in-phase signal of energy Es added to either 

one or the other of the pedestals with equal probability.  Assuming the sensory effects of 

both E and Es are distributed normally, the distribution of differences can also be 

assumed normal.  The discriminability function is  
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where d’ is defined in Equation 5.8 and the denominator, 2 , is necessitated by the 

variance of the difference distribution being double the variance of the original 

distributions (Green and Swets, 1966). Note that the pedestal plays no part in the 

discrimination task due to its constant nature that is presumably factored out by the 

auditory system in some manner.  Thus the discriminability function is a normal integral 

with respect to the increment: ΔE=(E+Es)-E.  

 

A plethora of experiments have demonstrated the ability of the energy detection 

model to adequately predict the patterns of data emerging from difference discrimination 

tasks of this type.  However, taking amplitude as the quantity of interest gives 
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which, for ΔA<<A, is approximately T·A·ΔA.  The discriminability function is therefore a 

normal integral with respect to the difference in amplitude, ΔA, which on account of 5.11 

is equally able to accommodate the empirical results when the stimuli are appropriately 

scaled.  Thus far it has been shown that both the energy detection hypothesis and its 

translation into units of amplitude are both viable alternatives for modelling either the 

detection of a sinusoid or the discrimination of brief sinusoids presented in Gaussian 

noise. 

 

The detection of a noise signal in noise 
 

The detection of a burst of noise with noise power density, So, against a 

continuous background, No, is equivalent to a transient increase in No assuming both So 

and No possess the same bandwidth, W, and identical spectra.  The energy in a burst of 

Gaussian noise is distributed approximately chi-square with 2WT degrees of freedom 

( )2
2WTχ  multiplied by either ½(No+So) or ½No (Green and Swets, 1966).  As 2WT 
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increases the  distribution gives way to a normal distribution, though this normality 

can be demonstrated by taking the logarithm of , which after transformation leaves 

both distributions with equal variances (Laming, 1986, p. 50).  The energy detector 

predicts performance on such a task to be 

2χ

2χ
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which, for So≤No, is approximately So/No.  The detectability function, for what Laming 

(1985) would classify as an increment detection task, will be approximately a normal 

integral with respect to So/No.  It has been apparent since studies undertaken by Green and 

Sewall (1962) that this is not the state of nature, and that the energy detection hypothesis 

implies that observers should be more sensitive to small noise bursts than they in fact are.   

 

Laming’s (1986) own sensory analytical model explicitly defines stimuli in terms 

of amplitude (peak pressure) and predicts the psychometric function to be a normal 

integral with respect to the square of the signal-to-noise ratio; that is, (So/No)2.  In terms 

of amplitude a noise stimulus can be expressed as Arms=(WNo)½, where rms represents 

root mean square, and 
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combination of differential coupling and half-wave rectification (see chapter IV) subject 

small noise increments to a square-law transformation, resulting in 
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which provides a much superior fit to data of this type than the energy detection model. 
 

Data obtained from Irwin (1989) were reanalysed and are presented in Figure 5.6.  

Observers were asked to discriminate between two gated bursts of noise differing in level 
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(Figure 5.6A) or to detect an increment in a continuous band of Gaussian noise (Figures 

5.6B-5.6D).  The discrimination data has been included for completeness, and shows that 

discriminability functions for bursts of noise conform to the energy detection hypothesis, 

which, in terms of percentage correct, equals 
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where z is the stimulus (i.e., So/No) in normalized units, and ( )Φ  is the normal 

probability integral. 

 

Detectability functions for increments of 100 ms (Figure 5.6B), 500 ms (Figure 

5.6C) and 20 ms (Figure 5.6D) have been fitted with both an energy detection model and 

Laming’s (1986) model.  It is patent that the functions predicted by the energy detection 

model do not afford as good-a-fit to the data as Laming’s function, which is 
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where the function h(z) is, for the detection of simple increments, a transfer function of 

the form 
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and Φ’(), the first derivative of Φ(), is the normal probability density function (see 

Laming, 1986: p. 149).  If z is small then h(z) is proportional to z2, and a normal 

probability integral with respect to the square of So/No serves as an adequate 

approximation to the psychometric function (see Irwin, 1989).  The continuous curve in 

Figures 5.6B to 5.6D is Equation 5.16 and Table 5.3 displays the sum of the squared 

deviations of the data from the fitted functions.  The scaling constant, a, is the only free 

parameter of the model and translates the function laterally to better fit the data while 
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retaining the function’s shape.  The raw data and parameter estimates derived from 

Irwin’s (1989) study can be viewed in Appendix B. 

 

That Irwin’s data for the detection of a noise increment is better fitted by 

Laming’s (1986) model than the energy detection model is manifest (see Table 5.3).  The 

fact that the scaling constant, a, is lower for the normal integral fit attests to the fact that 

energy detectors predict human performance to be better than it in fact is.  The lower 

least-squares error values for the square law fits show they account for the data more 

effectively than a model based on the normal integral alone. 

 

  The energy detection model does not generalize to all of the tasks we have just 

considered, though when energy is substituted for amplitude no such inadequacy is 

evident.  Laming (1986) seized upon this state of affairs to justify his selection of 

amplitude, though Green (1993) argued that the steeper psychometric functions 

associated with detecting a noise increment are a consequence of observer uncertainty.  If  

 
 
Table 5.3 : A summary of the best-fitting scaling constant, a, and least-squares error for the theoretical 
functions fitted to the data in Figure 5.6.  Note that for all three experimental conditions (a-c) the square-
law approximation returns the lowest sums-of-squared residuals.   
 
 Normal Integral Square-Law 
  
(a) 20 ms   
Mean value of a  2.414 2.915 
Mean SSres 194.48 28.725 

 
(b) 100 ms   
Mean value of a 5.612 6.772 
Mean SSres 132.96 55.211 

 
(c) 500 ms   
Mean value of a 8.51 9.96 
Mean SSres 126.96 57.81 
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Figure 5.6 : Discriminability function (A) and detectability functions (C-D) from Irwin (1989).  (A) and 
(B) were for stimuli of 100-ms duration, (C) for 500 ms and (D) 20 ms.  Continuous curves from the 
sensory analytical model and dashed curves from the energy detection hypothesis. 
 
 
the background noise is changed from continuous to gated the uncertainty over starting 

time and signal duration diminishes, and the psychometric function is again a normal 

integral with respect to So/No.  Laming would be sure, however, to argue that because So 

and No share the same bandwidth and spectral characteristics, that No in fact would take 

on the role of a pedestal and thus the task would no longer be one of increment detection 

but one of difference discrimination.  

 
 
PHYSIOLOGICAL EVIDENCE 
  

Heil and Neubauer (2001) address the units problem by dividing it into two 

central components.  Their point of departure is the acknowledgment that the response 

characteristics of auditory nerve (AN) fibers and central auditory neurons are for the most 

part determined relative to sound pressure level.  On the other hand, psychoacoustical 

studies have clearly established the dependency of detection thresholds upon stimulus 
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duration.  Thus the first part of the problem is to determine whether neural thresholds, 

that is, the smallest amount of pressure required to evoke a neuronal response, are a 

function solely of pressure or alternatively of pressure and time.  Secondly, and more 

pertinent to the unit problem, is the exact nature of this function.  A number of 

physiological investigations (e.g., Müller et al., 1991) have shown the firing rate of AN 

fibers to increase monotonically with the square of sound pressure; that is, with acoustic 

intensity or acoustic power per unit area (W/m2).  If acoustic intensity or power 

undergoes temporal integration then the correct unit would become acoustic energy per 

area. 

 

By measuring the time of the first action potential (here-on referred to as spike) 

after stimulus onset from approximately 90 AN fibers belonging to four adult cats, Heil 

and Neubauer reasoned that the two central questions posed above could be answered 

using the following logic.  The first spike coincides, with a slight constant delay Lmin, to 

research implying the latency is independent of the steady-state properties of the stimuli 

but dependent on events occurring at stimulus onset.  Heil and Neubauer (1991)  

   
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A B 

 
 

Figure 5.7 : Schematic representation of the fixed pressure threshold model (A) and subsequent analysis of 
data used in its evaluation (B).  The dotted line in (A) represents the fixed pressure threshold that must be 
exceeded for a spike to occur.  The solid line in (B) represents the prediction of the model (Equation 5.18) 
for various stimuli with differing rise times (see inset).  Facsimile from Heil and Neubauer, (2001). 

Latency predicted by model (ms) 
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assert that at stimulus onset pressure and intensity both change dynamically but 

differently, and this affects the timing of the first spike.  Thus by comparing empirical 

data to predictions of the temporal occurrence of the first spike the nature of the neural 

threshold and the relevant stimulus quantity can be established.   

 

Figure 5.7A is a schematic representation of the first of two models applied by 

Heil and Neubauer (1991): a fixed pressure and a fixed intensity threshold model.  The 

figure displays three signals differing in either rise-time (tr) or plateau pressure (pp).  The 

dashed horizontal line is a fixed pressure threshold (pthr), which is realized contingent 

upon rise-time.  The time taken to reach Pthr equals the measured latency L corrected for 

Lmin: 
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where Lmin and pthr are the two free parameters in the model. 
 

Figure 5.7B plots the predictions of the model along the abscissa and the latencies 

of the empirical data on the ordinate for a 2-KHz sinusoid of various rise-times (see inset) 

and sound pressure levels.  Figure 5.7B represents the activity of a solitary AN fiber, 

though the authors report that all fibers tested gave similar mismatches between observed 

and predicted, leading to the conclusion that the auditory system does not operate using a 

fixed pressure threshold.  Furthermore, because acoustic intensity and power are 

proportional to sound-pressure squared, fixed power or fixed intensity threshold models 

will also be inadequate. 

 

The main tenets of the second model under consideration, the pressure integration 

threshold model, are illustrated graphically in Figure 5.8.  Upon stimulus onset there is a 

period of pressure integration until some fixed threshold is reached.  Depending on tr and 

pp, threshold will be reached at different magnitudes of pressure, illustrated in Figure 5.8 

by the areas (equal in size) under the three sample stimuli (the same as Figure 5.7A).  To 
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Figure 5.8 : Schematic representation of the pressure integration threshold model.  The three filled areas 
are equal in size and constitute the amount of pressure required to trigger a spike.  Depending upon the rise-
time of the stimulus, the thresholds are reached at different times.   Facsimile from Heil and Neubauer, 
(2001). 
 
 
determine which property of the acoustic waveform is integrated, (i.e., pressure or 

stimulus intensity), the following model was employed: 
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and the threshold Tthr is the integral of p(t), where t is time, from stimulus onset to the 

occurrence of the first spike corrected for Lmin. 

 

This model predicts exponents of q to be approximately unity if pressure is being 

integrated, or two if it is acoustic intensity or power being integrated.  Figure 5.9A shows 

a frequency distribution for values of q with a mean of 1.044, while Figure 5.9B shows 

the same but with an added parameter, pc, introduced into Equation 5.19.  The parameter 

Pc represents, for negative values of pc, a leaky pressure integrator.  A positive value of pc 

can be thought of as a gain of some sort to the integrator.  Figures 5.10A and 5.10B show 

the performance of Equation 5.19 without and with the added parameter pc respectively.  

Both give excellent fits to the data, though no goodness-of-fit statistics were provided. 
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A B

        
Figure 5.9 : Estimates of the exponent q from Equation 5.19 without (A) and with (B) Pc incorporated.  
The data are based on 89 nerve fibres and suggest a pressure, rather than intensity, integration threshold.  
Facsimile from Heil and Neubauer  (2001). 

 
 
The conclusion of the authors was that the occurrence of the first spike cannot be 

based on fixed pressure, intensity or power, or energy.  Instead, at the neural level, the 

auditory system operates as an integrator of pressure over time.    
 

 

 

 
 
Figure 5.10 : Evaluation of fixed (A) vs. leaky (B) pressure integration threshold models for two nerve 
fibres.  The arrival of the first spike is predicted more effectively overall using a leaky integrator.  The inset 
documents differing rise-times between the stimuli.  Facsimile from Heil and Neubauer, (2001). 
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EXPERIMENTAL AIMS 
 

The current enterprise consists of three experimental suites: experiments probing 

negative masking (Chapter VI); the pedestal effect (Chapter VII), and; psychometric 

functions for a 2-IFC level discrimination task (Chapter VIII).  All data will be analysed 

and interpreted in relation to the units problem in audition.  The justification and purpose 

of each experiment are discussed in their relevant chapters, and are presented briefly 

here:   

 

• Masking functions for short duration (10-ms) 1000-Hz sinusoids will be 

generated.  Of interest is whether negative masking is attenuated by the use of 

brief sinusoids and whether negative masking is evident both in units of pressure 

and intensity.  It is not currently known if frequency affects the phenomenon of 

negative masking, and a condition utilising 6500-Hz sinusoids is included.  It has 

been shown (Hanna, von Gierke, and Green, 1986) that 100-ms 1000-Hz 

sinusoids presented in continuous noise exhibit less negative masking than those 

presented in quiet.  To see if this relationship holds for 10-ms sinusoids both a 

quiet and a continuous noise condition are included. 

 

• The sensory analytical model formulated by Laming (1986) has received little 

attention in the literature.  In the auditory domain, only Irwin (1989) has directly 

tested its veracity, successfully fitting the model to psychometric functions.  

Laming’s model will be fitted to the obtained masking functions and evaluated in 

terms of how well it accounts for the phenomenon of negative masking.  The 

model is also relevant to the units problem in audition on account of it explicitly 

defining the stimulus in terms of pressure. 

 

• The pedestal effect expressed in terms of the fixed-increment function has been 

reported only once in the literature – for 100-ms 1000-Hz sinusoids presented in 

gated noise (Pfafflin and Mathews, 1962).  It would be expected, on the basis of 

negative masking data and considering the relationship between negative masking 
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and the pedestal effect (see Chapter III), that the fixed-increment function will 

exhibit the pedestal effect for brief sinusoids (e.g., 10 ms) and for sinusoids 

presented in quiet.   

 

• The pedestal effect and negative masking can be demonstrated using fixed-

increment and masking functions respectively and an intuitive relationship exists 

between these two functions.  The integrity of the fixed-increment function is 

preserved irrespective of which units are employed to represent the stimulus (e.g., 

pressure or intensity).  The same is not true for the masking function.  Thus if two 

different forms of the masking function can be generated, dependent upon unit 

selection, and one of those forms can be shown to be consistent with the fixed- 

increment function, then the units used by this form are supported as the correct 

unit of the stimulus.   

 

• Psychometric functions plotting d’ as a function of X=ΔL, Δp/p, or ΔI/I, and fitted 

with the best-fitting equation of the form log d’=alog(X)b, can show which of 

these measures is the most proportional to d’ (i.e., b=1).  The correct JND metric 

will yield the most proportional relationship.  Two studies attempting to find 

which measure is the most proportional to d’ have produced conflicting results 

(Buus and Florentine, 1991; Moore, Peters, and Glasberg, 1999).  A large number 

of psychometric functions will be generated by extending the number of pedestal 

levels, employing 10-ms noise stimuli, and using two frequencies of 10-ms 

sinusoids: 1000-Hz and 6500-Hz.   

 

• The different forms of the JNDs are proportional to one another when the Weber 

fraction in pressure (i.e., Δp/p) is less than unity.  The experimenter must raise the 

Weber fraction, Δp/p, above unity to escape this proportionality and allow 

independent judgement of each measure.  Will the use of gated masking noise, as 

opposed to continuous masking noise, increase Weber fractions?  Wier, Green, 

Hafter, and Burkhardt (1977) report that, for 10-ms 1000-Hz sinusoids, gated 

noise is the more effective masker.  Can the severe departure to Weber’s law be 
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utilised to increase thresholds?  Carlyon and Moore (1986) report that, for 10-ms 

6500-Hz sinusoids, the addition of bandstop noise substantially raises the Weber 

fraction for midrange pedestals.   Does increasing task complexity increase Weber 

fractions?  Moore, Peters, and Glasberg (1999) hypothesised this to be the case, 

but reported inconclusive data.   

 

• The measure that is most proportional to d’ will be reflected back onto the results 

of negative masking and a conclusion drawn on which units should me used to 

represent masking functions for 10-ms 1000-Hz sinusoids.  With the correct units 

chosen it can be determined whether or not negative masking is merely an artefact 

of stimulus definition.                    

 
TERMINOLOGY 
 

The term “intensity resolution” is not eschewed in this thesis due to its overt 

connotation: that is, that the proper measure of the acoustic stimulus correlated with the 

perception of loudness is intensity or power.  Instead the term “level discrimination” is 

adopted (Buus, 1990). 

 

In denoting acoustic pressure, a lowercase p will be used so as not to confuse it 

with acoustic power, commonly symbolised in uppercase as P. 

 
 Investigators often use the term “signal” and “increment” interchangeably, and 

such a practise is fraught with danger (see for example Green, 1961).  Both these terms 

will now be defined precisely to avoid the possibility of confusion. 

 

 Consider two signal generators designated GenA and GenB respectively.  Take, in 

units of pressure, a pedestal p, produced by GenA, and then add to it, from GenB, an 

arbitrary amount to give p+Δp.  By subtracting p from p+Δp the increment in pressure, 

Δp, is obtained. The original amount added to p, produced by GenB, and taken in 

isolation is the signal.  It is apparent that, in units of pressure and assuming the two 

waveforms from the two generators are added in phase, there is no difference between the 
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signal and the increment.  Now consider the same but in units of intensity, which is 

proportional to the square of pressure.  Thus we have p2 and (p+Δp)2 and subtracting the 

former from the latter we obtain ( ) 2222 22 pppppppp Δ+Δ=−Δ+Δ+ , and find that 

signal intensity, Δp2, is not equal to the intensity increment. 
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CHAPTER VI : Experiments on Negative Masking 
 
“Did you not hear it?—No?- ‘twas but the wind.” 

           Lord Byron 
 
 
6.0 INTRODUCTION 
 
 Negative masking is central to the units problem in audition.  The primary 

motivation of these experiments is to further explore ways in which the phenomenon 

can potentially shed light on the units problem.  In particular the negative masking 

data will be compared to the pedestal effect data (next chapter) and a meaningful 

relation drawn between them.  A dearth of experiments probing the phenomenon of 

negative masking is a further motivation for the first suite of experiments.  Figure 

6.0.1 details the chapter’s structure.  Four experiments were undertaken, each 

examining a different aspect of the discrimination of 1000-Hz sinusoids presented in 

quiet (Experiment 6.1) or noise (Experiments 6.2 and 6.3).  Experiment 6.4 employed 

6.5-kHz sinusoids presented in quiet.  Each experiment is accompanied by an 

introduction, method, results, and discussion section.  The ending of the chapter 

coincides with a discussion of the results taken in their entirety.    

 

For this suite of experiments the analysis commenced with the conversion of 

ΔL into difference thresholds, either in units of pressure, Δp, or intensity, ΔI.  

Difference thresholds are then plotted as a function of pedestal level for each of the 

two measures: pressure or intensity.  Several models of auditory level discrimination, 

proposed by Laming (1985); Hanna, Von Gierke, and Green (1986), and; Viemeister 

and Bacon (1988), are then regressed onto the data.  Goodness-of-fit statistics and 

parameter estimates are derived from the fitting procedures when of interest and 

reported in the results section.  Of particular interest is the ability of Laming’s sensory 

analytical model to account for the data, given it only has two free parameters and 

defines the stimulus explicitly in terms of pressure.    
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Figure 6.0.1 : A schematic representation of the contents of Chapter VI.  Sections positioned above 
precede sections positioned below.  All four experiments employed sinusoids 10 ms in duration.  
Experiments 6.1 to 6.3 employed 1000-Hz sinusoids; Experiment 6.4, 6500-Hz sinusoids.   
 
 

Experiment 6.1 : Negative Masking in Quiet 
 
INTRODUCTION 
 

 Insufficient experimentation exists for the discrimination of sinusoids at 

threshold.  Between the first documentation of auditory negative masking (1963) and 

present times there have been three empirical papers published on the matter: Raab, 

Osman and Rich (1963), Hanna, von Gierke, and Green (1986), and Viemeister and 

Bacon (1988).  Additionally, Laming (1985, 1986) has published theoretical treatises 

on the matter.  Experiment 6.1 employs 1000-Hz sinusoids (comparable to Hanna, 

von Gierke, and Green (1986) and Viemeister and Bacon (1988)) with a duration of 

10 ms (comparable to Raab, Osman, and Rich, 1963b) presented in quiet.   
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Low-level short-duration stimuli constitute a severe test for the auditory 

system.  Laming (1986), on theoretical grounds, and Raab, Osman, and Rich, (1963b), 

on empirical grounds, argue that for noise stimuli around 10 ms in duration negative 

masking should be absent.  No prediction is made, and no experimental evidence 

exists, however to generalise this finding to sinusoids.  The spectral bandwidth of a 

sinusoid is equal to the reciprocal of its duration, that is, the equivalent rectangular 

bandwidth (W) of a sinusoid is equal to 1/T.  Thus a 10-ms sinusoid has an equivalent 

rectangular bandwidth of 100 Hz, and can be thought of as narrowband noise.  A 

reduction in the level of negative masking may be observed when compared to the 

longer duration sinusoids (100 ms) employed by Hanna, von Gierke, and Green 

(1986). 

 

METHOD 
 

Observers 
 
 The author, DS (male aged 29), his supervisor, MH (male aged 36), and two 

other members of the Department of Psychology at the University of Auckland: IK 

(male aged 40), and BM (female aged 24), participated in Experiment 6.1. All had 

considerable experience in psychophysical tasks, including auditory discrimination 

and detection tasks. The University of Auckland Human Participants Ethics 

Committee approved the experiment.  All observers, apart from BM, were unpaid 

volunteers. 

 
 Prior to the commencement of Experiment 6.1 the auditory function of each 

observer was assessed to ensure that none had a pure-tone hearing loss that could 

confound the study. To this end a Bruel and Kjaer audiometer (model 1800) was 

employed to appraise each observer’s left ear auditory response between 500-Hz and 

8000-Hz.  No significant hearing loss was observed, and all had hearing threshold 

levels equal to, or less than, 15 dB HL (re: ISO Standard, 1975) in the ear under test.    

Audiograms for individual observers can be inspected in Appendix C.  None of the 

observers reported a history of aural pathology.   
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Stimuli  
 

Stimuli consisted of 1000-Hz sinusoids of 10-ms duration and varied across 

trials only in amplitude. 

 

Apparatus 
 

The sinusoid was produced using LabVIEW (v6.0i), a specialised stimulus 

generation and data-acquisition software suite manufactured by National Instruments. 

LabVIEW, and its associated National Instruments hardware, was housed in a 

Pentium III PC with 256 MB RAM.  Each sinusoid was constructed digitally using a 

sine wave function rendered at 40,000 samples-per-second. Because the waveform 

was 0.01 seconds in duration, it was constructed of 400 samples (See Figure 6.1.1).  

The waveform was subsequently passed through a Hanning (cos2) window, which 

introduced 1-ms onset and offset ramps (see Harris, 1978). Subjects reported none of 

the audible clicks associated with rectangular windows. 

 

Upon the waveform being generated to the correct specifications, a National 

Instruments PCI-6052E card undertook a digital-to-analogue conversion. The 

resulting analogue waveform was then channelled to a National Instrument’s BNC-

2090 shielded BNC adapter chassis mounted external to the PC. The waveform was 

then directed to a Tucker-Davis Technologies (TDT) System 3 Programmable 

Attenuator (PA5).  The PA5 was connected to the Pentium III PC through a USB port 

and communicated with LabVIEW using Active-X software driver components. 

 

 

 

 
Figure 6.1.1 : A time-domain representation of the 10-ms 1000-Hz sinusoid generated in LabVIEW. 
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Figure 6.1.2 : Experimental apparatus (see text).  
 

 

The waveform was then passed through a passive attenuator (Marconi Instruments TF 

2162) fixed to 60 dB. Together, the two attenuators reduced the amplitude of the 

sinusoids to within a safe audible range and accurately controlled their levels to those 

required.  A schematic view of apparatus can be viewed in Figure 6.1.2. 
 

 
Once attenuated, the sinusoid was passed to a headphone buffer (TDT HB7) 

before being delivered to the earphone (Telephonics, TDH-49P cradled in an 

MX41/AR cushion).  When driven by a 1000-Hz signal of unit voltage (RMS), the 

earphone (dynamic, moving coil type) produced 126.4 dB SPL, or 106.4 dB SPL at 

0.1 of a volt.  All stimuli were presented monaurally to the left ear of the observer. 

 

Details of the calibration process are presented in Appendix B.    

 

Procedure 
 

Experiment 6.1 consisted of two parts: (1) the estimation of absolute 

thresholds using a detection task, and; (2) the estimation of difference thresholds at 

numerous pedestal levels. The estimation of difference thresholds is based upon 

pedestals presented in units of sensation level (i.e., re the observer’s absolute 

threshold), and this necessitated the inclusion of the detection task.  Each part will be 

described in turn.  Note that these procedures are for the most part identical to those 

employed in Experiments 6.3 to 6.4.   
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Determination of absolute thresholds. 
 
   

Absolute thresholds for a 1000-Hz sinusoid of 10-ms duration were measured 

using a two-interval forced choice (2-IFC) adaptive procedure (Levitt, 1971).  Each 

trial consisted of two observation intervals, with the 1000-Hz sinusoid being 

randomly assigned to one or other of the intervals with an equal probability (p=0.5). 

 

  The observer was positioned in a sound-attenuating chamber (Amplaid, model 

E) accompanied by a response keyboard, a monitor containing instructions relevant to 

the task, and a bank of custom made light-emitting diodes (LED).  The LEDs 

consisted of one green LED flanked either side by a red LED (Figure 6.1.3).  The two 

red LEDs were employed to provide feedback while the green LED acted either as a 

warning light or an interval indicator light. 

 

Figure 6.1.4 is a schematic representation of a typical trial.  Each trial is 

initiated with the illumination of a green LED for 400 ms followed by a pause of 400- 

ms before the first observation interval occurs. Both observation intervals were 10- 

ms in duration and were separated by a 400-ms inter-stimulus interval. The green 

LED was illuminated during the observation intervals to clearly indicate their 

boundary.  After the second observation interval had terminated, the observer made a 

response without consideration to time.  Feedback was then provided by either of the 

red LEDs, which were illuminated for 400 ms.  If the occurrence of the sinusoid 

coincided with interval one then the left-red LED was illuminated, otherwise the 

right-red LED was illuminated.  The end of the experimental block was signalled to 

the observer by the simultaneous illumination of all three LEDs. 

 

The level of the sinusoid on a particular trial was determined by a three-down, 

one-up adaptive procedure.  If an observer made three consecutive correct responses, 

 

 

 
Figure 6.1.3 : LED configuration.  A single green LED is flank by a pair of red LEDs. 
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Figure 6.1.4 : The series of events that constitute a trial. The coloured line represents the output of the 
LEDs.  
 
 

the level of the sinusoid was decreased. If the observer made an incorrect response at 

any stage the level of the sinusoid was increased. Such a regime tracks responding to 

79% correct (Levitt, 1971).  The starting level for each block was 40 dB SPL.  

Initially, the level change was 3 dB SPL, but after the first four reversals (known as 

turnarounds) this change in level was reduced to 1 dB SPL.  

 

After an initial run of practise blocks observers undertook ten blocks of 

experimental trials. These provided the data used to estimate their absolute thresholds. 

On average each block lasted 92 trials (observer averages: MH=107, IK=92, BM=70, 

DS=100).  After 15 reversals had occurred, the block of trials terminated. The 

observer’s threshold was the average of all but the first three reversal levels, which 

were discarded.  Ten such thresholds were averaged to determine an observers overall 

threshold.   

 

Difference threshold determination 

 

  Difference thresholds were likewise estimated using the three-down, one-up 

adaptive procedure.  Each trial consisted of two observation intervals, each containing 

a pedestal whose level was invariant across a block of trials.  An increment was added 

to one of these pedestals and the observer’s task was to indicate which of the two 

intervals contained the increment. There were ten levels of pedestal: -9, -6, -3, 0, 3, 6, 

9, 20, 40, and 60 dB SL (re: the observer’s absolute threshold) and the level of the 

pedestal on any particular block of trials was determined randomly.  Each observer 
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undertook several practise blocks per pedestal level and the final difference thresholds 

were the average of six thresholds determined in six blocks of trials. 

 
RESULTS 
 
Detection Data 
 

Mean absolute thresholds are presented in Table 6.1.1.  Figure 6.1.5 displays 

absolute threshold estimates as a function of block number.  Note that the starting 

values on the ordinate differ between observers though the scales are the same.  

Bivariate correlations between each observer’s ten threshold values and block number 

were undertaken to seek evidence of improvement due to practise effects.  None of 

the observers returned a statistically significant Pearson’s r statistic, at the α=0.05 

level, indicating stable performance was achieved.  A nonparametric index of 

relationship, Spearman’s r, also failed to show any significant association between 

block number and threshold value.   
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Figure 6.1.5 : Absolute threshold values for each observer as a function of block number.  The 
horizontal dashed line represents the averaged threshold value.  The solid line represents the line of 
best fit to the data.  Stimuli were 10-ms 1000-Hz sinusoids presented in quiet.     
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Table 6.1.1 : Means, standard deviations (SD), and Pearson  r statistics for absolute thresholds 
obtained for each observer.  The Pearson r values represent the slopes of the solid lines in Figure 6.1.5.  
 
 
 MH IK BM DS 
Mean (dB SPL) 14.5 18.28 23.59 14.6 
SD 0.6 0.91 0.78 0.95 
Pearson r 0.31 -0.51 0.32  
 
 
   
 
Discrimination Data  
 

All discrimination thresholds and pedestal levels were standardised to the 

absolute threshold, po, that is, their sensation level (SL).  The data will be presented 

separately for pressure and intensity.  Data will be analysed in terms of ΔL, Δp, or ΔI, 

with these last two quantities being modelled in several ways.  Raw data, difference 

threshold estimates, and best-fitting model parameters are presented in Appendix E.  

 
PRESSURE 
 

The Level Difference: ΔL 
 

Estimates of ΔL consist of the difference between p and p+Δp required for 

79% correct in a discrimination task.  Individual data are displayed in Figure 6.1.6, 

which plots ΔL as a function of pedestal level.  Because the data are expressed in 

terms of sensation level the zero points on each axis represent absolute threshold.  The 

insets represent the arithmetic average of each of the six blocks undertaken at each 

level of pedestal, and include 95% confidence intervals.  Confidence intervals were 

estimated using Microsoft Excel with α=0.05.  The averaging of the data allows the 

trends to become more salient.   

 
For all observers the estimates of ΔL are initially high but decrease rapidly as 

the pedestal level approaches absolute threshold (i.e., 20log(p/po)=0).  The rate of 

decrease is sharp: within a pedestal spacing of 10 decibels (-9 to 0 dB SPL) estimates 

of ΔL shrink by at least 6 dB SPL.  Beyond the region of the absolute threshold the 

value of ΔL initially increases and then slowly decreases.  The nonmonotonic 

behaviour and shape of the function suggests the existence of a local minimum around 
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absolute threshold.  With no pre-existing simple models to fit to the data (see Durlach 

and Braida, 1969) it is not possible to fit valid functions to the data.  By taking the 

derivative of such a function it would be possible to estimate where the turning point 

occurs and whether a local minimum exists.  By examining the insets in Figure 6.1.6 

it appears that for all but one observer (DS) there exists a global minimum around 

absolute threshold.  However, to confirm this more data collection would be required 

using pedestals greater than 60 dB SPL.   
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Figure 6.1.6 : The level difference, ΔL, as a function of pedestal level, standardised with respect to p0, 
for observers MH, IK, BM and DS.  Arithmetic means are also presented (insets).  Stimuli were 10-ms 
1000-Hz sinusoids presented in quiet.   
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The Difference Threshold: Δp 
 

Estimates of Δp were derived by using the expression for ΔL and solving for 

Δp.  The difference threshold in pressure, Δp, was obtained using a program 

developed by the Author in LabVIEW 6.1.  The initial format of the data extracted 

from the experiment was the level difference ΔL, and the conversion of the data from 

ΔL to Δp is 
 

( ) ( )pppL log20log20 −Δ+=Δ  
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Because Weber’s law concerns itself with the relationship between p and Δp 

Equation 6.1 is solved for Δp: 
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where ΔL and p are both defined beforehand and p is in units of pressure.  A 

successful extraction of Δp in the form of Equation 6.2 is then followed by its 

conversion into logarithmic units (i.e., decibels): 

 

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ Δ
=Δ

o
decibels p

pp log20 ,                           (6.3) 

 
where po indicates that Δp is presented relative to the observer’s absolute threshold.  

Equation 6.3 can then be plotted as a function of pedestal level 20log(p/po) to produce 

a masking function. 
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Figure 6.1.7 : Difference thresholds, Δp, in units of pressure, as a function of pedestal level, p, for four 
observers. The data have been normalised with respect to absolute threshold, p0.  Each point represents 
the mean threshold estimated from a single block of trials.  Stimuli were 10-ms 1000-Hz sinusoids 
presented in quiet.   

 

 

Values of 20log(Δp/po) plotted as a function of 20log(p/po) are presented in 

Figure 6.1.7 for four observers.  Six estimates of Δp were obtained for each of the ten 

pedestal levels.  The zero points on both the ordinate and the abscissa represent the 

observer’s absolute threshold.  Estimates of Δp for pedestals equal to or below the 

absolute threshold have negative values.  This indicates that, in this subthreshold 

region and in units of pressure, difference thresholds are less than absolute thresholds. 

In some cases this difference is greater than 15 dB SL.  Beyond absolute threshold the 

data become linear and conform to Weber’s law.   

 
A clearer picture is obtained when data are averaged.  Figure 6.1.8 is an 

arithmetic averaging of the data presented in Figure 6.3 and includes 95% confidence 
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intervals.  Observers MH and BM show distinctly piecewise functions while the data 

of Observers IK and DS appear more continuous.  The minima of the data occurs at a 

pedestal value of 0 dB SL (-3 dB SL for DS) and take on values of Δp between -10 to 

-11 dB SL.  Data points for pedestals above the absolute threshold (i.e., 

20log(p/po)≥0) increase monotonically with pedestal level and appear linear (i.e., 

Weber’s law).  The mean value of Δp located at the 20 dB SL pedestal for DS appears 

to be the lone estimate that is incongruent with the rest of the data. There are no 

explanations forthcoming as to why this single estimate fails to fit the pattern of the 

rest of the observer’s data.     

 
An advantage of using stimuli normalised with respect to the observer’s 

absolute threshold is the ability to group discrimination data with little contamination 

from individual differences.   Figure 6.1.9 allows an easy comparison between  
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Figure 6.1.8 : Mean difference thresholds, Δp, in pressure units, as a function of pedestal level, p, for 
four observers. The data have been normalised with respect to absolute threshold, p0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.    
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individuals and the effect of averaging individual means for each level of pedestal.  A 

combination of the six threshold estimates obtained for each observer (6x4=24) are 

plotted against pedestal in Figure 6.1.9A.  Figure 6.1.9B plots each observer’s mean 

threshold estimate as a function of pedestal level.  What is striking from this figure is 

the effect of sensation level.  The mean estimates of Δp at each pedestal level for each 

observer, ignoring the one rogue point associated with DS, overlie one another.  This 

observation gives confidence in taking the average of the observer’s means and these 

are presented in Figure 6.1.9C.  The overall trend reflects what was apparent in the 

results for each observer, viz a nonmonotonic relationship around the region of 

absolute threshold.  Furthermore, values of Δp in this region are less than the absolute 

threshold.  Thus the individual and group data taken together indicate substantial 

levels of negative masking when the stimuli are expressed in units of pressure.   

 

THE SENSORY ANALYTICAL MODEL 
 

The sensory analytical model (Laming, 1986) was fitted to data with stimuli 

expressed in units of pressure.  Because Laming specifically develops a model based 

on the premise that pressure is the proper unit for auditory stimuli, his model will not 

be fitted to data expressed in units of intensity.  The sensory-analytical model 

proposed by Laming (1985) was detailed in Chapter IV.  The equation predicting 

values of ΔX for suprathreshold stimuli is: 
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Figure 6.1.9 : Grouped data. (A) Difference thresholds, Δp, in pressure units, as a function of pedestal 
level, p, for four observers. (B) Mean values of Δp (see Figure 6.1.8) for each observer and (C) The 
grand mean of Δp across all observers plotted with regard to pedestal.   Stimuli were 10-ms 1000-Hz 
sinusoids presented in quiet.    
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( )cXX +Θ=Δ ,                 (6.4) 
 
where c is a constant representing the level of background noise and Θ equals the 

Weber fraction.  The equation for subthreshold stimuli is 

 
( ) ( ) ( )2

0
22 1 XXXX Δ+Θ+=Δ+ ,               (6.5) 

 
which must be solved for ΔX to get the difference threshold.  

 
Estimates of parameters integral to Laming’s model were obtained by 

following a short tutorial offered by Laming himself (consult Laming’s (1986) 

Appendix B).  The first step is to fit Equation 6.4 to the suprathreshold data in order 

to estimate Θ.  This first entails determining the location of the minimum so as to 

define exactly what constitutes suprathreshold data.  This was undertaken using 

guidelines suggested by Laming (1986) and software developed by the Author in 

LabVIEW 6.1.  Once the range of pedestals considered suprathreshold was 

established Equation 6.4 was fitted to the data and an estimate of Θ was extracted.  

This value of Θ was then substituted into Equation 6.5 to give the predicted 

subthreshold curve.  

  
Values of Θ were estimated using Microsoft Excel.  Excel is able to calculate 

parameter values that minimize the differences between the empirically derived data 

and the model being fitted.  Solver is an independently developed component 

available in Excel that accomplishes this task.  Solver uses Generalized Reduced 

Gradient nonlinear optimization routines or, for linear functions, the simplex method 

and the branch-and-bound method (Bloch, 2000).  Table 6.1.2 displays the estimated 

parameters and Figure 6.6 allows visual inspection of the fits for individual data.   

 
Table 6.1.2 : Best-fitting parameter estimates from the sensory analytical model.  Stimuli were 10-ms 
1000-Hz sinusoids expressed in units of pressure. 

 
Observer Θ c R2

 
IK 0.229 0.754 0.981 

MH 0.273 0.446 0.988 
BM 0.295 0.229 0.986 
DS 0.231 0.821 0.987 

Group 0.257 0.563 0.991 
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Figure 6.1.10 : Mean difference thresholds, Δp, in pressure units, as a function of pedestal level, p, for 
four observers. The data have been normalised with respect to absolute threshold, p0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.   The best-fitting lines based on the sensory analytical model 
by Laming (1985). 
 
 

Figure 6.1.10 shows the suprathreshold data to be adequately described by the 

sensory analytical model.  This conclusion is supported by examining the fit to the 

group data in Figure 6.1.11.  For data below and equal to absolute threshold the 

performance of Equation 6.5 on first inspection appears less able to adequately 

account for the data.  It should be acknowledged however that Laming (1986) 

considered Equation 6.5 to represent a lower bound to difference thresholds at or 

around threshold, and as such were approximations only.  Even so, being a lower 

bound, the data would ideally fall above and not below the predictions of Equation 

6.5, which clearly underestimates the level of negative masking around the region of 

absolute threshold.    

 
A drawback of using the solver module in Microsoft Excel is the lack of a 

goodness-of-fit statistic.  Table 6.1.2 reports R2 values procured with the burden of 

additional analysis.  Equation 6.4 was again fitted to the negative masking data using 

the curve-fitting procedures offered by Sigmaplot 8.0.  The Marquardt-Levenberg 
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method is an iterative algorithm which converges on the best-fitting solution between 

equation and data.  As Equation 6.6 shows, this is achieved by minimizing the sum of 

squared differences between yi, the observed value, and iy) ,the predicted value, of the 

dependent variable. The parameter values of the equation which yield the smallest 

value of the residual sums of squares were obtained using this algorithm that is built 

into SigmaPlot 8.0. 

 

( )∑
=

−=
n

i
iii yywSS

1

2) .                 (6.6) 

 
The function to be minimised as it appeared exactly in Sigma Plot’s built-in 
regression wizard is: 
 

20*log(a*(10^(x/20)+c)), 
 
where a represents the Weber fraction and c is the noise constant.   
 

The statistic R2 is the coefficient of determination calculated from R: the 

multiple correlation coefficient.  The nearer R2 is to unity the more effectively the 

model describes the data.  As R2 approaches zero the predictive value of the model 

decreases and the model cannot be considered a good descriptor of the relationship 

between independent and dependent variables.  The values of R2 reported in Table 

6.1.2 suggest that the fit between the sensory analytical model and the suprathreshold 

data are very good, particularly for the group data (Figure 6.1.11).  Laming’s  
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Figure 6.1.11 : The grand mean of Δp across all observers plotted with regard to pedestal.   Stimuli 
were 10-ms 1000-Hz sinusoids presented in quiet.  The best-fitting lines are predicted by Laming 
(1986). 
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subthreshold function does not possess any free parameters and thus no fit is 

attempted.  Though a goodness-of-fit between the subthreshold data and the 

subthreshold function could have been obtained using least squares the effort was not 

made.  The justification was that even by visual examination it is obvious that the 

subthreshold data points are not well accounted for by the sensory analytical model, 

and a best-fit statistic is not required to indicate this.   

 

NONLINEAR TRANSDUCTION MODEL 
 

Hanna, von Gierke, and Green (1986) proposed that a nonlinear transduction 

of circa-threshold stimuli could account for the phenomenon of negative masking.  

Their model, already discussed in detail (see Chapter IV), was fitted to the data using 

Sigmaplot 8.0.  As with Laming’s (1986) model their function is discontinuous and 

consists of two parts: a subthreshold and a suprathreshold component.  The 

subthreshold function, as inputted in Sigmaplot’s regression wizard was: 

 
20*log(((1+((10^(x/20)))^b))^(1/b)-(10^(x/20))), 

 
and for the suprathreshold function: 
 

20*log(d*(10^(x/20))^e). 
   

The returned R2 values (Table 6.1.3) and visual inspection of the individual 

data displayed in Figure 6.1.12 attest to how well this model accounts for the 

suprathreshold data.  However, a comparison of R2 values for the group data shows 

that Laming’s model gave a slightly better fit to the supra threshold data (0.9907 vs. 

0.9802).  The subthreshold data were not nearly as well accounted for as the 

suprathreshold data, and the lower R2 values in Table 6.1.3 give substance to this 

finding.  A direct comparison between these fits cannot be made with the subthreshold 

functions predicted by the sensory analytical model.  The group data presented in 

Figure 6.1.13 showcases the ability of the nonlinear transduction model to account for 

the data.             

 

In Table 6.1.3 the subthreshold exponent b determines the arc of the function.  

The greater the value of b the greater the curvature evident in the function.  For 

example, Observer DS, with the largest value of b, also has the subthreshold function 
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Figure 6.1.12 : Mean difference thresholds, Δp, in pressure units, as a function of pedestal level, p, for 
four observers. The data have been normalised with respect to absolute threshold, p0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.  The equations of best-fit used to model each set of data come 
from Hanna, Von Gierke, and Green (1986).  
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Figure 6.1.13 : The grand mean of Δp across all observers plotted with regard to pedestal.   Stimuli 
were 10-ms 1000-Hz sinusoids presented in quiet.  The best-fitting lines are predicted from the 
nonlinear transduction model.   
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Table 6.1.3 : Estimates of parameters for the nonlinear transduction model when the stimuli are 
defined in units of pressure. The left side of the table reports parameters associated with a subthreshold 
function while the right side reports those for a suprathreshold function.    
 
 
 Subthreshold  Suprathreshold 
 b R2  d e R2

 
IK 2.442 0.861  0.371 0.936 0.984 
MH 2.103  0.869  0.199 0.870 0.986 
BM 2.982 0.878  0.163 0.946 0.992 
DS 5.100 0.774  0.408 0.905 0.987 
Group 2.677 0.867  0.421 0.858 0.980 
 
 
 
 
with the greatest curvature.  Note there is no horizontal translation parameter for the 

subthreshold function.  The suprathreshold exponents, d and e, determine, 

respectively, the y-intercept and the gradient of the suprathreshold function.  Because 

the data are expressed in logarithmic units d must be greater than zero, and values less 

than unity yield negative y-intercept values.  Table 6.1.3 reveals that all values of d 

estimated using the suprathreshold function intercept the y-axis at negative values 

(i.e., d<1), and examination of Figure 6.1.12 confirms this. Thus when x equals zero 

(i.e., the pedestal is equal to absolute threshold), a difference threshold with a 

negative value is predicted – that is, negative masking.   

 

VIEMEISTER AND BACON (1988) 
 

The range of pedestal levels used by Viemeister and Bacon (1988) to estimate 

difference limens was 0 to 120 dB SPL in 3 dB SPL steps, though they only fitted 

their functions to pedestals below 30 dB SPL (they erroneously report below 55 dB 

SPL).  The functions shown in Figure 6.1.14 are the best fits to the individual data for 

pedestals below 9 dB SL.  For comparison, the values of the 9 dB SL pedestal 

expressed in terms of dB SPL is 24.5 (MH), 28.28 (IK), 33.6 (BM), and 24.6 (DS).  

Therefore the range of pedestals used by Viemeister and Bacon (1988) and the present 

study are comparable.   

 
Viemeister & Bacon’s model was fitted using the regression wizard in 

SigmaPlot 8.0, with the exact inputs to the regression wizard being, for data expressed 

in units of pressure: 
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20*log((((1+(k*((10^(x/10)+i)^b))/10^(x/10))^0.5)1)*((10^(x/10))^0.5))  
 

Figure 6.1.14 shows the best-fitting functions for individual data while Table 

6.1.4 displays the best-fitting parameter values.  Note that despite the confidence 

intervals looking substantially wider than those presented in Figure 6.1.8 they are in 

fact identical.  The perceived increase in the width of the confidence intervals is an 

artefact of decreasing the range of the x- and y-axes.  Inspection of Figure 6.1.14 

suggests an inability of the fitted function to account for data at the minima.  

Specifically, the model appears to underestimate the degree of negative masking 

around absolute threshold.  The values of R2 presented in Table 6.1.4 also indicate 

problems with the model accounting for the data.  The group data, presented in Figure 

6.1.15, adds reinforcement to the notion that Viemeister & Bacon’s (1988) model 

underestimates the degree of negative masking for circathreshold pedestals. 
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Figure 6.1.14 : Mean difference thresholds, Δp, in pressure units, as a function of pedestal level, p, for 
four observers. The data have been normalised with respect to absolute threshold, p0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.  The best-fitting curve based on Viemeister & Bacon (1988).  
Note the reduced range of pedestal levels on the x-axis.   
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Table 6.1.4 : Best-fitting parameters for Viemeister and Bacon’s (1988) model of level discrimination.  
Stimuli were 10-ms 1000-Hz sinusoids expressed in units of pressure.   
 
 

Observer i k b R2

 

IK 0.029 4.597 2.086 0.761 
MH 0.217 1.952 1.499 0.693 
BM 0.095 2.335 1.897 0.872 
DS 0.018 3.632 2.607 0.919 

    Group 0.075 1.936 2.823 0.851 
 
 

 
 
INTENSITY 
 

 The expression of the discrimination data in units of intensity was undertaken 

to demonstrate the effect of scale choice on the shape of the masking function. 

 
The Level Difference: ΔL 
 

Discussed in Chapter V, identical functions are produced regardless of 

whether ΔL is expressed in units of pressure, or intensity.  For this reason, data 

measured in terms of ΔL and expressed in units of intensity are not presented, thus 

avoiding redundancy.  
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Figure 6.1.15 : The grand mean of Δp across all observers plotted with regard to pedestal.   Stimuli 
were 10-ms 1000-Hz sinusoids presented in quiet.  The best-fitting lines are predicted by Viemeister 
and Bacon’s (1988) model.   
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The Difference Threshold: ΔI 
 

The Weber fraction in units of pressure can be converted to units of intensity 

using the following relation: 

 
2

2 ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ Δ
+

Δ
=

Δ
p
p

p
p

I
I ,                 (6.7) 

 
and ΔI can be isolated by simple algebraic manipulation and re-expressed in 
logarithms as 10log(ΔI/Io).   
 

The effect of expressing the discrimination data in units of intensity is 

demonstrated in Figure 6.1.16.  Each symbol represents an estimate of ΔI based on 

one block of trials and there were six blocks of trials per pedestal.  Intensity is 

proportional to the square of pressure and the net effect of this transformation is a 
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Figure 6.1.16 : Difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for four 
observers. The data have been normalised with respect to absolute threshold, I0. 
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compression and upwards translation on the y-axis but not the x-axis.  A comparison 

of Figure 6.1.16 with Figure 6.1.7, where the data are expressed in terms of pressure, 

shows that for the data collected around threshold, the differences between the 

pedestals are greatly attenuated and the data have been vertically displaced up the 

axis.   

 

Mean thresholds for individual data expressed in units of intensity are 

displayed in Figure 6.1.17.  Arguably, all but BM have slight nonmonotonic 

functions.  Note that with the data compressed on the y-axis the confidence intervals 

are remarkably reduced.  Even in these coordinates there is still two-to-three dB of 

negative masking.  A linear increment in ΔI is apparent for pedestals greater than the 

absolute threshold. These results are consistent with the findings of Hanna, von 

Gierke, and Green (1986), and Viemeister and Bacon (1988).    
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Figure 6.1.17 : Mean difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for 
four observers. The data have been normalised with respect to absolute threshold, I0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet. 
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Figure 6.1.18 : Grouped data. (A) Difference thresholds, ΔI, in intensity units, as a function of pedestal 
level, I, for four observers. (B) Mean values of ΔI for each observer and (C) the grand mean of ΔI 
across all observers plotted with regard to pedestal.  Stimuli were 10-ms 1000-Hz sinusoids presented 
in quiet. 
 
 

The tight clustering of data evident in Figure 6.1.18A and 6.1.18B indicate 

that it is permissible to collate individual means (Figure 6.1.18C).  When plotted in 

terms of intensity the minima of the group data is no longer when the abscissa is 0 dB 

SL but instead -3 dB SL.  The reduced level of negative masking relative to data 

plotted in units of pressure is evident, and though not as pronounced, a slight 

nonmonotonic relationship persists.   
 

THE SENSORY ANALYTICAL MODEL 
 

It is counter to the stipulates of Laming’s (1986) theory to plot the data in 

units of intensity, though this has not prevented some from doing so (see Green 

(1988) for an example).  As originally conceived, Laming’s model forcefully argued 

that pressure was the correct unit of auditory stimuli.  As Laming’s model was never 

intended to be used with stimuli expressed in units of intensity it will not be fitted to 

the data collected in this study when expressed in terms of intensity.    
 

NONLINEAR TRANSDUCTION MODEL 
 

The best-fitting functions in Figure 6.15 are predictions from a nonlinear 

transducer (see Chapter IV) proposed by Hanna, von Gierke, and Green (1986).  The 

functions, as they appeared in Sigma Plot’s built-in regression wizard, are: 

 
10*log(d*(10^(x/10))^e),                                                           
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for suprathreshold data, and 
 

10*log(((1+((10^(x/10)))^b))^(1/b)-(10^(x/10))),      
  

for subthreshold data.  While Figure 6.1.19 displays the functions fitted to individual 

data, Figure 6.1.20 shows the functions as fitted to group data.  As with the pressure 

data, the subthreshold functions were fitted to pedestals equal to, and below, absolute 

threshold, while the suprathreshold functions were fitted to pedestals equal to, and 

greater than, the absolute threshold.   

 

The best-fitting parameter estimates are presented in Table 6.1.5.  Noteworthy 

are the fits to both the subthreshold and suprathreshold functions, all of which are 

worse than the data expressed in units of pressure.  The parameter, d, associated with 

suprathreshold functions, determines the y-intercept of the line.  Values greater than 

one indicate a positive intercept and a reduction in the level of negative masking.  As 

d becomes more positive the degree of negative masking decreases.  Comparison of 

these parameter values with those estimated for data expressed in units of pressure 

(Table 6.1.3) show that the intercepts are higher and closer to unity when the data are 

expressed in units of intensity.  The value of d for the group data does in fact exceed 

unity, and inspection of Figure 6.1.20 shows that negative masking is eliminated 

when the pedestal is equal to zero.    

 

 

 
Table 6.1.5 : Parameter estimates and goodness-of-fit statistics for the nonlinear transduction model 
for when the stimuli are expressed in units of intensity.     
 
 
 Subthreshold  Suprathreshold 
 b R2  d e R2

 
IK 1.52 0.690 0.910 0.960 0.995 
MH 1.38 0.750 0.996 0.960 0.998 
BM 2.33 0.290 0.960 0.970 0.996 
DS 2.63 0.024 0.948 0.950 0.996 
Group 2.06 0.525 1.054 0.974 0.998 
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Figure 6.1.19 : Mean difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for 
four observers. The data have been normalised with respect to absolute threshold, I0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.  Best fitting lines from Hanna, von Gierke, and Green (1986). 
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Figure 6.1.20 : The grand mean of ΔI across all observers plotted with regard to pedestal level.   
Stimuli were 10-ms 1000-Hz sinusoids presented in quiet.  The best-fitting lines are predicted from the 
nonlinear transduction model.   
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Figure 6.1.21 : Mean difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for 
four observers. The data have been normalised with respect to absolute threshold, I0.  Stimuli were 10-
ms 1000-Hz sinusoids presented in quiet.  The fitted model comes from Viemeister and Bacon (1988).  
 
 
VIEMEISTER AND BACON (1988) 
 

Expressed in units of intensity, the best fitting curves predicted by Viemeister 

and Bacon’s (1988) model are shown in Figure 6.1.21 for individual data.  In keeping 

with Viemeister and Bacon (1988), the range of pedestals has been reduced to those 

approximately equal to, and less than, 35 dB SPL.  As with the pressure data (Figure 

6.1.10), the model exhibits difficulty in accounting for data at the minimum.  The  

 

 
Table 6.1.6 : Best-fitting parameters for Viemeister and Bacon’s (1988) model of level discrimination.  
Stimuli were 10-ms 1000-Hz sinusoids expressed in units of intensity.   
 
 
 i k b R2

 
IK 0.164 0.880 2.203 0.943 
MH 0.315 0.742 1.623 0.918 
BM 0.263 0.706 2.004 0.966 
DS 0.189 0.808 2.827 0.969 
Group 0.344 0.735 1.596 0.971 
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Figure 6.1.22 : The grand mean of ΔI across all observers plotted with regard to pedestal level.   
Stimuli were 10-ms 1000-Hz sinusoids presented in quiet.  Here Viemeister and Bacon’s (1988) model 
is fitted to the group data. 
 
 
group data displayed in Figure 6.1.22 reinforces this inadequacy.  Table 6.1.6 presents 

the parameter estimates and goodness-of-fit statistic.  In general the model accounts 

much better for the data when expressed in units of intensity rather than pressure (cf. 

Table 6.1.4).     

 

DISCUSSION 
 

Detection data 
 

Garner (1947), using the Method of Limits, estimated the absolute threshold 

for a 10-ms sinusoid to be approximately 13 dB SPL.  The values in Table 6.1 agree 

with this estimate, and although Observer BMs threshold appears high, it is not 

possible to compare it directly to Garners (1947) data as only group means 

unaccompanied by standard deviations were presented.  The higher thresholds 

obtained in the present study can be partly explained by the fact that binaural 

thresholds are lower than monaural thresholds (Dierecks & Jeffress, 1962), and while 

Garner’s observers listened binaurally, the thresholds presented in Table 6.1 are 

monaural thresholds.  One further consideration is that the Method of Limits was used 

by Garner, where-as the present experiment utilised an adaptive procedure.  The 

Method of Limits, as used by Garner, has been known to give smaller threshold 

estimates than the more rigorous 2-IFC task (Laming, 1986), which in turn yields 

similar threshold values to the adaptive procedure used in the present experiment 

(Wier, Jesteadt, & Green, 1976).   
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Florentine, Fastl, and Buus (1988) afford a more direct comparison with the 

thresholds presented in Table 6.1.  Their threshold estimates for 8-ms 1000-Hz 

sinusoids presented monaurally to observers in a 2-IFC two-down, one-up adaptive 

procedure ranged between 14 and 22 dB SPL.  Moreover their support for an average 

decrease in threshold of 10 dB per temporal decade (e.g., Hughes, 1946; Watson and 

Gengel, 1969) allows an indirect comparison to be made with the 100-ms sinusoids 

used by Hanna, von Gierke, and Green (1986).  Using four observers they estimated 

absolute thresholds between 3 and 5 dB SPL.  By applying the 10 dB per decade 

relation we would expect these observers to have thresholds between 13 and 15 db 

SPL for sinusoids of 10 ms, which observers MH and DS from the present study 

clearly do.  The finding that observers IK and BM do not fall in this range may be 

accounted for by their lack of experience in psychophysical tasks compared to MH 

and DS. Furthermore, the observers in Hanna, von Gierke, and Green’s (1986) study 

were listening binaurally.  

 

Discrimination data 
 

The nonmonotonic behaviour of ΔL as a function of pedestal level has been 

reported previously in the literature (Viemeister and Bacon, 1988).  The qualitative 

nature (i.e., shape) of this function was demonstrated by all observers (see Figure 

6.1.6) who participated in the present study. Group data are displayed in Figure 6.1.23 

which emphasizes the nonmonotonic relationship between ΔL and pedestal.    In these   

 

20 log (p/p0)

-10 0 10 20 30 40 50 60

Δ
L

0

2

4

6

8

10

 
Figure 6.1.23 : A line graph showing nonmonotonic behaviour between ΔL and pedestals for 1000-Hz 
sinusoids presented in quiet. 
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coordinates, Weber’s law predicts a straight horizontal line, that is,  ΔL is invariant 

across pedestal values: ⎟
⎠
⎞

⎜
⎝
⎛ Δ
+

x
x1log20 .  Such a function is, however, not readily 

apparent from inspecting Figure 6.1.23.    

 

When expressed in units of pressure, difference thresholds for pedestals 

bracketing absolute threshold are less than the absolute thresholds, that is, negative 

masking is observed.  This was found for all observers, and the extent of negative 

masking can be again viewed in Figure 6.1.24.  The primary purpose of this figure is, 

however, to show graphically the utility in using sensation level to make trends in 

data more obvious.  As a measure, sensation level is not often used, a consequence of 

the burden of having to estimate absolute thresholds beforehand.  Figure 6.1.24A 

shows difference thresholds (ordinate) and pedestals (abscissa) normalised with 

respect to the observer’s absolute threshold.  The lack of standardisation from not 

using sensation level is evident in Figure 6.1.24B – data look unruly and extracting 

trends is more difficult.       

 

Negative masking is more manifest when difference thresholds are expressed 

in units of pressure than intensity: approximately 10 dB vs. 2 dB.  These values 

concur with those reported by Hanna, von Gierke, and Green (1986) to within 1 dB 

even though in their studies the sinusoid was 100 ms in duration.  This finding 

contradicts results reported by Raab, Osman and Rich (1963) who found that 
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Figure 6.1.24 : Two views of discrimination data: A) expressed in sensation level, and B) expressed in 
dB SPL. 
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as duration decreases so too does negative masking.  Pertinently they reported no 

negative masking for noise of the duration utilised in this study (10 ms) and around 10 

dB of negative masking for 100-ms noises.  Viemeister and Bacon (1988) employed 

200-ms 1000-Hz sinusoids and reported the levels of negative masking to be 

approximately 10-11 dB.  Clearly the assertion that negative masking diminishes with 

duration is not upheld by the data and further experimental clarification is required.       

 
A quantitative prediction of Laming’s model that is open to experimental 

probing is that the minimum should occur around 5 dB SL.  Viemeister and Bacon 

(1988), using 200-ms sinusoids, found just this, though Hanna, von Gierke, and Green 

(1986) reported their minimums for 100-ms sinusoids to be centred on absolute 

threshold (i.e., 0 dB SL).  The data obtained in the current enterprise also finds 

minima occurring around 0 dB SL.     

 

Another point of interest is the extension of Viemeister and Bacon’s (1988) 

range of pedestals for which they apply their model.  Although they themselves 

collected data out to 120 dB SPL they nevertheless only fitted their model to pedestals 

below 35 dB SPL.  Figure 6.1.24 demonstrates the effect of extending the range of 

their model to include all levels of pedestal for group data expressed in units of 

intensity.  The best-fit statistic showed that over this range the model accounted for 

the data well (R2=0.996).  However, fits to the data expressed in units of pressure 

returned particularly poor fits.    
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Figure 6.1.24 : Viemeister and Bacon’s (1988) model fitted across the entire range pedestal levels. 
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Experiment 6.2 : Negative Masking in Continuous Noise 
 

 
INTRODUCTION 
 

 The diminished level of negative masking obtained for sinusoids presented 

against a continuous noise background reported by Hanna, von Gierke, and Green 

(1986) can be explained by the added effect of endogenous and exogenous noise.  

Hanna et al. noted, in an additional experiment, that the shape of the psychometric 

function for detection differs depending on whether or not background noise was 

used.  They found, when a sinusoid is added to a noise background, a shallower 

psychometric function is produced.  This change in shape was argued to be a 

consequence of an increase in variability caused by the exogenous noise.  Extending 

the argument to discrimination functions, sinusoids presented in quiet will only be 

affected by endogenous noise; sinusoids presented in a noise background will be 

limited by both the endogenous and exogenous noise.  The increase in variability 

consequent with an increase in noise will likewise yield a shallower psychometric 

function.  It follows that as the shape of the psychometric function becomes 

shallower, both discriminability and the magnitude of negative masking will decrease. 

 
 In making their argument, Hanna, von Gierke, and Green (1986) 

acknowledged that an explanation based on added variability to the decision process 

did not concur with the findings of Raab, Osman, and Rich (1963b).  The near-

threshold broadband noise stimuli employed by Raab et al. would produce less 

variability in the decision statistic than would a narrowband noise or a sinusoid 

(Hanna, von Gierke, and Green, 1986). Yet, in intensity units, negative masking was 

severely diminished.  Thus although an explanation based on added variability 

correctly predicts a decrease in the level of negative masking due to the introduction 

of a noise background, it does not appear to generalize to all classes of stimuli. 

 
 Laming’s theory (1986) states that a square-law transform of circa-threshold 

stimuli serves to enhance small amplitude differences between two stimuli.  The 

sensory analytical model involves a linear rectifier and a differential coupler which 

pick out spectral and/or temporal contrasts from the noise background.  Auditory 

stimuli are differentiated in both the time and the frequency domains, and the more 
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informative of the two determines the threshold level (Laming, 1986).  For auditory 

stimuli less than 100 ms in duration the temporal differentiation is the more dominant 

of the two cues.  However, temporal decoupling alone does not create negative 

masking (Laming, 1988), and differential coupling in the temporal domain must be 

augmented by differentiation in the frequency domain as well.  For stimuli greater 

than 100 ms spectral differentiation becomes the more dominant.  

 

The use of a continuous background noise and a 10-ms sinusoid results in 

differential coupling being undertaken in the time domain: that is, the extraction of a 

signal from noise will rely upon a temporal contrast.  For stimuli at threshold, this 

temporal contrast will result from a square-law transform effected by the differential 

coupler.  Consequently, the decision statistic becomes, for a difference discrimination 

between X and X+ΔX at threshold, X2 and (X+ΔX)2 respectively.  The effect of the 

square-law transform on the decision variable, which becomes 2XΔX+ΔX2, is to 

increase thresholds and steepen the psychometric function, thus reducing the level of 

negative masking (Hanna, von Gierke, and Green, 1986).    Specifically, Laming’s 

sensory analytical model predicts that as the absolute threshold increases, as a result 

of introducing a continuous noise, the observer is less able to use the temporal 

contrast produced by the emergence of ΔX from the audible noise background. The 

ability of Laming’s model to account for the data will also be directly tested – the first 

time this has been done with negative masking data.            

      

 The object of Experiment 6.2 was to reproduce the results of Hanna, von 

Gierke, and Green (1986) and ascertain whether or not there is a reduction in the level 

of negative masking when continuous noise was present, relative to Experiment 6.1.  

Methodologically, the experiment was identical to Hanna, von Gierke, and Greens’ 

(1986) in all but one detail: a 10-ms, as opposed to a 100-ms, sinusoid was employed.  

Given their results, and taking into account the stipulates of Laming’s theory and the 

limiting effect of adding variance to the decision statistic by way of a noise 

background,  it is expected that the degree of negative masking will lessen compared 

to masking functions obtained with sinusoids presented in quiet.  Additionally, the 

uncertainty hypothesis could account for a decrease in negative masking by evoking 

an explanation based on temporal uncertainty.    
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METHOD 
 
Observers 
 
 Three of the observers (MH, BM, and DS) who participated in Experiment 6.1 

acted as observers in Experiment 6.2.  Only one observer (BM) received a financial 

incentive to participate. 

 
Stimuli 
 

The stimuli employed in Experiment 6.2 were identical to those utilised in 

Experiment 6.1 with the addition of a 20 dB SPL noise background that was present 

for the duration of an experimental block.   

 
Apparatus 

 
The inclusion of background noise required a noise generator and a signal 

mixer.  The continuous noise was generated by a TDT System II programmable 

waveform generator (WG2) containing its own onboard digital-to-analogue converter 

with a sampling rate of 55,000 samples-per-second.  The output amplitude of the 

generator was 9.99 volts, and the instantaneous amplitude of the waveform had a 

Gaussian distribution.  Figure 6.2.1 shows a one second burst of Gaussian noise as 

sampled from the generator.  The bandwidth of the noise was 0-Hz to 20-kHz 

although the limited frequency response of the Telephonics (TDH-49P) earpiece acted 

to reduce the frequency range from 0-Hz to approximately 8-kHz for the auditory 

noise stimulus.  The response characteristics of the earphone matched those reported 

in the literature (Reed & Bilger, 1973).  

 
 

 
Figure 6.2.1 : A time-domain representation of a one-second burst of Gaussian noise generated in 
LabVIEW.  
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From the noise generator the noise was routed through a TDT System II 

programmable attenuator (PA4) which performed a linear attenuation of the noise to a 

level that remained invariant throughout the block of trials.  A TDT System III signal 

mixer (SM5) then mixed the noise and the 1000-Hz sinusoid together before 

dispatching them to the headphone buffer. Figure 6.2.2 illustrates the apparatus 

employed in Experiment 6.2.   

 

Calibration of the noise was undertaken using an artificial ear (Brüel & Kjaer: 

Type 4152), with a condenser microphone (Brüel & Kjaer: Type 4144) and measuring 

amplifier (Brüel & Kjaer: Model 2610).  This setup measured the total noise power 

(TP) in the 8000-Hz band.  The spectrum level (or noise power density, No) of the 

noise, that is the power contained within a 1-Hz band, is derived by solving the 

following equation 

 
ωlog10+= oNTP  

for No: 
ωlog10−= TPNo  

 
Prior to attenuation the spectrum level of the noise across the ear phone was 

86 dB SPL.  This level was attenuated a further 66 dB SPL by the PA4 to produce a 

continuous background noise masker of 20 dB SPL spectrum level. 

 
 
 
 

Interface 
(BNC-2090) 

Attenuator 
(TF 2162) 

Attenuator 
(TDT PA5) 

Headphone Buffer 
(TDT HB7) 

Computer 
(PCI-6052E) 

Response 
Terminal 

Noise 
(TDT WG2) 

Attenuator 
(TDT PA4) 

Signal Mixer 
(TDT SM5) 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
Figure 6.2.2 : Diagram of equipment used in Experiment 6.2 (see text for details). 
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Procedure 
 

 As with Experiment 6.1, Experiment 6.2 consisted of two parts: initially, the 

estimation of the observer’s absolute thresholds, and following this, the estimation of 

difference thresholds at numerous pedestal levels. The estimation of difference 

thresholds is based upon pedestals presented in units of sensation level, and this 

necessitated the inclusion of a detection task.  Each will be described in turn. 

 
Determination of absolute thresholds. 
 

 Absolute thresholds for the noise-embedded 10-ms 1000-Hz sinusoid were 

determined using the same procedure described in Experiment 6.1 with the exception 

that a noise background was present throughout a block of trials without disruption.  

 

Determination of difference thresholds. 

 

  Difference thresholds were estimated using the same three-down, one-up 

adaptive procedure used in Experiment 6.1.  There were 10 levels of pedestal: -9, -6,  

-3, 0, 3, 6, 9, 15, 20, and 30 dB SL and the level of the pedestal for any particular 

block of trials was randomly selected.  Note that the values of the three largest 

pedestals (15, 20, and 30 dB SL respectively) do not accord with those of Experiment 

6.1 (20, 40, and 60 dB SL).  If these original values were retained then sinusoids 

approaching the terminal threshold of hearing would need to be presented to 

observers, causing potential discomfort or irreversible damage. 

  
 Each observer undertook several practise blocks per pedestal level and the 

final difference thresholds were the average of six experimental blocks.  Stimuli were 

presented monaurally to the observer’s left ear. 

 
RESULTS 
 

Detection data 
 

 Mean absolute thresholds are presented in Table 6.2.1.  Bivariate correlations 

between the observer’s ten threshold values and block number were undertaken to 

seek evidence of improvement due to practise effects.  None of the observers returned  
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Table 6.2.1 : Means, standard deviations (SD), and Pearson’s r statistics for absolute thresholds 
obtained for each observer.  Stimuli were 10-ms 1000-Hz sinusoids presented in continuous noise.     
 
 

 MH BM DS Mean 
Mean (dB SPL) 51.69 49.96 50.24 50.60 
SD 1.110 2.530 0.800 0.76 
Pearson’s r 0.220 0.230 -0.19  
 
 

  
 
a statistically significant Pearson’s r statistic (α=0.05), indicating stable performance 

was achieved.  The mean threshold across observers (50.6 dB SPL) is approximately 

30 dB SPL above the noise spectrum level.  Figure 6.2.3 depicts individual threshold 

values graphically.  The data in general show little variability aside from the estimate 

at block number eight for observer BM.   

 

Discrimination data 
 
 Raw data, threshold estimates, and best-fitting parameters for the three fitted 

models of auditory level discrimination can be viewed in Appendix E.  As with the 

results presented in Experiment 6.1, the data were again expressed in units of pressure 

or intensity.  The data are presented first in units of pressure and then in units of 

intensity.  The sensory analytical model, the nonlinear transduction model and the 

level discrimination model proposed by Viemeister and Bacon (1988) will be fitted to 

the data expressed in units of pressure.  In units of intensity only the nonlinear 

transduction model and Viemeister and Bacon’s model will be applied to the data.  
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Figure 6.2.3 : Masked detection thresholds for each observer.  The solid line is the line of best-fit.  The 
broken line represents the average of ten threshold estimates obtained from each block.  Stimuli were 
10-ms 1000-Hz sinusoids presented in continuous noise.       
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PRESSURE 
 

The Level Difference: ΔL 
 

Values of ΔL, plotted as a function of pedestal level, are presented in Figure 

6.2.4.  As with Experiment 6.1 all data are normalised with respect to the observer’s 

absolute threshold.  The upper graphs show, at each pedestal level, the six estimates 

of ΔL corresponding to the six blocks of trials undertaken by each observer.  The 

lower graphs show the averages of these six blocks, complete with 95% confidence 

intervals.   Data follow a similar trend to those obtained from Experiment 6.1 (see 

Figure 6.1.2) except at the highest pedestal level (30 dB SL) for observer BM.  A 

local minimum was again evident around a pedestal of 0 dB SL.        
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Figure 6.2.4 : Plots of individual ΔLs, as a function of pedestal level, normalised with respect to the 
absolute threshold p0.  The first row of plots shows estimates of ΔL for each of the six blocks per 
pedestal level.  The second row is the arithmetic average of six blocks per pedestal level.  Stimuli were 
10-ms 1000-Hz sinusoids presented in continuous noise.      
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The Difference Threshold: Δp 
 

 Values of Δp were extracted in an identical manner to that described in 

Experiment 6.1.  Values for each individual and for group data are presented in Figure 

6.2.5.  There are six estimates of Δp for each of the ten pedestal levels.  Pedestals and 

estimates of Δp are presented as sensation levels.  Inspection of the group data reveals 

that negative masking is apparent for pedestals equal to, and less than, 3 dB SL, in 

that Δp takes on negative values in this region.  Beyond this region, a linear 

relationship emerges for suprathreshold pedestals – that is, pedestals equal to, and 

greater than, 6 dB SL.  For suprathreshold pedestals, the values of Δp for Observer 

BM seem to increase at a rate greater than those of the other two observers.        

 
 The averaged individual and group data presented in Figure 6.2.6 include 95% 

confidence intervals.  Presented this way, the argument for negative masking in circa-

threshold regions, and linearity in suprathreshold regions, finds further support.   
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Figure 6.2.5 : Difference thresholds, Δp, in units of pressure, as a function of pedestal level, p, for each 
observer.  The data have been normalised with respect to absolute threshold (p0).  Each point represents 
the mean threshold estimated from a single block of trials.  Stimuli were 10-ms 1000-Hz sinusoids 
presented in continuous noise.       
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Figure 6.2.6 : Mean difference thresholds, Δp, for 10-ms 1000-Hz sinusoids presented in noise as a 
function of pedestal level, p, for individual and group data. The data have been normalised with respect 
to absolute threshold (p0). 
 
 
Taken across the full range of pedestals, a nonmonotonic relationship exists with a 

minimum evident at 0 dB SL.  For the group data, the amount of negative masking is 

approximately 9 dB SL. 

 

THE SENSORY ANALYTICAL MODEL 
 

 The sensory analytical model (Laming, 1986) was fitted using the procedure 

described in Experiment 6.1.  Table 6.2.2 consists of parameter estimates and a 

goodness-of-fit statistic for suprathreshold functions fitted to the data in Figure 6.2.7.  

In general the fits are excellent, most notably for the group data.  An exception is the 

high Δp value associated with BM’s 30 dB SL pedestal.  The subthreshold function 

represents the lower bound of performance and slightly underestimates the degree of 

negative masking.  It is clear that between them, the two lines effectively account for 

the bulk of the data.   
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Table 6.2.2 : Parameter estimates for the sensory analytical model and the goodness-of-fit statistic, R2, 
for individual and group data. 

 
 

R2 Θ c 
 

MH 0.287 0.7240 0.8855 
BM 0.740 0.4864 0.9668 
DS 0.225 1.1030 0.9556 

Group 0.417 0.7711 0.9934 
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Figure 6.2.7 : Mean difference thresholds, Δp, for 10-ms 1000-Hz sinusoids presented in noise as a 
function of pedestal level, p, for individual and group data. The data have been normalised with respect 
to absolute threshold (p0).  The best-fitting functions based on the sensory analytical model.   
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NONLINEAR TRANSDUCTION MODEL 
 

 The theoretical functions proposed by Hanna, von Gierke, and Green (1986) to 

account for subthreshold and suprathreshold data were fitted and can be inspected in 

Figure 6.2.8.  The parameter estimates for both functions are displayed in Table 6.2.3 

along with goodness-of-fit statistics.  The solitary subthreshold parameter, b, is 

similar in value to that reported by Hanna, von Gierke, and Green (1986), who 

reported a b value of two (compare group: b=1.945).  Unfortunately they failed to 

report the parameter estimates obtained from their suprathreshold functions and so a 

direct comparison is not possible.  One further interesting feature in Table 6.2.3 is that 

the values of d associated with the suprathreshold function are all less than unity.  

This indicates that the model is predicting negative masking for the discrimination of 

p and p+Δp for p around absolute threshold.   
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Figure 6.2.8 : Mean difference thresholds, Δp, for 10-ms 1000-Hz sinusoids presented in noise as a 
function of pedestal level, p, for individual and group data. The data have been normalised with respect 
to absolute threshold (p0).  The equations used to fit the two curves to each set of data come from 
Hanna, Von Gierke, and Green (1986).  
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Table 6.2.3 : Estimates of parameters for the nonlinear transduction model proposed by Hanna, von 
Gierke, and Green (1986).  The left side of the table reports parameters associated with a subthreshold 
function while the right side reports those for a suprathreshold function.   
 
 

 Subthreshold Suprathreshold 
b R2 d e R2 

 
MH 2.331 0.989 0.310 0.767 0.930 
BM 1.893 0.985 0.239 1.448 0.977 
DS 1.887 0.639 0.224 0.763 0.980 

Group 1.945 0.750 0.467 0.952 0.993 
 
 

 
 
VIEMEISTER AND BACON (1988) 
 

 The fitting of Viemeister and Bacon’s (1988) model to the data collected in 

Experiment 6.2 was identical in procedure to that outlined in Experiment 6.1.  Table 

6.2.4 gives the best-fitting parameters and goodness-of-fit statistics. Individual 

differences are evident both in the parameter values as-well-as the values of R2.   
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Figure 6.2.9 : Mean difference thresholds, Δp, for 10-ms 1000-Hz sinusoids presented in noise as a 
function of pedestal level, p, for individual and group data. The data have been normalised with respect 
to absolute threshold (p0).  Best-fitting curves from Viemeister and Bacon (1988) for individual and 
mean group data.  Note the reduced range of pedestals compared to other graphs in this series.    
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Table 6.2.4 : Best-fitting parameters for Viemeister and Bacon’s (1988) model of level discrimination.   
 
 
 i k b R2

 
MH 0.197 1.813 1.195 0.774 
BM 0.001 3.836 7.483 0.947 
DS 0.327 1.338 1.949 0.736 
Group 0.082 2.021 3.001 0.865 
 
 
 
Figure 6.2.9 shows the functions are unable to account for estimates of Δp at the 0 dB 

SL pedestal level, which coincides with the minima of the data.  This is true for both 

individual and group data, indicating the model is underestimating the degree of 

negative masking.     

 

INTENSITY 
 

The Difference Threshold: ΔI 
 

 
   Individual data are displayed both in isolation and as a group in Figure 

6.2.10.  Six blocks of trials per pedestal level were undertaken, and each block yielded 

an estimate of ΔI.  In contrast to the same data expressed in units of pressure (see 

Figure 6.2.4) the intensity data (Figure 6.2.10) appear substantially more monotonic, 

and negative masking levels are negligible.  The overlaid individual data (Figure 

6.2.10) affords a comparison between the ΔI values estimated from each observer.  

The group data are in agreement with each other except at the 30 dB SL pedestal 

level.  Here, the idiosyncratic behaviour of BMs data contrasts markedly with the 

others.          
 
 Average ΔIs as a function of pedestal level for each observer and for the 

arithmetic average of all observers are presented in Figure 6.2.11.  Negative masking 

is completely absent for observer BM and is approximately 1-2 dB SL for the 

remaining observers.  These results agree with those reported by Hanna, Von Gierke, 

and Green (1986).  The behaviour of the suprathreshold stimuli for individual and 

group data demonstrates Weber’s law.    
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Figure 6.2.10 : Difference thresholds, ΔI, for 10-ms 1000-Hz sinusoids presented in noise, in intensity 
units, as a function of pedestal level, I,  for each observer and for group data. The data have been 
normalised with respect to absolute threshold, I0.  Each symbol represents a different experimental 
block. 
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Figure 6.2.11 : Mean difference thresholds, ΔI, in intensity units, as a function of pedestal level, I,  for 
averaged individual data and group data.  The data have been normalised with respect to the absolute 
threshold, I0.  Stimuli were 10-ms 1000-Hz sinusoids presented in continuous noise.     
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Nonlinear Transduction Model 
 

 Table 6.2.5 displays best-fitting parameter estimates for the nonlinear 

transduction model proposed by Hanna, von Gierke, and Green (1986).  The 

goodness-of-fit statistic, R2, suggests the suprathreshold and subthreshold equations 

give a better fit to the data when the stimuli are presented in units of intensity rather 

than pressure (compare Table 6.2.3).  The suprathreshold parameter, d, being close to 

or greater than unity indicates that the model is not predicting any negative masking 

for the 0 dB SL pedestal.  The slope parameter, e, takes on an almost identical value 

for observers MH and DS (both have e=0.86), but is higher for observer BM (e=1.2).  

The parameter estimates for the suprathreshold equations compare well to those 

reported by Hanna, von Gierke, and Green (1986).  Their subthreshold (b=1) and 

suprathreshold (d=0.8, e=0.9) parameters are sufficiently close to those reported by 

the present study (see Table 6.2.5).  The best-fitting lines can be viewed for averaged 

individual and group data in Figure 6.2.12.  
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Figure 6.2.12 : Mean individual and group difference thresholds, ΔI, in intensity units, as a function of 
pedestal level, I.  Lines of best-fitting are from Hanna, von Gierke, and Green’s (1986) nonlinear 
transduction model. Stimuli were 10-ms 1000-Hz sinusoids presented in continuous noise.   
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Table 6.2.5 : Parameter estimates for the nonlinear transduction model for data expressed in units of 
intensity.  The left side of the table reports parameters associated with the subthreshold function while 
the right side reports those for a suprathreshold function.  
 
 
 Subthreshold Suprathreshold 

b R2 d e R2 
 

MH 1.160 0.710 1.437 0.864 0.979 
BM 0.938 0.965 0.922 1.199 0.995 
DS 0.979 0.910 1.153 0.868 0.994 
Group 1.007 0.989 1.073 0.977 0.998 
 
 
  
 
VIEMEISTER AND BACON (1988) 
 

The inability of Viemeister and Bacon’s (1988) model to account for data at 

the 0 dB SL pedestal level is evident in Figure 6.2.13, which shows mean individual 

and group difference thresholds, ΔI, as a function of pedestal level, I.  The parameter 

estimates and goodness-of-fit statistics are displayed in Table 6.2.6.  Reference to 

Table 6.2.4 shows that the model gives better fits to the data when expressed in terms 

of intensity rather than pressure.    
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Figure 6.2.13 : Viemeister and Bacon’s (1988) model fitted to mean individual and group data 
expressed in units of intensity.   
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Table 6.2.6 : Parameter estimates and goodness-of-fit statistics for Viemeister and Bacon’s (1988) 
model of level discrimination.   
 
 
 i k b R2

 
MH 0.393 0.805 1.858 0.925 
BM 0.096 0.970 4.655 0.975 
DS 0.462 0.808 1.301 0.948 
Group 2.062 0.880 2.062 0.966 
 
 
 
DISCUSSION 
 

Detection data 
 

The absence of substantial differences between observers for absolute 

thresholds measured in noise contrasts with the thresholds obtained without noise in 

Experiment 6.1.  The range of thresholds for the noise condition is 1.73 dB SPL 

compared to a range of 9.1 dB SPL for the quiet condition (Experiment 6.1).  This 

result is consistent with previous studies which demonstrate that the thresholds for 

sinusoids presented in a noise background not only show great consistency among 

observers but also strong agreement between independent studies estimating these 

thresholds (Green, 1993). Indeed Green (1993) has termed noise “the great leveller” 

(p. 27) in light of the uniformity of performance exhibited by observers.  

 
Hanna, von Gierke, and Green (1986) estimated absolute thresholds for 100-

ms 1000-Hz sinusoids in a continuous noise background of 20 dB SPL spectrum 

level.  These absolute thresholds were 35 dB greater than the noise background, 

compared to those of the present study which are about 30 dB greater.  This difference 

between these two studies is interesting as it would be expected that the study using 

the longer sinusoids would yield the lower absolute thresholds.  Such an expectation 

has empirical veracity (e.g., see Garner, 1947) when comparing 10-ms and 100-ms 

sinusoids in continuous noise (Tucker, Williams, and Jeffress, 1968).  A further 

consideration is the use of headphones.  Hanna, von Gierke, and Green’s (1986) study 

employed binaural headsets while the present study used monaural.  It would again be 

expected that 100-ms sinusoids presented binaurally would be easier detected than 10-

ms sinusoids played through monaural headphones (Dierecks and Jeffress, 1962).  
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Presently, this difference between the two studies admits no explanation, and may 

result from differences in observer sensitivity.      

 

Discrimination data 
 

Figure 6.2.14 emphasises the nonmonotonic relationship between ΔL and 

pedestal level for group data, evident in the midlevel rise.    If Weber’s law was 

operating across the entire range of the pedestal levels we would expect data to cluster 

around a best-fitting horizontal line.  It is evident from Figure 6.2.14 that, especially 

for lower levels of pedestals (i.e., below 0 dB SL), this is not the case.  Comparable 

with the results obtained in Experiment 6.1 (see Figure 6.1.19) a local minimum exists 

at 0 dB SL pedestal level.  The data in Figure 6.2.14 appear better described by a two-

segment function: a monotonically decreasing function accounting for the low level 

pedestals (i.e., ≤ 0 dB SL) and for suprathreshold pedestals (i.e., > 0 dB SL), a 

straight-line representing Weber’s law. 

 
For Experiment 6.2 approximately 8-9 dB of negative masking is obtained 

when difference thresholds are presented in units of pressure.  When intensity is the 

unit of choice, however, negative masking is all but eradicated.  An identical finding 

was reported by Hanna, von Gierke, and Green (1988), and thus we can state that their 

results have been replicated successfully.    
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Figure 6.2.14 : Difference limens, ΔL, as a function of pedestal level,  p, for mean group data,  
normalised with respect to the absolute threshold, p0.  
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 The introduction of a continuous noise background affected the overall level 

of negative masking.  Compared with Experiment 6.1, the amount of negative 

masking was approximately 2 dB less, regardless of the units in which the data were 

expressed.  The nonmonotonic relationship between difference threshold and pedestal 

was also greatly reduced compared to Experiment 6.1, to the point that when the data 

were plotted in units of intensity, a monotonic relationship is evident.  This 

attenuation of negative masking is predicted by the sensory analytical model, 

temporal uncertainty on the part of the observer (i.e., the uncertainty hypothesis), and 

by an increase in the variability of the decision statistic (Hanna, von Gierke, and 

Green, 1986).  Which of the three explanations is the more likely cannot be 

determined using the data from this experiment.   

 

   As with Experiment 6.1, three models were fitted to the data: the sensory 

analytical model, the nonlinear transduction model, and Viemeister and Bacon’s 

(1988) three-parameter model.  In the subthreshold region the sensory analytical 

model is better able to account for the data when presented in a continuous noise 

background than when presented in quiet (see Experiment 6.1).  The Weber fractions, 

Θ, estimated from observers MH and DS are almost identical between the two 

experiments.  Observer BM’s differed substantially, and BM’s poor performance with 

suprathreshold pedestals cannot be explained.     

 

 The parameter, i, of Viemeister and Bacon’s (1988) model represents an 

internal noise constant.  It might be expected that, with the addition of a continuous 

noise background, the value of this constant will increase compared to its value 

estimated in Experiment 6.1.  The addition of external noise has been shown to 

increase the level of internal noise (Cremer, Kok, Zeef, and Keuss, 1996).  Only for 

observer DS did i increase (quiet=0.0181 vs. noise=0.3277), while MH stayed roughly 

the same (quiet=0.217 vs. noise=0.1978) and BM’s value decreased substantially 

(quiet=0.0959 vs. noise=0.0004).   

 
Plotted in units of intensity, Viemeister and Bacon’s (1988) model was again 

fitted to the entire range of the data (Figure 6.2.15).  The good-fit evident in Figure 

6.2.15 is reflected in the high goodness-of-fit statistic (R2=0.993).  In common with 
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the individual data however, the ability of the model to account for data at the 0 dB 

SL pedestal is undemonstrated, and fits to the data expressed in pressure units were 

poor.      
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Figure 6.2.15 : The model of Viemeister and Bacon (1986) fitted to the complete range of intensity 
data.   
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6.3 : Negative Masking in Gated Noise 
 

 
INTRODUCTION 
 

 Gated-noise maskers produce more masking of a sinusoid than do continuous-

noise maskers.  This difference is however, quite small, though the largest differences 

have been reported with 1000-Hz sinusoids of 10 ms duration (Wier, Green, Hafter, 

and Burkhardt, 1977).  Wier et al. (1977) reported the difference between gated- and 

continuous-noise maskers for these short duration stimuli to be approximately 4-7 dB 

SPL.   

 
The decision to use continuous noise in Experiment 6.2 was dictated by the 

need to mimic the experimental conditions of Hanna, von Gierke, and Green (1986).  

Such replication afforded a more valid comparison between the two sets of data, 

though it would also be of interest to use a gated, as opposed to a continuous, noise.  

Such experimentation would indicate that negative masking is not dependent upon the 

temporal characteristics of the noise.  

 
The uncertainty hypothesis predicts that performance in continuous noise 

should be worse than performance in gated noise (Green, 1970).  The rationale is that, 

because an observer is sampling over an interval longer than they would with gated 

noise, more noise than necessary is being integrated.  Such a prediction goes against 

the empirical findings reported above, and will be again tested.         

 
METHOD 
 

Observers 
  

 Author (DS) was the sole observer, a partial replication of Experiment 6.2.   
     
Stimuli 
 

1000-Hz sinusoids were generated using the same method as for Experiments 

6.1 and 6.2.  The sinusoid was 10 ms in duration and was presented in a Hanning 

window with cosine ramps of 1-ms.       
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Figure 6.3.1 : Block diagram of the equipment used in Experiment 6.3 (see text). 
 
 

The gated noise was generated from within LabVIEW 6.1 utilising a built-in 

Gaussian noise function.  The statistical profile of the noise is given by (0, s), where 0 

is the mean voltage and s is the standard deviation, which is equal to the RMS-voltage 

of the noise.  Upon construction the noise was low-pass filtered using a fourth-order 

Butterworth filter with a cut-off frequency of 8000-Hz.  The resulting broadband 

noise was temporally centred on the signal with a duration of 200 ms. 

 
Both sinusoid and noise were subsequently attenuated to the desired levels 

after the digital-to-analogue conversion had been affected.  The attenuation of the 

noise was invariant across the experiment and the noise power density (No) was set to 

20 dB SPL.  Details of calibration protocols for the sinusoid and noise can be found in 

Appendix B.   
 
Apparatus 
 

 Figure 6.3.1 presents a diagram of the experimental apparatus.  The sinusoid 

was attenuated digitally using programmable attenuators (TDT PA5) while the noise 

was attenuated to a constant level using two static attenuators (TDT PA4). 

 
Procedure 
 

 The experimental procedures were identical to those used in Experiments 6.1 

and 6.2 in all but one detail.  Whereas Experiments 6.1 and 6.2 employed a three- 
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Figure 6.3.2 : Masked detection thresholds for observer DS.  The solid line is the line of best-fit.  The 
broken line represents the average of ten threshold estimates obtained from each block.    
 
 
down, one-up adaptive procedure to determine absolute and difference thresholds, the 

adaptive version of the 2-IFC procedure used in Experiment 6.3 was a two-down, 

one-up regime.  Such a regime determined the overall level of the sinusoid (absolute 

thresholds) or increment of the pedestal (difference thresholds) required for the 

observer to achieve 70.7% correct in the appropriate task (Levitt, 1971).  

 
RESULTS 
 

Detection data 
 

Ten blocks yielded an average threshold of 56.4 dB SPL (SD=1.24).  A 

Pearson’s correlation coefficient between threshold values and block number was not 

significant (r=0.19, p=0.96), and so the threshold estimates can be considered stable.     

 

Discrimination Data 
 
 Raw data, threshold estimates, and parameters of best-fit have been placed in 

Appendix E for scrutiny.  Discussion of the data will follow the two gross categories 

that they have been divided into: pressure and intensity.   

 
PRESSURE 
 
The Level Difference: ΔL 
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 A monotonically decreasing relationship is evident between estimates of ΔL 

and pedestal level.  Figure 6.3.3 shows the six estimates of ΔL associated with six 

experimental blocks (main space) and their means (see inset) for each of the ten 

pedestal levels.  There is no evidence of nonmonotonic behaviour in the data.          

 

The Difference Threshold: Δp 
 

 Estimates of Δp were calculated as per Experiments 6.1 and 6.2.  Each level of 

pedestal was employed to estimate six values of Δp, as seen in Figure 6.3.4A.  A 

nonmonotonic relationship is evident for pedestal levels at and around absolute 

threshold.  A minimum is apparent at this level, and the degree of negative masking is 

approximately 4 dB.  Figure 6.3.4B presents the averaged values of Δp and 95% 

confidence intervals, with a positively accelerating monotonic relationship evident for 

pedestal levels greater than absolute threshold.   
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Figure 6.3.3 : The level difference, ΔL, as a function of pedestal level, p, for Observer DS.  The insert 
contains the overall mean complete with 95% confidence intervals.  All data have been normalised 
with respect to p0, the absolute threshold.  Stimuli were 10-ms 1000-Hz sinusoids presented in gated 
noise.       
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Figure 6.3.4 : Difference thresholds, Δp, as a function of pedestal level, p, for observer DS.  All data 
are normalised with respect to the absolute threshold, Δp0.  Each point represents, for each level of p, 
the threshold estimated from (A) a single block of trials (represented by a different symbol) or (B) 
averaged across six blocks.   
 
 
THE SENSORY ANALYTICAL MODEL 
 

 The sensory-analytical model was fitted to the data and the result is presented 

in Figure 6.3.5.  The best-fitting parameters obtained for the suprathreshold data are 

Θ=0.21 and c=2.19.  The goodness-of-fit statistic, R2=0.9856, indicates the model 

fitted the data closely.  In contrast to the data obtained in quiet (see Figure 6.1.10) and 

continuous noise (see Figure 6.2.7) the sensory analytical model predicts slightly 

more negative masking than in fact occurs – approximately 2 dB in places. 
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Figure 6.3.5 : Difference thresholds, Δp, as a function of pedestal, p, for observer DS.  All data are 
normalised with respect to the absolute threshold, Δp0.  Each point represents, for each level of p, the 
averaged thresholds across six blocks.  The best-fitting lines based on the sensory analytical model.   
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Figure 6.3.6 : Difference thresholds, Δp, as a function of pedestal, p, for observer DS.  All data are 
normalised with respect to the absolute threshold, Δp0.  Each point represents, for each level of p, the 
averaged thresholds across six blocks.  The lines depict the best-fitting nonlinear transduction model 
proposed by Hanna, von Gierke, and Green (1986). 
 
 
NONLINEAR TRANSDUCTION MODEL 
 

 The best-fits obtained with the nonlinear transduction model proposed by 

Hanna, von Gierke, and Green (1986) are shown in Figure 6.3.6.  The subthreshold 

function, depicted in the lower-left of the figure, yields a relatively poor best-fit 

statistic (R2=0.6366).  The only free parameter to be estimated was b=1.4364.  The 

suprathreshold function is not as effectively accounted for as when the sensory 

analytical model was used, and this is reflected in the lower goodness-of-fit statistic 

(R2=0.9572).  The best-fitting parameter estimates for the suprathreshold function 

were d=0.5516 and e=0.6962. 

 

VIEMEISTER AND BACON (1988) 
 

 The best-fitting theoretical curve drawn through the data points in Figure 6.3.7 

comes from Viemeister and Bacon’s (1988) model.  The best-fitting parameters, 

k=0.68, b=1.06, and i=1.53 for Viemeister and Bacon’s model yields a goodness-of-fit 

statistic of R2=0.81298.  Interestingly, the slope exponent b, being so close to unity, 

may be redundant and a two parameter model would be likely to fit the data equally as 

well.     
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Figure 6.3.7 : Difference thresholds, Δp, as a function of pedestal level, p, for observer DS.  All data 
are normalised with respect to the absolute threshold, Δp0.  Each point represents, for each level of p, 
the averaged thresholds across six blocks.  The best-fitting curve is based on the model by Viemeister 
and Bacon (1988).   
 
 
INTENSITY 
  
The Difference Threshold: ΔI 
 
 The discrimination data, expressed in units of intensity, are illustrated in 

Figure 6.3.8.  Each of the six threshold estimates associated with each level of 

pedestal are presented in Figure 6.3.8A.  The averaged data, plotted in Figure 6.3.8B, 

reveal a slightly nonmonotonic function for subthreshold stimuli, and a monotonically 

increasing function for suprathreshold stimuli.  Arguably, there is no evidence of 

negative masking in either figure.       
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Figure 6.3.8 : Difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for 
Observer DS.  The data have been normalised with respect to the absolute threshold, I0.  Each point 
represents, for each level of I, the threshold estimated from (A) a single block of trials or (B) averaged 
across six blocks. 

 200



10 log (Ι/Ι
0)

-10 0 10 20 30

10
 lo

g 
(Δ
Ι /Ι

0)
0

10

20

30

40

 
Figure 6.3.9 : Difference thresholds, ΔI, in intensity units, as a function of pedestal  level, I, for 
Observer DS.  The data have been normalised with respect to the absolute threshold, I0.  Each point 
represents, for each level of I, the difference threshold averaged across six experimental blocks. The 
lines depict the best-fitting nonlinear transduction model proposed by Hanna, von Gierke, and Green 
(1986). 
 
 
NONLINEAR TRANSDUCTION MODEL 
 

 Hanna, von Gierke, and Green’s (1986) nonlinear transduction model was 

fitted to the intensity data and can be inspected in Figure 6.3.9.  The best-fitting 

parameter estimate for the subthreshold function is b=0.7139, and though visually a 

good fit, the goodness-of-fit statistic is poor (R2=0.3639).  The suprathreshold 

function returned a high goodness-of-fit statistic (R2=0.9744) and parameter estimates 

of d=1.387 and e=0.8266.  The fact that the value of d obtained is greater than one for 

the suprathreshold functions indicates that the model fails to predict negative masking 

at the 0 dB SL pedestal level.   

 

VIEMEISTER AND BACON (1988) 
 

The model proposed by Viemeister and Bacon (1988) was fitted to the data 

and is presented in Figure 6.3.10.  The parameters defining the curve that best 

accounts for the data are k=0.55, i=1.09, and b=1.17.  The goodness-of-fit statistic is 

substantially higher (R2=0.974) when the data are expressed in units of intensity than 

pressure (R2=0.812).  The slope parameter b is however not as close to unity when the 

data are expressed in units of intensity as it was in units of pressure, and so a two-

parameter model may not be attainable.   
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Figure 6.3.10 : Difference thresholds, ΔI, in intensity units, as a function of pedestal  level, I, for 
Observer DS.  The data has been normalised with respect to the absolute threshold, I0.  Each point 
represents, for each level of I, the difference threshold averaged across six experimental blocks.  The 
best-fitting curve is based on the model by Viemeister and Bacon (1988).   
 
  
Discussion 
 

Detection data 
 

 If gated noise effects more masking than continuous noise then it would be 

expected that the absolute threshold obtained for Experiment 6.2 would be larger than 

the estimate obtained in this experiment.  This was confirmed, with the difference in 

absolute thresholds being 6.2 dB (gated=56.44; continuous=50.24).  This difference 

concurs with that reported by Wier, Green, Hafter, and Burkhardt (1977).   

 
Discrimination data 
 

 Because only one observer participated in Experiment 6.1 the results obtained 

must be interpreted with caution.  Distinct from Experiments 6.1 and 6.2 is the 

declining monotonic behaviour of ΔL as pedestal level increases.  Relative to 

Experiments 6.1 and 6.2 it is predicted that the amount of negative masking would be 

less.  Figure 6.3.11A demonstrates that, while negative masking is clearly visible 

when the stimuli are expressed in units of pressure, the effect of using a gated, as 

opposed to a continuous, noise background is to diminish the level of negative 

masking.  A similar conclusion can be drawn from Figure 6.3.11B, though to a lesser 

degree.  Thus the predictions of the uncertainty hypothesis are not supported by the 

data.     
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Figure 6.3.11 : Mean difference thresholds, Δp, as a function of pedestal level, p, for observer DS.  
Data have been normalised with respect to the absolute threshold, p0.  The closed squares represent 
data taken from Experiment 6.2 (continuous noise) for the same observer.  Open circles are the same 
data presented in Figure 6.3.4B of Experiment 6.3.   
 
 

The sensory analytical model (Laming, 1986) and the nonlinear transduction 

model (Hanna, von Gierke, and Green, 1986) both account for the data effectively.  

The nonlinear transduction model accounts for the data more effectively when the 

stimuli are expressed in units of pressure than intensity.  In units of pressure, the 

sensory analytical model accounts for the suprathreshold data more effectively than 

the nonlinear transduction model. 

 
The model developed by Viemeister and Bacon (1988) yielded slope 

exponents close to unity (pressure=1.1; intensity=1.2), indicating that a two parameter 

model may suffice.  The slope parameter b was subsequently removed from the model 

and the simpler two-parameter model fitted to the data.  As can be seen in Figure 

6.3.12 the resulting two parameter model is barely distinguishable from the three-

parameter model regardless of whether the stimuli are expressed in units of pressure 

(Figure 6.3.12A) or intensity (Figure 6.3.12B), and so is not required.   

 
Fitted to the entire range of the data, Viemeister and Bacon’s model performs 

adequately regardless of the units used to express the stimuli.  This contrasts with the 

data that were collected in quiet and in continuous noise – both which yielded poor 

fits when the data were expressed in units of pressure but not intensity.  Figure 6.3.13 

shows that the fits for the data in units of pressure and intensity are reasonable for 
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Figure 6.3.12 : A two-parameter version of Viemeister and Bacon’s model (1988) fitted to data points 
expressed in units of pressure (A) and intensity (B).  The original three-parameter model is also 
included for reference. 
 
 
both the original three-parameter and the two parameter forms.  Presented in units of 

pressure (Figure 6.3.13A), the goodness-of-fit statistic, R2, for the two- and three-

parameter models are 0.973 and 0.980 respectively.  For the data in units of intensity 

the R2 value for the two-parameter model is 0.980, and for the three parameter model 

0.996.  For data collected with a gated noise background then, the original two-

parameter model proposed by Miller (1947) appears able to account for the data 

without consideration to the units the stimuli are expressed in.        
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Figure 6.3.13 : A two-parameter version of Viemeister and Bacon’s model (1988) fitted to the entire 
range of data points.  Stimuli are expressed in units of pressure (A) or intensity (B).  The original three-
parameter model is also included for reference. 
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Experiment 6.4 : Negative Masking with 6500-Hz Sinusoids 
 
INTRODUCTION 
 

Green (1988) made the observation that “Although a few measurements have 

been made when the intensity of the sinusoid is very low, they are the exception and 

not the rule.” (p. 61).  Moss, Ward, and Sannita (2004), commenting on negative 

masking, noted that “Extremely low-noise experimental conditions are rare” (p. 270).  

A dearth of published studies investigating level discrimination for circathreshold 

stimuli leaves serious gaps in the description of difference thresholds in this region.  

This experiment involves sinusoids of higher frequency (6500-Hz) than those 

traditionally tested in this region (viz 1000-Hz).   

 
Raab, Osman, and Rich (1963) found negative masking with 500-ms bursts of 

broadband noise.  In experiments utilising 1000-Hz sinusoids, negative masking has 

been found for 100-ms bursts presented in quiet and noise (Hanna, von Gierke and 

Green, 1986) and 200-ms bursts presented in quiet (Viemeister and Bacon, 1988).  

Experiments of this series have shown negative masking for 1000-Hz sinusoids, 10 

ms in duration, presented in quiet (Experiment 6.1), continuous noise (Experiment 

6.2), and gated noise (Experiment 6.3).  No studies exist that have examined whether 

negative masking occurs for sinusoidal frequencies greater than 1000-Hz and 

therefore a replication of Experiment 6.1 was undertaken with a change in the 

frequency of the sinusoid.     

 
Of additional interest is whether the midlevel hump reported by Carlyon and 

Moore (1984) for high-frequency sinusoids occurs and whether Laming’s (1986) 

sensory analytical model and Hanna, von Gierke, and Green’s (1986) nonlinear 

transduction model can adapt.  The midlevel hump refers to a decrease in performance 

in discrimination tasks for high-frequency sinusoids of short-duration.  Termed “the 

severe departure”, the hump occurs at intermediate pedestal levels (i.e., 30 to 45 dB 

SPL).   

 
METHOD 
 
Observers 
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Experiment 6.4 was undertaken by Observers EL, BM and the author DS; all 

but EL (male, aged 35) participated in previous experiments.  Inspection of EL’s 

audiogram, presented in Appendix A, reveals evidence of high frequency hearing loss 

in the left ear, and so for EL alone the right ear was tested.  Observers BM and EL 

received financial reparation for their efforts. 

  
Stimuli 
 

The sinusoid was 6500-Hz, and the frequency of the sinusoid not 

withstanding, the stimuli specified in Experiment 6.1 held for the present experiment.  

  
Apparatus 
 

 The apparatus was identical to that employed in Experiment 6.1.   
 
 Procedure 
  

The experimental programme followed that of Experiments 6.1 and 6.2, 

except for the pedestal levels. Ten levels of pedestal: -9, -6, -3, 0, 3, 6, 9, 20, 35, 50 

dB SL were employed.  As with Experiment 6.2, the range of levels was chosen to be 

safe.    

 
RESULTS 
 

Detection data 
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Figure 6.4.1 : Absolute thresholds as a function of block number for observers EL, BM, and DS.  The 
solid line is the line of best-fit, the broken curve the average of ten threshold estimates.  Note the 
different range limits of each of the scales associated with the ordinate for each observer.  Stimuli were 
10-ms 6500-Hz sinusoids presented in quiet.    
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Table 6.4.1 : Means, standard deviations (SD), and Pearson’s r statistics for absolute thresholds 
obtained for each observer.  The Pearson’s r values represent the slopes of the solid lines in Figure 
6.4.1.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.    
 
 
 EL BM DS Mean 
Mean (dB SPL) 34.73 26.25 28.43 29.80 
SD 0.52 0.99 2.40 1.30 
Pearson’s r 0.51 0.23 -0.03  
 
 
 

Ten estimates of absolute threshold were averaged to give the mean threshold 

values and standard deviations presented in Table 6.4.1.  Presented is the Pearson’s r 

value for the relationship between each observer’s ten estimates and experimental 

block.  A nonsignificant r was found for all observers, indicating that thresholds were 

stable across the ten blocks.  Figure 6.4.1 plots the ten blocks and their associated 

threshold estimates for each observer. 

 
Discrimination data 
 

 Appendix E contains the raw data, threshold estimates, and best-fitting 

parameters relating to Experiment 6.4.  The data will be analysed first in units of 

pressure followed by units of intensity.   

 
PRESSURE 
 

The Level Difference, ΔL 
 

 Six estimates of ΔL were obtained for each of the ten pedestal levels (upper 

panel, Figure 6.4.2) and reveal substantial individual differences.  In particular, 

observer BM exhibits a pronounced midlevel hump that is evident also for EL, though 

greatly attenuated, and arguably absent from the data of DS.  These six estimates were 

subsequently averaged and are presented with 95% confidence intervals in Figure 

6.4.2 (lower panel).  The mean data reveal the extent of BM’s midlevel hump which 

contrasts with the steady-state behaviour of DS’s data above absolute threshold.  

Common to all observers is an initial decline in ΔL from -9 to 0 dB SL, where a 

minimum exists for EL and BM. 
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Figure 6.4.2 : Plots of individual ΔLs, as a function of pedestal level, normalised with respect to the 
absolute threshold p0.  The first row of plots shows estimates of ΔL for each of the six blocks per 
pedestal level.  The second row is the arithmetic average of the six blocks per pedestal level.  Stimuli 
were 10-ms 6500-Hz sinusoids presented in quiet.    
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Figure 6.4.3 : Difference thresholds, Δp, in units of pressure, as a function of pedestal level, p, for 
three observers.  The data have been normalised with respect to absolute threshold, p0.  Each point 
represents the mean threshold estimated from a single block of trials.  Stimuli were 10-ms 6500-Hz 
sinusoids presented in quiet.      
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Figure 6.4.4 : Mean difference thresholds, Δp, for high frequency sinusoids as a function of pedestal 
level, p,  for individual and group data. The data have been normalised with respect to absolute 
threshold, p0.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.   
 
 

The Difference Threshold: Δp  
 

 Estimates of Δp obtained for each of the six blocks per pedestal level are 

presented in Figure 6.4.3.  Averaged data and 95% confidence intervals are shown in 

Figure 6.4.4, accompanied by group means.  Notable is the nonmonotonic relationship 

between Δp and pedestal level, with local minimums occurring between -3 and 0 dB 

SL.  There is a prodigious amount of negative masking – between 12 and 14 dB for 

mean individual data.  Beyond the 0 dB SL pedestal the values of Δp increase in a 

monotonic fashion, though with different degrees of linearity between observers.  

Pedestal values greater than 10 dB SL exhibit no negative masking.       

 
SENSORY ANALYTICAL MODEL 
 
 The procedure described in Experiment 6.1 was used to fit the sensory 

analytical model to the data.  The best-fitting parameter estimates given in Table 6.4.2 

were derived for data points associated with pedestals 0 db SL or greater.  High 

goodness-of-fit statistics (R2) were reported for each observer and the group data.  The 

lines of best fit from the sensory analytical model for the subthreshold and        
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Table 6.4.2 : Parameter estimates for the sensory analytical model and the goodness-of-fit statistic R2.  
Stimuli were 10-ms 6500-Hz sinusoids expressed in units of pressure.     
 
 

R2 Θ c 
 

EL 0.310 0.260 0.976 
BM 0.494 0.223 0.962 
DS 0.310 0.316 0.991 

Group 0.351 0.267 0.981 
 
 

 

suprathreshold data for both individual and group data are displayed in Figure 6.4.5.   

Most obvious from BMs data is the inability of the model to account for the midlevel 

hump, suggesting an additional variable may be needed.  Furthermore, from the group 

data, it is apparent that the model has underestimated the degree of negative masking. 
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Figure 6.4.5 : Mean difference thresholds, Δp, for high frequency sinusoids as a function of pedestal 
level, p,  for individual and group data. The data have been normalised with respect to absolute 
threshold, p0.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.  The best-fitting lines are 
based on the sensory analytical model. 
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NONLINEAR TRANSDUCTION MODEL 
 

 The estimated parameters in Table 6.4.3 were derived by fitting the 

subthreshold and suprathreshold functions predicted by the nonlinear transduction 

model.  The abrupt decline for the subthreshold data (pedestals less than 0 dB SL) for 

observers BM and DS result in particularly high values of b, greater than ten.  The fits 

for the subthreshold data are generally poor, suggesting that the model has difficulty 

accounting for the subthreshold data in pressure coordinates.  The suprathreshold 

functions fit the data much more effectively, as indicated by the higher values of R2. 

 

The best-fitting equations are displayed in Figure 6.4.6 for individual and 

group data.  As with the sensory analytical model, the nonlinear transducer has 

difficulty accounting for the midlevel hump exhibited by BM.  As with the previous 

experiments in this series the values of d, being less than unity, indicate that the 
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Figure 6.4.6 : Mean difference thresholds, Δp, for high frequency sinusoids as a function of pedestal 
level, p,  for individual and group data. The data have been normalised with respect to absolute 
threshold, p0.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.  The curves illustrate the best-
fitting equations from Hanna, Von Gierke, and Green (1986). 
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Table 6.4.3 : Estimates of parameters for the nonlinear transduction model proposed by Hanna, von 
Gierke, and Green (1986).  The left side of the table reports parameters associated with a subthreshold 
function while the right side reports those for a suprathreshold function.  Stimuli were 10-ms 6500-Hz 
sinusoids expressed in units of pressure.    
 
 
 Subthreshold Suprathreshold 

b R2 d e R2 
 

EL 2.46 0.688 0.269 1.031 0.967 
BM >10 0.852 0.504 1.038 0.938 
DS >10 0.594 0.27 1.03 0.973 
Group 3.17 0.793 0.293 0.973 0.992 
 
 

 
 

model predicts that negative masking will occur at circathreshold pedestal levels.  The 

slope exponent e, being close to unity, may be redundant for 6500-Hz sinusoids 

presented in units of pressure.    

 
VIEMEISTER AND BACON (1988) 
 

 The fitting of Viemeister and Bacon’s (1988) model to the data was carried 

out identically to the procedure outlined in Experiment 6.1.  The best-fitting 

parameters in Table 6.4.4 reveal three interesting findings.  The first is the high values 

of i compared to Experiments 6.1 (group mean = 0.076) and 6.2 (group mean = 

0.083).  This parameter represents an additive internal noise constant, with the 

implication that the higher the constant the greater the internal noise.  The second 

interesting feature of the data is the slope exponent estimate for BM, which is the 

highest of any of the experiments of this series.  Finally, the fits are generally poor, 

with all values of R2 below 0.9.   

  
 
 
Table 6.4.4 : Best-fitting parameters and goodness-of-fit statistics for Viemeister and Bacon’s (1988) 
model of level discrimination. Stimuli were 10-ms 6500-Hz sinusoids expressed in units of pressure.    
 
 
 i k b R2

 
EL 13.9 0.004 3.69 0.551 
BM 3.625 0.046 1.857 0.595 
DS 3.856 0.003 3.452 0.874 
Group 7.13 0.016 2.999 0.774 
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Figure 6.4.7 : Mean difference thresholds, Δp, for high frequency sinusoids as a function of pedestal 
level, p,  for individual and group data. The data has been normalised with respect to absolute 
threshold, p0.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.  Best-fitting curves from 
Viemeister and Bacon’s (1988) model for individual and mean group data.  
 
 

Figure 6.4.7 displays the best-fitting lines predicted by Viemeister and 

Bacon’s (1988) model for individual and group data.  Consistent with previous 

experiments in this series, the model, at least in units of pressure, struggles to account 

for data occurring at the minima.  For example, in all cases the model fails to 

adequately predict the amount of negative masking occurring around the minimum.      

 

INTENSITY 
 

The Difference Threshold: ΔI 
 

 Difference thresholds for individual data as a function of pedestal level, both 

in units of intensity, are plotted in Figure 6.4.8.  Six thresholds were estimated for 

each pedestal value, and these were subsequently averaged and are illustrated in 

Figure 6.4.9.  The group data was found by taking the mean of the individual 

averages.  The individual data show that, even in units of intensity, values of ΔI 

around absolute threshold can go as low as -7 dB SL.  The averaged data in Figure  
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Figure 6.4.8 : Difference thresholds, ΔI, for 10-ms 6500-Hz sinusoids, in intensity units, as a function 
of pedestal level, I, for each observer and for group data. The data have been normalised with respect to 
absolute threshold, I0. 
 

Group

10 log (Ι/Ι0)

-10 0 10 20 30 40 50
-10

0

10

20

30

40

50

EL

-10 0 10 20 30 40 50

10
 lo

g 
(Δ
Ι/Ι

0)

-10

0

10

20

30

40

50 BM

-10 0 10 20 30 40 50
-10

0

10

20

30

40

50

DS

10 log (Ι/Ι0)

-10 0 10 20 30 40 50

10
 lo

g 
(Δ
Ι/Ι

0)

-10

0

10

20

30

40

50

 
Figure 6.4.9 : Mean difference thresholds, ΔI, in intensity units, as a function of pedestal level, I, for 
individual and group data.  The data have been normalised with respect to the absolute threshold, I0.  
Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.    
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6.4.9, demonstrate a slightly nonmonotonic relationship between ΔI and pedestal 

level.  The overall group average, while obscuring individual differences, shows 

between 3 and 4 dB SL of negative masking. 

 

NONLINEAR TRANSDUCTION MODEL 
 

 Hanna, von Gierke, and Green’s (1986) nonlinear transducer was fitted to the 

intensity data.  The best-fit parameters and goodness-of-fit statistics are presented in 

Table 6.4.5.  The subthreshold function was found to give a poor account of the data, 

as is evident in the poor fits (R2=0 in some cases) and unexpectedly large estimates of 

b.  However, visually the fits do not appear as bad as the goodness-of-fit statistic 

suggests.  It is suspected that the calculation of the goodness-of-fit statistic in 

SigmaPlot was problematic.  A fit to the group data however yielded more sensible 

parameter values and a reasonable goodness-of-fit statistic (R2=0.9163).  As with the 

pressure data the exponent e is close to unity, suggesting that it can be discarded.  

Compared with the subthreshold functions, the goodness-of-fit statistics for the 

suprathreshold functions are generally excellent.  Values of d less than unity predict 

negative masking at absolute threshold (i.e., a pedestal level of 0 dB SL).  
 

Figure 6.4.10 shows the best-fitting nonlinear transduction model.  The 

curvature evident for the subthreshold functions, found at low pedestals levels, for 

BM and DS, reflect the large values of b.  The suprathreshold functions adequately 

model the monotonically increasing behaviour of the data for pedestals greater than 0 

dB SL.         

 
 
 
Table 6.4.5 : Estimates of parameters for the nonlinear transduction model proposed by Hanna, von 
Gierke, and Green (1986).  The left side of the table reports parameters associated with the 
subthreshold function while the right side reports those for a suprathreshold function.  
 
 
 Subthreshold Suprathreshold 

b R2 d e R2 
 

EL 0.944 0 0.633 1.025 0.992 
BM >10 0 1.145 0.984 0.977 
DS >10 0.674 0.678 1.003 0.997 
Group 2.967 0.9163 0.873 0.98 0.993 
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Figure 6.4.10 : Mean individual and group difference thresholds, ΔI, in intensity units, as a function of 
pedestal level, I.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.  Best-fitting lines are from 
Hanna, von Gierke, and Green (1986).  
 
 
VIEMEISTER AND BACON (1988) 
 

 Best-fit parameters and goodness-of-fit statistics are presented in Table 6.4.6.  

The estimates of the additive internal noise parameter, i, appear considerably lower 

than their pressure counterparts (Table 6.4.4), and more in line with previous 

experiments in this series.  Examination of the R2 values suggest the fits in these 

coordinates are better than those obtained when the stimuli were expressed in units of 

pressure.  Of additional interest are the high values for the slope exponent b; for 

observer BM in particular.     

 

The best-fitting model is presented in Figure 6.4.11 for individual and group 

data.  While the model predicts the pattern of data more accurately when the data are 

in units of intensity as opposed to pressure, a difficulty still exists in accounting for 

data occurring at the minimum.  For data in this region the model underestimates the  
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Table 6.4.6 : Parameter estimates and goodness-of-fit statistics for Viemeister and Bacon’s (1988) 
model of level discrimination.   
 
 
 i k b R2

 
EL 0.806 0.153 4.135 0.937 
BM 0.998 0.011 16.51 0.696 
DS 0.763 0.147 2.259 0.876 
Group 0.855 0.104 7.636 0.933 
 
 
 
 

degree of negative masking.  For the two lowest pedestal levels (-9 and -6 dB SL) the 

model overestimates the degree of negative masking.   
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Figure 6.4.11 :  Viemeister and Bacon’s (1988) model fitted to mean individual and group data 
expressed in units of intensity.  Stimuli were 10-ms 6500-Hz sinusoids presented in quiet.       
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DISCUSSION 
 
Detection data 
 

 Peak sensitivity for human listeners is in the range of 1000-5000-Hz, with 

absolute thresholds increasing rapidly for frequencies outside of this band.  Compared 

to absolute thresholds for 1000-Hz sinusoids, Dadson and King (1952) estimated that 

thresholds for 6500-Hz sinusoids were approximately 4 dB SPL higher. With 

reference to Experiment 6.1 (Table 6.1.1), this doesn’t hold for Observer DS 

(Δp=14.6 vs. Δp=28.43 dB SPL) but does for BM (Δp=23.6 vs. Δp=26.25 dB SPL).  

Observer EL did not participate in Experiment 6.1 and therefore no comparison is 

possible.  The higher thresholds recorded for DS may be in part explained by age (30 

years old), with hearing loss in the higher frequencies (see observer audiograms in 

Appendix C) positively correlated with age (Moore, 1989).  Additionally, EL’s 

absolute threshold, the highest of the three, could also be associated with age (35 

years old).  Carlyon and Moore (1984) reported absolute thresholds for 20-ms 6500-

Hz tones for three observers as 31, 24, and 22 dB SPL.  Though not directly 

comparable because of differences in duration, substantial differences would not be 

expected between 10- and 20-ms sinusoids and so the two sets of estimates compare 

favourably with the results of this study.   

  

Discrimination data 
 

 The effect of frequency has appreciably enhanced the magnitude of the 

midlevel hump exhibited by observer BM.  Figure 6.4.12 presents BM’s values of ΔL 

obtained using both 1000- and 6500-Hz sinusoids.  This “midlevel hump” for high-

frequency short-duration sinusoids has been reported in the literature (Carlyon and 

Moore, 1984; see also Nizami, Reimer, and Jesteadt, 2001) and has been called the 

“severe departure from Weber’s law”.  This deterioration with higher frequency 

sinusoids at intermediary pedestal levels has been reported to be around 4 dB SPL, 

which compares well with the findings from BM.  What is more, it has been noted 

that significant individual differences exist when it comes to the occurrence of the 

hump (e.g., Carlyon and Moore, 1984; Carlyon and Moore, 1986), which may explain 

why observer DS barely exhibited one.         
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Figure 6.4.12 : Plots of mean ΔL, as a function of pedestal, normalised with respect to the absolute 
threshold p0, for observer BM.  The open circles represent 6500-Hz sinusoids, the closed circles 1000-
Hz tones, both presented in quiet.  
 
 
 The salient finding from this experiment is the greater level of negative 

masking that is obtained using a 6500-Hz sinusoid as compared to a 1000-Hz sinusoid 

(Experiment 6.1).  This indicates that the degree of negative masking in quiet may be 

frequency dependent.  The amount of negative masking in units of intensity for the 

6500-Hz sinusoids (3-4 dB SL) indicates that, regardless of the units employed, 

negative masking is a phenomenon of difference discrimination around the region of 

absolute threshold.     

 
 The 1000-Hz sinusoids utilised in Experiment 6.1 produced a greater amount 

of negative masking than the sensory analytical model (Laming’s, 1986) predicts, and 

this finding is repeated with 6500-Hz sinusoids.  Of interest was the inability of the 

models proposed by Laming (1986) and Hanna, von Gierke, and Green (1986) to cope 

with the midlevel humps exhibited by observer’s BM and EL, suggesting that an 

additional frequency parameter may need to be incorporated.  It is envisaged that this 

parameter would consist of an exponent added to an additional pedestal term, for 

example, Xα.  If there is no evidence of a midlevel hump then α would equal zero, 

indicating the difference threshold was independent of pedestal level.   

 
 The slope exponent e from the nonlinear transduction model was estimated to 

be approximately unity for data presented both in terms of pressure or intensity.  For 

masking data obtained with high frequency stimuli the inclusion of this slope 

parameter may not be necessary.  The additive internal noise parameter, i, of 
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Viemeister and Bacon’s model (1988) exhibited interesting variation between the data 

expressed in units of pressure and units of intensity.  This finding represents quite a 

challenge, as the level of internal noise is estimated to be considerably higher if the 

data are expressed in terms of pressure than intensity.  Viemeister and Bacon’s (1988) 

model fitted to the entire data range in units of intensity and pressure is presented in 

Figure 6.4.13.  As commented on in Experiments 6.1 and 6.2, the model accounts for 

the data more effectively in units of intensity (R2=0.99) than pressure (R2=0.96).     
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Figure 6.4.13 : Viemeister and Bacon’s model (1988) fitted to the entire range of data points.  Stimuli 
are expressed in units of pressure (A) or intensity (B). 
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6.5 GENERAL DISCUSSION 
 

A general discussion of all four sets of data is now undertaken.  In particular 

there will be an attempt to generalise conclusions to all four experiments and the 

performance of the three models that were tested.  The conclusions drawn from the 

four experiments undertaken on various aspects of negative masking are: 

 
Experiment 6.1 : 10-ms 1000-Hz sinusoid presented without added noise  

• ΔL exhibits nonmonotonic behaviour across pedestal levels. 
• When the difference thresholds are presented in units of pressure 

approximately 11 dB of negative masking is found. 
• When expressed in units of intensity, difference thresholds exhibit about 2 dB 

of negative masking. 
• The nonlinear transduction model accounts for the subthreshold data more 

effectively than the sensory-analytical model, though at the cost of an extra 
parameter.    

• Viemeister and Bacon’s (1988) model accounts for intensity data more 
effectively than pressure data.  

 

   Experiment 6.2 : 10-ms 1000-Hz sinusoid presented in continuous noise 
• A nonmonotonic relationship exists between ΔL and pedestal level. 
• In pressure units there is 8-9 dB of negative masking. 
• In units of intensity negative masking is not apparent.  
• The nonlinear transduction model and the sensory-analytical model both 

adequately predicted the sub- and supra-threshold data. 
• Viemeister and Bacon’s (1988) model fails to adequately account for 

circathreshold data when presented in terms of pressure, though improves 
when the stimuli are presented in units of intensity.   

 

 Experiment 6.3 : 10-ms 1000-Hz sinusoid presented in gated noise 
• ΔL decreased monotonically with respect to pedestal level. 
• Expressed as pressure, data showed approximately 4 dB of negative masking. 
• No negative masking was evident in intensity units. 

 

Experiment 6.4 : 10-ms 6500-Hz sinusoid presented without added noise  
• For midlevel pedestals an increase in ΔL was found, relating to the severe 

departure from Weber’s law. 
• Substantial levels of negative masking (12-13 dB) were found for difference 

thresholds expressed in units of pressure.  
• 3-4 dB of negative masking was obtained when the data are expressed in 

intensity units.  
• None of the three models satisfactorily accounted for the inflated difference 

thresholds associated with the midlevel hump.  
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Negative masking 
 

  A previously unreported finding is the dependence of negative masking on 

frequency.  The largest amount of negative masking occurred for high frequency 

(6500-Hz) sinusoids presented in quiet.  It is difficult to explain this finding in light of 

what is presently known about the physiology of the auditory system.  The severe 

departure to Weber’s law, which is found with stimuli identical to those employed in 

Experiment 6.4 (i.e., short-duration high-frequency sinusoids), could be of relevance, 

but no current theory exists linking it directly to negative masking.  Primarily, 

negative masking occurs at pedestal levels around absolute threshold while the severe 

departure operates at intermediate pedestal levels.  Laming (1988) has identified a 

similar phenomenon in vision, and argues that the cause of the severe departure in 

audition will lie beyond primary auditory receptor characteristics.   

 

 Both the nonlinear transduction model and the sensory-analytical model 

predicted a decrease in the amount of negative masking with the addition of a noise 

background.  Experiment 6.2, employing 10-ms 1000-Hz sinusoids and continuous 

noise, showed 2-3 dB less negative masking than Experiment 6.1, which contained no 

added noise.  These results are consistent with previous findings in auditory (Hanna, 

von Gierke, and Green, 1986), tactile (Gescheider, Verillo, and Pelli, 1992), and 

visual research (Blackwell, 1996).     

 

Experiment 6.3, exploratory in nature, used gated noise.  The results showed 

that, contrary to the stipulates of the uncertainty hypothesis, the level of negative 

masking diminished relative to the quiet condition (Experiment 6.1).  This is in accord 

with previous empirical results (e.g., Green, 1970) showing gated noise masks 

sinusoids more effectively than continuous noise.  The effects of observer uncertainty 

as an explanation for negative masking will no longer be entertained.  Interestingly, 

for 500-Hz sinusoids of similar duration the trend is reversed (Tucker, Williams, and 

Jeffress, 1968): gated noise is a less effective masker relative to continuous noise.  It 

would be interesting to manipulate the noise type and see if more or comparable 

levels of negative masking would be obtained with sinusoids of this frequency. 
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 Figure 6.5.1 indicates that the transformation of stimuli from units of pressure 

to intensity severely attenuates, but does not necessarily eliminate, the amount of 

negative masking.  More precisely, when external noise is not added (i.e., 

Experiments 6.1 and 6.4) negative masking is still found, though substantially less 

than when the stimuli are presented in units of pressure.  Even so, the results from this 

study and two others (Hanna, von Gierke, and Green, 1986; Viemeister and Bacon, 

1988) indicate that negative masking is found, at least for sinusoids presented in quiet, 

when the stimuli are presented in units of intensity.  Thus the proposition that 

negative masking is merely an artefact of stimulus definition can no longer be 

perceived as credible. 

 

 Models of negative masking 
 

Three models were fitted to the data: the sensory-analytical model (pressure 

only), the nonlinear transduction model, and Viemeister and Bacon’s (1988) model.  

Each will be discussed in turn, and subsequently compared.   
 

 

Exp 6.1

-10 0 10 20 30 40 50 60

20
 lo

g(
Δp

/p
0)

-10

0

10

20

30

40

50

60

10 log (Δ I/ I0 )

-10

0

10

20

30

40

50

60 Exp 6.2

-10 0 10 20 30

20
 lo

g(
Δp

/p
0)

-10

0

10

20

30

40

50

10 log(Δ I/ I0 )

-10

0

10

20

30

40

50

Exp 6.4

pedestal level (dB SL)

-10 0 10 20 30 40 50

20
 lo

g(
Δ

p /
p 0)

-10

0

10

20

30

40

50

10 log(Δ I/ I0 )

-10

0

10

20

30

40

50
Exp 6.3

pedestal level (dB SL)

-10 0 10 20 30

20
 lo

g(
Δp

/p
0)

-10

0

10

20

30

10 log (Δ I/ I0 )

-10

0

10

20

30

 
Figure 6.5.1 : Mean results for Experiments 6.1-6.4 in units of pressure (refer right-hand ordinate) and 
intensity (refer left-hand ordinate).  The horizontal dashed line represents the difference threshold when 
it is equal to the absolute threshold.     
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1) The sensory-analytical model 
 
 Fitted only to the pressure data as its creator originally intended, the sensory-

analytical model asserts that the response of the auditory system to circathreshold 

stimuli is proportional to the square of stimulus pressure.  For stimuli in this region 

Laming’s Equation 6.5 sets a lower bound that is determined by the estimate of Θ 

made by Equation 6.4 when modelling the suprathreshold data.  A general finding 

across these four experiments is that, for subthreshold data, the sensory-analytical 

model underestimates the amount of negative masking.  Under-estimation of negative 

masking may be caused by an imprecise estimate of the absolute threshold.  Certainly 

an overestimation of the absolute threshold would lead to understating the degree of 

negative masking (Laming, 1986).  The magnitude of this difference between data and 

model does, however, depend on whether exogenous noise is present.  The model 

much better accounts for the circathreshold data collected with a noise background 

(Experiments 6.2 and 6.3) than in quiet (Experiments 6.1 and 6.4).  

 

 For suprathreshold data Laming’s Equation 6.4 contains two free parameters: 

the Weber fraction, Θ, and a constant, c, associated with the level of endogenous 

noise.  The fits across the four experiments are generally excellent, with only one out 

of 14 fits having an R2 of less than 0.96.  Perusal of the fits presented in each of the 

experiments also shows that the suprathreshold characteristic can be extrapolated 

beyond 0 dB SL to account for some data points poorly fitted by the subthreshold 

characteristic.  Laming (1986) outlines a procedure that specifies the range of 

pedestals to which the suprathreshold function can be fitted, and this method was 

utilised in the current research.  The extrapolation of this function to lower pedestal 

values that were not originally intended to be modelled is justified in the sense that 

some of the lower data points fall on this elongated function.  Indeed, both functions 

taken together often account for the bulk of the data even though some of the data for 

pedestals levels below 0 dB SL is not effectively accounted for using the subthreshold 

characteristic.  Again, imprecise estimates of absolute thresholds may be a factor here.    

 

 The Weber fractions, Θ, estimated from the sensory-analytical model were 

stable across experiments with the exception of observer BM in Experiment 6.2.  

With this one outlier removed, the remaining ten individual estimates of Θ returned a 
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mean of 0.26 (SD=0.04).  Of interest were the higher Weber fractions recorded in 

Experiment 6.4 ( x =0.37), a result of the severe departure to Weber’s law.  It was 

noted that the suprathreshold function proposed by Laming (1986) accounted for the 

midlevel hump associated with the severe departure with some difficulty.  The 

sensory-analytical model assumes that “Weber’s law applies exactly to the net 

contents of the observation window” (Laming, 1986, p.135).  Therefore, with the data 

in Experiment 6.4 not conforming to Weber’s law, a modification of the model may 

be required, though Laming (1988) argues that the data still fall within the predicted 

bounds of the model.  Further resistance to an extra parameter centres on the severe 

departure being produced in the central auditory system (Laming, 1988) while 

Laming’s model applies exclusively to the peripheral auditory system.   

 

2) The nonlinear transduction model 
 

 Like the sensory-analytical model, the nonlinear transduction model requires 

two different expressions to account for both sub- and supra-threshold data.  The 

subthreshold function contains one free-parameter and was fitted to data expressed in 

both units of pressure and intensity.  Overall, the fits for the subthreshold expression 

were not as good as for its suprathreshold counterpart.  Furthermore, across the four 

experimental conditions there was unexpected variation in parameter estimates 

depending on whether the data are expressed in units of pressure or intensity.  For 

example, the model fitted the data better when in units of pressure rather than 

intensity for Experiments 6.1 and 6.4, but the reverse was true for Experiment 6.2.   
 

 
Table 6.5.1 : Parameter values (in bold)  for the nonlinear transduction model obtained by Hanna, von 
Gierke, and Green (1986) and in the present series of experiments (parentheses).  In the present series 
of experiments quiet relates to Experiment 6.1 and noise to Experiment 6.2.   

 
 Subthreshold Suprathreshold 
 b d e 

 
Quiet    

Pressure 4.0 (2.67) 0.65 (0.42) 0.94 (0.92) 
Intensity 2.0 (2.06) 0.65 (1.10) 0.94 (0.96) 

    
Noise    

Pressure 2.0 (1.95) 0.80 (0.50) 0.90 (0.95) 
1.0 (1.00) 0.80 (1.10) 0.90 (0.98) Intensity 
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Table 6.5.1 presents the parameter estimates of the nonlinear transducer from 

Hanna, von Gierke, and Green (1986) as well as the current study. When data are 

expressed in units of pressure, Hanna, von Gierke, and Green (1986) propose that a 

fourth-power transduction function (i.e., b=4) can be used to adequately describe 

subthreshold data collected in quiet.  In units of intensity this becomes a square-law 

(i.e., b=2) function.  These values of b are based on the slopes of psychometric 

functions for detection in quiet (fourth-power) and noise (square-law).  For group data 

obtained in Experiment 6.1 (quiet condition), the exponent values were b=2.67 in 

terms of pressure and b=2.06 for intensity.  Inspection of individual data emphasised 

that, in terms of pressure, the values of b were closer to 2 than 4 for all but one 

observer (DS).  Given the similarity between the stimuli and procedure used by 

Hanna, von Gierke, and Green’s (1986) and in the present experiment, it might be 

expected that the results from the two studies would be in closer agreement.  The 

slopes of psychometric functions have been found to be invariant across stimulus 

duration (Green, 1960a), so comparable estimates would be expected between the two 

studies.  Inspection of Table 6.5.1 shows that the noise data are in much better 

agreement than the quiet data.   

 

  Hanna, von Gierke, and Green (1986) assume that the transduction function 

for suprathreshold data is approximately linear.  They also reason that, because Δp 

and ΔI are proportional for Δp/p<1, the exponent e will be the same regardless of the 

units used to express the stimuli.  For the current study the values of e will differ due 

to the fitting procedures used.  In order to define the range of the suprathreshold 

pedestals in units of pressure a procedure outlined by Laming (1986) was utilised to 

determine the lowest pedestal value in that set.  For the intensity data however the 

highest pedestal value associated with the lowest difference threshold (i.e., the 

minimum) was selected by eye, as Laming’s model was not designed to work with 

intensity.  This resulted in an occasional mismatch between the sets of suprathreshold 

points for the data in units of pressure and intensity.         

 

For stimuli expressed in quiet, the values obtained by Hanna, von Gierke, and 

Green (1986) conform to the near-miss to Weber’s law (i.e., e=0.9), as would be 

expected (McGill and Goldberg, 1968). The near-miss to Weber’s law has been 
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reported with 10-ms 1000-Hz stimuli (Green, Nachmias, Kearney, and Jeffress, 1979; 

Nizami, Reimer, and Jesteadt, 2001) and on the basis of this evidence it would be 

expected that the suprathreshold data collected in Experiment 6.1 would exhibit the 

near-miss, which it does. 

 

Sinusoids presented amid a background noise conform to Weber’s law rather 

than the near miss (Moore and Raab, 1974).  Consequently, an exponent close to unity 

(i.e., e=1) would be expected for Experiment 6.2 (sinusoid in continuous noise). This 

was found.  The estimate of e=0.90 reported by Hanna, von Gierke, and Green, (1986) 

aligns more closely with that expected for the near-miss (i.e., e=0.9).     

 

3) Viemeister and Bacon’s (1988) model 
 

This three-parameter model was applied, as its originators (Viemeister and 

Bacon, 1988) intended, to pedestal values less than 35 dB SPL.  Subsequent fits to the 

entire range of data were also undertaken to examine the adaptability of the model.  

For the restricted range, it was apparent that the model accounted for the data much 

better when units of intensity (overall mean R2=0.93), rather than pressure (overall 

mean R2=0.79), were employed.  However, the inability of the model to cope with the 

lowest difference threshold values was evident across all four experiments.  This 

inadequacy was independent of the units used to express the stimuli and resulted from 

the model grossly underestimating the degree of negative masking. 

 

Of additional interest was, regardless of the units employed, the poorer fits 

obtained when continuous noise (Experiment 6.2) was introduced (compare 

Experiment 6.1).  Viemeister and Bacon (1988) gave no indication why this might be 

the case.  The introduction of exogenous noise should be reflected in the additive 

internal noise parameter (I0) that is included in the model.  The values estimated for 

this parameter across the four experiments suggests that the parameter estimates were 

not affected by the introduction of exogenous noise.  Estimates remained comparable 

across Experiments 6.1 and 6.2, suggesting the introduction of a 20 dB SPL 

background noise does not interact with endogenous noise, an assertion that is in 

discord with current theory (Green, 1988).  The estimates found for Experiment 6.4 

(6500-Hz sinusoid in quiet) also call into question the notion that I0 represents 
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additive noise.  Though in quiet, this condition yielded substantially higher estimates 

of I0 than the noise conditions (Experiments 6.2 and 6.3), but only when the stimuli 

were expressed in units of pressure.  The suspicion here is that the model, having 

encountered difficulties in accounting for the data in these units, is using the free-

parameter I0 to soak up residual error.                 

 

Fitted across the entire range of the data, Viemeister and Bacon’s (1988) 

model turns out to be a reasonable generalisation to the data when intensity units are 

adopted.  In the majority of instances however the model fails to account for the data 

obtained at both the -9 and 0 dB SL pedestals.  In units of pressure the model gives a 

somewhat poorer fit and failed to account for the subthreshold data.  Given the 

inability of the model to accurately predict subthreshold data in either pressure or 

intensity units, the worth of applying it over the extended data range is questionable.  

This conclusion is the opposite of that drawn by Viemeister and Bacon (1988) who 

also perceived their model to adequately fit the subthreshold data.             

 

A general discussion of the models       
 

Of the three models that underwent evaluation two emerge that are worthy of 

consideration: The sensory-analytical model and the nonlinear transduction model.  In 

comparison, Viemeister and Bacon’s (1988) model failed to account for the 

circathreshold data satisfactorily, which, given that it had one free-parameter more 

than the sensory-analytical model, we might expect it to.  Additional theoretical 

inconsistencies with the model are raised by Doble, Falmagne, and Berg (2003).  

Therefore Viemeister and Bacon’s (1988) model will no longer be discussed. 

 

In comparing the performances of the sensory-analytical model and the 

nonlinear transduction model a key consideration is the number of parameters each 

has (i.e., the models complexity).  When competing models are pitted against one-

another, researchers are often tempted to choose amongst the candidates on the basis 

of best-fit statistics.  However, good fits can be obtained without the model 

necessarily relating to underlying processes that generated the data, especially if that 

model has a large number of parameters.  As parameter numbers increase so does the 
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model’s ability to capture random error, and thus little in the way of information may 

be attributable to the parameters themselves.     

 

 A desirable model is one that fits the data well with the least amount of 

parameters.  Such a model is, in its functional form, likely to reflect the physical 

and/or mental processes under scrutiny.  Myung (2000) elegantly demonstrated that 

goodness-of-fit, while being a necessary condition, was not a sufficient condition for 

model selection.  An over-reliance on goodness-of-fit, it was argued, may result in the 

selection of a model that while fitting the data well, doesn’t reflect the state of nature.  

Myung (2000) showed that model complexity is inversely related to generalizability.  

Starting with a simple one-parameter model designed to generate data, five models 

differing in their level of complexity were fitted to the first set of data and evaluated 

for their fit.  Predictably, the model with the greatest complexity (i.e., number of 

parameters) gave the best fit to the data.  Then another set of data was generated, but 

instead of refitting the five models to find their best-fitting forms the parameters 

estimated from the first fit were retained.  The residual error between model and data 

points was measured, the process repeated again 500 times, and error aggregated 

across the 500 replications.  The result was that as the exposure to freshly generated 

data increased so too did the error for complex models while staying roughly the same 

for the model possessing only one parameter (i.e., the true model).  As commented by 

Myung: “This trade-off between goodness-of-fit and complexity embodies the 

principle of Occam’s razor” (2000, p. 195). 

 

 The issue of complexity and goodness-of-fit has relevance in the present case 

in that the sensory-analytical model has one less parameter than the nonlinear 

transduction model (two vs. three).  If asked which of the two models better described 

the data the superiority of the nonlinear transducer in the circathreshold region can be 

confirmed visually.  For the suprathreshold data, the goodness-of-fit statistic R2 

indicates that across the four experiments each model performs about equally as well.  

On this basis then should we opt for the nonlinear transduction model which appears 

to best describe the data in its entirety? 

 

 Another approach is to ask which of the two models explains the data the best?  

By “explain” it is meant that a relationship can be drawn between some observable 
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phenomenon and (usually) pre-existing rudimentary principles.  In this respect the two 

models differ immensely.  Laming’s (1986) sensory-analytical model is based on a 

number of fundamental principles (e.g., differential coupling; half-wave rectification) 

that are often cast in physiological terms.  The model also offers quantitative 

predictions that can be tested experimentally, and from the outset asserts that the 

auditory system responds to pressure.   

 

 The nonlinear transduction model can be seen to offer no quantitative 

predictions about what value the nonlinearity parameter should take.  The fourth-

power transformation of circathreshold stimuli used by Hanna, von Gierke, and Green 

(1986) was extracted from psychometric functions constructed using similar stimuli to 

those employed to generate masking functions.  This does not constitute a prediction 

from an established theory, and indeed one could as easily fit data to subthreshold 

masking functions and predict the slopes of the psychometric functions.  The point 

here is that the data is dictating the form of the function and not the other way around.  

In contrast, the sensory-analytical model predicts a square-law transform for both 

masking data and psychometric functions with circathreshold stimuli. 

 

 An additional short-coming of the nonlinear transduction model is that it fails 

to address the units problem.  A nonlinear transducer operates without reference to the 

units of the stimuli, and as a result offers no insight into which is the correct unit.  

This inadequacy stems from its lack of substance: it consists of no biologically 

tractable components or known physical principles.  In this respect it is a “top-down” 

data-driven model that describes, rather than explains, the data.  When explanatory 

capability is considered, the sensory-analytical model presents itself as the better of 

the two alternatives.       

     

Furthermore the ability of the sensory-analytical model to account for a wider 

range of data than the nonlinear transduction model has been demonstrated (e.g., 

Hanna, von Gierke, and Green, 1986).  The presentation of two sinusoids, say X and 

X+ΔX, is conventionally gated.  This means that on any one trial the stimuli are turned 

on and off again during their respective observation intervals, and as a consequence 

the events of the two observation intervals are independent.   The alternative to the 
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gated condition is to present X continuously; that is, leave it turned on across the 

entire experimental block.  In psychoacoustical notation these are commonly known 

as gated and continuous (or rarely, nongated) maskers.   

 

While the sensory-analytical model predicts lower thresholds for the 

continuous vs. gated condition, the nonlinear transducer does not.  The sensory-

analytical model posits that circathreshold stimuli undergo a square-law 

transformation as a result of differential coupling.  For gated maskers the difference in 

stimuli between the two observation intervals would be (X+ΔX)2-X2, or 2XΔX+ΔX2.  

For continuous maskers the difference would be (ΔX)2 and 0, giving a difference of 

(ΔX)2.  In terms of the sensory-analytical model, thresholds will be higher for the 

continuous rather than the gated case.  The nonlinear transducer, which predicts no 

such difference between the two types of maskers, is in fact at odds with empirical 

findings (e.g., Green, Nachmias, Kearny, and Jeffress, 1979; Hanna, von Gierke, and 

Green, 1986; Viemeister and Bacon, 1988). 

 

  One further consideration will be presented regarding the two models. Figure 

6.5.2 demonstrates what happens when Laming’s subthreshold function is given a free 

parameter.  Here the value of Θ has been allowed to vary as opposed to being 

constrained by the suprathreshold fit.  Reference to Figure 6.1.11 immediately 

confirms that the fit in Figure 6.5.2 is the superior of the two.  Of additional 

noteworthiness is the similarity between the subthreshold functions presented in 

Figure 6.5.2 and that produced by the nonlinear transducer in Figure 6.1.13.  Although 

the forms of the two functions are not mathematically identical they have been found 

elsewhere to behave very similarly (Hanna, von Gierke, and Green, 1986), and in the 

operating range of observers are, for the most part, identical.  The addition of an extra 

parameter in the sensory-analytical model results in almost identical performance with 

the nonlinear transducer.  Thus the nonlinear transduction model owes its superior 

subthreshold fits to an extra free parameter.                  

 

To summarise, in quiet negative masking is found, irrespective of the 

expressive units of the stimuli, with 1000-Hz and 6500-Hz sinusoids 10 ms in 

duration.  In noise, negative masking is evident for 10-ms 1000-Hz sinusoids in units 
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of pressure but not intensity.  The degree of negative masking using 10-ms sinusoids 

was comparable to reports using 100- and 200-ms sinusoids (Hanna, von Gierke, and 

Green, 1986; Viemeister and Bacon, 1988).  Of the three-fitted models Viemeister 

and Bacon’s (1988) model was found to be the least effective.  Further comparison of 

the models suggests the superiority of the sensory-analytical model over the nonlinear 

transduction model.  The uncertainty hypothesis was considered and found to be an 

inadequate explanation or predictor of negative masking.    
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Figure 6.5.2 : A variation of the sensory analytical model fitted to group data expressed in units of 
pressure.  Data are for 1000-Hz sinusoids discriminated in quiet.  For this model the subthreshold 
component includes a free-parameter. 
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Chapter VII : The Pedestal Effect 
 
“Within the sound of silence…” 

           Paul Simon 
 
 
7.0 INTRODUCTION 
 
 The negative masking experiments (see Chapter VI) estimated thresholds, ΔX, 

for a number of pedestal values, X, bracketing absolute threshold and beyond.  

Pedestal effect experiments maintain a constant value of ΔX across a similar range of 

pedestal values and record how the differing levels of pedestal affect percentage 

correct in a 2-IFC discrimination task (see Chapter III).  In a conventional 2-IFC 

procedure the task of the observer is to indicate which of two intervals contained ΔX: 

either the first or the second interval.  The pedestal effect is an example of what was 

described, in Chapter I, as the fixed-increment function.  The pedestal effect is found 

only when pedestal levels are at or around absolute threshold.  In this region, as with 

negative masking, a nonmonotonic relationship is found.  Another hallmark of 

negative masking shared by the pedestal effect is that an observer is better able to 

discriminate a change in level between X and X+ΔX than to detect a change from 0 to 

ΔX (i.e., the absolute threshold).     

 

 Since Pfafflin and Mathews’ (1962) demonstration of the pedestal effect and 

presentation of fixed-increment functions, the psychophysical literature has for the 

most part been silent on the matter.  Reports of psychometric functions for near 

threshold pedestal values may on occasion elicit reference to the pedestal effect when 

discussion of their unique slope is entertained (e.g., Raab, Osman, and Rich, 1963b).  

In psychoacoustics at least, the fixed-increment function appears not to have aroused 

the interests of researchers at all, with the functions presented by Pfafflin and 

Mathews being perhaps the only examples.  Such neglect is puzzling, given, as 

Pfafflin and Mathews demonstrated, the utility of the fixed-increment function in the 

testing of auditory level discrimination models.  The lack of interest is even more 

perplexing given the enthusiasm for this topic evident in visual literature.  
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 As described in Chapter III, an intuitive relationship exists between the 

pedestal effect and negative masking (Laming, 1986); a relationship that has yet to be 

explored in earnest.  Pfafflin and Mathews (1962) have demonstrated the pedestal 

effect for 100-ms 1000-Hz sinusoids presented in gated narrowband noise.  Negative 

masking has been demonstrated in quiet for 1000-Hz sinusoids of 100-ms (Hanna, 

von Gierke, and Green, 1986) and 200-ms (Viemeister and Bacon, 1988) durations.  

The addition of background noise however attenuates the degree of negative masking 

(Hanna, von Gierke, and Green, 1986).  There are no reported experimental 

programmes that have examined concurrently both the pedestal effect and negative 

masking using similar stimulus parameters.        

 
 The experimental aims of Chapter VII are threefold.  The first is to collect 

more data on the pedestal effect to generate fixed-increment functions and add to an 

otherwise impoverished database.  For example, does the pedestal effect occur 

without the presence of a background noise?  Is the effect evident when 10-ms stimuli 

are employed instead of the 100-ms sinusoids used by Pfafflin and Mathews?  

Second, might the pedestal effect be more apparent for data collected in quiet than in 

a noise background?  The data in Experiments 6.1 and 6.2 show that negative masking 

is diminished in the presence of a background noise.  Given the commonalities 

between negative masking and the pedestal effect, such a reduction in the pedestal 

effect would be expected.  The third motivation is to explore the relationship between 

the pedestal effect and negative masking in more detail by retaining the stimulus 

parameters of Experiments 6.1 and 6.2.  It is a central thesis of this study that the 

relationship between negative masking and the pedestal effect may yield insight into 

which of pressure or intensity is the correct unit of level.  The final discussion chapter 

in this thesis explores these issues in detail.    
 

 
Experiment 7.1 : Fixed-increment Functions for 1000-Hz 

Sinusoids Presented in Quiet 
 
 
INTRODUCTION 
 

 Measurements of psychometric functions for circathreshold pedestals have 

supported the existence of the pedestal effect, as originally reported by Green (1960).  
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The construction of fixed-increment functions for circathreshold sinusoids presented 

in quiet are, however, nonexistent.  Experiment 6.1, employing 10-ms 1000-Hz 

circathreshold sinusoids, produced a considerable amount of negative masking.  The 

aim of Experiment 7.1 is to determine whether the pedestal effect is apparent using 

similar stimuli to those employed in Experiment 6.1.  Relationships between the two 

sets of data will be called upon in relation to the units problem in audition.     

 
METHOD 
 

Observers 
 

 Four subjects were recruited from the University of Auckland’s Department of 

Psychology.  Three of the observers (IK, BM, & DS) had participated in previous 

experiments of this series, while the remaining observer (MK, male aged 29) had not. 

Observer MK had no absolute thresholds greater than 20 dB HL between 500 and 8-

kHz on the tested ear (see Appendix A), and was experienced in psychophysical tasks.  

Financial remuneration was received by Observers MK and BM.  

  

Stimuli  
 

 The stimuli were identical to those used in Experiment 6.1 (1000-Hz 

sinusoids, 10 ms in duration with 1-ms cos2 ramps) except for the levels of the 

pedestals.  Nine levels of pedestal: -9, -6, -4, -2, 0, 2, 4, 6, and 9 dB SL were 

employed.   

 

Apparatus  
 

The sinusoids were generated in a manner identical to Experiment 6.1.  

Furthermore, the delivery of the sinusoid to the observer utilised the same equipment, 

except that a Tuckers-Davis PA5 programmable attenuator replaced the Marconi TF 

2162 attenuator (compare Figures 6.1.2 and 7.1.1).  Appendix B describes calibration 

details.   
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Figure 7.1.1 : The experimental apparatus employed in Experiment 7.1 (see text for details). 
 
 
Procedure 
 

Determination of absolute threshold. 
 

Prior estimates of absolute thresholds for 10-ms 1000-Hz sinusoids were 

available for all observers except MK who undertook additional blocks of trials to 

determine his sensitivity to the sinusoid.  The procedure and apparatus used to 

estimate MK’s absolute threshold was identical to that used with observers IK, BM, 

and DS in Experiment 6.1.  Absolute thresholds and their standard deviations for each 

observer can be viewed in Table 7.1.1.   

 

Determination of fixed-increment functions. 
 

 Experiment 7.1 used a 2-IFC procedure to estimate performance in a 

sinusoidal discrimination task.  On any one trial each interval contained a pedestal of 

equal level and frequency, though pedestal level was variable across a block of trials.  

To one of these pedestals an increment was added, with each interval having an equal 

chance of receiving the increment.   

 

  The increment, Δp, which was of a constant value (in linear units) across all 

pedestal levels, was 25% of the observer’s absolute threshold, Δp0: 
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The value of 0.25 was chosen on the basis of pilot data.  Specifically, an increment 

level was sought that, when presented by itself, elicited a percentage correct of 

approximately 55% in a 2-IFC discrimination task.  This criterion was chosen on the 

basis of the findings of Pfafflin and Mathews (1962: see Figure 7, p.1845).  Table 

7.1.1 lists each observer’s absolute threshold and computed increment, Δp (Equation 

7.1), in both linear units and decibels.   

 

Each experimental session consisted of two blocks of 120 trials each, with the 

first three trials designated practise trials.  Nine pedestal levels (-9 to 9 dB SL) were 

presented randomly across a block of trials.  In each block of trials a pedestal level 

was presented thirteen times (117/9=13).  Each observer undertook twenty blocks of 

trials.  Two subsequent blocks of 104 trials each contained the increment Δp without 

the addition of a pedestal.  The first four trials were designated practise, leaving 

performance to be estimated from 200 trials. 

 

Each trial began with a warning light (200 ms) followed by a brief pause (800 

ms).  Interval one and interval two were then presented, separated by an inter-stimulus 

interval of 500 ms.  The two observation intervals were marked by a flash of a green 

LED for the duration of each interval, while no LEDs were operational during the 

inter-stimulus interval.  A response period with no time constraints then followed in 

which the observer made a response about which interval contained the pedestal-plus- 
 

 

 
Table 7.1.1 : Estimates of absolute thresholds and the fixed increment ΔX, presented both in linear and 
transformed (dB SPL) units.  Stimuli were 10-ms 1000-Hz sinusoids.   

 
 Absolute Threshold  

(dB) 
Absolute Threshold 

(units) 
Increment  

(dB) 
Increment 

 (units) 
 

MK 20.11 10.12 7.96 2.50 
IK 18.28 8.20 6.40 2.10 
BM 23.59 15.12 11.55 3.78 
DS 14.60 5.37 2.90 1.40 
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increment.  Contingent upon which interval contained the increment a red LED, either 

to the left or the right of the central green LED, was illuminated for 200 ms.  The left 

LED signified that the increment had been in the first interval, while the right LED 

indicated that it had occurred in the second.  The extinction of the feedback LED 

coincided with the beginning of the next trial or, if the total number of prescribed 

trials had occurred, the termination of the experiment.  

  

RESULTS 
 

ABSOLUTE THRESHOLDS  
 

Figure 7.1.2 displays the absolute threshold estimates for MK as a function of 

block number.  The dashed line represents the mean of those ten estimates, which was 

20.11 dB SPL.  Absolute thresholds for all observers are displayed in Table 7.1.12 

along with standard deviations and values of Pearson’s r, the latter of which were all 

nonsignificant at the 0.05 level.  The most experienced of the three observers, DS, 

recorded the lowest threshold value (14.6 dB SPL) and the lowest value of r (0.04).  A 

significant r would indicate that practise effects (+r) or fatigue (-r) had occurred over 

the ten blocks of trials.    
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Figure 7.1.2 : Absolute threshold as a function of block number for observer MK.  The dashed 
horizontal line represents the mean threshold estimate across the ten blocks, while the solid line is the 
line of best-fit.  The stimulus to detect was a 10-ms 1000-Hz sinusoid in quiet.   
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Table 7.1.2 : Absolute thresholds for a 10-ms 1000-Hz sinusoid.  Thresholds are the same as those 
presented in Table 7.1.1, with the inclusion of standard deviations (SD) and the best-fit statistic, r. 

 
 IK MK BM DS 
Mean (dB SPL) 18.28 20.11 23.59 14.60 
SD 0.91 1.07 0.78 0.95 
Pearson’s r -0.51 -0.10 0.32 0.04 

 
 
 
Fixed-Increment Functions 
  

Individual Data 
 

 Raw data, in terms of number correct per block, and those scores converted to 

percentage correct, for each level of pedestal can be viewed in Appendix F.  Each 

observer’s data is displayed graphically in Figure 7.1.3, where percentage correct is 

plotted as a function of pedestal level (dB SL).  Each data point is based on 260 trials 

and accompanied by 95% confidence intervals.  The vertical dotted lines represent the 

value of the observer’s absolute threshold.  Performance in detecting the increment in 

the absence of a pedestal is symbolised by an open circle (o) intercepting the y-axis.  

The performance estimates, based on 200 trials, for the no pedestal condition, were 

IK=56.47%, MK=58.05%, BM=52.60%, and DS=55.16%.  

 

A common trend across all observers is the nonmonotonic character of the 

fixed-increment function.  These functions initially increase at low pedestal values 

and, once the absolute threshold is traversed, a decline in percentage correct occurs.  

It is assumed, on the basis of Weber’s law, that as pedestal level increases beyond the 

absolute threshold the function would asymptote at fifty percent correct.  Weber’s law 

would, however, fail to predict the nonmonotonic nature of the function across the 

entire range of pedestals. 

 

  The pedestal effect is exemplified by observers performing better when the 

increment is presented with a pedestal than by itself.  For all observers it is apparent 

that performance is greatest when the increment is accompanied by a pedestal than 

without (cf negative masking).  Of additional interest is the location of the peak 

percentage correct values.  For all observers the level of pedestal associated with the 

highest performance is itself below the absolute threshold.  This indicates that 
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discriminability is improved by the addition of subthreshold pedestals and mirrors the 

findings reported by Pfafflin and Mathews (1962).  It is apparent that the fixed-

increment functions presented in Figure 7.1.3 manifest the pedestal effect – this being 

the first time that such a result has been found, or indeed sought, for sinusoids 

presented without a noise background.                   

 

Figure 7.1.4 affords a direct comparison between the four observers and 

identification of any individual differences that may be resident in the data.  Visual 

examination of the data suggests that there are few differences between the observers 

once they have been standardised to their absolute thresholds.  The only salient 

difference of note is the abrupt change in BM’s performance between the -4 and -6 dB 

SL pedestals. 

 

IK

-10 -5 0 5 10

P
er

ce
nt

ag
e 

C
or

re
ct

50

60

70

80

MK

-10 -5 0 5 10

50

60

70

80

BM

Pedestal Level (dB SL)

-10 -5 0 5 10

P
er

ce
nt

ag
e 

C
or

re
ct

50

60

70

80

DS

Pedestal Level (dB SL)

-10 -5 0 5 10

50

60

70

80

 
 
Figure 7.1.3 : Fixed increment functions, plotting percentage correct as a function of pedestal level 
(dB SL), for four observers.  Error bars are included and the dotted vertical lines represent the value of 
the observer’s absolute threshold.  The open circle (o) intercepting the y-axis is performance for the 
increment presented in isolation, that is, without a pedestal.  Stimuli were 10-ms 1000-Hz sinusoids 
presented in quiet.        
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Figure 7.1.4 : The four fixed-increment functions that were presented individually in Figure 7.1.3.  
Data are for BM (•), IK (□), MK (○), and DS (▼).   
 
 
Group Data 
 
 A lack of individual differences permits the averaging of individual data to 

produce group data.  Each point in Figure 7.1.5 is the arithmetic mean of the four 

observers’ percentage correct values for that particular pedestal value.  The function 

peaks at the -2 dB SL pedestal and exhibits a linear decline as the pedestal level both 

decreases and increases from this maximum.  The average of the no pedestal 

condition, in which the increment was presented in isolation, is the open circle, o, 

intercepting the y-axis, and is equal to 55.57%.  As was apparent in the individual 

data, observers perform better when an optimal subthreshold pedestal is present than 

if a suprathreshold pedestal or no pedestal is added.     

 

DISCUSSION 
 

 The data convincingly show a nonmonotonic relationship between 

performance and percentage correct when the level of the increment, Δp, is invariant 

across a range of circathreshold pedestals.  This nonmonotonic trend was evident 

across observers with variation between individuals minimal, though partly 

attributable to the standardisation of pedestal levels relative to the observer’s absolute 

threshold.  If sensation level had not been used the observer’s data would have been  
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Figure 7.1.5 : Group data expressed as mean percentage correct as a function of pedestal level.  The 
dotted vertical line represents the mean absolute threshold. The open circle (o) intercepting the y-axis 
represents the increment without pedestal condition.  The error bars are based on 95% confidence 
intervals.     
  
 
displaced laterally relative to one another, although the main trends in the data would 

have been resilient and identical conclusions drawn.  In terms of maximum 

performance the optimal pedestal appears to be approximately -2 dB SL, indicating 

that performance is improved by the provision of a pedestal that is itself below 

absolute threshold. 
 

 Of further interest is the performance measured without the addition of a 

pedestal; that is, the increment Δp presented in isolation, compared to trials where Δp 

was added to a pedestal.  The data show that observers were better able to 

discriminate a change in level from p to p+Δp than detect a change from 0 to Δp.  This 

improvement in performance afforded by the presence of a pedestal defines the 

pedestal effect.  Across individual and mean data the percentage correct scores were 

substantially lower for the no-pedestal condition (group mean 55.57%) than the 

optimal pedestal level (-2 dB SL) associated with the peak of the function (group 

mean 76.32%).  Thus it can be concluded that the fixed-increment functions 

constructed from the data collected in this experiment manifest the pedestal effect. 

 

Demonstrating the pedestal effect by the use of the fixed-increment function 

for sinusoids presented in quiet has no precedence in the literature, and direct 
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comparison to data from previous studies is therefore not possible.  Pfafflin and 

Mathews (1962) employed a similar methodology, with the difference being that their 

1000-Hz sinusoids were 100 ms in duration and embedded in a gated narrowband 

noise background.  Despite these differences in stimuli, both sets of data have 

remarkably similar forms (see Figure 3.8), though the functions presented in the 

current experiment are more refined on account of a larger number of pedestal levels 

(nine vs. five).  The likeness between Pfafflin and Mathews’ data and these data 

indicates that the form of the functions is not dependent upon stimulus duration.  

 

 The negative masking data collected in Experiment 6.1 can also be related to 

the data collect in this experiment.  The relationship between the masking and the 

fixed-increment functions was discussed in Chapter III, but will be briefly 

summarised again.  The lowest value of the difference threshold (i.e., ΔX) found on 

the masking function would be expected to correlate with the highest percentage 

correct value on the fixed-increment function.  The value of the pedestal X that 

obtains the smallest value of ΔX can be thought of as an optimal pedestal level.  As 

ΔX increases beyond this minimum on the masking function there should be a 

corresponding decrease in percentage correct on the fixed-increment function.  This 

relationship between the two functions is forced by the fact that larger values of ΔX 

indicate a decrease in sensitivity at that pedestal level compared to alternative pedestal 

levels in which ΔX is smaller.  By keeping ΔX invariant on the fixed-increment 

function, performance would be expected to suffer on those pedestals with higher 

values of ΔX relative to those with lower values.  Such a relationship would manifest, 

for circathreshold pedestals, as an inversion of functions between the masking 

function and the fixed increment function.  By comparing the shapes of the functions 

between the two experiments for the group data this relationship is confirmed when 

the stimuli are defined in units of pressure.  However, when the stimuli are expressed 

in units of intensity the inverse relationship between the masking function and the 

fixed-increment function is no longer evident.  This poses a problem to the intensity 

advocates, and this finding will be discussed in more detail in Chapter IX.   

 

 A suggestion for improvement in the methodology would be extending the 

range of pedestal levels beyond 9 dB SL to confirm that the function does indeed 
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asymptote on chance as Weber’s law would predict.  Further experiments adjusting 

various stimulus parameters such as the duration and frequency of the sinusoids, as 

well as having multiple values of Δp, will also serve to enrich the currently 

impoverished database in this area.  These data, indicating that the pedestal effect is 

found with 1000-Hz 10-ms sinusoids presented in quiet, can be considered a 

beginning in this process but hopefully not an end.         
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Experiment 7.2 : Fixed-increment Functions for 1000-Hz 
Sinusoids Presented in Noise 

 
 
 
7.2.1 INTRODUCTION 
 

 To the best of the author’s knowledge the only fixed-increment function 

generated using acoustic stimuli was published by Pfafflin and Mathews (1962).  

Their study employed 1000-Hz sinusoids of 100-ms duration embedded in a gated 

narrowband noise background.  Observers participated in a 2-IFC procedure and 

acquired the stimuli binaurally.  Experiment 7.2 is a partial replication of Pfafflin and 

Mathews’ (1962) study, but differs in three respects.  In contrast to Pfafflin and 

Mathews, the present study employed only continuous broadband background noise 

(No=20 dB SPL).  The selection of a continuous noise masker as opposed to a gated 

noise masker was to permit a direct comparison between these data and the data 

generated in Experiment 6.2.  Secondly, although the sinusoids employed in both 

studies were 1000-Hz, their durations differed, with the current study employing 10-

ms sinusoids.  A duration of 10 ms was chosen so the data were directly comparable 

to the negative masking data presented in Chapter VI.  Lastly, observers in the present 

study listened to the stimuli monaurally. 

 

 The purpose of Experiment 7.2 is three-fold.  The first is to verify that the 

pedestal effect is reflected in the fixed-increment function, as claimed by Pfafflin and 

Mathews (1962) - albeit with different stimulus parameters.  The second motivation 

regards the form of the masking function.  Experiments generating masking functions 

have shown that the addition of background noise reduces the degree of negative 

masking (e.g., Hanna, von Gierke, and Green, 1986).  Given the close relationship 

between the two phenomena, will the pedestal effect be reduced with the provision of 

background noise?  Third, the relationship between the masking function generated in 

Experiment 6.2 and the fixed-increments functions will be examined with the 

expectation that the contrast will yield insight into the units problem.  This 

relationship was outlined in Chapter III.  
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METHOD 
 

Observers 
 

 Three experienced psychophysical observers (MK, BM and DS) participated 

in Experiment 7.2.  Of these, two (BM and DS) had participated in Experiments 6.1, 

6.2, 6.4 and 7.1, and one (MK) had participated in Experiment 7.1. Observers MK and 

BM were remunerated for their efforts, while the author DS was not.  Audiograms for 

each observer can be scrutinised in Appendix A.    

  

Stimuli  
 

 Stimuli were similar to those used in Experiment 6.2, except for slight 

differences in the pedestal levels, which were identical to those used in Experiment 

7.1.  Pedestal levels of -9, -6, -4, -2, 0, 2, 4, 6, and 9 dB SL were employed.  A 

broadband background noise of 20 dB SPL spectrum level, the same used in 

Experiment 6.2, was presented continuously for the duration of the experiment.   

 

Apparatus 
 

 The equipment was identical in most respects to that employed in Experiment 

6.2 except the Marconi TF2162 attenuator that was substituted with a TDT PA5 (see 

Figure 7.2.1).   Calibration procedures are detailed in Appendix B.    
 

 
 Interface 

(BNC-2090)

Attenuator 
(TDT PA5)

Headphone Buffer 
(TDT HB7) 

Computer 
(PCI-6052E) 

Response 
Terminal

Noise 
(TDT WG2) 

Attenuator 
(TDT PA4) 

Signal Mixer 
(TDT SM5) 

Attenuator 
(TDT PA5)

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7.2.1 : Schematic diagram of  the apparatus employed in Experiment 7.2 (see text for details). 
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Procedure 
 

Determination of absolute threshold. 
 

Absolute thresholds for a 10-ms 1000-Hz sinusoid embedded in continuous 

noise had been previously estimated for BM and DS, thus only MK was required to 

undertake a task to estimate his absolute threshold.  This was undertaken using the 

exact stimuli, apparatus and procedure outlined in Experiment 6.2.  

 

Determination of fixed-increment functions. 

 

 The procedure utilised in the present experiment was identical to that used in 

Experiment 7.1.  The difference between experiments, as already outlined, was the 

presence of a continuous noise background throughout the experiment. 

 

 The increment, Δp, which was of a constant value (in linear units) across all 

pedestal intensities, was 25% of the observer’s absolute threshold: 

 

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
×=Δ

Δ

25.010log20 20
10

0p

p .                (7.2) 

 

The proportionality constant (0.25) operating on the observer’s absolute thresholds 

expressed in linear units was chosen on the basis of pilot data.  Table 7.2.1 lists each 

observer’s absolute thresholds and calculated increment, Δp (Equation 7.2), in both 

units and transformed into decibels. 

 

 
Table 7.2.1 :  Absolute thresholds and increment values, Δp, in untransformed units and decibels.  
Stimuli were 10-ms 1000-Hz sinusoids presented in a continuous background noise. 

 
 Absolute Threshold  

(dB) 
Absolute Threshold 

(units) 
Increment 

 (dB) 
Increment  

(units) 
 

MK 50.84 348.34 38.72 86.28 
BM 49.96 314.77 37.90 78.73 
DS 50.24 325.09 38.18 81.10 

 
 

 247



MK

Block  Number

0 2 4 6 8 10

Th
re

sh
ol

d 
(d

B 
SP

L)
46

48

50

52

54

Raw Data
Line of best fit
Mean Threshold

 
 
Figure 7.2.2 : Absolute threshold for a 10-ms 1000-Hz sinusoid in a noise background as a function of 
block number for observer MK.  The dashed horizontal line represents the mean threshold estimate 
across the ten blocks, while the solid line is the line of best-fit. 
 

 
RESULTS 
 

Absolute Thresholds in Noise 
 

Absolute thresholds for each observer are presented in Table 7.2.1.  

Thresholds associated with Observers BM and DS in Experiment 6.2 were presented 

and discussed in Experiment 6.2.  Observer MK possesses threshold characteristics 

similar to those of Observers BM and DS, and returned a non-significant Pearson’s r 

indicating that no learning or fatigue effects were evident over the ten blocks used to 

estimate his threshold. 

 
 
 
Table 7.2.2 :  Absolute thresholds for a 10-ms 1000-Hz sinusoid in noise.  Thresholds are identical to 
those presented in Table 7.2.1, with the inclusion of standard deviations and the best-fit statistic, r. 

 
 MK BM DS 
Mean (dB SPL) 50.84 49.96 50.24 
SD 0.95 2.53 0.80 
Pearson’s r 0.40 0.23 -0.19 
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Fixed-Increment Functions 
   

Individual Data 

 

 Percentage correct scores as a function of pedestal level (dB SL) are presented 

in Figure 7.2.3 for MK, BM, and DS.  Each data point is based on 260 trials and is 

presented with 95% confidence intervals.  The dashed vertical lines in these plots 

represent the absolute threshold.  The open circles, o, intercepting the y-axis represent 

the increment without pedestal condition.  Raw data and percentage correct scores are 

available for inspection in Appendix F.   

 

Evident for all three observers is a nonmonotonic relationship across the range 

of pedestal levels.  The trend is one of initial increase, a brief plateau, and then drop in 

percentage correct.  The peak of each individual’s function occurs at a subthreshold 

pedestal level, indicating that the addition of a subthreshold pedestal enhances 

performance.  Eye-balling the data suggests the optimum pedestal level is 

approximately -3 dB SL.  The form of these functions is consistent with the functions 

reported by Pfafflin and Mathews (1962).      

 

The final panel in Figure 7.2.3 (bottom right) shows the three sets of 

individual data all plotted onto the same graph.  As in Experiment 7.1, the variability 

between observers is slight, though BM exhibits consistently lower percentage correct 

scores than either MK or DS.    

 

Group Data 
 

Individual data were averaged and are displayed in Figure 7.2.4, which plots 

percentage correct as a function of pedestal level.  The nonmonotonic function 

evident in the individual data is retained subsequent to averaging.  In terms of  

performance the optimal pedestal level occurs between -2 and -4 dB below the 

absolute threshold.  As with the individual data, the conclusion that subthreshold 

pedestals enhance discrimination is again warranted.  Beyond the optimal peak the 

function exhibits a monotonic decline and would be expected to asymptote on 50 

percent correct as the pedestal level is increased.            
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Figure 7.2.3 : Fixed increment functions, plotting percentage correct as a function of pedestal level, for 
three observers.  Intercepting the y-axis are percentage correct scores (o) for the increment without 
pedestal condition.  Error bars are included and the dotted vertical lines represent the value of the 
observer’s absolute threshold.   Stimuli were 10-ms 1000-Hz sinusoids presented in a continuous noise 
background.  The last panel in the series (bottom right) plots the data of all three observers on the 
single graph: MK (•), BM (o), and DS(▼).   
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Figure 7.2.4 : Group data expressed as mean percentage correct as a function of pedestal level.    The 
open circle (o) intercepting the y-axis represents mean performance in the increment alone condition.  
Error bars are included and the dotted vertical line represents the mean absolute threshold.  Stimuli 
were 10-ms 1000-Hz sinusoids presented in a continuous noise background.     
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DISCUSSION 

 
 Experiment 7.2 employed 10-ms sinusoids of 1000-Hz embedded in 

continuous broadband noise in a fixed-increment paradigm.  The effect on 

performance of holding ∆p constant across pedestal level was to produce a 

nonmonotonic function mimicking an inverted u-shape function.  At subthreshold 

pedestal levels the function increased until a maximum was obtained around the 

absolute threshold region, and then decreased over the range of suprathreshold 

pedestals.  The form of the function was shared across the three observers, and the 

optimal pedestal level coinciding with the function’s peak was between -4 and -2 dB 

SL for individual data. 

 

 The fixed-increment functions for all three observers individually and for the 

group data demonstrated the pedestal effect in a convincing fashion.  The occurrence, 

or not, of the pedestal effect can be easily gauged using a fixed-increment function.  If 

the pedestal effect arises then peak performance will happen not when the increment 

∆p is presented in seclusion but instead when it has been added to a pedestal (i.e., 

p+∆p).  For the group data, performance for when no pedestal was added to the 

increment was 55%.  At the optimum pedestal level, -2 dB SL, performance was 73%.  

It can therefore be concluded that for these stimuli the fixed-increment functions gave 

compelling evidence for the pedestal effect. 

 

These data can be compared satisfactorily to the data presented by Pfafflin and 

Mathews (1962).  Pfafflin and Mathews generated fixed-increment functions for 100-

ms 1000-Hz sinusoids embedded in a noise background.  The noise they employed 

differed from the present study in two respects: it was narrowband as opposed to 

broadband, and it was gated on-and-off with each observation interval rather than 

continuous.  Despite these differences between the stimuli, the two independent sets 

of data are remarkably similar.  Both sets of data exhibit similar shaped nonmonotonic 

functions, and both sets of data have functions that peak at subthreshold pedestal 

levels.  Taken together, the data from Pfafflin and Mathews (1962) and the current 

study indicate that the bandwidth or the duration of the background noise is not a 

factor in inducing the pedestal effect.  On a quantitative level, however, the 
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percentages correct reported by Pfafflin and Mathews were consistently higher than 

those reported in the present study (see for example Figure 3.8), though this may in 

part be attributable to differences in sinusoidal duration. 

 

There is an inverse relationship between the masking function and the fixed-

increment function; namely, as the difference threshold ∆X increases, the percentage 

correct scores corresponding to the fixed-increment function decreases.  At 

circathreshold pedestal levels the difference threshold, in units of pressure, exhibits a 

u-shaped function.  For the fixed-increment function then, an inverted u-shaped 

function would be expected, and indeed the data confirms this relationship.  However 

when the difference threshold is presented in units of intensity a plateau at low 

pedestal values transforming into a monotonically decreasing function at higher 

pedestals levels is predicted.  Because converting between pressure and intensity has 

no effect on the resulting fixed-increment function, the prediction obtained from the 

masking function in units of intensity is not realised.  This finding will be explored in 

greater detail in the Chapter IX.   

  

 Consideration of methodology identifies a number of improvements and future 

avenues of experimentation.  The first is an increase in the number of observers, with 

three conventionally considered the lower bound in psychophysical studies.  Pfafflin 

and Mathews (1962) had four observers, though five is probably more ideal – enough 

observers to scrutinize the reliability of results while not being burdened with too 

many experimental sessions.  Another improvement would be to extend the range of 

pedestal levels beyond 9 dB SL to determine if performance asymptotes on 50% as 

Weber’s law predicts it should.  Additional manipulation of stimulus parameters such 

as sinusoidal frequency and duration, and noise duration and bandwidth, would 

likewise contribute to the scant experimental database that exists in this area. 

 

 The data provided by Experiment 7.2 permit the conclusion that, for 10-ms 

1000-Hz sinusoidal stimuli presented in continuous broadband noise, the pedestal 

effect is conclusively reflected in the fixed-increment function.   
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7.3 GENERAL DISCUSSION 
 

 Experiments 7.1 (sinusoids in quiet) and 7.2 (sinusoids in noise) both 

produced fixed-increment functions that were nonmonotonic in form.  Both sets of 

data possessed inverted u-shaped functions that were highly consistent across 

individuals.  The peaks of the functions occurred at pedestal levels between -4 and -2 

dB SL, indicating that peak performance coincided with subthreshold pedestal levels.  

These nonmonotonic functions inherent in the data do not confirm to Weber’s law, 

which would predict a monotonically decreasing function peaking at the smallest 

pedestal level and asymptoting on chance at higher pedestal levels.  The break down 

of Weber’s law at low and high stimulus levels is well documented in the literature, 

though for the bulk of the stimulus range Weber’s law has been found to be a valid 

empirical generalisation.   

 

 The pedestal effect itself, defined by pedestal-induced performance 

enhancement relative to a no pedestal condition, was demonstrated by the fixed-

increment functions generated by both Experiments 7.1 and 7.2.  For the group data in 

quiet mean peak performance was 76.32% at a pedestal level of -2 dB SL.  The 

corresponding performance when no pedestal was added was 55.57%.  For the noise 

data peak performance was 73%, also at the -2 dB SL pedestal level, but fell to 

55.44% when no pedestal was added.  Thus at a subthreshold pedestal value, 

performance was better than if no pedestal had been presented: the pedestal effect. 

 

 It was hypothesised in the introduction that, on the basis of data obtained from 

negative masking experiments, performance in the quiet condition (i.e., Experiment 

7.1) would be superior to performance in the noise condition (i.e., Experiment 7.2).  

Figure 7.3.1 presents both sets of data on the one set of coordinates to facilitate 

comparison between them.  The two functions share a similar nonmonotonic form, 

and are uniform for the three lowest pedestal levels before systematically diverging at 

higher levels.  Thus even though both sets of data were standardised to sensation 

level, with the increment itself calculated as a proportion of the absolute threshold, 

there appear differences between the two functions as pedestal level increases.  For 

pedestal levels greater than -5 dB SL, performance in quiet appears better than  
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Figure 7.3.1 : Fixed-increment function plotting mean percentage correct as a function of pedestal 
level (dB SL) for 10-ms 1000-Hz sinusoids presented in either quiet (●) or in a continuous noise 
background (○).  Intercepting the y-axes are percentage correct scores for the increment without 
pedestal conditions. The vertical dashed line represents the absolute threshold.  The symbols 
intercepting the y-axis are the percentage correct values for the no pedestal condition for the data in 
quiet (left axis) and noise (right axis). 
 

  
performance in noise.   For pedestal levels equal to or less than -5 dB SL both 

conditions give similar results.    
 

Experiments 6.1 (sinusoid in quiet) and 6.2 (sinusoid in noise) involved 

generating masking functions and determining whether negative masking was evident.  

Given the relationship between the masking function and the fixed-increment function 

it is of interest to see if this relationship is reflected in the masking functions produced 

by Experiments 6.1 and 6.2 and the fixed-increment functions generated in 

Experiments 7.1 and 7.2.  It was found that when the masking functions were 

expressed in units of pressure the relationship between these functions and the fixed 

increment functions was preserved.  However, when the masking function stimuli 

were plotted in units of intensity the expected relationship between the masking 

function and the fixed-increment function was no longer evident.  Such a finding 

suggests a fundamental inconsistency exists between the two functions when intensity 

is chosen as the unit of representation.  Conversely, when the stimuli are presented in 

units of pressure the two functions retain their intuitive relationship; marshalling 

evidence that pressure is the correct measure of the auditory stimulus.      
 

 Both experiments provide much needed data, exemplified by the fact that only 

one other study exists that they can be compared to.  The data presented by Pfafflin 
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and Mathews (1962) is congruent with the data presented here, though perhaps these 

functions are more refined in that they are constructed from twice as many points.  

Because Pfafflin and Mathews presented their sinusoids in a background of noise their 

results are more relevant to Experiment 7.2, though data from both Experiments 7.1 

and 7.2 possess similar functions to those obtained by Pfafflin and Mathews.  The 

obvious lack of data relating to fixed-increment functions is an indication that a good 

deal more empirical investigation needs to be targeted to this area.  

 

 Methodological improvements include consistency in procedures when 

collecting absolute threshold data and fixed-increment data.  In the current study, 

absolute threshold data were collected using a three-up, one-down 2-IFC adaptive 

procedure, while the fixed-increment data were collected using a 2-IFC method of 

constant stimuli procedure.  For the sake of consistency it would have been better to 

have estimated absolute thresholds using the method of constant stimuli, as did 

Pfafflin and Mathews (1962).  However, the threshold estimates derived from the two 

procedures can still be considered comparable: studies have shown only slight 

differences in estimates across the two methods (Laming, 1986, p. 38), and it is 

doubtful, for example, if the level of the optimal pedestal would have changed had the 

Method of Constant Stimuli been used instead of the adaptive procedure to estimate 

the absolute threshold.       

 

 Future researchers in this area might consider using noise stimuli, as opposed 

to sinusoids, as the pedestal and increment.  Negative masking has been convincingly 

demonstrated with noise stimuli (Raab, Osman, and Rich, 1963b: see Figure 3.1).  It 

would be expected, given the relation between the masking and fixed-increment 

functions, that the pedestal effect would likewise be evident using stimuli embedded 

in noise.   
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CHAPTER 8 : PSYCHOMETRIC FUNCTIONS 
 
 “Bring the noise…!” 

    Chuck D 
 
 
8.0 INTRODUCTION 
 

There is disagreement in the literature as to which JND measure: ΔL, Δp/p, or 

ΔI/I, is proportional to d’.  Of the many studies yielding data amenable to gauging 

these proportionalities only two have directly attempted to inflate the Weber fraction, 

Δp/p, above unity, where proportionality between ΔL, Δp/p, and ΔI/I breaks down.  Of 

the two qualified studies, the experiments undertaken by Buus and Florentine (1991) 

and Moore, Peters, and Glasberg, (1999) produced conflicting results.  The former 

study found that d’ was most proportional to ΔL while the latter found the greater 

proportionality ΔI/I, even though the experimental paradigms utilised by the two 

research groups were fundamentally similar.  It should be noted that perhaps more 

weight should be placed upon the results of Buus and Florentine (1991), because they 

successfully managed to increase the Weber fraction above unity.  The Weber 

fractions of Moore, Peters, and Glasberg (1999) did not rise above unity, though they 

got very close.   

  

The motivation for the three experiments in this chapter is to obtain further 

empirical confirmation of which, if any, of ΔL, Δp/p, or ΔI/I, obtains proportionality 

to d’.  To achieve this, a number of empirical psychometric functions are generated 

using a variation of the Method of Constant Stimuli.  The abscissa, which represents 

stimulus magnitude, will be either ΔL, Δp/p, or ΔI/I, while the ordinate will be the 

sensitivity index d’.  To these empirical psychometric functions Equation 5.5, d’=aXb, 

will be fitted.  If the dependent variable is plotted as log d’ verses either ΔL, 

20log(Δp/p), or 10log(ΔI/I), then a straight line with unit slope (i.e., b=1) will indicate 

that d’ is proportional to that measure of the JND.   

 
The current series of experiments aims to improve on the studies of Buus and 

Florentine (1991) and Moore, Peters, and Glasberg (1999), by varying a number of 

experimental factors.  A major aim is to increase the Weber fractions, in units of 
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pressure, above Δp/p=1, where proportionality between ΔL, Δp/p, or ΔI/I no longer 

holds.  In all, three experiments will be run, and will be denoted Experiments 8.1, 8.2, 

and 8.3:   

 

8.1 A 10-ms 1000-Hz sinusoid presented in a gated, broadband noise 

background. Research has shown that for sinusoids of this type, gated 

noise is the more effective masker (Wier, Green, Hafter, and 

Burkhardt, 1977).  It is anticipated that the use of gated noise will 

serve to increase Δp/p above unity.  A 2-IFC procedure is to be 

utilised, consistent with Buus and Florentine (1991).    

 

8.2 The stimuli are 10-ms bursts of broadband noise.  The utility of noise 

was suggested by Buus and Florentine (1991) who showed that the 

average difference thresholds for noise were greater than those 

obtained using 1000-Hz sinusoids by approximately 5 dB SPL.  In 

contrast to Experiment 8.1, a 3-IFC procedure is used to measure 

psychometric functions for detecting increments in noise.  The 

rationale here comes from Moore, Peters, and Glasberg (1999), who 

implied that Weber fractions could be increased by increasing the 

difficultly of the task.  

   

8.3 A 10-ms 6500-Hz sinusoid will be presented in a notched-noise 

background, with the expectation that, due to the severe departure to 

Weber’s law (Carlyon and Moore, 1984) affecting intermediate 

pedestal levels, difference thresholds will increase.  As with 

Experiment 8.1 a 2-IFC procedure is employed.  

 

A further consideration serving to guide the experimental design is the number 

of pedestal levels from which psychometric functions will be generated.  Moore, 

Peters, and Glasberg (1999) used only one level, 70 dB SPL, while Buus and 

Florentine (1991) used three: 30, 60, and 90 dB SPL.  By extending the range and 

number of pedestals the effect of pedestal level on the form of the masking function 

will also be examined.  Additionally, because difference thresholds are dependent on 
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pedestal level, that is, they increase as they approach the lower and upper limits of 

audibility, a sufficient spread of data can be obtained for a single frequency, and thus 

the effect of frequency can be controlled for.      

 

Figure 8.0.1 offers a schematic summary of this chapter.  Subsequent to a 

general introduction the three experiments are presented.  Each experiment is 

preceded by a brief introduction, followed by a methodology and results section.  The 

terminus of each experiment coincides with a brief discussion of the results, while the 

chapter concludes with an overall discussion of the results taken in their entirety.       
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Figure 8.0.1 : A schematic representation of Chapter VIII.  Sections positioned above precede sections 
positioned below. 
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Experiment 8.1 : Psychometric Functions for the Discrimination 
of 10-ms 1000-Hz Sinusoids in Gated Noise 

 

INTRODUCTION 
 

 Among the stimulus configurations employed by Buus and Florentine (1991) 

and Moore, Peters, and Glasberg (1999) were 10-ms 1000-Hz sinusoids.  The latter 

study employed a continuous broadband-noise background, whose purpose was to 

produce larger difference thresholds through masking.  Additionally, the authors 

indicated that the presence of the continuous noise would serve to mask the spectral 

splatter associated with short-duration stimuli, which are known facilitators of the 

detection process.  Because a number of studies have shown that, for short-duration 

(e.g., ≈10 ms) stimuli around 1000-Hz, continuous noise is not as an effective masker 

as gated noise (e.g., Wier, Green, Hafter, and Burkhardt, 1977), the latter sort of noise 

has been selected for Experiment 8.1.  These changes should serve to increase the 

increment needed for the observer to discriminate between X and X+ΔX and the 

Weber fraction will expand permitting the various JND measures to be distinguished.  

Note that while the temporal character of the noise is changed (i.e., from continuous 

to gated), properties such as bandwidth and No remain identical to that reported by 

Moore, Peters, and Glasberg (1999). 

 

METHOD 
 

Observers 
 

 Four males (WC, MK, EL, and DS) served as observers.  All had extensive 

experience in psychoacoustic tasks and had normal audiometric thresholds (re: ISO 

Standard, 1975) in the ear to be tested (see Appendix C).  All but the author, DS, 

received a monetary incentive to participate in the experiment. 

  

Stimuli 
 

 The stimuli were 1000-Hz sinusoids temporally centred in gated broadband 

noise.  The sinusoid had a duration of 10 ms with 1-ms rise and fall times (cos2) and 
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was generated digitally with a sampling rate of 44.1 kHz using LabVIEW 6.1 (see 

Experiment 6.1).  Ten levels of pedestal, ranging from 15 to 60 dB SPL in 5 dB SPL 

steps, were used to generate the ten empirical psychometric functions for each 

observer.       

 

 The broadband noise was produced from within the same LabVIEW program 

that generated the sinusoid.  A built-in Gaussian noise generator with a sampling rate 

of 44.1-kHz generated a 200-ms burst of noise for each observation interval.  The 

noise power density of the noise was set to 35 dB SPL.    

 

 Upon composition the noise was digitally filtered from within LabVIEW using a 4th 

order bandpass Butterworth filter.  The response of a Butterworth filter is maximal 

within the pass band specified by the cut-off frequencies (fc), and frequencies in this 

region are passed unattenuated (i.e., a frequency response of unity).  Between the flat 

pass band region and the stop band region (where frequencies are completely 

attenuated) is the transition region that gives the Butterworth filter its characteristic 

smooth, monotonically decreasing frequency response.  The steepness of the 

transition is proportional to filter order n: 
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where f is frequency.  The output of the filter is the ratio between voltage out and 

voltage in.  Figure 8.1.1 displays the response characteristics of a Butterworth filter 

for n=1 to 4.  Note that as n increases the Butterworth filter begins to approximate an 

ideal filter response (i.e., a value of zero in the transition region). 

 

The noise was subsequently passed through a Hanning Window with a rise 

and fall time of 10 ms, and then mixed externally with the sinusoid before being sent 

to the ear piece.  Calibration procedures can be viewed in Appendix D. 
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Figure 8.1.1 : Butterworth filters for various values of n.  The amplitude response, the ratio of Vout and 
Vin, is plotted as a function of distance, in hertz, from centre frequency.  The cut-off is 5000-Hz. 
 
 
Apparatus 

 
 National Instruments LabVIEW 6.1 controlled the delivery of, and generated, 

both the gated noise and the 1000-Hz sinusoid.  A digital-to-analogue converter (PCI-

6052E), housed in the same PC in which LabVIEW was installed, produced an 

analogue representation of the stimuli and routed them to a National Instruments relay 

(BNC-2090).  The noise was then directed to a pair of static attenuations (TDT, PA4) 

whose level of attenuation remained constant across the experimental block.  The 

noise power density of the noise was 35 dB SPL.  The sinusoid was directed through 

two programmable attenuators (TDT, PA5), and then added to the noise in a signal 

mixer (TDT, SM5).  Once combined, the noise and sinusoid were delivered to a 

headphone buffer (TDT, HB7) and from there to the Observer’s earphone (TDH 49P, 

#30195).   

 

 The two programmable attenuators were controlled by the same LabVIEW 6.1 

programme that generated the stimuli.  Additionally, the programme presented 

instructions to the observer on a terminal positioned within the sound-attenuating 

chamber (Amplaid model E) housing the observer.  The programme, through an 

auxiliary keyboard, recorded the observer’s responses and controlled feedback lights.  

Stimuli were presented to the observer’s left ear.   
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Figure 8.1.2 : Schematic diagram of equipment (see text for details). 
 
 
Procedure 

 

 Initially, an adaptive three-down, one-up procedure (Levit, 1971) was used to 

measure difference thresholds for each of the ten pedestal levels.  This provided the 

observers practise as well as facilitating in the selection of increments to be used in a 

subsequent Method of Constant Stimuli task.  Each difference threshold was based 

upon three blocks, each consisting of 15 reversals.  All trials prior to the third reversal 

changed the increment level by ±3 dB SPL, while for subsequent trials this change 

was ±1 dB SPL.  To calculate difference thresholds, the mean of the last 12 reversals 

for each block were averaged, with any single block having a standard deviation 

greater than 2 being discarded.  At the termination of each block the program running 

the experiment returned the mean value of the level difference, ΔL, and the associated 

standard deviation.         

 

 Once difference thresholds had been estimated, a variation of the Method of 

Constant Stimuli was used to generate psychometric functions for the ten pedestal 

levels.  Observers were presented two intervals per trial with one of those intervals 

containing a pedestal and the other a pedestal plus an increment.  The difference in 

level between the two intervals was produced by attenuating the two sinusoids to 

different levels.  The interval containing the increment was determined randomly with 

equal a priori probability.  The observer was instructed to indicate which interval 
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contained the increment by pressing either the ‘1’ key (first interval) or the ‘2’ key 

(second interval) on a keypad located in the experimental chamber.  Feedback was 

provided contingent on response in the same manner reported in previous experiments 

of this series.    

 

Forty empirical psychometric functions of five points each were generated 

(four observers x ten pedestal levels).  The five increment levels ranged from -10 to 

+10 dB SPL in 5 dB SPL steps with reference to the observer’s original difference 

threshold, Δp, calculated from the values of ΔL estimated using the adaptive 

procedure described above.  Each psychometric function was based on five blocks of 

trials, with each of the five points based on 105 trials.  The first ten trials of any block 

were designated practise trials and were omitted from the final threshold estimates. 

 

DATA ANALYSIS  
 

 The analysis of data proceeded in two steps.  Firstly, a series of 

transformations on the data were undertaken.    To begin with, the raw percentage 

correct for each value of ΔL was converted to d’.  Hacker and Ratcliff (1979) showed 

that for a M-alternative forced choice task the proportion of correct responses (P) can 

be converted to d’ using the following relation:  
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is the cumulative distribution function of a Gaussian random variable.  This function 

is not available in closed form as its probability density function is not integrable, and 

so tables or approximations are often employed.  Values of d’ were derived by 

substituting P in Equation 8.2 with a proportion correct value and solving numerically 

for d’ using computer software (Derive 5.0, Texas Instruments).  Table G.1 

(Appendix G) shows these values rounded to two decimal places. 
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Three sets of data were then created by transforming the values of the 

pedestal, p, and associated increment, Δp, into ΔL, Δp/p and ΔI/I.  This meant that, 

with four observers and ten pedestals levels, there would be 120 psychometric 

functions; forty for each expression of the JND: ΔL, Δp/p and ΔI/I.  The final 

transformation was to convert the JNDs based on the Weber fraction, Δp/p and ΔI/I, 

into decibels.    

 

 The second stage of the data analysis evaluated the proportionality between d’ 

and ΔL, Δp/p, and ΔI/I.  Three equations are to be fitted to the data: 
 

1. The equation for a straight line with the constraint that the line passes through 

the origin; that is, d’=mX+0.  A goodness of fit statistic, the sums-of-squared 

residuals (SSres), in essence provides an index of the linearity of the data on 

the assumption that an increment of zero yields a d’ of zero.    
 

2.  The equation for a straight line without the zero-intercept constraint; that is, 

d’=mX+c.  Positive x-intercepts would indicate that psychometric functions 

have a slight upward curvature; a negative intercept a slight downward 

curvature.  An intercept of zero indicates a linear psychometric function: a 

precondition of proportionally between X and d’.   
 

3. A best-fitting equation of the form d’=aXb would return a value of b close to, 

or equal to, unity if d’ is proportional to X.   
 

Best-fitting functions were fitted using Sigmaplot 8.0.  Table 8.1.1 displays 

the equations as they were entered into the Sigmaplot 8.0 Regression Wizard.  The 

same sets of equations were used to analyse the data of Moore, Peters, and Glasberg 

(1999), presented in Chapter V. 
 

 
Table 8.1.1 : Equations employed to obtain best-fitting lines in Sigmaplot 8.0 for Experiments 8.1-8.3. 
 
 ΔL Δp/p ΔI/I 
 
Zero intercept f=m*(x)+0 f=m*(10^(x/20))+0 f=m*(10^(x/10))+0 
Non-zero intercept f=m*(x)+c f=m*(10^(x/20))+c f=m*(10^(x/10))+c 
d’ f=a*x^b f=a*((10^(x/20))^b) f=a*((10^(x/10))^b) 
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Calculation of x-intercept 
 

 In order to obtain a direct comparison with the data of Moore, Peters, and 

Glasberg (1999) the equation for a straight line, used to estimate the y-axis intercept 

(see Table 8.1.1, non-zero intercept), was rearranged to provide an estimate of the x-

axis intercept (see chapter V).  This was achieved by taking the equation of a straight 

line, in slope intercept form: y=mx+c, and setting y equal to zero and solving for x.  

This gives:  

 

m
-cintercept-x = ,                 (8.4) 

 
where c is the y-intercept and m is the gradient. 

 

Calculation of Threshold Value when d’ is Set to Unity 
 

 The best-fitting lines to the data using the equation d’=aXb generates an 

estimate of the slope (i.e., the exponent b) of the psychometric function, but to afford 

comparison with the data of Buus and Florentine (1991) the x-value at which the 

dependent variable (i.e., d’) equals unity needs to be computed (see Figure 5.2).  This 

can be calculated using d’=aXb (i.e., Equation 5.5) and setting d’ equal to unity and 

solving for X.  This gives: 

 

baX
1

−
= ,                  (8.5) 

 
if the constraint b>0 is imposed.  Such a constraint was imposed and calculation was 

undertaken using a LabVIEW 6.1 routine programmed by the author.   

 
RESULTS 

 

 Description and analysis of data commences with difference thresholds and 

then progresses onto the generation of empirical and theoretical psychometric 

functions: d’=mX+0, d’=mX+c, and d’=aXb.  The Raw data, transformed data, and 

best-fitting parameters accompanied by goodness-of-fit statistics for three models of 

the psychometric function are presented in Appendix H.   
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Difference Thresholds 
 

 Mean difference thresholds for each observer, expressed in units of pressure 

(i.e., 20log(Δp)), are displayed in Table 8.1.2 along with their standard deviations.  

Only one of the thresholds, observer WC at the 60 dB SPL pedestal level, yielded a 

Weber fraction, in units of pressure, greater than unity.  These values of Δp were 

subsequently used to determine psychometric functions for the ten pedestal levels.  

The psychometric functions were based on five increment levels:  -10, -5, 0, +5, and 

+10 dB, relative to Δp.  
 

Psychometric Functions 
 

d'=mX+0 
 

Empirical psychometric functions plotting the performance index d’ as a 

function of ΔL, 20log(Δp/p), and 10log(ΔI/I) were generated for each of the ten 

pedestal levels.  At each pedestal level the best-fitting equation of the form d’=mX+0 

was found for each observer’s set of data.  Figure 8.1.3 plots d’ as a function of ΔL, 

both on logarithmic axes, with a separate plot for each of the ten pedestal levels.  The 

adoption of logarithmic transforms and scales was influenced by Buus and Florentine 

(1991), who stated that if Δp/p is proportional to d’ then the equal spacing of the 

increment Δp on a logarithmic scale would correspond to equal steps of log d’.   Each 
 

 

 Table 8.1.2 : Mean values of Δp for ten levels of pedestal and four observers.  Parentheses contain 
standard deviations.    

 
Observer Pedestal 

level (dB SPL) WC MK EL DS 
15 8.73 (0.22) 13.12 (2.13) 9.53 (0.88) 7.65 (0.59) 
20 10.46 (0.25) 6.97 (0.66) 9.06 (0.07) 6.75 (0.26) 
25 13.02 (1.48) 12.66 (0.58) 9.44 (0.36) 17.65 (0.53) 
30 18.26 (0.78) 18.26 (0.87) 19.06 (0.29) 18.71 (0.17) 
35 25.46 (0.54) 23.26 (0.33) 25.97 (0.13) 28.61 (0.79) 
40 28.12 (0.47) 31.97 (1.08) 34.03 (0.08) 32.82 (0.49) 
45 41.23 (0.95) 32.46 (0.96) 34.59 (0.41) 36.18 (0.85) 
50 41.42 (1.15) 40.26 (0.99) 48.75 (1.12) 43.61 (0.38) 
55 50.34 (1.16) 44.06 (1.05) 43.74 (0.32) 53.90 (0.54) 
60 61.29* (1.69) 46.97 (0.21) 51.71 (0.19) 57.05 (0.31) 

 

* Δp/p>1 
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plot contains data from all four observers and the associated lines of best-fit.  Figures 

8.1.4 and 8.15 are to be interpreted in the same manner as Figure 8.1.3.  These figures 

plot log d’ vs. 20log(Δp/p), and log d’ vs. 10log(ΔI/I) respectively.     

 

Table 8.1.3 summarises the sums-of-squared residual error of each fit for the 

measures of the JND for each observer.  The mean statistic values in the table are the 

average across the ten pedestal levels.  For the equation d’=mX+0 the average SSres for 

the fitted lines was 0.13 for X=ΔL, 0.07 for X=Δp/p, and 0.27 for X=ΔI/I.  Thus the 

best fit was for Δp/p and the poorest for ΔI/I. These values can be compared with 

those of Moore, Peters, and Glasberg (1999): 0.22 (ΔL), 0.12 (Δp/p), and 0.13 (ΔI/I) 

respectively.  Both sets of results recorded Δp/p as giving the superior fit, but disagree 

on the ranking of ΔL and ΔI/I.     

  

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 8.1.3 : Sums-of-squared residuals for the best-fitting equation  d’=mX+0 for each observer for 
each of ΔL, Δp/p, and ΔI/I.  Mean sums-of-squared residuals and associated standard deviations for 
individuals across the ten levels of pedestal are presented. 

 
 WC EL MK DS 
 Mean  SD Mean  SD Mean  SD Mean  SD 

 

ΔL 0.09 0.09 0.08 0.05 0.18 0.14 0.17 0.10 
Δp/p 0.05 0.03 0.08 0.04 0.09 0.09 0.05 0.05 
ΔI/I 0.33 0.36 0.31 0.31 0.21 0.38 0.21 0.20 
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Figure 8.1.3 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’ is related to ΔL, both on logarithmic coordinates.  The straight lines, one for each 
observer, is the function d’=mΔL+0.  The symbols represent observer WC (●), MK (o), EL (▼), and 
DS (∇).  
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Figure 8.1.4 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=m(Δp/p)+0 has been fitted to the individual data. The symbols represent 
observer WC (●), MK (o), EL (▼), and DS (∇).  
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Figure 8.1.5 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 10log(ΔI/I).  A best-fitting 
equation of the form d’=m(ΔI/I)+0 has been fitted to the individual data. The symbols represent 
observer WC (●), MK (o), EL (▼), and DS (∇).  
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d'=mX+c 
 

 The function d’=mX+c was fitted to each individual’s data in order to derive 

the equations of best-fit.  Figure 8.1.6 plots d’ as a function of ΔL, with both in 

logarithmic coordinates, for the ten pedestal levels.  Each plot contains data from four 

observers and the related lines of best-fit for a single pedestal level.  Note the 

curvature in the lines.  Buus and Florentine (1991) plotted log d’ as a function of log 

ΔL: this latter term effectively being the logarithm of 20log(1+(Δp/p)), or the log of a 

log.  Buus and Florentine justified such a representation in terms of convenience: 

expressing ΔL in this manner allowed the best-fitting exponent for d’=aXb to be easily 

obtained.   

 

In this research ΔL will be presented in logarithms not only to maintain 

consistency with Buus and Florentine (1991), but also for a different reason.  The 

low-end expansion characteristic of logarithmic transforms allows for a more refined 

view of where the lines intercept the x-axis.  Additionally, the curvature is dependent 

upon the x-axis intercept. On linear coordinates an x-intercept of zero yields a straight 

line; a positive intercept yields psychometric functions with positive curvature; a 

negative intercept yields a psychometric function with a downward curvature.  If d’ is 

proportional to X, no curvature would be expected.  By presenting the data in these 

coordinates the curvature of the psychometric functions can be visually inspected.  To 

revert the functions back to straight lines one simply takes the antilog of the d’ and the 

JND measure.   Figures 8.1.7 and 8.1.8 plot log d’ as a function of 20log(Δp/p) and 

10log(ΔI/I).  As with Figure 8.1.6, removing d’ and the JND measure from 

logarithmic units returns the plotted functions to straight lines. 

 

The best-fitting parameters, m and c, are displayed in Table 8.1.4, and have 

been averaged across pedestal levels for each observer.  Using m and c the x-intercept 

of each best-fitting line was calculated and averaged across the ten levels of pedestal.  

Prior to averaging, a one-sample t-test was undertaken for each observer.  For X= 

Δp/p two of the four observers had x-intercepts that were significantly different from 

zero (WC and EL).  There was no significant difference for observers MK (t(9)=-1.26, 

p=0.241) and DS (t(9)=-0.13, p=0.896).  Expressed as ΔL and ΔI/I, all x-intercepts  
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Table 8.1.4 : Estimates of best-fitting parameters and x-intercept for the following three equations: a) 
d’=mΔL+c; b) d’=m(Δp/p)+c, and; c) d’=m(ΔI/I)+c. 

 

(a) d’=mΔL+c 
 m c x-intercept 
 Mean Std Mean Std Mean Std 
  

WC 0.40 0.10 -0.12 0.12 0.37* 0.43 
EL 0.41 0.11 -0.07 0.08 0.20* 0.24 
MK 0.42 0.08 -0.18 0.17 0.52* 0.62 
DS 0.33 0.10 -0.24 0.09 0.83* 0.47 

 
(b) d’=m(Δp/p)+c 
 m c x-intercept 
 Mean Std Mean Std Mean Std 
  

WC 2.27 0.80 0.07 0.03 -0.03* 0.02 
EL 2.45 0.95 0.09 0.07 2.41* 0.04 
MK 2.41 0.60 0.03 0.10 -0.01 0.04 
DS 1.83 0.79 -0.01 0.06 -0.01 0.03 

 
(c) d’=m(ΔΙ /Ι)+c 
 m c x-intercept 
 Mean Std Mean Std Mean Std 
  
WC 0.76 0.58 0.29 0.11 -0.55* 0.37 
EL 0.86 0.46 0.25 0.14 -0.38* 0.30 
MK 0.85 0.70 0.18 0.15 -0.36* 0.44 
DS 0.54 0.31 0.19 0.12 -0.54* 0.49 

 
* Significantly different from zero at the p<0.05 level 
 
 
were significantly different from zero at the 0.05 level.  Collated data showed 

significant differences for ΔL (t(39)=6.032, p=0.000), Δp/p (t(39)=-2.94, p=0.006) 

and ΔI/I  (t(39)=-7.23, p=0.000).  Moore, Peters, and Glasberg (1999) found ΔI/I to be 

nonsignificant at the 0.05 level, while Δp/p (p=0.02) and ΔL (p<0.001) were 

significantly different from zero. 

 

Of the 40 curves fitted to the data relative to ΔL, four intercepts were positive.  

This compares well with Moore, Peters, and Glasberg (1999), who found all of their 

intercepts were positive for ΔL.  For the current data expressed relative to Δp/p, 11/40 

of the x-intercepts were positive; for ΔI/I, 39/40 of the x-intercepts were negative.  

Moore, Peters, and Glasberg reported that only half of the x-intercepts were positive 

for ΔI/I, and 90% for Δp/p, in contrast to the 25% of positive intercepts reported in 
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this study for Δp/p.  It should be noted that a measure proportional to JND would 

ideally have intercepts of zero, and the sign of the intercept (i.e., positive or negative) 

indicates only the direction of the difference from zero.   

 

The mean x-intercept values across both observers and pedestal levels are 

0.484 (SD=0.51) for ΔL, -0.016 (SD=0.04) for Δp/p, and -0.463 (SD=0.41) for ΔI/I.  

From these it appears that of the three JND measures, Δp/p not only has the smallest 

degree of curvature in the psychometric functions but also the least variation in the 

estimates of intercept.  The measures ΔL and ΔI/I have equivalent levels of curvature, 

though the former has a mean upwards curvature while the latter a mean downwards 

curvature.  Moore, Peters, and Glasberg (1999) reported x-intercepts for ΔL ( x =0.85, 

SD=1.15), Δp/p ( x =0.12, SD=0.14), and ΔI/I ( x =-0.58, SD=1.64) that are similar to 

these obtained in this study.   
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Figure 8.1.6 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’ is related to ΔL, with both on logarithmic coordinates.  The fitted curves, one for 
each observer, is the function d’=mΔL+c.  The symbols represent observer WC (●), MK (o), EL (▼), 
and DS (∇).  
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Figure 8.1.7 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=m(Δp/p)+c has been fitted to the individual data.  The symbols represent 
observer WC (●), MK (o), EL (▼), and DS (∇).  
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Figure 8.1.8 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 10log(ΔI/I).  A best-fitting 
equation of the form d’=m(ΔI/I)+c has been fitted to the individual data.  The symbols represent 
observer WC (●), MK (o), EL (▼), and DS (∇).  
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d’=aXb 

 

 To determine which of ΔL, Δp/p, and ΔI/I is the most proportional to d’ the 

data were fitted with functions of the form d’=aXb.  Figures 8.1.9, 8.1.10, and 8.1.11 

plot log d’ as a function of log ΔL, 20log(Δp/p), and 10log(ΔI/I) respectively.  In these 

coordinates a straight line describes d’ as a power function of the JND measure.  A 

linear relationship between log d’ and log X will be indicated by a slope exponent, b, 

equal to unity, and indicate a proportionality between d’ and the JND.  

 

Table 8.1.5 lists mean parameter values and goodness-of-fit statistics for four 

observers obtained from fitting the data with the equation d’=aXb.  The high values of 

 

  
Table 8.1.5 : Estimates of best-fitting  parameters and a statistic of best-fit, R2, for the following three 
equations: a) d’=aΔLb; b) d’=a(Δp/p)b, and; c) d’=a(ΔI/I)b.  

  

(a) d’=aΔLb

 a b R2

 Mean Std Mean Std Mean Std 
  

WC 0.311 0.151 1.164* 0.173 0.988 0.009 
EL 0.356 0.135 1.096* 0.104 0.982 0.0115 
MK 0.276 0.148 1.285* 0.249 0.981 0.016 
DS 0.164 0.084 1.350* 0.135 0.984 0.001 

 

(b) d’=a(Δp/p)b

 a b R2

 Mean Std Mean Std Mean Std 
  
WC 2.312 0.786 0.923* 0.071 0.990 0.006 
EL 2.536 0.876 0.894* 0.074 0.980 0.018 
MK 2.418 0.764 1.039 0.146 0.982 0.010 
DS 1.854 0.805 1.024 0.110 0.988 0.007 

 
(c) d’=a(ΔΙ /Ι)b

 a b R2

 Mean Std Mean Std Mean Std 
  

WC 1.109 0.666 0.706* 0.099 0.990 0.005 
EL 1.257 0.524 0.712* 0.122 0.987 0.008 
MK 1.111 0.627 0.811* 0.165 0.982 0.009 
DS 0.782 0.345 0.778* 0.153 0.988 0.006 

 
* Significantly different from one at the p<0.05 level 
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the best-fit statistic R2 show that the data were well accounted for by the equations.  

The mean parameter values were obtained by averaging the parameters across the ten 

pedestal levels.  The parameter, a, can be considered a scalar and is not of interest 

suffice to say that it reflects differences in sensitivity between observers.  The slope 

exponent, b, is different across the three levels of the JND measures (F(2, 

119)=93.23, p<0.001) with mean values across observers and pedestals being 1.22 

(SD=0.2) for ΔL, 0.97 (SD=0.12) for Δp/p, and 0.75 (SD=0.14) for ΔI/I.  A one-

sample t-test on the individual data preceding averaging showed that, with the 

exception of MK (t(39)=0.852, p=0.0.416) and DS (t(39)=0.69, p=0.0.508) when 

X=Δp/p, all estimates of b were significantly different from one.  Collapsing the data 

further into categories of ΔL, Δp/p, or ΔI/I without reference to individual observers 

showed that the slope parameters for the group data for ΔL (t(39)=7.26, p<0.001) and 

ΔI/I (t(39)=-11.24, p<0.001) were significantly different from unity, but the slope 

parameter for Δp/p (t(39)=-1.56, p=0.126) was not.  From these results and this 

particular test, it is deduced that for brief 1000-Hz sinusoids the best measure of level 

is pressure. 
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Figure 8.1.9 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’ is related to ΔL, with both on logarithmic coordinates.  The straight lines, one for 
each observer, is the function d’=aΔLb.  The symbols represent observer WC (●), MK (o), EL (▼), and 
DS (∇).  
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Figure 8.1.10 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=a(Δp/p)b has been fitted to the individual data.  The symbols represent observer 
WC (●), MK (o), EL (▼), and DS (∇).  

 280



 
 

15

-10 -5 0 5 10 15

d'

0.1

1

20

-10 -5 0 5 10
0.1

1

25

-10 -5 0 5 10
0.1

1

30

-10 -5 0 5 10

d'

0.1

1

35

-25 -20 -15 -10 -5 0 5
0.1

1

40

-10 -5 0 5 10
0.1

1

45

-10 -5 0 5 10

d'

0.1

1

50

10log(ΔΙ/Ι)

-10 -5 0 5 10
0.1

1

55

10log(ΔΙ/Ι)

-10 -5 0 5 10 15
0.1

1

60

10log(ΔΙ/Ι)

-10 -5 0 5 10 15

d'

0.1

1

 

∇ 

●

▼

WC
○ MK

EL
DS

Figure 8.1.11 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 10log(ΔI/I).  A best-fitting 
equation of the form d’=a(ΔI/I)b has been fitted to the individual data.  The symbols represent observer 
WC (●), MK (o), EL (▼), and DS (∇).  
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Exponent functions 
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Figure 8.1.12 : A plot of log d’ vs. logΔL for observer DS for a 15 dB SPL pedestal.  The solid line is 
the best-fitting power function d’=aXb. The dashed lines show the value of ΔL when d’ equals unity.    
 
 

The data are further summarised in Figure 8.1.13, following guidelines 

suggested by Buus and Florentine (1991).  Here the ordinate is the best-fitting slope 

parameter b, of which 120 values (4 observers x 10 pedestals x 3 types of JND) were 

estimated.  The abscissa is the value of ΔL (Figure 8.1.13A), Δp/p (Figure 8.1.13B), 

or ΔI/I (Figure 8.1.13C) that intercepts with the best-fitting line when d’ has been set 

to one (i.e., solving for X when aXb=1).  An example is presented in Figure 8.1.12, 

which is observer DS’s data for a 15 dB SPL pedestal (first panel, Figure 8.1.3).  Here 

the value of X (in this instance ΔL) is 3.9 when d’ is set to unity.   

 

Figure 8.1.13 represents data from all four observers across the three 

measures: ΔL (Figure 8.1.13A), Δp/p (Figure 8.1.13B), and ΔI/I (Figure 8.1.13C).  If 

d’ is proportional to X then the data points would be expected to fall on the dashed 

horizontal lines.  Data points displaced further to the right along the abscissa are of 

particular interest because it is in this region that the proportionality between the 

measures of the JND breaks down.  Figure 8.1.13A (b vs. ΔL) shows the majority of 

data points falling above the horizontal line, whereas the data in Figure 8.1.13C (b vs. 

ΔI/I) fall predominantly below this line.  Only in Figure 8.1.13B (b vs. Δp/p) do the 

points cluster around the horizontal line, indicating that when X is expressed in terms 

of Δp/p there exists a proportional relationship between itself and d’.       
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Figure 8.1.13 : Slope exponent b plotted as a function of the JND expressed in terms of either ΔL (A), 
20log(Δp/p) (B), or 10log(ΔI/I) )(C) for four observers.  Note the y-axis scale for (A) is expanded 
relative to those of (B) and (C). 
 
 

Of additional interest is the degree to which the slope parameter b varies over 

pedestal levels. A good measure of the stimulus will be one that shows consistency 

across pedestal levels.  When defined in terms of ΔL (Figure 8.1.14A), the slope value 

b exhibits the largest degree of variation across pedestal levels.  In terms of pressure 
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Figure 8.1.14 : The slope exponent, b, plotted as a function of pedestal level for three different 
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measures of the JND: ΔL (A), Δp/p (B), and ΔI/I (C).  Data are for four observers: WC (∆), EL (o), MK 
(□), and DS (∇).    
(Figure 8.1.14B), or intensity (Figure 8.1.14C), the scatter of the data points is 

substantially lessened, with the latter measure having the least variation between 

points.        

 
DISCUSSION 
 

 The slopes of the psychometric functions differed depending upon which of 

ΔL, Δp/p, or ΔI/I was used to represent the JND.  For ΔL the slopes of the 

psychometric functions were generally above unity, reflecting the results obtained by 

Moore, Peters, and Glasberg (1999) and to some degree the higher pedestal levels 

employed by Buus and Florentine (1991).  The latter argued that the inflated slope 

constants were a product of sensitivity being dependent on pedestal level, and that for 

larger pedestal levels (≈ 60 dB SPL) detection improves across increment levels 

resulting in d’ growing “faster” than proportionality to ΔL.  Though Buus and 

Florentine’s (1991) argument that psychometric functions expressing d’ as a function 

of  ΔL are likely to be steeper due to improved performance with increasing pedestal 

level is convincing, surely psychometric functions plotting d’ vs. Δp/p or ΔI/I  would 

be likewise affected?    

 

 The current results showed that of the three measures used, d’ was the most 

proportional to Δp/p.  Not only was the slope exponent b not significantly different 

from unity for the group data, but it yielded the best fit to the data when the 

psychometric functions were constrained to pass through the origin and additionally 

had the closest x-intercept to zero.  There was no convincing evidence of 

proportionality between d’ and ΔI/I, with most slope estimates falling below unity. In 

addition to the slope estimates for ΔL being above unity and displaying negligible 

proportionality to d’, it also appeared to be dependent on pedestal level, whereas Δp/p 

and ΔI/I did not.    

 

 Table 8.1.6 displays the mean slope exponents averaged across observers and 

stimulus parameters for the current study as well as those from Buus and Florentine 

(1991) and Moore, Peters, and Glasberg (1999).  There are apparent discrepancies in 
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the data, particularly as to which of the three measures obtains proportionality with d’.  

Buus and Florentine’s result indicate ΔL; the results of Moore, Peters, and Glasberg 

ΔI/I; and the results from the present experiment Δp/p.  The reality that three different 

experiments have yielded three completely different sets of results is intriguing and 

indicative that more research is required.  Three potential explanations as to why the 

data may be different will now be explored: procedural differences; differences in 

stimuli; and analytical differences.   

 

The three research groups utilised practically identical experimental 

procedures. An exception was the 3-IFC, and not 2-IFC, procedure utilised by Moore, 

Peters, and Glasberg (1999).  The choice of a 3-IFC procedure was based upon the 

need to inflate the Weber fractions, and would only be expected to increase the 

difference threshold (by an abscissa shift) without affecting the form of the 

psychometric function in any way.  One might argue that in using a 3-IFC procedure 

other extraneous factors such as memory come into play.  The rationale for such a 

claim would be that the addition of an extra observation interval would require the 

observer to remember not two but three stimulus presentations.  But again, though this 

may be the case, we would not expect it to influence the shape of the psychometric 

function per se, but to merely raise the difference threshold.  Thus it is unlikely that 

the different findings between the three groups are due to procedural differences.  

Such a conclusion is supported by the fact that although the data of Buus and 

Florentine and the present study lead to different results, the experimental procedures 

were in fact identical.   

 

Consideration of stimulus parameters is more complicated.  All three studies 

       
Table 8.1.6 : Means of slope exponents, b, for three JND measures (ΔL, Δp/p, or ΔI/I), and three 
independent studies.  Each mean is the average exponent value across conditions and observers.  The 
brackets contain standard deviations.    

 
 ΔL Δp/p ΔI/I 

 
(a) Buus and Florentine 
(1991) 

0.949 
(0.15) 

0.734 
(0.12) 

0.600 
(0.16) 

(b) Moore, Peters, and 
Glasberg (1999) 

1.780 
(0.50) 

1.340 
(0.39) 

1.05 
(0.33) 

(c) Results from 
Experiment 8.1 

1.220 
(0.20) 

0.971 
(0.12) 

0.752 
(0.14) 
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employed 1000-Hz sinusoids.  The current study employed ten pedestal levels ranging 

from 15 to 60 dB SPL, with all having durations of 10 ms.  Buus and Florentine 

(1991) employed four pedestal levels (30, 60, 80, and 90 dB SPL) of 10-ms duration 

in addition to a 90 dB SPL pedestal of 500-ms duration.  Moore, Peters, and Glasberg 

(1999), used a single pedestal level of 70 dB SPL and increments of 5, 10, 20, 50, 

100, or 200-ms duration.  The exact configuration of their stimuli is illustrated in 

Figure 8.1.15.  Note that the duration of the stimuli presented in each observation 

interval is of equal duration, and that one of the intervals contains an increment.  Thus 

while the stimuli employed by Buus and Florentine are comparable with the present 

study, the stimuli utilised by Moore, Peters, and Glasberg are less so. 

 

 The question becomes then, can the differences in stimuli between the three 

studies account for the discordant results?  On reflection the answer to this question is 

no.  Firstly, having nearly identical stimuli does not guarantee similar results, as the 

differences between the present data and those of Buus and Florentine (1991) 

demonstrate.  The second consideration is more fundamental.  The assumption that 

the auditory system, when processing information related to loudness, utilises a single 

aspect of the incoming waveform, be it pressure, energy, or intensity, is a robust one.  

Thus the exact configuration of the stimuli should be irrelevant.  Regardless of the 

form of the stimulus, the auditory system should still process it in a homogenous 

manner.  Performance indices such as d’ should be proportional to a specific 

parameter, regardless of the stimulus attribute under consideration, and this 

proportionality should hold across different incarnations of the stimulus.        

 

  

 
 
 
 
 
 
 
   50 ms        200 ms                      100 ms  50 ms 

70 dB SPL
Increment

 
Figure 8.1.15 : A schematic representation of the stimuli used by Moore, Peters, and Glasberg (1999).  
A pedestal-plus-increment is shown, and the pedestal was always 70 dB SPL.  The total duration of the 
stimulus is dependent upon the duration of the increment.   
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 The analytical differences between Buus and Florentine’s (1991), and Moore, 

Peters, and Glasberg’s (1999) studies have largely been resolved by reanalysing the 

latter’s data in terms of the former’s techniques.  This has been made possible by the 

provision of the raw data from Moore, Peters, and Glasberg’s study (Moore, personal 

communication).  The reanalysis of Moore, Peter’s, and Glasberg’s data resulted in 

identical conclusions to the original study.  Because the present study also utilised the 

analytical procedures of Buus and Florentine, differences in analysis can be ruled out 

as the cause of the three different conclusions provided by the in three independent 

studies.    

 

 Future experimentation focusing on raising the Weber fraction for 1000-Hz 

sinusoids could focus on pedestal levels around 30 dB SPL.  Buus and Florentine 

(1991) indicate that, for these stimuli, as pedestal levels decrease the Weber fraction 

increases; that is, the near-miss to Weber’s law.  Further investigation into the 

effectiveness of the masking noise may also be fruitful.  Wier, Green, Hafter, and 

Burkhardt, (1977) reported that 10-ms 1000-Hz sinusoids were more effectively 

masked using gated as opposed to continuous noise.  This led to the expectation that 

1000-Hz sinusoids in gated noise, rather than continuous noise or no noise, would 

have higher Weber fractions.  However, scrutiny of Buus and Florentine’s (1991) 

Table I shows that for comparable stimulus parameters the Weber fractions between 

the experiments are similar, even though Buus and Florentine presented their stimuli 

in quiet.         

 

 In conclusion, the findings of the current experiment indicate that Δp/p is 

linearly related to d’.  The discrepant results between this finding and those of two 

other studies (Buus and Florentine, 1991; Moore, Peters, and Glasberg, 1999) cannot 

be explained effectively in terms of procedural or analytical differences.  Explanations 

based on stimulus differences additionally hold little sway, though the possibility that 

there is some sort of interaction between procedural and stimulus differences cannot 

be completely ruled out.   Such discordance indicates that additional experimentation 

needs to be carried out in order to resolve this matter.         
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Experiment 8.2 : Psychometric Functions for the Discrimination 
of Bursts of Gaussian Noise 

 

 

INTRODUCTION 
 

 The decision to use broadband noise as a stimulus was influenced by the 

results of Buss and Florentine (1991) who utilised such noise in their own efforts to 

determine which measure is proportional to d’.  The noise Buus and Florentine 

employed covered the audible frequency range (fc=22-kHz), had a noise power 

density of 20 dB SPL, and was 500 ms in duration.  A direct comparison between the 

thresholds they obtained with noise to those they derived using 500-ms 1000-Hz 

sinusoids showed the noise thresholds were approximately 5 dB SPL higher than the 

sinusoidal thresholds; the latter thresholds similarly being based on a 20 dB SPL 

pedestal level.  It is assumed that such a difference will also be found with similar 

stimuli of 10 ms duration and hence the adoption of a noise condition.  In a further 

effort to increase difference thresholds the observer’s task was made more difficult by 

employing a 3-IFC procedure.  The attempt to increase thresholds by increasing the 

complexity of the observer’s task was suggested by Moore, Peters, and Glasberg 

(1991).  By increasing observer’s difference thresholds the three measures of the 

JND: ΔL, Δp/p, and ΔI/I, lose proportionality once Δp/p=1 is reached. Thresholds in 

this range allow independent evaluation of each JND measure’s proportionality to d’.    

 

METHOD 
 

Observers 
 

 Three observers, MF, EL, and DS, undertook the experiment.  Two of the 

observers, EL and DS, had participated in previous experiments of the current series 

while MF, a 37 year old female, had extensive psychophysical experience.  At all 

frequencies tested, bar 6000-Hz, MF’s audiogram (Appendix C) exhibited no 

thresholds greater than 20 dB HL.  Only EL received a financial incentive to 

participate.   
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Stimuli 
 

 All stimuli were digitally generated in LabVIEW 6.1 with a sampling rate of 

44.1-kHz.  Bursts of 10-ms duration broadband noise were used to obtain 

psychometric functions for ten different pedestals, with spectrum levels of -15, -10, -

5, 0, 5, 10, 15, 20, 25 and 30 dB SPL.  The bandwidth of the noise, centred on 4000-

Hz, was 8000-Hz.  Filtering was undertaken with a fourth order Butterworth filter.  

The noise was presented in a Hanning window with rise and fall times of 1-ms.  No 

masking noise, either gated or continuous, was presented during the experiment.       

 

Apparatus 
 

Noise bursts were produced digitally using National Instruments LabVIEW 

6.1 installed in a Pentium III PC running Windows NT.  Figure 8.2.1 is a schematic 

diagram of the experimental apparatus. Note that prior to the mixer, the stimuli 

consisted of two independent pedestal and increment channels.  Upon generation, 

filtering, and windowing, the noise was routed to a National Instruments digital-to-

analogue converter (PCI-6052E) and from there to a relay (National Instruments 

BNC-2090) located externally to the PC.  From the relay the pedestal was directed to 

a pair of passive attenuators (TDT, PA4) that reduced the noise power density level to 

one of the ten predefined pedestal levels.  The increment channel contained a pair of 

programmable attenuators (TDT PA5) that lowered the noise power density to the 

value specified by the LabVIEW 6.1 programme managing the experiment.  After the 

pedestal and increment were summed (TDT, SM5), the final waveform was sent to a 

headphone buffer (TDT, HB7) and from there to the observer’s left ear-piece (TDH 

49, #30195).   

 

The observer was seated in a sound attenuating chamber (Amplaid model E) 

for the duration of an experimental block.  For all but the first trial the beginning of a 

trial was contingent on the observer making a response in the previous trial.  

Responding was undertaken using a keyboard resident in the sound attenuating 

chamber.  A bank of LEDs situated immediately in front of the observer served as 

warning, interval, and feedback indicators.  A CRT monitor containing instructions  
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Figure 8.2.1 : Schematic diagram of the apparatus (see text for details). 
 
 
was illuminated for the duration of the experiment, and was located in front of the 

observer.  All stimuli were delivered monaurally to the observer’s left ear.      

 
Procedure 
 

The procedure was the same as that employed in Experiment 8.1 in all but one 

respect: there were, on any one trial, three, as opposed to two, observation intervals.  

Of the three observation intervals, one was randomly assigned to contain the pedestal- 

plus-increment, while the remaining two contained only the pedestal.  The observer’s 

task was to identify which of the three observation intervals contained the increment.  

As with Experiment 8.1 the procedure can be divided into two main sections.  The 

first section involved the estimation of difference thresholds for each of the ten 

pedestal levels.  This was achieved using an adaptive three-down, one-up 3-IFC 

procedure which locates the threshold that corresponds to 79% correct (Levitt, 1971).  

Each difference threshold estimate was based on three blocks of 12 reversals each, 

with the first three reversals in each block being designated practise and discarded 

from subsequent analysis.  The calculated mean was expressed in units of ΔL: the 

difference between the pedestal and the pedestal-plus-increment in units of pressure: 

ΔL=20log((p+Δp)/p).   

 

The second section employed a variant of the Method of Constant Stimuli to 

measure five-point psychometric functions for each of the ten pedestal levels.  Using 

the threshold estimates obtained in the first part of the experiment, five increment 

 290



levels, defined as –10 to +10 re: Δp in 5 dB steps, were tested.  Each block used a 

single level of pedestal and consisted of 110 experimental trials, with each increment 

being presented randomly 20 times across a block of trials.  The first five trials were 

designated practise and contained each of the five increment levels.  Each point in the 

psychometric function was based upon 100 trials.  As with the initial difference 

threshold estimation procedure discussed above, the task of the observer was to judge 

which of the three observation intervals contained the increment.  Feedback was 

provided at the termination of each trial.                   

 

Data analysis 
 

The data analysis followed that of Experiment 8.1 exactly, with no differences in 

either procedures or methods used between the analyses for the two experiments.  The 

analysis of data involved the following steps: 

 
1. The observer’s percentage correct scores were converted to d’ (see Equation 

8.2).   
 

2. Three sets of psychometric functions were generated for each observer at each 

pedestal level: log d’ vs. logΔL, log d’ vs. 20log(Δp/p), and log d’ vs. 

10log(ΔI/I).  With three observers and ten pedestal levels this adds to a total of 

90 psychometric functions. 
 

3. For each psychometric function the best-fitting form of the equation: d’=mX+0 

was found, where X could be either ΔL, Δp/p, or ΔI/I. 
 

4. For each psychometric function the best-fitting form of d’=mX+c was found 

and the x-intercept calculated (see Equation 8.4). 
 

5. For each psychometric function the best-fitting equation of the form d’=aXb 

was found, and the value of X where d’ equals unity calculated (see Equation 

8.5).   
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RESULTS 
 

 Estimates of difference thresholds obtained in the adaptive procedure for ten 

levels of pedestal will be presented for each observer.  Empirical psychometric 

functions along with a number of theoretical psychometric functions: d’=mX+0; 

d’=mX+c, and; d’=aXb, will then be presented.  Raw data, transformed data, and best-

fitting parameter estimates and associated goodness-of-fit statistics for three 

theoretical psychometric functions can be viewed in Appendix H.    

 

Difference Threshold Estimation 
 

 Expressed in units of pressure, the difference thresholds (20logΔp),can be 

viewed in Table 8.2.1.  Each estimate is the mean of three blocks, and standard 

deviations are presented in parenthesises.  It would be expected that the thresholds 

obtained from MF would be slightly higher on account of her being substantially 

older than WC and DS.  Observer MF produced two threshold estimates that gave a 

Weber fraction, in units of pressure, greater than unity.  These occurred at the two 

lowest pedestal levels: -15 and -10 dB SPL.  As with Experiment 8.1, these estimates 

of Δp determined subsequent increment values used to generate psychometric 

functions.  

 

   
Table 8.2.1 : Mean values of Δp for three observers obtained in a adaptive three-down, one-up 3-IFC 
procedure.  The bracketed values are standard deviations.     

 
Observer Pedestal 

level (dB SPL) MF EL DS 
-15 -9.08*   (1.13) -16.75  (2.01) -16.25 (0.91) 
-10 -8.50*   (1.00) -14.17  (1.44) -14.91 (0.63) 
-5 -7.92   (0.88) -8.83    (2.16) -10.25 (0.87) 
0 -2.33   (1.01) -4.67    (2.25) -6.50   (1.00) 
5 2.10    (0.95) -1.08    (2.65) -2.33   (0.63) 
10 8.42    (1.77) 2.42     (0.76) 1.75    (0.91) 
15 11.50  (0.43) 9.83     (2.38) 5.83    (0.38) 
20 17.25  (1.25) 14.83   (2.13) 13.01  (0.43) 
25 22.25  (1.39) 21.25   (2.82) 19.92  (0.63) 
30 29.58  (0.88) 27.67   (2.89) 25.42  (0.76) 

 
* Δp/p>1 
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Psychometric Functions   
 

d'=mX+0 
 

Theoretical psychometric functions of the form d’=mX+0 were fitted to 

empirical psychometric functions plotting d’ vs. logΔL (Figure 8.2.2), 20log(Δp/p) 

(Figure 8.2.3) and 10log(ΔI/I) (Figure 8.2.4).  A theoretical psychometric function 

(d’=mX+0) was obtained for each observer’s data at each of the ten pedestal levels. 

When both d’ and ΔL are plotted on linear scales the fitted psychometric functions all 

pass through the origin.  Likewise, when d’ is plotted on a linear scale as a function of 

Δp/p or ΔI/I the psychometric functions intercept the y-axis at zero.   

 

The sums-of-squared residual errors for each observer averaged across the ten 

pedestal levels are listed in Table 8.2.2.  The table displays mean values for each of  

 

  
Table 8.2.2 : Estimates of best-fitting parameters and a goodness-of-fit statistic, SSres, for the following 
three equations: a) d’=mΔL+0; b) d’=m(Δp/p)+0, and; c) d’=m(ΔI/I)+0.  
 
 
(a) d’=mΔL+0 
 m SSres 
 Mean SD Mean SD 
  
MF 0.23  0.04  0.46 0.22  
EL 0.24  0.02  0.25  0.18 
DS 0.31 0.05 0.34  0.17 

 
(b) d’=m(Δp/p)+0 
 m SSres 
 Mean SD Mean SD 
  
MF 1.12 0.32 0.12  0.09 
EL 1.31 0.21 0.06  0.02   
DS 1.72 0.34 0.07  0.04 

 
(c) d’=m(ΔI/I)+0 
 m SSres 
 Mean SD Mean SD 
  

MF 0.27 0.10  0.55  0.39 
EL 0.36  0.09 0.28 0.14  
DS 0.52 0.15 0.14  0.09  
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the JND measures:  ΔL (a), Δp/p (b) and ΔI/I (c).  The average SSres for the best-fitting 

equation d’=mX+0 was 0.3514 for d’ vs. ΔL, 0.0858 for d’ vs. Δp/p, and 0.3243 for d’ 

vs. ΔI/I.  A similar conclusion is drawn as with the previous experiment using 1000-

Hz sinusoids:  a superior fit is obtained when the JND is expressed as Δp/p.  The 

error-of-fit for both ΔL and ΔI/I are similar, and larger than the respective fits 

obtained in Experiment 8.1 (ΔL=0.13, ΔI/I= 0.27).        
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Figure 8.2.2 :  Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, is plotted as a function of ΔL, both on logarithmic coordinates.  A best-fitting 
equation of the form d’=mΔL+0 has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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Figure 8.2.3 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, in logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=m(Δp/p)+0 has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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Figure 8.2.4 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 10log(ΔI/I).  A best-fitting 
equation of the form d’=m(ΔI/I)+0 has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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d'=mX+c 
 

 The equation d’=mX+c was fitted to each observer’s data to determine the 

best-fitting values of the two free parameters: m and c, where m represents the slope 

of the function and c the y-intercept.  Figure 8.2.5 graphs d’ as function of ΔL for each 

of the ten pedestal levels and three observers.  Both d’ and ΔL are plotted on 

logarithmic coordinates, and the function takes the form of a straight line when the x-

intercept is equal to zero.  From eyeballing Figure 8.2.5 it appears that all the x-axis 

intercepts are greater than zero, manifested as an upwards curvature in the 

psychometric function.  Curvature of either kind, positive or negative, is less evident 

in Figure 8.2.6, which plots d’ on a logarithmic axis as a function of 20log(Δp/p).  

Figure 8.2.7 plots log d’ as a function of 10log(ΔI/I), and like log d’ vs. logΔL shows 

evidence of upward-curving psychometric functions. 

 

 The best-fitting value of m simply determines the slope of the psychometric 

function, and accounts for individual differences in sensitivity.  The parameters m and 

c, the y-intercept, will no longer take part in this discussion, which will instead centre 

on the more informative x-axis intercept value, calculated using Equation 8.4.  The 

values of the x-intercept, averaged across the ten pedestal levels for each observer, are 

displayed in Table 8.2.3 for ΔL (a), Δp/p (b), and ΔI/I (c).  The grand mean x-intercept 

value across pedestal levels and observers are as follow: ΔL=1.44, Δp/p=0.04, and 

ΔI/I=0.47.  From these means it is concluded that the psychometric functions with 

Δp/p as the measure of the JND have the least curvature.  One-sample t-tests on the 

individual data prior to averaging showed that, for MF (t(9)=0.58, p=0.576) and EL 

(t(9)=1.279, p=0.223), no significant difference existed between their mean x-

intercepts and zero.  For all other individual data, that is, Δp/p for DS and both ΔL and 

ΔI/I for all observers, the mean x-intercepts were significantly different from zero at 

the 0.001 level.  Once data were collapsed across pedestals and individuals, t-tests 

showed that there were significant differences between the x-intercept and zero for ΔL 

(t(39)=11.34, p<0.001), Δp/p (t(39)=3.26, p<0.001), and ΔI/I ((t(39)=10.27, p<0.001).    

 

    A total of 90 psychometric functions were generated in the process of the 

analysis: 3 observers x 10 pedestal levels x 3 JND measures.  For the psychometric 
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functions generated when the JND was ΔL (n=30), none had a negative x-intercept.  

For Δp/p the number of psychometric functions with negative x-intercepts was ten, or 

a third of the total.  The number of negative x-intercepts for ΔI/I was only three.  

Negative intercepts indicate an upwards curving psychometric function, a positive 

intercept a downwards curving function.  This set of figures are similar to those 

recorded using 1000-Hz sinusoids in Experiment 8.1, although ΔI/I exhibited 

downwards curvature with 1000-Hz sinusoids but upwards curvature using noise.  

Both experiments beget the same conclusion however: of the three measures, ΔL, 

Δp/p, and ΔI/I, Δp/p exhibits the lowest degree of curvature.  Additionally, the 

standard deviations reported in Table 8.2.3 suggest that of the three measures, Δp/p is 

the most stable.       

 

 
Table 8.2.3 : Estimates of best-fitting parameters and x-intercepts for the following three equations: a) 
d’=mΔL+c; b) d’=m(Δp/p)+c, and; c) d’=m(ΔI/I)+c.  

 
(a) d’=mΔL+c 
 m c x-intercept 
 Mean SD Mean SD Mean SD 
  
MF 0.30  0.05  -0.54  0.19 1.87* 0.88  
EL 0.30  0.03 -0.37 0.15  1.22* 0.50 
DS 0.38 0.04  -0.44  0.12 1.21* 0.44  

 
(b) d’=m(Δp/p)+c 
 m c x-intercept 
 Mean SD Mean SD Mean SD 
  
MF 1.14   0.35  -0.03 0.09  0.01  0.07 
EL 1.34  0.19  -0.04 0.09   0.03 0.07  
DS 1.84  0.37 -0.13  0.05 0.08* 0.04  

 
(c) d’=m(ΔI/I)+c 
 m c x-intercept 
 Mean SD Mean SD Mean SD 
  
MF 0.91 0.34 -0.47  0.26  0.47* 0.30  
EL 1.02  0.23   -0.49  0.24 0.44* 0.26  
DS 1.36  0.32  -0.70  0.26 0.49* 0.19   
 
 
* Significantly different from zero at the p<0.001 level 
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Figure 8.2.5 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, is plotted as a function of ΔL, both on logarithmic coordinates.  A best-fitting 
equation of the form d’=mΔL+c has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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Figure 8.2.6 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=m(Δp/p)+c has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   

 301



 
 

-15

-5 0 5 10 15 20

d'

0.01

0.1

1

-10

-5 0 5 10 15
0.01

0.1

1

-5

-5 0 5 10
0.01

0.1

1

0

-5 0 5 10

d'

0.01

0.1

1

5

-5 0 5 10
0.01

0.1

1

10

-5 0 5 10
0.01

0.1

1

15

-5 0 5 10

d'

0.01

0.1

1

20

10log(ΔΙ/Ι)

-5 0 5 10
0.01

0.1

1

25

10log(ΔΙ/Ι)

-5 0 5 10
0.01

0.1

1

30

10log(ΔΙ/Ι)
-5 0 5 10

d'

0.01

0.1

1

 

●

▲

MF
■ EL

DS

 
Figure 8.2.7 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 10log(ΔI/I).  A best-fitting 
equation of the form d’=m(ΔI/I)+c has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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d'=aXb 

 

 The data were fitted with functions of the form d’=aXb to determine which of 

X=ΔL, Δp/p, or ΔI/I obtained the highest degree of proportionality with d’.  

Proportionality is obtained when the slope exponent b equals unity.  Figure 8.2.8 

plots, separately for each of the ten pedestal levels, log d’ vs. log ΔL.  Each plot 

contains data for the three observers and the associated best-fitting functions.  Figures 

8.2.9 and 8.2.10 plot log d’ as a function of 20log(Δp/p) and 10log(ΔI/I) respectively.     

 

 The mean values of a and b, averaged across the ten pedestal levels for each 

observer, are presented in Table 8.2.4 and are categorised by the form of the JND.  

The goodness-of-fit statistic, R2, indicates that the equation d’=aXb provides an  
 
 
 
Table 8.2.4 : Estimates of parameters for the following three equations: a) d’=aΔLb; b) d’=a(ΔΙ/Ι)b and; 
c) d’=a(ΔΙ /Ι)b.  

 
(a) d’=aΔLb

 a b R2

 Mean SD Mean SD Mean SD 
  
MF 0.085 0.037 1.498* 0.164 0.983 0.011 
EL 0.113 0.051 1.420* 0.184 0.988 0.006 
DS 0.126 0.043 1.491* 0.142 0.993 0.006 

 
(b) d’=a(Δp/p)b

 a b R2

 Mean SD Mean SD Mean SD 
  
MF 1.135 0.278 0.995 0.099 0.979 0.015 
EL 1.294 0.212 1.019 0.104 0.987 0.006 
DS 1.688 0.381 1.104* 0.066 0.989 0.008 

 
(c) d’=a(ΔΙ /Ι)b

 a b R2

 Mean SD Mean SD Mean SD 
  
MF 0.507 0.099 0.702* 0.084 0.973 0.019 
EL 0.546 0.104 0.763* 0.069 0.983 0.009 
DS 0.619 0.141 0.842* 0.050 0.985 0.010 
 
 
* Significantly different from one at the p<0.05 level. 
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acceptable fit to the data as the values are all high (R2>0.97).  The parameter of 

interest, the slope exponent b, appears, from inspecting Table 8.2.4, to be dependent    

upon whether ΔL, Δp/p, or ΔI/I is selected as the JND measure.  A one-way analysis-

of-variance confirmed that this is the case (F(89)=253.88, p=0.000), with a post hoc 

test (Bonferonni) indicating that all three means were significantly different from each 

other at the 0.001 level.  These mean values, obtained by averaging across both 

observer and pedestal level, are 1.6943 (SD=0.1625) for ΔL, 1.0395 (SD=0.0998) for 

Δp/p, and 0.769 (SD=0.06885) for ΔI/I.  Prior to averaging, the individual data were 

subjected to a one-sample t-test with the test value set to unity.  For ΔL and ΔI/I, all 

individual mean estimates of b were significantly different to unity at the p=0.001 

level.  For Δp/p observers MF (t(9)=-0.153, p=0.882) and EL (t(9)=-0.209, p=0.839) 

returned nonsignificant results, though DS’s (t(9)=4.967, p=0.001) results were 

significant.  Further averaging of individual data to create group means showed that 

mean estimates of b were significantly different to unity for ΔL (t(29)=15.823, 

p=0.000) and ΔI/I (t(9)=-14.27, p=0.000), but not significantly different to unity for 

Δp/p (t(29)=1.824, p=0.079).  Thus of the three candidate measures:  ΔL, Δp/p, or 

ΔI/I, the evidence suggests that Δp/p is the most proportional to d’.       
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Figure 8.2.8 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, is plotted as a function of ΔL, both on logarithmic coordinates.  A best-fitting 
equation of the form d’=aΔLb has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) data 
are plotted.   
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Figure 8.2.9 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(Δp/p).  A best-fitting 
equation of the form d’=a(Δp/p)b has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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Figure 8.2.10 : Psychometric functions for each observer at each of the ten pedestal levels.  The 
sensitivity index, d’, on logarithmic coordinates, is plotted as a function of 20log(ΔI/I).  A best-fitting 
equation of the form d’=a(ΔI/I)b has been fitted to the individual data.  MF (•), EL (■) and DS’s (▲) 
data are plotted.   
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Exponent functions 
 

 Figure 8.2.11 plots exponent values for each individual at each pedestal level 

as a function of the x-values in which the best-fitting equation d’=aXb has d’ 

constrained to unity.  In Figure 8.2.11 X is ΔL on a logarithmic scale (Figure 

8.2.11A), 20log(Δp/p) (Figure 8.2.11B), or 10log(ΔI/I) (Figure 8.2.11C).  In these 

plots the data would be expected to cluster around the dashed horizontal lines (i.e., 

b=1) if a proportionality existed between d’ and X.  Such a pattern is evident only in 

Figure 2.2.11B, which plots b as a function of 20log(Δp/p), suggesting a 

proportionality exists between d’ and Δp/p.  For ΔL all of the slope estimates are 

greater than unity, a finding shared with Moore, Peters, and Glasberg (1999).  For ΔI/I 

the points fall below b=1, as they did for Buus and Florentine’s (1991) data.   
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Figure 8.2.11 : The slope exponent b  plotted as a function of the JND expressed in terms of ΔL (A), 
20log(Δp/p) (B), or 10log(ΔI/I) (C) for three observers: MF (Δ), EL (□), and DS (○). 
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Figure 8.2.12 : The slope exponent b vs. pedestal level for three different measures of the JND: ΔL 
(A), Δp/p (B), and ΔI/I (C).  Data are for three observers: MF (Δ), EL (□), and DS (○).  
 
 

Figure 8.2.12 plots the slope exponent b as a function of pedestal level 

expressed as ΔL (Figure 8.2.12A), Δp (Figure 8.2.12B), and ΔI (Figure 8.2.12C).  It is 

apparent that across pedestal levels the variability in the data is greater for ΔL.  For 

pressure and intensity the variability in the data is a lot less pronounced.  There is no 

convincing evidence that the value of b is dependent on pedestal level irrespective of 

the units employed.   

 

DISSCUSION  
 

 The results of this experiment are in concordance with Experiment 8.1: the 

measure which gives the greatest degree of proportionality to d’ is Δp/p.  It is clear 

that d’ is not proportional to ΔL, more notably so as ΔL increases, with all of the slope 

exponent b values being greater than unity. For the measure ΔI/I the opposite trend 

was recorded – all values of b were less than unity and they seemed to become more 

so as ΔI/I increased.  The high degree of proportionality between d’ and Δp/p is 

further confirmed by a negligible level of curvature in the psychometric functions 

compared to ΔL and ΔI/I, and Δp/p additionally yielded the best-fitting psychometric 

functions when the equation d’=mX+0 was fitted to the data.   

 

 Buus and Florentine (1991), using 500-ms broadband noise bursts, reported 

mean values of b as follows: ΔL=0.96, Δp/p=0.82, and ΔI/I=0.78.  These values are at 

odds with those obtained in the present study for all except intensity: ΔL=1.47, 
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Δp/p=1.03, and ΔI/I=0.77.  As discussed in section 8.2 for data obtained using 1000-

Hz sinusoids, no obvious reason presents itself when reflecting on the differences 

between the two studies.  The procedure and analyses were identical between the two 

studies, though the noise stimuli utilised by the two groups differed.  Buus and 

Florentine utilised 500-ms noise bursts presented at a single pedestal level (20 dB 

SPL No) whereas the present study employed 10-ms noise bursts with pedestals 

ranging from -15 dB SPL to 30 dB SPL.  The mean estimates of b obtained in this 

study for the 20 dB SPL pedestal were ΔL=1.48, Δp/p=1.07, and ΔI/I=0.80, so even 

when pedestal level is controlled for, substantial differences still exist between the 

two studies in regards to ΔL and Δp/p.  

 

 Perhaps one disappointing aspect of the methodology emerging from the 

results was the inability of the 3-IFC procedure to generate JNDs that were 

substantially greater than those of the 1000-Hz sinusoids estimated using a 2-IFC 

procedure in Experiment 8.1.  It should be noted however that the thresholds of 

Moore, Peters, and Glasberg (1999) for 1000-Hz sinusoids obtained using a 3-IFC 

procedure were no higher than those measured by Buus and Florentine (1991) who 

employed a 2-IFC procedure.  It was further anticipated that the effect of broadband 

noise stimuli might also raise difference thresholds, but with reference to the results 

obtained using 1000-Hz sinusoids in Experiment 8.1, there is no evidence in the data 

to suggest that this was the case.  One possible reason for this is that a 10-ms sinusoid 

takes on some of the characteristics of narrowband noise, due to abrupt switching.  

Thus while the differences might exist between a sinusoid and a broadband noise 

burst it might not exist between a narrowband noise and a broadband noise.  

Unfortunately there is no easy solution with this quandary because as one increases 

the duration of the stimuli the JND decreases.            

 

 To conclude, the results of Experiment 8.2 suggest that d’ is most proportional 

to Δp/p.  Furthermore, by increasing task complexity or using broadband noise stimuli 

the JND was no higher than if a 1000-Hz sinusoid presented in gated noise had been 

used.              
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Experiment 8.3 : Psychometric Functions for the Discrimination 
of 6500-Hz Sinusoids in Bandstop Noise 

 

INTRODUCTION 
 

 The severe departure to Weber’s law manifests itself as an inflated difference 

threshold and applies to midlevel (≈35-55 dB SPL) high frequency sinusoids (> 5000-

Hz).   An increase in difference thresholds with frequency was demonstrated by Buus 

and Florentine (1991) for sinusoids.  As frequency increased, from 1000-Hz to 

14,000-Hz, so too did the JNDs.  These findings served as the motivation for an 

experiment determining discriminability of 6,500-Hz sinusoids in bandstop noise.  

The choice of a 6,500-Hz sinusoid was guided by the response characteristics of the 

headphones which effectively acted as a lowpass filter with a cut-off of 8000-Hz.  

Additionally, data obtained using 6,500-Hz sinusoids can be directly compared to 

those of Carlyon and Moore (1984; 1986) as they used this frequency, and both 

studies utilised identical bandstop masking noise.   

 

 The decision to use bandstop noise was based upon the findings of Carlyon 

and Moore (1984), who gated their noise on-and-off with the sinusoid.  Carlyon and 

Moore (1984) reported that the addition of bandstop noise boosted the difference 

threshold, expressed in units of intensity, by approximately 5 dB.  The spectral pattern 

of their noise was characterised by two flanking bands of noise separated by a notch 

in which the sinusoid was centred (see Figure 2.11).  Because this increase in 

difference threshold was evident only for midlevel pedestals, the addition of bandstop 

noise was enhancing the severe departure to Weber’s law.     

 

 This experiment, as with Experiments 8.1 and 8.2, aims to discover which of 

ΔL, Δp/p, or ΔI/I is the most proportional to d’.  By employing a higher frequency 

sinusoid and bandstop noise it is hoped that the Weber fraction in pressure, Δp/p, is 

pushed above unity.  Recall that when Δp/p exceeds unity the proportional 

relationship between ΔL, Δp/p, and ΔI/I no longer holds.  Because the three measures 

are no longer simply transformations of one-another it will be easier to judge which is 

the most proportional to d’.           
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METHOD 
 

Observers 
 

 Two participants, WC (aged 24) and DS (aged 30), acted as observers in 

Experiment 8.3.  Both were males and had extensive psychoacoustical experience.  

Observer WC was paid for his services.  The audiograms of both observers can be 

viewed in Appendix C, and are apparently normal.        

  

Stimuli 
 

 An observation interval consisted of a 6500-Hz sinusoid embedded in a 

bandstop noise background.  The sinusoids were 10 ms in duration including 1-ms 

cos2 onsets and offsets.  The duration of the bandstop noise was identical to that of the 

sinusoid.  Construction of the background noise was undertaken digitally in 

LabVIEW 6.1 using in-built Butterworth bandpass filters (order 4). Two bands of 

noise of frequency lower (3900-Hz to 5850-Hz) and higher (7150-Hz to 9100-Hz) 

than the 6500-Hz sinusoid were produced (see Figure 2.11).  The extremities of the 

higher frequency bandwidth extended beyond the frequency response of the 

observer’s ear piece, which was 8000-Hz.  The noise was passed through a Hanning 

Window prior to an analogue summation with the sinusoid.        

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 8.3.1 : Schematic diagram of the apparatus (see text for details).   
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Apparatus 
 

 The generation and controlled delivery of the stimuli was carried out by 

National Instruments LabVIEW 6.1 software installed in a PC (Pentium III, Windows 

NT).  Figure 8.3.1 displays the apparatus employed in the experiment.  The sinusoid 

and the bandstop noise were converted into an analogue format by a digital-to-

analogue converter (PCI-6052E) resident in the same PC on which LabVIEW 6.1 was 

installed.  The sinusoid and the noise were transmitted to a relay (BNC-2090) along 

independent channels.  The sinusoid was then directed to a pair of programmable 

attenuators (TDT, PA5), which attenuated the sinusoid to the level specified by 

LabVIEW.  The noise was passed through a pair of static attenuations whose level 

remained unchanged throughout a block of experimental trials.  The sinusoid and the 

noise were then added together in a signal mixer (TDT, SM5) and passed to a 

headphone buffer (TDT, HB7).  From the headphone buffer the composite stimulus 

was sent to the observer’s earphone (TDH 49, #30195).  

 

 For the duration of an experimental block the observer was comfortably seated 

in a sound-attenuating chamber (Amplaid model E) directly in front of a response 

keyboard.  The observer listened to the stimuli monaurally through their left ear.  The 

recording of responses and the subsequent presentation of end-of-trial feedback was 

regulated by LabVIEW 6.1.             

 

Procedure 
 

 The procedure was similar to that employed in Experiments 8.1 and 8.2.  To 

begin with an adaptive three-down, one-up 2-IFC procedure was employed to 

estimate level difference (i.e., ΔL) for nine levels of pedestal: 20-60 dB SPL in 5 dB 

steps.  As well as providing useful estimates of the stimulus increments to be used in a 

subsequent Method of Constant Stimuli task, this part of the experiment served to 

provide practise trials to the observers.  The estimated level difference at each 

pedestal level was calculated from three blocks of trials, each terminated after the 

fifteenth reversal.  The level of the sinusoid changed by 1 dB SPL for all but the first 

three reversals, for which the change was 3 dB SPL.  Values of ΔL were subsequently 

calculated by averaging across reversals, with the first three reversals of any block 
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being discarded from analysis.  From the mean estimates of ΔL the difference 

threshold, Δp, was derived.  

 

 The second phase of the experiment involved generating five-point 

psychometric functions for each of the nine pedestal levels.  The five levels of 

increment ranged from -10 to +10 dB SPL in 5 dB SPL steps, with reference to the 

observer’s difference threshold, Δp. The difference threshold, Δp calculated from the 

values of ΔL estimated in the adaptive procedure described above.  A 2-IFC variant of 

the Method of Constant Stimuli was employed to generate 18 psychometric functions 

(two observers x nine pedestal levels), with each five-point function based on 525 

trials (105 trials per point).  Each experimental block consisted of 115 trials, with the 

first ten trials being designated practise and discarded from the final analysis. 

 

Data analysis 
 

The data analysis followed that of Experiments 8.1 and 8.2 exactly, with no 

differences in either procedures or methods used between the three analyses.   

    

RESULTS 
 

Appendix H contains the raw data and transformed data for perusal.  Also included 

are the best-fitting parameters and goodness-of-fit statistics obtained by fitting the 

three theoretical psychometric functions: d'=mX+0, d'=mX+c, and d'=aXb.   

 

Difference Threshold Estimation 
 

 Estimated difference thresholds, expressed in units of pressure (20logΔp), are 

presented in Table 8.3.1.  Each threshold estimate is based on three blocks of adaptive 

trials.  The calculation of the difference thresholds for a block of trials entailed 

solving the level difference, 20log(1+(Δp/p)), for Δp and then converting this value 

back into decibels (i.e., 20logΔp).  Examination of Table 8.3.1 shows the lowest 

thresholds being recorded by DS.  Though DS is 7 years older than WC he was more 

experienced in psychoacoustical tasks, and this may explain the consistent difference 

between the two observers.  The difference thresholds estimated from WC give  
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Table 8.3.1 : Mean values of 20logΔp for nine levels of pedestal and two observers.  The figures 
contained in the parentheses are standard deviations.  All values to 2dp.   

 
Observer 

Pedestal (dB SPL) WC DS 
20 8.67 (0.61) 8.13 (0.81) 
25 21.39 (1.64) 14.42 (0.33) 
30 29.14 (1.02) 15.51 (0.25) 
35 32.82 (0.75) 18.49 (0.47) 
40 44.20* (1.02) 29.20 (0.26) 
45 49.85* (2.18) 37.03 (0.51) 
50 54.79* (2.29) 47.41 (0.80) 
55 57.67* (1.88) 50.34 (0.57) 
60 59.45 (0.7) 55.50 (0.38) 

 
* Δp/p>1 
 
 
evidence of the severe departure, as is apparent in the 40-55 dB SPL range of pedestal 

levels.  Apart from providing practise, these estimates of Δp were used to set 

increment levels in subsequent procedures generating psychometric functions.      

 
Psychometric Functions 
 

d'=mX+0 
 

 Best-fitting equations of the form d’=mX+0 were fitted individually to the data 

of each observer for each of the nine pedestal levels.  Figure 8.3.2 plots both the raw 

data and the equations of best fit for log d’ as a function of log ΔL.  Figure 8.3.3 plots 

log d’ as a function of 20log(Δp/p).  Figure 8.3.4 plots log d’ as a function of 

10log(ΔI/I).  Inspection of the three figures suggests that the theoretical functions fit 

the data best when the JND is expressed as Δp/p.  Displayed in Table 8.3.2 are the 

best-fitting estimates of the single parameter m and the mean sum-of-squared residual 

errors for each observer for the three measures of the JND: ΔL (a), Δp/p (b), and ΔI/I 

(c).  The averaged SSres across pedestals and observers are, for the best fit of 

d’=mX+0, 0.108 for d’ vs. ΔL, 0.085 for d’ vs. Δp/p, and 0.452 for d’ vs. ΔI/I.  The 

error-of-fit was smallest for Δp/p, and the largest for ΔI/I.  These results support the 

conclusion that the data are better fitted by the theoretical function d’=mX+0 when 

X=Δp/p.    
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Table 8.3.2 : Estimates of parameters and best-fit statistics for the following three equations: a) 
d’=mΔL+0; b) d’=m(Δp/p)+0, and; c) d’=m(ΔI/I)+0.  
 
a) d’=mΔL+0 
 m SSres 
 Mean SD Mean SD 
  
WC 0.20 0.11 0.16 0.11 
DS 0.36 0.17 0.06 0.03 

 
b) d’=m(Δp/p)+0 
 m SSres 
 Mean SD Mean SD 
  
WC 0.96 0.83 0.07 0.05 
DS 2.35 1.42 0.10 0.08 

 
c) d’=m(ΔI/I)+0 
 m SSres 
 Mean SD Mean SD 
  
WC 0.25 0.33 0.51 0.22 
DS 0.82 0.64 0.40 0.23 
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Figure 8.3.2 : Psychometric functions relating log d’ to log ΔL, for nine levels of  pedestal.  The 
straight lines are the best-fitting equations of the form d’=mΔL+0.  The symbols represent observers 
WC (•) and DS (■) respectively.   
 
 
 
 
 
 
 
 

 317



 
 
 
 
 
 
 
 

20

-20 -10 0 10

d'

0.1

1

25

-20 -10 0 10
0.1

1

30

-20 -10 0 10
0.1

1

35

-30 -20 -10 0 10

d'

0.1

1

45

-20 -10 0 10 20
0.1

1

50

20log(Δp/p)

-10 0 10 20

d'

0.1

1

55

20log(Δp/p)

-20 -10 0 10
0.1

1

60

20log(Δp/p)

-20 -10 0 10
0.1

1

40

-30 -20 -10 0 10 20
0.1

1

 

● WC
■ DS

 
Figure 8.3.3 : Psychometric functions relating log d’ to 20log(Δp/p) for nine pedestal levels.  The 
straight lines are the best-fitting equations of the form d’=m(Δp/p)+0.  The symbols represent observers 
WC (•) and DS (■) respectively.   
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Figure 8.3.4 : Psychometric functions relating log d’ to 10log(ΔI/I) for nine pedestal levels.  The 
straight lines are the best-fitting equations of the form d’=m(ΔI/I)+0.  The symbols represent observers 
WC (•) and DS (■) respectively.   
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d’=mX+c 

 The individual data were fitted with functions of the form d’=mX+c and best-

fitting values of the two free parameters, m (slope) and c (y-intercept), obtained.  The 

best-fitting functions are displayed for each observer at each pedestal level in Figures 

8.3.5 (d’=mΔL+c), 8.3.6 (d’=m(Δp/p)+c), and 8.3.7 (d’=m(ΔI/I)+c).  Both d’ and the 

JND measures are plotted on logarithmic coordinates, and the best-fitting model of 

d’=mX+c will be a straight line when the x-intercept is equal to zero on these 

coordinates.  Upwards curvature will manifest an x-intercept greater than zero, while 

downwards curvature is dependent upon the x-intercept being less than zero.  Visual 

examination of Figure 8.3.5 (d’ vs. ΔL) reveals evidence of upwards curvature.  

Figure 8.3.6 (d’ vs. Δp/p) indicates a slight downward curvature, while the functions 

in Figure 8.3.7 (d’ vs. ΔI/I) indicates even greater downwards curvature.   

 

 The best-fitting parameters, m and c, were used to estimate the values of the x-

intercept (see Equation 8.4).  Table 8.3.3 lists the best-fitting values for m, c, and 

estimated x-intercept for each observer.  Examination of the standard deviations 

suggests that d’=m(Δp/p)+c produces the more stable estimates.  The values are 

average values across the nine pedestal levels for each of the measures of the JND: ΔL 

(a), Δp/p (b), and ΔI/I (c).  One-sample t-tests on the individual data (i.e., WC and 

DS) showed that the mean estimates for the x-intercepts presented in Table 8.3.3 were 

significantly different from zero at the 0.05 level of significance.  The grand mean for 

the x-intercepts across observers and pedestal levels are ΔL=1.076 (SD=1.1), Δp/p=-

0.098 (SD=0.82), and ΔI/I=-2.53 (SD=2.79).  From these values it may be concluded 

that at the group level, psychometric functions with Δp/p representing the JND have 

the least curvature.  However, the credibility of such a conclusion is diminished when 

inferential tests are employed.  One-sample t-tests showed that significant differences 

existed between the x-intercept and zero for ΔL, Δp/p, and ΔI/I at the 0.001 level of 

significance.   

 

 In the course of analysis 54 psychometric functions were generated: 2 

observers x 9 pedestals x 3 levels of the JND measures.  Examination of each of the x-

intercept values shows that the choice of the JND affects the x-axis intercept.  For 

example, when X=ΔL, only 1/18 intercepts were negative.  In contrast, for the two 
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measures based on the Weber fraction, this was 15/18 (X=Δp/p) and 18/18 (X=ΔI/I).  

The dearth of negative intercepts when ΔL is selected as the measure of the JND is 

congruent with the data obtained in Experiments 8.1 and 8.2.  The high number of 

negative intercepts for ΔI/I is consistent with data obtained with sinusoids (e.g., 

Experiment 8.1) but not noise (Experiment 8.2).   

 

 The data do not avail themselves to an interpretation that produces a 

conclusive result.  Of the three measures Δp/p has the closest mean x-intercept to zero 

and the smallest standard deviation.  However, statistical analysis implies that this 

mean is significantly different from zero.  

 

 
                        
 
 
Table 8.3.3 : Estimates of best-fitting parameters for the following three equations: a) d’=mΔL+c; b) 
d’=m(Δp/p)+c, and; c) d’=m(ΔI/I)+c.  The estimated x-intercept is also given.   
 
(a) d’=mΔL+c 
 m c x-intercept 
  
 Mean SD Mean SD Mean SD 
WC 0.23 0.10 -0.33 0.18 1.76* 1.14 
DS 0.39 0.17 -0.12 0.12 0.39* 0.46 

 
(b) d’=m(Δp/p)+c 
 m c x-intercept 
  
 Mean SD Mean SD Mean SD 
WC 0.90 0.77 0.09 0.06 -0.13* 0.09 
DS 2.28 1.44 0.08 0.11 -0.06* 0.06 

 
(c) d’=m(ΔI/I)+c 
 m c x-intercept 
  
 Mean SD Mean SD Mean SD 
WC 0.21 0.29 0.35 0.07 -4.15* 3.13 
DS 0.72 0.62 0.29 0.12 -0.91* 0.91 
 
 
* Significantly different from zero at the p<0.05 level 
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Figure 8.3.5 : Plots of log d’ vs. log ΔL, for nine levels of pedestal.  Data for both observers, WC (•) 
and DS (■), are plotted.  Best-fitting functions of the form d’=mΔL+c have been retracted onto the data.   
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Figure 8.3.6 : Plots of log d’ vs. 20log(Δp/p), for nine levels of pedestal and observers WC (•) and DS 
(■).  Best-fitting functions of the form d’=m(Δp/p)+c have been retracted onto the data.  Note the 
scaling on the abscissa is not uniform across plots.    
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Figure 8.3.7 : Plots of log d’ vs. 10log(ΔI/I), for nine levels of pedestal and observers WC (•) and DS 
(■).  Best-fitting functions of the form d’=m(ΔI/I)+c have been retracted onto the data.  Note the 
predominance of downwardly-curving functions.   
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d’=aXb 

 

 The function d’=aXb was fitted to each observer’s empirical psychometric 

functions and the best-fitting values of a and b were estimated.  Data returning a slope 

exponent value of approximately unity (i.e., b=1) show a high degree of 

proportionality between d’ and the JND measure.  Best-fitting psychometric functions 

are displayed for each observer at each pedestal level in Figures 8.3.8 (X=ΔL), 8.3.9 

(X=Δp/p), and 8.3.10 (X=ΔI/I).   

 

 For each observer and measure of the JND, mean values of a and b are 

presented in Table 8.3.4.  Each value is the average parameter estimate across the nine 

levels of pedestal.  For each of the JND categories, the equation d’=aXb provides an 

adequate fit to the data, as reflected in the high values of the goodness-of-fit statistic, 

R2 (R2>0.97).  A dependent relationship between the slope parameter b and the JND 

emerges when the data in Table 8.3.4 are scrutinised.  The mean values, obtained by 

averaging across both observer and pedestal level, were ΔL=1.25 (SD=0.22). 

Δp/p=0.881 (SD=0.71), and ΔI/I=0.655 (SD=0.09).  This dependency was supported 

by a one-way analysis-of-variance, which indicated that the mean values between the 

three measures of the JND were significantly different (F(55)=58.164, p<0.001).  A 

subsequent Bonferonni Post Hoc test indicated that all three means were different 

from each other at the 0.001 level of significance.     

 

 Further analysis was undertaken using one-sample t-tests with a test value of 

unity.  For the group data a significant difference was found between unity and the 

slope exponent b for all JND measures: ΔL (t(17)=5.101, p<0.001), Δp/p (t(17)=-7.53, 

p<0.001), and ΔI/I (t(17)=-17.063, p<0.001).  Prior to the grand averaging, one-

sample t-tests were undertaken on the individual data with identical results to the 

group data being obtained.  For both WC and DS values of b were significantly 

different to unity (p=0.001) regardless of the measure used to represent the JND.  

Examination of the raw data for these two observers showed that for the 36 estimates 

of b associated with Δp/p and ΔI/I, only one was greater than unity.  For the 18 

estimates of b belonging to ΔL, only one was less than unity, reflecting the results 

obtained with 1000-Hz sinusoids (see Experiment 8.1) and noise (Experiment 8.2). 
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 From this analysis it must be concluded that none of the three candidate 

measures, ΔL, Δp/p, and ΔI/I, obtained strict proportionality with d’.  All measures 

produced slope estimates significantly different from unity, with the measures based 

on the Weber fraction (Δp/p and ΔI/I) yielding exponents less than unity, while ΔL 

returned values of b greater than unity.  Of the three measures, Δp/p is the closest to 

unity.      

  
 
 
 
 
 
 
 
 
 
Table 8.3.4 : Estimates of parameters and best-fit statistics for the following three equations: a) 
d’=aΔLb; b) d’=a(Δp/p)b, and; c) d’=a(ΔΙ /Ι)b.  
 
(a) d’=aΔLb

 a b R2

 Mean SD Mean SD Mean SD 
  
WC 0.114 0.133 1.367* 0.213 0.994 0.006 
DS 0.329 0.187 1.091* 0.119 0.990 0.007 

 
(b) d’=a(Δp/p)b

 a b R2

 Mean SD Mean SD Mean SD 
  
WC 1.0102 0.750 0.878* 0.065 0.989 0.009 
DS 2.329 1.306 0.881* 0.090 0.986 0.008 

 
(c) d’=a(ΔI/I)b

 a b R2

 Mean SD Mean SD Mean SD 
  
WC 0.498 0.331 0.616* 0.068 0.981 0.011 
DS 1.041 0.508 0.687* 0.104 0.973 0.016 
 
 
* Significantly different from zero at the p<0.05 level 
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Figure 8.3.8 : Plots of log d’ as a function of logΔL.  Each plot represents a different pedestal level 
ranging from 20 to 60 dB SPL.  The lines fitted to the data are the best-fitting forms of d’=aΔLb.  Data 
for observers WC (•) and DS (■) are shown.   
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Figure 8.3.9 : Plots of log d’ as a function of 20log(Δp/p).  Each plot represents a different pedestal 
level ranging from 20 to 60 dB SPL.  The lines fitted to the data are the best-fitting forms of 
d’=a(Δp/p)b.  Data for observers WC (•) and DS (■) are shown.   
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Figure 8.3.10 : Plots of log d’ as a function of 10log(ΔI/I).  Each plot represents a different pedestal 
level ranging from 20 to 60 dB SPL.  The lines fitted to the data are the best-fitting forms of 
d’=a(ΔI/I)b.  Data for observers WC (•) and DS (■) are shown.   
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Exponent Functions 
 

 Just noticeable differences were determined for each observer’s psychometric 

functions by calculating the value of either ΔL, Δp/p, or ΔI/I for when the dependent 

variable, d’, was set equal to unity (see Equation 8.5).  Theoretically, a d’ of one 

equals 76 percent correct for a nonbiased observer undertaking a 2-IFC procedure 

(Green and Swets, 1966).  A plot of the slope exponent b and the obtained JNDs are 

displayed in Figures 8.3.11.  Figure 8.3.11A graphs b as a function of the JND 

expressed as ΔL, while Figures 8.3.11B and 8.3.11C plot b as function of JNDs in 

terms of Δp/p and ΔI/I respectively.  The dashed horizontal line represents a 

proportional relationship between d’ and the JND measure (i.e., d’=aX1).  

 

 Evidence for proportionality occurs only for ΔL, and then only when the JNDs 

are small.  When the JND is represented by Δp/p, the values of b appear to be  
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Figure 8.3.11 : The slope exponent b plotted as a function of the JND expressed in terms of either log 
ΔL (A), 20log(Δp/p) (B), or 10log(ΔI/I) )(C) for observers WC (∆) and DS (□).  
 
 

 330



consistently less than unity by approximately 0.2 (Figure 8.3.11B).  For ΔI/I (Figure 

8.3.11C) a monotonically decreasing function is evident, consistent with the findings 

of Buus and Florentine (1991).  These data taken together, it is difficult to conclude 

conclusively that any one of the three JND measures obtains proportionality with d’, 

though ΔL exhibits proportionality in a limited range of JND values.    

 
 The variation of b as a function of pedestal level is displayed for ΔL (Figure 

8.3.12A), Δp/p (Figure 8.3.12B), and ΔI/I (Figure 8.3.12C).  Both ΔL and Δp/p have 

their pedestals expressed in units of pressure.  Estimates of b when the JND is set to 

ΔL are more variable than when in terms of Δp/p or ΔI/I.  An example of individual 

differences emerges from Figure 8.3.12A.  Observer WC has larger slope estimates 

for pedestals greater than 40 dB SPL.  However, this set of data aside, there is little 

evidence in the data to suggest that b is dependent upon pedestal level.   

 

DISCUSSION 
 

 Unlike the data obtained in Experiments 8.1 (1000-Hz sinusoids) and 8.2 

(noise), the data provided by Experiment 8.3 does not lend itself to any definite 

conclusion.  Proportionality between d’ and ΔL is evident only for small pedestal 

levels.  For the other two candidate measures (Δp/p and ΔI/I) there is no evidence for 

proportionality with d’.  The lack of an overall proportionality between d’ is reflected 
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Figure 8.3.12 : The slope exponent b plotted as a function of pedestal level for three different measures 
of the JND: ΔL (A), Δp/p (B), and ΔI/I (C).  Data are for WC (∆) and DS (□).  
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in the curvatures of the psychometric functions: statistically significant (p<0.05) 

upwards curvature for ΔL and downwards curvature for Δp/p and ΔI/I.   

 

 The finding that d’ is not proportional to ΔL across all JND values for high 

frequency sinusoids is consistent with the results of Buus and Florentine (1991), who 

employed 8000-Hz sinusoids presented in quiet.  They present a complicated 

argument, including a Monte Carlo simulation of a multichannel model, to explain 

why d’ grows slightly faster than proportionality to ΔL at larger pedestal levels.  

Others have attempted to explain these increases in JNDs at higher pedestal levels in 

terms of the severe departure to Weber’s law: a midlevel deterioration of level 

discrimination for high intensity sinusoids.  Carlyon and Moore (1984) proposed a 

physiological model that explained the severe departure in terms of an absence of 

phase locking information for high frequency sinusoids coupled with impoverished 

response characteristics of neurons residing in the VIIIth cranial nerve.  The 

combination of these two factors, loss of phase locking information and reduced firing 

rates, leads to a deterioration of information relating to pedestals in the 30-55 dB SPL 

range.  Both models are difficult to evaluate, their complexity and accompanying 

array of assumptions make them difficult to test, and there is a genuine need for a 

simpler model to account for these results.   

     

 The loss of proportionality between d’ and ΔL across the range of JNDs may 

also be examined in the context of individual differences.  It appears that DS’s data 

(squares, Figure 8.3.11A) does exhibit proportionality whereas WC’s data (triangles) 

does not.  By analysing the values of the slope exponent b as a function of pedestal 

level (Figure 8.3.12) it is evident that WC’s departure from unity occurs at pedestal 

levels greater than 40 dB SPL.  It has been pointed out that short duration pedestals in 

this region are associated with the severe departure to Weber’s law.  It is possible that 

for this data the ΔLs associated with WC were affected by the severe departure – even 

more so than DS, given that WC’s increments were the larger of the two (see Table 

8.3.1) and would have placed the sinusoids squarely in severe departure territory.    It 

may therefore be that WC’s values of the slope exponent b – generally above unity 

when ΔL is the measure of the JND - may partly reflect the effects of the severe 

departure.  Furthermore, these effects are not evident when measures of the JND 
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based on the Weber fraction are utilised, suggesting that ΔL is especially vulnerable to 

this phenomenon.      

 

That the severe departure did not affect the data for DS would be consistent 

with the literature as numerous studies (e.g., Carlyon and Moore, 1984; Carlyon and 

Moore, 1986) have reported substantial individual differences in the efficacy of the 

severe departure.  Figure 8.3.13 shows Weber fractions as a function of pedestal level, 

both in units of pressure, for WC and DS.  Differences between the two observers are 

obvious, with WC showing a function consistent with previous demonstrations of the 

severe departure (Carlyon and Moore, 1984), while DS does not.      

 

Methodologically, the experiment could be improved by utilising a greater 

number of observers.  Ideally five or more observers would permit a more thorough 

examination of the effect of the severe departure on the slope exponent b.  The data 

could be further improved by extending the range of the pedestal levels by 10-15 dB.  

 

 To conclude Experiment 8.3, the data fail to indicate which of ΔL, 

Δp/p, or ΔI/I obtain proportionality with d’ if statistical tests constitute the sole 

criterion. Of the three measures, Δp/p is the most proportional to d’ if other criteria 

are adopted.      

 
 

Pedestal (dB SPL)

10 20 30 40 50 60 70

20
lo

g(
Δ p

/p
)

-20

-15

-10

-5

0

5

10

WC
DS

 
   
Figure 8.3.13 : Weber fractions as a function of pedestal level for short-duration 6500-Hz sinusoids.  
The data are for observers WC (•) and DS (o).   
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8.4 General discussion 
 

 In order to ascertain which of ΔL, Δp/p, or ΔI/I achieves proportionality with 

d’, a series of three experiments were undertaken using either 1000-Hz sinusoids 

(Experiment 8.1), broadband noise (Experiment 8.2), or 6500-Hz sinusoids in 

bandstop noise (Experiment 8.3).  All stimuli were presented monaurally for a period 

of 10 ms.  Slope exponents, b, from all three experiments are displayed in terms of ΔL 

(Figure 8.4.1A), Δp/p (Figure 8.4.1B), or ΔI/I (Figure 8.4.1C).  Data points clustering 

around the dashed horizontal lines indicate a proportionality between d’ and the JND.  

From these data there is evidence that, when the JND is represented as the Weber 

fraction,  ΔX/X, d’ is proportional to pressure (Δp/p).  If ΔI/I is selected as the JND, 

then b appears to be consistently lower than unity.  When the measure of the JND is 

taken to be ΔL, the slope exponent b progressively increases as ΔL increases.  

 

 Further support for the claim that d’ is proportional to Δp/p comes from 

statistical analysis of the entire data set.  Averaging the values of b across the three 

experiments gives the following means: ΔL=1.312 (SD=0.22), Δp/p= 0.977 

(SD=0.12), and ΔI/I=0.736 (SD=0.12).  A one-sample t-test on each of ΔL, Δp/p, and 

ΔI/I revealed that only Δp/p was not significantly different to unity (t(89)=-1.873, 

p=0.064).  Both ΔL (t(89)=13.457, p<0.001) and ΔI/I  (t(89)=--20.587, p<0.001) were 

different from unity at the 0.05 level of significance.  Additional tests showed that 

when the relation d’=mX+c was fitted to the data the x-intercept values were 

significantly different to zero when ΔL (t(89)=10.468, p<0.001) or ΔI/I (t(89)=-3.199, 

p=0.002) were substituted for X, but not for Δp/p (t(89)=-1.766, p=0.081).       

 

 The relationship between ΔL, Δp/p, and ΔI/I was discussed in detail in the 

Chapter V.  It was stressed that for Weber fractions less than one (in pressure units: 

Δp/p<1), a proportionality exists between ΔL, Δp/p, and ΔI/I.  Beyond unity however 

the proportionality no longer holds, and it is argued (e.g., Buus and Florentine, 1991; 

Moore, Peters, and Glasberg, 1999) that stimuli falling into this region (i.e., Δp/p>1) 

should be given heavier weighting when judging the measure obtaining 

proportionality with d’.  The dashed vertical lines in Figure 8.4.1 represent the value  
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Figure 8.4.1 : The slope exponent b plotted as a function of JND for Experiments 8.1, 8.2, and 8.3.  
The JND is stated in terms of ΔL (A), Δp/p (B), or ΔI/I (C). The dashed horizontal line represents a 
slope exponent of unity.  The dashed vertical line represents the value of the JND in which Δp/p equals 
unity.  Each symbol represents a different observer (detailed bottom-right).    
 
 
of the JND where Δp/p equals unity.  This occurs at ΔL=6.02 (Figure 8.4.1A), 

20log(Δp/p)=0 (Figure 8.4.1B), and 10log(ΔI/I)=4.77 (Figure 8.4.1C).  Adopting this 

criteria and examining the data to the right of the vertical line in Figure 8.1.4 it is 

again apparent that of the three measures Δp/p is the candidate that obtains the most 

convincing proportionality with d’.       
 

Experiment 8.3 showed that, because of the severe departure, difference 

thresholds were variable across pedestal levels.  A question of interest is whether the 

slope exponent b is dependent upon pedestal level?  Across the three different 

stimulus conditions: 1000-Hz sinusoids, broadband noise, and 6500-Hz sinusoids, and 

the three measures of the JND: ΔL, Δp/p, and ΔI/I, the value of b was remarkably 

invariant.  One notable exception was WC’s data obtained using 6500-Hz sinusoids 

when the JND was set to ΔL.  Indeed, across the three stimulus conditions, the JND 

measure associated with the greatest amount of variability in b was ΔL.  The lack of   
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Figure 8.4.2 : Slope, b, as a function of increment duration, expressed as either ΔI/I (A), Δp/p (B), or 
ΔL (C), for three observers from Moore, Peters, and Glasberg (1999): CA (•); MD (ο), and; RP (▼). 
 
 
stability in this measure may be another argument against its adoption.  Of relevance 

is the reanalysed data from Moore, Peters, and Glasberg (1999).  As Figure 8.4.2 

shows, when the slope exponent b is plotted as a function of increment duration the 

JND measure exhibiting the greatest amount of variability is ΔL. Figure 8.4.3 displays 

the slope exponents, b, obtained in this study and plotted as a function of pedestal 

level, in dB SPL, for the three JND measures: ΔL, Δp/p, and ΔI/I.  Again, careful 

scrutiny shows that ΔL is the JND measure that contains the greatest degree of 

variability. 

 

A curious result emerges from analysing the slopes of the psychometric 

functions when expressed as d’=mX+c.  The x-intercept of the function reflects the 

degree of curvature in the psychometric function.  The greater the curvature, the more 

nonlinear the relationship between d’ and the JND measure (Moore, Peters, and 

Glasberg, 1999).  Across all data the mean x-intercept values for the three measures of 

the JND were: ΔL=0.929 (SD=0.83), Δp/p=-0.142 (SD=0.76), and ΔI/I=-0.570 

(SD=1.67).  For ΔL the majority of functions exhibited positive intercepts.  In 

comparison, the bulk of the functions generated using Δp/p as the JND showed very 

little curvature – either upwards (positive x-intercept) or downwards (negative x-

intercept).  Positive intercepts indicate that the psychometric functions grow faster 

than proportionality, while negative intercepts reflect psychometric functions that  
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Figure 8.4.3 : The slope exponent, b, plotted as a function of pedestal for three different measures of 
the JND: ΔL, Δp/p, and ΔI/I.  
 
 
grow slower than proportionality.  ΔI/I is more interesting: for sinusoids (1000-Hz or 

6500-Hz) the functions exhibit negative intercepts, but for noise they return positive 

intercepts.  This feature of the data has no known precedent in the literature, and at 

present a reason cannot be found why this might be so. 
 
 Closer inspection of the data obtained with 1000-Hz sinusoids and that 

obtained with 6500-Hz sinusoids affords a means of determining the effect of the 

severe departure.  The two stimulus conditions differed only in the frequency of the 

sinusoid (1000-Hz vs. 6500-Hz) and the addition of bandstop masking noise in the 

6500-Hz sinusoid condition.  Figure 8.4.4 plots b as a function of JND for WC and 

DS’s 1000-Hz and 6500-Hz data.  It is apparent from Figure 8.4.4 that there is no 

systematic difference between the two frequencies beyond measurement error.  

Without regard to the JND measure, the mean value of b for the 1000-Hz sinusoid is 

1.013 (N=60, SD=0.25) verses 0.89 (N=54, SD=0.26) for the 6500-Hz sinusoid.  An 

independent samples t-test showed that the two means were not significantly different 

at the 0.05 level of significance (t(112)=2.627, p=0.01).  The conclusion here is that 

while the severe departure affects the magnitude of the difference threshold it does 

not effect the relationship between d’ and the measure of the JND.    
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Figure 8.4.4 : Slope, b, as a function of the JND measure, expressed as either ΔL (A), Δp/p (B), or ΔI/I 
(C), for 1000-Hz (solid symbols) and 6500-Hz (open symbols) sinusoids.  Data are for WC (triangles) 
and DS (squares). 
 
 
The current set of results can be compared directly to independent studies conducted 

by Buus and Florentine (1991) and Moore, Peters, and Glasberg (1999).  Buus and 

Florentine employed sinusoids of 250, 1000, 8000, 12000, and 14000-Hz as well as 

broadband noise.  The study undertaken by Moore, Peters, and Glasberg used 350, 

1000, and 4000-Hz sinusoids differing in duration (5 ms to 200 ms).  Both these 

studies and the study currently under discussion utilised similar experimental 

procedures.  Despite this, the data from all three studies are in disagreement.  

 

 Buus and Florentine (1991), on the basis of their data, concluded that d’ is 

proportional to ΔL.  The poorest relation was reported between d’ and ΔI/I, with Δp/p 

situated equidistant between ΔL and ΔI/I (see Figure 5.2).  They did, however, report 

departures from the conclusion that d’ is proportional to ΔL, notably for stimuli 

possessing large JNDs, where b consistently exceeded unity.  This has been found 

consistently with the data generated during the course of the current investigation as 

well as the data reported by Moore, Peters, and Glasberg (1999).  Given the value 

placed upon stimuli producing large JND measures in the elucidation of the correct 

measure to employ in level discrimination, Buus and Florentine’s conclusion seems 

somewhat optimistic.   

 

 Why the data produced by Buus and Florentine should differ from those 

collected in the present study is a question that is difficult to answer.  The studies do 

agree however that the measure of the JND that is least proportional to d’ is ΔI/I.  The 

differences in the results for ΔL and Δp/p are all the more difficult to explain in light 
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of the numerous stimulus conditions shared by the two studies.  Such disparity 

between two sets of independent findings sharing similar methodology is a call for 

more research to be undertaken in this area.   

 

 The data and subsequent interpretations presented by Moore, Peters and 

Glasberg (1999) are also not reflected in the present series of experiments.  They 

found that when ΔL and Δp/p were selected as the JND all estimates of the slope 

exponent b were above unity (see Figure 5.3).  In contrast the estimated exponents for 

ΔI/I fell either side of unity.  Agreement between their data and that currently being 

reported exists only when ΔL is selected as the JND measure.  Again similar 

methodology between the two studies makes the differences in results across the two 

studies hard to fathom, and the call for more research is repeated.  

 

 Future research addressing these incongruent data sets would be aided by 

careful selection of stimulus parameters based on these and other studies.  If an 

increase of the JND is a goal then sinusoidal frequencies between 8000-Hz and 

14000-Hz should be considered.  Data reported by Buus and Florentine (1991) show 

that for these frequencies the JND estimates are substantially larger than for 250-Hz 

and 1000-Hz sinusoids.  Constraints existed in determining the stimulus parameter 

values in the current study, notably the frequency response of the earphones (lowpass 

filter below 8000-Hz).  Additionally, if the experimenter is attempting to exploit the 

severe departure in order to increase JNDs then the results reported by Long and 

Cullen (1985) indicate that the severe departure is more substantial for 10,000-Hz 

sinusoids than 6500-Hz sinusoids.      

 

 One final consideration involves the generation of the exponent function (e.g., 

Figure 8.4.1), which plots b as a function of the JND measure.  The slope exponent b 

equals the degree of proportionality between d’ and whichever measure is used to 

represent the JND.  Before it can be calculated a theoretical psychometric function of 

the form d’=aXb must be fitted to the empirical data, where X is ΔL, Δp/p, or ΔI/I.  

The best-fitting form of the function determines a and b.  The JND is estimated by 

setting d’ equal to unity (i.e., aXb=1) and solving for X.  A d’ value of one is regarded 

as performance at threshold, and is theoretically equivalent to 76% correct in a 2-IFC 
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task.  The selection of a difference threshold based on a d’ of unity is, however, 

arbitrary.  By increasing the performance criterion required to reach threshold - that is 

by increasing the critical value of d’ – the JND will likewise be increased (see for 

example Figure 8.1.12).  Increasing the JND beyond a value of Δp/p=1 results in ΔL, 

Δp/p, and ΔI/I no longer being proportional to one another.  Without this 

proportionality, the correct measure of the JND should be determinable (Buss and 

Florentine, 1991).     

 

 To conclude this chapter, three experiments employing 10-ms 1000-Hz 

sinusoids (Experiment 8.1), broadband noise (Experiment 8.2) and 6500-Hz sinusoids 

(Experiment 8.3) indicated that d’ is most proportional to Δp/p.  These results differ 

fundamentally to those described by Buus and Florentine (1991) and Moore, Peters, 

and Glasberg (1999).     
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CHAPTER IX : MAIN DISCUSSION 
 
 This thesis examines auditory level discrimination, with the focus on the units 

problem in audition.  Table 9.1 catalogues the experiments undertaken in the course of 

this thesis and provides a brief description of stimulus characteristics, the performance 

measure, and outcome.  
  

Table 9.1 : The nine level discrimination experiments undertaken in the course of this thesis.  Tabulated 
summaries of stimulus characteristics, response measures, and results associated with each experiment are 
listed.   
EXPERIMENT STIMULI MEASURE RESULT 

Experiment 6.1 
1000-Hz 10-ms 
sinusoids 
presented in quiet

ΔX as a 
function of 
pedestal level 

Masking function exhibits 
negative masking when stimuli 
are expressed in terms of pressure 
or intensity 

Experiment 6.2 
As 6.1 but with a 
continuous noise 
background 

As with 6.1 

Masking function exhibits 
negative masking only when 
stimuli are expressed in terms of 
pressure  

Experiment 6.3 
As 6.1 but with 
6500-Hz 
sinusoids 

As with 6.1 As for 6.2 

Experiment 6.4 
As 6.2 but with a 
gated  noise 
background 

As with 6.1 As for 6.1 

Experiment 7.1 
1000-Hz 10-ms 
sinusoids 
presented in quiet

P(C) as a 
function of 
pedestal level 
for a fixed 
value of ΔX 

Fixed increment functions 
manifest the pedestal effect 

Experiment 7.2 
As 7.1 but with a 
continuous noise 
background 

As with 7.1 As for 7.1 

Experiment 8.1 
1000-Hz 10-ms 
sinusoids in gated 
noise 

Psychometric 
functions with 
d’ as a 
function of 
the JND 

d' is proportional to the Weber 
fraction Δp/p 

Experiment 8.2 
Broadband noise 
presented in a 
background noise 

As with 8.1 As for 8.1 

Experiment 8.3 
6500-Hz 10-ms 
sinusoids in gated 
bandstop noise 

As with 8.1 d' is the most proportional to the 
Weber fraction Δp/p 
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Negative Masking 
 
 Negative masking was found for sinusoids (either 1000-Hz or 6500-Hz) presented 

in quiet and, when the difference threshold was expressed in units of pressure, for 1000-

Hz sinusoids presented in a continuous noise background.  These findings add to those 

reported by Hanna, von Gierke, and Green (1986) and Viemeister and Bacon (1988).  As 

predicted by Hanna, von Gierke, and Green (1986), on the basis of psychometric data, a 

reduction in the level of negative masking was found when the sinusoid was embedded in 

a continuous or gated noise background.  Laming (1986), on the basis of the sensory 

analytical model, suggested that negative masking would be evident for stimuli greater or 

equal to 10 ms in duration.  These results support Laming’s prediction.  Raab, Osman and 

Rich (1963b) claimed that as the duration of the stimuli decreased so too would the level 

of negative masking.  The current range of data does not support this prediction.  The 

levels of negative masking found using 10-ms stimuli were approximately equal to those 

reported by Hanna, von Gierke, and Green (1986), who employed 100-ms stimuli.  

Compared to the study of Viemeister and Bacon (1988), which used 200-ms stimuli, both 

the current results and those of Hanna, von Gierke, and Green (1986) exhibited greater 

levels of negative masking.  Thus the predictions of Raab, Osman and Rich (1963b) are 

not supported by these data.      

 
Negative Masking and the Units Problem in Audition 
 
 Negative masking is central to the units problem in audition – a definitive solution 

to the units problem determines the fate of the phenomenon.  Indeed, if the phenomenon 

of negative masking did not exist the imperative need to solve the units problem would 

likely not exist, at least not beyond a theoretical standpoint.   

 
Hanna, von Gierke, and Green (1986) reported substantial levels of negative 

masking with 100-ms 1000-Hz sinusoids presented in quiet when the stimuli were 

expressed in units of pressure.  The degree of negative masking present when the stimuli 

were expressed in units of intensity was small (≈2-3 dB) though nevertheless evident.  

Viemiester and Bacon (1988) reported comparable data, though with 200-ms 1000-Hz 

sinusoids.  These results were replicated in Experiments 6.1 and 6.4 (see Table 9.1 for a 
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summary of details) using 10-ms stimuli.  Given that in all three studies negative masking 

was found when stimuli were expressed in either of pressure or intensity units, the 

position that negative masking is an artifact of stimulus definition is untenable.  A key 

assumption of those advocating stimulus definition as an explanation of negative masking 

is that the auditory system acts as an energy detector (e.g., Raab, Osman, and Rich, 

1963b).  When stimuli are expressed in units of intensity, it was argued, the phenomenon 

of negative masking disappears.  The issue then changes to one of degree rather than 

occurrence (i.e., there is less negative masking evident when the stimuli are expressed in 

units of intensity).   

 
Does this then mean the units problem in audition can be laid to rest?  After all, if 

negative masking is exhibited irrespective of the stimulus units employed, then perhaps 

the units problem is no longer relevant?  The answer is that the units problem remains.  

Firstly, the substantial difference in the degree of negative masking between the pressure 

and intensity units needs to be accounted for.  Secondly, as demonstrated in Experiments 

6.2 and 6.4, when a masking noise background is introduced there is no longer negative 

masking when units of intensity are employed.  Thus in this stimulus context the stimulus 

definition argument is upheld. The importance of negative masking to the units problem 

in audition is thus preserved.   

 
An elaborate sensory analytical theory tendered by Laming (1986) proposes that, 

for circathreshold stimuli, a combination of differential coupling and a square-law 

transformation are sufficient to account for negative masking.  A key assumption of 

Laming’s model is that the auditory system responds to peak pressure when encoding 

information relating to loudness.  Comparisons between Laming’s sensory analytical 

model and two other models: the nonlinear transducer model and the level discrimination 

model, indicate the superiority of the sensory analytical model on a number of grounds.  

The sensory analytical model required fewer parameters to account for the data; provides 

quantitative predictions of key parameters, and is built upon robust principles that are the 

hallmarks of a true model.  Therefore the model best suited to explain the data is the 

model that asserts that peak pressure is the correct measure of the stimulus.   
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The Pedestal Effect 
 
 The pedestal effect was conclusively demonstrated using 10-ms 1000-Hz 

sinusoids presented in a continuous noise background.  These results add to those 

reported by Pfafflin and Mathews (1962) and consist of the only reported data utilizing 

the fixed-increment function.  The data obtained for sinusoids presented in quiet also 

exhibited the pedestal effect, a finding previously unreported.        

 
The Pedestal Effect and the Units Problem in Audition 
 

The fixed-increment function plots percentage correct in a 2-IFC discrimination 

task as a function of pedestal level.  A fixed-increment task requires a discrimination 

between X and X+ΔX, where ΔX remains invariant across the range of pedestal levels.  

The fixed-increment functions generated in Experiments 7.1 and 7.2 conclusively 

manifest the pedestal effect for 10-ms 1000-Hz sinusoids in quiet and in a noise 

background respectively.  These findings extend those reported by Pfafflin and Mathews 

(1962).   

 
The fixed-increment function is of interest because transformation of the stimuli 

from pressure to intensity or vice-versa has no effect, either quantitatively or 

qualitatively, on the fixed-increment function (see Chapter III).  The consequence is that 

the nonmonotonic relationship evident in the fixed-increment function is preserved 

irrespective of the units employed to represent pedestal level.  In contrast the same does 

not happen with the masking function: a transformation between units forces the shape of 

the function to change.  It has been argued elsewhere in this thesis that a relationship 

exists between the masking function and the fixed-increment function.  Negative masking 

experiments have shown that when the units are switched the masking functions change 

considerably – yet the same transformation has no effect on the fixed-increment function.  

Therefore the masking function, expressed in units of either pressure or intensity, which 

best relates to the fixed-increment function must possess the correct units of stimulus 

expression.  The masking function that cannot be sensibly related to the fixed-increment 

function will produce an inconsistency that will likely prove too difficult to explain.  This 

function will possess stimuli expressed in units that are inappropriate.   
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Negative Masking, the Pedestal Effect, and the Units Problem in Audition 
 

Figure 9.1 plots both the masking function and the fixed-increment function on 

the same graph in terms of pressure (Figure 9.1A) and intensity (Figure 9.1B).  The 

stimuli were 1000-Hz sinusoids of 10 ms duration presented in quiet.  For each graph 

both types of plots share a common x-axis (viz pedestal level) while the masking function 

uses the right-hand scale (the difference threshold) and the fixed-increment function the 

left-hand scale (percentage correct).  Figure 9.2 is the same as Figure 9.1 except the 

sinusoids were presented in a noise background.   

 
Two points will be now raised regarding the relationship between the masking 

function and the fixed-increment function.  First, recall that each difference threshold 

represents 79 percent correct in a 2-IFC three-down, one-up adaptive procedure.  

Consider the hypothetical case when, across a range of pedestal values, the difference 

thresholds, ΔX, are all equal.  In such a scenario the masking function would be best 

modeled by a straight horizontal line.  If this value of ΔX was retained, along with the 

same range of pedestals, and used in a 2-IFC discrimination task it would be expected 

that at each level of pedestal the performance of the observer would be approximately 

79%.  This latter data, percentage correct as a function of pedestal level for a fixed value 

of ΔX, is of course the fixed-increment function.  Second, if a 2-IFC two-down one-up 

procedure were employed, where difference thresholds are now based on 71 percent 

correct,    the horizontal line representing the masking function would simply be shifted 

upwards by some constant amount, while the fixed-increment function would be forced 

down to 71 percent correct.  The point is that it is not the value of ΔX that is important in 

producing this relationship between the masking function and the fixed-increment 

function.  If there is a region of the masking function in which the difference thresholds 

are all equal, then it is expected that the corresponding region on the fixed-increment 

function will likewise yield a horizontal line, regardless of whether-or-not the difference 

thresholds are of a constant value and the invariant increments associated with the fixed-

increment functions are exactly equal.  This point is raised because in this study they 

were in fact not.   
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Figure 9.1 :  Percentage correct (left ordinate) and the difference threshold (right ordinate) as a function of 
pedestal level, in dB SL. The fixed-increment functions (refer left ordinate) and masking functions (refer 
right ordinate) are expressed in units of pressure (A) or intensity (B).  Data consist of group means taken 
from Chapters VI (Figures 6.1.9 and 6.1.18) and VII (Figure 7.1.5).  Stimuli were 10-ms 1000-Hz sinusoids 
presented in quiet.    
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Figure 9.2 :  Percentage correct (left ordinate) and the difference threshold (right ordinate) as a function of 
pedestal level, in dB SL. The fixed-increment functions (refer left ordinate) and masking functions (refer 
right ordinate) are expressed in units of pressure (A) or intensity (B).  Data consist of group means taken 
from Chapters VI (Figures 6.2.6 and 6.2.11) and VII (Figure 7.2.4).  Stimuli were 10-ms 1000-Hz sinusoids 
presented in continuous noise. 
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Now consider the case of a masking function possessing a set of difference 

thresholds that are not equal and the subsequent effect of these inequalities on the fixed-

increment function.  Smaller values of ΔX, where X could be either p (pressure) or I 

(intensity), should, for the same pedestal values, correspond to a higher percentage 

correct score on the fixed-increment function than larger values of ΔX.  This is because, 

at pedestal values associated with small values of ΔX, the auditory system is more 

sensitive to the addition of an increment than pedestals associated with higher values of 

ΔX.  This difference in sensitivity will be reflected in the percentage correct values of the 

fixed-increment function.       

  
When expressed in units of pressure (Figures 9.1A and 9.1B) the relationship 

between the fixed-increment function and the difference threshold appear to uphold the 

inverse relationship between the two.  Note however that we would expect the smallest 

value of Δp to correspond to the largest percentage correct value.  It would appear from 

Figures 9.1A and 9.1B that this may not be the case, though it is difficult to conclusively 

ascertain as the pedestal values used with the fixed-increment function and masking 

function differ slightly.  A more probable reason why the peak of the fixed increment 

function and the minimum of the masking function may not coincide is that the absolute 

threshold was measured at the commencement of the experimental series and during the 

course of the experiment observers may have become slightly more sensitive to stimuli 

through practice.  

 

  Figures 9.1B and 9.2B show that the first four difference thresholds are 

approximately equal when intensity is the unit of choice.  It would therefore be expected 

that across this range of pedestals the percentage correct values would also be equal to 

one another.  It is clear that they are not.  On the basis of this evidence it appears that 

pressure produces more meaningful measurements than intensity.   

 

The Psychometric Function 
 
 Increasing the difference threshold is akin to making the psychometric function 

shallower or shifting the function uniformly along the abscissa.  A requirement of the 
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experiments presented in Chapter VIII was to artificially induce the observer to produce 

higher difference thresholds.  This was done in a number of ways.  The first was to use 

short duration stimuli.  Another means was the addition of a gated noise background to 

produce partial masking of the sinusoid.  Both these methods appeared moderately 

successful.  An attempt to utilize the severe departure to Weber’s law likewise returned a 

degree of success.  This condition, employing 6500-Hz sinusoids and bandstop noise, 

produced many of the highest Weber fractions.  Manipulating task complexity however, 

did not, and the use of a 3-IFC as opposed to the conventional 2-IFC failed to produce the 

anticipated high Weber fractions.  Given the significance of the units problem in audition, 

it is important that future studies are done which inflate the Weber fractions using these 

methods.  Because inflating the Weber fraction was not the main focus of this research, 

no rigorous control regimes were implemented in assessing these methods designed to 

raise the Weber fractions.  As a result any of the methods introduced may in fact be of 

utility.   
 
The Psychometric Function and the Units Problem in Audition 
 
 Five observers generated a total of 264 psychometric functions.  To these 

functions the best-fitting equation d’=aXb was found, where X could be ΔL, Δp/p, or ΔI/I.  

It has been argued (Buus and Florentine, 1991; Moore, Peters, and Glasberg, 1999) that 

the measure of the independent variable (i.e., X) that achieves proportionality with d’ 

(i.e., b=1) is the correct measure of the JND.  The data from this study suggest that the 

representation of X that yields the highest degree of proportionality with d’ is Δp/p.  The 

data has been plotted with those reported by Buus and Florentine (1991), and Moore, 

Peters, and Glasberg (1991), in Figures 9.3A-9.3C.  On the assumption that all three 

research teams adhered to established laboratory protocols in the generation and delivery 

of stimuli and the experimental procedures they employed, there is nothing untoward in 

presenting the data in this format.  Though the three sets of data are inconsistent with 

each other in certain respects, taken together, the bulk of the data suggests that again Δp/p 

is the correct measure of the stimulus.  Peak pressure and intensity were used to represent 

the Weber fraction, and because out of the two Δp/p was the more proportional to d’, 

peak pressure is the most suitable unit of the auditory stimulus. 
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Figure 9.3 : The slope exponent b plotted as a function of the JND expressed as ΔL (A), Δp/p (B), or 
ΔI/I (C). Data from Buus and Florentine (1991), Moore, Peters, and Glasberg (1999), and the present 
study (denoted Shepherd). 



The Psychometric Function and the Measurement Problem in Audition 
 
 The measurement problem in audition involves primarily two measures of the 

JND: the level difference, ΔL, and the Weber fraction, ΔX/X, and which of the pair best 

represents the operating characteristics of the auditory system.  Of the numerous 

psychometric functions constructed in Chapter XIII, the Weber fraction Δp/p was found 

to be the most proportional to d’.  If the measure ΔL had been found to be the most 

proportional to d’ then a problem of intense theoretical significance would have arisen.  

Because the value of ΔL is independent of the defining units it would suggest that the 

units problem does not exist – the auditory system might use pressure or intensity – it 

would not matter. The auditory system, however, is likely to use one-or-the-other, and 

not both.  Selecting ΔL as the measure of the JND would mean that it would be even 

more difficult to assess which units the auditory system uses.   

 

Future Research Directions 

 
 The psychometric function affords itself as a means to generate both masking 

functions and fixed-increment functions without having to employ separate experiments.  

One variation of the psychometric function plots percentage correct as a function of 

ΔX/X, where X, the pedestal, is always fixed in value.  If a number of psychometric 

functions are generated, for different values of X, and if each of those psychometric 

functions shares one common absolute value of ΔX amongst them, then both masking 

functions and fixed-increment functions can be generated.  Figure 9.4 shows hypothetical 

psychometric functions for six arbitrary values of X.  Each graph shows how a 75 percent 

correct difference threshold can be estimated (solid lines) as well as the common value of 

ΔX (dashed lines): here set arbitrarily to 12.  From this set of functions the masking 

function (the difference threshold as a function of pedestal level) and the fixed-increment 

function (percentage correct as a function of pedestal level for a fixed ΔX) can be 

generated.  The benefit of constructing the masking and fixed-increment functions in this 

manner would likely go beyond mere economy, and would constitute an excellent test of 

predictions relating to all models of auditory level discrimination.    
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Figure 9.4 : Psychometric functions plotting percentage correct as a function of increment size, ΔX, for six 
arbitrary chosen values of X.  The solid curve, a theoretical psychometric function, is the integral of the 
normal probability density function.  The solid line represents the difference threshold that always 
intercepts the y-axis at 75 percent correct.  The dashed line gives percentage correct when ΔX is fixed to 12.  
As X increases in size the percentage correct decreases for an invariant level of ΔX.   
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Conclusion 
 
 In certain stimulus conditions negative masking occurs regardless of the 

representative units.  It is argued that the sensory analytical model (Laming, 1986) 

effectively accounts for these, and other data besides, by assuming the auditory system 

operates on peak pressure.  The relationship between the masking function, which 

exhibits negative masking, and the fixed-increment function, exhibiting the pedestal 

effect, indicates that pressure is the correct measure of the stimulus.  Psychometric 

functions plotting d’ as a function of ΔL, Δp/p, or ΔI/I, show the measure Δp/p to be most 

proportional to d’.  Therefore, on the suggestion of these data, the correct measure of the 

stimulus is pressure.  Other physiological data (Heil and Neubauer, 2001) also support 

pressure.  Furthermore, because negative masking is so apparent when the stimulus is 

expressed as pressure, it can be concluded that negative masking is a real and measurable 

phenomenon of level discrimination. 
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APPENDIX A 
 
Parameter estimates and goodness-of-fit statistics obtained in the reanalysis of Moore, 
Peters, and Glasberg’s (1999) data (Chapter V).   
 
 
Table A.1.1 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is 
ΔI/I, Δp/p, or ΔL.  Stimuli were 250-Hz sinusoids of differing durations presented in gated noise.  Data are 
for three observers: RP, MD, and CA from Moor, Peters, and Glasberg (1999).     
 
 
 
             Intensity: ΔI/I  
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.15 0.73 0.16  0.20 0.91 0.05  0.21 0.89 0.07 
 10 0.19 0.83 0.51  0.35 0.88 0.14  0.29 0.92 0.11 
          20 0.33 0.71 0.86  0.59 0.94 0.08  0.61 0.88 0.08 

 50 0.77 0.96 0.06  0.88 0.93 0.12  0.85 0.95 0.09 
       100 0.70 0.82 0.25  1.06 0.96 0.03  1.02 0.89 0.27 
 200 1.02 0.79 0.27  1.51 0.00 0.73  1.17 0.90 0.24 
             

Mean  0.53 0.81 0.35  0.77 0.77 0.19  0.69 0.90 0.14 
 

                                               Pressure: Δp/p 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.66 0.97 0.02  0.64 0.79 0.13  0.73 0.98 0.01 
 10 0.88 0.97 0.10  1.06 0.82 0.21  1.01 0.98 0.03 
          20 1.29 0.93 0.21  1.66 0.94 0.08  1.61 0.93 0.04 

 50 2.16 0.98 0.03  2.33 0.94 0.10  2.23 0.93 0.13 
       100 2.01 0.92 0.11  2.54 0.96 0.03  2.69 0.92 0.21 
 200 2.72 0.87 0.16  3.67 0.00 0.63  3.12 0.93 0.17 
             

Mean  1.62 0.94 0.11  0.74 0.20 0.20  1.90 0.95 0.10 
 
 

                                               The level difference: ΔL 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.15 0.82 0.11  0.11 0.64 0.22  0.13 0.94 0.04 
 10 0.15 0.46 1.60  0.17 0.70 0.35  0.18 0.91 0.12 
          20 0.25 0.98 0.06  0.26 0.89 0.15  0.24 0.95 0.03 

 50 0.33 0.94 0.09  0.34 0.92 0.13  0.33 0.89 0.21 
       100 0.31 0.96 0.06  0.35 0.95 0.04  0.40 0.92 0.21 
 200 0.40 0.91 0.12  0.51 0.00 0.55  0.46 0.93 0.18 
             

Mean  0.27 0.85 0.34  0.29 0.68 0.24  0.29 0.92 0.13 
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Table A.1.2 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(ΔI/I)+c.  Stimuli were 250-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
 
        RP  
  m c R2 SSres x-int 

Duration 5 0.10 0.49 0.96 0.03 -4.90 
 10 0.15 0.39 0.92 0.24 -2.55 
          20 0.24 0.55 0.90 0.29 -2.28 

 50 0.66 0.21 0.99 0.01 -0.32 
       100 0.55 0.34 0.93 0.10 -0.62 
 200 0.75 0.42 0.98 0.03 -0.56 

 
        MD  
  m c R2 SSres x-int 

Duration 5 0.25 -0.20 0.96 0.02 0.79 
 10 0.43 -0.22 0.92 0.10 0.50 
          20 0.59 0.01 0.94 0.08 -0.01 

 50 0.82 0.09 0.93 0.11 -0.11 
       100 0.98 0.07 0.97 0.02 -0.07 
 200 0.77 0.64 0.94 0.03 -0.83 

 
        CA  
  m c R2 SSres x-int 

Duration 5 0.17 0.19 0.96 0.02 -1.15 
 10 0.24 0.21 0.97 0.04 -0.88 
          20 0.50 0.16 0.93 0.04 -0.32 

 50 0.91 -0.09 0.96 0.08 0.10 
       100 1.00 0.03 0.89 0.27 -0.03 
 200 0.99 0.27 0.94 0.14 -0.27 
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Table A.1.3 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(Δp/p)+c.  Stimuli were 250-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
      
        RP  
  m c R2 SSres x-int 

Duration 5 0.66 0.01 0.97 0.02 -0.01 
 10 0.89 -0.03 0.97 0.10 0.04 
          20 1.12 0.26 0.96 0.12 -0.23 

 50 2.16 0.00 0.98 0.03 0.00 
       100 1.72 0.21 0.95 0.07 -0.12 
 200 2.15 0.32 0.96 0.05 -0.15 

 
        MD  
  m c R2 SSres x-int 

Duration 5 1.03 -0.44 0.94 0.04 0.43 
 10 1.59 -0.48 0.94 0.07 0.30 
          20 1.94 -0.20 0.96 0.05 0.10 

 50 2.39 -0.03 0.94 0.10 0.01 
       100 2.44 0.04 0.96 0.03 -0.01 
 200 1.91 0.62 0.92 0.04 -0.32 

 
        CA  
  m c R2 SSres x-int 

Duration 5 0.72 0.01 0.98 0.01 -0.02 
 10 1.04 -0.04 0.98 0.02 0.04 
          20 1.46 0.08 0.94 0.04 -0.06 

 50 2.63 -0.23 0.96 0.07 0.09 
       100 2.94 -0.13 0.93 0.18 0.05 
 200 2.87 0.13 0.94 0.15 -0.05 
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Table A.1.4 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=mΔL+c.  Stimuli were 250-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 0.24 -0.98 0.97 0.02 4.03 
 10 0.27 -0.73 0.98 0.05 2.70 
          20 0.27 -0.13 0.99 0.04 0.48 

 50 0.39 -0.27 0.97 0.05 0.68 
       100 0.30 0.05 0.96 0.05 -0.18 
 200 0.35 0.20 0.94 0.08 -0.56 

 
        MD  
  m c R2 SSres x-int 

Duration 5 0.24 -0.81 0.92 0.05 3.42 
 10 0.33 -0.87 0.94 0.07 2.62 
          20 0.36 -0.47 0.98 0.02 1.30 

 50 0.39 -0.18 0.94 0.10 0.45 
       100 0.35 0.00 0.95 0.04 0.00 
 200 0.27 0.59 0.90 0.65 -2.19 

 
        CA  
  m c R2 SSres x-int 

Duration 5 0.17 -0.24 0.99 0.01 1.44 
 10 0.24 -0.40 0.98 0.03 1.66 
          20 0.24 -0.01 0.95 0.03 0.05 

 50 0.43 -0.39 0.96 0.07 0.90 
       100 0.49 -0.35 0.96 0.11 0.70 
 200 0.47 -0.04 0.93 0.18 0.09 
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Table A.1.5 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(ΔI/I)b.  Stimuli 
were 250-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP 
  b a R2 SSres 

Duration 5 0.65 0.34 0.97 0.02 
 10 0.67 0.43 0.96 0.13 
          20 0.57 0.76 0.96 0.11 

 50 0.83 0.88 0.99 0.02 
       100 0.63 0.95 0.96 0.06 
 200 0.07 1.21 0.94 0.07 

 
        MD 
  b a R2 SSres 

Duration 5 1.40 0.11 0.97 0.02
 10 1.21 0.28 0.90 0.11
          20 0.93 0.63 0.94 0.07

 50 0.86 0.94 0.94 0.10
       100 0.94 1.06 0.96 0.03
 200 0.30 1.37 0.82 0.09

 
        CA 
  b a R2 SSres 

Duration 5 0.71 0.33 0.98 0.01
 10 0.76 0.42 0.76 0.03
          20 0.73 0.69 0.73 0.94

 50 1.05 0.82 1.05 0.95
       100 0.85 1.10 0.85 0.91
 200 0.78 1.31 0.78 0.94
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Table A.1.6 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(Δp/p)b.  Stimuli 
were 250-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 0.99 0.67 0.97 0.02 
 10 0.98 0.89 0.97 0.10 
          20 0.77 1.44 0.98 0.07 

 50 1.02 2.17 0.98 0.03 
       100 0.76 1.88 0.96 0.05 
 200 0.74 2.37 0.93 0.09 

 
        MD 
  b a R2 SSres 

Duration 5 1.90 0.54 0.97 0.02 
 10 1.56 1.07 0.91 0.10 
          20 1.15 1.73 0.95 0.06 

 50 1.02 2.35 0.94 0.10 
       100 1.07 2.72 0.96 0.03 
 200 0.31 1.79 0.79 0.11 

 
        CA 
  b a R2 SSres 

Duration 5 0.96 0.74 0.99 0.01 
 10 1.03 1.00 0.98 0.02 
          20 0.86 1.50 0.94 0.03 

 50 1.25 2.53 0.96 0.08 
       100 1.01 2.70 0.92 0.21 
 200 0.92 2.99 0.93 0.16 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 



 371

Table A.1.7 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=aΔLb.  Stimuli were 
250-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, MD, 
and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 1.68 0.03 0.97 0.02 
 10 3.77 0.00 0.96 0.13 
          20 1.10 0.21 0.98 0.05 

 50 1.29 0.21 0.98 0.04 
       100 0.93 0.35 0.96 0.05 
 200 0.88 0.47 0.92 0.11 

 
 
        MD 
  b a R2 SSres 

Duration 5 2.70 0.00 0.97 0.02 
 10 2.11 0.02 0.92 0.10 
          20 1.46 0.13 0.96 0.05 

 50 1.21 0.26 0.94 0.11 
       100 1.23 0.28 0.96 0.03 
 200 0.33 0.94 0.77 0.12 

 
        CA 
  b a R2 SSres 

Duration 5 1.36 0.07 0.99 0.01 
 10 1.47 0.07 0.99 0.02 
          20 1.03 0.23 0.95 0.03 

 50 1.53 0.16 0.96 0.07 
       100 1.22 0.29 0.94 0.16 
 200 1.12 0.39 0.93 0.16 
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Table A.2.1 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is 
ΔI/I, Δp/p, or ΔL.  Stimuli were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are 
for three observers: RP, MD, and CA from Moor, Peters, and Glasberg (1999).    
 
 
 
             Intensity: ΔI/I  
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.56 0.88 0.29  0.75 1.00 0.01  0.73 0.94 0.09 
 10 0.67 0.94 0.05  1.03 0.94 0.12  0.72 0.92 0.07 
          20 0.89 0.98 0.02  1.47 0.99 0.04  0.90 0.96 0.04 

 50 1.07 0.89 0.29  1.58 0.92 0.23  1.42 0.92 0.25 
       100 1.45 0.99 0.03  1.68 0.97 0.07  1.99 0.94 0.23 
 200 1.55 0.96 0.13  2.36 0.96 0.14  2.20 0.95 0.25 
             

Mean  1.03 0.94 0.13  1.48 0.96 0.10  1.33 0.94 0.15 
 

                                               Pressure: Δp/p 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 1.53 0.79 0.50  1.98 0.97 0.04  1.91 0.92 0.11 
 10 1.66 0.91 0.07  2.73 0.97 0.07  1.80 0.88 0.11 
          20 2.23 0.99 0.01  3.66 0.96 0.14  2.25 0.94 0.06 

 50 2.66 0.84 0.41  3.76 0.88 0.32  3.57 0.92 0.24 
       100 3.63 0.98 0.05  4.02 0.96 0.11  4.78 0.94 0.21 
 200 3.88 0.95 0.14  5.55 0.95 0.21  5.25 0.93 0.35 
             

Mean  2.60 0.91 0.20  3.62 0.95 0.15  3.26 0.92 0.18 
 
 

                                               The level difference: ΔL 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.23 0.68 0.75  0.29 0.92 0.12  0.28 0.88 0.17 
 10 0.23 0.86 0.11  0.40 0.95 0.10  0.25 0.83 0.16 
          20 0.32 0.98 0.02  0.52 0.91 0.29  0.32 0.90 0.10 

 50 0.37 0.78 0.56  0.51 0.84 0.43  0.50 0.90 0.31 
       100 0.51 0.95 0.12  0.55 0.94 0.17  0.65 0.94 0.23 
 200 0.55 0.93 0.22  0.77 0.94 0.21  0.71 0.90 0.50 
             

Mean  0.37 0.86 0.30  0.50 0.92 0.22  0.45 0.89 0.24 
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Table A.2.2 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(ΔI/I)+c.  Stimuli were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
        
        RP  
  m c R2 SSres x-int 

Duration 5 0.80 -0.51 0.99 0.02 0.64 
 10 0.81 -0.17 0.98 0.01 0.20 
          20 0.83 0.06 0.98 0.01 -0.08 

 50 1.43 -0.41 0.96 0.09 0.28 
       100 1.40 0.05 0.99 0.03 -0.04 
 200 1.55 0.00 0.96 0.13 0.00 

 
        MD  
  m c R2 SSres x-int 

Duration 5 0.80 -0.07 1.00 0.00 0.09 
 10 0.94 -0.14 0.96 0.10 0.15 
          20 1.60 -0.15 1.00 0.01 0.10 

 50 1.73 -0.13 0.93 0.19 0.07 
       100 1.76 -0.07 0.98 0.06 0.04 
 200 2.13 0.20 0.98 0.08 -0.09 

 
        CA  
  m c R2 SSres x-int 

Duration 5 0.75 -0.04 0.94 0.84 0.06 
 10 0.85 -0.14 0.94 0.50 0.17 
          20 0.90 0.00 0.96 0.04 0.00 

 50 1.51 -0.10 0.92 0.24 0.07 
       100 2.04 -0.04 0.94 0.23 0.02 
 200 2.50 -0.26 0.98 0.13 0.10 
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Table A.2.3 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(Δp/p)+c.  Stimuli were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are 
for three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 2.60 -0.77 0.98 0.05 0.29 
 10 2.23 -0.26 0.99 0.01 0.11 
          20 2.30 -0.03 0.99 0.01 0.01 

 50 3.91 -0.56 0.96 0.11 0.14 
       100 3.85 -0.10 0.98 0.04 0.03 
 200 4.26 -0.17 0.96 0.11 0.04 

 
        MD  
  m c R2 SSres x-int 

Duration 5 2.32 -0.19 1.00 0.00 0.08 
 10 2.74 -0.01 0.97 0.07 0.00 
          20 4.38 -0.32 0.99 0.04 0.07 

 50 4.26 -0.17 0.90 0.27 0.04 
       100 4.40 -0.13 0.97 0.08 0.03 
 200 6.18 -0.21 0.96 0.16 0.03 

 
        CA  
  m c R2 SSres x-int 

Duration 5 2.19 -0.16 0.94 0.08 0.07 
 10 2.32 -0.23 0.94 0.06 0.10 
          20 2.47 -0.94 0.95 0.05 0.38 

 50 4.21 -0.29 0.94 0.16 0.07 
       100 5.14 -0.13 0.95 0.19 0.02 
 200 6.26 -0.35 0.97 0.16 0.06 
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Table A.2.4 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=mΔL+c.  Stimuli were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 0.47 -1.11 0.96 0.10 2.34 
 10 0.35 -0.36 0.99 0.01 1.03 
          20 0.36 -0.14 1.00 0.00 0.38 

 50 0.61 -0.73 0.95 0.14 1.20 
       100 0.60 -0.27 0.97 0.06 0.45 
 200 0.66 -0.37 0.96 0.11 0.56 

 
        MD  
  m c R2 SSres x-int 

Duration 5 0.38 -0.32 0.99 0.02 0.86 
 10 0.45 -0.18 0.97 0.07 0.40 
          20 0.68 -0.51 0.97 0.08 0.75 

 50 0.60 -0.22 0.86 0.36 0.37 
       100 0.62 0.17 0.96 0.12 -0.27 
 200 0.75 0.22 0.95 0.21 -0.30 

 
        CA  
  m c R2 SSres x-int 

Duration 5 0.36 -0.29 0.93 0.09 0.80 
 10 0.36 -0.33 0.93 0.07 0.93 
          20 0.38 -0.20 0.93 0.07 0.52 

 50 0.67 -0.50 0.96 0.11 0.75 
       100 0.74 -0.21 0.95 0.17 0.29 
 200 0.89 -0.44 0.96 0.23 0.50 
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Table A.2.5 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(ΔI/I)b.  Stimuli 
were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP 
  b a R2 SSres 

Duration 5 1.69 0.31 0.99 0.02 
 10 1.24 0.63 0.96 0.03 
          20 0.88 0.91 0.99 0.09 

 50 1.48 0.95 0.95 0.12 
       100 0.96 1.46 0.99 0.03 
 200 0.97 1.56 0.96 0.13 

 
 
        MD 
  b a R2 SSres 

Duration 5 1.08 0.72 1.00 0.06 
 10 0.83 1.12 0.96 0.08 
          20 1.16 1.41 1.00 0.01 

 50 1.56 1.61 0.98 0.06 
       100 1.14 1.69 0.98 0.05 
 200 0.91 2.34 0.97 0.13 

 
        CA 
  b a R2 SSres 

Duration 5 1.04 0.71 0.94 0.09 
 10 1.29 0.67 0.95 0.05 
          20 1.05 0.89 0.97 0.04 

 50 0.98 1.43 0.92 0.25 
       100 0.94 1.98 0.94 0.23 
 200 1.26 2.23 0.97 0.15 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 



 377

Table A.2.6 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(Δp/p)b.  Stimuli 
were 1000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 2.14 1.97 0.99 0.02
 10 1.46 2.29 0.97 0.02
          20 1.02 2.27 0.99 0.01

 50 1.75 4.50 0.96 0.11
       100 1.12 3.97 0.99 0.03
 200 1.13 4.25 0.96 0.12

 
        MD 
  b a R2 SSres 

Duration 5 1.30 2.28 0.96 0.14
 10 0.99 2.71 0.98 0.05
          20 1.36 4.73 0.98 0.06

 50 1.80 7.89 1.00 0.01
       100 1.29 5.32 0.97 0.07
 200 1.21 6.81 1.00 0.00

 
        CA 
  b a R2 SSres 

Duration 5 1.23 2.14 0.94 0.09
 10 1.51 2.57 0.94 0.05
          20 1.23 2.66 0.97 0.04

 50 1.14 3.94 0.93 0.22
       100 1.07 5.11 0.94 0.21
 200 1.43 7.93 0.98 0.13
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Table A.2.7 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=aΔLb.  Stimuli were 
1000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, MD, 
and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 2.77 0.01 0.99 0.01
 10 1.72 0.10 0.98 0.02
          20 1.19 0.25 0.99 0.01

 50 2.09 0.10 0.96 0.10
       100 1.23 0.35 0.99 0.03
 200 1.32 0.37 0.96 0.11

 
        MD 
  b a R2 SSres 

Duration 5 1.57 0.13 1.00 0.00
 10 1.19 0.31 0.97 0.07
          20 1.60 0.25 1.00 0.01

 50 2.08 0.16 0.98 0.06
       100 1.48 0.34 0.98 0.05
 200 1.17 0.65 0.95 0.19

 
        CA 
  b a R2 SSres 

Duration 5 1.48 0.14 0.93 0.09
 10 1.78 0.10 0.94 0.05
          20 1.45 0.18 0.96 0.04

 50 1.34 0.34 0.94 0.19
       100 1.22 0.52 0.95 0.18
 200 1.64 0.37 0.98 0.12
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Table A.3.1 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is 
ΔI/I, Δp/p, or ΔL.  Stimuli were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are 
for three observers: RP, MD, and CA from Moor, Peters, and Glasberg (1999).   
 
 
 
             Intensity: ΔI/I  
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 1.39 0.91 0.30  1.56 0.96 0.07  3.15 0.98 0.16 
 10 1.56 0.96 0.15  1.71 0.97 0.05  2.78 0.78 1.16 
          20 1.65 0.92 0.29  1.42 0.97 0.04  3.00 0.89 0.73 

 50 2.12 0.96 0.24  2.48 0.84 0.25  3.25 0.88 0.92 
       100 2.15 0.98 0.08  2.49 0.88 0.18  3.18 0.98 0.14 
 200 2.65 0.72 0.86  2.14 0.79 0.21  3.00 0.85 0.88 
             

Mean  1.92 0.91 0.32  1.97 0.90 0.13  3.06 0.89 0.67 
 

                                               Pressure: Δp/p 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 3.45 0.86 0.47  3.73 0.97 0.07  7.57 0.99 0.09 
 10 3.89 0.93 0.30  4.10 0.98 0.03  6.72 0.84 0.86 
          20 4.14 0.93 0.26  3.41 0.97 0.05  7.23 0.93 0.48 

 50 5.33 0.96 0.28  5.69 0.88 0.19  7.83 0.92 0.60 
       100 3.69 0.93 0.26  5.70 0.90 0.16  7.63 0.99 0.07 
 200 6.39 0.79 0.63  5.70 0.90 0.16  7.24 0.89 0.62 
             

Mean  4.48 0.90 0.36  4.72 0.93 0.11  7.37 0.93 0.45 
 
 

                                               The level difference: ΔL 
 
       Observer      
   RP    MD    CA  
  m R2 SSres  m R2 SSres  m R2 SSres 

Duration 5 0.48 0.81 0.67  0.51 0.96 0.08  1.03 0.98 0.14 
 10 0.55 0.87 0.50  0.56 0.98 0.04  0.92 0.87 0.67 
          20 0.58 0.91 0.32  0.46 0.95 0.07  0.99 0.95 0.33 

 50 0.75 0.92 0.47  0.74 0.90 0.16  1.07 0.95 0.41 
       100 0.70 0.98 0.07  0.74 0.90 0.16  1.04 0.99 0.09 
 200 0.88 0.85 0.45  0.64 0.86 0.14  0.99 0.92 0.48 
             

Mean  0.66 0.89 0.41  0.61 0.92 0.11  1.01 0.94 0.35 
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Table A.3.2 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(ΔI/I)+c.  Stimuli were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 1.67 -0.32 0.95 0.18 0.19 
 10 1.82 -0.30 0.99 0.05 0.16 
          20 1.64 0.01 0.92 0.29 -0.01 

 50 2.24 -0.14 0.96 0.22 0.06 
       100 2.06 0.08 0.98 0.07 -0.04 
 200 1.88 0.66 0.96 0.13 -0.35 

 
        MD  
  m c R2 SSres x-int 

Duration 5 1.50 0.05 0.96 0.07 -0.04 
 10 1.52 0.16 1.00 0.01 -0.11 
          20 1.31 0.10 0.98 0.03 -0.08 

 50 1.96 0.31 0.94 0.10 -0.16 
       100 2.01 0.28 0.96 0.96 -0.14 
 200 1.60 0.32 0.95 0.95 -0.20 

 
        CA  
  m c R2 SSres x-int 

Duration 5 3.08 0.07 0.98 0.15 -0.02 
 10 2.31 0.40 0.83 0.89 -0.17 
          20 2.66 0.29 0.91 0.59 -0.11 

 50 2.89 0.31 0.90 0.76 -0.11 
       100 2.87 0.27 1.00 0.02 -0.09 
 200 2.52 0.41 0.90 0.59 -0.16 
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Table A.3.3 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=m(Δp/p)+c.  Stimuli were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are 
for three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 4.54 -0.49 0.93 0.24 0.11 
 10 5.00 -0.49 0.99 0.06 0.10 
          20 4.55 -0.18 0.94 0.23 0.04 

 50 6.21 -0.40 0.98 0.13 0.06 
       100 4.73 -0.46 0.99 0.05 0.10 
 200 4.72 0.58 0.97 0.10 -0.12 

 
        MD  
  m c R2 SSres x-int 

Duration 5 3.74 0.00 0.97 0.07 0.00 
 10 3.79 0.11 0.99 0.01 -0.03 
          20 3.24 0.06 0.97 0.04 -0.02 

 50 4.65 0.26 0.95 0.09 -0.06 
       100 4.73 0.25 0.96 0.07 -0.05 
 200 3.76 0.29 0.94 0.06 -0.08 

 
        CA  
  m c R2 SSres x-int 

Duration 5 7.72 -0.05 0.99 0.09 0.01 
 10 5.89 0.29 0.86 0.73 -0.05 
          20 6.73 0.18 0.93 0.43 -0.03 

 50 7.33 0.18 0.93 0.55 -0.02 
       100 7.16 0.16 1.00 0.03 -0.02 
 200 6.37 0.31 0.92 0.48 -0.05 
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Table A.3.4 :  Best-fitting parameters, x-axis intercepts, and goodness-of-fit statistics for the equation 
d’=mΔL+c.  Stimuli were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are for 
three observers: RP, MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP  
  m c R2 SSres x-int 

Duration 5 0.70 -0.68 0.91 0.30 0.97 
 10 0.78 -0.72 0.98 0.09 0.92 
          20 0.72 -0.41 0.95 0.19 0.57 

 50 0.98 -0.70 0.99 0.09 0.71 
       100 0.74 -0.09 0.99 0.05 0.12 
 200 0.68 0.50 0.97 0.09 -0.74 

 
        MD  
  m c R2 SSres x-int 

Duration 5 0.53 -0.06 0.96 0.08 0.12 
 10 0.54 0.05 0.98 0.03 -0.09 
          20 0.46 0.01 0.95 0.07 -0.03 

 50 0.63 0.22 0.94 0.10 -0.34 
       100 0.64 0.20 0.93 0.10 -0.32 
 200 0.51 0.25 0.94 0.06 -0.48 

 
        CA  
  m c R2 SSres x-int 

Duration 5 1.11 -0.19 0.99 0.09 0.17 
 10 0.85 0.17 0.88 0.63 -0.20 
          20 0.97 0.05 0.95 0.33 -0.05 

 50 1.06 0.03 0.95 0.41 -0.03 
       100 1.02 0.05 0.99 0.08 -0.05 
 200 0.92 0.19 0.93 0.43 -0.21 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 



 383

Table A.3.5 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(ΔI/I)b.  Stimuli 
were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
 
         
        RP 
  b a R2 SSres 

Duration 5 1.38 1.26 0.96 0.14 
 10 1.23 1.48 0.98 0.07 
          20 0.92 1.67 0.92 0.28 

 50 1.01 2.12 0.96 0.24 
       100 0.89 2.13 0.98 0.06 
 200 0.53 2.52 0.95 0.15 

 
        MD 
  b a R2 SSres 

Duration 5 0.92 1.55 0.96 0.07 
 10 0.83 1.68 0.99 0.02 
          20 0.94 1.42 0.97 0.04 

 50 0.67 2.12 0.92 0.12 
       100 0.75 2.22 0.92 0.13 
 200 0.61 1.78 0.92 0.08 

 
        CA 
  b a R2 SSres 

Duration 5 0.90 3.13 0.99 0.12 
 10 0.65 2.70 0.87 0.67 
          20 0.72 2.93 0.94 0.39 

 50 0.71 3.17 0.94 0.49 
       100 0.84 3.14 0.99 0.05 
 200 0.48 2.92 0.92 0.48 
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Table A.3.6 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=a(Δp/p)b.  Stimuli 
were 4000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, 
MD, and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 1.65 5.42 0.96 0.14 
 10 1.45 5.37 0.99 0.05 
          20 1.08 4.38 0.93 0.25 

 50 1.18 6.07 0.97 0.19 
       100 1.39 4.88 0.98 0.08 
 200 0.58 4.20 0.95 0.17 

 
        MD 
  b a R2 SSres 

Duration 5 1.03 3.85 0.97 0.07 
 10 0.92 3.81 0.99 0.03 
          20 1.06 3.62 0.97 0.05 

 50 0.73 3.97 0.93 0.11 
       100 0.81 4.45 0.92 0.13 
 200 0.66 3.12 0.91 0.09 

 
        CA 
  b a R2 SSres 

Duration 5 1.01 7.62 0.99 0.09 
 10 0.73 5.12 0.89 0.61 
          20 0.80 5.94 0.95 0.34 

 50 0.79 6.39 0.95 0.42 
       100 0.94 7.18 0.99 0.06 
 200 0.77 5.78 0.92 0.44 
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Table A.3.7 :  Best-fitting parameters and goodness-of-fit statistics for the equation d’=aΔLb.  Stimuli were 
4000-Hz sinusoids of differing durations presented in gated noise.  Data are for three observers: RP, MD, 
and CA from Moore, Peters, and Glasberg (1999). 
 
         
 
        RP 
  b a R2 SSres 

Duration 5 1.95 0.15 0.96 0.14 
 10 1.71 0.23 0.99 0.05 
          20 1.26 0.43 0.93 0.23 

 50 1.38 0.47 0.97 0.16 
       100 1.14 0.61 0.99 0.04 
 200 0.65 1.23 0.94 0.19 

 
        MD 
  b a R2 SSres 

Duration 5 1.18 0.43 0.96 0.07 
 10 1.06 0.53 0.98 0.03 
          20 1.22 0.37 0.96 0.05 

 50 0.80 0.86 0.92 0.13 
       100 0.90 0.80 0.90 0.15 
 200 0.72 0.78 0.90 0.10 

 
        CA 
  b a R2 SSres 

Duration 5 1.15 0.89 0.99 0.08 
 10 0.82 1.10 0.89 0.58 
          20 0.91 1.09 0.95 0.31 

 50 0.90 1.19 0.95 0.38 
       100 1.07 0.97 0.99 0.07 
 200 0.88 1.12 0.93 0.44 
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APPENDIX B 
 
The parameters obtained from the re-analysis of Irwin’s (1989) data (chapter V) 
 
Table B.1 :  Parameter (a) estimates and best-fit statistics derived from the Irwin’s (1989) data.  The 
column headed unity gives the best-fit statistics for when the exponent of the psychometric function is 
constrained to one.  The square column is for when the exponent of the psychometric function is equal to 
two. 
 
 

Duration  Unity           Square 
      

20 ms     a R²       a R² 
      

 RJ    2.15 0.84       2.64 0.97 
 JW    2.68 0.90       3.19 0.99 
      

 Mean    2.41 0.87       2.91 0.98 
      
100 ms     a R²       a R² 
      

 RJ 6.27 0.95      7.38 0.97 
 JW 5.52 0.90      6.59 0.97 
 JK 5.25 0.92      6.34 0.97 
      

 Mean 5.68 0.92      6.77 0.97 
      
500 ms    a R²       a R² 
      

 MH 10.15 0.91     11.88 0.98 
 MF 7.69 0.92      9.19 0.94 
 JW 8.58 0.92      9.96 0.99 
 JK 7.69 0.96      9.89 0.95 
      

 Mean 8.52 0.93    10.23 0.97 
      
100 ms Difference     a R²   
      

 RJ 5.15 1.00   
 JW 3.53 0.95   
 JK 4.38 0.95   
      

 Mean 4.35 0.97   
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Table B.2 :  Percentage correct values as a function of signal-to-noise ratio from Irwin (1989).  Increment 
data are from detection tasks and the difference data was from a discrimination task.  The duration of the 
broadband Gaussian noise stimuli is also indicated, as are the individual observers: MF, MH, RJ, JK, JS, 
and JW.   
 
 
Increment 20-ms     
   S/No   
S/N -8 -6 -4 -3 -2 -1  
        
RJ 57 58 64 77 88 97  
JS 52.67 62.33 77.33 83.67 92 99  
        
Difference 100-ms        
   S/No   
S/N -13 -10 -8 -7 -6 -5 -4 
        
RJ 60.33 59.67 69.67 78.33 84.67 87.33 92 
JW 53.67 59.67 63 72.67 72 75.67 87.33 
JK 54 61.5 71 77.25 74.5 82 90.5 
        
Increment 100-ms       
   S/No   
S/N -13 -10 -8 -7 -6 -5 -4 
        
RJ 53 64.67 71.67 84 86 96.33 99 
JW 58.33 55.33 70.33 74.67 87.67 94.33 97.67 
JK 52 63 64.25 78.75 82.75 92.25 97 
        
Increment 500-ms        
   S/No   
S/N -13 -10 -8 -7 -6 -5 -4 
        
MH 53 74.67 92.67 93 99 100 100 
MF 56.33 62.33 87 87 93.33 95 98 
JK 51.33 68.33 84.33 93 97 98.67 100 
JW 54 71.67 81.67 84.67 92.67 97.67 98.67 
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APPENDIX C 
 
 
Observer audiograms 
 
 Audiograms were generated using a Bruel and Kjaer audiometer (model 1800) 
configured to appraise an observer’s auditory response between 500 Hz and 8 kHz.  The 
stimuli were set to pulsed as opposed to continuous presentation.  This avoids inaccurate 
threshold estimates due to adaptation. 
 

 
Figure C.1 : Audiogram for Observer WC 
 

 
Figure C.2 : Audiogram for Observer MF 
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Figure C.3 : Audiogram for Observer MH 
 
 
 

 
 
Figure C.4 : Audiogram for Observer MK 
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Figure C.5 : Audiogram for Observer IK 
 
 

 
Figure C.6 : Audiogram for Observer EL 
 
 
 
 



 391

 
 
Figure C.7 : Audiogram for Observer BM 
 
 

 
 
Figure C.8 : Audiogram for Observer DS 
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APPENDIX D 
 
Calibration  
  
 The calibration of stimuli is perhaps one of the most critical processes undertaken 

by an experimenter.  Calibration introduces a degree of creditability into data that would 

otherwise risk being labeled meaningless.  It is important to produce accurate and reliable 

data that lends itself to replication in laboratories other than that in which it was 

generated.   

 
Psychoacoustical stimuli are usually electric currents converted into sound waves 

by a transducer.  One such transducer, the earphone, achieves this conversion by way of a 

stretched diaphragm which vibrates in response to an electrical current.  The aim of 

calibration is to find the relationship between the electrical current and known pressures, 

the latter conveniently measured in units of dynes/cm2.  The voltage input to a transducer 

can be easily measured using a voltmeter, and by impressing a constant voltage across the 

earphone the sound pressure level (re: 0.0001 dynes/cm2) can be calculated.  To achieve 

this, the output of the earphone must be converted back into an electrical signal by a 

condenser microphone.  Thus it is the electrical input to the earphone that is correlated 

with the electrical output of the microphone.   

 
At the practical level the technician employs a coupler as an interface between 

earphone and microphone, and all these components taken together are commonly 

referred to as an artificial ear.  Many couplers (e.g., Brüel & Kjaer Type 4152) are shaped 

to fit a standardised earphone cushion (MX-41/AR) constructed of sponge neoprene 

which produces a cavity of 6 cm3 of air between earphone and microphone.  This cavity 

corresponds to the average amount of air trapped between the earphone and the tympanic 

membrane of the average human.   

 
The calibration process begins with the impression of a constant and known 

voltage across the earphone.  The current induces movement in the diaphragm of the 

earphone and the resulting sound wave traversing the 6 cm3 cavity terminates at the 

diaphragm of the microphone which produces, after amplification, a measurable current.  
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The sound pressure level can then be determined by consulting the calibration chart of the 

microphone, which has been absolutely calibrated in some standardised manner.  It 

should be noted that because a direct relationship exists between voltage and SPL there is 

no need to calibrate additional voltages.   

 

  In the current suite of experiments a Bruel & Kjaer measuring amplifier (model 

2610), artificial ear (Type 4152), and measuring condenser microphone (Type 4144) was 

employed during calibration procedures. This set-up permitted the stimuli to be measured 

in both volts and dB SPL.  For sinusoids the readings were in volts RMS.  For noise a 

total power reading was returned.  A Hewlett Packard spectrum analyser (model 3582A) 

permitted the spectral characteristics of the stimuli to be examined.  All stimuli were 

generated to high levels and then reduced in magnitude using attenuators.   

 
Figure D.1 is a calibration chart for the TDH 49 earphones utilized in the series of 

experiments that constitute this thesis and figures reported by Reed and Bilger (1972) 

who also used TDH 49 earphones.  A comparison of the two serves to emphasize the 

utility of standardization across laboratories, with the mean difference across frequency 

between the two set of earphones being 2.3 dB.   
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Figure D.1 : Earphone response curve for a 0.1 volt input signal for Reed and Bilger (1972) and the 
earphones used in the current study. 
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APPENDIX E 
 
Raw data, thresholds, and best-fitting parameters for the masking functions and models 
of auditory level discrimination presented in Chapter VI 
 
 
 
Table E.1.1 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer MH. 
 
 
 
             Pedestal Level (dB SPL) 
 
MH Raw Data  -9 -6 -3 0 3 6 9 20 40 60 

 1 9.40 6.00 3.30 1.50 3.90 3.50 1.80 2.00 2.92 2.62 
      Block 2 7.00 6.40 3.80 2.50 3.80 3.20 2.80 3.38 3.10 1.38 

         Number 3 9.80 7.50 4.20 2.40 2.80 2.40 2.20 2.92 2.46 1.10 
 4 10.30 6.90 3.30 2.50 4.50 2.80 2.90 3.77 3.38 1.31 

       5 8.40 4.61 3.50 3.10 2.90 2.40 2.80 3.23 2.93 1.69 
 6 8.85 5.54 3.80 2.70 2.20 2.20 2.62 3.00 2.23 1.40 
            

Mean  8.96 6.16 3.65 2.45 3.35 2.75 2.52 3.05 2.84 1.58 
SD  1.17 1.02 0.35 0.53 0.85 0.51 0.43 0.60 0.42 0.54 
CI  0.94 0.80 0.28 0.42 0.68 0.40 0.34 0.48 0.35 0.43 

 

MH 20logΔp/p)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -3.19 -6.04 -9.70 -14.5 -1.93 0.21 -3.76 8.26 32.03 50.93 

      Block 2 -7.14 -5.26 -8.21 -9.54 -2.21 -1.02 0.60 13.55 32.65 44.72 
         Number 3 -2.60 -3.26 -7.13 -9.94 -5.40 -3.94 -1.80 12.03 30.30 42.61 

 4 -1.87 -4.32 -9.70 -9.54 -0.37 -2.40 0.96 14.70 33.55 44.23 
       5 -4.75 -9.10 -9.09 -7.35 -5.04 -3.94 0.60 13.07 32.03 46.64 
 6 -4.04 -6.99 -8.21 -8.76 -7.80 -4.80 -0.07 21.31 29.33 44.86 
            

Mean  -3.24 -4.88 -7.39 -8.46 -3.15 -2.21 -0.45 11.91 27.18 39.20 
SD  2.51 3.13 3.51 4.49 3.03 2.11 1.72 6.38 11.91 17.30 
CI  1.52 1.68 0.80 1.92 2.24 1.52 1.44 3.36 1.15 2.24 

 

MH 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -0.13 -1.26 -2.44 -3.85 4.63 6.93 6.11 17.76 39.82 59.18 

      Block 2 -2.97 -0.73 -1.54 -1.09 4.46 6.37 8.57 20.71 40.18 55.73 
         Number 3 0.32 0.65 -0.88 -1.32 2.57 4.68 7.19 19.81 38.82 54.60 

 4 0.87 -0.09 -2.44 -1.09 5.60 5.57 8.78 21.41 40.71 55.47 
       5 -1.28 -3.22 -2.07 0.18 2.78 4.68 8.57 20.43 39.82 56.77 
 6 -0.76 -1.88 -1.54 -0.64 1.19 4.19 8.18 19.98 38.27 55.80 
            

Mean  -0.66 -1.09 -1.82 -1.30 3.54 5.40 7.90 20.02 39.60 56.26 
SD  1.36 1.37 0.61 1.36 1.63 1.08 1.04 1.24 0.90 1.59 
CI  1.12 1.12 0.64 1.12 1.28 0.88 0.80 0.96 0.72 1.28 
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Table E.1.2 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer IK. 
 
 
 
             Pedestal Level (dB SPL) 
 
IK Raw Data  -9 -6 -3 0 3 6 9 20 40 60 

 1 10.80 7.30 4.20 2.90 2.70 1.77 2.00 3.00 2.54 1.23 
      Block 2 9.00 4.46 4.20 2.77 2.60 3.08 2.46 2.30 3.77 2.10 

         Number 3 9.08 6.50 4.38 3.31 3.40 2.54 1.62 2.90 4.90 1.77 
 4 9.31 6.00 3.38 2.00 2.31 1.54 2.85 2.31 3.50 1.46 

       5 8.50 7.50 3.77 3.90 2.85 2.34 2.31 3.00 3.31 0.90 
 6 11.69 6.00 3.00 1.70 1.10 2.23 2.90 3.31 2.90 0.77 
            

Mean  9.73 6.29 3.82 2.76 2.77 2.25 2.36 2.80 3.49 1.37 
SD  1.24 1.10 0.54 0.82 0.77 0.55 0.49 0.41 0.82 0.51 
CI  0.96 0.88 0.43 0.64 0.62 0.88 0.70 0.32 0.66 0.40 

 

IK 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -1.16 -3.61 -7.13 -4.13 -5.76 -6.92 -2.74 12.31 30.62 43.64 

      Block 2 -3.81 -9.37 -7.13 -8.40 -6.14 -1.35 -0.54 9.76 34.70 48.74 
         Number 3 -3.65 -5.07 -6.61 -6.70 -3.39 -3.38 -4.88 11.96 37.59 47.08 

 4 -3.33 -6.04 -9.39 -11.7 -7.32 -8.24 0.78 9.68 33.91 45.25 
       5 -4.59 -3.26 -8.30 -4.90 -5.22 -4.20 -1.32 12.31 33.33 40.76 
 6 0.07 -6.04 -10.7 -13.3 -14.4 -4.67 0.96 13.33 31.96 39.34 
            

Mean  -2.22 -4.64 -6.97 -6.93 -4.54 -3.98 -1.01 9.95 28.97 37.89 
SD  2.16 3.16 3.57 4.74 4.53 3.11 2.17 4.46 12.67 16.86 
CI  1.44 1.76 1.28 2.48 3.04 1.92 1.76 1.19 1.92 2.80 

 

IK 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 40 60 
 1 1.42 0.41 -0.88 -0.22 2.36 3.02 6.67 19.98 39.00 55.15 

      Block 2 -0.58 -3.47 -0.88 -0.49 2.14 6.14 7.82 18.51 41.41 57.94 
         Number 3 -0.49 -0.60 -0.59 0.58 3.75 5.00 5.55 19.78 43.20 57.02 

 4 -0.23 -1.26 -2.27 -2.33 1.46 2.29 8.67 18.46 40.93 56.02 
       5 -1.16 0.65 -1.59 1.41 2.67 4.54 7.54 19.98 40.58 53.62 
 6 2.39 -1.26 -3.02 -3.20 -2.40 4.27 8.28 20.58 39.78 52.88 
            

Mean  0.23 -0.92 -1.54 -0.71 2.48 4.21 7.42 19.55 40.82 55.44 
SD  1.37 1.49 0.95 1.75 2.13 1.38 1.14 0.87 1.45 1.95 
CI  1.12 1.18 0.96 1.36 2.40 1.12 0.88 0.69 1.36 1.60 
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Table E.1.3 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer BM. 
 
 
 
             Pedestal Level (dB SPL) 
 
BM Raw Data  -9 -6 -3 0 3 6 9 20 40 60 

 1 7.15 5.23 3.90 2.54 3.38 2.92 1.46 5.54 3.85 1.15 
      Block 2 7.85 5.46 2.50 1.60 3.69 2.15 3.20 4.46 3.85 2.33 

         Number 3 7.54 4.54 3.69 2.23 2.00 3.00 4.15 2.85 2.15 1.10 
 4 6.38 6.23 3.38 2.20 2.69 2.84 2.46 3.50 2.54 1.23 

       5 8.54 6.61 3.54 2.38 3.15 2.46 3.38 2.23 2.15 1.89 
 6 9.10 5.62 4.10 2.69 2.54 3.38 3.23 4.10 3.78 2.10 
            

Mean  7.76 5.62 3.52 2.27 2.91 2.79 2.98 3.78 3.05 1.63 
SD  0.97 0.73 0.56 0.38 0.62 0.43 0.92 1.18 0.86 0.54 
CI  0.72 0.56 0.48 0.32 0.48 0.32 0.72 0.96 0.69 0.43 

 

BM 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -6.87 -7.66 -7.93 -9.38 -3.45 -1.97 -5.75 19.01 34.93 43.02 

      Block 2 -5.66 -7.16 -12.5 -13.9 -2.53 -5.03 1.98 16.54 34.93 49.33 
         Number 3 -6.19 -9.27 -8.53 -10.7 -8.74 -1.69 4.74 11.78 28.97 42.61 

 4 -8.30 -5.59 -9.45 -10.8 -5.80 -2.25 -0.70 13.91 30.62 43.64 
       5 -4.53 -4.86 -8.97 -10.0 -4.19 -3.70 2.55 9.33 28.97 47.72 
 6 -3.65 -6.82 -7.39 -8.80 -6.38 -0.45 2.07 15.61 34.73 48.74 
            

Mean  -5.87 -6.89 -9.14 -10.6 -5.18 -2.52 0.82 14.36 32.19 45.84 
SD  1.66 1.56 1.82 1.79 2.26 1.62 3.65 3.47 2.99 3.08 
CI  1.36 1.28 1.44 1.36 1.76 1.28 1.36 2.77 2.32 2.48 

 

BM 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -2.78 -2.32 -1.37 -1.00 3.71 5.82 5.02 24.12 41.54 54.82 

      Block 2 -1.93 -1.99 -4.09 -3.51 4.27 4.07 9.37 22.53 41.54 58.27 
         Number 3 -2.30 -3.34 -1.73 -1.73 0.67 5.98 11.04 19.67 38.07 54.60 

 4 -3.76 -0.95 -2.29 -1.81 2.33 5.65 7.82 20.93 39.00 55.15 
       5 -1.11 -0.46 -2.00 -1.37 3.28 4.82 9.71 18.27 38.07 57.37 
 6 -0.47 -1.77 -1.04 -0.67 2.00 6.71 9.43 21.96 41.42 57.94 
            

Mean  -2.06 -1.81 -2.09 -1.68 2.71 5.27 8.73 21.10 39.94 56.36 
SD  1.18 1.02 1.08 0.99 1.31 0.81 2.09 2.30 1.74 1.68 
CI  0.96 0.80 0.92 0.80 1.04 0.64 1.60 1.84 1.36 1.34 
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Table E.1.4 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer BM. 
 
 
 
             Pedestal Level (dB SPL) 
 
DS Raw Data  -9 -6 -3 0 3 6 9 20 40 60 

 1 8.80 4.20 3.20 2.90 2.20 2.90 2.70 1.46 2.69 1.46 
      Block 2 8.50 6.50 3.20 3.80 3.00 3.50 4.10 1.00 3.10 1.38 

         Number 3 8.90 5.00 2.70 2.40 2.20 3.10 4.10 1.60 1.85 1.62 
 4 7.90 4.80 3.10 2.80 2.60 3.20 4.40 1.90 1.90 2.15 

       5 9.40 6.00 4.50 2.50 2.70 3.20 2.90 1.54 2.23 1.85 
 6 9.10 5.10 3.80 2.70 2.70 3.69 3.30 1.69 2.77 1.85 
            

Mean  8.77 5.27 3.42 2.85 2.57 3.27 3.58 1.53 2.42 1.72 
SD  0.52 0.84 0.64 0.50 0.31 0.28 0.71 0.30 0.51 0.29 
CI  0.42 0.66 0.51 0.40 0.24 0.16 0.56 0.24 0.40 0.24 

 

DS 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -4.12 -10.1 -10.0 -8.04 -7.80 -2.04 0.24 5.25 31.20 45.26 

      Block 2 -4.59 -5.07 -10.0 -5.21 -4.69 -0.09 4.61 1.73 32.65 44.75 
         Number 3 -3.96 -8.18 -11.8 -9.94 -7.80 -1.35 4.61 6.12 27.51 46.21 

 4 -5.58 -8.64 -10.4 -8.40 -6.14 -1.02 5.39 7.77 27.77 48.99 
       5 -3.19 -6.04 -6.37 -9.54 -5.76 -1.02 0.96 5.76 29.33 47.49 
 6 -3.65 -7.95 -8.21 -8.76 -5.76 0.47 2.30 6.64 31.50 47.51 
            

Mean  -4.18 -7.67 -9.46 -8.32 -6.33 -0.84 3.02 5.55 29.99 46.70 
SD  0.83 1.83 1.89 1.68 1.24 0.90 2.15 2.06 2.11 1.59 
CI  0.66 1.44 1.50 1.36 0.96 0.72 1.76 1.68 1.68 1.27 

 

DS 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 40 60 
 1 -0.81 -3.88 -2.63 -0.22 1.19 5.78 8.36 16.02 39.33 56.02 

      Block 2 -1.16 -0.60 -2.63 1.46 2.98 6.93 10.96 14.13 40.18 55.74 
         Number 3 -0.70 -2.65 -3.64 -1.32 1.19 6.18 10.96 16.49 37.25 56.54 

 4 -1.87 -2.95 -2.82 -0.43 2.14 6.37 11.44 17.39 37.39 58.08 
       5 -0.13 -1.26 -0.40 -1.09 2.36 6.37 8.78 16.29 38.27 57.24 
 6 -0.47 -2.51 -1.45 -0.64 2.36 7.27 9.56 16.77 39.51 57.25 
            

Mean  -0.86 -2.31 -2.26 -0.37 2.04 6.33 10.01 16.18 38.66 56.81 
SD  0.60 1.19 1.15 0.99 0.71 0.41 1.29 1.11 1.20 0.88 
CI  0.48 0.94 0.92 0.80 0.58 0.32 1.04 0.88 0.96 0.96 
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Table E.2.1 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in a continuous noise background.  Means, standard deviations (SD) and 
confidence interval (CI) have been included.  Values for Observer MH. 
 
 
 
             Pedestal Level (dB SPL) 
 
MH Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 8.50 6.90 5.10 1.30 3.00 5.40 5.10 3.23 1.92 2.00 
      Block 2 9.10 8.00 3.70 3.20 4.40 4.50 4.80 3.15 1.62 1.31 

         Number 3 9.50 5.90 4.30 2.20 4.20 5.90 1.50 2.92 2.54 2.15 
 4 9.20 6.40 5.00 2.10 3.50 2.80 3.30 3.10 2.62 2.10 

       5 9.30 7.00 4.10 3.50 4.20 4.90 3.80 2.46 2.69 1.77 
 6 9.30 7.00 4.00 4.20 4.20 3.20 4.80 3.00 2.62 1.31 
            

Mean  9.15 6.87 4.37 2.75 3.92 4.45 3.88 2.98 2.34 1.77 
SD  0.34 0.70 0.56 1.07 0.55 1.22 1.36 0.28 0.45 0.38 
CI  0.27 0.56 0.48 0.88 0.43 0.98 1.09 0.24 0.40 1.42 

 

MH 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -4.59 -4.30 -4.95 -15.8 -4.69 4.71 7.05 8.07 7.87 18.26 

      Block 2 -3.65 -2.41 -8.50 -7.02 -0.61 2.63 6.36 7.81 6.24 14.23 
         Number 3 -3.04 -6.24 -6.87 -10.8 -1.13 5.76 -5.49 7.03 10.62 18.97 

 4 -3.50 -5.26 -5.18 -11.3 -3.09 -2.40 2.30 7.65 10.93 18.74 
       5 -3.35 -4.14 -7.39 -6.09 -1.13 3.59 3.79 5.30 11.20 17.08 
 6 -3.35 -4.14 -7.66 -4.13 -1.13 -1.02 6.36 7.31 10.93 14.23 
            

Mean  -3.58 -4.42 -6.76 -9.19 -1.96 2.21 3.40 7.20 9.63 16.92 
SD  0.53 1.28 1.42 4.27 1.59 3.24 4.72 1.00 2.07 2.18 
CI  0.40 1.04 1.12 3.36 1.28 2.56 3.76 0.80 1.68 1.74 

 

MH 10(log ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -1.16 -0.09 0.49 -4.57 2.98 9.92 12.49 15.43 17.45 27.67 

      Block 2 -0.47 1.25 -1.72 0.37 5.44 8.60 12.05 15.28 16.55 25.47 
         Number 3 -0.02 -1.39 -0.72 -1.81 5.12 10.61 5.15 14.82 19.00 28.07 

 4 -0.36 -0.73 0.35 -2.06 3.93 5.57 9.56 15.18 19.18 27.94 
       5 -0.24 0.03 -1.04 0.93 5.12 9.20 10.46 13.82 19.33 27.02 
 6 -0.24 0.03 -1.20 2.12 5.12 6.37 12.05 14.98 19.18 25.47 
            

Mean  -0.42 -0.15 -0.64 -0.84 4.62 8.38 10.29 14.92 18.45 26.94 
SD  0.39 0.88 0.88 2.44 0.96 2.00 2.76 0.58 1.16 1.19 
CI  0.32 0.70 0.70 1.92 0.77 1.60 2.16 0.48 0.90 0.96 
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Table E.2.2 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in a continuous noise background.  Means, standard deviations (SD) and 
confidence interval (CI) have been included.  Values for Observer BM. 
 
 
 
             Pedestal Level (dB SPL) 
 
BM Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 7.38 5.00 4.10 2.77 2.00 3.15 3.54 5.92 4.69 6.00 
      Block 2 8.31 5.23 4.00 3.00 2.38 2.62 3.54 5.08 4.38 6.10 

         Number 3 9.23 8.61 5.10 3.23 4.54 3.31 3.38 2.93 3.46 8.54 
 4 7.69 6.69 4.92 2.62 4.46 5.77 5.38 4.54 3.23 12.20 

       5 12.46 9.93 6.46 3.46 2.61 3.62 4.90 4.10 5.38 7.92 
 6 12.54 8.46 5.90 3.85 2.62 2.90 4.77 4.92 3.92 6.85 
            

Mean  9.60 7.32 5.08 3.16 3.10 3.56 4.25 4.58 4.18 7.94 
SD  2.33 2.00 0.97 0.46 1.11 1.13 0.86 1.01 0.80 2.32 
CI  1.84 1.60 0.78 0.37 0.88 0.88 0.69 0.80 0.64 1.84 

 

BM 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -6.47 -8.18 -7.39 -8.50 -8.74 -1.19 3.03 14.80 17.10 29.96 

      Block 2 -4.90 -7.66 -7.66 -7.69 -7.03 -3.07 3.00 13.00 16.34 30.16 
         Number 3 -3.45 -1.42 -4.95 -6.93 -0.27 -0.67 2.55 7.07 13.79 34.47 

 4 -5.93 -4.71 -5.36 -9.07 -0.46 5.49 7.76 11.73 13.07 39.75 
       5 1.20 0.60 -2.14 -6.21 -6.11 0.27 6.59 10.61 18.67 33.46 
 6 1.10 -1.66 -3.24 -5.07 -6.07 -2.04 6.29 12.64 15.12 31.59 
            

Mean  -3.08 -3.84 -5.12 -7.25 -4.78 -0.20 4.87 11.64 15.68 33.23 
SD  3.43 3.59 2.20 1.48 3.55 3.01 2.26 2.64 2.10 3.66 
CI  1.20 2.32 1.76 1.20 3.52 1.20 2.24 2.08 1.12 1.09 

 

BM 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -2.50 -2.65 -1.04 -0.49 0.67 6.28 10.00 19.64 22.89 34.74 

      Block 2 -1.38 -2.32 -1.20 -0.02 1.63 5.18 9.98 18.47 22.41 34.88 
         Number 3 -0.32 1.97 0.49 0.43 5.66 6.58 9.71 14.84 20.86 34.89 

 4 -2.12 -0.36 0.23 -0.82 5.53 10.43 12.89 17.66 20.43 41.93 
       5 3.21 3.46 2.35 0.86 2.16 7.14 12.20 16.96 23.89 37.16 
 6 3.20 1.79 1.61 1.54 2.18 5.78 12.01 18.23 21.66 35.85 
            

Mean  0.02 0.32 0.41 0.25 2.97 6.90 11.13 17.63 22.02 36.58 
SD  2.58 2.49 1.41 0.88 2.11 1.86 1.39 1.63 1.30 2.78 
CI  2.08 2.00 1.12 0.70 2.08 1.50 1.40 1.28 1.04 4.64 
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Table E.2.3 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in a continuous noise background.  Means, standard deviations (SD) and 
confidence interval (CI) have been included.  Values for Observer DS. 
 
 
 
             Pedestal Level (dB SPL) 
 
DS Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 9.00 7.00 6.20 3.50 2.90 3.10 2.38 2.54 3.80 1.31 
      Block 2 7.70 6.69 5.85 2.61 3.85 2.40 2.23 2.77 1.70 2.30 

         Number 3 8.90 6.77 5.00 3.77 3.90 2.23 3.00 2.23 3.10 1.00 
 4 10.00 7.10 5.30 2.84 4.20 3.23 2.62 2.62 2.85 1.46 

       5 8.77 6.40 5.30 3.15 2.77 3.23 3.31 2.10 2.23 1.36 
 6 9.70 7.10 6.00 2.46 3.50 2.23 3.00 1.90 2.15 1.54 
            

Mean  9.01 6.84 5.61 3.06 3.52 2.74 2.76 2.36 2.64 1.50 
SD  0.81 0.28 0.47 0.51 0.58 0.50 0.42 0.34 0.76 0.44 
CI  0.64 0.22 0.38 0.41 0.46 0.40 0.33 0.27 0.61 0.35 

 

DS 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -3.81 -4.14 -2.64 -6.09 -5.04 -1.35 -1.03 5.62 14.79 14.23 

      Block 2 -5.91 -4.71 -3.34 -9.11 -2.07 -3.94 -1.67 6.50 6.70 19.63 
         Number 3 -3.96 -4.56 -5.18 -5.30 -1.93 -4.67 1.31 4.33 12.65 11.73 

 4 -2.30 -3.96 -4.51 -8.25 -1.13 -0.93 -0.07 5.93 11.78 15.25 
       5 -4.17 -5.26 -4.51 -7.19 -5.50 0.93 2.33 3.74 9.33 14.58 
 6 -2.74 -3.96 -3.04 -9.70 -3.09 -4.67 1.31 2.77 8.97 15.76 
            

Mean  -3.82 -4.43 -3.87 -7.61 -3.13 -2.44 0.36 4.82 10.70 15.20 
SD  1.26 0.51 1.00 1.72 1.78 2.32 1.65 1.15 3.12 2.87 
CI  1.01 0.40 0.80 1.38 1.36 1.84 1.32 0.96 2.48 2.32 

 

DS 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -0.58 0.03 2.01 0.93 2.78 6.18 7.63 14.00 21.46 25.47 

      Block 2 -2.11 -0.36 1.54 -0.84 4.54 4.68 7.27 14.51 16.80 28.44 
         Number 3 -0.07 0.26 0.35 1.41 4.63 4.27 8.98 13.27 20.18 24.13 

 4 0.54 0.16 0.78 -0.35 5.12 6.43 8.18 14.18 19.67 26.02 
       5 -0.85 -0.73 0.78 0.28 2.51 6.43 9.58 12.94 18.27 25.66 
 6 0.21 0.16 1.78 -1.18 3.93 4.27 8.98 12.39 18.07 26.29 
            

Mean  -0.48 -0.08 1.21 0.04 3.92 5.38 8.44 13.55 19.08 26.00 
SD  0.95 0.39 0.66 1.01 1.06 1.08 0.95 0.65 1.79 1.57 
CI  0.76 0.32 0.53 0.80 0.88 0.88 0.80 0.52 1.44 1.28 
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Table E.3.1 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
1000-Hz sinusoids presented in a gated noise background.  Means, standard deviations (SD) and 
confidence interval (CI) have been included.  Values for Observer DS. 
 
 
 
            Pedestal Level (dB SPL) 
 
DS Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 10.50 6.67 5.50 4.70 3.17 3.67 2.50 1.66 1.63 1.75 
      Block 2 12.50 7.80 6.50 4.33 2.83 3.80 2.00 1.75 2.25 1.63 

         Number 3 12.67 7.33 5.00 4.83 4.00 3.30 3.33 1.38 2.50 1.88 
 4 10.33 7.83 5.50 4.50 4.38 3.30 2.50 2.50 2.50 2.13 

       5 9.83 7.16 6.00 3.83 3.50 2.67 3.00 2.38 1.63 1.83 
 6 9.83 7.67 6.00 3.83 3.17 4.00 3.33 1.75 1.38 2.00 
            

Mean  10.94 7.41 5.75 4.34 3.51 3.46 2.78 1.90 1.98 1.87 
SD  1.30 0.45 0.52 0.43 0.58 0.47 0.53 0.44 0.50 0.18 
CI  1.04 0.36 0.42 0.34 0.46 0.38 0.43 0.35 0.40 0.14 

 

DS 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -1.58 -4.75 -4.07 -2.88 -4.12 0.42 -0.54 1.47 6.30 16.97 

      Block 2 1.15 -2.74 -2.07 -3.78 -5.29 0.79 -2.74 1.97 9.42 16.27 
         Number 3 1.37 -3.55 -5.18 -2.57 -1.66 -0.70 2.30 -0.31 10.46 17.77 

 4 -1.82 -2.69 -4.07 -3.37 0.07 -0.70 -0.54 5.46 10.46 19.20 
       5 -2.55 -3.85 -3.30 -5.13 -3.09 -2.88 1.31 5.00 6.30 17.40 
 6 -2.55 -2.96 -3.04 -5.13 -3.06 1.34 2.39 1.97 4.86 18.26 
            

Mean  -1.00 -3.42 -3.62 -3.81 -2.86 -0.29 0.36 2.59 7.97 17.65 
SD  1.79 0.80 1.07 1.10 1.88 1.51 2.00 2.21 2.44 1.02 
CI  1.43 0.64 0.85 0.88 1.50 1.21 1.60 1.77 1.95 0.82 

 

DS 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 1.09 -0.38 1.06 2.90 3.31 7.23 7.91 11.68 16.58 26.96 

      Block 2 3.25 1.01 2.40 2.34 2.63 7.46 6.67 11.96 18.32 26.57 
         Number 3 3.43 0.44 0.35 3.10 4.80 6.56 9.56 10.71 18.91 27.39 

 4 0.91 1.05 1.06 2.60 5.40 6.56 7.91 13.91 18.91 28.19 
       5 0.35 0.23 1.74 1.51 3.93 5.29 8.98 13.68 16.58 27.19 
 6 0.35 0.86 1.74 1.51 3.95 7.80 9.62 11.96 15.80 27.67 
            

Mean  1.56 0.54 1.39 2.33 4.00 6.62 8.44 12.32 17.52 27.33 
SD  1.41 0.55 0.72 0.68 1.00 0.84 1.15 1.24 1.36 0.56 
CI  1.13 0.44 0.57 0.55 0.80 0.68 0.92 0.99 1.09 0.45 
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Table E.4.1 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
6500-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer EL. 
 
 
 
             Pedestal Level (dB SPL) 
 
EL Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 10.70 8.00 4.70 2.13 1.13 3.00 2.75 3.90 3.70 2.20 
      Block 2 11.60 7.88 4.80 1.80 1.50 1.60 1.40 4.30 4.60 2.10 

         Number 3 14.00 8.25 3.60 2.90 2.40 0.80 2.40 1.90 2.70 1.50 
 4 14.30 9.20 3.80 2.80 3.00 1.60 2.70 3.50 3.20 1.60 

       5 11.00 7.90 4.20 2.00 1.00 0.90 2.70 2.90 3.30 1.30 
 6 10.60 7.70 5.70 1.30 2.00 2.70 2.40 3.10 3.80 3.00 
            

Mean  12.03 8.15 4.47 2.15 1.84 1.77 2.39 3.27 3.55 1.95 
SD  1.68 0.54 0.77 0.61 0.78 0.91 0.51 0.84 0.65 0.62 
CI  1.34 0.43 0.61 0.49 0.62 0.73 0.41 0.67 0.52 0.50 

 

EL 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -1.30 -2.41 -5.88 -11.1 -14.2 -1.69 0.42 15.07 29.50 39.20 

      Block 2 -0.05 -2.62 -5.64 -12.8 -11.5 -7.88 -6.14 16.13 31.88 28.74 
         Number 3 3.07 -2.00 -8.79 -8.04 -6.94 -14.3 -0.94 7.77 26.24 35.51 

 4 3.44 -0.50 -8.21 -8.40 -4.69 -7.88 0.24 13.91 27.98 36.12 
       5 -0.88 -2.58 -7.13 -11.7 -15.3 -13.2 0.24 11.96 28.30 34.17 
 6 -1.44 -2.91 -3.65 -15.8 -8.74 -2.76 -0.94 12.65 29.79 42.31 
            

Mean  0.47 -2.17 -6.55 -11.3 -10.2 -7.96 -1.19 12.92 28.95 36.01 
SD  2.21 0.87 1.89 2.90 4.16 5.19 2.50 2.95 1.91 4.61 
CI  1.77 0.70 1.51 2.32 3.32 4.15 2.00 2.36 1.53 3.69 

 

EL 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 1.31 1.25 -0.10 -2.00 -2.29 5.98 8.46 21.63 36.28 48.19 

      Block 2 2.29 1.10 0.05 -2.89 -0.85 2.49 4.80 22.28 37.75 47.94 
         Number 3 4.82 1.55 -1.89 -0.22 1.68 -0.98 7.68 17.39 34.36 46.15 

 4 5.14 2.64 -1.54 -0.43 2.98 2.49 8.36 20.93 35.37 46.49 
       5 1.64 1.13 -0.88 -2.33 -2.87 -0.38 8.36 19.78 35.56 45.43 
 6 1.20 0.89 1.34 -4.54 0.67 5.36 7.68 20.18 36.46 49.98 
            

Mean  2.73 1.43 -0.50 -2.07 -0.11 2.49 7.56 20.37 35.96 47.36 
SD  1.78 0.63 1.18 1.61 2.29 2.85 1.40 1.72 1.15 1.66 
CI  1.43 0.51 0.95 1.29 1.83 2.28 1.12 1.38 0.92 1.33 
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Table E.4.2 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
6500-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer BM. 
 
 
             Pedestal Level (dB SPL) 
 
BM Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 8.60 4.80 2.90 2.10 4.70 2.30 4.30 5.70 5.90 3.40 
      Block 2 6.40 4.10 2.10 1.90 2.00 2.10 5.80 7.60 4.10 2.40 

         Number 3 8.20 5.90 2.10 1.80 3.80 4.20 5.80 7.10 5.70 2.50 
 4 7.70 6.30 2.20 1.90 4.10 3.10 5.10 8.10 5.90 2.50 

       5 7.10 5.40 2.50 2.00 5.50 3.00 4.90 7.30 5.90 2.80 
 6 9.00 5.60 2.10 2.30 1.60 4.50 5.10 8.60 4.90 1.60 
            

Mean  7.83 5.35 2.32 2.00 3.62 3.20 5.17 7.40 5.40 2.53 
SD  0.88 0.72 0.30 0.16 1.39 0.89 0.52 0.91 0.68 0.53 
CI  0.71 0.58 0.24 0.13 1.12 0.71 0.42 0.73 0.54 0.43 

 

BM 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -4.43 -8.64 -11.0 -11.3 0.12 -4.37 5.13 19.35 34.76 43.61 

      Block 2 -8.26 -10.4 -14.3 -12.2 -8.74 -5.26 8.55 22.92 30.61 40.06 
         Number 3 -5.08 -6.24 -14.3 -12.3 -2.21 1.87 8.55 22.04 34.35 40.46 

 4 -5.91 -5.45 -13.8 -12.2 -1.39 -1.35 7.05 23.76 34.76 40.46 
       5 -6.96 -7.29 -12.5 -11.7 -1.93 -1.69 6.59 22.39 34.76 41.60 
 6 -3.81 -6.86 -14.3 -10.4 -10.9 2.63 7.05 22.57 32.59 36.12 
            

Mean  -5.74 -7.48 -13.4 -11.7 -4.17 -1.36 7.15 22.17 33.64 40.39 
SD  1.66 1.78 1.32 0.75 4.49 3.19 1.29 1.50 1.71 2.46 
CI  1.33 1.43 1.05 0.60 3.59 2.55 1.03 1.20 1.36 1.97 

 

BM 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -1.05 -2.95 -3.27 -2.06 5.90 4.44 11.28 24.34 39.61 50.75 

      Block 2 -3.73 -4.04 -5.06 -2.61 0.67 3.94 13.47 26.77 36.96 48.68 
         Number 3 -1.51 -1.39 -5.06 -2.89 4.46 8.12 13.47 26.13 39.34 48.91 

 4 -2.11 -0.86 -4.81 -2.61 4.96 6.18 12.49 27.37 39.61 48.91 
       5 -2.84 -2.08 -4.09 -2.33 7.06 5.98 12.20 26.41 39.61 49.57 
 6 -0.58 -1.80 -5.06 -1.56 -0.56 8.60 12.49 26.53 38.20 46.49 
            

Mean  -1.97 -2.19 -4.56 -2.34 3.75 6.21 12.57 26.26 38.89 48.89 
SD  1.17 1.15 0.73 0.48 3.02 1.88 0.83 1.03 1.09 1.39 
CI  0.94 0.92 0.59 0.38 2.42 1.51 0.66 0.82 0.87 1.12 
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Table E.4.3 :  Raw data, ΔL, and difference thresholds, expressed as either 20log(Δp/p) or 10log(ΔI/I), for 
6500-Hz sinusoids presented in quiet.  Means, standard deviations (SD) and confidence interval (CI) have 
been included.  Values for Observer DS. 
 
 
             Pedestal Level (dB SPL) 
 
DS Raw Data  -9 -6 -3 0 3 6 9 20 35 50 

 1 8.60 6.90 3.30 3.70 3.10 2.90 1.90 1.60 2.70 1.60 
      Block 2 7.10 6.80 1.70 3.20 2.00 2.80 1.80 2.40 2.77 1.30 

         Number 3 7.90 5.70 3.70 2.00 2.00 1.60 1.50 3.90 3.30 1.30 
 4 9.10 5.10 2.50 2.00 2.60 2.70 2.50 2.40 2.00 2.40 

       5 9.10 5.60 1.90 2.50 1.90 0.90 1.70 2.20 2.50 1.80 
 6 9.70 4.60 1.90 2.00 1.90 1.00 2.00 1.60 2.60 1.80 
            

Mean  8.58 5.78 2.50 2.57 2.25 1.98 1.90 2.35 2.65 1.70 
SD  0.94 0.92 0.83 0.73 0.49 0.93 0.34 0.84 0.42 0.41 
CI  0.75 0.73 0.66 0.58 0.39 0.74 0.27 0.67 0.34 0.33 

 

DS 20log(Δp/p)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -4.43 -4.32 -9.70 -5.50 -4.35 -2.04 -3.23 6.12 26.24 36.12 

      Block 2 -6.96 -4.51 -16.3 -7.02 -8.74 -2.40 -3.76 10.06 26.50 34.16 
         Number 3 -5.58 -6.65 -8.50 -11.7 -8.74 -7.88 -5.49 15.07 28.30 34.16 

 4 -3.65 -7.95 -12.5 -11.7 -6.14 -2.76 -0.54 10.06 23.26 40.06 
       5 -3.59 -6.86 -15.2 -9.54 -9.23 -13.6 -4.30 9.20 25.46 37.24 
 6 -2.74 -9.12 -15.2 -11.7 -9.23 -12.2 -2.74 6.12 26.03 37.24 
            

Mean  -4.49 -6.57 -12.9 -9.55 -7.74 -6.82 -3.34 9.44 25.97 36.50 
SD  1.54 1.89 3.23 2.73 2.02 5.20 1.67 3.30 1.64 2.23 
CI  1.23 1.51 2.58 2.18 1.62 4.16 1.34 2.64 1.31 1.78 

 

DS 10log(ΔI/I)  -9 -6 -3 0 3 6 9 20 35 50 
 1 -1.05 -0.09 -2.44 1.28 3.18 5.78 6.39 16.49 34.36 46.49 

      Block 2 -2.84 -0.22 -6.20 0.37 0.67 5.57 6.11 18.68 34.51 45.43 
         Number 3 -1.87 -1.66 -1.72 -2.33 0.67 2.49 5.15 21.63 35.56 45.43 

 4 -0.47 -2.51 -4.09 -2.30 2.14 5.36 7.91 18.68 32.67 48.68 
       5 -0.42 -1.80 -5.61 -1.09 0.39 -0.38 5.80 18.19 33.91 47.11 
 6 0.21 -3.25 -5.61 -2.33 0.39 0.13 6.67 16.49 34.24 47.11 
            

Mean  -1.07 -1.59 -4.28 -1.07 1.24 3.16 6.34 18.36 34.21 46.71 
SD  1.11 1.25 1.85 1.57 1.15 2.82 0.93 1.89 0.94 1.23 
CI  0.89 1.00 1.48 1.25 0.92 2.25 0.75 1.51 0.75 0.98 
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Table E.5 :  Parameters estimated from fitting the sensory analytical model (Laming, 1986) to the 
suprathreshold data expressed in units of pressure.  The two free parameters, the Weber fraction, Θ, and c, 
are presented along with goodness-of fit statistics R2 and F.   Estimates and fits were obtained using Sigma 
Plot 8.0.     
 
          
 

  Θ c R² F p 

IK  0.30  0.21 0.98 256.05 <0.0001 

Exp. 6.1 

MH  0.32  0.23 0.99 415.91 <0.0001 
 BM  0.36 -0.04 0.99 348.62 <0.0001 
 DS  0.26  0.69 0.99 447.87 <0.0001 

 Group  0.30  0.30 0.99 533.54 <0.0001 
 
Exp. 6.2   Θ c R² F p 

 MH  0.30  0.89 0.89 38.66   0.0016 
 BM  0.82 -0.56 0.97 1141.36 <0.0001 
 DS  0.24  1.11 0.96 378.45   0.0001 

 Group  0.41  0.12 0.99 1197.28 <0.0001 
 
Exp. 6.3   Θ c R² F p 

 DS  0.21 2.19 0.99 273.17 <0.0001 
 
Exp. 6.4   Θ c R² F p 

 EL  0.33 -0.32 0.98 210.79 <0.0001 
 BM  0.76 -0.64 0.96 129.49 <0.0001 
 DS  0.26  0.12 0.99 612.68 <0.0001 

 Group  0.41 -0.33 0.98 271.92 <0.0001 
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Table E.6.1 :  Parameters estimated from fitting the nonlinear transduction model (Hanna, von Gierke, and 
Green, 1986) to both the subthreshold and suprathreshold data expressed in units of pressure.  The three 
free parameters, b, d and e, are presented along with goodness-of fit statistics R2.   Estimates and fits were 
obtained using Sigma Plot 8.0.     
 
 
 
            Subthreshold     Suprathreshold 
 
Exp 6.1   b R²  d e R² 

 IK  2.44 0.86  0.37 0.94 0.98 
 MH  2.10 0.87  0.20 0.87 0.99 
 BM  2.98 0.28  0.16 0.95 0.99 
 DS  5.10 0.77  0.41 0.91 0.99 

 Group  2.68 0.67  0.42 0.86 0.98 
 
Exp 6.2   b R²  d e R² 

 MH  2.33 0.99  0.31 0.77 0.93 
 BM  1.89 0.99  0.24 1.45 0.98 
 DS  1.89 0.64  0.22 0.76 0.98 

 Group  1.95 0.75  0.47 0.95 0.99 
         

Exp 6.3   b R²  d e R² 
 DS  1.44 0.64  0.55 0.70 0.96 
         

Exp 6.4   b R²  d e R² 
 EL  2.46 0.69  0.27 1.03 0.97 
 BM  >10 0.59  0.27 1.03 0.97 
 DS  >10 0.85  0.50 1.04 0.94 
 Group  3.17 0.79  0.29 0.97 0.99 
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Table E.6.2 :  Parameters estimated from fitting the nonlinear transduction model (Hanna, von Gierke, and 
Green, 1986) to both the subthreshold and suprathreshold data expressed in units of intensity.  The three 
free parameters, b, d and e, are presented along with goodness-of fit statistics R2.   Estimates and fits were 
obtained using Sigma Plot 8.0.     
 
 
 
            Subthreshold     Suprathreshold 
 
Exp 6.1   b R²  d e R² 

 IK  1.52 0.69  0.91 0.96 1.00 
 MH  1.38 0.95  1.00 0.96 1.00 
 BM  2.33 0.00  0.96 0.97 1.00 
 DS  2.63 0.02  0.95 0.95 1.00 

 Group  2.06 0.73  1.05 1.00 1.00 
 
Exp 6.2   b R²  d e R² 

 MH  1.16 0.71  1.44 0.86 0.98 
 BM  0.94 0.19  0.92 1.20 1.00 
 DS  0.98 0.00  1.15 0.87 0.99 

 Group  1.01 0.00  1.07 0.98 1.00 
         

Exp 6.3   b R²  d e R² 
 DS  0.72 0.36  1.39 0.83 0.99 
         

Exp 6.4   b R²  d e R² 
 EL  0.94 0.00  0.63 1.03 0.99 
 BM  >10 0.00  1.15 0.98 0.98 
 DS  >10 0.67  0.68 1.00 1.00 
 Group  2.97 0.92  0.87 98.0 0.99 
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Table E.7.1 :  Parameters estimated using the proposed by Viemeister and Bacon (1988) to both the 
subthreshold and suprathreshold data expressed in units of pressure and intensity.  Stimuli were 10-ms 
1000-Hz sinusoids presented in quiet.  The three free parameters, i, k and b, are presented along with 
goodness-of fit statistics R2 and F.   Estimates and fits were obtained using Sigma Plot 8.0.     
 
 
Pressure       

 i k b R² F p 
       

MH 0.22 1.95 1.50 0.69   4.52   0.074* 
BM 0.10 2.34 1.90 0.87 13.65 0.016 
  IK 0.03 4.60 2.09 0.76   6.37   0.057* 
 DS 0.02 3.63 2.61 0.92 22.74 0.007 

       

Group 0.08 1.94 2.82 0.85 11.45 0.022 
 
Intensity       

 i k b R² F p 
       

MH 0.32 0.74 1.62 0.92 22.61 0.007 
BM 0.26 0.71 2.00 0.97 57.02 0.001 
  IK 0.16 0.88 2.20 0.94 33.42 0.003 
 DS 0.19 0.81 2.83 0.97 62.89 0.001 

       

     Group 0.34 0.74 1.60 0.97 67.88 0.001 
 
 
Table E.7.2 :  Parameters estimated using the proposed by Viemeister and Bacon (1988) to both the 
subthreshold and suprathreshold data expressed in units of pressure and intensity.  Stimuli were 10-ms 
1000-Hz sinusoids presented in a continuous noise background.  The three free parameters, i, k and b, are 
presented along with goodness-of fit statistics R2 and F.   Estimates and fits were obtained using Sigma Plot 
8.0.     
 
 
Pressure       

 i k b R² F p 
       

MH 0.20 1.81 1.20 0.77 6.85 0.051 
BM 0.00 3.84 7.48 0.95     35.82 0.003 
 DS 0.33 1.34 1.95 0.74 5.60 0.069 

       

Group 0.08 2.02 3.00 0.87     12.88 0.018 
 
Intensity       

 i k b R² F p 
       

MH 0.39 0.81 1.86 0.93 24.69 0.006 
BM 0.10 0.97 4.66 0.98 78.75 0.001 
 DS 0.46 0.81 1.30 0.95 36.78 0.003 

       

Group 2.06 0.88 2.06 0.97 57.73 0.001 
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Table E.7.3 :  Parameters estimated using the proposed by Viemeister and Bacon (1988) to both the 
subthreshold and suprathreshold data expressed in units of pressure and intensity.  Stimuli were 10-ms 
1000-Hz sinusoids presented in a gated noise background.  The three free parameters, i, k and b, are 
presented along with goodness-of fit statistics R2 and F.   Estimates and fits were obtained using Sigma Plot 
8.0.     
 
 
Pressure       

 i k b R² F p 
       

 DS 1.44 0.68 1.06 0.81     0.00 0.000 
 
Intensity       

 i k b r² F p 
       

 DS 1.10 0.55 1.17 0.97 0.00 0.000 
 
 
 
Table E.7.4 :  Parameters estimated using the proposed by Viemeister and Bacon (1988) to both the 
subthreshold and suprathreshold data expressed in units of pressure and intensity.  Stimuli were 10-ms 
6500-Hz sinusoids presented in quiet.  The three free parameters, i, k and b, are presented along with 
goodness-of fit statistics R2 and F.   Estimates and fits were obtained using Sigma Plot 8.0.  
 
 
Pressure       

 i k b R² F p 
       

EL 13.91 0.00 3.69 0.55 2.46 0.201 
BM   3.63 0.05 1.86 0.60 2.94 0.164 
 DS   3.86 0.00 3.45 0.87     13.97 0.016 

       

Group   7.13 0.02 3.00 0.77 6.85 0.051 
 
Intensity       

 i k b R² F p 
       

EL 1.00 0.01 16.51 0.70   4.59 0.092 
BM 0.81 0.15   4.14 0.94 29.82 0.004 
 DS 0.76 0.15   2.26 0.88 14.13 0.015 

       

Group 0.86 0.10   7.64 0.93 27.97 0.005 
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APPENDIX F 
 
Raw data and percent correct scores for Experiments 7.1 and 7.2 (Chapter VII) 
 
Table F.1.1 :  Number correct (a) and p(c) (b) for Observer IK.  Data are from Experiment 7.1.   
 
 
             Pedestal level (dB SPL) 
 
   (a)  -9 -6 -4 -2 0 2 4 6 9 

 1 6 7 9 12 8 9 9 6 11 
 2 7 9 10 10 9 8 10 7 4 
 3 10 5 10 8 7 11 9 5 7 
 4 6 7 10 9 8 10 5 9 9 

      Block 5 7 5 10 11 8 11 7 6 9 
         Number 6 5 7 10 10 7 11 9 6 6 

 7 9 10 8 10 10 10 9 7 6 
 8 7 10 9 9 9 9 11 11 8 
 9 8 6 8 12 9 9 11 9 8 
 10 7 10 10 9 7 7 6 11 9 
 11 5 9 11 9 11 12 10 9 6 
 12 9 5 9 9 11 12 8 8 7 
 13 7 7 8 6 10 8 10 7 7 
 14 6 11 9 11 10 10 12 8 9 
 15 8 12 9 10 10 10 8 10 7 
 16 7 8 9 11 8 10 10 6 7 
 17 8 8 12 8 7 7 10 10 11 
 18 10 8 10 6 9 7 5 7 8 
 19 7 8 8 13 11 7 10 9 9 
 20 5 9 10 11 9 8 7 8 9 

Mean  7.20 8.05 9.45 9.70 8.90 9.30 8.80 7.95 7.85 
SD  1.51 1.99 1.05 1.84 1.37 1.66 1.96 1.76 1.73 

 

   (b)  -9 -6 -4 -2 0 2 4 6 9 
 1 46.15 53.85 69.23 92.31 61.54 69.23 69.23 46.15 84.62 
 2 53.85 69.23 76.92 76.92 69.23 61.54 76.92 53.85 30.77 
 3 76.92 38.46 76.92 61.54 53.85 84.62 69.23 38.46 53.85 
 4 46.15 53.85 76.92 69.23 61.54 76.92 38.46 69.23 69.23 

      Block 5 53.85 38.46 76.92 84.62 61.54 84.62 53.85 46.15 69.23 
         Number 6 38.46 53.85 76.92 76.92 53.85 84.62 69.23 46.15 46.15 

 7 69.23 76.92 61.54 76.92 76.92 76.92 69.23 53.85 46.15 
 8 53.85 76.92 69.23 69.23 69.23 69.23 84.62 84.62 61.54 
 9 61.54 46.15 61.54 92.31 69.23 69.23 84.62 69.23 61.54 
 10 53.85 76.92 76.92 69.23 53.85 53.85 46.15 84.62 69.23 
 11 38.46 69.23 84.62 69.23 84.62 92.31 76.92 69.23 46.15 
 12 69.23 38.46 69.23 69.23 84.62 92.31 61.54 61.54 53.85 
 13 53.85 53.85 61.54 46.15 76.92 61.54 76.92 53.85 53.85 
 14 46.15 84.62 69.23 84.62 76.92 76.92 92.31 61.54 69.23 
 15 61.54 92.31 69.23 76.92 76.92 76.92 61.54 76.92 53.85 
 16 53.85 61.54 69.23 84.62 61.54 76.92 76.92 46.15 53.85 
 17 61.54 61.54 92.31 61.54 53.85 53.85 76.92 76.92 84.62 
 18 76.92 61.54 76.92 46.15 69.23 53.85 38.46 53.85 61.54 
 19 53.85 61.54 61.54 100.00 84.62 53.85 76.92 69.23 69.23 
 20 38.46 69.23 76.92 84.62 69.23 61.54 53.85 61.54 69.23 

Mean  55.38 61.92 72.69 74.62 68.46 71.54 67.69 61.15 60.38 
SD  11.60 15.28 8.08 14.14 10.56 12.75 15.10 13.55 13.27 
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Table F.1.2 :  Number correct (a) and p(c) (b) for Observer MK. Data are from Experiment 7.1.   
 
 
             Pedestal level (dB SPL) 
 
   (a)  -9 -6 -4 -2 0 2 4 6 9 

 1 6 7 9 12 8 9 9 6 11 
 2 7 9 10 10 9 8 10 7 4 
 3 10 5 10 8 7 11 9 5 7 
 4 6 7 10 9 8 10 5 9 9 

      Block 5 7 5 10 11 8 11 7 6 9 
         Number 6 5 7 10 10 7 11 9 6 6 

 7 9 10 8 10 10 10 9 7 6 
 8 7 10 9 9 9 9 11 11 8 
 9 8 6 8 12 9 9 11 9 8 
 10 7 10 10 9 7 7 6 11 9 
 11 5 9 11 9 11 12 10 9 6 
 12 9 5 9 9 11 12 8 8 7 
 13 7 7 8 6 10 8 10 7 7 
 14 6 11 9 11 10 10 12 8 9 
 15 8 12 9 10 10 10 8 10 7 
 16 7 8 9 11 8 10 10 6 7 
 17 8 8 12 8 7 7 10 10 11 
 18 10 8 10 6 9 7 5 7 8 
 19 7 8 8 13 11 7 10 9 9 
 20 5 9 10 11 9 8 7 8 9 

Mean  7.20 8.05 9.45 9.70 8.90 9.30 8.80 7.95 7.85 
SD  1.51 1.99 1.05 1.84 1.37 1.66 1.96 1.76 1.73 

 

   (b)  -9 -6 -4 -2 0 2 4 6 9 
 1 46.15 53.85 69.23 92.31 61.54 69.23 69.23 46.15 84.62 
 2 53.85 69.23 76.92 76.92 69.23 61.54 76.92 53.85 30.77 
 3 76.92 38.46 76.92 61.54 53.85 84.62 69.23 38.46 53.85 
 4 46.15 53.85 76.92 69.23 61.54 76.92 38.46 69.23 69.23 

      Block 5 53.85 38.46 76.92 84.62 61.54 84.62 53.85 46.15 69.23 
         Number 6 38.46 53.85 76.92 76.92 53.85 84.62 69.23 46.15 46.15 

 7 69.23 76.92 61.54 76.92 76.92 76.92 69.23 53.85 46.15 
 8 53.85 76.92 69.23 69.23 69.23 69.23 84.62 84.62 61.54 
 9 61.54 46.15 61.54 92.31 69.23 69.23 84.62 69.23 61.54 
 10 53.85 76.92 76.92 69.23 53.85 53.85 46.15 84.62 69.23 
 11 38.46 69.23 84.62 69.23 84.62 92.31 76.92 69.23 46.15 
 12 69.23 38.46 69.23 69.23 84.62 92.31 61.54 61.54 53.85 
 13 53.85 53.85 61.54 46.15 76.92 61.54 76.92 53.85 53.85 
 14 46.15 84.62 69.23 84.62 76.92 76.92 92.31 61.54 69.23 
 15 61.54 92.31 69.23 76.92 76.92 76.92 61.54 76.92 53.85 
 16 53.85 61.54 69.23 84.62 61.54 76.92 76.92 46.15 53.85 
 17 61.54 61.54 92.31 61.54 53.85 53.85 76.92 76.92 84.62 
 18 76.92 61.54 76.92 46.15 69.23 53.85 38.46 53.85 61.54 
 19 53.85 61.54 61.54 100.00 84.62 53.85 76.92 69.23 69.23 
 20 38.46 69.23 76.92 84.62 69.23 61.54 53.85 61.54 69.23 

Mean  55.38 61.92 72.69 74.62 68.46 71.54 67.69 61.15 60.38 
SD  11.60 15.28 8.08 14.14 10.56 12.75 15.10 13.55 13.27 
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Table F.1.3 :  Number correct (a) and p(c) (b) for Observer BM.  Data are from Experiment 7.1.   
 
 
             Pedestal level (dB SPL) 
 
   (a)  -9 -6 -4 -2 0 2 4 6 9 

 1 7 5 9 11 10 10 10 11 6 
 2 6 5 10 11 10 10 10 11 6 
 3 6 5 10 11 10 8 10 8 10 
 4 7 7 9 11 9 7 11 9 8 

      Block 5 6 10 10 8 11 7 8 8 8 
         Number 6 7 6 9 11 10 8 10 9 11 

 7 7 9 9 10 7 5 6 7 9 
 8 6 4 10 9 11 9 11 7 10 
 9 6 7 10 8 12 8 6 10 5 
 10 9 7 10 8 10 9 8 8 7 
 11 6 7 9 8 10 10 9 8 6 
 12 7 10 10 9 9 10 8 10 8 
 13 7 5 9 10 6 9 10 8 6 
 14 9 9 10 10 11 7 10 10 10 
 15 7 7 8 10 11 10 5 8 2 
 16 8 7 9 10 8 10 7 6 12 
 17 7 10 11 9 8 8 7 9 8 
 18 5 8 9 12 8 11 6 9 7 
 19 7 4 10 9 8 7 7 7 8 
 20 7 5 11 9 10 9 9 8 8 

Mean  0.53 0.53 0.74 0.75 0.73 0.66 0.65 0.66 0.60 
SD  0.99 1.98 0.75 1.22 1.54 1.50 1.85 1.36 2.29 

 

   (b)  -9 -6 -4 -2 0 2 4 6 9 
 1 53.85 38.46 69.23 84.62 76.92 76.92 76.92 84.62 46.15 
 2 46.15 38.46 76.92 84.62 76.92 76.92 76.92 84.62 46.15 
 3 46.15 38.46 76.92 84.62 76.92 61.54 76.92 61.54 76.92 
 4 53.85 53.85 69.23 84.62 69.23 53.85 84.62 69.23 61.54 

      Block 5 46.15 76.92 76.92 61.54 84.62 53.85 61.54 61.54 61.54 
         Number 6 53.85 46.15 69.23 84.62 76.92 61.54 76.92 69.23 84.62 

 7 53.85 69.23 69.23 76.92 53.85 38.46 46.15 53.85 69.23 
 8 46.15 30.77 76.92 69.23 84.62 69.23 84.62 53.85 76.92 
 9 46.15 53.85 76.92 61.54 92.31 61.54 46.15 76.92 38.46 
 10 69.23 53.85 76.92 61.54 76.92 69.23 61.54 61.54 53.85 
 11 46.15 53.85 69.23 61.54 76.92 76.92 69.23 61.54 46.15 
 12 53.85 76.92 76.92 69.23 69.23 76.92 61.54 76.92 61.54 
 13 53.85 38.46 69.23 76.92 46.15 69.23 76.92 61.54 46.15 
 14 69.23 69.23 76.92 76.92 84.62 53.85 76.92 76.92 76.92 
 15 53.85 53.85 61.54 76.92 84.62 76.92 38.46 61.54 15.38 
 16 61.54 53.85 69.23 76.92 61.54 76.92 53.85 46.15 92.31 
 17 53.85 76.92 84.62 69.23 61.54 61.54 53.85 69.23 61.54 
 18 38.46 61.54 69.23 92.31 61.54 84.62 46.15 69.23 53.85 
 19 53.85 30.77 76.92 69.23 61.54 53.85 53.85 53.85 61.54 
 20 53.85 38.46 84.62 69.23 76.92 69.23 69.23 61.54 61.54 

Mean  52.69 52.69 73.85 74.62 72.69 66.15 64.62 65.77 59.62 
SD  7.60 15.24 5.80 9.37 11.83 11.55 14.21 10.43 17.63 
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Table F.1.4 :  Number correct (a) and p(c) (b) for Observer DS.  Data are from Experiment 7.1.   
 
 
             Pedestal level (dB SPL) 
 
   (a)  -9 -6 -4 -2 0 2 4 6 9 

 1 7 7 10 10 9 9 11 8 9 
 2 6 8 10 10 8 8 9 7 7 
 3 6 9 11 9 11 9 9 7 11 
 4 8 9 9 12 10 10 9 10 11 

      Block 5 6 8 11 11 8 5 12 6 7 
         Number 6 9 9 10 10 11 8 7 10 6 

 7 7 7 8 10 13 9 9 9 10 
 8 6 11 9 10 9 10 6 9 7 
 9 6 10 9 11 8 12 7 10 8 
 10 9 10 10 10 8 12 9 10 6 
 11 5 7 7 10 10 8 7 7 8 
 12 7 7 9 11 11 10 9 5 9 
 13 7 11 12 12 9 11 10 9 7 
 14 9 12 10 10 10 9 9 9 10 
 15 7 9 12 12 10 9 11 9 10 
 16 8 12 10 9 9 7 6 9 9 
 17 10 11 10 10 12 8 11 8 8 
 18 5 8 9 9 9 7 12 7 9 
 19 7 10 11 10 10 9 9 8 5 
 20 7 9 9 8 13 9 9 7 9 

Mean  0.55 0.71 0.75 0.78 0.76 0.69 0.70 0.63 0.64 
SD  1.37 1.64 1.24 1.06 1.55 1.67 1.79 1.44 1.69 

 

   (b)  -9 -6 -4 -2 0 2 4 6 9 
 1 53.85 53.85 76.92 76.92 69.23 69.23 84.62 61.54 69.23 
 2 46.15 61.54 76.92 76.92 61.54 61.54 69.23 53.85 53.85 
 3 46.15 69.23 84.62 69.23 84.62 69.23 69.23 53.85 84.62 
 4 61.54 69.23 69.23 92.31 76.92 76.92 69.23 76.92 84.62 

      Block 5 46.15 61.54 84.62 84.62 61.54 38.46 92.31 46.15 53.85 
         Number 6 69.23 69.23 76.92 76.92 84.62 61.54 53.85 76.92 46.15 

 7 53.85 53.85 61.54 76.92 100.00 69.23 69.23 69.23 76.92 
 8 46.15 84.62 69.23 76.92 69.23 76.92 46.15 69.23 53.85 
 9 46.15 76.92 69.23 84.62 61.54 92.31 53.85 76.92 61.54 
 10 69.23 76.92 76.92 76.92 61.54 92.31 69.23 76.92 46.15 
 11 38.46 53.85 53.85 76.92 76.92 61.54 53.85 53.85 61.54 
 12 53.85 53.85 69.23 84.62 84.62 76.92 69.23 38.46 69.23 
 13 53.85 84.62 92.31 92.31 69.23 84.62 76.92 69.23 53.85 
 14 69.23 92.31 76.92 76.92 76.92 69.23 69.23 69.23 76.92 
 15 53.85 69.23 92.31 92.31 76.92 69.23 84.62 69.23 76.92 
 16 61.54 92.31 76.92 69.23 69.23 53.85 46.15 69.23 69.23 
 17 76.92 84.62 76.92 76.92 92.31 61.54 84.62 61.54 61.54 
 18 38.46 61.54 69.23 69.23 69.23 53.85 92.31 53.85 69.23 
 19 53.85 76.92 84.62 76.92 76.92 69.23 69.23 61.54 38.46 
 20 53.85 69.23 69.23 61.54 100.00 69.23 69.23 53.85 69.23 

Mean  54.62 70.77 75.38 78.46 76.15 68.85 69.62 63.08 63.85 
SD  10.56 12.63 9.54 8.13 11.94 12.84 13.78 11.05 12.99 

 
 
 
 
 
 
 



 414

Table F.2.1 :  Number correct (a) and p(c) (b) for Observer MK.  Data are from Experiment 7.2.   
 
 
 
             Pedestal level (dB SPL) 
 
(a)  -9 -6 -4 -2 0 2 4 6 9 

 1 8 10 10 9 7 8 9 9 7 
      Block 2 7 11 11 8 7 9 7 9 6 

         Number 3 9 10 9 10 9 11 9 12 8 
 4 6 9 9 10 7 6 7 9 8 

       5 9 7 8 7 12 9 10 10 7 
 6 8 10 10 9 12 10 6 10 8 
 7 5 9 10 11 10 8 10 9 7 
 8 6 10 11 7 9 10 7 7 8 
 9 10 7 10 8 6 9 7 8 10 
 10 4 4 10 6 6 7 7 8 10 
 11 7 11 11 10 12 6 6 9 6 
 12 6 9 10 9 12 9 9 4 10 
 13 8 11 8 11 9 9 10 6 8 
 14 7 7 9 10 13 7 9 7 5 
 15 9 8 12 10 8 9 9 7 7 
 16 5 10 8 10 9 6 6 8 6 
 17 11 9 10 9 8 9 9 8 9 
 18 9 6 12 8 10 9 6 10 7 
 19 9 11 8 10 11 12 9 7 9 
 20 7 10 7 9 12 10 8 10 9 

Mean  7.50 8.95 9.65 9.05 9.45 8.65 8.00 8.35 7.75 
SD  1.82 1.90 1.39 1.36 2.24 1.63 1.45 1.76 1.45 

 

(b)  -9 -6 -4 -2 0 2 4 6 9 
 1 61.54 76.92 76.92 69.23 53.85 61.54 69.23 69.23 53.85 

      Block 2 53.85 84.62 84.62 61.54 53.85 69.23 53.85 69.23 46.15 
         Number 3 69.23 76.92 69.23 76.92 69.23 84.62 69.23 92.31 61.54 

 4 46.15 69.23 69.23 76.92 53.85 46.15 53.85 69.23 61.54 
       5 69.23 53.85 61.54 53.85 92.31 69.23 76.92 76.92 53.85 
 6 61.54 76.92 76.92 69.23 92.31 76.92 46.15 76.92 61.54 
 7 38.46 69.23 76.92 84.62 76.92 61.54 76.92 69.23 53.85 
 8 46.15 76.92 84.62 53.85 69.23 76.92 53.85 53.85 61.54 
 9 76.92 53.85 76.92 61.54 46.15 69.23 53.85 61.54 76.92 
 10 30.77 30.77 76.92 46.15 46.15 53.85 53.85 61.54 76.92 
 11 53.85 84.62 84.62 76.92 92.31 46.15 46.15 69.23 46.15 
 12 46.15 69.23 76.92 69.23 92.31 69.23 69.23 30.77 76.92 
 13 61.54 84.62 61.54 84.62 69.23 69.23 76.92 46.15 61.54 
 14 53.85 53.85 69.23 76.92 100.00 53.85 69.23 53.85 38.46 
 15 69.23 61.54 92.31 76.92 61.54 69.23 69.23 53.85 53.85 
 16 38.46 76.92 61.54 76.92 69.23 46.15 46.15 61.54 46.15 
 17 84.62 69.23 76.92 69.23 61.54 69.23 69.23 61.54 69.23 
 18 69.23 46.15 92.31 61.54 76.92 69.23 46.15 76.92 53.85 
 19 69.23 84.62 61.54 76.92 84.62 92.31 69.23 53.85 69.23 
 20 53.85 76.92 53.85 69.23 92.31 76.92 61.54 76.92 69.23 

Mean  57.69 68.85 74.23 69.62 72.69 66.54 61.54 64.23 59.62 
SD  14.01 14.65 10.67 10.43 17.20 12.55 11.16 13.50 11.13 
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Table F.2.2 :  Number correct (a) and p(c) (b) for Observer BM.  Data are from Experiment 7.2.   
 
 
 
             Pedestal level (dB SPL) 
 
(a)  -9 -6 -4 -2 0 2 4 6 9 

 1 5 9.00 9.00 8.00 10.00 7.00 9.00 9.00 8.00 
      Block 2 6 7.00 9.00 8.00 5.00 6.00 9.00 5.00 9.00 

         Number 3 6 7.00 8.00 8.00 5.00 9.00 7.00 10.00 6.00 
 4 7 7.00 9.00 10.00 10.00 6.00 9.00 6.00 7.00 

       5 10 8.00 9.00 10.00 10.00 6.00 9.00 6.00 7.00 
 6 6 8.00 9.00 9.00 10.00 9.00 7.00 8.00 5.00 
 7 4 8.00 9.00 10.00 7.00 8.00 6.00 6.00 4.00 
 8 6 8.00 10.00 9.00 8.00 8.00 8.00 8.00 6.00 
 9 6 3.00 8.00 11.00 7.00 9.00 10.00 7.00 10.00 
 10 9 10.00 8.00 9.00 9.00 6.00 7.00 5.00 8.00 
 11 6 7.00 9.00 10.00 7.00 8.00 7.00 7.00 5.00 
 12 7 5.00 10.00 10.00 8.00 7.00 6.00 4.00 9.00 
 13 10 10.00 10.00 10.00 7.00 5.00 7.00 8.00 10.00 
 14 9 6.00 9.00 13.00 8.00 10.00 8.00 8.00 8.00 
 15 7 7.00 9.00 11.00 7.00 10.00 8.00 11.00 7.00 
 16 8 3.00 9.00 9.00 9.00 6.00 8.00 6.00 4.00 
 17 5 6.00 9.00 8.00 7.00 7.00 8.00 9.00 7.00 
 18 5 6.00 9.00 9.00 9.00 10.00 6.00 7.00 11.00 
 19 7 9.00 10.00 9.00 8.00 8.00 5.00 8.00 9.00 
 20 5 10.00 7.00 10.00 9.00 10.00 8.00 6.00 6.00 

Mean  6.7 8.95 9.55 8.00 7.75 7.60 7.20 7.30 7.20
SD  1.72 0.76 1.23 1.52 1.62 1.27 1.77 2.00 2.02

 

(b)  -9 -6 -4 -2 0 2 4 6 9 
 1 38.46 69.23 69.23 61.54 76.92 53.85 69.23 69.23 61.54 

      Block 2 46.15 53.85 69.23 61.54 38.46 46.15 69.23 38.46 69.23 
         Number 3 46.15 53.85 61.54 61.54 38.46 69.23 53.85 76.92 46.15 

 4 53.85 53.85 69.23 76.92 76.92 46.15 69.23 46.15 53.85 
       5 76.92 61.54 69.23 76.92 76.92 46.15 69.23 46.15 53.85 
 6 46.15 61.54 69.23 69.23 76.92 69.23 53.85 61.54 38.46 
 7 30.77 61.54 69.23 76.92 53.85 61.54 46.15 46.15 30.77 
 8 46.15 61.54 76.92 69.23 61.54 61.54 61.54 61.54 46.15 
 9 46.15 23.08 61.54 84.62 53.85 69.23 76.92 53.85 76.92 
 10 69.23 76.92 61.54 69.23 69.23 46.15 53.85 38.46 61.54 
 11 46.15 53.85 69.23 76.92 53.85 61.54 53.85 53.85 38.46 
 12 53.85 38.46 76.92 76.92 61.54 53.85 46.15 30.77 69.23 
 13 76.92 76.92 76.92 76.92 53.85 38.46 53.85 61.54 76.92 
 14 69.23 46.15 69.23 100.00 61.54 76.92 61.54 61.54 61.54 
 15 53.85 53.85 69.23 84.62 53.85 76.92 61.54 84.62 53.85 
 16 61.54 23.08 69.23 69.23 69.23 46.15 61.54 46.15 30.77 
 17 38.46 46.15 69.23 61.54 53.85 53.85 61.54 69.23 53.85 
 18 38.46 46.15 69.23 69.23 69.23 76.92 46.15 53.85 84.62 
 19 53.85 69.23 76.92 69.23 61.54 61.54 38.46 61.54 69.23 
 20 38.46 76.92 53.85 76.92 69.23 76.92 61.54 46.15 46.15 

Mean  51.54 55.38 68.85 73.46 61.54 59.62 58.46 55.38 56.15 
SD  13.23 15.51 5.84 9.50 11.71 12.45 9.79 13.58 15.40 
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Table F.2.3 :  Number correct (a) and p(c) (b) for Observer DS.  Data are from Experiment 7.2.  
 
 
 
             Pedestal level (dB SPL) 
 
(a)  -9 -6 -4 -2 0 2 4 6 9 

 1 9 5 11 9 4 9 6 7 9 
      Block 2 9 8 11 8 9 7 10 7 8 

         Number 3 8 9 10 11 9 9 10 8 5 
 4 5 8 8 10 8 10 6 8 6 

       5 7 9 10 9 6 8 9 8 6 
 6 8 8 8 10 8 10 8 8 10 
 7 7 10 7 10 13 9 9 7 11 
 8 9 7 11 11 7 7 8 6 5 
 9 4 7 8 10 8 9 9 9 9 
 10 10 8 11 10 8 12 8 10 8 
 11 6 10 10 11 13 9 9 9 10 
 12 6 5 11 8 10 10 8 6 5 
 13 8 9 9 11 10 5 12 11 6 
 14 5 8 9 9 11 8 7 9 9 
 15 9 9 10 7 7 9 7 10 10 
 16 8 10 11 7 11 10 9 10 8 
 17 8 11 10 11 10 8 10 8 7 
 18 9 9 10 12 11 8 8 8 7 
 19 5 9 9 9 10 10 6 7 8 
 20 9 9 10 12 10 10 12 7 7 
           

Mean 7.45 8.40 9.70 9.75 9.15 8.85 8.55 8.15 7.70 7.45
SD 1.73 1.54 1.22 1.48 2.23 1.50 1.73 1.39 1.84 1.73

           
 

(b)  -9 -6 -4 -2 0 2 4 6 9 
 1 69.23 38.46 84.62 69.23 30.77 69.23 46.15 53.85 69.23 

      Block 2 69.23 61.54 84.62 61.54 69.23 53.85 76.92 53.85 61.54 
         Number 3 61.54 69.23 76.92 84.62 69.23 69.23 76.92 61.54 38.46 

 4 38.46 61.54 61.54 76.92 61.54 76.92 46.15 61.54 46.15 
       5 53.85 69.23 76.92 69.23 46.15 61.54 69.23 61.54 46.15 
 6 61.54 61.54 61.54 76.92 61.54 76.92 61.54 61.54 76.92 
 7 53.85 76.92 53.85 76.92 100.00 69.23 69.23 53.85 84.62 
 8 69.23 53.85 84.62 84.62 53.85 53.85 61.54 46.15 38.46 
 9 30.77 53.85 61.54 76.92 61.54 69.23 69.23 69.23 69.23 
 10 76.92 61.54 84.62 76.92 61.54 92.31 61.54 76.92 61.54 
 11 46.15 76.92 76.92 84.62 100.00 69.23 69.23 69.23 76.92 
 12 46.15 38.46 84.62 61.54 76.92 76.92 61.54 46.15 38.46 
 13 61.54 69.23 69.23 84.62 76.92 38.46 92.31 84.62 46.15 
 14 38.46 61.54 69.23 69.23 84.62 61.54 53.85 69.23 69.23 
 15 69.23 69.23 76.92 53.85 53.85 69.23 53.85 76.92 76.92 
 16 61.54 76.92 84.62 53.85 84.62 76.92 69.23 76.92 61.54 
 17 61.54 84.62 76.92 84.62 76.92 61.54 76.92 61.54 53.85 
 18 69.23 69.23 76.92 92.31 84.62 61.54 61.54 61.54 53.85 
 19 38.46 69.23 69.23 69.23 76.92 76.92 46.15 53.85 61.54 
 20 69.23 69.23 76.92 92.31 76.92 76.92 92.31 53.85 53.85 
           

Mean  57.31 64.62 74.62 75.00 70.38 68.08 65.77 62.69 59.23 
SD  13.32 11.81 9.37 11.40 17.16 11.51 13.32 10.67 14.14 
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APPENDIX G 
 
Values of d’ calculated using the relation outlined by Hacker and Ratcliff (1979). 
 
Table G.1: Values of d’ to 2dp using Eq. 8.2 for two-alternative (M=2) and three-alternative (M=3) forced choice 
tasks, where p is proportion correct. 
 

 d'   d' 
P M=2 M=3  P M=2 M=3 

0.01 -3.29 -2.42  0.51 0.04 0.59 
0.02 -2.9 -2.08  0.52 0.07 0.62 
0.03 -2.66 -1.86  0.53 0.11 0.65 
0.04 -2.48 -1.69  0.54 0.14 0.69 
0.05 -2.33 -1.56  0.55 0.18 0.72 
0.06 -2.2 -1.44  0.56 0.21 0.75 
0.07 -2.09 -1.34  0.57 0.25 0.78 
0.08 -1.99 -1.25  0.58 0.29 0.82 
0.09 -1.9 -1.17  0.59 0.32 0.85 
0.1 -1.81 -1.09  0.6 0.36 0.89 
0.11 -1.73 -1.02  0.61 0.4 0.92 
0.12 -1.66 -0.96  0.62 0.43 0.95 
0.13 -1.59 -0.89  0.63 0.47 0.99 
0.14 -1.53 -0.83  0.64 0.51 1.02 
0.15 -1.47 -0.78  0.65 0.54 1.06 
0.16 -1.41 -0.72  0.66 0.58 1.09 
0.17 -1.35 -0.67  0.67 0.62 1.13 
0.18 -1.29 -0.62  0.68 0.66 1.16 
0.19 -1.24 -0.57  0.69 0.7 1.2 
0.2 -1.19 -0.53  0.7 0.74 1.24 
0.21 -1.14 -0.48  0.71 0.78 1.28 
0.22 -1.09 -0.44  0.72 0.82 1.31 
0.23 -1.04 -0.4  0.73 0.87 1.35 
0.24 -1 -0.35  0.74 0.91 1.39 
0.25 -0.95 -0.31  0.75 0.95 1.43 
0.26 -0.91 -0.27  0.76 1 1.47 
0.27 -0.87 -0.23  0.77 1.05 1.52 
0.28 -0.82 -0.2  0.78 1.09 1.56 
0.29 -0.78 -0.16  0.79 1.14 1.61 
0.3 -0.74 -0.12  0.8 1.19 1.65 
0.31 -0.7 -0.08  0.81 1.24 1.7 
0.32 -0.66 -0.05  0.82 1.29 1.75 
0.33 -0.62 -0.01  0.83 1.35 1.8 
0.34 -0.58 0.02  0.84 1.41 1.85 
0.35 -0.55 0.06  0.85 1.47 1.91 
0.36 -0.51 0.09  0.86 1.53 1.97 
0.37 -0.47 0.13  0.87 1.59 2.03 
0.38 -0.43 0.16  0.88 1.66 2.09 
0.39 -0.4 0.2  0.89 1.73 2.16 
0.4 -0.36 0.23  0.9 1.81 2.23 
0.41 -0.32 0.26  0.91 1.9 2.31 
0.42 -0.29 0.3  0.92 1.99 2.39 
0.43 -0.25 0.33  0.93 2.09 2.49 
0.44 -0.21 0.36  0.94 2.2 2.59 
0.45 -0.18 0.39  0.95 2.33 2.71 
0.46 -0.14 0.43  0.96 2.48 2.85 
0.47 -0.11 0.46  0.97 2.66 3.02 
0.48 -0.07 0.49  0.98 2.9 3.25 
0.49 -0.04 0.52  0.99 3.29 3.62 
0.5 0 0.56  1.00 ∞ ∞ 
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APPENDIX H 
 
Raw data used to construct psychometric functions and compute performance indices (Chapter 
VIII) 
 
 
Table H.1.1 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 15 dB SPL and are shown for four observers.   
 
 
Pedestal: 15 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 10 12 14 13 59.05 12.40 1.52 0.07 
 1 14 11 12 15 16 64.76 13.60 2.07 0.54 

WC 2 12 18 13 16 15 70.48 14.80 2.39 0.74 
 3 18 18 14 18 17 80.95 17.00 1.73 1.24 
 4 20 21 20 20 21 97.14 20.40 0.55 2.66 
           
 0 12 10 12 8 13 52.38 11.00 2.00 0.07 
 1 13 9 14 14 11 58.10 12.20 2.17 0.32 

MK 2 15 13 15 16 15 70.48 14.80 1.10 0.74 
 3 18 13 16 20 18 80.95 17.00 2.65 1.19 
 4 21 19 20 21 20 96.19 20.20 0.84 2.48 
           
 0 13 11 11 13 13 58.10 12.20 1.10 0.00 
 1 15 10 14 13 16 64.76 13.60 2.30 0.51 

EL 2 16 17 16 17 15 77.14 16.20 0.84 1.05 
 3 18 19 19 19 18 88.57 18.60 0.55 1.66 
 4 21 20 20 20 20 96.19 20.20 0.45 2.48 
           
 0 11 11 13 13 12 57.14 12.00 1.00 0.04 
 1 12 13 13 14 12 60.95 12.80 0.84 0.40 

DS 2 15 16 15 15 15 72.38 15.20 0.45 0.82 
 3 17 16 18 16 18 80.95 17.00 1.00 1.24 
 4 20 20 20 20 19 94.29 19.80 0.45 2.20 

           
 
 
 
 
 
 
 
 
 
 



 419

Table H.1.2 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 20 dB SPL and are shown for four observers. 
 
 
Pedestal: 20 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 11 13 11 13 12 57.14 12.00 1.00 0.11 
 1 12 16 18 11 9 62.86 13.20 3.70 0.47 

WC 2 17 15 15 16 14 73.33 15.40 1.14 0.87 
 3 15 16 20 19 18 83.81 17.60 2.07 1.41 
 4 19 21 19 20 21 95.24 20.00 1.00 2.33 
           
 0 12 11 12 11 13 56.19 11.80 0.84 0.18 
 1 15 13 12 12 15 63.81 13.40 1.52 0.51 

MK 2 15 16 17 15 15 74.29 15.60 0.89 0.91 
 3 16 18 18 15 17 80.00 16.80 1.30 1.19 
 4 20 20 21 19 20 95.24 20.00 0.71 2.33 
           
 0 11 11 13 11 13 56.19 11.80 1.10 0.21 
 1 16 15 14 11 14 66.67 14.00 1.87 0.58 

EL 2 16 13 16 13 16 70.48 14.80 1.64 0.74 
 3 19 16 19 17 20 86.67 18.20 1.64 1.53 
 4 19 21 21 20 21 97.14 20.40 0.89 2.66 
           
 0 12 12 11 14 10 56.19 11.80 1.48 0.07 
 1 8 13 12 13 15 58.10 12.20 2.59 0.29 

DS 2 16 15 14 15 13 69.52 14.60 1.14 0.74 
 3 14 16 16 16 18 76.19 16.00 1.41 1.00 
 4 20 21 19 19 21 95.24 20.00 1.00 2.33 
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Table H.1.3 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 25 dB SPL and are shown for four observers.   
 
 
Pedestal: 25 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 12 11 12 14 59.05 12.40 1.14 0.21 
 1 15 15 15 15 13 69.52 14.60 0.89 0.70 

WC 2 17 17 15 12 15 72.38 15.20 2.05 0.87 
 3 17 16 17 17 19 81.90 17.20 1.10 1.29 
 4 19 20 20 20 20 94.29 19.80 0.45 2.20 
           
 0 13 12 14 12 9 57.14 12.00 1.87 0.14 
 1 13 15 14 13 13 64.76 13.60 0.89 0.54 

MK 2 16 14 14 16 15 71.43 15.00 1.00 0.78 
 3 16 18 16 15 16 77.14 16.20 1.10 1.09 
 4 20 19 21 21 20 96.19 20.20 0.84 2.48 
           
 0 12 11 11 12 13 56.19 11.80 0.84 0.11 
 1 16 14 14 12 13 65.71 13.80 1.48 0.58 

EL 2 15 12 16 16 14 69.52 14.60 1.67 0.74 
 3 19 16 17 17 17 81.90 17.20 1.10 1.24 
 4 20 19 21 20 20 95.24 20.00 0.71 2.33 
           
 0 12 12 11 12 11 55.24 11.60 0.55 0.18 
 1 15 12 15 13 13 64.76 13.60 1.34 0.54 

DS 2 15 13 17 13 16 70.48 14.80 1.79 0.78 
 3 16 17 17 19 17 81.90 17.20 1.10 1.29 
 4 20 21 20 21 19 96.19 20.20 0.84 2.48 
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Table H.1.4 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 30 dB SPL and are shown for four observers.   
 
 
Pedestal: 30 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 11 12 12 12 57.14 12.00 0.71 0.18 
 1 12 11 17 14 15 65.71 13.80 2.39 0.58 

WC 2 14 17 16 17 17 77.14 16.20 1.30 1.05 
 3 19 19 18 19 19 89.52 18.80 0.45 1.81 
 4 21 20 20 21 21 98.10 20.60 0.55 2.90 
           
 0 12 13 11 12 11 56.19 11.80 0.84 0.21 
 1 14 15 14 12 13 64.76 13.60 1.14 0.54 

MK 2 15 16 15 15 17 74.29 15.60 0.89 0.91 
 3 18 19 16 20 17 85.71 18.00 1.58 1.53 
 4 20 21 21 20 19 96.19 20.20 0.84 2.48 
           
 0 10 12 11 13 13 56.19 11.80 1.30 0.21 
 1 15 15 17 12 11 66.67 14.00 2.45 0.58 

EL 2 17 16 17 13 16 75.24 15.80 1.64 0.95 
 3 18 19 20 10 20 82.86 17.40 4.22 1.29 
 4 21 19 21 19 20 95.24 20.00 1.00 2.33 
           
 0 12 13 12 11 11 56.19 11.80 0.84 0.11 
 1 10 12 12 14 14 59.05 12.40 1.67 0.32 

DS 2 17 14 15 16 16 74.29 15.60 1.14 0.91 
 3 17 16 17 19 17 81.90 17.20 1.10 1.29 
 4 21 20 20 19 21 96.19 20.20 0.84 2.48 
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Table H.1.5 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 35 dB SPL and are shown for four observers.   
 
 
Pedestal: 35 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 11 12 11 13 13 57.14 12.00 1.00 0.25 
 1 14 15 16 15 14 70.48 14.80 0.84 0.74 

WC 2 15 15 17 16 17 76.19 16.00 1.00 1.00 
 3 17 19 18 18 19 86.67 18.20 0.84 1.59 
 4 20 21 21 21 20 98.10 20.60 0.55 2.90 
           
 0 11 13 12 13 13 59.05 12.40 0.89 0.21 
 1 14 17 14 14 13 68.57 14.40 1.52 0.66 

MK 2 15 17 17 16 17 78.10 16.40 0.89 1.05 
 3 17 17 18 18 16 81.90 17.20 0.84 1.24 
 4 19 20 21 20 20 95.24 20.00 0.71 2.33 
           
 0 13 11 13 12 12 58.10 12.20 0.84 0.14 
 1 15 17 12 15 12 67.62 14.20 2.17 0.62 

EL 2 16 17 17 14 17 77.14 16.20 1.30 1.05 
 3 17 15 18 17 18 80.95 17.00 1.22 1.19 
 4 19 20 20 21 21 96.19 20.20 0.84 2.48 
           
 0 12 11 12 12 11 55.24 11.60 0.55 0.18 
 1 11 15 13 13 14 62.86 13.20 1.48 0.47 

DS 2 17 16 12 15 17 73.33 15.40 2.07 0.87 
 3 17 18 16 15 18 80.00 16.80 1.30 1.19 
 4 20 20 20 20 20 95.24 20.00 0.00 2.33 
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Table H.1.6 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 40 dB SPL and are shown for four observers.   
 
 
Pedestal: 40 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 12 12 14 10 12 57.14 12.00 1.41 0.25 
 1 12 13 14 11 14 60.95 12.80 1.30 0.40 

WC 2 14 16 14 16 17 73.33 15.40 1.34 0.87 
 3 16 17 19 19 19 85.71 18.00 1.41 1.53 
 4 20 20 19 20 21 95.24 20.00 0.71 2.33 
           
 0 12 11 12 13 12 57.14 12.00 0.71 0.18 
 1 11 16 11 15 16 65.71 13.80 2.59 0.58 

MK 2 16 12 15 17 14 70.48 14.80 1.92 0.74 
 3 17 18 18 19 18 85.71 18.00 0.71 1.53 
 4 20 20 21 21 21 98.10 20.60 0.55 2.90 
           
 0 13 14 10 11 13 58.10 12.20 1.64 0.11 
 1 16 17 11 15 13 68.57 14.40 2.41 0.66 

EL 2 18 18 9 18 15 74.29 15.60 3.91 0.91 
 3 19 18 15 16 18 81.90 17.20 1.64 1.24 
 4 19 21 20 20 20 95.24 20.00 0.71 2.33 
           
 0 12 13 11 11 12 56.19 11.80 0.84 0.07 
 1 16 12 13 10 13 60.95 12.80 2.17 0.40 

DS 2 13 16 15 14 16 70.48 14.80 1.30 0.74 
 3 17 18 16 15 18 80.00 16.80 1.30 1.19 
 4 19 20 21 19 19 93.33 19.60 0.89 2.09 
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Table H.1.7 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 45 dB SPL and are shown for four observers.   
 
 
Pedestal: 45 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 11 12 13 13 59.05 12.40 0.89 0.04 
 1 17 14 12 12 12 63.81 13.40 2.19 0.51 

WC 2 16 15 17 16 15 75.24 15.80 0.84 0.95 
 3 19 20 15 18 17 84.76 17.80 1.92 1.47 
 4 20 20 20 20 21 96.19 20.20 0.45 2.48 
           
 0 12 12 11 11 13 56.19 11.80 0.84 0.14 
 1 17 13 12 13 14 65.71 13.80 1.92 0.54 

MK 2 15 14 16 12 17 70.48 14.80 1.92 0.74 
 3 18 18 16 18 18 83.81 17.60 0.89 1.35 
 4 20 20 20 20 20 95.24 20.00 0.00 2.33 
           
 0 11 12 12 11 13 56.19 11.80 0.84 0.21 
 1 13 15 13 12 10 60.00 12.60 1.82 0.36 

EL 2 17 13 14 17 17 74.29 15.60 1.95 0.91 
 3 17 17 19 17 19 84.76 17.80 1.10 1.41 
 4 19 19 20 20 21 94.29 19.80 0.84 2.20 
           
 0 12 13 8 12 12 54.29 11.40 1.95 0.14 
 1 14 14 12 11 11 59.05 12.40 1.52 0.32 

DS 2 17 13 13 17 14 70.48 14.80 2.05 0.74 
 3 18 16 15 15 14 74.29 15.60 1.52 0.95 
 4 21 21 19 20 20 96.19 20.20 0.84 2.48 
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Table H.1.8 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 50 dB SPL and are shown for four observers.   
 
 
Pedestal: 50 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 11 12 12 9 54.29 11.40 1.52 0.14 
 1 12 15 16 15 14 68.57 14.40 1.52 0.66 

WC 2 15 15 15 14 17 72.38 15.20 1.10 0.82 
 3 17 16 19 18 19 84.76 17.80 1.30 1.47 
 4 20 20 21 20 20 96.19 20.20 0.45 2.48 
           
 0 13 11 12 13 13 59.05 12.40 0.89 0.07 
 1 16 13 12 11 15 63.81 13.40 2.07 0.51 

MK 2 16 14 16 15 16 73.33 15.40 0.89 0.87 
 3 19 19 17 15 16 81.90 17.20 1.79 1.29 
 4 20 21 21 19 21 97.14 20.40 0.89 2.66 
           
 0 12 12 12 10 12 55.24 11.60 0.89 0.18 
 1 16 16 15 10 11 64.76 13.60 2.88 0.54 

EL 2 15 16 16 13 16 72.38 15.20 1.30 0.82 
 3 16 19 17 17 18 82.86 17.40 1.14 1.35 
 4 19 20 19 21 21 95.24 20.00 1.00 2.33 
           
 0 14 10 11 13 11 56.19 11.80 1.64 0.11 
 1 11 16 11 10 16 60.95 12.80 2.95 0.40 

DS 2 15 15 17 16 15 74.29 15.60 0.89 0.91 
 3 20 17 18 17 16 83.81 17.60 1.52 1.41 
 4 20 20 20 21 20 96.19 20.20 0.45 2.48 
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Table H.1.9 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 55 dB SPL and are shown for four observers.   
 
 
Pedestal: 55 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 13 13 12 11 13 59.05 12.40 0.89 0.21 
 1 17 14 15 13 11 66.67 14.00 2.24 0.58 

WC 2 15 15 17 17 13 73.33 15.40 1.67 0.87 
 3 18 18 15 18 18 82.86 17.40 1.34 1.35 
 4 21 21 20 20 19 96.19 20.20 0.84 2.48 
           
 0 10 12 11 11 14 55.24 11.60 1.52 0.18 
 1 12 12 10 14 13 58.10 12.20 1.48 0.18 

MK 2 16 17 11 15 16 71.43 15.00 2.35 0.78 
 3 18 16 16 16 16 78.10 16.40 0.89 1.09 
 4 20 21 21 19 21 97.14 20.40 0.89 2.66 
           
 0 11 12 14 12 12 58.10 12.20 1.10 0.18 
 1 14 15 13 17 12 67.62 14.20 1.92 0.66 

EL 2 17 15 18 13 12 71.43 15.00 2.55 0.78 
 3 17 16 16 16 18 79.05 16.60 0.89 1.19 
 4 20 19 20 21 21 96.19 20.20 0.84 2.48 
           
 0 11 12 11 12 13 56.19 11.80 0.84 0.14 
 1 12 12 11 15 14 60.95 12.80 1.64 0.40 

DS 2 15 16 16 15 17 75.24 15.80 0.84 0.95 
 3 18 15 17 18 18 81.90 17.20 1.30 1.29 
 4 21 19 21 21 19 96.19 20.20 1.10 2.48 

           
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 427

Table H.1.10 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
1000-Hz sinusoid embedded in gated noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.1, were 
collected using a pedestal level of 60 dB SPL and are shown for four observers.   
 
 
Pedestal: 60 dB SPL  Block Number 
 

  Observer Δp/p 1 2 3 4 5 %Corr Mean SD d' 
           

 0 12 12 11 12 12 56.19 11.80 0.45 0.11 
 1 14 17 14 12 13 66.67 14.00 1.87 0.58 

WC 2 15 14 13 17 15 70.48 14.80 1.48 0.74 
 3 17 15 17 19 18 81.90 17.20 1.48 1.29 
 4 21 20 20 20 20 96.19 20.20 0.45 2.48 
           
 0 12 11 12 12 13 57.14 12.00 0.71 0.25 
 1 13 11 13 11 13 58.10 12.20 1.10 0.29 

MK 2 14 17 13 15 16 71.43 15.00 1.58 0.78 
 3 16 18 16 17 15 78.10 16.40 1.14 1.09 
 4 20 20 20 20 20 95.24 20.00 0.00 2.33 
           
 0 11 12 12 12 13 57.14 12.00 0.71 0.25 
 1 17 16 12 14 12 67.62 14.20 2.28 0.62 

EL 2 16 18 16 17 13 76.19 16.00 1.87 1.00 
 3 15 19 19 17 18 83.81 17.60 1.67 1.35 
 4 20 20 19 20 20 94.29 19.80 0.45 2.20 
           
 0 11 13 11 11 13 56.19 11.80 1.10 0.04 
 1 12 15 11 12 13 60.00 12.60 1.52 0.36 

DS 2 15 17 15 15 16 74.29 15.60 0.89 0.91 
 3 17 15 18 15 18 79.05 16.60 1.52 1.14 
 4 19 20 20 20 20 94.29 19.80 0.45 2.20 
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Table H.2.1 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a -15 dB SPL pedestal.  Data are for three observers.  
 
Pedestal: -15 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 8 7 5 8 10 7.60 1.82 36.19 0.09 
 1 11 10 8 6 12 9.40 2.41 44.76 0.39 

MF 2 15 16 18 11 17 15.40 2.70 73.33 1.35 
 3 21 17 20 16 19 18.60 2.07 88.57 2.09 
 4 21 19 21 20 21 20.40 0.89 97.14 3.02 
           
 0 8 8 7 5 10 7.60 1.82 36.19 0.09 
 1 9 10 9 11 9 9.60 0.89 45.71 0.43 

EL 2 12 14 14 14 11 13.00 1.41 61.90 0.95 
 3 17 14 18 15 17 16.20 1.64 77.14 1.52 
 4 20 20 21 19 21 20.20 0.84 96.19 2.85 
           
 0 8 7 9 6 8 7.60 1.14 36.19 0.09 
 1 9 12 6 8 12 9.40 2.61 44.76 0.39 

DS 2 13 10 9 14 12 11.60 2.07 55.24 0.72 
 3 19 16 18 16 16 17.00 1.41 80.95 1.70 
 4 20 20 21 21 20 20.40 0.55 97.14 3.02 

 
 
 
Table H.2.2 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a -10 dB SPL pedestal.  Data are for three observers. 
 
Pedestal: -10 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 10 6 7 10 7 8.00 1.87 38.10 0.16 
 1 13 9 8 7 15 10.40 3.44 49.52 0.52 

MF 2 17 9 11 11 16 12.80 3.49 60.95 0.92 
 3 21 16 17 15 15 16.80 2.49 80.00 1.65 
 4 21 18 20 21 20 20.00 1.22 95.24 2.71 
           
 0 7 8 8 9 9 8.20 0.84 39.05 0.20 
 1 9 10 10 13 10 10.40 1.52 49.52 0.56 

EL 2 13 15 11 12 16 13.40 2.07 63.81 1.02 
 3 13 17 17 18 13 15.60 2.41 74.29 1.39 
 4 19 20 20 19 20 19.60 0.55 93.33 2.49 
           
 0 8 10 9 8 10 9.00 1.00 42.86 0.30 
 1 12 8 7 9 9 9.00 1.87 42.86 0.33 

DS 2 10 10 10 11 11 10.40 0.55 49.52 0.56 
 3 16 18 12 16 18 16.00 2.45 76.19 1.47 
 4 19 20 20 21 20 20.00 0.71 95.24 2.71 
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Table H.2.3 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a -5 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: -5 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 7 9 4 8 7 7.00 1.87 33.33 0.02 
 1 10 7 13 14 9 10.60 2.88 50.48 0.56 

MF 2 14 14 11 20 14 14.60 3.29 69.52 1.24 
 3 17 17 16 19 18 17.40 1.14 82.86 1.80 
 4 21 20 19 20 21 20.20 0.84 96.19 2.85 
           
 0 8 0 9 8 6 6.20 3.63 29.52 0.13 
 1 9 0 9 11 9 7.60 4.34 36.19 0.39 

EL 2 14 0 10 11 11 9.20 5.36 43.81 0.72 
 3 16 0 17 18 15 13.20 7.46 62.86 1.61 
 4 20 0 20 19 18 15.40 8.65 73.33 2.39 
           
 0 6 8 4 9 10 7.40 2.41 35.24 0.06 
 1 11 10 7 12 11 10.20 1.92 48.57 0.52 

DS 2 12 11 15 12 12 12.40 1.52 59.05 0.85 
 3 19 16 18 18 18 17.80 1.10 84.76 1.91 
 4 20 21 21 20 20 20.40 0.55 97.14 3.02 

 
 
Table H.2.4 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 0 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 0 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 7 9 10 7 8 8.20 1.30 39.05 0.20 
 1 9 10 12 10 12 10.60 1.34 50.48 0.56 

MF 2 15 13 14 14 13 13.80 0.84 65.71 1.09 
 3 17 19 17 18 18 17.80 0.84 84.76 1.85 
 4 20 21 21 20 21 20.60 0.55 98.10 3.25 
           
 0 9 9 5 7 8 7.60 1.67 36.19 0.09 
 1 11 9 10 9 10 9.80 0.84 46.67 0.43 

EL 2 12 14 12 15 12 13.00 1.41 61.90 0.95 
 3 12 18 16 16 17 15.80 2.28 75.24 1.43 
 4 17 19 20 19 21 19.20 1.48 91.43 2.31 
           
 0 9 8 6 8 9 8.00 1.22 38.10 0.16 
 1 8 6 10 12 12 9.60 2.61 45.71 0.43 

DS 2 13 13 11 9 13 11.80 1.79 56.19 0.75 
 3 18 14 15 16 19 16.40 2.07 78.10 1.56 
 4 20 20 20 20 20 20.00 0.00 95.24 2.71 
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Table H.2.5 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 5 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 5 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 9 9 7 8 8 8.20 0.84 39.05 0.20 
 1 9 11 13 14 9 11.20 2.28 53.33 0.65 

MF 2 14 16 11 13 9 12.60 2.70 60.00 0.89 
 3 17 18 19 18 17 17.80 0.84 84.76 1.91 
 4 21 21 21 20 21 20.80 0.45 99.05 3.62 
           
 0 9 8 6 8 9 8.00 1.22 38.10 0.16 
 1 8 10 12 10 9 9.80 1.48 46.67 0.46 

EL 2 13 11 13 16 9 12.40 2.61 59.05 0.85 
 3 13 17 17 14 15 15.20 1.79 72.38 1.31 
 4 18 19 19 19 20 19.00 0.71 90.48 2.23 
           
 0 7 6 8 8 8 7.40 0.89 35.24 0.06 
 1 9 8 11 14 8 10.00 2.55 47.62 0.49 

DS 2 13 9 11 13 11 11.40 1.67 54.29 0.69 
 3 16 17 16 13 17 15.80 1.64 75.24 1.43 
 4 19 20 21 20 21 20.20 0.84 96.19 2.85 

 
 
Table H.2.6 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 10 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 10 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 9 10 7 6 7 7.80 1.64 37.14 0.37 
 1 6 11 10 11 11 9.80 2.17 46.67 0.43 

MF 2 11 18 16 12 16 14.60 2.97 69.52 1.24 
 3 15 17 19 19 15 17.00 2.00 80.95 1.70 
 4 20 21 21 20 20 20.40 0.55 97.14 3.02 
           
 0 9 8 8 7 8 8.00 0.71 38.10 0.16 
 1 10 11 9 11 11 10.40 0.89 49.52 0.56 

EL 2 13 13 12 10 13 12.20 1.30 58.10 0.82 
 3 13 15 16 13 14 14.20 1.30 67.62 1.16 
 4 19 20 19 18 19 19.00 0.71 90.48 2.23 
           
 0 8 10 10 10 7 9.00 1.41 42.86 0.30 
 1 6 9 6 8 13 8.40 2.88 40.00 0.23 

DS 2 13 12 12 11 13 12.20 0.84 58.10 0.82 
 3 17 15 18 14 16 16.00 1.58 76.19 1.47 
 4 21 21 20 18 20 20.00 1.22 95.24 2.71 
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Table H.2.7 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 15 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 15 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 6 10 6 8 6 7.20 1.79 34.29 0.02 
 1 13 8 8 7 9 9.00 2.35 42.86 0.33 

MF 2 9 13 15 15 13 13.00 2.45 61.90 0.95 
 3 16 14 18 17 17 16.40 1.52 78.10 1.56 
 4 19 21 20 20 21 20.20 0.84 96.19 2.85 
           
 0 7 8 8 9 8 8.00 0.71 38.10 0.16 
 1 13 12 6 9 10 10.00 2.74 47.62 0.49 

EL 2 10 12 14 13 11 12.00 1.58 57.14 0.78 
 3 14 16 14 15 15 14.80 0.84 70.48 1.24 
 4 20 21 20 20 20 20.20 0.45 96.19 2.85 
           
 0 9 12 5 6 6 7.60 2.88 36.19 0.09 
 1 6 5 13 11 9 8.80 3.35 41.90 0.30 

DS 2 10 8 11 10 10 9.80 1.10 46.67 0.46 
 3 16 16 17 14 15 15.60 1.14 74.29 1.39 
 4 17 18 19 21 19 18.80 1.48 89.52 2.23 

 
 
Table H.2.8 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 20 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 20 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 7 10 8 7 5 7.40 1.82 35.24 0.06 
 1 13 11 10 10 11 11.00 1.22 52.38 0.62 

MF 2 12 13 11 15 13 12.80 1.48 60.95 0.92 
 3 13 15 17 18 14 15.40 2.07 73.33 1.35 
 4 20 21 21 19 20 20.20 0.84 96.19 2.85 
           
 0 8 7 8 8 8 7.80 0.45 37.14 0.13 
 1 9 9 9 11 10 9.60 0.89 45.71 0.43 

EL 2 11 13 11 12 13 12.00 1.00 57.14 0.78 
 3 14 15 14 14 15 14.40 0.55 68.57 1.20 
 4 20 20 21 19 18 19.60 1.14 93.33 2.49 
           
 0 6 7 7 8 7 7.00 0.71 33.33 0.00 
 1 8 10 10 10 7 9.00 1.41 42.86 0.33 

DS 2 9 17 12 11 10 11.80 3.11 56.19 0.75 
 3 11 21 16 12 17 15.40 4.04 73.33 1.35 
 4 17 19 19 20 18 18.60 1.14 88.57 2.16 
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Table H.2.9 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 25 dB SPL pedestal.  Data are for three observers. 
 
 
Pedestal: 25 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 7 9 8 10 7 8.20 1.30 39.05 0.02 
 1 11 12 9 13 13 11.60 1.67 55.24 0.72 

MF 2 14 8 11 16 16 13.00 3.46 61.90 0.95 
 3 18 14 17 17 16 16.40 1.52 78.10 1.56 
 4 20 20 19 20 20 19.80 0.45 94.29 2.59 
           
 0 5 9 7 8 8 7.40 1.52 35.24 0.06 
 1 6 11 12 12 9 10.00 2.55 47.62 0.49 

EL 2 11 12 13 14 10 12.00 1.58 57.14 0.78 
 3 14 15 18 17 17 16.20 1.64 77.14 1.52 
 4 20 21 20 20 20 20.20 0.45 96.19 2.85 
           
 0 7 8 10 8 6 7.80 1.48 37.14 0.13 
 1 9 12 11 9 7 9.60 1.95 45.71 0.43 

DS 2 13 14 12 14 12 13.00 1.00 61.90 0.95 
 3 18 18 16 14 16 16.40 1.67 78.10 1.56 
 4 21 19 19 21 21 20.20 1.10 96.19 2.85 

 
 
Table H.2.10 : Raw data (number correct per block) and performance indices (percentage correct and d’) obtained in 
Experiment 8.2 for a noise discrimination task employing a 30 dB SPL pedestal. Data are for 3 observers. 
 
 
Pedestal: 30 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 7 12 8 5 6 7.60 2.70 36.19 0.09 
 1 10 13 6 11 8 9.60 2.70 45.71 0.43 

MF 2 10 14 10 13 13 12.00 1.87 57.14 0.78 
 3 17 19 18 17 18 17.80 0.84 84.76 1.85 
 4 19 21 20 20 21 20.20 0.84 96.19 2.85 
           
 0 7 8 8 7 8 7.60 0.55 36.19 0.09 
 1 8 11 9 9 9 9.20 1.10 43.81 0.36 

EL 2 10 12 13 11 13 11.80 1.30 56.19 0.75 
 3 17 16 17 16 17 16.60 0.55 79.05 1.61 
 4 19 20 19 20 20 19.60 0.55 93.33 2.49 
           
 0 9 8 9 6 8 8.00 1.22 38.10 0.16 
 1 8 10 13 6 11 9.60 2.70 45.71 0.43 

DS 2 14 12 14 13 12 13.00 1.00 61.90 0.95 
 3 17 16 16 18 16 16.60 0.89 79.05 1.61 
 4 20 21 21 20 19 20.20 0.84 96.19 2.85 
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Table H.3.1 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 20 dB SPL and are shown for two observers.   
 
 
Pedestal: 20 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 12 12 14 13 10 12.20 1.48 58.10 0.29 
 1 12 12 15 15 14 13.60 1.52 64.76 0.54 

WC 2 14 17 12 19 16 15.60 2.70 74.29 0.91 
 3 17 19 14 21 21 18.40 2.97 87.62 1.66 
 4 20 21 18 21 21 20.20 1.30 96.19 2.48 
           
 0 12 13 11 12 11 11.80 0.84 56.19 0.21 
 1 13 13 12 12 12 12.40 0.55 59.05 0.32 

DS 2 14 14 16 18 17 15.80 1.79 75.24 0.95 
 3 18 16 18 19 18 17.80 1.10 84.76 1.47 
 4 20 19 20 19 21 19.80 0.84 94.29 2.20 

 
 
 
 
Table H.3.2 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 25 dB SPL and are shown for two observers.   
 
 
 Pedestal: 25 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 11 12 12 13 12 12.00 0.71 57.14 0.25 
 1 10 14 15 14 13 13.20 1.92 62.86 0.47 

WC 2 13 18 17 14 15 15.40 2.07 73.33 0.87 
 3 10 20 20 19 21 18.00 4.53 85.71 1.53 
 4 18 21 21 19 21 20.00 1.41 95.24 2.33 
           
 0 12 13 11 12 11 11.80 0.84 56.19 0.21 
 1 13 11 14 12 13 12.60 1.14 60.00 0.36 

DS 2 15 16 17 16 14 15.60 1.14 74.29 0.91 
 3 18 19 19 18 19 18.60 0.55 88.57 1.73 
 4 20 21 21 20 21 20.60 0.55 98.10 2.90 
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Table H.3.3 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 30 dB SPL and are shown for two observers.   
 
 
Pedestal: 30 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 12 12 10 14 11 11.80 1.48 56.19 0.21 
 1 11 15 10 16 14 13.20 2.59 62.86 0.47 

WC 2 8 17 15 18 20 15.60 4.62 74.29 0.91 
 3 9 20 16 20 21 17.20 4.97 81.90 1.29 
 4 20 20 19 21 19 19.80 0.84 94.29 2.20 
           
 0 13 12 11 12 11 11.80 0.84 56.19 0.14 
 1 13 13 13 14 12 13.00 0.71 61.90 0.43 

DS 2 15 15 15 14 14 14.60 0.55 69.52 0.74 
 3 20 19 18 19 18 18.80 0.84 89.52 1.41 
 4 19 19 20 20 20 19.60 0.55 93.33 2.09 

 
 
 
 
Table H.3.4 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 35 dB SPL and are shown for two observers.   
 
 
Pedestal: 35 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 12 11 13 12 12 12.00 0.71 57.14 0.25 
 1 13 12 15 13 16 13.80 1.64 65.71 0.58 

WC 2 15 17 15 17 16 16.00 1.00 76.19 1.00 
 3 18 19 18 17 17 17.80 0.84 84.76 1.47 
 4 20 21 19 19 20 19.80 0.84 94.29 2.20 
           
 0 11 12 13 11 12 11.80 0.84 56.19 0.21 
 1 13 12 13 13 11 12.40 0.89 59.05 0.32 

DS 2 14 16 15 13 18 15.20 1.92 72.38 0.82 
 3 17 18 19 17 18 17.80 0.84 84.76 1.47 
 4 21 20 20 19 20 20.00 0.71 95.24 2.33 
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Table H.3.5 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 40 dB SPL and are shown for two observers.   
 
 
Pedestal: 40 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 13 11 11 11 13 11.80 1.10 56.19 0.21 
 1 11 14 14 13 13 13.00 1.22 61.90 0.40 

WC 2 15 16 16 15 16 15.60 0.55 74.29 0.91 
 3 17 17 19 18 20 18.20 1.30 86.67 1.59 
 4 21 20 20 20 18 19.80 1.10 94.29 2.20 
           
 0 12 13 13 13 13 12.80 0.45 60.95 0.40 
 1 14 15 13 16 13 14.20 1.30 67.62 0.66 

DS 2 16 15 15 17 17 16.00 1.00 76.19 1.00 
 3 18 20 20 17 16 18.20 1.79 86.67 1.59 
 4 21 19 20 20 20 20.00 0.71 95.24 2.33 

 
 
 
 
Table H.3.6 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 45 dB SPL and are shown for two observers.   
 
 
Pedestal:45 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 14 11 11 10 13 11.80 1.64 56.19 0.21 
 1 13 14 15 9 13 12.80 2.28 60.95 0.40 

WC 2 17 15 16 14 14 15.20 1.30 72.38 0.82 
 3 20 15 17 17 19 17.60 1.95 83.81 1.41 
 4 20 18 19 21 21 19.80 1.30 94.29 2.20 
           
 0 14 13 13 11 10 12.20 1.64 58.10 0.29 
 1 12 13 12 13 15 13.00 1.22 61.90 0.40 

DS 2 17 15 15 15 17 15.80 1.10 75.24 0.95 
 3 18 20 17 18 19 18.40 1.14 87.62 1.66 
 4 21 19 20 20 20 20.00 0.71 95.24 2.33 
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Table H.3.7: Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 50 dB SPL and are shown for two observers.   
 
 
Pedestal: 50 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 11 13 10 11 13 11.60 1.34 55.24 0.18 
 1 15 11 17 10 14 13.40 2.88 63.81 0.51 

WC 2 17 16 17 12 18 16.00 2.35 76.19 1.00 
 3 19 18 17 19 19 18.40 0.89 87.62 1.59 
 4 19 20 20 21 21 20.20 0.84 96.19 2.48 
           
 0 11 14 11 13 12 12.20 1.30 58.10 0.29 
 1 13 15 12 12 15 13.40 1.52 63.81 0.51 

DS 2 17 16 16 16 15 16.00 0.71 76.19 1.00 
 3 19 18 17 19 18 18.20 0.84 86.67 1.59 
 4 21 20 19 20 20 20.00 0.71 95.24 1.99 

 
 
 
 
Table H.3.8 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 55 dB SPL and are shown for two observers.   
 
 
Pedestal: 55 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 10 10 13 12 11 11.20 1.30 53.33 0.11 
 1 14 14 14 11 15 13.60 1.52 64.76 0.54 

WC 2 16 16 17 16 13 15.60 1.52 74.29 0.91 
 3 17 17 16 18 17 17.00 0.71 80.95 1.24 
 4 19 20 20 19 20 19.60 0.55 93.33 2.09 
           
 0 13 11 12 12 11 11.80 0.84 56.19 0.21 
 1 12 15 14 12 13 13.20 1.30 62.86 0.47 

DS 2 17 16 16 13 16 15.60 1.52 74.29 0.91 
 3 19 19 18 17 19 18.40 0.89 87.62 1.66 
 4 21 20 19 20 20 20.00 0.71 95.24 2.33 
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Table H.3.9 : Tables showing number correct per block in a 2-IFC difference discrimination task using a 10-ms 
6500-Hz sinusoid embedded in bandstop noise.  Mean and standard deviations (SD) are presented along with the raw 
data converted to overall percent correct and that measure converted to d’.  Data, from Experiment 8.3, were 
collected using a pedestal level of 60 dB SPL and are shown for two observers.   
 
 
Pedestal: 60 dB SPL  Block Number 
 

Observer Δp/p 1 2 3 4 5 Mean SD % Corr d' 
           

 0 11 14 12 12 11 12.00 1.22 57.14 0.21 
 1 13 12 14 13 13 13.00 0.71 61.90 0.43 

WC 2 16 14 14 15 15 14.80 0.84 70.48 0.74 
 3 18 17 17 15 18 17.00 1.22 80.95 1.24 
 4 19 19 20 21 21 20.00 1.00 95.24 2.33 
           
 0 11 11 12 12 13 11.80 0.84 56.19 0.21 
 1 13 13 13 14 12 13.00 0.71 61.90 0.43 

DS 2 15 16 15 16 15 15.40 0.55 73.33 0.87 
 3 18 18 18 17 18 17.80 0.45 84.76 1.47 
 4 19 20 20 20 20 19.80 0.45 94.29 2.20 
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Table H.4.1 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=aXb, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.1 using 10-ms 1000-Hz 
sinusoids presented in gated noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 1.64 2.23 2.62 3.53 2.73 2.89 2.96 2.14 1.40 0.99  2.31 0.79 
 b 1.07 0.90 0.81 0.92 0.92 0.90 0.88 0.92 0.91 1.00  0.92 0.07 
 R² 0.98 1.00 0.98 1.00 0.99 0.99 1.00 0.98 0.99 0.99  0.99 0.01 

 

MK a 0.82 3.16 3.24 3.00 2.65 2.03 1.99 2.53 3.00 1.79  2.42 0.76 
 b 1.18 0.95 1.09 0.90 0.78 1.17 0.95 1.01 1.26 1.10  1.04 0.15 
 R² 0.99 0.99 0.98 0.99 0.96 0.98 0.99 0.99 0.97 0.99  0.98 0.01 

 

EL a 1.64 2.97 4.35 3.42 2.17 2.69 2.68 1.56 1.99 1.89  2.54 0.88 
 b 0.83 1.01 0.99 0.87 0.87 0.83 0.89 0.93 0.96 0.77  0.89 0.07 
 R² 0.99 0.98 0.97 1.00 0.97 0.93 1.00 0.99 0.98 0.99  0.98 0.02 

 

DS a 1.65 3.54 1.80 2.88 1.54 1.54 2.04 1.66 0.90 1.01  1.85 0.81 
 b 0.93 1.17 1.01 1.03 0.97 0.94 1.27 0.97 0.99 0.95  1.02 0.11 
 R² 1.00 0.98 0.99 0.99 0.99 1.00 0.98 0.99 0.99 0.98  0.99 0.01 

 

                  Pedestal Level (dB SPL) 
               

ΔI/I  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 0.64 0.99 1.28 1.54 2.73 1.28 0.78 0.78 0.64 0.43  1.11 0.67 
 b 0.83 0.74 0.66 0.78 0.46 0.77 0.69 0.72 0.69 0.72  0.71 0.10 
 R² 0.99 1.00 0.99 0.99 0.99 0.99 1.00 0.98 1.00 0.99  0.99 0.01 

 

MK a 0.32 1.37 1.24 1.32 2.65 0.87 0.85 1.02 0.82 0.68  1.11 0.63 
 b 0.84 0.80 0.90 0.77 0.39 0.86 0.77 0.88 1.03 0.87  0.81 0.17 
 R² 0.98 0.99 0.99 0.99 0.96 0.98 0.98 0.99 0.98 0.98  0.98 0.01 

 

EL a 0.79 1.20 1.81 1.85 2.17 1.26 1.20 0.69 0.68 0.94  1.26 0.52 
 b 0.64 0.84 0.85 0.78 0.43 0.72 0.76 0.72 0.75 0.63  0.71 0.12 
 R² 0.99 0.98 0.98 0.99 0.97 1.00 0.99 0.99 0.99 0.99  0.99 0.01 

 

DS a 0.72 1.24 0.73 0.72 1.54 0.66 0.66 0.70 0.40 0.45  0.78 0.35 
 b 0.74 1.00 0.80 0.82 0.49 0.75 1.02 0.76 0.70 0.70  0.78 0.15 
 R² 1.00 0.98 0.99 0.99 0.99 1.00 0.98 0.99 0.99 0.98  0.99 0.01 

 

                  Pedestal Level (dB SPL) 
               

ΔL  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 0.13 0.30 0.49 0.48 0.36 0.41 0.44 0.27 0.16 0.07  0.31 0.15 
 b 1.43 1.11 0.91 1.09 1.13 1.07 1.04 1.16 1.23 1.47  1.16 0.17 
 R² 0.97 1.00 0.98 1.00 0.99 0.99 1.00 0.98 0.99 0.98  0.99 0.01 

 

MK a 0.04 0.43 0.33 0.45 0.49 0.19 0.24 0.27 0.18 0.15  0.28 0.15 
 b 1.77 1.08 1.24 1.07 0.92 1.39 1.19 1.25 1.54 1.41  1.29 0.25 
 R² 1.00 1.00 0.99 0.98 0.95 0.97 0.99 0.99 0.96 0.99  0.98 0.02 

 

EL a 0.23 0.33 0.56 0.54 0.39 0.44 0.39 0.18 0.17 0.34  0.36 0.14 
 b 1.11 1.22 1.08 1.00 1.07 0.99 1.06 1.22 1.26 0.96  1.10 0.10 
 R² 0.99 0.98 0.96 1.00 0.96 0.99 0.99 0.98 0.98 0.98  0.98 0.01 

 

DS a 0.20 0.29 0.18 0.30 0.16 0.17 0.11 0.07 0.06 0.09  0.16 0.08 
 b 1.20 1.35 1.30 1.24 1.27 1.23 1.63 1.46 1.48 1.35  1.35 0.14 
 R² 1.00 0.97 0.99 0.99 0.98 1.00 0.97 1.00 0.98 0.98  0.98 0.01 
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Table H.4.2 : Best-fitting parameters and estimated x-intercept for the equation d’=mX+c, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.1 using 10-ms 1000-Hz 
sinusoids presented in gated noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p    15   20   25   30   35   40   45   50   55  60  Mean SD 
               

WC m 1.66 2.17 2.55 3.56 2.65 2.92 2.91 2.08 1.26 0.98   2.28 0.80 
 c 0.00 0.08 0.10 0.06 0.09 0.06 0.12 0.06 0.11 0.02   0.07 0.04 

 x-int 0.00 -0.04 -0.04 -0.02 -0.04 -0.02 -0.04 -0.03 -0.09 -0.02  -0.03 0.02 
 

MK m 1.02 3.15 3.11 3.01 2.53 2.07 1.94 2.48 3.02 1.85   2.42 0.70 
 c 0.05 0.07 0.13 0.07 0.23 -0.03 0.05 0.03 -0.17 -0.05   0.04 0.11 

 x-int -0.04 -0.02 -0.04 -0.02 -0.09 0.01 -0.02 -0.01 0.06 0.03  -0.02 0.04 
 

EL m 1.44 2.98 4.38 3.48 2.02 2.52 2.71 1.49 1.89 1.67   2.46 0.95 
 c 0.15 -0.01 0.00 0.12 0.15 0.17 0.06 0.05 0.09 0.21   0.10 0.07 

 x-int -0.10 0.00 0.00 -0.03 -0.07 -0.07 -0.02 -0.04 -0.05 -0.12  -0.05 0.04 
 

DS m 1.59 3.39 1.81 2.91 1.50 1.48 2.19 1.65 0.88 0.96   1.83 0.80 
 c 0.05 -0.09 0.00 -0.04 0.03 0.04 -0.15 0.00 0.00 0.04  -0.01 0.07 

 x-int -0.03 0.03 0.00 0.01 -0.02 -0.03 0.07 0.00 0.00 -0.04   0.00 0.03 
 

                  Pedestal Level (dB SPL) 
               

ΔI/I    15   20   25   30   35   40   45   50   55   60  Mean SD 
               

WC m 0.45 0.68 0.85 1.21 2.15 1.00 0.41 0.42 0.30 0.21   0.77 0.58 
 c 0.20 0.23 0.34 0.23 0.60 0.20 0.32 0.26 0.32 0.26   0.29 0.12 

 x-int -0.44 -0.34 -0.39 -0.19 -0.28 -0.20 -0.77 -0.62 -1.06 -1.27  -0.55 0.37 
 

MK m 0.21 0.11 1.09 1.02 2.65 0.68 0.58 0.79 0.84 0.54   0.85 0.71 
 c 0.11 0.18 0.13 0.21 0.60 0.15 0.21 0.19 0.00 0.11   0.19 0.16 

 x-int -0.50 -1.57 -0.12 -0.21 -0.23 -0.22 -0.36 -0.24 0.00 -0.21  -0.36 0.44 
 

EL m 0.36 0.99 1.64 1.02 1.56 0.89 0.92 0.40 0.40 0.49   0.87 0.47 
 c 0.37 0.15 0.14 0.21 0.56 0.29 0.19 0.25 0.08 0.36   0.26 0.14 

 x-int -1.03 -0.15 -0.08 -0.21 -0.35 -0.32 -0.21 -0.62 -0.19 -0.73  -0.39 0.31 
 

DS m 0.45 1.23 0.51 0.52 0.85 0.42 0.67 0.44 0.17 0.21   0.55 0.31 
 c 0.22 0.02 0.18 0.15 0.44 0.20 0.01 0.21 0.27 0.25   0.19 0.12 

 int -0.49 -0.01 -0.35 -0.29 -0.52 -0.47 -0.01 -0.47 -1.61 -1.20  -0.54 0.50 
 

                 Pedestal Level (dB SPL) 
               

ΔL    15   20   25   30   35   40   45   50   55   60  Mean SD 
               

WC m 0.33 0.39 0.40 0.58 0.47 0.48 0.48 0.38 0.28 0.24   0.40 0.10 
 c -0.24 -0.10 0.11 -0.13 -0.12 -0.09 -0.03 -0.15 -0.16 -0.32  -0.12 0.12 

 x-int 0.73 0.26 -0.27 0.21 0.25 0.19 0.07 0.40 0.57 1.32   0.37 0.43 
 

MK m 0.26 0.50 0.49 0.49 0.41 0.43 0.36 0.43 0.50 0.34   0.42 0.08 
 c -0.54 -0.05 -0.12 -0.09 0.10 -0.30 -0.15 -0.15 -0.34 -0.24  -0.19 0.18 

 x-int 2.10 0.11 0.24 0.18 -0.24 0.69 0.41 0.35 0.67 0.71   0.52 0.63 
 

EL m 0.31 0.50 0.63 0.54 0.36 0.42 0.45 0.30 0.30 0.31   0.41 0.11 
 c -0.13 -0.19 -0.04 0.00 -0.02 0.04 -0.09 -0.18 -0.13 0.02  -0.07 0.08 

 x-int 0.44 0.38 0.07 -0.01 0.07 -0.10 0.19 0.61 0.44 -0.08   0.20 0.25 
 

DS m 0.31 0.52 0.34 0.48 0.30 0.29 0.39 0.24 0.23 0.23   0.33 0.10 
 c -0.15 -0.19 -0.21 -0.20 -0.20 -0.16 -0.34 -0.40 -0.38 -0.26  -0.25 0.09 

 x-int 0.48 0.36 0.61 0.42 0.68 0.55 0.87 1.66 1.63 1.12   0.84 0.48 
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Table H.4.3 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is Δp/p, ΔI/I, 
or ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.1 using 10-ms 1000-
Hz sinusoids presented in gated noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 1.66 2.28 2.88 3.67 2.78 3.03 3.13 2.15 1.35 0.99  2.39 0.86 
 R² 0.98 0.99 0.95 0.99 0.99 0.98 0.99 0.98 0.99 0.99  0.98 0.01 

 SS-res 0.07 0.02 0.12 0.04 0.06 0.01 0.03 0.06 0.03 0.03  0.05 0.03 
 

MK m 0.93 3.31 3.10 3.14 2.94 2.04 1.99 2.52 2.74 1.79  2.45 0.75 
 r² 0.98 0.98 0.97 0.99 0.93 0.93 0.99 0.99 0.96 0.98  0.97 0.02 

 SS-res 0.07 0.05 0.10 0.03 0.16 0.33 0.02 0.04 0.04 0.05  0.09 0.09 
 

EL m 1.57 2.96 4.39 3.76 2.22 2.90 2.82 1.54 2.00 1.92  2.61 0.94 
 R² 0.97 0.99 0.98 0.97 0.95 0.96 0.98 0.99 0.97 0.94  0.97 0.02 

 ss-res 0.10 0.03 0.05 0.07 0.15 0.10 0.06 0.02 0.09 0.13  0.08 0.04 
 

DS m 1.64 3.19 1.80 2.84 1.53 1.53 1.99 1.65 0.89 0.98  1.80 0.73 
 R² 0.99 0.97 0.99 0.99 0.99 1.00 0.95 1.00 0.99 1.00  0.99 0.01 

 SS-res 0.02 0.09 0.02 0.04 0.04 0.01 0.17 0.02 0.04 0.06  0.05 0.05 
 

                  Pedestal Level (dB SPL) 
               

ΔI/I  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 0.50 0.78 1.07 1.35 2.86 1.12 0.50 0.49 0.37 0.24  0.93 0.77 
 R² 0.97 0.94 0.87 0.95 0.68 0.94 0.90 0.91 0.91 0.93  0.90 0.08 

 SS-res 0.10 0.18 0.28 0.22 1.34 0.18 0.29 0.28 0.27 0.21  0.33 0.36 
 

MK m 0.22 1.27 1.17 1.16 3.83 0.73 0.66 0.88 0.84 0.58  1.13 1.00 
 R² 0.98 0.96 0.97 0.95 0.45 0.98 0.95 0.97 0.99 0.98  0.92 0.17 

 SS-res 0.08 0.12 0.08 0.17 1.29 0.08 0.14 0.09 0.05 0.06  0.22 0.38 
 

EL m 0.45 1.07 1.80 1.84 2.15 1.07 1.04 0.46 0.47 0.62  1.10 0.63 
 r² 0.84 0.98 0.98 0.95 0.60 0.91 0.93 0.93 0.93 0.82  0.89 0.11 

 SS-res 0.51 0.09 0.06 0.15 1.12 0.22 0.19 0.21 0.20 0.39  0.32 0.31 
 

DS m 0.52 1.24 0.57 0.57 1.10 0.48 0.67 0.50 0.20 0.25  0.61 0.33 
 R² 0.94 0.99 0.97 0.96 0.73 0.95 0.98 0.95 0.91 0.90  0.93 0.07 

 SS-res 0.15 0.04 0.11 0.12 0.75 0.12 0.07 0.18 0.29 0.25  0.21 0.20 
 

                  Pedestal Level (dB SPL) 
               

ΔL  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 0.29 0.36 0.43 0.55 0.44 0.45 0.47 0.35 0.25 0.20  0.38 0.11 
 R² 0.92 0.99 0.98 1.00 0.98 0.99 1.00 0.97 0.97 0.92  0.97 0.03 

 SS-res 0.28 0.02 0.05 0.02 0.09 0.02 0.01 0.09 0.10 0.25  0.09 0.10 
 

MK m 0.19 0.48 0.46 0.47 0.44 0.37 0.32 0.39 0.41 0.29  0.38 0.09 
 R² 0.87 0.98 0.95 1.00 0.96 0.94 0.98 0.96 0.91 0.93  0.95 0.04 

 ss-res 0.46 0.06 0.17 0.02 0.09 0.25 0.06 0.14 0.36 0.20  0.18 0.14 
 

EL m 0.28 0.45 0.61 0.54 0.36 0.43 0.42 0.27 0.27 0.32  0.40 0.12 
 R² 0.99 0.97 0.98 0.98 0.95 0.97 0.99 0.98 0.93 0.99  0.97 0.02 

 SS-res 0.03 0.10 0.05 0.04 0.14 0.06 0.03 0.07 0.19 0.03  0.08 0.06 
 

DS m 0.28 0.45 0.61 0.54 0.36 0.43 0.42 0.27 0.27 0.32  0.40 0.12 
 R² 0.99 0.97 0.98 0.98 0.95 0.97 0.99 0.98 0.93 0.99  0.97 0.02 

 SS-res 0.03 0.10 0.05 0.04 0.14 0.06 0.03 0.07 0.19 0.03  0.08 0.06 
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Table H.5.1 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=aXb, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.2 using 10-ms bursts of 
Gaussian noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF a 0.59 0.76 1.39 1.36 1.44 1.23 1.25 1.14 1.22 0.97  1.14 0.28 
 b 0.91 0.97 0.91 1.11 1.13 0.93 1.11 1.08 0.91 0.90  1.00 0.10 
 R² 0.95 0.99 0.96 1.00 1.00 0.98 0.99 0.98 0.97 0.98  0.98 0.02 

 

EL a 1.02 1.34 1.22 1.33 1.48 1.70 1.45 1.11 1.27 1.03  1.29 0.21 
 b 1.07 0.89 0.99 0.92 0.92 0.93 1.20 1.10 1.13 1.03  1.02 0.10 
 R2 0.99 0.99 0.98 0.98 0.99 0.98 0.99 0.99 0.99 0.98  0.99 0.01 

 

DS a 0.93 1.36 1.74 2.01 1.97 2.18 2.06 1.56 1.58 1.51  1.69 0.38 
 b 1.18 1.19 1.05 1.08 1.19 1.10 1.15 1.02 1.05 1.04  1.10 0.07 
 R² 0.99 0.99 0.98 1.00 0.99 1.00 0.98 0.98 0.99 1.00  0.99 0.01 

 

   Pedestal Level (dB SPL) 
               

ΔI/I  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF a 0.33 0.37 0.64 0.58 0.57 0.58 0.49 0.47 0.57 0.47  0.51 0.10 
 b 0.57 0.65 0.67 0.73 0.82 0.66 0.82 0.78 0.67 0.63  0.70 0.08 
 R² 0.94 0.99 0.95 0.99 0.99 0.98 0.98 0.98 0.96 0.97  0.97 0.02 

 

EL a 0.43 0.62 0.53 0.60 0.65 0.74 0.52 0.44 0.49 0.44  0.55 0.10 
 b 0.77 0.67 0.74 0.70 0.72 0.74 0.90 0.82 0.83 0.75  0.76 0.07 
 R² 0.99 0.98 0.97 0.97 0.99 0.98 0.99 0.99 0.99 0.97  0.98 0.01 

 

DS a 0.37 0.50 0.70 0.77 0.69 0.82 0.45 0.63 0.63 0.62  0.62 0.14 
 b 0.82 0.89 0.80 0.85 0.94 0.88 0.87 0.80 0.80 0.78  0.84 0.05 
 R² 0.99 0.99 0.97 0.99 0.99 0.99 0.97 0.97 0.99 0.99  0.98 0.01 

    

  Pedestal Level (dB SPL) 
               

ΔL  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF a 0.03 0.03 0.14 0.10 0.08 0.11 0.08 0.07 0.12 0.09  0.08 0.04 
 b 1.68 1.73 1.29 1.47 1.65 1.37 1.58 1.55 1.30 1.35  1.50 0.16 
 R² 0.97 1.00 0.98 1.00 0.99 0.98 0.99 0.97 0.97 0.98  0.98 0.01 

 

EL a 0.06 0.15 0.10 0.14 0.17 0.21 0.08 0.07 0.08 0.07  0.11 0.05 
 b 1.60 1.23 1.40 1.26 1.22 1.19 1.65 1.56 1.60 1.52  1.42 0.18 
 R² 0.99 0.99 0.99 0.99 1.00 0.98 0.98 0.99 0.99 0.99  0.99 0.01 

 

DS a 0.04 0.07 0.14 0.17 0.12 0.18 0.15 0.15 0.12 0.12  0.13 0.04 
 b 1.80 1.66 1.43 1.40 1.57 1.41 1.45 1.33 1.44 1.43  1.49 0.14 
 R² 1.00 0.99 0.99 1.00 0.99 1.00 0.98 0.99 1.00 1.00  0.99 0.01 
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Table H.5.2 : Best-fitting parameters and estimated x-intercept for the equation d’=mX+c, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.2 using 10-ms bursts of 
Gaussian noise.   
 
 
     Pedestal Level (dB SPL) 

               

Δp/p    -15   -10   -5   0   5   10   15   20   25   30  Mean SD 
               

MF m 0.52 0.74 1.31 1.38 1.65 1.13 1.46 1.25 1.13 0.85   1.14 0.35 
 c -0.01 0.01 0.01 -0.05 -0.16 0.07 -0.19 -0.08 0.04 0.07  -0.03 0.09 

 x-int 0.01 -0.01 -0.01 0.03 0.10 -0.06 0.13 0.06 -0.04 -0.09   0.01 0.07 
 

EL m 1.15 1.21 1.31 1.27 1.42 1.63 1.65 1.23 1.46 1.11   1.34 0.19 
 k -0.12 0.09 0.01 0.02 0.04 0.06 -0.14 -0.08 -0.16 -0.10  -0.04 0.09 

 x-int 0.10 -0.08 -0.01 -0.01 -0.03 -0.04 0.08 0.07 0.11 0.09   0.03 0.07 
 

DS m 1.19 1.57 1.87 2.13 2.20 2.30 2.23 1.66 1.68 1.59   1.84 0.37 
 c -0.23 -0.14 -0.13 -0.10 -0.19 -0.11 -0.16 -0.09 -0.09 -0.08  -0.13 0.05 

 x-int 0.19 0.09 0.07 0.05 0.09 0.05 0.07 0.06 0.06 0.05   0.08 0.04 
 
 
 

                              Pedestal Level (dB SPL) 
               

ΔI/I    -15   -10   -5   0   5   10   15   20   25   30  Mean SD 
               

MF m 0.50 0.68 1.14 1.20 1.42 0.99 0.33 1.07 0.98 0.77   0.91 0.33 
 c -0.36 -0.42 -0.58 -0.67 -0.88 -0.46 0.12 -0.63 -0.47 -0.36  -0.47 0.26 

 x-int 0.72 0.62 0.51 0.56 0.62 0.47 -0.36 0.59 0.48 0.47   0.47 0.30 
 

EL m 1.01 1.02 1.06 1.06 1.14 1.25 0.42 1.04 1.24 0.97   1.02 0.23 
 c -0.66 -0.41 -0.58 -0.50 -0.47 -0.46 0.11 -0.59 -0.76 -0.61  -0.49 0.24 

 x-int 0.65 0.40 0.54 0.47 0.41 0.37 -0.25 0.57 0.62 0.63   0.44 0.26 
 

DS m 1.05 1.28 1.54 1.64 1.70 1.73 0.69 1.31 1.38 1.32   1.36 0.32 
 c -0.80 -0.73 -0.85 -0.78 -0.90 -0.80 0.01 -0.66 -0.74 -0.70  -0.70 0.26 

 x-int 0.76 0.57 0.55 0.48 0.53 0.46 -0.01 0.50 0.53 0.53   0.49 0.19 
 
 

     Pedestal Level (dB SPL) 
               

ΔL    -15   -10   -5   0   5   10   15   20   25   30  Mean SD 
               

MF m 0.23 0.26 0.32 0.34 0.39 0.29 0.34 0.30 0.28 0.24   0.30 0.05 
 c -0.96 -0.69 -0.43 -0.53 -0.65 -0.38 -0.60 -0.47 -0.34 -0.37  -0.54 0.19 

 x-int 4.11 2.65 1.33 1.54 1.66 1.31 1.76 1.55 1.22 1.56   1.87 0.88 
 

EL m 0.29 0.27 0.29 0.28 0.29 0.31 0.35 0.28 0.33 0.28   0.30 0.02 
 c -0.57 -0.22 -0.39 -0.28 -0.19 -0.13 -0.44 -0.39 -0.53 -0.50  -0.37 0.15 

 x-int 1.93 0.79 1.35 0.99 0.67 0.43 1.26 1.41 1.60 1.81   1.22 0.50 
 

DS m 0.31 0.33 0.40 0.41 0.42 0.43 0.40 0.33 0.36 0.35   0.37 0.04 
 c -0.74 -0.45 -0.51 -0.36 -0.46 -0.35 -0.36 -0.33 -0.44 -0.43  -0.44 0.12 

 x-int 2.35 1.34 1.28 0.89 1.10 0.82 0.89 1.01 1.21 1.23   1.21 0.44 
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Table H.5.3 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is Δp/p, ΔI/I, 
or ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.2 using 10-ms bursts 
of Gaussian noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF m 0.52 0.74 1.32 1.35 1.55 1.17 1.33 1.20 1.16 0.89  1.12 0.31 
 R² 0.95 0.99 0.96 1.00 0.99 0.98 0.98 0.97 0.96 0.97  0.97 0.02 

 SS-res 0.32 0.03 0.20 0.02 0.09 0.09 0.10 0.11 0.14 0.11  0.12 0.09 
 

EL m 1.08 1.28 1.22 1.29 1.46 1.69 1.54 1.17 1.35 1.05  1.31 0.20 
 R² 0.99 0.98 0.98 0.98 0.99 0.98 0.97 0.99 0.99 0.98  0.98 0.01 

 SS-res 0.05 0.07 0.08 0.07 0.03 0.05 0.12 0.04 0.06 0.07  0.06 0.02 
 

DS m 1.07 1.45 1.76 2.01 1.99 2.17 2.01 1.56 1.60 1.53  1.72 0.34 
 R² 0.98 0.98 0.98 0.99 0.98 0.99 0.97 0.98 0.99 0.99  0.98 0.01 

 SS-res 0.11 0.10 0.11 0.03 0.10 0.03 0.10 0.07 0.03 0.02  0.07 0.04 
 

   Pedestal Level (dB SPL) 
               

ΔI/I  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF m 0.07 0.14 0.33 0.33 0.39 0.27 0.35 0.30 0.29 0.19  0.26 0.10 
 R² 0.74 0.88 0.85 0.93 0.97 0.87 0.98 0.95 0.86 0.83  0.89 0.07 

 SS-res 1.52 0.51 0.73 0.39 0.19 0.59 0.22 0.24 0.53 0.60  0.55 0.39 
 

EL m 0.25 0.34 0.32 0.35 0.43 0.54 0.44 0.31 0.36 0.25  0.36 0.09 
 R² 0.95 0.88 0.91 0.89 0.92 0.93 0.99 0.97 0.97 0.92  0.93 0.04 

 SS-res 0.24 0.38 0.31 0.34 0.21 0.17 0.59 0.10 0.13 0.31  0.28 0.14 
 

DS m 0.24 0.41 0.50 0.64 0.63 0.71 0.69 0.48 0.46 0.42  0.52 0.15 
 R² 0.97 0.98 0.94 0.98 0.99 0.98 0.97 0.94 0.96 0.95  0.97 0.02 

 SS-res 0.18 0.02 0.33 0.09 0.05 0.06 0.10 0.18 0.17 0.21  0.14 0.09 
    

  Pedestal Level (dB SPL) 
               

ΔL  -15 -10 -5 0 5 10 15 20 25 30  Mean SD 
               

MF m 0.15 0.19 0.26 0.27 0.30 0.24 0.25 0.23 0.23 0.19  0.23 0.04 
 R² 0.86 0.88 0.94 0.93 0.90 0.94 0.90 0.90 0.94 0.94  0.91 0.03 

 SS-res 0.84 0.62 0.27 0.39 0.77 0.30 0.48 0.47 0.23 0.23  0.46 0.22 
 

EL m 0.22 0.24 0.23 0.24 0.26 0.28 0.27 0.22 0.25 0.21  0.24 0.02 
 R² 0.90 0.96 0.94 0.96 0.98 0.96 0.89 0.91 0.91 0.92  0.93 0.03 

 SS-res 0.45 0.01 0.22 0.12 0.06 0.09 0.49 0.31 0.45 0.33  0.25 0.18 
 

DS m 0.22 0.26 0.32 0.34 0.33 0.35 0.32 0.27 0.39 0.28  0.31 0.05 
 R² 0.87 0.89 0.93 0.95 0.91 0.95 0.92 0.95 0.94 0.94  0.93 0.03 

 SS-res 0.76 0.46 0.38 0.22 0.41 0.23 0.25 0.16 0.29 0.27  0.34 0.17 
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Table H.6.1 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=aXb, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.3 using 10-ms 6500-Hz 
sinusoids presented in bandpass noise.   
 
 
    Pedestal Level (dB SPL) 

               

Δp/p  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 2.88 1.24 0.88 1.11 0.57 0.47 0.56 0.61 0.76 2.88  1.01 0.75 
 b 0.86 0.88 0.88 0.77 0.85 0.91 0.88 0.85 1.02 0.86  0.88 0.06 
 R² 0.99 0.99 0.99 0.99 0.97 0.99 0.99 0.98 1.00 0.99  0.99 0.01 

 
DS a 1.00 3.16 3.44 4.92 2.52 1.98 1.19 1.42 1.32 1.00  2.33 1.31 

 b 0.88 1.05 0.91 0.97 0.74 0.85 0.81 0.86 0.87 0.88  0.88 0.09 
 R² 0.97 0.99 0.98 0.99 1.00 0.98 0.99 0.98 0.99 0.97  0.99 0.01 

 

                 Pedestal Level (dB SPL) 
               

ΔI/I  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 1.32 0.59 0.43 0.58 0.32 0.26 0.31 0.32 0.34 1.32  0.50 0.33 
 b 0.73 0.65 0.62 0.57 0.55 0.58 0.57 0.57 0.71 0.73  0.62 0.07 
 R² 0.99 0.99 0.99 0.98 0.96 0.99 0.98 0.97 1.00 0.99  0.98 0.01 

 
DS a 0.48 1.19 1.53 2.02 1.29 0.92 0.63 0.68 0.63 0.48  1.04 0.51 

 b 0.64 0.77 0.78 0.87 0.62 0.68 0.52 0.65 0.65 0.64  0.69 0.10 
 R² 0.96 0.97 0.99 0.99 1.00 0.97 0.94 0.97 0.98 0.96  0.97 0.02 

 

                 Pedestal Level (dB SPL) 
               

ΔL  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC a 0.44 0.14 0.09 0.16 0.04 0.02 0.03 0.05 0.05 0.44  0.11 0.13 
 b 1.03 1.23 1.31 1.11 1.48 1.63 1.57 1.40 1.56 1.03  1.37 0.21 
 R² 1.00 1.00 0.99 1.00 0.99 1.00 1.00 0.98 0.99 1.00  0.99 0.01 

 
DS a 0.10 0.36 0.51 0.64 0.51 0.29 0.20 0.18 0.16 0.10  0.33 0.19 

 b 1.29 1.12 1.02 1.09 0.88 1.07 1.00 1.17 1.18 1.29  1.09 0.12 
 R² 0.99 0.98 0.99 0.99 1.00 0.99 0.98 0.99 1.00 0.99  0.99 0.01 
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Table H.6.2 : Best-fitting parameters and estimated x-intercept for the equation d’=mX+c, where X is Δp/p, ΔI/I, or 
ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.3 using 10-ms 6500-Hz 
sinusoids presented in passband noise.   
 
 

 
    Pedestal Level (dB SPL) 

               

Δp/p    15   20   25   30   35   40   45   50   55   60  Mean SD 
               

WC m 2.85 1.11 0.75 0.85 0.44 0.40 0.45 0.47 0.78 2.85   0.90 0.77 
 c 0.12 0.09 0.10 0.20 0.09 0.05 0.08 0.10 -0.01 0.12   0.09 0.06 

 x-int -0.04 -0.08 -0.13 -0.24 -0.22 -0.13 -0.17 -0.21 0.01 -0.04  -0.13 0.09 
 

DS m 0.89 3.26 3.60 5.10 2.32 1.85 0.96 1.28 1.20 0.89   2.28 1.44 
 c 0.06 -0.09 0.04 -0.01 0.28 0.12 0.17 0.10 0.08 0.06   0.08 0.11 

 x-int -0.07 0.03 -0.01 0.00 -0.12 -0.06 -0.18 -0.07 -0.07 -0.07  -0.06 0.06   

                Pedestal Level (dB SPL) 
               

ΔI/I    15   20   25   30   35   40   45   50   55   60  Mean SD 
               

WC m 0.95 0.25 0.14 0.17 0.05 0.05 0.05 0.07 0.14 0.95   0.21 0.29 
 c 0.27 0.32 0.34 0.43 0.42 0.36 0.43 0.37 0.25 0.27   0.35 0.07 

 int -0.28 -1.29 -2.41 -2.49 -7.76 -7.73 -8.10 -5.53 -1.70 -0.28  -4.15 3.13 
 

DS m 0.18 0.90 1.31 2.01 0.76 0.53 0.17 0.31 0.28 0.18   0.72 0.62 
 c 0.31 0.19 0.17 0.08 0.41 0.30 0.47 0.32 0.31 0.31   0.29 0.12 

 x-int -1.73 -0.21 -0.13 -0.04 -0.54 -0.56 -2.85 -1.06 -1.10 -1.73  -0.91 0.91 
 

                 Pedestal Level (dB SPL) 
               

ΔL    15   20   25   30   35   40   45   50   55   60  Mean SD 
               

WC m 0.48 0.26 0.20 0.22 0.17 0.16 0.18 0.16 0.21 0.48   0.23 0.10 
 c -0.05 -0.22 -0.26 -0.12 -0.48 -0.52 -0.57 -0.35 -0.38 -0.05  -0.33 0.18 

 x-int 0.10 0.86 1.28 0.57 2.80 3.19 3.10 2.15 1.80 0.10   1.76 1.14 
 

DS m 0.23 0.48 0.54 0.74 0.40 0.35 0.20 0.29 0.27 0.23   0.39 0.17 
 c -0.29 -0.18 -0.04 -0.11 0.13 -0.11 -0.04 -0.21 -0.19 -0.29  -0.12 0.12 

 x-int 1.28 0.37 0.07 0.15 -0.33 0.30 0.22 0.73 0.72 1.28   0.39 0.46 
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Table H.6.3 : Best-fitting parameters and goodness-of-fit statistics for the equation d’=mX+0, where X is Δp/p, ΔI/I, 
or ΔL.  The ten pedestal levels are for the ten psychometric functions generated in Experiment 8.3 using 10-ms 6500-
Hz sinusoids presented in bandpass noise.   
 
 
  Pedestal Level (dB SPL) 

               

Δp/p  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 3.06 1.17 0.79 0.97 0.46 0.42 0.47 0.51 0.78 3.06  0.96 0.83 
 R² 0.98 0.98 0.98 0.94 0.96 0.99 0.98 0.96 1.00 0.98  0.97 0.02 

 SS-res 0.10 0.05 0.01 0.14 0.12 0.03 0.07 0.11 0.00 0.10  0.07 0.05 
 

DS m 0.93 3.11 3.69 5.07 2.78 1.99 0.97 1.36 1.27 0.93  2.35 1.42 
 R² 0.96 0.99 0.98 0.99 0.93 0.96 0.87 0.96 0.98 0.96  0.96 0.04 

 SS-res 0.10 0.04 0.01 0.04 0.17 0.12 0.27 0.09 0.06 0.10  0.10 0.08 
 

                 Pedestal Level (dB SPL) 
               

ΔI/I  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 1.11 0.30 0.17 0.23 0.07 0.06 0.07 0.09 0.17 1.11  0.25 0.33 
 R² 0.92 0.86 0.83 0.73 0.71 0.79 0.76 0.75 0.93 0.92  0.81 0.08 

 SS-res 0.26 0.39 0.40 0.64 0.80 0.54 0.79 0.56 0.19 0.26  0.51 0.22 
 

DS m 0.22 1.00 1.47 2.11 0.99 0.64 0.23 0.37 0.35 0.22  0.82 0.64 
 R² 0.83 0.92 0.94 0.97 0.82 0.86 0.58 0.84 0.85 0.83  0.85 0.11 

 SS-res 0.48 0.29 0.13 0.08 0.45 0.41 0.85 0.49 0.37 0.48  0.39 0.23 
 

                 Pedestal Level (dB SPL) 
               

ΔL  15 20 25 30 35 40 45 50 55 60  Mean SD 
               

WC m 0.46 0.23 0.17 0.20 0.13 0.12 0.13 0.13 0.17 0.46  0.19 0.11 
 R² 1.00 0.98 0.96 0.99 0.92 0.90 0.91 0.93 0.91 1.00  0.94 0.04 

 SS-res 0.01 0.07 0.10 0.02 0.23 0.27 0.31 0.16 0.25 0.01  0.16 0.11 
 

DS m 0.19 0.43 0.52 0.69 0.43 0.33 0.20 0.25 0.23 0.19  0.36 0.17 
 R² 0.95 0.98 0.99 0.99 0.99 0.98 0.98 0.98 0.98 0.95  0.98 0.01 

 SS-res 0.13 0.09 0.02 0.03 0.03 0.05 0.04 0.07 0.05 0.13  0.06 0.03 
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