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ABSTRACT  

Interindividual variability, confounding factors and measurement error hinder our ability to 

infer brain states from neurophysiological monitors during clinical anaesthesia.  Recent 

monitoring advances have largely failed to translate into demonstrable benefit in clinical 

studies, and individualized optimization of anaesthesia and analgesia remains a significant 

challenge. To address these problems I examined electroencephalographic (EEG) data as a 

measure of cortical effects of anaesthesia and pupillometry data as a measure of brainstem 

effects of anaesthesia and nociception. 

The isolated forearm technique (IFT) was used to evaluate frontal EEG measures of cortical 

state during anaesthesia. Findings from three patients, who responded appropriately to a verbal 

command, challenge the widely held belief that the frontal alpha-delta EEG pattern is indicative 

of anaesthesia-induced unconsciousness. None of the frontal EEG measures evaluated 

(including indices in routine clinical use) reliably discriminated between IFT responders and 

non-responders.    

Episodes of connected consciousness during anaesthesia are relatively rare, which limits the 

positive predictive values achievable by purported awareness indices. Simulations suggested 

that a performance level exceeding a prediction probability (PK) of 0.92, or a two standard 

deviation separation, is necessary to attain satisfactory sensitivity with an acceptable burden of 

false positive cases. This requirement must be achieved in conditions resembling routine clinical 

practice.  

Modern causal inference techniques promise to overcome the “association ≠ causation” 

impasse imposed by traditional statistical dicta. Directed acyclic graphs (DAGs) are a useful 

tool to illustrate and understand sources of bias as pathways and to guide causal analyses.  

Pupil size and pupillary light reflex parameters were evaluated as potential measures of the 

subcortical effects of anaesthesia and intraoperative nociception using structural equation 

modelling to account for the causal structure of the data.  The proportional amplitude of the 

pupillary light reflex was the best potential marker of anaesthetic effect on the brainstem, having 

a modest path coefficient (-0.30) with volatile anaesthetic concentration. None of the 

pupillometry parameters predicted early postoperative pain or sedation. 

Monitoring of brain state during anaesthesia remains a major challenge. Future advances will 

depend upon finding measures that are intimately causally linked to the brain state and that can 

account for between individual variability. 
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CHAPTER 1:  INTRODUCTION AND THESIS STRUCTURE 

The core clinical problem explored in this thesis is how to infer subjective patient states during 

anaesthesia, when we have rendered communication with the patient impossible or impaired.  I 

wanted to examine what we might learn about cortical and subcortical brain states from 

neurophysiological measurements obtained during routine general anaesthesia, electing to use 

frontal electroencephalography as a window to the cortex and pupillometry as a window to the 

brainstem. After obtaining in vivo observational data, it was apparent that a departure from 

traditional statistical philosophy and recipes and an exploration of alternative methodology was 

necessary. Therefore I delved into some complementary in silico simulations to ascertain the 

measurement performance necessary to bridge the current translational gap to clinical practice. 

I also ventured into modern causal inference methodology, having been inspired by the recent 

‘Causal Revolution’, which I believe has the potential to greatly enhance observational 

anaesthesia research.  I introduce some foundation concepts, which I later applied during 

analysis of observational pupillometry data.  Thus, this thesis encompasses both methodological 

and empirical aspects of the core problem. 

As clinicians, we aim to deliver optimal levels of anaesthesia and analgesia to prevent unpleasant 

experience or recall, allow safe conduct of surgery, and maintain physiological homeostasis.  

We also aim to deliver optimal intraoperative analgesia, so our patients emerge from anaesthesia 

with acceptable pain levels.  Failure to accomplish these aims can result in detrimental effects 

for our patients. Relative underdose of general anaesthesia risks awareness with recall (AWR), 

a distressing condition affecting around 1 in 1,000 anaesthetic episodes (1,2).  Many affected 

patients go on to experience post-traumatic stress disorder from the event (3–5).  Failure to 

deliver adequate analgesia intraoperatively can lead to autonomic instability during surgery, and 

to acute pain on emergence from anaesthesia. Acute postoperative pain is common, and is not 

only distressing for patients, but carries a higher risk of chronic post-surgical pain (6).  Relative 

overdose of anaesthesia or analgesia can cause a wide range of different problems including 

respiratory depression, slow emergence from anaesthesia, excessive sedation and postoperative 

delirium, opioid induced hyperalgesia, immune modulation, hypoperfusion-related organ 

dysfunction and mortality.  

It is widely believed that as general anaesthetic dose is increased, the effects on the central 

nervous system and other body systems progress monotonically, giving rise to the concept of 

anaesthetic ‘depth’, and attempts to monitor and quantify this construct.  However, general 

anaesthesia is usually accompanied by surgery, which counteracts the effects of anaesthesia via 
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central and autonomic nervous system arousal, so in clinical settings anaesthetic requirement 

also depends upon the intensity of surgical stimulation.  Analgesics counteract surgical 

nociception and usually have additive or synergistic effects with anaesthetic agents.  

Interindividual variations in baseline physiology and pharmacodynamic responses bring further 

difficulty in establishing what constitutes sufficient but not excessive dosing - the elusive ‘sweet 

spot’ that we as clinicians seek. Two aspects associated with this ‘sweet spot’ are impairment 

of conscious experience (at a cortical level), and minimization of nociceptive autonomic arousal 

(at a brainstem level).     

Contents of consciousness can only be verified by the individual person, so we usually rely on 

later report or outcomes, which is particularly problematic given that anaesthetic agents have 

strong amnesic properties. This leaves us with the problem of real-time measurement and 

monitoring of anaesthetic and antinociceptive effects.  Clinical signs such as movement, heart 

rate and blood pressure, have been used historically, and remain at the core of standard 

intraoperative monitoring with normalization of these parameters by adjustment of anaesthetic 

and analgesia doses constituting contemporary routine anaesthetic practice.  However, these 

signs are generally not sufficiently specific for diagnosis of brain state. Although anaesthesia 

and analgesia have reliable ‘forward’ effects, as administration and manipulations of these 

agents cause measurable neurophysiological changes, inferring the patient state ‘backwards’ 

from such measures during routine clinical practice proves much more difficult due to within 

and between individual variation and confounding. Therefore there is a large gap in the apparent 

effectiveness of various anaesthetic ‘depth’ indices between preclinical human volunteer studies 

and pragmatic clinical trials.  

Chapter 2 is a review of the relevant literature and current thinking around the effects of 

anaesthesia, analgesia and nociception on the central and autonomic nervous systems, and the 

measurement of these effects. The limitations, sources of measurement error and performance 

of existing intraoperative monitoring modalities are discussed. Chapters 3 and 4 consider the 

problems and accuracy associated with inferring cortical states during anaesthesia and noxious 

stimulation.  In the ConsCIOUS study (7), we used the isolated forearm technique as a means 

to probe consciousness in real-time during anaesthesia.  Chapter 3 reports a substudy of the 

main ConsCIOUS study, where raw frontal electroencephalogram (EEG) recordings were 

available from patients with episodes of unintended responsiveness during routine general 

anaesthesia. I appraised the ability of various measures derived from the EEG, including 

commonly used EEG indices of anaesthetic ‘depth’ to predict or diagnose movements to noxious 

stimulation and volitional responses to simple commands. The analysis phase of this study led 
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to a greater appreciation of the limitations of traditional statistical techniques, and the adoption 

of a Popperian ‘black swan’ falsification approach.  Dissatisfaction with conventional statistical 

methods led my research down a methodological path, beginning with a more thorough 

consideration of the statistical issues arising from the problem of monitoring for awareness (or 

in fact, any rare event) during anaesthesia. These statistical hindrances have received scarce 

attention in the literature, and form the basis of Chapter 4, in which I used computer simulations 

to explore the performance level necessary for an anaesthesia monitoring ‘index’ to translate 

into a population intervention that could actually improve clinical outcomes related to 

unintended awareness during anaesthesia.   

The following chapters turn to causal inference of brainstem effects of anaesthesia and surgical 

nociception. I conducted an observational study of measurements of pupil size and the pupillary 

light reflex, taking advantage of normal variation in practice and heterogeneity of patients and 

procedures to determine important generalizable effects.  The conventional wisdom is that 

interventions are deemed necessary if we want to attribute causation in clinical studies. The field 

of anaesthesiology, like many others, has been somewhat bound by the ‘association ≠ causation’ 

problem.  Prior to analysis of the pupillometry study, I explored recent advances in modern 

causal inference techniques, which are now commonly applied in other fields including 

epidemiology.  These techniques can allow more nuanced control of confounding and detection 

of causal effects.  Chapter 5 is a review of the theory of causal diagrams and a general 

discussion of their potential application in anaesthesia research. It is aimed at a general 

readership, as the methods and principles have been rarely adopted in clinical literature hitherto.  

These principles are then applied and extended further in  Chapter 6 to the observational dataset 

of pupillometry recordings using structural equation models. Chapter 7 brings together the 

findings from the previous chapters and concludes the thesis.   

Much of the content from Chapters 3 and Chapter 5 has been published as papers (8,9) and then 

modified into thesis chapters.  Material from Chapters 4 and 6 will also be submitted as papers 

for publication. Undertaking this thesis involved learning and developing many new skills.  

Since I was interested in humans and eventual clinical application, the data was collected from 

patients during routine clinical practice.  This involved study design, protocol development and 

navigation of ethical and institutional requirements. Participant recruitment and data collection 

were challenging in the context of busy operating theatre lists.  Data management and analysis 

has involved previously foreign signal processing and statistical techniques.  Finally, the 

theoretical areas I have explored and attempted to bring together span many diverse concepts, 

from consciousness through to causality. 
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CHAPTER 2: REVIEW OF LITERATURE 
  

The subject areas relating to this thesis are diverse and consume entire textbooks, so it is not 

practical to delve deeply into all of the relevant background topics.  Some areas are expanded 

in more detail where appropriate in the individual chapters. I begin with a discussion around 

current concepts of anaesthesia and analgesia to set the scene for the thesis. I follow with brief 

reviews of mechanisms of anaesthesia and nociception, particularly on the macroscopic scale 

because this is most pertinent to intraoperative monitoring.  Attention then turns to measurement 

itself, with a review of the various measures clinicians use to monitor and diagnose brain states 

during anaesthesia.  I include electroencephalography and pupillometry, which are the key 

measures evaluated in this thesis, and a range of available alternative measures, touching also 

on sources of measurement error and variation in responses. I follow with an outline of the 

clinical importance and applications. Finally, I introduce the theme of causal inference in 

clinical research, which is later expanded in Chapter 5 and applied in Chapter 6.  

 

Concepts of anaesthesia and analgesia and terminology 

The term ‘anaesthesia’ comes from Greek: anaisthēsia: an- ‘without’ + aisthēsis ‘sensation’. 

This thesis concerns general anaesthesia, whereby the prevailing expectation is that the patient 

is unconscious, in contrast to local or regional anaesthesia where only part of the body is 

rendered insensate.  The term ‘analgesia’ also derives from Greek: análgēsis; an- ‘without’, 

álgēsis ‘sense of pain’; and is often qualified ‘without loss of consciousness’.  Whilst I use 

‘analgesia’ after the common nomenclature of agents, ‘antinociception’ might be considered a 

more correct terminology during anaesthesia, since pain is (by definition) a subjective 

experience, requiring consciousness.  Nociception, from the Latin nocere ‘to harm or hurt’, is 

the sensory nervous system process of encoding noxious stimuli, whereas pain is ‘an unpleasant 

sensory and emotional experience associated with or resembling that associated with actual or 

potential tissue damage’ according to the International Association for the Study of Pain (IASP) 

definition (10).  Whilst anaesthesia and analgesia are distinct concepts, there is much overlap in 

the properties of anaesthetic and analgesic drugs, which have additive or synergistic effects, and 

both classes of drugs can be considered antinociceptive during surgery.  

Since anaesthesia is generally equated with unconsciousness, some working terminology is 

required to distinguish between brain states.  Consciousness (or awareness) is subjective 
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experience. Connected consciousness can be used to describe experience of the environment or 

one’s body, whereas disconnected consciousness can be used to describe endogenous conscious 

experiences such as dream states (11).  Humans diurnally fluctuate between the states of 

wakefulness and sleep. Wakefulness is characterized by consciousness and engagement in 

coherent cognitive and behavioural responses to the external world. Sleep is characterized by 

reduced consciousness and relatively inhibited sensory activity, but can be overcome with 

sufficient stimulation. Anaesthesia is a reversible drug-induced unconscious state which cannot 

be overcome by stimulation, whereas sedation can be considered a drug induced hypnotic state 

which can be overcome with stimulation.  The term awareness in conjunction with anaesthesia 

usually refers to awareness with recall (AWR), defined as subjective experience with explicit 

episodic memory, whereas wakefulness during anaesthesia is not necessarily associated with 

memory formation. 

 

  

Figure 1.  Oil on board painting of surgical amputation by unknown artist mid-19th

century.  
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The main purpose of anaesthesia is to enable surgery. Many early civilizations appear to have 

conducted various types of surgery using natural agents with sedative or numbing properties 

such as opium, alcohol and hemlock (12).  Modern-day anaesthesia is considered to have begun 

with the use of diethyl ether, first by Crawford Long in 1842 and then perhaps more famously 

publicly demonstrated in Boston’s Ether Dome by William Morton in 1846 (13) .  Prior to this 

most surgery in Western civilizations was performed under restraint (figure 1).  Immobility 

remains a core requirement of anaesthesia; a moving target does not allow safe surgery and more 

profound muscle relaxation (i.e. paralysis) is often required for optimal surgical conditions.  The 

combination of immobility and amnesia has been mooted to define the anaesthetic state (14); 

although this standpoint has been questioned as patients overwhelmingly expect to remain 

unconscious during their surgery (15).  Thus nowadays the term general anaesthesia constitutes 

an ethical pact with patient with the expectation of absence of experience of intraoperative 

events. This is in line with the classically described balanced anaesthesia triad of narcosis, 

analgesia and muscle relaxation (16).  A more complete contemporary definition is of a drug-

induced reversible condition comprising unconsciousness, amnesia, analgesia and immobility 

along with physiological stability (17), which acknowledges the importance of antinociception 

in maintaining homeostasis. 

The term ‘level of consciousness’ is widely used in medicine to describe the correlation between 

the observed physical signs and changes in behavioural responses to different types of stimuli 

and increasing severity of neurological impairment. Anaesthesia causes a progressive global 

neurological depression and the concept of ‘depth of anaesthesia’ has been around since the 

times of ether, notably described as Stages by Guedel (18).  The classic stages are less commonly 

seen nowadays due to the popularity of intravenous induction agents (which have a much shorter 

onset of action) and muscle relaxants (which reliably prevent motor behavioural responses, 

mimicking unconsciousness). Nevertheless the pharmacodynamic effects of agents tend to 

increase monotonically with dose and the concept of ‘depth of anaesthesia’ remains popular. 

Whether consciousness is actually a graded or all or none phenomenon remains contentious, and 

conscious experience certainly encompasses many qualitatively different states, and for this 

reason the term brain state is favoured in this thesis.  For example, the conscious experience 

may be vivid or muted, and may or may not be accompanied by emotion or sense of self (19). 

There may be core interoceptive senses of pain and bodily conditions that do not reach conscious 

awareness.  The acceptability of different potential states during general anaesthesia varies 

between individuals (15). In Chapter 3, one such state is explored - that of wakefulness with 

behavioural responsiveness during anaesthesia, albeit without explicit recall. Amnesia is a 

cardinal property of general anaesthesia, but amnesia of events can result from failure of 
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consciousness (a true memory cannot exist of a subjective experience which never existed), 

failure of memory formation, or failure of memory retrieval. Thus, one of the major challenges 

of research in this field is the issue of using delayed subjective report as the gold standard 

measure. In Chapter 3, this issue was overcome using the isolated forearm technique. 

Conversely, analgesia and amnesia may occur without unconsciousness due to anaesthetic 

effects on the hippocampus, amygdala and prefrontal cortex (20). 

Analgesia is described by the IASP as ‘the absence of pain in response to stimulation which 

would normally be painful’.  Pain has a strong affective components including emotion, 

motivation and consequent behaviour. Anaesthesia should generally ablate emotional and 

cognitive responses to noxious stimulation, due to global effects on consciousness, therefore we 

cannot expect to measure pain per se in anaesthetized patients.  However, nociception still 

occurs during anaesthesia, and is often accompanied by core autonomic and motor responses.  

We routinely use these (patho)physiological responses to nociception as a guide for 

intraoperative analgesia. The responses are generally overcome by administering 

antinociceptive agents, be it analgesia or deeper anaesthesia, and ablation of these responses 

remains one of the key goals of anaesthetic practice.   

 

Brief review of mechanisms of anaesthesia-induced unconsciousness and 

relevant neurophysiology 

The effects of anaesthesia and the potential target mechanisms of action of anaesthetic agents 

can be described at many levels including channels, receptors, neurotransmitters, synapses, 

anatomical sites, brain networks and states. At the microscopic cellular and molecular level, 

general anaesthetics interact with, and have a variety of effects on, a wide range of cellular 

components, including receptors, ion channels and lipid membranes, which have been reviewed 

comprehensively elsewhere (21,22). Here I focus on the effects of anaesthesia on the 

macroscopic scale, because it is more amenable to measurement in clinical practice.   

Consciousness has been described as two-dimensional at a minimum, with arousal (or level) 

and content generally accepted as the core dimensions in a systems neuroscience approach (23).  

Different anaesthetic agents may have effects on either or both of these facets to cause 

unconsciousness. The different mechanisms are often termed ‘bottom-up’ - which generally 

refers to effects on arousal or level of consciousness, and ‘top-down’ - which generally refers to 

degradation of the contents of consciousness (24).  These are likely mediated by anaesthetic 
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effects on subcortical and cortical targets respectively, which are described in more detail below.  

It should also be noted that anaesthetic actions on the spinal cord may be responsible for a 

considerable component of anaesthetic action, particularly immobility, however the focus here 

is on anaesthesia-induced changes in consciousness. 

 

Brainstem and hypothalamic nuclei  

It is hypothesized that anaesthetic agents suppress consciousness by actions at subcortical 

nuclei, which evolved to control sleep-wake cycles and state of arousal. The subcortical nuclei 

promote arousal and activation of the cortex via a number of neurotransmitter systems, and there 

is some empirical evidence to support interaction of anaesthetic agents with these areas, but the 

precise contributions of these to the anaesthetized state remain unclear.   

Monoaminergic centres include the locus coeruleus (noradrenergic), the ventral tegmental area 

(dopaminergic), and the tuberomammillary nucleus (histaminergic).  The locus coeruleus (LC) 

is located in the pons and projects widely through the cortex; it is part of the reticular activating 

system and the main site of noradrenaline synthesis in the brain. The LC is active during normal 

consciousness, with decreased activity during non-rapid eye movement (NREM)  sleep and 

lowest activity during rapid eye movement (REM) sleep (25,26). With noxious stimulation LC 

activity increases (27).  The α2-agonist dexmedetomidine acts in this area (28) and induces 

sedation with similar characteristics to NREM sleep (29). There is less evidence supporting the 

role of the dopaminergic neurons in the ventral tegmental area, however dopamine agonists (30) 

and electrical stimulation of dopaminergic areas (31) have reversed the sedative effects of 

anaesthetic agents. The tuberomammillary nucleus is located in the caudal hypothalamus and 

promotes arousal, but is depressed during sleep (32) and by some anaesthetics.   

Cholinergic systems originating from the pedunculopontine and laterodorsal tegmental nuclei 

and the basal forebrain also give rise to wake promoting signals, and are another potential site 

of action of anaesthetic agents.  Activity of these systems decreases during NREM sleep and 

results in modulation of electroencephalographic spindles (33), whereas activity is high during 

normal wakefulness and during REM sleep. General anaesthetics have been demonstrated to 

suppress many of these regions, probably via GABA receptors (34). 

General anaesthetics also activate GABAergic neurons in the ventrolateral preoptic (VLPO) 

area and median preoptic nucleus of the hypothalamus (35), which promote sleep by inhibiting 

wake-promoting neurons in the caudal hypothalamus and brainstem. Other potentially important 
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sites include orexinergic neurons (36) in the lateral hypothalamus and the pontine reticular 

formation (37).   

 

The thalamus and cortical-subcortical connectivity 

The thalamus contains over 50 nuclei and subnuclei, which act both as relays for sensory inputs 

arriving from periphery, and as multimodal integrative regions that receive input from the 

cortex.  The thalamus is critical for transmitting arousal signals from the brainstem and for 

regulating cortical communication and is probably necessary for normal consciousness, which 

requires arousal, sensory processing, and computation.   The thalamus has been proposed as an 

on-off ‘switch’ for state transitions induced by anaesthesia (38), and a range of inhaled and 

intravenous anaesthetics (with the exception of ketamine) consistently depress thalamic 

metabolism.  Hyperpolarization of the thalamus causes a shift from tonic firing to burst firing 

(39), seen as the hypersynchronous alpha EEG rhythm, which might prevent afferent sensory 

stimuli from arousing the cortex and communication between different areas of the cortex (40).  

The cortex and thalamus are very closely related and could be considered an integrated system, 

which undergoes state-dependent changes.  The thalamocortical system is needed for the 

integration of activity from functionally diverse cognitive modules, which is critical for 

subjective experience (41) and therefore an attractive target for theories of mechanisms of 

anaesthesia. Functional magnetic resonance imaging (fMRI) studies have shown reductions in 

connectivity between the cortex and thalamus (42,43), and between the cortex and other 

subcortical areas (44) as correlates of anaesthetic induced unconsciousness. 

 

Cortical dynamics: connectivity and synchrony 

Disruption of connectivity and dynamics between cortical regions and networks are the ‘top-

down’ effects of anaesthesia postulated to limit the contents of consciousness.  Free information 

flow between regions of the cortex may be necessary to generate the complexity associated with 

conscious states.  Anaesthesia disrupts connectivity both within and between large scale brain 

networks; these effects have been demonstrated with a range of anaesthetic drugs in 

multichannel EEG and fMRI studies (42,45,46), and in cortical slices (47). In particular, 

disruption of frontoparietal connectivity has been demonstrated repeatedly and postulated as a 

mechanism of anaesthesia induced unconsciousness. Whether this specific interregional 
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observation is actually responsible, or just a marker of more widespread general connectivity, is 

yet to be established.  Recently, more widespread loss of connectivity has been reported (48), 

and reduction in other surrogate markers of information exchange are consistently seen with 

different classes of anaesthetic agents (49), although often partial rather than full disruption is 

observed. Whether general anaesthetics equally disrupt relationships between all neurons, or 

between particular functional networks of neurons, is likely to be a key area of ongoing research. 

Electrical activity in the cortex changes with administration of anaesthetic agents; typically there 

is a shift from high frequency desynchronized activity to lower frequency synchronous activity. 

Whether cortical synchrony impedes information transfer or impaired information transfer 

allows the highly synchronous cortical electrical activity remains to be elucidated.  Slow waves 

(< 1 Hz) occur with anaesthesia induced hyperpolarization of cortical neurons, resulting in the 

neurons oscillating between depolarized and hyperpolarized states of firing and silence.  When 

this activity reaches a peak level (referred to as slow wave activity saturation - SWAS), 

perception of external stimuli is lost, with an essentially isolated sensory thalamocortical system 

on fMRI, although more fundamental responses to stimulation still occur in the precuneus and 

connected areas (50). SWAS has therefore been proposed to be indicative of a state of 

disconnected consciousness, and a potential goal for individually optimized anaesthesia. 

  

Emergence from anaesthesia 

Induction and emergence from anaesthesia are not symmetrical (51).  There is a demonstrable 

hysteresis that is not fully accounted for by pharmacokinetics, suggesting that emergence from 

anaesthesia depends on processes other than direct binding of drug to ion channels and receptors. 

This hysteresis has been coined ‘neural inertia’ (52), a fundamental and biologically conserved 

process through which the CNS resists behavioural state transitions.  Aroused or depressed states 

can be maintained, with inherent resistance to repeated transitions between the states, which 

could be responsible for pathological conditions such as narcolepsy. It has been demonstrated 

that the brain does not follow a steady monotonic path towards consciousness, but passes 

through several discrete state transitions; and a partially ordered structure of states is 

hypothesized to mediate recovery of consciousness (53).  This may involve distinct neural 

circuitry from that involved in the onset of anaesthesia.  Orexinergic nuclei, which fire 

maximally in the waking state, are thought to play an important role, specifically in emergence 

from anaesthesia (36).  Episodes of intraoperative awareness typically follow periods of 

unconsciousness, and so perhaps should be considered to be an unplanned lightening or 
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‘emergence’ from anaesthesia rather than a primary failure to achieve unconsciousness (with 

the exception of the scenario of accidental administration of muscle relaxants to awake patients). 

 

Brief review of neurophysiology of nociception and mechanisms of action 

of anti-nociceptive agents 

Nociceptive pathways (54,55) originate in the periphery from somatic and visceral nociceptors, 

which are activated by tissue damage and other stimulation.  There are two types of first order 

neurons:  Aδ (thicker, myelinated, fast) and C (thinner, unmyelinated, slow) fibres. With 

sufficient stimulation, threshold potential is reached in the nerve, and action potentials travel to 

the dorsal horn of the spinal cord.  The afferent neurons synapse here onto second order 

projection neurons, which (mostly) traverse the cord and ascend in the anterior and lateral 

spinothalamic, spinoreticular, spinomesencephalic and spinohypothalamic tracts. Second order 

neurons in the spinothalamic tracts synapse at various thalamic nuclei onto third order neurons 

which project to a number of cortical areas including somatosensory cortical areas, the insular 

cortex and the cingulate cortex.  This results in the conscious perception and localization of 

painful stimuli. The spinoreticular tract neurons terminate at the reticular formation, promoting 

arousal and activating homeostatic mechanisms, antinociceptive systems and motivational-

affective systems, as well as projecting to the thalamus.  The spinomesencephalic and 

spinohypothalamic tract neurons are thought to also activate descending antinociceptive systems 

and mediate homeostatic and emotional responses to pain via their connections to areas in the 

midbrain and hypothalamus. 

Motor and autonomic responses to painful stimuli can involve various neural circuitry, from 

simple reflex arcs to more complex interconnected networks.  The pain withdrawal reflex is a 

spinal reflex, whereby activation of the sensory neuron by nociceptive stimuli results in 

simultaneous activation of a motor neuron and inhibition of the reciprocal neuron by 

interneurons (56). This results in contraction of flexor muscles and relaxation of opposing 

extensor muscles and movement of the affect limb away from the stimulus.   More purposeful 

complex reactions and behaviours involve higher nuclei and cortical regions. Autonomic 

responses also include simple spinal reflexes, but are usually complex responses controlled and 

coordinated by the central autonomic network, a group of densely connected areas, which spans 

from the spine to the insula and cingulate cortices and includes the periaqueductal gray, 

hypothalamus, nucleus tractus solitarius and the parabrachial nucleus.  Most autonomic sensory 

inputs converge on the nucleus tractus solitarius, which also projects to the nucleus ambiguous, 
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the locus coeruleus, amygdala and parabrachial nucleus.  The parabrachial nucleus projects to 

most of the central autonomic network structures including the amygdala, hypothalamus, 

periaqueductal gray and medulla(55).  The tachycardia, vasoconstriction and elevated blood 

pressure that usually accompanies noxious surgical stimulation are mediated by increased 

sympathetic output through the medulla to the sympathetic segments of the thoracolumbar spine. 

Antinociceptive agents can act at various sites along the pain pathways, from the periphery to 

spinal cord to the brain.  For example, local and regional anaesthesia acts by interruption of 

afferent sensory signals by nerves via sodium-channel blockade, and volatile anaesthetic gases 

reduce transmission of ascending afferent impulses in the spinal cord.  Many analgesic 

medications are thought to act by modulating descending (inhibitory) pain pathways.  In this 

thesis, I focus on opioids, which remain the mainstay ‘strong’ analgesics used during surgical 

anaesthesia. Opioids act via a number of different opioid receptors, the µ receptor probably 

being the most important for analgesia.  Opioid receptors are Gi-protein coupled; their activation 

leads to closing of voltage sensitive calcium channels, enhanced potassium conductance with 

consequent membrane hyperpolarization, and decreased cyclic adenosine monophosphate 

(cAMP) production (57).  This leads to decreased excitability of neurons, reduction of impulse 

transmission, and reduction in neurotransmitter release.  Thus, there are both direct and indirect 

effects. The indirect effects are probably most important, particularly the stimulation of 

inhibitory descending pathways (which normally modulate the transmission of ascending 

nociceptive signals) via the periaqueductal gray and nucleus reticularis paragigantocellularis. 

This stimulates serotoninergic and enkephalinergic neurons which act on the substantia 

gelatinosa in the dorsal horn of the spinal cord and peripherally to reduce nociceptive 

transmission.   
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INTRAOPERATIVE MEASUREMENT OF ANAESTHESIA AND 

ANALGESIA 

Since consciousness and pain are subjective phenomena, individual report is usually held as the 

research gold standard.  However, anaesthesia usually prevents any meaningful real time 

communication with the patient, so generally we rely on other observations such as movement 

and autonomic nervous system responses to infer the patient state.  Individual report of 

intraoperative conscious episodes or pain are usually only possible following emergence from 

anaesthesia, which is problematic because amnesia is a cardinal property of anaesthesia that 

occurs reliably at subhypnotic doses (58). That patients often have limited memory of episodes 

of conscious sedation or of the recovery period following general anaesthesia (despite having 

been awake and cooperative) is testament to this.  To monitor and ensure adequate anaesthesia 

and analgesia in real time, we therefore rely on measurement or estimation of the concentration 

of agents at their effect sites or on measures of various effects of the agents, including absence 

of the usual responses to noxious stimulation. 

 

Estimation of effect site concentrations of agents 

Measurement of inspired and expired end-tidal (ET) volatile anaesthetic gas concentration is 

now considered mandatory and is integrated into modern anaesthetic machines.  As with carbon 

dioxide levels, measured end-tidal concentrations of volatile agents should closely agree with 

arterial blood concentrations in the steady state, unless there is significant ventilation-perfusion 

mismatch.  During the wash-in and wash-out phases and when inspired concentrations are 

adjusted, this is not the case.  Uptake of volatile anaesthetic gases depends upon the inspired 

concentration, alveolar ventilation and functional residual capacity, the blood:gas partition 

coefficient of the agent, and cardiac output (59). Equilibration also depends upon the alveolar-

venous partial pressure gradient and tissue uptake, which depends on organ blood blow, lean 

and adipose tissue proportions, and oil:gas partition coefficient.  Plasma-effect site equilibration 

must also take place; the half-time is around 2.4 minutes for sevoflurane and isoflurane and 1.1 

minutes for desflurane (60).  

Whilst we can routinely measure inspired and expired concentrations of volatile anaesthesia, 

this is not the case for intravenous agents, as there is no currently available quantitative monitor.  

Therefore we can only estimate plasma levels of these agents based on pharmacokinetic 

principles and data from preclinical studies.  Total intravenous anaesthesia (TIVA) with 
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propofol and the opioid remifentanil are  often administered by target-controlled infusion (TCI).  

The plasma concentrations of agents are estimated using multi-compartment pharmacokinetic 

models, which are programmed into infusion pumps.  The pumps adjust the rate of agent 

administration, targeting the desired plasma or effect site concentrations, using individual 

patient information such as age, sex,(61) height and weight. Schnider (62) and Marsh (63) are 

the most commonly used models for propofol, and Minto (64) for remifentanil.  The models are 

derived from population studies and the accuracy of plasma effect site concentration estimates 

are quite variable due to interindividual variation in pharmacokinetics, particularly in obese 

patients (61). The models make assumptions about compartments, which are subject to variation 

in body composition and metabolism, and depend upon reliable delivery of drug into the blood 

stream through intravenous lines. There is also considerable variation in bolus and infusion rates 

delivered to achieve a given target concentration between the models. As with volatile 

anaesthetic agents, there is a plasma-effect site equilibration period, which is usually modelled 

between 0.6 and 2.7 minutes, depending on the pharmacokinetic model used. 

 

Neurological and clinical observations during anaesthesia  

Administration of anaesthesia reliably induces a series of observable changes in patient 

responses.  Typically there is depression of the normal ‘awake’ reflexes and responses, which 

is a key element of anaesthesia.  The mode of anaesthetic induction determines whether these 

changes are observable as stages or appear as an all-or-none phenomenon; a gas induction or 

slowly increasing target controlled infusion of intravenous anaesthesia will cause changes in a 

much slower fashion than a bolus injection of an intravenous agent. 

The initial effects of anaesthetic administration are analgesia, disinhibition and disorientation, 

often with a brief period of paradoxical excitation. This is followed by increasing sedation and 

loss of responsiveness - first to verbal stimuli, and then to noxious stimuli.  Anaesthetic effects 

on the midbrain depress the oculocephalic and corneal reflexes and the eyelash reflex becomes 

absent. Actions on cranial nerve nuclei in the brainstem inhibit swallowing, gagging and 

coughing, and permit airway manipulations.  Apnoea and depressed responses to hypercapnia 

and hypoxia are further effects of anaesthetic action at brainstem level, whereas atonia results 

from inhibition of multiple sites along motor pathways, primary motor areas and the spinal cord.   

Assessment of the neurological signs is by observation and clinical examination.  A number of 

formal sedation scoring scales have been developed, which are sometimes used in anaesthesia 

research to quantify anaesthetic effects and recovery from anaesthesia.  The scales include the 
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Glasgow Coma Scale (65), the Observers Assessment of Alertness/Sedation Scale (66), the 

Ramsey Sedation Scale, and the Richmond Agitation Sedation Scale (67).  The scales generally 

assess responses to verbal and noxious stimuli and sometimes have a component for scoring 

agitation. 

Noxious stimulation is classically associated with somatic movement, grimacing and 

lacrimation, particularly in the context of light anaesthesia or insufficient analgesia. The 

presence or absence of somatic movement to a standardized surgical stimulus has become the 

primary measure of adequacy of anaesthesia, and is usually the endpoint used to determine 

potency of anaesthetic agents.  Grimacing and somatic movements are masked by the use of 

muscle relaxants so these signs can often be missed, as can lacrimation due to routine taping of 

eyes. 

 

Autonomic nervous system measures 

With anaesthesia, there is a marked reduction in sympathetic nervous system outflow and a 

lesser reduction in parasympathetic activity, resulting in relative parasympathetic predominance 

(68). This manifests as decreased heart rate, reduced systemic vascular resistance, and 

hypotension.  The reduction in parasympathetic activity decreases salivation and tearing. Most 

anaesthetic agents have direct vasodilatory and cardiodepressant effects, which can activate 

compensatory autonomic responses. With noxious stimulation, a hypertensive and tachycardic 

sympathetic nervous system response is observed, although vagal responses are not uncommon.  

Heart rate variability (HRV) refers to the variation of the interval between heart beats and is 

reflective of the balance between parasympathetic and sympathetic nervous system activity.  

HRV is most accurately measured from the ECG from the R-R interval, and can be measured 

continuously.  Higher variability is associated with increased parasympathetic nervous system 

activity, whereas lower variability is associated with sympathetic nervous system 

predominance.  Frequency analysis can be performed, which reveals high frequency (0.2-0.4 

Hz) and low frequency (0.04-0.15Hz) components of HRV (69).  High frequency variability is 

thought to specifically represent changes in the parasympathetic nervous system, whereas low-

frequency variability is reflective of both divisions. The high frequency component of HRV, 

with an adjustment for confounding by respiratory rate, is one of the components of the 

commercially available analgesia-nociception index (ANI)(70).  
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The Surgical Pleth Index (SPI) has also been developed as a measure of intraoperative 

nociception (71).  The SPI algorithm analyses the plethysmographic pulse wave.  The amplitude 

and waveform of each pulse are indicative of sympathetically mediated vasoconstriction, and 

the interval between pulses provides HRV information.  Galvanic skin responses (72) have also 

been used as marker of nociception related sympathetic nervous system activity, which causes 

microfluctuations in sweat gland filling.   

The pupils are under parasympathetic and sympathetic nervous system control in the awake 

state.  During anaesthesia, pupils are typically small with a maintained but reduced light reflex 

(73), which reduces further with increasing doses of anaesthesia. With noxious stimulation, 

pupillary dilation occurs, a reflex which persists during general anaesthesia (74).  In the awake 

state, reflex dilation is mediated by the sympathetic nervous system, however during anaesthesia 

it is unchanged by peripheral sympathetic blockade with daprizazole (75), suggesting the reflex 

is mediated by inhibition of the Edinger-Westphal (EW) nucleus.  Further detail is provided in 

Chapter 6, where I explore the potential of pupillometry parameters as measures of subcortical 

effects of anaesthesia and nociception. 

 

Isolated forearm technique 

The isolated forearm technique was first described by Tunstall (76) for use during Caesarean 

section, which has a high risk of awareness.  A tourniquet or blood pressure cuff is placed on 

the arm of the patient prior to the administration of muscle relaxant, so that the isolated limb 

remains neuromuscularly intact. This allows detection of ‘wakefulness’ or conscious episodes, 

indicated by positive motor responses to commands such as ‘squeeze my hand’, which would 

normally be masked by muscle relaxants.  Although it is appealing for clinical use, the isolated 

forearm technique has largely remained a research tool.  The clinical importance of IFT 

responsive episodes remains unclear, since they are not usually associated with explicit memory 

formation. There are also a number of barriers to general use of the technique such as 

unavailability of arms, limited access to head, and potential distraction of the clinician from 

clinical care (77).  The duration of tourniquet application is limited by potential limb ischaemia, 

and reinflation may be needed with top-up doses of muscle relaxant.   

Despite rarely being used in clinical practice, perhaps mainly in cases with an awareness history 

or strong concerns regarding intraoperative awareness, the isolated forearm technique has been 

argued as the research gold standard for monitoring conscious state whilst muscle relaxants are 
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administered during anaesthesia (78,79). The IFT certainly has the ability to overcome the 

amnesia problem, by detecting episodes of  responsiveness in real-time, and since episodes of 

IFT responsiveness are more common than AWR, it is a more efficient method for testing the 

performance of purported measures of conscious state.  Isolated forearm technique studies have 

revealed significant deficiencies in the ability of proprietary EEG indices to detect episodes of 

connected consciousness, and the technique is used in Chapter 3 to examine the performance of 

other frontal EEG features. 

 

Electroencephalography (EEG)  

The recorded EEG is a bioelectric potential generated by electrical currents. These macroscopic 

currents are the net summation of many microscopic currents formed by populations of 

individual neurons. Action potentials do not cause large enough changes to affect the 

macroscopic EEG, rather summed postsynaptic potential changes generate detectable 

fluctuations in potential.  Neurotransmitter release causes changes in the permeability of 

neurons, the magnitude of which varies with the extent of agonist binding to receptors. 

Depending upon the ligand(s), a localized depolarization or hyperpolarization occurs, which is  

typically followed by an exponential decay with variable decay characteristics according to the 

ligand and the characteristics of the cell membrane.  EEG largely measures cortical pyramidal 

cells, which have cell bodies primarily located in the third and fifth layers of the cerebral cortex.  

The pyramidal cells are orientated parallel to each other and are excellent dipoles due to their 

long dendrites, which run perpendicular to the cortical surface.  

 

EEG acquisition and signal preprocessing (80) 

The signal from each electrode and the reference electrode is differentially amplified by the 

EEG recording system and then the amplified signal is usually passed through an anti-aliasing 

filter and then digitized via an analogue to digital converter. The digital EEG signal can then be 

stored electronically and further analyzed.  High and low pass filters can be used to eliminate 

low and high frequency artifacts respectively, and notch filters can be applied to remove specific 

frequency artifacts such as mains power frequency (50Hz) noise. The EEG is considered a 

composite signal comprising activity in different frequency bands; the bands usually considered 

relevant to monitoring of depth of anaesthesia are delta (0-4 Hz), theta (4-8 Hz), alpha (8-13 

Hz) and beta (13-30 Hz).   
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Sources of measurement error 

The EEG is subject to multiple sources of noise, which distort the biological signal. The body 

acts as an antenna and picks up powerline signals and noise from surgical diathermy and other 

electrical devices in the operating theatre. Electromyographic (EMG) activity (from the scalp 

muscle) and electrooculographic (EOG) activity (from eye movements) will also contribute to 

the recorded EEG; these may contain interesting and clinically relevant information, but will 

distort the signal from the cortex.  EMG activity overlaps strongly with higher frequency EEG, 

whereas blinking artifacts usually present in the slow wave range.  The EEG is a diminished 

measure of cortical activity, since the signal must pass through cerebrospinal fluid, the skull and 

scalp, which gives rise to substantial spatial smearing of regional voltage.  The EEG therefore 

reflects activity over a wide area, not just that under the electrode.  Contact impedance between 

the electrodes and scalp can also degrade the EEG signal due to greater susceptibility to noise; 

this can occur due to dead skin layers or poor contact, and can often be improved by adjustment 

of electrodes or application of conductive medium such as gel. 

 

Changes in the raw EEG waveform with anaesthesia and noxious stimulation 

In the awake state, postsynaptic potentials are asynchronous, resulting in an EEG signal with no 

obvious repetitive patterns.  High frequency low voltage activity is consistent with normal 

cognitive processing. and might be considered an indicator of normal brainstem-cortical, 

brainstem-thalamic, thalamocortical, and intracortical communication needed for full conscious 

activity. As the dose of anaesthetic is increased, EEG changes correlate with observed 

behavioural changes. Here I describe the changes typically seen with administration of 

GABAergic agents, which include propofol and volatile anaesthesia (81,82). Many of the 

changes are similar to those seen in NREM sleep.  It should be noted that there is considerable 

interindividual variability in EEG patterns, with many individuals not conforming to textbook 

descriptions.  Anaesthesia induced depression of consciousness is generally associated with 

increasing cortical synchrony and a decrease in the usual awake disordered unpredictable 

activity, with a shift from higher to lower frequency activity of greater amplitude.  With light 

sedation, there is a transient increase and then decrease in activity in the beta frequency range 

and the alpha oscillation begins to develop.  As anaesthesia is further increased, beta activity 

decreases, and the alpha oscillation and delta (slow) wave activity increase. As anaesthesia is 

deepened even further delta activity reaches a maximum and the alpha oscillation wanes. 

Eventually there is a shift to the burst suppression pattern, which consists of periods of 
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isoelectric EEG interspersed with bursts of activity. With very deep anaesthesia, the EEG 

becomes completely isoelectric, although this is not commonly observed during routine clinical 

care as the doses of anaesthetic required would cause excessive cardiovascular depression. 

Using EEG combined with simultaneous intracellular recordings, Steriade and colleagues 

investigated the ‘drivers’ of the delta waves and spindles seen during anaesthesia (83–85). Using 

experiments with cats, they concluded that pacemaking for the spindle patterns originates in the 

reticulate nuclei of the thalamus and thalamo-cortico-thalamic circuits, and that the rhythm of 

delta waves was the intrinsic rhythm of thalamocortical neurons. When thalamocortical 

membrane potentials were between -55mV and -65 mV, the spindle pattern dominated, 

switching to delta rhythm with further hyperpolarisation.  

The reported EEG responses to noxious stimulation during anaesthesia are quite variable (86). 

In some instances, there is a shift to higher frequency desynchronized activity, consistent with 

cortical arousal.  Both increases and decreases in alpha band activity or more specifically the 

alpha oscillation have been reported.  There are also numerous reports of ‘paradoxical arousal’ 

to noxious stimuli, marked by increased delta and dips in processed EEG index values.  The 

variety of responses possibly reflect variations in pre-stimulus patient state, the types of stimuli 

and the anaesthetic agents and adjuncts administered.    

 

Power spectrum analysis 

Fourier analysis is used to decompose the EEG time series into a voltage-frequency power 

spectrum; usually a fast Fourier transform (FFT) of epochs of the EEG signal is used. The 

transform returns amplitude and phase components for each harmonic frequency; epoch length 

and the sampling frequency determine the frequency resolution of the transform - the analysis 

of successive epochs or ‘windows’, which may or may not overlap,  is customary. Some simple 

quantitative measures derived from the power spectrum include the median (MF) and spectral 

edge (SEF) frequencies, referring to the frequencies below which 50% and either 80, 90 or 95% 

of the total EEG power lies.  The power or activity in each frequency band is calculated by 

summing the amplitude components from the relevant frequency bins.  This may be reported in 

absolute terms, in relative terms (to total power), or as ratios (to power in other frequency bands).  
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Bispectral index (BIS) 

The Bispectral index (BIS) is perhaps the most widely used and published depth of anaesthesia 

monitor. BIS is an empirically derived, multifactorial, quantitative EEG parameter; essentially 

a weighted sum of several subparameters selected statistically to maximise prediction of 

responsive and unresponsive states(80). The exact algorithm calculation remains a proprietary 

‘black box’ but is known to involve artifact filtering followed by: 

1. Spectral analysis:  relative beta (vs delta) power   

2. Bispectral analysis: a quantification of phase relationships between signal components 

(‘Synch fast slow’) 

3. Time domain analysis: the burst suppression ratio (BSR)  

BIS values below 60 are associated with a low probability of consciousness (80).  The BIS 

monitor also provides values for signal quality index (SQI), suppression ratio (SR) and EMG. 

 

Entropy measures 

Entropy is related to the amount of disorder in a system, describing the irregularity or 

unpredictability characteristics of a signal.  Higher entropy reflects greater disorder or 

randomness, whereas lower entropy states are more predictable and less random.  In the normal 

awake state, the EEG signal has high entropy, and with administration of increasing dose of 

most anaesthetics the entropy decreases - eventually to zero when the EEG becomes isoelectric. 

Different entropy metrics include approximate, Shannon, and permutation entropy, which are 

computed in the time domain, and spectral entropy, which is computed in the frequency domain. 

The Datex Ohmeda system uses a time-frequency balanced (87) entropy and displays two 

metrics – the state entropy (SE), which reflects mostly cortical (0.8Hz to 32Hz) activity and the 

response entropy (RE), which includes additional higher frequencies, reflecting both EEG and 

frontal muscle activity. Permutation entropy (88) is an alternative metric that uses an ordinal 

approach to the extraction of information from the EEG signal; it is resistant to large artifacts 

that occur with low frequencies.   
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Other commercially available EEG indices 

There is now a range of different depth of anaesthesia monitors available, which usually report 

a unidimensional processed anaesthesia ‘depth’ index that correlates with the dose of 

anaesthesia administered, and that should reflect the probability of consciousness or 

unconsciousness. The monitors generally incorporate algorithms for detecting and quantifying 

burst suppression and EMG activity. Each index is derived from different combinations of 

various single or multichannel EEG features with different weightings, and the algorithms 

usually remain proprietary and are refined quite frequently.  The Narcotrend index (89) is 

derived from spectral analysis followed by statistical matching of ratios of power in four 

frequency bands to the visual expert classification of sedation proposed by Kugler. The Patient 

State Index (90) includes multiple EEG features including power, power changes and coherence 

in various frequency bands and regions. The NeuroSENSE index is derived using a wavelet-

based technique to quantify gamma band activity on a normalised EEG signal (91). Generally, 

the index values from different monitors show reasonably high agreement and there is scarce 

evidence to suggest superiority of any particular index over others.  

  

Other putative EEG measures of anaesthetic effect 

Phase amplitude coupling is a type of cross-frequency correlation, in which the amplitude of 

activity in one band depends on the phase of a lower frequency rhythm (92).  Specifically, the 

amplitude of the alpha oscillation is reported to vary with the phase of slow waves, and the 

patterns observed differentiate between states of sedation and deep anaesthesia (93). Slow wave 

activity saturation (SWAS) occurs when slow waves reach their maximal amplitude at a stage 

between loss of responsiveness and EEG burst suppression.  SWAS has been linked to 

functional brain imaging evidence of loss of thalamic and cortical activation to auditory and 

noxious stimuli during propofol administration (50) and proposed as an alternative putative 

index of optimal anaesthetic depth. Lempel-Ziv complexity and its variants measure the 

diversity of patterns present in the signal; during anaesthesia there is a decrease in complexity 

of the EEG signal, and this measure appears to perform robustly (94). Middle latency auditory 

evoked potentials have been shown to diminish with increasing anaesthetic depth, which 

predicts movement responses during volatile anaesthesia (95,96). 
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Multichannel EEG measures 

Several multichannel channel EEG-derived correlates of anaesthesia induced unconsciousness 

have been reported.  Multichannel EEG allows examination of changes in activity across all the 

surface brain regions and at relationships between different regions.  Most studies have been 

conducted in healthy volunteers and have focussed on measuring changes in connectivity or 

information flow between brain regions.  Non-directed or ‘functional’ connectivity measures 

quantify synchrony or statistical interdependence between regions, whereas directed measures 

seek to establish statistical causation based upon prediction (97).  Non-directed measures 

include simple correlation, coherence, phase-locking, and mutual information.  Directed or 

‘effectivity’ connectivity measures include cross-correlation, transfer entropy and parametric 

and non-parametric Granger causality in the time or frequency domain.  Early studies 

highlighted reductions in frontoparietal connectivity (45,49) with a number of different agents, 

supported by functional imaging studies, however more recent studies suggest that changes in 

connectivity may be more global (48).  

 

Variation in dose-responses to anaesthesia  

The pharmacodynamic effects of anaesthetic agents have been quantified using a variety of 

endpoints, including loss of response to verbal command, loss of eyelash reflex, movement to 

noxious stimulus, and EEG changes. For volatile anaesthetic agents, the minimum alveolar 

concentration (MAC) is most widely used, and is used to compare the potency of different 

anaesthetic agents.  MAC is defined as the concentration of volatile anaesthesia required at 1 

atm ambient pressure to prevent 50% of subjects moving in response to a standardized surgical 

stimulus (98,99); it is a median rather than a minimum value.  The end-tidal (ET) concentration 

of volatile anaesthetic gas is routinely displayed in both percentage and MAC units, with MAC 

being routinely used clinically as a marker of anaesthetic requirement and adequate anaesthetic 

delivery.   

Whilst immobility is an essential goal of anaesthesia, and anaesthesia reliably causes immobility 

and loss of consciousness, the relationship between immobility and consciousness during 

anaesthesia is variable. Experimental studies in rats revealed that MAC primarily represents the 

level of inhibition of spinal antinociceptive reflexes, as MAC is independent of forebrain 

structures and remains unaltered after spinal cord transection (100,101). In addition, the use of 

muscle relaxants can induce immobility without any effect on consciousness (102). Variations 
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of MAC have been used to quantify other aspects of anaesthetic action, for example MAC-

awake is the median concentration preventing responses to verbal commands (103) and MAC-

amnesia is the anaesthetic concentration required to suppress recollection of a noxious stimulus 

(104). MAC-BAR is the median concentration at which autonomic responses are blunted (105), 

however the traditional MAC remains the most commonly used metric. 

The pharmacodynamic effects of anaesthesia are subject to within and between patient 

variability.  This has most widely been studied by examining factors affecting MAC (106).  Age 

is one of the main factors affecting MAC (107,108).  Peak MAC occurs at 6 months and there 

is another peak during puberty.  MAC then decreases by approximately 6% per advancing 

decade in adults so an age-adjusted MAC can be calculated and displayed by most modern 

anaesthetic systems (the standardised MAC is for 40 years old).  Sex, height and weight do not 

significantly affect MAC, but MAC is reduced during pregnancy.  MAC increases with 

hyperthermia and hypernatremia and decreases with anaemia, hypercarbia, hypoxia, 

hypothermia, and hypotension. Acute use of CNS stimulants and chronic use of alcohol 

increases MAC, whereas coadministration of opioids and other sedative agents or acute alcohol 

intoxication reduce MAC.   

The factors affecting propofol requirements are largely similar to those affecting MAC. Various 

sedative and analgesic agents act additively or synergistically with propofol. For intravenous 

agents, the metric equivalent to MAC is the half maximal effective concentration (EC50), and 

EEG measures are often used rather than movement as the endpoints in pharmacodynamic 

studies of these agents. There are several sources of between individual variability in EEG 

responses to anaesthesia.  One of the major factors is ageing - with advancing age, the amplitude 

of the EEG generally decreases, and there is increased variability in EEG patterns observed 

during anaesthesia. Older patients generally have reduced alpha activity and increased 

propensity for burst suppression (109,110).   
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CLINICAL RELEVANCE AND APPLICATIONS 

Awareness with recall (AWR) 

Recall of intraoperative events is usually considered a failure of general anaesthesia.  AWR is a 

rare event, and reported incidence depends considerably on the method of detection used. The 

incidence is typically quoted at 1-2 in 1,000, in alignment with studies where evidence of recall 

is actively sought (1,2,111).  Spontaneous reporting of awareness events is far lower, as found 

in the UK’s fifth National Audit Project NAP5, which reported an incidence just over 1 in 20,000 

(112). Awareness with recall was the primary outcome in most early (and some ongoing) clinical 

trials of depth of anaesthesia monitoring (111,113). The major limitation of this is that the 

requirement for explicit recall may severely underestimate the incidence of episodes of 

consciousness.  The normal absence of AWR with anaesthesia could be due to either failure of 

memory formation, or intentional ‘failure’ of consciousness by anaesthesia.  Both intraoperative 

consciousness and memory formation are required for awareness with recall. Consciousness is 

necessary but not sufficient. 

The currently accepted research standard for screening for awareness events is the modified 

Brice questionnaire (114), which is a structured interview.  It is generally administered at least  

twice, usually on the day of surgery and with the following month. The later screening increases 

sensitivity quite considerably (2).  Patients are asked their last recollections prior to surgery and 

after waking up from surgery, if they recall anything in between, whether they dreamed during 

surgery, what they found most unpleasant about the surgery, and if they had any problems going 

to sleep or waking up.  Negative responses to all the questions are typically accepted as evidence 

of lack of recall. Those cases with positive replies to any of the questions are usually reviewed 

by a panel of experts, which adjudicates whether the reported event represents a case of 

awareness with recall.  There have been significant differences in rates of positive adjudication 

between large awareness studies (115).   

Risk factors for awareness with recall are listed in table 1. These include factors that increase 

individual anaesthetic requirements or limit anaesthetic dose administered, and factors that mask 

early signs of inadequate anaesthesia.  Episodes of  awareness with recall are sometimes quite 

benign, but in other cases cause adverse psychological sequelae such as post-traumatic stress 

disorder (3).  The landmark B-Aware trial (111) suggested a large effect in favour of BIS 

monitoring for the prevention of AWR when compared to routine care. However, subsequent 

large randomized studies have failed to replicate this finding, and currently the weight of 

evidence suggests no superiority of BIS over end-tidal agent monitoring for volatile anaesthesia 
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(116). Because the incidence of AWR is so low, comparative randomized studies have become 

infeasible; the largest planned randomized control study was stopped early due to futility (117). 

Table 1. Risk factors for episodes of awareness with recall 

Patient factors Anaesthetic factors 

 Gender 
 Age 
 Obesity 
 Alcohol, opioid and illicit substance 

use 
 Previous awareness episode 
 ASA 
 Antihypertensive and beta-blocker use 
 Difficult airway 

 TIVA 
 Muscle relaxant 
 Absence of ET agent monitoring 
 Human error 

Surgical factors 

 Cardiac 
 Obstetric 
 Emergency / trauma 

 

 

Potential adverse effects from excessive anaesthesia. 

Most of the preceding review has focused on monitoring from the perspective of ensuring 

adequate levels of anaesthesia/antinociception. There is also interest in the potentially harmful 

effects of excessive dosing of anaesthesia, and its prevention using depth of anaesthesia 

monitoring. There is a considerable body of evidence suggesting anaesthetic agents cause 

neuronal apoptosis (118), which could be compounded by surgical stressors.  The developing 

and aging brains are deemed most at risk of cognitive and behavioural sequelae,  however 

compelling evidence of poor clinical outcomes is lacking.  In children, some cohort and 

randomized studies have reported differences in some outcomes, but the domains in which 

differences have been found have not been consistent across studies, and the weight of evidence 

currently would suggest no global neurocognitive deficits are attributable to anaesthesia in early 

life (119,120).  In older populations, deep anaesthesia, defined by the burst suppression pattern 

or low processed EEG index values, has been associated with postoperative delirium and 

neurocognitive decline. It is unclear whether this is a case of the EEG during anaesthesia 

revealing more sensitive brains, or if relative overdose of anaesthesia is causing worse 

outcomes; evidence from randomized studies attempting to prevent these outcomes with EEG 

guidance is inconclusive. 
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Aside from effects on the CNS, general anaesthetics have effects on most bodily systems, some 

of which may be detrimental. The cardiovascular effects of anaesthesia include myocardial 

depression and reduced cardiac output, decreased sympathetic tone and vasodilation.  These 

result in subsequent hypotension, redistribution of blood flow, and impaired perfusion of 

important organs.  Anaesthetic agents also have immune effects and have been implicated in 

postoperative infection and cancer recurrence.  Observational data consistently demonstrates an 

association between deeper anaesthesia (defined by EEG parameters) and poorer clinical 

outcomes, although whether this is due to confounding by factors such as age and comorbidity-

induced sensitivity to anaesthesia or is a true causal effect remains to be established (121).  The 

BALANCED study (122) failed to demonstrate a difference in mortality between patients 

randomized to deep or light BIS-guided anaesthesia and uncertainty still prevails. 

 

Acute postsurgical pain 

Pain is an unpleasant experience associated with significant human suffering and the prevention 

and relief of pain is intrinsic to the compassionate care of surgical patients. Acute pain associated 

with surgery should resolve during the healing process, typically within 3 months, after which 

any residual pain is considered chronic. Acute postoperative pain is common and associated 

with multiple adverse outcomes (123) including chronic postsurgical pain, increased length of 

stay and medical costs, readmission, prolonged opioid use and related side effects, impaired 

physical functioning and quality of life.  Physiological effects include myocardial ischaemia, 

hypoventilation and pulmonary infection, reduced gastrointestinal motility and ileus and urinary 

retention.  The immune system, coagulation and wound healing may also be affected.  

Psychological sequelae include anxiety, depression, and sleep disturbance. The prevalence of 

acute postsurgical pain has not declined in recent years, despite advances in perioperative care.  

Risk factors for acute postsurgical pain (73,123–125) include pre-existing pain or opioid use, 

substance use, anxiety and depression, surgical procedure, young age, and gender (higher 

propensity in females). Acute postsurgical pain is predominantly nociceptive from tissue 

damage and inflammation, however neuropathic pain is reasonably uncommon. Postoperative 

pain management is usually multimodal including local and regional anaesthesia, simple 

analgesics, anti-inflammatory agents, opioids, anticonvulsants, and ketamine. 
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CAUSAL INFERENCE 

The causal relationship between smoking and lung cancer is firmly established - however this 

was not always the case. The eminent statistician Ronald Fisher fervently rejected the notion 

that smoking caused lung cancer (126), a denial perhaps fuelled by his own significant tobacco 

habit. He instead asserted that the strong association could be due to a ‘smoking gene’ 

responsible for both smoking behaviour and lung cancer, i.e. a case of simple confounding. It 

took many years for clinicians and scientists to finally resolve the issue - a delay which cost 

many lives. If we aim to improve clinical outcomes, it is imperative to distinguish cause-effect 

relationships from confounding. However, we struggle to overcome the ‘association ≠ 

causation’ impasse imposed upon us by traditional statistical tenets, particularly when it comes 

to observational data.    

In scientific experiments, causation is typically established by holding constant all potential 

alternative causes of the outcome, whilst manipulating only the exposure of interest, so that the 

outcome can be reasonably attributed to the exposure.  A control group with no exposure is 

routinely used to exclude alternative causation such as fluctuation of the outcome with time or 

secondary to unmeasured confounders. Heterogeneity amongst the ‘experimental units’ is 

usually minimised to enhance the observed effect and the exposure is very carefully controlled.  

In human preclinical studies, healthy volunteers and multiple exclusion criteria are the norm, 

however in clinical anaesthesia research heterogeneity is unavoidable.  Our ‘experimental units’ 

are patients – with inherent variability in age, genetics, comorbidities, psychosocial and many 

other factors.  Additional heterogeneity arises from the unavoidable ‘co-exposure’ – the surgery 

for which anaesthesia is required. The randomised controlled trial (RCT) and meta-analysis of 

RCTs firmly occupy the apex of the evidence pyramid for clinical research, with randomisation 

having the unique property of rendering the exposure causally independent from confounding 

factors, and increasing sample size protecting against random imbalances in these factors of 

interest.   

Not all research questions in anaesthesia are amenable to RCTs.  Furthermore they can be 

expensive, laborious with the requirement for participant recruitment and consent, and 

somewhat artificial and prone to other sources of bias. RCTs can lie anywhere on a spectrum 

from explanatory to pragmatic (127,128), with a recent trend in perioperative medicine towards 

larger pragmatic trials, which are more generalisable but tend to focus on comparative 

effectiveness of exposures or techniques rather than causation. Randomized controlled trials 

tend to only answer a single question, and powering a study to evaluate multiple potential 

causative factors or outcomes can quickly become infeasible.  During routine clinical 
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anaesthesia, there are multiple manipulations of exposures and time varying confounding factors 

contributing to within and between patient variability in measures of anaesthesia and 

nociception.  I wanted to take advantage of this variation, as one of my aims was to quantify the 

relative contributions of the such factors to pupillometry measures.  Since this research was 

unsuited to a randomized control design, it became apparent that astute statistical control of 

observational data would be necessary.  

Many fields such as epidemiology, psychology, econometrics, and the social sciences face 

similar challenges, with limited capacity to manipulate exposures and high reliance on 

observational data.  Over the past few years there has been a flurry of interest in causality and 

advances and refinements in causal inference techniques, which can be applied to observational 

data to make more robust assertations regarding causation. These techniques are likely to 

become increasingly important with the advent of ‘Big Data’ (129).  In Chapter 5, I introduce 

directed acyclic graphs (DAGs), a cornerstone of modern causal inference, which have been 

popularised by Judea Pearl and others (130–132). These causal diagrams visually capture the 

complex interrelationships between important variables and offer a robust framework to 

comprehensively address confounding and other types of bias.  Clinicians and researchers are 

increasingly likely to encounter these diagrams, as some journals have already recommended 

their inclusion in reports of observational studies (133,134). I used a (somewhat unrelated) 

example as a basis to understand and illustrate the potential pitfalls of statistical adjustment, 

particularly multivariable regressions with imprudent covariate selection.  These principles were 

then applied in Chapter 6 to observational pupillometry data, using structural equation model 

analysis to better account for the causal structure of the data, acknowledge latent (unmeasured) 

factors, and determine direct and indirect effects. 
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CHAPTER 3:  BLACK SWANS - FRONTAL ALPHA-DELTA 

EEG PATTERN DOES NOT PRECLUDE VOLITIONAL 

RESPONSE DURING ANAESTHESIA 

INTRODUCTION   

This chapter evaluates the frontal electroencephalograph (EEG) as a means of measuring 

cortical state during general anaesthesia.  The isolated forearm technique (IFT) (76) was used 

to capture behavioural responses that would normally be missed in routine anaesthetic practice 

(7).  General anaesthesia with >0.5 MAC volatile anaesthesia, or >2 µg ml-1 propofol, is almost 

always associated with the appearance of a high voltage slow wave (alpha-delta) pattern in the 

frontal EEG (135,136). This pattern is a sign of thalamo-cortical hyperpolarisation and 

resembles that seen in slow wave sleep. Consequently, it has been suggested by many authors 

(17,135–140) to be indicative of anaesthetic unconsciousness. If this were so, it should not be 

possible for a patient to make an appropriate volitional response in the presence of this EEG 

pattern.  Karl Popper captured the weak link in scientific inductive reasoning with the famous 

quote: “…no matter how many instances of white swans we may have observed, this does not 

justify the conclusion that all swans are white...”(141). I followed this logic – that a single 

episode of an event (e.g. a black swan) may invalidate an “always” notion (e.g. all swans are 

white). Proposed markers of consciousness under anaesthesia typically take this black and white 

view and thus may be challenged along Popperian lines. 

Connected consciousness may be defined as “subjective experience of the external 

environment”(11). Reports of awareness with recall show that connected consciousness does 

occur occasionally during intended general anaesthesia. However, since anaesthetic agents are 

amnesic at subhypnotic doses (58), lack of explicit recall cannot be regarded as evidence of 

absence of experience. The IFT is a practical way of overcoming the amnesia problem, and 

hence assessing consciousness during anaesthesia in real-time when muscle relaxants are used.  

The common-sense interpretation of a timely volitional response to a command, in a human, is 

that the patient had some form of connected consciousness. We can assume that subjective 

experience of the command occurs with the execution of an appropriate directed response, 

however, it should be noted that the IFT responsive state is not necessarily equivalent to the 

normal alert state. 

Commercially available processed EEG monitors have often failed to predict or detect volitional 

behavioural responses revealed by isolated forearm testing during general anaesthesia (142–
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144).  However, since only processed dimensionless EEG values derived from proprietary 

algorithms were reported in these studies, it has been unclear why the monitors failed to detect 

such events.  I present findings from a subset of participants from an international multicentre 

prospective cohort study of IFT responsiveness (7) in whom simultaneous EEG recordings were 

taken.  Specifically, I examined the raw EEG recording, which to the best of my knowledge, has 

not been done previously. The main aim was to ascertain if the archetypal alpha-delta EEG 

pattern was present in any of the patients who responded appropriately to command during the 

IFT - any such patients would disprove the proposition that the frontal alpha-delta pattern 

reliably indicates anaesthetic unconsciousness.  

 

METHODS 

Study design  

This is a sub-study of EEG recordings taken at three sites (Waikato Hospital, New Zealand, 

University of Wisconsin, Madison, United States, and CHR Citadelle Hospital of Liège, 

Belgium), that were involved in the parent study (7).  Institutional Review Board or Local Ethics 

Committee approval was obtained at each site and the study was placed on a clinical trial registry 

(NCT02248623).  

Participants were adults (16 years and over) undergoing laryngoscopy and tracheal intubation 

as part of their routine anaesthetic care.  Informed consent was obtained from all participants.  

Exclusion criteria were inability to complete commands preoperatively, inaccessibility of the 

dominant forearm or contraindication to tourniquet (e.g. lymphoedema risk or operative site), 

and cardiac or intracranial neurosurgical procedures.  Recruitment took place between 

December 2014 and August 2015. 

 

Study conduct 

Conduct of anaesthesia was at the discretion of the responsible anaesthetist, who was 

independent from the study, with no stipulations upon which agents were administered. Standard 

monitoring (non-invasive blood pressure, electrocardiography, pulse oximetry, end tidal CO2, 

O2 and volatile agent concentrations) was performed on all participants. Age, gender, body mass 

index, comorbidities, and regular medications were recorded for each patient. Details of all 

medications given, laryngoscopy difficulty and duration, heart rate, and blood pressure were 
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also recorded. A modified Brice questionnaire(114) was administered within 24 hours of the 

anaesthetic episode to screen for awareness with explicit recall. 

 

Isolated forearm technique 

Following induction of anaesthesia, a tourniquet was inflated to 50mmHg above systolic blood 

pressure on the forearm prior to administration of muscle relaxant.  Prior to and following 

laryngoscopy and intubation, the patient was given the command: “(patient name), if you can 

hear me, squeeze my hand”.  A volitional response (IFT +ve) was defined as an appropriate 

squeeze of the investigator’s hand immediately after the verbal command; this was witnessed 

where possible by a second observer.  Other movements which occurred during and following 

laryngoscopy and intubation, independent of command, were not considered to be cognitive 

volitional responses (7).  Neuromuscular transmission in the forearm was verified by train-of-

four count by stimulation of the ulnar nerve.  At Site 3, the commands were repeated multiple 

times, and any volitional responses occurring more than 60 seconds following intubation were 

marked as late responses. Site 3 also differed from the other two sites in that co-administration 

of ketamine was routine practice, and volatile anaesthesia was not usually commenced until 

after intubation. 

 

EEG Collection and Analysis 

Frontal EEG recordings were obtained using the Bispectral Index monitor (BIS Vista, Covidien, 

Medtronic, Minneapolis, MN, USA) at Sites 1 and 2 and the NeuroSense monitor (NeuroWave 

Systems Inc., Cleveland Heights, OH, USA) at Site 3. Standard commercial electrode strips, 

montages, and impedance checks were used. The EEG recordings were commenced at the start 

of anaesthesia and times of events were noted using a stopwatch, taps or monitor event markers.  

Raw EEG waveforms for each patient were uploaded from the monitors and analysed using 

MATLAB software (The Mathworks, Natick, MA).  High pass 0.2Hz and low pass 45Hz third 

order Butterworth filters were applied sequentially with the phase-preserving MATLAB 

‘filtfilt.m’ function. EEG signals acquired from the NeuroSENSE monitors were then 

downsampled to match the acquired BIS sampling frequency of 128/s (note both monitors 

record at considerably higher sampling frequencies than are available as the waveform output).  

Artefact-free epochs of 20 seconds duration were selected for each subject, which were typically 
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20-40 seconds prior to the onset of laryngoscopy and 20-40 seconds after endotracheal 

intubation, except in the cases of the late responses where a 20 second artefact-free epoch 

centred on the recorded response was used.   

Burst suppression was identified as alternating episodes of electrical quiescence and waveforms 

by review of raw EEG and spectrograms by consensus of 3 researchers experienced in EEG 

interpretation.  Where burst suppression was present no further spectral analysis was employed.   

The typical EEG pattern seen during general anaesthesia with volatile drugs is marked by an 

increase in amplitude and a shift to low frequencies, the so-called alpha-delta pattern seen in the 

power-frequency spectrum (136). Therefore, power-frequency spectra were obtained by a 

modified Fast Fourier Transform using the Chronux (145) toolbox ‘mtspectrumc.m’ multitaper 

function in MATLAB with a frequency resolution of 0.4 Hz (with 15 tapers) followed by 

logarithmic transformation of power to decibels (dB, referenced to 1µV).  Spectrograms were 

created using the Chronux ‘mtspecgramc.m’ function with a moving window of 4 seconds 

duration with 1 second overlap. 

Delta power was defined as the peak power observed in the delta frequency band (0.4-4Hz). 

Alpha power was defined as the peak power in the extended alpha frequency band (7-17Hz); we 

designate the frequency of this peak as the alpha peak frequency. Oscillatory alpha power is the 

power at the alpha peak frequency over and above the background broadband noise (146). Theta, 

beta, and low gamma powers reported were the average power in these frequency bands (4-7Hz, 

17-32Hz and 32-45Hz respectively). Mean BIS or NeuroSense and electromyogram (EMG) 

values corresponding to the selected epochs are reported. 

 

Putative EEG Indices of Consciousness 

In addition to the usual spectral analysis of the EEG there are single channel EEG analysis 

methods that are proposed to be reliable biomarkers of anaesthetic induced unconsciousness. 

We therefore applied these algorithms to our data (modified where needed for shorter EEG 

epochs appropriate to the fluctuating clinical situation around induction of anaesthesia), to see 

if they could reliably distinguish the volitional IFT responders from non-responders.   

We examined: 

i. Permutation Entropy (PE) - a robust measure of the complexity inherent in the EEG 

waveform (88). 
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ii. Slow Wave Activity Saturation (SWAS) - the degree to which each individual has 

approached their maximum possible 1Hz power; which has been linked to functional 

brain imaging evidence of loss of thalamic and cortical activation to auditory and 

noxious stimuli during propofol administration (50). This was calculated as the slow 

wave amplitude (0.1 – 1.5Hz) at the time of interest divided by the maximum slow wave 

amplitude observed in that patient during the whole induction period. This does assume 

that the true maximum possible slow wave amplitude was in fact reached at some time 

during the induction process, due to relative overdosing of the induction bolus.  We 

calculated alpha saturation in a similar manner using peak alpha amplitudes. 

iii. The alpha-slow wave amplitude-phase coupling - often called “Peak/TroughMAX” 

(PmaxI) - a measure of the tendency of the maximum alpha amplitude to occur at the 

peaks of slow wave oscillations (92,93). We used a slightly modified version of the 

algorithm. Initially, 60 sec segments of the raw EEG signal were bandpass filtered 

between 0.1 and 45Hz using 5th order Butterworth filters and the phase-preserving 

‘filtfilt.m’ MATLAB function.  Sections of EEG signal >3SD were rejected as artefacts.  

We then extracted the two frequency bands of interest by applying 5th order phase-

preserving Butterworth bandpass filters for 0.1-1Hz (slow wave oscillation (SWO), and 

8-14Hz (alpha)).  Using an artificial white noise test signal, this showed about 20dB/Hz 

drop off either side of the frequency band of interest.  The instantaneous phase and 

amplitude for each of these signals was then obtained using the Hilbert transformation. 

A purpose written MATLAB function then obtained the envelope of the amplitude in 

the alpha frequency band and produced the 18 bin modulogram linking the alpha 

envelope amplitude to the phase of the SWO.  A peak-max pattern of coupling should 

show maximum alpha amplitude when the slow wave phase is around zero radians; 

whereas the trough-max pattern shows maximum alpha amplitude when the slow wave 

phase is close to π and −π radians. Thus, the ratio of mean alpha amplitude in bins 7-12, 

divided by the mean alpha amplitude in bins 1-3 and 16-18 will give an index (PmaxI). A 

PmaxI value greater than one indicates tendency to peak-max, and less than one indicates 

trough-max.   The original papers suggest that at least 120s of EEG is required to 

accurately estimate the amplitude-phase coupling index, however it is not possible to 

achieve a stationary signal of this length in the rapidly changing situation around the 

clinical induction of anaesthesia and intubation. 
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Statistical Analysis 

The study was not statistically powered to show a difference in the mean values of EEG 

measures between responders and non-responders.  A priori we did not know the incidence of 

IFT responsiveness, and, given the low rate of IFT responsiveness encountered, a study many 

orders of magnitude greater in size would be required to do so with reasonable certainty.  In any 

case, showing a difference in means is meaningless and unrelated to the primary scientific 

question, namely “Is volitional responsiveness (our surrogate of connected consciousness) 

possible when the frontal EEG exhibits the classic alpha-delta signature during general 

anaesthesia?”  This requires examination of outliers, not the measure of central tendency.   The 

underlying philosophy of the analysis was therefore that of direct falsification.  If I could find 

any instances of patients showing an unequivocal volitional response when their EEG was 

suggestive of unconsciousness, then we could infer that that EEG pattern (or EEG index) was 

not logically necessary for unconsciousness.  

One of the critiques of this approach is that there might be auxiliary questions related to 

quantitative indices of thalamo-cortical hyperpolarisation. Perhaps “Is volitional 

unresponsiveness only seen when we have achieved a maximal amount of delta power (SWAS), 

or the correct alpha-delta phase relationship (PmaxI)?”  Our secondary aim was therefore to 

determine whether any existing quantitative frontal alpha-delta EEG measures showed potential 

clinical utility in the detection of IFT responsiveness.  I was therefore not interested in the usual 

statistical recipes of comparing mean values between different groups, but instead examined 

how the indices for individual responding patients compared to the distribution (IQR) of the 

non-responders, with responder values within the IQR of non-responder values suggesting poor 

discriminatory ability. The discriminatory capability of an EEG index requires minimal overlap 

between IFT responsiveness and non-responsiveness 

Although we do not have large numbers of IFT +ve data points, it is possible to derive a 

likelihood function (‘normlike.m’) to estimate the negative log-likelihood that our responder 

data points came from a range of possible probability distributions; and thus get an idea of 

whether the putative index has achieved much separation between responders and non-

responders. 
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RESULTS 

Complete EEG data were analysed from 86 of 90 participants from three sites. Four EEGs were 

excluded from analysis because the timings of IFT commands were uncertain (none of these 

participants responded to command). Train-of-four testing verified intact neuromuscular 

transmission in the isolated forearm in all cases.  On postoperative questioning there were no 

episodes of explicit recall of surgery or the IFT commands.  

 

EEG findings prior to laryngoscopy and intubation 

There was significant variation in anaesthetic practice between Sites 1 and 2 (n=63) and Site 3 

(n=23) where ketamine was routinely used for co-induction and volatile anaesthesia was rarely 

administered prior to intubation.  In addition, Site 3 used the NeuroSense monitor to acquire the 

EEG signal, whereas the other sites used BIS. Thus, EEG patterns differed markedly by site 

(figure 2), even prior to laryngoscopy and intubation (for example delta power 26.6 (3.5) dB at 

Sites 1 and 2 vs 15.1(2.9) dB at site 3, p<0.0001). Burst suppression also occurred more 

frequently at Sites 1 and 2, compared to Site 3.  For these reasons the spectra and indices have 

been presented in two respective groups in figure 2 and table 3.  

 

Reflex movements to laryngoscopy and intubation 

Movements occurred in 38/90 (42%) of participants during laryngoscopy and intubation 

(not to verbal command).  The movements varied from small wiggles of fingers, to hand 

clenching, to more semi- purposeful movements of the limb towards the mouth.  Burst 

suppression was present in 10/52 (19%) of those who did not move and 7/38 (18%) of those 

who moved; odds ratio for movement with EEG burst suppression vs no suppression 0.95 

(95% CI (0.32-2.77)).  None of the EEG metrics examined differed significantly between 

those who moved and those who did not move (either prelaryngoscopy or postintubation), 

however heart rate was higher in those who moved at both stages (prelaryngoscopy 74 vs 

64/min, p=0.009; postintubation 97 vs 81/min, p=0.0004).  There was no significant 

difference in relative heart change between those who did and did not move.  
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Volitional response to verbal command 

A clear volitional (IFT +ve) response following laryngoscopy and intubation was witnessed in 

six patients (6.7%).  Four of the six responders had moved during laryngoscopy and intubation. 

The patient characteristics and anaesthetic doses and regimens of these responders are shown in 

table 2.  All the responses at Sites 1 and 2 (Responders A, B and C) were immediately after the 

initial verbal command (within one minute of intubation). At Site 3 commands were repeated 

around every 10 seconds for a longer period after intubation.  There were no responses to the 

initial command, but there were some later responses to the extra commands at approximately 

120 (Responder D), 80 (Responder E) and 160 (Responder F) seconds after intubation. Heart 

rate and heart changes did not differ significantly between responders and non-responders. 

 

 
Table 2. Demographics and anaesthetic regimens of IFT responders. 
OSA – obstructive sleep apnoea; ET – end tidal 

 

Age  Sex Wt. 
(kg) 

BMI Comorbidities Propofol  Opioid Adjuncts ET volatile 
before 
laryngoscopy 

A 27 F 48 21 VATER 
syndrome, end-
stage renal 
failure, anxiety, 
depression 

100mg Fentanyl 
100µg 

No Sevoflurane   
2.1% 

B 23 M 74 21 Gastro-
oesophageal 
reflux, 
depression, 
sleep disorder 

200mg Fentanyl 
50µg 

Midazolam 2mg 
Lidocaine 80mg 

Sevoflurane 
1.3% 

C 32 F 73 28 Cerebral 
aneurysm, 
anxiety, 
migraine 

150mg Fentanyl 
250µg 

Midazolam 2mg 
Lidocaine 
100mg 

No 

D 40 M 95 26 Nil 190mg Sufentanil 
15µg 

Ketamine 25mg No 

E 40 F 110 37 OSA, asthma 200mg Sufentanil 
10µg 

Ketamine 25mg Desflurane 
1.5% 

F 38 M 115 35 OSA, diabetes 200mg Sufentanil 
10µg 

Ketamine 25mg No 
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EEG spectra of IFT responders and non-responders 

 

Sites 1 and 2 

All three IFT responses (subjects A, B and C) occurred during clear frontal alpha-delta dominant 

EEG patterns (both prior to laryngoscopy and at the time of the response after intubation). We 

term these cases ‘alpha-delta responders’. Figure 3 shows the spectrogram of one such 

responder, in whom the alpha-delta pattern was present throughout the period of interest. The 

spectra of responders are displayed in colour against spectra from non-responders from epochs 

prior to laryngoscopy (figure 2A) and around the time of the IFT command (figure 2C). No 

consistent distinguishing features were apparent from these spectra, and the alpha and delta 

powers of these responders lie comfortably above the lower quartile of values for non-

responders (table 3).  

 

Site 3  

The spectra of these responders (subjects D, E and F), differed significantly from the alpha-delta 

responders, showing reduced power in the lower frequency ranges (figure 2D vs 2B, table 3).  

The pre-laryngoscopy spectra for these responders were comparable to the non-responders from 

the same site, with similar clinical regimes, but the spectra during responses were at the extreme 

of the Site 3 spectra, notably showing reduced power in the delta frequency range (figures 1C 

and 1D). Note that these epochs were later relative to intubation (and therefore also later relative 

to propofol induction of anaesthesia) than the non-responder epochs. Figure 4 is a typical 

spectrogram of a responder from this site, showing a gradual reduction in lower frequency 

activity and increasing higher frequency activity leading up to the recorded responses.   

No volitional responses to command occurred in any patients with burst suppression evident on 

the frontal EEG.  
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Figure 2. Frequency power spectra for IFT responders and non-responders.  

Left: Sites 1 and 2 spectra (no ketamine); A: prior to laryngoscopy and intubation B: following 
laryngoscopy and intubation.  

Right: Site 3 (ketamine administered) spectra. C: prior to laryngoscopy and intubation D: following 
laryngoscopy and intubation. 

Blue, green, and pink spectra are from responders A, B and C. Gold, red and light blue spectra are 
from responders D, E and F. Non-responders are shown in grey. 
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Table 3.  Frontal EEG parameters of responders and summary statistics of non-
responders at Sites 1 and 2 (A) and Site 3 (B).  

 †burst suppression cases excluded from spectral-based parameters.   * responder values lying outside 
the IQR of non-responders from the same group (at end of distribution typically associated with 
wakefulness). 

A: Sites 1 and 2 Responder A Responder B Responder C 
Non-Responders 

(n=60) 
    Median (IQR) 
Delta power (dB) † 23.7 25.6 24.6 25.1  (22.2   27.7)  
SWAS ra o† 0.78* 0.92 0.77* 0.89  (0.82  0.96)  
Theta power (dB)† 10.3 8.1 1.4* 5.9   (3.5   8.4)  
Alpha peak frequency 
(Hz)† 9.5 9.9 10.5 9.3    (8.3  10.1)  
Alpha Power (dB)† 16.4 17.6 11.2 9.4    (7.0   14.4)  
Alpha Satura on† 0.78 0.76 1 0.77   (0.62  0.83)  
Oscillatory Alpha (dB)† 8.5 11.9 12.5 6.6    (4.7    9.6)  
Beta power (dB)† -5.6* -8.3 -12.6 -9.0   (-11.1    -7.5) 
Low gamma power (dB)† -16.4* -19.3 -23.1 -19.0   (-21.3    -17.2) 
Permutation Entropy  0.71 0.68 0.70 0.73  (0.70  0.76) 
PmaxI  0.966 0.819* 0.942* 1.077  (0.959  1.171) 
BIS  44 37 44 37  (30   44) 
EMG  31.2 30.6 26.9 29.6  (27.9  31.9) 
Burst Suppression Absent Absent Absent 15/60 

 

B: Site 3   

Responder D Responder E Responder F 
Non-Responders  

(n=20) 

   Median (IQR) 
Delta power (dB)† 5.1*   6.4 * 2.8 *  11.3  (8.4   14.3) 
SWAS ra o† 0.29 *  0.25 * 0.21*   0.62  (0.53   0.73) 
Theta power (dB) 1.5    -0.7* -1.6*   1.6   (0.4     3.8) 
Alpha peak frequency 
(Hz)† 7.2  12.2   15.5  10.9   (9.7    12.9) 
Alpha Power (dB)† 7.4   4.4 *  6.9   8.4    (4.9    11.7) 
Alpha Satura on† 0.53 * 0.60 *   0.82   0.90   (0.79    0.99) 
Oscillatory Alpha (dB)† 3.2 * 4.7 *  8.6   7.5   (5.8    8.5) 
Beta power (dB)† -2.6 * -7.5   -6.5  -7.1   (-9.4     -4.9) 
Low gamma power (dB)† -13.6 * -18.0   -17.2   -16.9   (-18.8   -15.7) 
Permutation Entropy  0.92 * 0.90   0.90   0.89   (0.87   0.90) 
PmaxI  0.927 *   0.873 *   0.943 *   1.040   (0.970  1.137) 
NeuroSense index 90 *  80 *   72   65   (50   73) 
EMG  30.2   27.6   27.8   30.2 (27.0   33.3) 
Burst Suppression Absent Absent Absent 1/20 
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Figure 3. Spectrogram of responder A 

The spectrogram (A) demonstrates clear alpha-delta pattern at times of intubation (vertical black line), 
responses to verbal command (vertical green lines) and loss of responsiveness (vertical blue line). The 
alpha-delta pattern was maintained throughout the period of interest. Alpha (orange) and delta (blue) 
power shown in panel B 

 

 

Figure 4. Spectrogram of responder E  

The spectrogram (A) differed from that of responder A prior to laryngoscopy, but there was clearly further 
reduction in lower frequency activity at the time of the response (vertical green line).Note different time 
scale from figure 3 and artifact at 750-780 seconds during laryngoscopy (intubation marked by black 
vertical line).  Alpha (orange) and delta (blue) power shown in panel B.  
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Further putative EEG indices  

As regards frontal SWAS, no responders were fully saturated (defined as SWAS values >95%), 

although one response occurred at 92% saturation.  SWAS values for the alpha–delta responders 

were all above the lower quartile. Thus, with the proviso that peak SWA may not have been 

achieved in all cases around induction, SWAS did not show strong discriminatory capability for 

these responders. 

Overall, the PmaxI was significantly greater than one (p<0.0001) in non-responders indicating 

that most subjects were showing a tendency to a peak-max pattern.  The six patients who 

responded to verbal command had neutral or trough-max pattern at time of IFT; five of these 

values were outside the IQRs of the respective non-responders, however they were not at the 

extremes of values observed in non-responders and thirty of the non-responders had values < 1. 

Most of the derived EEG indices of the alpha-delta responders lay within the middle quartiles 

(or even towards the unexpected end of the distribution) so none showed an unequivocal 

delineation between responders and non-responders.  Conversely many of the derived indices 

for the Site 3 responders were outside the IQRs of non-responders (table 3B), consistent with 

the spectral findings observed.  BIS values for the alpha-delta responders were all below 45.  

NeuroSense values for the Site 3 responders were 90, 80 and 72.  Permutation entropy, like BIS, 

delta power and SWAS, was unable to differentiate the alpha-delta responders from the non-

responders.  Log-likelihood curve analysis suggested that the alpha-delta responders data came 

from probability distributions very similar to those of the non-responding patients.  

 

DISCUSSION 

Falsifiability is a philosophy of science, articulated by Karl Popper (141), that a single event is 

sufficient to refute some hypotheses: the observation of a single black swan is sufficient to 

disprove the notion that all swans are white.  Our most striking finding was the occurrence of 

volitional responses in the presence of strong frontal alpha-delta activity; we essentially 

discovered three black swans.  These establish that the frontal alpha-delta EEG pattern is not 

causally linked to unconsciousness. In these three responders, the noxious stimulus of 

laryngoscopy and intubation resulted in enough arousal to change the state of the patient so as 

to become able to make a volitional response to command.  This arousal was not associated with 

the loss of low frequency activity and return of high frequency activity typically associated with 

return of responsiveness following anaesthesia (and seen in our Site 3 responders) and was 
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essentially not visible to the frontal EEG. In fact, our data suggest that the only frontal EEG 

pattern that precludes volitional response is burst suppression, however slow wave saturation or 

peak trough max index>1 may not be completely dismissed. Notably, and in contrast to many 

of the other indices, the non-responder PmaxI values from the different sites were comparable, 

so the index seems to be resilient to different anaesthetic techniques, including lower doses of 

volatile and the disorganising electroencephalographic effects of ketamine. 

The incidence of movement responses to laryngoscopy and intubation in the absence of any 

verbal command was high (42%). There was no association between reflex movements (not to 

verbal command) during laryngoscopy and any of the EEG metrics examined, even burst 

suppression.  This is consistent with previous evidence in humans (147) and animal lesion 

studies (100,101), and reflects mediation of such movements by spinal reflexes completely 

independently of the cortex. There was, however, an association between the movements and 

higher heart rate. Since the response to laryngoscopy and intubation depends on cranial nerves 

for the sensory component, this may be due to anaesthetic effects on the brainstem resulting in 

both sympathetic inhibition (lower heart rate) and prevention of movement.  

The frontal alpha-delta EEG signature has been proposed as a plausible biomarker of anaesthetic 

unconsciousness.  It is thought to indicate a quiescent hyperpolarised thalamo-cortical system, 

with diminished capacity for sensory information transfer to the cortex, and impaired 

information integration within the cortex (17,135–140).  Indeed, studies in volunteers and 

patients have associated the appearance of this pattern with loss of responsiveness during 

induction of propofol or volatile based anaesthesia and its disappearance prior to return of 

responsiveness during emergence from anaesthesia (50,135).  However unresponsiveness ≠ 

unconsciousness (11), as we all understand from our experiences of dreaming during sleep 

where experience is driven by internal sources. In this context, while external stimuli may 

occasionally be perceived during dreaming, the dream is not generated by external sensory 

stimuli (a state of disconnected consciousness while unresponsive to the environment). Here 

these observations are extended to show that experience of, and interaction with, our 

environment can occur even in the presence of profound suppression of the frontal cortical EEG.  

Neuroscientists may find this less surprising as: (i) local sleep occurs during wakefulness, for 

example, after prolonged wakefulness local slow waves appear in the EEG (148–150); (ii) large 

bilateral frontal slow waves can be induced with muscimol injections in animal models with no 

apparent change in behaviour, see figure 5 in Leung and co-workers (151); (iii) lesion studies 

show that the frontal cortex is not necessary for consciousness (152);  (iv) frontal seizures are 

associated with loss of executive functions but not consciousness (153); (v) data from dreaming 
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in sleep suggests disconnected consciousness can occur in the absence of frontal cortical activity 

(see (41) for thorough appraisal); and (vi) propofol sedation diminishes frontal, but not temporal, 

cortical activity to ambiguous words implying that higher order cortical function may be blunted 

but sound perception may be maintained (154,155). Reduced frontal activation during sedation 

correlated with reduced implicit memory after the event, and so it is possible that frontal slowing 

may be associated with poor memory consolidation. The relationship between the alpha-delta 

pattern and awareness with explicit recall remains unknown. A study of disconnected 

consciousness has demonstrated that posterior cortical activity correlates closely with dream 

reports when woken from sleep (41,156).  Extension of these findings to our experiment, where 

subjects appear to be roused from anaesthesia by the intense noxious stimulation of 

laryngoscopy and intubation, may suggest that a similar posterior region mediates some 

episodes of connected consciousness under anaesthesia. Nonetheless, the consistency of the 

findings with human lesion data, which demonstrate clearly that consciousness does not require 

frontal cortical activity, is most compelling.  Future work must consider more broadly the brain 

regions monitored during anaesthesia. 

The findings reported here are consistent with previous studies in which behavioural 

responsiveness has been observed in patients with processed EEG ‘depth’ of anaesthesia index 

values lying well within manufacturers’ recommended target range for general anaesthesia 

(142–144).  Indeed, in 154 patients in the full parent study dataset, numerical values for depth 

of anaesthesia monitors were available (7).  At the population level, monitor values were higher 

in IFT responders than non-responders, however receiver operating curve analysis demonstrated 

that processed depth of anaesthesia values were not able to reliably discriminate between IFT 

responders and non-responders. I performed spectral analysis around the time of the IFT 

response to test whether we could identify an EEG pattern suggestive of unconsciousness, or if 

an issue such as loss of EMG, noise, artefact, or algorithm or equipment malfunction affected 

the monitor output values.  The alpha-delta responders we observed had frontal EEG spectral 

appearances typical of anaesthetised patients, indicating that the low index values, and failure 

of the monitor to detect the IFT response, were probably not due to muscle-relaxant induced 

loss of EMG, which has been identified as a limitation of the BIS monitor previously (102).  The 

Site 3 responders had spectral findings more consistent with cortical depolarisation, which may 

have been caused by coadministration of ketamine, low or absent volatile doses, or by declining 

propofol concentrations. This was detected appropriately by the NeuroSense monitor in the 

presence of muscle relaxants.  However, overall, the proprietary indices would have “missed” 

half of the IFT responders in this study. I argue that any measure that is proposed to advance 

monitoring should measure something that is causally linked to consciousness. As such we 
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should record from sites other than, or in addition to, the frontal cortex. Neurobiologically, it is 

reassuring that the burst response pattern was not associated with connected consciousness. 

Unlike local sleep, local burst responses at the EEG level have not been noted. Hence it is likely 

that frontal burst suppression indicates a global suppression of cortical activity that would 

suppress the integration of information and therefore consciousness. 

The sample size is small, and with only six responders it is only possible to make limited 

statistical inferences from our data.  However in this case, applying the same EEG measures to 

larger samples would not advance matters, it would simply equate to looking harder in the wrong 

place - finding another twenty black swans does not change the conclusion (although it does tell 

you how common black swans might be).  This problem sparked the decision to explore in silico 

how robust an EEG measure of connected consciousness would need to be to make a meaningful 

impact in routine clinical practice in Chapter 4.   

This study was a sub-study of a larger observational study of routine anaesthetic practice, and 

there was significant heterogeneity in administered anaesthetic regimes, which resulted in post 

hoc analysis of EEG recording from one site separately.  Comparing the pre-intubation spectra 

from the two sites, it appears that ketamine masks the appearance of the alpha-delta signature 

somewhat, despite the use of comparable induction doses of propofol.  The Site 3 spectra had 

lower delta and alpha activity and the alpha peak occurred at a higher frequency.  These  findings  

are consistent with a study specifically designed to investigate the propofol-ketamine interaction 

(157) and with the known effects of ketamine at higher doses in decreasing alpha and increasing 

gamma activity (45), thus I attribute the differences between Site 3 and Sites 1/2 spectra 

predominantly to the different anaesthetic regime typically used at Site 3.  However, it is also 

possible that some of the differences in spectral findings between sites were in part due to the 

different EEG acquisition systems used (for example electrodes systems, inbuilt noise reduction 

and filtering).  These differences have made interpretation of the EEG findings somewhat 

problematic.  Additionally,  the alpha-delta responses at sites 1 and 2 were clearly temporally 

related to the noxious stimuli of intubation, whereas two of the Site 3 responses occurred 

significantly later (around 120 and 160 seconds after intubation), and only after repeated 

commands (which were not executed at the other sites), and when some decay in propofol 

concentrations might have occurred.   

The ‘black swans’ from Sites 1 and 2 suggest that the alpha-delta pattern might be better 

regarded as a sign of gamma-amino-butyric-acid (GABA)-ergic induced hyperpolarisation, than 

unconsciousness per se.  The alpha-delta signature may still be considered evidence of GABA-

ergic agent delivery, but the return of responsiveness induced by the stimulus of laryngoscopy 
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and intubation was not accompanied by the loss of this pattern.  However, it should be noted 

that GABA-ergic delivery is not necessarily always accompanied by the classic alpha-delta 

signature, particularly in the presence of ketamine, which has a wide variety of differing effects 

on synaptic function and neuromodulator activity (158), which may partially explain this 

observation.  In contrast, at the time of their responses the Site 3 responders probably had low 

GABA-ergic activity and this may explain why their frontal EEG findings responses were more 

consistent with those traditionally associated with normal wakefulness.  The existence of the 

three patients who were responsive in the presence of a strong alpha-delta pattern means this 

pattern is not sufficient for unconsciousness. Conversely the existence of many patients from 

site 3 who were unresponsive in the absence of an alpha-delta pattern shows that this pattern 

may not be necessary for unconsciousness.   

An alternative, and perhaps controversial, explanation of the considerable overlap observed in 

frontal EEG patterns in behaviourally distinct (responsive and unresponsive) states, is that many 

of the non-responding patients were, in fact, conscious. It is probable that isolated forearm 

testing underestimates the incidence of real-time intraoperative awareness due to effects of 

anaesthetic agents on motivation to respond, cognitive processing and the motor response (11).  

Ketamine may have contributed to the lack of responsiveness in some of the Site 3 non-

responders who displayed EEG features traditionally associated with wakefulness.  

Furthermore, any potentially conscious but disconnected (dreaming) patients, who were 

unaware of their environment, would be defined as IFT negative.  Thus, it is possible that many 

more patients who showed a typical alpha-delta EEG pattern were in a state of at least partial 

consciousness.  Conversely, we also assume that an appropriate response is evidence of 

consciousness i.e. the subjective experience of the auditory command. It is not possible to 

completely exclude the possibility that the informed consent process conditioned participants to 

have a somewhat automated response to the sound of their name.  Since no recall was reported 

in our responders, it is plausible that the alpha-delta signature is associated with (but not a 

requisite for) anaesthetic induced amnesia. Given the prominent role of the frontal cortex in 

higher order cognition, it may be that the alpha delta responders still had a degree of cognitive 

impairment not detected by the simple verbal command used.  The qualitative natures of 

potential IFT responsive states remain to be fully elucidated and IFT responsiveness should not 

necessarily be considered equivalent to the normal awake state.  
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CONCLUSIONS 

Frontal EEG parameters do not readily discriminate volitional responsiveness, a marker of 

connected consciousness, and unresponsiveness during anaesthesia.  The alpha-delta dominant 

frontal EEG signature is not causally sufficient for unconsciousness during intended general 

anaesthesia. 
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CHAPTER 4:  DIAGNOSING CONSCIOUSNESS - AN 

EXPLORATION OF THE PERFORMANCE REQUIRED FOR 

A CLINICALLY EFFECTIVE AWARENESS INDEX  

 

INTRODUCTION 

The role of depth of anaesthesia monitors in the prevention of intraoperative awareness with 

recall remains contentious (159).  Studies employing the isolated forearm technique (IFT) with 

concurrent depth of anaesthesia monitoring in both anaesthetised patients and awake volunteers 

(7,102,143,144), together with the findings in Chapter 3, raise serious doubts regarding the 

ability of current indices to detect episodes of connected consciousness. Anaesthesia is usually 

an effective intervention, and the incidence of unintended episodes of connected consciousness 

is relatively low (1,2,7), even when using the isolated forearm technique to improve detection.  

As I encountered in Chapter 3, the low incidence brings significant specific challenges when it 

comes to study design and analyses.  Firstly, since unconscious and disconnected states are the 

norm during intended general anaesthesia, a difference between unanaesthetised and 

anaesthetised measures alone is insufficiently informative to assume clinical efficacy, since 

potential connected conscious states during anaesthesia remain untested. Secondly, clinical 

trials with awareness outcomes will struggle to attain enough statistical power to make firm 

conclusions of index efficacy or inefficacy.  This led us to ask the question: 

 “What is the minimum performance standard required for a putative depth of anaesthesia index 

to achieve clinical effectiveness in the identification of unintended episodes of connected 

consciousness during general anaesthesia?”   

To answer this question, I review and apply the principles of screening and diagnostic testing 

specifically to the evaluation of putative awareness indices. I then use simulations of index 

values for large populations consisting of conscious and unconscious individuals to:  

i) Demonstrate the effect of the underlying incidence of consciousness on index 

performance.  

ii) Optimise and standardise the choice of diagnostic threshold. 

iii) Define a minimum performance standard necessary for a putative index to 

translate into a clinically effective population intervention. 
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Many of these principles are well known, but for some reason are almost universally ignored in 

the anaesthesia awareness literature, which is awash with studies of putative indices which 

demonstrate statistically significant discriminations between wakefulness and unconsciousness, 

which are so modest as to be clinically ineffectual. 

The original purpose of this exercise was to evaluate the discriminatory ability required for an 

index to correctly identify a small proportion of IFT responders within a large, mostly 

unresponsive, population.  However, the presented simulations and findings could be applied to 

any relatively rare monitoring endpoint.  In this Chapter, I introduce the idea of ranking the 

index values in percentiles. This transformation provides a natural and intuitive graphical 

answer to these questions and could perhaps become a standard descriptor of index performance.        

 

Measures of index performance 

I was interested in appraising the ability of indices to correctly diagnose unintended episodes of 

intraoperative awareness, which subtly contrasts with the ability of indices to correlate with 

increasing anaesthetic drug effect-site concentrations, or the corresponding sedative behavioural 

consequences, across a full range from the normal alert state to anaesthetic overdose.  For the 

purposes of this paper, I consider individuals to be either conscious or unconscious, a binary 

outcome.  I concede this is somewhat at odds with the concept of graded consciousness (160),  

however from a clinical perspective of ‘awareness’ monitoring, anaesthesia is likely either 

sufficient or insufficient.  

For an index to be useful there must be a difference between index values of individuals who 

are conscious and who are unconscious.  Essentially we are trying to pick out a small number 

of conscious individuals from a large crowd of unconscious ones.  With a perfect index there is 

no overlap in index values between the conscious and unconscious groups, whereas a useless 

index will have a complete overlap in values.  The simplest way to describe a difference between 

groups is to present summary statistics, typically accompanied by a p-value from a test of the 

null hypothesis of no difference.  However, it is the degree of overlap of index values from each 

group, rather than the p-value, which determines performance of a diagnostic tool.   

Performance of diagnostic tests is traditionally reported using the terms sensitivity, specificity, 

and positive and negative predictive values, which are summarised in table 4. Use of these terms 

requires categorisation of individuals into a contingency table, which requires a threshold test 

value.  The choice of threshold introduces an element of subjectivity and potential bias; to 
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overcome this problem, diagnostic test performance is often reported using the area under 

receiver operator characteristic curve (AUROC) (161). This measure quantifies the performance 

of the index as the diagnostic threshold is moved across the full range of index values. 

The prediction probability (PK) is the currently advocated means of assessing the performance 

of depth of anaesthesia monitors (162); it is mathematically equivalent to AUROC for binary 

outcomes. PK is defined as the probability of an index correctly identifying which of two 

randomly selected index values (one conscious and one unconscious) is conscious (163). As a 

non-parametric measure, PK doesn’t require any assumptions about the underlying distributions.  

PK (or AUROC) gives equal weighting to sensitivity and specificity and is directly related to the 

probability distribution functions of the two groups.  However, a single PK value could reflect a 

wide variety of different receiver operator curve shapes, which might favour either sensitivity 

or specificity, and the actual performance will depend upon where the diagnostic threshold is 

set.  With PK or AUROC, the reported performance is potentially open to misinterpretation, 

since an index of no utility, performing no better than chance, attains a PK of 0.5 rather than zero 

(a perfect index will have a score of 1).  

Whilst the PK may be an accurate indication of the overlap of probability distributions of the 

two groups, it doesn’t provide complete information about functionality of the index because 

the predictive ability of the index is highly influenced by incidence, whereas PK is independent 

of the relative sizes of the groups.  By nature of the events being unintended, the number of 

conscious individuals (during general anaesthesia) will always be low compared to unconscious 

individuals, and this has a particularly limiting effect on positive predictive values.  

 

Clinical perspective:  What are the potential benefits of monitoring?  

The clinician using the index is faced with index values of a single patient, upon which they 

must make the decision whether to change their clinical practice. Thus, the predictive values 

are highly important: when faced with an index value – “What is the certainty the patient is 

conscious or unconscious?”  The other highly pertinent metric is sensitivity – “What proportion 

of conscious episodes can we expect to be detected?” and therefore “By how much could we 

reduce the disease burden?”  

Sensitivity and predictive values are highly dependent upon the diagnostic threshold and 

increases in sensitivity are offset by decreases in specificity.  Thus, we need to consider the 

relative values of diagnosing unconsciousness and diagnosing unintended episodes of 
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consciousness.  In the absence of monitoring, we expect that the patient is unconscious, because 

that is what we intended with our anaesthetic regime and consciousness is rare, so whilst it is 

reassuring for the clinician, I posit confirmation of unconsciousness per se to be less useful and 

less likely to change the outcome for a patient, compared to positive identification of conscious 

individuals.  

 

Clinical perspective: What are the costs of monitoring?  

There are a few dimensions that need to be considered when assessing the ‘cost’ of monitoring.  

As described above, the most obvious one is “how many conscious individuals are missed?” – 

the false negatives (1–sensitivity).  The clinician will have been falsely reassured that the patient 

was unconscious, when this was not the case.  One might argue that these individuals would be 

missed in the absence of monitoring anyway, but what if reassurance from the monitor resulted 

in misplaced dismissal of other potential signs of inadequate anaesthesia?   

The other clinical cost of monitoring is the false positive burden.  For each identified case - 

“how many unconscious individuals would have the same index value and receive unnecessary 

additional anaesthesia?”  This is the number needed to treat (NNT), which is often reported in 

clinical studies to help the reader decide if an intervention is worthwhile. The NNT is the direct 

inverse of the positive predictive value of the index. The perceived cost or detriment of an 

incorrect diagnosis is subjective, and will vary depending on factors such as comorbidities.  

Another problem with excessive false alarms is that they may be ignored by the clinicians 

suffering alarm fatigue (164). 

The financial burden of monitoring might be best described in terms of the number needed to 

monitor (NNM): “how many patients must be monitored for each conscious individual 

identified?”  This again depends upon incidence and the sensitivity of the index, with the NNM 

increasing with decreasing incidence or sensitivity.  Another less commonly considered cost of 

monitoring is the introduction of clinical uncertainty.  What if the monitor displays an 

intermediate index value suggesting a slightly greater than baseline risk of consciousness, which 

is not convincing enough to warrant treatment a change in practice? This information might be 

considered worse than no information at all.  
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Table 4. Contingency table and summary of performance metrics for evaluating the 
performance of diagnostic classifiers. 

TP – true positive; FP- false positive; TN – true negative; FN – false negative 

  

  
 

 

Actual patient state  

Conscious Unconscious  
M

on
ito

r d
ia

gn
os

is
 

Conscious TP FP  

Unconscious FN TN  

Sensitivity: proportion of conscious individuals who are correctly identified as such by the index TP/(TP+FN) 

Specificity: proportion of unconscious individuals who are correctly identified as such by the index TN/(TN + FP) 

Positive predictive value (PPV):  Probability that the patient is conscious when the monitor suggests the patient 
is conscious. TP/(TP+FP)  

Negative predictive value (NPV):  Probability that the patient is unconscious if the monitor suggests the patient 
is unconscious. TN/(TN+FN) 

Number needed to monitor (NNM): The number of patients needed to be monitored for each correctly 
identified conscious individual.  (TP+TN+FP+FN)/TP or   1/(sensitivity*incidence)  

Number need to treat (NNT):  Number of patients treated for each correctly identified conscious individual 
assuming all patients treated according to monitor diagnosis.  (FP + TP)/TP note this is the inverse of PPV as I 
assume in our simulations that all identified are successfully treated. 

Prediction probability (PK): The probability of an index correctly identifying which of two randomly selected 
index values (one conscious and one unconscious) is conscious.  A PK of 0.5 indicates that the index performs 
no better than chance and a PK of 1 indicates a perfect performance.  

Area under receiver operator characteristic curve (AUROC).  The area under a plot of false positive rate (1-
specificity) vs true positive rate (sensitivity) as the diagnostic threshold is moved across the full range of index 
values.  For binary outcomes, AUROC and PK are mathematically equivalent. 

Area under precision recall curve (AUPR).  The area under a plot of sensitivity (recall) vs true positive rate 
(sensitivity) as the diagnostic threshold is moved across the full range of index values.   
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METHODS 

MATLAB software (The MathWorks Inc., Natick, MA) was used to simulate putative index 

values for large mixed populations (total size 108), which consisted of conscious and 

unconscious subpopulations. The index values were generated using the ‘randn’ function, to 

create normally distributed conscious and unconscious subpopulations with equal variance (σ2). 

The proportions of conscious individuals modelled in the simulations varied between 0.1% and 

10%.  These proportions were chosen to cover a range of incidences from the typically quoted 

AWR rate through to an upper limit of 10%, which is approximately twice the observed 

incidence of IFT responses in our parent cohort study (7); it unlikely that states of connected 

conscious states are any more common than this routine clinical practice. The separation 

between subpopulation means was increased incrementally in standard deviation (σ) units, from 

zero to near complete (8σ) separation (figure 5; top panels). The ‘perfcurve’ function (which 

uses the trapezoidal method) was used to derive AUROC values, which are mathematically 

equal to PK (163). 

I used percentile transformations to help determine the distribution of conscious individuals 

across the combined population (figure 5; middle panels).  Percentile thresholds for the whole 

(mixed) population were obtained using the ‘prctile’ function. When the incidences of 

consciousness were ≤1%, permilles (tenths of percentiles) were also used for better resolution. 

Index values for conscious individuals were simulated to be lower than those for unconscious 

individuals for ease of reference so that discussion is focussed around lower percentiles (e.g. 1st, 

5th) rather than the corresponding upper percentiles (e.g. 99th, 95th).  Index values from conscious 

and unconscious individuals were sorted into the mixed population percentile (or permille) bins 

(figure 5; middle panels). The proportion of index values in each percentile bin that originated 

from the conscious population gives the probability of consciousness PCON for index values from 

that bin.  A diagnostic threshold was then applied according to percentile or other criteria (figure 

5; bottom panels), and the total number of TP, FP, TN, and FN cases counted.  The measures 

listed in table 4 and curves such as in those in figure 5 were then derived from the counts.  
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A.

 

B.

 

C.

 

Figure 5.  Process for statistical simulations and determination of performance measures 

Top panels: index values were generated for populations of conscious (green) and unconscious (blue) individuals 
with different degrees of separation (A,B,C). Vertical blue dotted lines show diagnostic threshold. 

Middle panels: the index values from the conscious and unconscious populations were combined into a mixed 
population.  The index values were transformed into percentile bins to shows the distribution of index values from 
conscious (green) and unconscious (blue) individuals across the population.  The proportion of values in each 
percentile bin from conscious individuals represents the probability of consciousness (PCON) for an index value from 
that percentile bin. 

Bottom panels: PCON curves such as in B can be constructed to show the probability of consciousness for index 
values across percentiles of the mixed population.  To determine diagnostic performance, a diagnostic threshold 
must be applied (blue vertical dotted lines), and then the quantities of true positive (TP), false positive (FP), true 
negative (TN) and false negative (FN) cases are derived. Horizontal dotted black line: baseline probability of 
consciousness (incidence).  
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The importance of diagnostic threshold: impact on key clinical indicators 

Figure 5 shows the distribution of conscious individuals for perfect (A), good (B) and useless 

(C) separations when there is an underlying 10% incidence of consciousness. In the bottom 

panels, the x-axis indicates the percentile position of an index value within the combined 

population, and the y-axis gives the positive predictive value for an index value in that position 

(PCON).  A perfectly functioning index (A) results in a PCON of 1 up to the incidence percentile 

with a vertical drop to a PCON of 0 across all the percentiles greater than the incidence. 

Conversely an index with no utility (C) yields a horizontal PCON line equal to baseline incidence 

of consciousness.  For intermediate separations, a family of curves is created, with PCON 

monotonically decreasing from the lowest to the greatest percentiles, with greater subpopulation 

separation resulting in improving gradients of the PCON curve.  An example separation of 2σ is 

shown (figure 5B). An arbitrary diagnostic threshold was set at the 20th percentile, and areas of 

the graph shaded according to contingency table categories (table 4). The advantage of working 

in percentiles and proportions is that the areas on the graph directly and simply depict 

proportions of individuals falling into each category.  

The sensitivity or proportion of conscious individuals correctly identified is of great importance 

in the clinical setting since it represents the efficacy of index.  However, the specificity must 

also be acceptable, and there is a trade-off between these aspects of index performance when 

selecting a threshold. If we imagine sliding the diagnostic threshold along the PCON curve in 

figure 5B (lower panel), we can appreciate the impact of threshold selection. Movement of the 

diagnostic threshold rightwards to include more percentiles of the population will increase 

sensitivity, however this sensitivity gain occurs at the expense of positive predictive value, 

because more false positives (yellow area) true positives (green area) are diagnosed due to the 

mismatch in subpopulation sizes.  Conversely, shifting the threshold to lower percentiles 

increases the overall positive predictive value, and lowers the false positive burden, but at the 

expense of sensitivity. Even in the case when the index performs no better than chance (figure 

5C), sensitivity can be increased by including more percentiles, but the positive predictive value 

remains unchanged (as it always equals the baseline incidence of consciousness).  Although the 

ROC can be useful in guiding the choice of threshold, there is no uniformly agreed best practice 

for doing so, particularly when the diagnosis is rare. 
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RESULTS 

The effects of incidence and subpopulation separation on probability (PCON) curves: 

What is the value of the information provided by the index? 

The graphs in figure 5 are for a 10% incidence of consciousness, which is at the upper end of 

our range of interest.  As incidence decreases, similar patterns are observed, however the 

baseline incidence line tends towards zero, with the area under the PCON curve becoming 

correspondingly smaller.  The TN and FP areas become larger and the positive predictive values 

more limited. In figure 6, families of PCON curves are demonstrated for a selection of 

subpopulation separations for three representative incidences of consciousness: 10%, 1% and 

0.1%.  For display purposes, I have used a logarithmic scale and the percentile range shown is 

limited to highlight the regions of interest. These curves reveal the certainty a clinician might 

expect when faced with only an index value during anaesthesia to make a diagnosis; only index 

values falling in the percentiles where PCON approaches 1 or 0 can be interpreted with reasonable 

certainty.  

The difference between PCON and the baseline risk (i.e. the extent to which the estimated 

awareness risk should be revised) gives a good indication of the value of information derived 

from the index. The gradients of the PCON curves give an indication of the ‘gain’ of the index, 

which increases with increasing subpopulation separations. Another important feature of the 

curves is the percentile at which the PCON line intersects with the baseline incidence.  This gives 

the proportion of index values showing a greater than baseline risk of the patient being 

conscious, which converges on the incidence as subpopulation separation increases towards 

perfect separation. If the intersection of PCON with the baseline probability occurs at a greater 

percentile than the diagnostic threshold, a diagnostic ‘grey zone’ is created (for example the 

green arrow in figure 6B). Any index values in this zone do represent a higher likelihood than 

baseline of the individual being conscious, insufficiently so to warrant treatment. 

 

Rationale for using an incidence-based diagnostic threshold 

When there is perfect separation of subpopulations, the ideal diagnostic threshold would be 

positioned at the percentile the same as incidence; this would result in 100% sensitivity and no 

false positives.  Unfortunately, perfect separation is extremely unlikely, and this might be 

considered a very stringent cut-off, as clinicians are usually prepared to accept some false 

positive cases to improve the sensitivity of the index. The percentile where PCON intersects the 
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baseline incidence is the position in the combined population where the balance of probability 

distribution functions of index values changes from favouring consciousness to favouring 

unconsciousness, that is where the probability of consciousness starts to exceed the baseline 

risk.  However, it is clear from figure 6, that unless there is extremely high separation, 

positioning the diagnostic threshold here would mean classification of large proportions of the 

population as conscious, and potentially wrongly treated, despite the risk of consciousness still 

being extremely low.   

I propose using the percentile that is twice the underlying incidence of consciousness (which 

will be referred to as the 2ith percentile) to mark the diagnostic threshold.  This is a pragmatic 

compromise which limits the total false positive burden of cases to clinically acceptable levels. 

In this Chapter, I term the sensitivity derived using this threshold as the ‘functional sensitivity’; 

meaning the proportion of conscious individuals whom might reasonably be expected to be 

positively identified on a population level. Setting the diagnostic threshold at the 2ith percentile 

limits the total proportion of the population treated to twice the underlying incidence of 

consciousness and ensures that PCON is always less than 0.5 for index values falling outside the 

diagnostic threshold (and usually far lower). 

 

 

Figure 6. Probability of consciousness (PCON) curves for different subpopulation separations 

Curves for A – 10%, B- 1% and C – 0.1% incidence of consciousness are shown, The vertical dashed red 
line marks the proposed diagnostic threshold (2ith percentile) and the horizontal dashed black line indicates 
the baseline probability of consciousness. Note the logarithmic y-axis scale.  The green arrow in B indicates 
the percentiles considered as the diagnostic ‘grey zone’ for a 2σ separation 
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How good does an index need to be to achieve clinical utility? 

The surface plots in figure 7 show the functional sensitivity achieved with increasing 

subpopulation separation across the full range of incidences from 0.1% to 10%. Where the 

incidence of consciousness becomes very low, far greater separations are required to attain 

clinically acceptable sensitivity. Comparing A and B, different shapes of the relationships 

between the different measures of separation (σ and PK) and functional sensitivity can be 

appreciated.  

At an incidence of 10%, a separation of around σ is needed to achieve a functional sensitivity 

of 50%; this is much lower than might be expected with a reported PK value of 0.76. At lower 

incidences the requirements are much greater, with almost 3σ separation or a PK of 0.98 needed 

when the incidence is 0.1%.  To achieve a more desirable sensitivity of say 90%, the PK 

requirements increase to between 0.95 and 0.997. Given that the incidence of 10% is the upper 

bound of the simulations, and a baseline incidence somewhere between 0.1% and 5% more 

realistic, the minimum requirement is arguably much higher than this. 

 

 

 

Figure 7. Functional sensitivity achieved across a range of incidences of consciousness and 
subpopulation separations expressed as σ (A) and PK. (B) 

 



58 
 

In addition to functional sensitivity, some complementary metrics are useful to evaluate 

performance, particularly to determine if the false positive burden is acceptable, so the NNT and 

proportion of the population with index values from the diagnostic ‘grey zone’ are also presented 

in table 5. Looking across all these metrics, I propose that to consistently function across the 

clinically relevant range of incidences a performance of at least 2σ separation (PK 0.92) is 

required.  This is a considerable demand, as typically a separation of 0.8σ is considered a large 

effect size, and a separation of 2σ a ‘huge’ effect (165).   

 

 

Table 5. Clinical costs vs benefits of monitoring  

FS - functional sensitivity (% of conscious individuals correctly identified); NNT - number needed to treat; 
Grey zone - % of total population with PCON > baseline incidence but outside diagnostic threshold 
(percentile twice the incidence). 

 

 

SEPARATION 

INCIDENCE OF CONSCIOUSNESS 

10%                  5%  1%  0.1% 

 FS NNT Grey 

zone 

  FS NNT   Grey 

zone 

  FS  NNT Grey 

zone 

   FS NNT Grey 

zone 

0.5σ (PK 0.64) 34%     5.5      23%  21%     9.6       33%   6%      33.6   39%  0.9%      217 41% 

σ   (PK 0.76) 51%     3.9      14%  36%     5.6       24%  14%     14.2   29%  2.8%       73 31% 

2σ (PK 0.92) 81%      2.5       3%  70%      2.9       10%  44%      4.6       15%  18%         11 17% 

3σ (PK 0.98) 96%      2.1       0%  92%       2.2         2%  77%      2.6         6%  51%            4 8% 

4σ (PK 0.996) 99.7% 2.01      0%  99.2%    2.02        0%  95.5%   2.1        2%  83%    2.4      4% 
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Precision-recall curves 

An alternative metric that has gained popularity in the machine learning setting, for dealing with 

relatively rare events or ‘class imbalance’, is the area under the precision-recall curve (AUPR) 

(166). The AUPR quantifies the most pertinent clinical indicators of index performance - 

sensitivity and positive predictive value - across the full range of potential diagnostic thresholds, 

providing a more complete picture of clinical performance where incidence is low. Figure 8 

shows how the AUPR curves capture the problematic reduction in performance with decreasing 

incidence (the ROC curve is independent of incidence and the reduction in PPV is overlooked). 

Disadvantages of the AUPR are that it is less straightforward to compute and less well 

established in clinical research than the ROC.  Also, interpretation of AUPRs between studies 

with different incidences of consciousness would be problematic, as the areas for a zero-

separation index vary according to incidence. Nevertheless, these problems are mostly 

outweighed by the advantages, and the AUPR seems to have good potential for describing index 

performance and would be well suited to comparing different performance of different indices 

on the same data set to identify the most promising. 

 

 

Figure 8.  Area under precision-recall (AUPR) curves demonstrating falling index 
performance as incidence decreases falls from 50% (left) to 0.1% (right)  
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Alternative NNT-based diagnostic threshold 

In order to check whether comparable results were obtained using other thresholds, I performed 

some supplementary simulations. Since the NNT is often used to deem whether a treatment is 

worthwhile, I used a range of NNT-based thresholds.  The sensitivities reported here in table 6 

were easily derived from AUPR curves. Note that the same NNT for 1% and 0.1% incidences 

will result in ten-fold differences in the total proportion of the population treated.  

Table 6. Sensitivity achieved at various subpopulation separations using NNT-based 
thresholds 

(A) 1% and (B) 0.1% incidence of consciousness. 

Sensitivity colour coded: black < 10%, red 10-50%; orange 50-75%; yellow 75-90%green >90%. 

  

 

A: 1% incidence Sensitivity achieved with NNT   

Se
pa

ra
tio

n(
σ)

 

 2 5 10 25 50 100 

1.25 <0.10 <0.10 0.20 0.56 0.85 1.00 

1.5 <0.10 0.16 0.37 0.71 0.92 1.00 

1.75 <0.10 0.31 0.54 0.82 0.95 1.00 

2 0.18 0.47 0.68 0.89 0.97 1.00 

2.25 0.32 0.61 0.78 0.93 0.99 1.00 

2.5 0.46 0.73 0.86 0.96 0.99 1.00 

2.75 0.59 0.82 0.91 0.98 1.00 1.00 

3 0.71 0.88 0.95 0.99 1.00 1.00 

3.25 0.80 0.93 0.97 0.99 1.00 1.00 

3.5 0.87 0.96 0.98 1.00 1.00 1.00 

3.75 0.92 0.98 0.99 1.00 1.00 1.00 

4 0.95 0.99 1.00 1.00 1.00 1.00 

B: 0.1% incidence Sensitivity achieved with NNT 

 
Se

pa
ra

tio
n(

σ)
 

 2 5 10 25 50 100 

1.25 <0.10 <0.10 <0.10 <0.10 <0.10 0.22 

1.5 <0.10 <0.10 <0.10 <0.10 0.21 0.40 

1.75 <0.10 <0.10 <0.10 0.20 0.36 0.56 

2 <0.10 <0.10 0.17 0.35 0.52 0.70 

2.25 <0.10 0.17 0.29 0.50 0.65 0.80 

2.5 0.12 0.30 0.44 0.63 0.77 0.87 

2.75 0.22 0.43 0.57 0.74 0.85 0.92 

3 0.35 0.56 0.69 0.83 0.90 0.95 

3.25 0.48 0.68 0.79 0.89 0.94 0.97 

3.5 0.60 0.78 0.86 0.93 0.97 0.99 

3.75 0.71 0.85 0.91 0.96 0.98 0.99 

4 0.81 0.91 0.95 0.98 0.99 1.00 
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Again, it is evident that that separations exceeding 2σ are needed to achieve reasonable clinical 

utility.  At 1% incidence, a 2σ separation would achieve 68% sensitivity with an NNT of 10, 

requiring treatment of 10% of the total population.  At 0.1% incidence with a 2σ separation, a 

sensitivity of 50% might be possible with an NNT of 50, requiring treatment of 5% of the total 

population.  These findings affirm the minimum performance requirements as a feature of the 

core clinical problem, rather than an anomaly secondary to institution of the novel incidence-

based threshold for the simulations. 

 

DISCUSSION 

How close do current indices come to meeting the minimum requirements? 

There is wide heterogeneity in studies which have sought to evaluate the ability of various EEG 

based indices to monitor consciousness, particularly with regard to study design and the 

endpoints assessed, which limits meaningful comparisons of index performance. It is therefore 

unsurprising that a wide range of PK (or area under ROC) values are reported in the literature 

for the differentiation between unconscious and conscious states by various indices. The 

findings from published reports of performance of depth of anaesthesia indices are summarised 

in table 7.  High performance values are typically achieved when using a single-agent, within-

subject design, with roughly equal numbers of conscious and unconscious observations 

(147,167,168).  However, the context of these studies is often only loosely applicable to the 

clinical scenario of awareness monitoring.  Where indices have been more rigorously tested, for 

example using the IFT and using transitions of consciousness, index performance is often only 

modest (7,142–144,169), and certainly well below the suggested minimum performance levels.  

Another concern regarding methodology is lack of clarity regarding pooling of within and 

between-individual observations.  On a population level, in the absence of individual index 

calibration, between-individual performance will be the main determinant of clinical 

effectiveness.  A further methodological concern is that following loss of responsiveness, in 

some studies unconsciousness was not actually formally verified, but merely assumed until the 

planned emergence period.   
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Table 7.  Summary of reported performance of depth of anaesthesia markers.  

PK - prediction probability; Sens – sensitivity; Spec – specificity; PPV - positive predictive value; NPV- negative predictive value; LOC -loss of consciousness; ROC - return 
of consciousness; TCI -target controlled infusion; TIVA: total intravenous anaesthesia. 

STUDY PARTICIPANTS REGIME PERFORMANCE METRICS 

Kearse  (170) 20 paid volunteers ASA 1 and 2  Propofol TCI stepped concentrations.  
Half of participants received 30 % N2O. 
No noxious stimulation 
 

AUROCs (equivalent to PK)vs Modified Observer Assessment of 
alertness/sedation scale (MOAA/S)  
 
BIS: 0.9787 
Target propofol concentration 0.9179 
 

Glass (171) 70 paid volunteers 
Exclude neurological disorders, 
anticonvulsant, long term drug 
EtOH 

Propofol, midazolam, isoflurane and alfentanil 
administered in separate episodes.  TCI or volatile to 
targeted ET concentration 
No noxious stimulation. 

Correlation (r) vs MOAA/S 
 
                             BIS 3      BIS2.5     Target conc   Measured conc  Log conc 
Propofol             0.833      0.912         -0.808            -0.788                -0.769 
Isoflurane          0.859      0.828         -0.890            -0.894                -0.846 
Midazolam        0.755      0.700         -0.773            -0.746                -0.654 
Alfentanil           0.444      0.434         -0.166            -0.254                -0.235 
 

Vakkuri  (167) 70 patients ASA 1 and 2 BMI <30 
Exclude: CNS disease or injury, 
hearing defect, EtOH or drug 
abuse. 

Three groups (not randomised) 
1. Inhalational induction with sevoflurane, 

rocuronium and intubation. ET 1.5% sevo 
maintenance in N2O with FiO2 40%.  NB ROC not 
tested (n=20). 

2. Intravenous propofol 2mg/kg induction. Then 
ROC. Second bolus 1mg/kg and propofol 
infusion 7.5mg/kg/h. + N2O with FiO2 40%.  
fentanyl and rocuronium (n=30). 

3. Induction with thiopental 5mg/kg and ROC 
another bolus 2-3mg/kg and fentanyl and 
rocuronium desflurane maintenance 1-2 MAC in 
N2O/FiO2 40% (n=20). 

                    Sens RE    Sens SE   Sens BIS   Spec RE   Spec SE     Spec BIS  
Sevoflurane   99.8           98.1             98.8        98.0        98.2           98.3  
Propofol         97.3           96.0             95.3        97.4        98.1           98.1    
Thiopental      97.8          94.9             95.5        94.3        91.5           94.9   
 
Prediction probability PK 
                               RE                     SE                          BIS  
Sevoflurane       0.996               0.998                     1.0  
Propofol             0.998               0.998                   0.998   
Thiopental         0.996               0.990                   0.995  
 
NB: No IFT testing -unconsciousness assumed intraoperatively. RE indicated 
impeding awareness during recovery better than SE/BIS  
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STUDY PARTICIPANTS REGIME PERFORMANCE METRICS 

Katoh (147) 69 patients ASA 1 and 2 elective 
surgery, aged 19-65 yrs.  
Exclude: cardiac, pulmonary, 
renal disease, reflux risk, EtOH 
or drug abuse, increased 
aspiration risk, BMI >30. 

All patients assigned a randomly selected low and 
high concentration of sevoflurane.  After 15min 
steady state sedation assessed using OAA/S.  In 47 
patients (those scheduled to have skin incision), 
purposeful responses to incision were noted.  

Prediction probabilities for incision movement  
%ET sevo:     0.902 
BIS:                0.656  
95%SEF:        0.571 
Correlations with sedation scores  
%ET sevo:   Spearman -0.861, PK  0.966 
BIS:              Spearman  0.911,  PK  0.945 
95%SEF       Spearman  0.726  ,PK  0.812 
 

Liu (172) Ten healthy males ASA 1 or 2. 
Elective lower limb surgery.  
Regional anaesthesia 
 

Propofol administered incrementally to achieve 
sedation scores 

Spearman correlation between OAA/S score and BIS 
Induction 0.744 
Emergence 0.705 

Schrag (61) 12 patients having elective 
lower limb surgery under spinal 
anaesthesia. 
Exclude: psych or hearing 
impairment 
 

Spinal anaesthesia prior to assessments i.e. no 
stimulation. Routine premedication with temazepam  
 
Transition phase from responsive to unresponsive; 
average of 10 transitions per patient during propofol 
TCI  
 

Endpoints: eyelash reflex and squeeze hand 
AUROC (equivalent to PK): 
       BIS = 0.922 
       Auditory Evoked Potential index (AEPi) = 0.968 

Schneider (169) 40 elctive surgical patients.  ASA 
1 or 2.  
Exluded RSI , CNS medication, 
pregnancy, psychiaric or 
neurological diseases 
 

Randomised to four groups 
1. Sevo/remi (<0.1mcg/kg/min) 
2. Sevo/remi (>0.2mcg/kg/min) 
3. Prop/remi (<0.1mcg/kg/min) 
4. Prop/remi (>0.2mcg/kg/min)  
 
LOC 1  
Muscle relaxant, IFT, intubation 
ROC1 achieved by turning off propofol or sevo,  
LOC2 after hypnotic resumed 
After surgery ROC2 
 

Performance across all transitions: 
 
BIS:  
PK      0.685 
Sens  90.6% 
Spec  26.3% 
PPV   55.1% 
NPV   73% 
 

PSI: 
PK   0.696 
Sens  85.6% 
Spec  38.8% 
PPV  61.2% 
NPV  72.9% 
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STUDY PARTICIPANTS REGIME PERFORMANCE METRICS 

Russell (142) 12 females, gynaescological 
surgery 
 

Usually epidural (remifentanil if not)  
Propofol TCI with intermittent IFT testing throughout 
 

IFT responses occurred in all 12 patients at some stage; 92 responses in total 
Narcotrend:   
Sensitivity 45% (20% predicted beforehand and 25% after response) 
4/12 (25%) had recall of parts of taped message played intraoperatively 
 

Russell (143) 34 women, <60years, ASA 1 or 
2. major gynaecological surgery. 
Excluded if hearing imparied.  

Nearly all had epidural (remifentanil if not).  
Propofol induction and atracurium followed by 
maintenance with isoflurane/air titrated to BIS 55-60 
 

32 responses from 11 women 
BIS: Sensitivity 53% Specificity 69%; PPV 3% NPV 99%. 
No explicit recall  

Russell (143) 22 women major 
gynaecological surgery  
18-60 years,ASA 1 or 2. 
Exclude: hearing impairment 

Propofol and remifentanil TIVA; targeted BIS 55-60; 
atracurium. 

 

16 women responded on 80 occasions. 
BIS:  Sensitivity 59% specificity 85%; PPV 18% NPV 98% 
2 vague memories of squeezing hand no explicit recall  

Schneider (144) 

 

20 patients ASA 1 and 2, non-
neurosurgical procedures 

 

Premed oral midazolam. Alfentanil bolus + infusion.  
Propofol bolus followed by infusion titrated to 
maintain BIS 50 – 60; IFT and intubated after 5min 
stable BIS; infusion rates continued for 3 mins 
folowing intubation 

8 responses postintubation, nil prior; no recall at 2 or 24 hrs  

Preintubation and postintubation values of BIS similar for responders and non-
responders 

Postintubation BIS rose for both groups.  If used threshold of 60 – had 100% 
sensitivity however only 8% specificity  

Shanks (173) 21,601 participants.  
Unselected surgery. 

Secondary analysis of Michigan Awareness Control 
Study (174) 

Participants randomised to ET agent or BIS alert.  
Study terminated early due to futility 

32 awareness with recall events 
C-statistic (equivalent to AUROC) 
MAC: 0.431 (0.046) 
BIS:  0.41 (0.056) 
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Where to from here? 

The simulations demonstrate the limitations of conventional measures such as PK to describe 

index performance when the event of interest is rare. The same subpopulation separation in 

terms of σ results in markedly different clinical performance depending upon incidence (figures 

6,7 & 8, tables 5 & 6). Therefore, I suggest reporting of the percentile ranks of conscious 

individuals, as a simple marker of index performance.  The ‘functional sensitivity’ derived from 

an incidence-based percentile diagnostic threshold gives a reasonable idea of how well the index 

will perform in the clinical setting studied, accounting for the relative infrequency of events.  

Alternatively, the AUPR also gives a very good indication of performance at lower incidences.  

 

Table 8. Study designs to develop and assess the performance of indices  

Arrow reflects increasing applicability to routine anaesthetic practice but decreasing efficacy and 
predictive values of indices 

Subjects Observations Anaesthetic regimens Context of 
observations 

Endpoints 
(unranked) 

Healthy young 
volunteers 

Predominantly 
within individual 

Single hypnotic agent Awake vs deeply 
anaesthetised 

Movements to 
noxious 
stimulation 
 
Autonomic 
responses 
 
Response to verbal 
command (with or 
without IFT) 
 
Awareness with 
recall 

Mixed volunteer 
population  

 Multiple hypnotic agents Slow induction and 
emergence from 
anaesthesia  

Surgical populations 
tight inclusion criteria 

Multiple within and 
between individual 

Simple adjuvants: 
muscle relaxants, 
opioids 

Experimental noxious 
stimulation 

Surgical patients at 
high risk of awareness 

 Complex adjuvants e.g. 
ketamine 

Multiple transitions 
between states   

Unselected surgical 
patients 

Between individual 
only  

Routine uncontrolled 
clinical practice  

Clinical noxious 
stimulations e.g. 
intubation or incision 

 

 

Table 8 summarises a range of potential study designs to assess the performance of indices.  The 

table is quasi-hierarchical.  Generally, working down the table, the conditions under which the 

index is evaluated become more difficult, and subsequently index performance falls. I posit that 

when indices undergo preliminary performance assessment (such as designs in the upper rows), 

they need to achieve much higher separations than those suggested here. This is because, as is 

apparent from table 7, performance inevitably reduces as study conditions approach routine 

clinical practice. This is largely due to greater between-individual variances with increasing 

heterogeneity of populations, surgical factors and anaesthetic regimens, but also relates to the 

real-world problems of artifact and poor signal quality in the noisy operating theatre 

environment.  Studies evaluating index performance for detection of unintended episodes of 
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consciousness must become more rigorous, and incorporate more challenging elements such as 

IFT responses, multiple transitions of consciousness, and simulation of agent failure.  They must 

include a variety of anaesthetic agents and adjuncts and diverse populations.  To translate into 

an effective population intervention, the index must achieve the minimum performance criteria 

in clinically applicable conditions.  

 

Limitations 

I have presented simulations of subpopulations with normal distributions of equal variance.  

Depth of anaesthesia indices are typically constructed from algorithms containing multiple 

weighted subparameters.  The indices are usually scaled and bounded, so we cannot necessarily 

assume normal distributions. This could result in non-symmetrical ROCs, which could favour 

either sensitivity or specificity. Differently shaped ROCs can have the same area, and therefore 

PK, but performance will vary according to the curve shape, incidence and threshold. Other than 

σ, the various performance metrics presented do not require any distributional assumptions.  It 

is impractical to simulate all the different potential distributions and variances, but from first 

principles broadly similar requirements with regards to the percentile rankings of conscious 

individuals will apply, regardless of the distribution shapes of index values.  A good index must 

simply be able to rank conscious individuals in the extreme percentiles of the combined 

population, so there is no need for parametric distributional assumptions.  

In the simulations, I optimised the diagnostic threshold based on the incidence of consciousness 

using percentiles of a mixed population. These can easily be derived post hoc from the results 

of a study, however to be used in routine practice the percentile threshold must be converted 

back to an absolute index value.  Thus, the percentile diagnostic threshold presented here is 

more suited to a role as a research tool, which can provide an unbiased means of quantifying (or 

screening for) sensitivity when evaluating and comparing performance of putative measures in 

studies (such as Chapter 3).   

The monitoring burden (number needed to monitor to prevent each event) has not been presented 

here.  As a rule of thumb, it will exceed the reported NNT at least tenfold (much more so for the 

lower incidences), which will have economic implications. 
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CONCLUSIONS 

As the incidence of unintended consciousness decreases, index utility falls considerably due to 

the limiting effect of the false positive cases on positive predictive values.  This problem is not 

captured adequately with conventional statistics.  Simulations suggest a minimum performance 

PK of 0.92 (equivalent to 2σ separation) is required for a putative index to translate into clinically 

effective population intervention. This separation is required in a between-patient (rather than 

within-patient only) study design.  The requirement is a function of the probability distributions 

of index values and incidence, and these principles could be applied to any monitoring index 

designed to identify a rare complication. The performance requirements are very high, and 

currently available indices have not demonstrated this capability in clinically relevant 

conditions.  
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CHAPTER 5:  DISENTANGLING CAUSAL EFFECTS FROM 

THE WEB OF CONFOUNDING - AN INTRODUCTION TO 

CAUSAL DIAGRAMS FOR ANAESTHESIA RESEARCH. 

 

INTRODUCTION 

Prior to embarking upon analysis of the observational pupillometry data, I reviewed modern 

causal inference theory, with particular emphasis on the directed acyclic graph (DAG).  My goal 

was to better understand how to determine causal effects from observational data, and the 

principles and pitfalls surrounding the statistical control of confounding. Since the subject 

seemed highly worthy of sharing with a wider audience, I wrote an introductory review (8), 

using a more general question of whether anaesthetic technique (TIVA vs volatile) affects 

outcome after cancer surgery as the basis for a series of example DAGs. I show how DAGs can 

be used (and should be regarded as best practice) for selection of covariates for statistical control 

of confounding. I also illustrate how controlling for inappropriate variables can introduce rather 

than eliminate bias, and how DAGs can help us diagnose this problem in existing research. This 

is a rapidly evolving field, and I cover only the most basic elements. The true promise of these 

techniques is that it may become possible to make robust statements about causation from 

observational studies, without the expense and artificiality of randomized controlled trials.  I 

introduce the components and taxonomy of DAGs in general terms and follow with examples, 

discussing how these diagrams might help researchers with study design and analysis, and 

clinicians with interpretation of analyses reported in the literature. The underlying ideas are 

fairly simple, but they do require the reader to devote some time to diligently think about the 

often-subtle nuances within the relationships of all the factors that influence the outcome of any 

study under consideration.  

 

CAUSAL DIAGRAM ESSENTIALS 

The primary research question defines the causal relationship of interest. This relationship 

typically takes place within a wider system of interrelated variables. The directed acyclic graph 

(DAG) is a visual representation of this causal structure. The DAG is constructed around the 

exposure (variable which exerts influence) and the outcome (affected variable). Arrows 

represent causal relationships between variables, which (with sufficient sample size) generate 

statistical associations. The arrows are always directed from the variable exerting the influence 



69 
 

towards the affected variable. Figure 9 is a simple example which illustrates the three basic 

elements (a-c) of DAGs, and how these might come together to form a complete DAG (d). 

A pathway refers to any series of arrows that connects two variables, regardless of direction of 

the arrows. Pathways may be open or closed. Open pathways generate statistical associations, 

but closed pathways do not. The exposure and outcome may be linked by causal pathways and 

non-causal pathways. The research aim is to quantify the strength of the causal pathway, which 

can only be done if any non-causal pathways are closed or (equivalently) ‘blocked’.   

 

Causal pathways (e.g. XMY)  

The exposure (X) might cause the outcome (Y) directly or through an intermediate process or 

variable called a mediator (M). The causal relationship (figure 9a) can therefore be represented 

by a single arrow (XY), or by a chain of arrows containing one or more mediators (e.g. 

XMY). The single arrow indicates that X influences Y directly, whereas the chain indicates 

that X influences Y first by influencing an intermediate variable M, which in turn influences 

variable Y. For example, smoking (X) might cause lung cancer (Y) directly, or indirectly by 

first causing inflammation and COPD (M), which is also thought to play a causal role in the 

development of lung cancer.  

A causal pathway is defined as one in which all arrows point in the same direction from the 

exposure towards the outcome. There may be more than one causal pathway between the 

exposure and outcome if there is more than one potential mechanism of action, and the choice 

of how many mediators to include will depend on the question at hand. The total effect of the 

exposure on the outcome is the sum or net effect of all direct and indirect causal pathways.  

 

Confounding pathways (e.g. XCY) 

Confounding pathways occur when the exposure and the outcome have shared causes or 

‘parents’. These non-causal pathways are naturally open and represent associations already 

present in the populations we study. In figure 9b, X and Y will vary together in response to the 

confounder (C) and the association generated by this pathway will bias the estimated causal 

effect, unless it is addressed somehow. For example, Ronald Fisher postulated a smoking gene 

(C) might both influence smoking behaviour (X) and cause lung cancer (Y). This could not be 
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confirmed or refuted in his time, but such a gene has since been found to exist (175) (NB it 

accounts for only a small fraction of the overall association between smoking and lung cancer). 

Confounding pathways begin with an arrow directed towards the exposure, and the arrows don’t 

all point in the same direction. As with causal pathways, there may be multiple confounding 

pathways between the exposure and the outcome, and the confounding bias is the sum or net 

effect of all these pathways.  

 

Collider pathways (e.g. XZY)  

A variable which is caused or influenced by (a ’descendant’ of) two other variables is known as 

a collider. Equivalently, a collider is any variable in a DAG which has two arrows ‘colliding’ 

into it, for example variable Z in figure 9c. Pathways are blocked by colliders, meaning that 

pathways containing colliders do not naturally generate statistical associations between the 

variables they link. Extending our example, smoking (X) and lung cancer (Y) could both 

decrease weight (Z); smoking due the appetite suppressant effects of nicotine, and lung cancer 

due to cachexia. As expected intuitively, weight doesn’t affect the observed association between 

smoking and lung cancer. In DAG terms, this is because ‘weight’ is a collider, so the pathway 

is closed and does not generate a statistical association.  

 

Figure 9. Elements of directed acyclic graphs  

a)  A causal pathway between exposure (X) and outcome (Y). X influences Y through its effect on the 
mediator (M). 
b)  A non-causal pathway between X and Y due to a shared cause (the confounder - C).  
c)  A closed pathway between X and Y due to a shared effect (the collider - Z). 
d)  A complete causal graph of these pathways. The causal relationship of interest (blue pathway) cannot 
be quantified due to confounding (red pathway). The green pathway does not bias the relationship 
because it is closed by the collider (Z). 



71 
 

PATH RULES AND BIAS 

An open pathway is any pathway which generates a statistical association between the 

connected variables; the simplest special case of this being a causal pathway. A closed pathway 

is a pathway which does not generate a statistical association; the simplest example being when 

two variables are linked by a collider. Any non-causal pathways that do not contain collider 

variables are open, and represent the phenomenon known as confounding. Conversely, non-

causal pathways that contain colliders are closed, and do not generate bias.  Correct specification 

of the direction of arrows in a DAG is critical due to the distinct properties of collider variables. 

For example, in figure 9d the pathways XMY and XCY are open, and the pathway 

XZY is closed. The observed association is the net effect of all open pathways, so the 

causal XY association is confounded by the open XCY pathway, but not by the closed 

XZY pathway.  

 

Conditioning 

The status of pathways can be changed by conditioning. Conditioning refers to any action which 

renders an association ‘conditional’ on other variables; essentially by restricting the variable or 

variables to a specific level or range of values. Some common forms of conditioning are listed 

in table 9. Conditioning includes most statistical ‘control’ (and we use these terms 

interchangeably), for example when variables are included in multivariable models, or used to 

classify participants into subgroups for analysis. Conditioning is indicated graphically by 

drawing a box around the variable. 

 

Closing pathways 

Conditioning on a variable on an open pathway will block that pathway. The aim is usually to 

remove bias arising from confounding pathways. If we consider figure 9d, controlling for C 

closes the XCY pathway and removes the confounding. For example, when examining the 

association between smoking (X) and lung cancer (Y), performing the comparison after first 

dividing participants into groups according to their genotype – or including the genotype in a 

multivariable statistical model - would remove the confounding by ‘smoking gene’(C).  

Conditioning on a mediator is generally detrimental, as this blocks a causal pathway and will 

usually bias the estimation of the causal effect towards the null. For instance, conditioning on 

COPD (M) would remove part of the causal association between smoking (X) and lung cancer 

(Y) by blocking the XMY pathway.    
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Opening pathways 

Conditioning on a collider variable has a quite different effect (see Box 1 for a comparison of 

confounder and collider variables). Conditioning on a collider variable opens the pathway where 

it was previously closed, and the opened pathway will introduce bias as it is non-causal. For 

instance, if we were to control for variable Z in figure 9d, we would open the previously closed 

pathway (XZY). Returning to our smoking example, if we were to control for the collider 

weight (Z), we would introduce bias by erroneously opening a non-causal pathway between 

smoking (X) and lung cancer (Y).  

With the causal diagram approach, selection bias is defined broadly as any associations arising 

from pathways opened by conditioning on collider variables (176,177). Selection bias is often 

introduced before analysis, for example when participant inclusion is based on specific inclusion 

or exclusion criteria, or restricted or influenced in other ways. For instance, if we examined the 

association between smoking and lung cancer in patients attending a hospital respiratory clinic, 

then clinic attendance would act as an alternative collider variable (Z) for our example; as 

patients might attend due to lung cancer or lung cancer symptoms, or due to other smoking 

relating diseases. The association between smoking (X) and lung (Y) cancer in our sample 

would be biased because we conditioned on clinic attendance (Z) as we collected our data, and 

in doing so created a non-causal pathway. Box 2 provides a more detailed explanation and 

example of this phenomenon, which is somewhat less intuitive than confounding.   

 

Table 9. Common forms of conditioning 

Methods of  statistical ‘conditioning’ commonly used 

to control confounding 

 Restriction / Selection 

 Standardisation / Weighting 

 Stratification / Subgroups 

 Matching 

 Inclusion in multivariable regression models  
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USING DAGs TO MAKE CAUSAL INFERENCES 

The DAG must be complete to allow valid estimation of causal effects. The steps involved in 

constructing a complete DAG are outlined in box 3.  It is important to include all shared causes 

of the exposure and the outcome, and any shared causes of any two variables already in the 

DAG. All relevant variables must be included, even those which cannot be measured. The DAG 

should accurately depict the structure of confounding pathways and any pathways opened by 

conditioning during data collection or analysis. The term acyclic refers to the rule that feedback 

loops are not permitted; you cannot follow a pathway forward from a variable back to itself. The 

DAG encodes the assumptions which underpin the analysis, and also the implied statistical 

relationships between variables. Of note, omission of an arrow between a pair of variables 

represents a strong assumption of no effect and needs to be just as carefully considered as those 

arrows that are present.  

The DAG identifies which pathways must be closed for valid estimation of the causal effect. 

The aim is to isolate the causal pathway of interest by: 

1. Blocking all open non-causal paths between the exposure and the outcome 

2. Leaving the causal paths between the exposure and the outcome unperturbed 

3. Avoiding methods which might open spurious non-causal pathways between the 

exposure and the outcome  

DAGs can be used to streamline data collection by identifying the most efficient sets of variables 

to accomplish this. Pathways need only be blocked in one place if the controlled variable is 

measured accurately, and it may be possible to close more than one pathway by adjusting for a 

single variable. A pathway opened by conditioning on a collider can be closed by conditioning 

on another variable in the pathway. The status of a variable within a particular system is not 

fixed; rather it depends upon the causal relationship of interest. A variable might act as a 

confounder or mediator on one pathway and as a collider on another, so it is quite possible to 

simultaneously open one pathway and close another with adjustment, as we demonstrate in some 

later examples. 

It should also be noted that conditioning on a descendant of a variable has a similar effect to 

conditioning on the variable itself - but the effect will be reduced. This includes imperfect 

markers or measures of the variable. Conditioning on a descendant of a variable on an open 

pathway (i.e. mediators or confounders) will partially close the pathway, and conditioning on a 

descendant of a collider can partially open a pathway. The extent to which the pathway is closed 
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or opened depends upon how closely the variable and the descendant are associated; the stronger 

the association, the greater the effect. Our ability to close non-causal pathways therefore relies 

on the measurement accuracy of the variables we use for statistical control. If measurement error 

is suspected, it may be prudent to close the pathway by conditioning on more than one variable 

along the pathway.   

 

 

 

Table 10.  Some common misconceptions around multivariable statistical adjustment 
 

  

MISCONCEPTION EXPLANATION 

Increasing sample size will reduce 
bias  

Increased sample size decreases random error and may result 
in narrower confidence intervals but will not correct structural 
bias. You will simply achieve a more ‘precise’ estimate of the 
wrong effect. 

Controlling for more variables will 
reduce confounding 

Controlling for variables on confounding pathways will 
generally remove bias and improve validity; but controlling for 
mediators and colliders can introduce bias. 

The model with the best predictive 
ability should be used 

The estimate for the causal association between a particular 
variable and the outcome will only be unbiased if appropriate 
covariates have been carefully selected for that particular 
relationship.  A DAG is needed to ensure this.   
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Interpretation of reported statistical analyses 

Anyone reading papers using multivariable analysis is often struck by uncomfortable and 

nonsensical results. Why are some ‘predictive’ variables clearly counterintuitive? Why do 

different studies obtain correlations in opposite directions? Why do some variables lose (or gain) 

significant effects depending on which other variables are included in the model? Some common 

misconceptions about multivariable adjustment are summarised in table 10. Whilst adjustment 

for variables on confounding pathways will generally remove bias, adjustment for mediators 

and colliders will generally introduce bias. Typically, multivariable analyses implicitly assume 

a causal structure resembling figure 10a, when the included variables are frequently an 

assortment of independent causes, confounders, mediators, and colliders. The true causal 

association can be better assessed if adjustment is guided by causal structures such as that shown 

in figure 10b, which account for the relationships between variables as well as the direct 

relationships to the outcome.  

Often it is assumed that controlling for more variables is better, but injudicious inclusion of 

variables can make the adjusted associations awkward to interpret. This problem has been 

dubbed the ‘Table 2 fallacy’ (178), because the second results table in observational studies 

customarily contains the adjusted associations between all of the variables included in the 

statistical model and the outcome. The adjusted associations are often interpreted as the 

‘independent’ effect of each explanatory variable on the outcome, however the type of effect 

represented is entirely dependent on the other variables included in the model. The adjusted 

association will be the net effect of any pathways between the explanatory variable and the 

outcome remaining open after conditioning on the other included variables.  The adjusted 

association might therefore represent either a total or partial (direct) causal effect, which could 

be distorted by residual confounding or opened collider pathways. Causal diagrams are 

immensely useful in diagnosing which of these is the case and can facilitate constructive critique 

and discussions such as those held in a journal club or at a scientific conference. 
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Figure 10.  Causal structure typically assumed by multivariable regression model vs a 
real-world example causal structure.  

X - exposure; Y - outcome; C - confounders; M - mediators; Z - colliders. 
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WORKED EXAMPLES: ANAESTHETIC TECHNIQUE AND 

MORTALITY FOLLOWING COLON CANCER SURGERY  

We have created a set of example DAGs, which are inspired by a recent retrospective 

observational study reported in Anesthesiology by Wu et al (179). This study examined the 

association between anaesthetic technique and mortality in patients having surgery for colon 

cancer. The main finding was that the use of propofol-based total intravenous anaesthesia 

(TIVA) with propofol was associated with an approximately threefold reduction in long-term 

mortality compared to desflurane-based anaesthesia. We use this topical example to illustrate 

the concepts around the applications of causal diagrams. 

We first show how a DAG might be developed around the causal question, and then discuss 

how variables might be selected to control confounding, beginning with simplified diagrams 

and then adding complexity. We follow with some examples from the study analysis, which 

illustrate how controlling for some variables might be harmful rather than helpful. Our last 

examples use causal diagrams to explain some striking differences in the reported univariable 

and multivariable associations between explanatory variables and mortality. Note that we do not 

mean to conduct a full critique of the analyses conducted, which would require access to the raw 

data, rather we hope to highlight the utility of causal diagrams in guiding and interpreting 

analyses. 

 

Building a DAG: defining the causal question 

The causal question is “Does propofol-based TIVA reduce postoperative mortality in patients 

having colon cancer surgery?” The DAG therefore begins with an arrow from propofol to 

mortality (figure 11a). The authors hypothesised that propofol might reduce mortality by two 

mechanisms: i) reducing intraoperative metastasis and ii) reducing postoperative cancer 

recurrence. Intraoperative metastasis and postoperative recurrence are therefore added as 

possible mediators (figure 11b). The decision of how many mediators to include in the diagram 

involves a careful balance of the needs for parsimony, versus full elucidation (figure 11c). 
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Figure 11. Causal pathways with and without mediators 

Causal pathways between the exposure (propofol) and the outcome (mortality) can be expressed simply 
(a) or in greater detail including mediators (b) and (c). 
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Closing confounding pathways by statistical control 

Unadjusted associations should be regarded as potentially confounded.  In this case, the 

exposure (propofol vs desflurane) was chosen by the treating clinician. Although this may seem 

a somewhat arbitrary form of treatment allocation, there were significant imbalances in 

important baseline variables between the propofol and desflurane groups. Anaesthetic technique 

can be influenced by patient and surgical factors of prognostic importance. Propofol use was 

associated with many factors that would be linked with a better prognosis (younger average age; 

lower comorbidity score; lower tumour-node-metastasis (TNM) stage; greater functional 

capacity (METs)). Therefore, the crude association would be expected to show an apparent 

mortality benefit with propofol, even if there were no causal effect. 

Figure 12 illustrates how the problem of confounding might be approached. Some pathways are 

relatively simple. For example, the date of surgery (relative to the first included surgical case) 

was included as a variable in the multivariable analysis conducted in the study (figure 12a). 

Propofol use likely became more prevalent over the time-course of the study; but it is also 

reasonable to expect that medical and surgical management of cancer improved over this time 

and reduced the mortality rate. Date of surgery, though not technically a cause, acts as a good  

proxy for medical advances across the time course of the study that might confound the propofol 

and mortality relationship; and was appropriately controlled for in the study. 

Often confounding has a more complex structure, with multiple interrelated variables such as 

age and comorbidities (figure 12b).  As more variables are included, the DAG starts to resemble 

a web-like structure (figure 12c). Variables are chosen for the statistical model which close the 

confounding pathways and reveal the causal association of interest (figure 12c). The emphasis 

is on closing confounding pathways rather than classifying every single variable. This differs 

from the classical statistical approach, as is elaborated in box 4.  Provided we have carefully 

considered the causal structure, it may be possible to close pathways using fewer covariates than 

we regularly see used in multivariable analyses, which often include every collected variable. 

For example, in figure 12c, the variable ‘non-cancer mortality’ need not be included because 

those confounding pathways it lies on are already blocked by ‘age’ and ‘comorbidities’.  

Our example DAGs are not intended to comprehensively account for confounding of the 

propofol-mortality association, instead we use them to illustrate how the usual goal of statistical 

adjustment (elimination of confounding) might be achieved.  Two studies (180,181)  are 

included in our references as examples of the application of causal diagrams to select 

confounders for multivariable regression models in different settings.  
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Figure 12. The causal structure of confounding 

a) A simple example of a classic confounding pathway involving date of surgery 

b). A more complex example with interrelated confounders (age and comorbidities), which may affect 
outcome via mediators along the pathway of interest (cancer mortality) or by alternative pathways to the 
outcome (non-cancer mortality). 

c) As more confounders are included, the DAG begins to resemble a web. All non-causal pathways must 
be blocked to derive the causal association of interest. 

Red arrows show open pathways; grey arrows show pathways which have been closed by adjustment 
(indicated by box around the variable). 
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WHEN STATISTICAL ADJUSTMENT CAN BE HARMFUL  

The goal of statistical adjustment is usually to reduce confounding, as illustrated in the previous 

examples. It is not widely recognised that adjustment for covariates is not always benign.  If 

putative confounders are in fact mediators or colliders, such control will instead introduce bias. 

The next few illustrative examples are based around variables included in the analysis by Wu et 

al (179) to control for confounding of the association between propofol TIVA and mortality.  

 

Conditioning on a known mediator: overcontrol bias 

One of the variables included in the multivariable model was ‘postoperative recurrence’, which 

is a mediator on one of the causal pathways between propofol and mortality. Conditioning on 

‘postoperative recurrence’ blocks this causal pathway (figure 13a), and essentially removes the 

contribution of cancer recurrence from the estimated total causal effect. We might therefore 

expect to see a diminished apparent causal relationship. This can be referred to as overcontrol, 

overmatching or overadjustment bias (182).  This can lead to underestimation of the total effect 

because the ‘independent’ association reported will represent only the direct component of the 

total effect, as the indirect component will be attributed to the mediator variable. It is therefore 

not advisable to include mediators in the covariate set used for statistical analysis.  

 

Conditioning on a known mediator: collider bias 

Controlling for mediators can have additional undesirable consequences.  If we extend this 

example and consider the presence of unmeasured factors (U) that might influence both cancer 

recurrence and mortality, we realise that not only has one of the causal pathways of interest been 

closed, but another spurious non-causal pathway (the red pathway in figure 13b) has been 

opened by controlling for ‘postoperative recurrence’.  

The unmeasured causes of the outcome do not normally bias the propofol-mortality relationship, 

because ‘recurrence’ is a collider on the non-causal pathway (propofol  recurrence  U  

mortality); the path is closed and propofol and the unmeasured factors are statistically 

independent. However, adjusting for ‘recurrence’ opens the pathway because ‘recurrence’ is 

caused by (and is therefore statistically dependent upon) both propofol and the unmeasured 

factors. Adjustment for ‘recurrence’ therefore creates a new statistical association or ‘link’ 

between propofol and the unmeasured factors. This association extends to mortality due to the 
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causal relationship between the unmeasured factors and mortality, resulting in a misleading 

estimate of the propofol-mortality association.  

We included this example to highlight how adjusting for mediators can be particularly harmful, 

as it can close causal pathways and open spurious pathways. With these dual effects, the 

adjusted association becomes unintelligible.   

 

 

 

 

Figure 13. The dangers of including mediators 

a) Controlling for a mediator (recurrence) blocks one of the causal pathways of interest 

b) If there are any unmeasured factors (U) which influence both cancer recurrence and non-cancer 
mortality, a spurious pathway (red) is opened between propofol and mortality. 
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Conditioning on a post-exposure variable: unrecognised mediator  

Any descendants of the exposure, not just known mediators, should be treated with caution. 

Typically, several agents are administered during anaesthesia. These adjuncts are usually treated 

as simple confounders, but this can be a harmful oversimplification of their role. Dexamethasone 

is one such adjunct, which (quite appropriately) wasn’t included in the analysis by Wu et al. 

Dexamethasone is not a simple confounder because propofol influences the use of 

dexamethasone by reducing the need for anti-emetic therapy, so the direction of the arrow in the 

DAG is from propofol towards dexamethasone (figure 14a). If we speculate that dexamethasone 

might also have causal or preventative actions or cancer metastasis; then dexamethasone 

becomes another mediator of the causal effect of propofol. This effect is indirect and may not 

be of primary interest, but it forms a covert causal pathway from the exposure towards the 

outcome. If we adjust for dexamethasone when trying to isolate the propofolimmune 

modulationmortality pathway, we risk opening a false non-causal pathway (figure 14b) 

containing unmeasured factors (U). This is why the advice not to include mediators might be 

extended to caution against including any post-exposure variables – particularly known 

descendants of the exposure. 

 

Figure 14.  Post exposure variables may be unrecognised mediators  

Choice of anaesthesia adjuncts may be affected by the exposure.  

a) The adjuncts are often regarded as confounders; however, they may be in fact be mediators on an 
alternative causal pathway between the exposure (propofol) and the outcome (mortality), which may not 
be of primary research intent. 

b) Adjustment for dexamethasone to isolate the causal pathway of interest may open a spurious pathway 
(red) involving unmeasured factors (U) that influence dexamethasone use and mortality. 
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Conditioning on a collider: M-bias 

 Even when not influenced directly by the exposure of interest, the administration of adjuncts 

may be influenced by some of the same unmeasured factors that influence selection of the 

primary exposure - for example individual clinician preferences. Such preferences may lead to 

associations between certain combinations of anaesthetic agents. Wu et al  (179) included 

postoperative nonsteroidal anti-inflammatory drug (NSAID) use in their multivariable model, 

however propofol and NSAID could be associated due to the shared influence of clinician 

preference. Furthermore, it is plausible that another unmeasured patient factor that influences 

mortality might also specifically influence NSAIDs use; such as frailty or renal impairment. 

Conditioning on postoperative NSAID, could therefore open a spurious non-causal pathway 

(figure 15a) involving the unmeasured variables because NSAID is a collider.  The bias arising 

from this sort of pathway is sometimes referred to as M-bias because the pathway can be drawn 

in the DAG as a distinctive M-shape (figure 15).  Any factor that is influenced by both 

unmeasured causes of the exposure and unmeasured causes of the outcome has the potential to 

act in this way. The degree of bias induced by these pathways is unpredictable, as the collider 

variable may also (at least partially) block confounding pathways at the same time. This would 

be the case if we believed postoperative NSAIDs affect mortality; conditioning on NSAID 

would close a confounding pathway as well as opening the M-bias pathway (figure 15b), so 

could reduce bias overall (183,184).   

 

Figure 15.  M-bias from adjusting for a collider variable 

a) Adjusting for a variable such as ‘NSAID’, which is influenced by an unmeasured cause of the exposure 
(U1) and an unmeasured cause of the outcome (U2), creates a non-causal pathway (red). The spurious 
pathway created is M-shaped if variables are arranged in this pattern and so this is sometimes referred 
to as M-bias. U1 might be clinician preferences and U2 frailty or renal impairment.   

b) If ‘NSAID’ were thought to directly influence mortality (b), controlling for NSAID simultaneously blocks 
a confounding pathway and may be of net benefit. 

 NSAID - non-steroidal anti-inflammatory drug 
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EXPLAINING CONTRADICTORY UNIVARIABLE AND 

MULTIVARIABLE ASSOCIATIONS 

As multivariable models are composed, variables are often added or removed depending on the 

predictive ability of the model. If the goal is unbiased estimation of true causal effects, rather 

than an exercise in prediction, then this strategy is likely to fail. The specific combination of 

variables included determines the estimated association between each variable and the outcome, 

and how these effects should be interpreted. There can be quite striking differences between 

unadjusted (univariable) and adjusted (multivariable) associations, and it may be unclear which 

associations, if any, to trust. I have taken some interesting examples of such changes from Wu 

et al (179)  (table 11), and show how DAGs may help us explain them. 

Table 11.  Example of variables with important changes in reported hazard ratios (HR) 
between univariable and multivariable adjusted models.  

Selected findings taken from Wu et al (179). Unexpected results in red text. TNM: Tumour-Node-
Metastasis Stage 

 

 Univariable HR P-value Adjusted HR (95% CI) P-value 

TNM 1 1 ref 1 ref 

TNM 2 8.9 (5.3-15.1) <0.001 4.6(2.6-7.9) <0.001 

TNM 3 10.2(6.1-17.3) <0.001 5.9 (3.4-10.3) <0.001 

TNM 4 46.9 (27.8-78.8) <0.001 1.12 (0.54-2.33) 0.754 
 

Age 1.03 (1.02-1.04) < 0.001 0.95 (0.94-0.97) <0.001 

 

Pre-exposure collinearity: loss of causal association 

Our first example examines the associations between the TNM stage of cancer and mortality. 

The staging criteria were developed to show a gradient in hazard and as such reflect features of 

tumours which are causally related to mortality. The expected relationship is evident in the 

unadjusted associations (table 11), as the hazard ratio (HR) increases steadily with progressing 

cancer stage. However, the previously strong association between TNM Stage 4 (which 

indicates metastatic cancer) and mortality essentially disappears in the multivariable model 

(table 11). So, are we to believe that the crude association between metastatic disease and 
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mortality was due to confounding, and that metastatic disease doesn’t affect cancer survival? 

The reported adjusted association seems highly implausible. This extreme example forcibly 

demonstrates why adjusted associations are not necessarily more ‘valid’ than unadjusted ones. 

This dramatic change could be attributable to conditioning on a collider in the presence of 

collinearity (high correlation) of certain baseline variables; the DAG allows us to diagnose this 

problem (figure 16). Composite scores of pre-existing illness are often used as covariates for 

statistical control in perioperative research and are usually regarded as simple confounders, 

however, as descendants of multiple factors they are also liable to act as colliders. The Charlson 

Comorbidity Index (CCI) is one such composite score used to predict ten-year survival (185). 

Metastasis contributes strongly to the score, resulting in strong mathematical coupling of TNM 

Stage 4 and CCI. Non-cancer comorbidities contribute most of the remainder of the score, and 

so will also be highly correlated with CCI. As the non-cancer comorbidities are not included as 

a separate variable in the multivariable model, controlling for CCI creates a spurious pathway 

between TNM 4 and mortality via the comorbidities (the red pathway in figure 16). This problem 

could have been avoided by including non-cancer comorbidities separately in the model, which 

would close the spurious pathway. The difference between univariable and multivariable hazard 

ratios was so pronounced because all correlations between the variables involved in this pathway 

were strong. Baseline variables are often considered ‘safe’ for adjustment purposes; yet this 

example shows why this is not necessarily the case. This is why ‘multicollinearity’ - the 

inclusion of  highly correlated variables - should be avoided in statistical adjustment models 

(186), and reinforces the need for caution with any descendants of the exposure as they may act 

as colliders. 

 

Figure 16. Spurious association created by conditioning on a collider variable  

The Charlson Comorbidity index (CCI) is strongly mathematically coupled to both TNM Stage 4 cancer 
(metastatic disease) and to other non-cancer comorbidities of prognostic importance. Adjustment for CCI 
can therefore open a spurious pathway between TNM Stage and mortality through the non-cancer 
morbidities (Ucomorbidities), which are not included separately in the model. TNM:  tumour-node-metastasis 
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Inclusion of mediators:  reversal in direction of association 

A second example from table 2 of Wu et al (179) is the relationship between age and mortality. 

In this case there was a complete reversal of the direction of association (table 11). The 

unadjusted association showed increased mortality with advancing age; which likely reflects a 

true causal relationship mediated predominantly by physiological decline and accumulated 

comorbidities. However, for the adjusted association, younger age was associated with increased 

mortality (table 11).  A DAG can help us to explain why this might be the case. 

 

 

 

Figure 17.  Explaining contrasting univariable and multivariable associations 

a)  Age plays a causal role in mortality, largely mediated by the comorbidities accumulated with increased 
age and physiological decline. These pathways dominate the unadjusted association and increasing age 
is associated with increased mortality.  

b) Adjustment for CCI and METS (a marker of functional capacity), which are mediators (or close 
descendants of the mediators) of the causal effects of age on mortality, mostly blocks the causal 
association (grey arrows). This leaves the adjusted association dominated by the confounding pathway 
(red) containing an unmeasured confounder (Ugene) – for example an aggressive genotype of cancer 
which presents at a younger age and increases mortality. The adjusted model therefore suggests 
increased mortality with younger age; a complete reversal of the unadjusted association.  

CCI - Charlson Comorbidity Index; MET - metabolic equivalents. 
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Aggressive cancer genotypes, which cause greater mortality, often present when patients are 

younger, so there is a confounding pathway (figure 17a), because age of cancer presentation and 

age at time of surgery will closely correspond. The unadjusted association is likely dominated 

by the expected causal relationship, but when the mediators of this causal relationship - 

comorbidities (CCI) and functional reserve (METs) - are included in the model, the causal 

pathways are largely blocked (figure 9b). The confounding pathway remains open since cancer 

genotype was not measured, and the adjusted association is likely largely attributable to this 

residual confounding effect. Unlike our previous example, CCI doesn't cause a problem as a 

collider variable in this example, because TNM stage is also included in the model (figure 17b). 

This example highlights the importance of interpreting adjusted associations in the context of 

the other variables in the model. If the causal effects of several variables are of interest, a number 

of different statistical models may be required, depending on the DAG for each effect.  

 

 

SUGGESTED APPROACHES TO CONFOUNDING IN ANAESTHESIA 

RESEARCH 

The structure of confounding can be highly complex with variables interacting to form a ‘web’ 

of pathways. A simplified causal framework for anaesthesia-related research is presented in 

figure 10a. Important potential confounding factors could broadly be categorised as: 

i) Patient factors: demographic and illness related variables (e.g. age, ASA) 

ii) Anaesthesia factors (e.g. technique, dose etc) 

iii) Surgical factors: intra- and perioperative variable (e.g. duration, type of 

surgery) 

Each group might be considered a nested structure with variables linking with each other and to 

variables from other groups and interacting with mediators along the causal pathway. Of note, 

anaesthetic and surgical factors have clear potential to act as colliders, as they are both subject 

to multiple influences. It is also important to consider downstream consequences of the 

exposure, which may result in additional bias (e.g. the blue pathway in figure 18a). 

Careful choice of primary outcome can reduce the number of confounding pathways. Shorter 

pathways containing fewer mediators will generally provide less opportunity for confounding. 

In our worked example, if cancer mortality is specified as the primary outcome rather than all-
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cause mortality (figure 12), we do not have to worry about the confounding pathways containing 

non-cancer mortality. Similarly, composite outcomes will have greater potential for 

confounding than more specific outcomes, as there will be more pathways between the exposure 

and outcome. 

Attempting to close all non-causal pathways by statistical adjustment can be a formidable task; 

we have summarised some guidance in table 12.  The capacity to remove confounding is only 

as good as the measurement of the variables used for adjustment (187,188),  and it may be 

prudent to condition upon more than one variable to block a pathway if significant measurement 

error is suspected. Binarization of continuous variables can have the same effect as measurement 

error and allow residual confounding, so should be avoided where possible (189).  Different 

pathways may bias the association of interest in different directions and will sometimes cancel 

out. The magnitude of bias arising from each pathway may be difficult to predict - it will depend 

upon the strengths of relationships and the number of variables within the pathway. Longer 

pathways tend to generate less bias because the overall association will reduce with each 

additional step in the pathway; and the overall association cannot exceed the weakest association 

within the pathway. This is only general guidance however, and in practice difficult informed 

subjective choices will need to be made around the relative importance of the different pathways.  

Often only a limited selection of measured variables is available, particularly with retrospective 

observational studies. It is extremely important to consider any relevant unmeasured factors 

which might give rise to bias. The clinical decision-making process is one such factor which 

may be very hard to measure. Further examples might include psychological, lifestyle, 

socioeconomic and genetic factors, intraoperative events, and surgical intensity and duration; 

these may affect the exposure or outcome or both. The unmeasured factors might result in classic 

residual confounding or bias from spurious non-causal pathways created if we mistakenly adjust 

for collider variables that link them. Adjustment for mediators (or other descendants of the 

exposure) is particularly likely to introduce collider bias and should be carefully avoided as the 

spurious pathways generated tend to be quite short and contain strong associations.   

Sometimes the value of the causal diagram may lie in recognition that the causal effect can’t be 

identified using statistical adjustment, and that an alternative approach is required. Figure 18b 

demonstrates the elegance of RCTs using a DAG. Since the exposure becomes solely dependent 

on randomisation, all other arrows into the exposure can be removed so there are no confounding 

pathways to worry about. This is why RCTs are usually considered the gold standard in causal 

inference, but they can suffer other forms of bias, which can be illustrated using DAGs. The 

randomised exposure might influence the measurement of the outcome, such as with observer 
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bias, or patient ascertainment or recall bias. Blinding is commonly used to address these 

problems (figure 18b), however it is often impractical or impossible to blind the clinicians caring 

for the patient to the exposure (or consequences of the exposure), which may influence 

subsequent patient management and bias the outcome.  

 

 

Table 12. Guidance for selection of variables for statistical adjustment using causal 
diagrams. 

 

 

 

SELECTION OF COVARIATES FOR STATISTICAL ADJUSTMENT  
1) Define primary causal relationship of interest 

- Construct a DAG around the key question  
- Consider both measured and unmeasured factors 
- Consider the data generating process and include any sources of selection bias 

2) Identify open non-causal pathways  
- Select the minimum set of variables necessary to close any open non-causal paths 

whilst avoiding opening any non-causal paths 
- If measurement error is likely you may elect to block the pathway at additional 

points using further variables 
- Consider causes of the variables you have introduced (including unmeasured factors) 

and whether any resulting open collider pathways need to be closed  
- Consider multicollinearity of explanatory variables 

3) Caution when including any ‘post exposure’ variables 
- Do not include any mediators which may distort the association of interest. 
- Take care with any other descendants of the exposure  
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Figure 18. A suggested causal framework for confounding in anaesthesia research  

a) Confounders (red) may be broadly grouped into patient, clinician, surgical factors and anaesthesia 
adjuncts. Intraoperative factors such as anaesthesia adjuncts and surgical factors are particularly prone 
to becoming colliders because they are influenced by many other factors. The anaesthesia exposure 
may induce alternative pathways (blue) which are not of primary interest.  

b) Randomised controlled trials reduce these problems because i) exposure is random (green) and so 
removes any usual arrows into the exposure, and ii) blinding will prevent the exposure having effects 
other than those of primary interest (removes arrows arising from the exposure)   
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ADVANTAGES AND LIMITATIONS OF CAUSAL DIAGRAMS 

Causal diagrams require us to clearly define our primary research question, and they intuitively 

and efficiently communicate our existing understanding of relationships between important 

variables.  DAGs can be used to visualise confounding and selection biases and enable 

researchers to find strategies to overcome these.   Furthermore, DAGs can facilitate constructive 

critique of study design and analyses by making any underlying assumptions explicit - and 

therefore open to debate - and help us make sense of ‘adjusted’ associations we see reported in 

studies. 

It is not always easy to compose a DAG. Even with seemingly simple causal questions, the 

diagram can soon evolve into a large complex network. The accuracy of any causal inferences 

made will be limited by the fidelity of the causal diagram, which in turn relies upon existing 

subject matter knowledge. The direction of arrows or even the presence or absence of 

relationships may be uncertain, and this may necessitate sensitivity analyses - adjusting for 

different variables for each putative causal structure.  DAGs are qualitative rather than 

quantitative; whilst they show the absence or presence and direction of relationships, they do 

not reveal the nature or strength of relationships and will usually fail to capture interactions. 

Causal diagrams cannot protect us from unknown unmeasured confounding, and it is unclear if 

the assumption of no residual or unmeasured confounding ever holds in real-world situations. 

Nevertheless, the DAG at least makes these, and other important assumptions, explicit. 

DAGs have well understood mathematical properties that are useful and readily exploited in 

more complex causal contexts and analyses than presented here. Examples include structural 

equation modelling (190), instrumental variable analysis (191), quantitative bias analysis (192), 

and mediation techniques (193).  Causal diagrams are testable, in that the causal structure 

implies certain statistical associations and independences that can be confirmed or refuted with 

data; however, this is not a simple endeavour as data may be consistent with multiple causal 

diagrams.  Also, we cannot ignore random error, and since the first iteration of causal diagrams 

will rarely contain definitive information about magnitudes of the associations represented, the 

information required to power a study will be even more subjective than conventional single 

variable power analyses. An iterative process of using data to test models, and using the models 

to determine causal effects, is likely to be the way forward.  
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THE FUTURE OF CAUSAL DIAGRAMS IN ANAESTHESIA 

RESEARCH  

We are in the midst of a reproducibility crisis in the scientific and clinical literature. Where 

causal effects truly exist, evidence from different methodologies should converge, but we often 

see unexpected and conflicting results from RCTs and observational studies, which might 

contradict our understanding of basic science principles. More rigorous handling of random 

error is typically seen as the solution to this problem, however this usually only addresses error 

arising from sampling variation. Currently much emphasis is placed on rigid prespecification of 

analysis plans (194), with relatively little attention paid to rigorous assessment of potential 

sources of bias and how this will be managed. It is likely that much of the problem lies in poor 

study design and analysis of data, and that the use of causal diagrams could raise standards 

considerably.  

Anaesthesia and perioperative medicine are particularly fraught with confounding, given the 

wide variety of patients, surgeries and anaesthetic techniques encountered. We are often looking 

to identify relatively small causal effects within complex causal systems. Indication and 

selection criteria for surgery might produce unexpected baseline associations between important 

variables within our surgical populations, and we are susceptible to the introduction of odd 

collider biases when variables are included in statistical models without careful consideration. 

Observational anaesthesia research is therefore always potentially compromised by selection 

bias, measurement error and confounding; but with careful study design and analysis this need 

not be the case. The era of ‘Big Data’ will bring us more information than ever before and great 

opportunity; but needs a consistent framework or we will be drawn to wrong conclusions. Causal 

diagrams can provide this framework and give us more confidence in the validity of our results.  

DAGs have been largely absent from our literature thus far and may be unfamiliar to most 

clinicians and researchers. Box 5 contains a checklist that readers may wish to refer to should 

they encounter causal diagrams in the literature; and box 6 contains some links to further 

introductory material. Causal diagrams are not featured in the STROBE recommendations for 

the reporting of observational research (195), however some clinical journals now  

recommended their inclusion in reports of observational studies (133,134), and they are well-

established in the epidemiology literature.  I suspect many reports of perioperative and 

anaesthesia research would benefit from inclusion of causal diagrams.  
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CONCLUSIONS 

Modern causal inference techniques promise to take us beyond the paralyzing ‘association  

causation’ mantra, which has limited the advancement of clinical knowledge from observational 

research in recent times. By providing a rigorous approach to bias, causal diagrams can inform 

better study design and analyses; and potentially allow us to make robust statements about 

causation from observational data.  
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CHAPTER 6:  EXPLORING THE DETERMINANTS OF END-

OPERATIVE PUPIL SIZE AND PUPILLARY LIGHT REFLEX 

– CAN WE PREDICT POSTOPERATIVE STATE? 

 

INTRODUCTION 

In this chapter, I explore the measurement of brainstem effects of anaesthesia and nociception 

using portable infrared pupillometry.  Whilst the EEG can be used as a measure of the effects 

of anaesthesia and surgery on the cortex, subcortical structures are less accessible to 

measurement.  Pupil size and the pupillary light reflex are potential measures of the effects of 

anaesthesia and ascending surgical nociceptive signaling on the brainstem (196) and 

pupillometry guidance has been investigated as a means of optimizing intraoperative opioid 

analgesia (197,198).  However, the complex relationships between potential patient, anaesthetic, 

and surgical confounders, and pupil sizes and reflexes, are not well understood.  I set out to 

establish the relative contributions of such factors to end-operative pupillometry measurements.  

I also wished to see if any of the measures might have utility in predicting the early postoperative 

clinical outcomes of pain or sedation. Following my review of causal diagrams for Chapter 5, I 

wanted to use methodology that would properly account for the causal structure of the data, and 

settled upon structural equation modelling (190,199), an extension of path analysis, which is 

frequently used in fields such as psychology and ecology. 

 

Pupil size and the pupillary reflexes in the awake state  

The anatomy and physiological of the pupil, summarized here,  is well understood and described 

elsewhere in greater detail (200,201). Pupil size is determined by the state of the smooth 

musculature of the iris which consists of a circular group, the sphincter pupillae, which constrict 

the pupil upon contraction; and a radial group, the dilator iridis, which dilate the pupil on 

contraction. The sphincter is innervated by parasympathetic fibres that originate in the Edinger-

Westphal (EW) nucleus in the midbrain.  Preganglionic fibres travel along the oculomotor 

(CNIII) nerve, synapse at the ciliary ganglion, and postganglionic fibres form the short ciliary 

nerves. The dilator is under sympathetic nervous system control via cervical sympathetic fibres, 

which synapse at the superior cervical ganglion. Postganglionic sympathetic fibres travel along 

the ophthalmic and then the long ciliary nerves to the dilator iridis.  
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The pupillary light reflex controls the diameter of the pupil in response to the intensity 

(luminance) of light activating retinal ganglion cells.  The reflex allows adaption to ambient 

light, so constriction occurs when there is a greater intensity of light to reduce light entry into 

the eye, and dilation occurs to allow more light in when there is less ambient light. The afferent 

pathway begins with light-activated intrinsic melanopsin containing ganglion cells in the retina 

and traverses the optic nerve and synapses in the pretectal area.  The efferent pathway is 

mediated by the oculomotor nerve which receives excitatory inputs from the pretectal nucleus 

in the Edinger-Westphal nucleus, these parasympathetic axons synapse on ciliary ganglion 

neurons that innervate the iris sphincter.  The light reflex is consensual and can be used clinically 

to test optic and oculomotor nerve and brainstem function. Pupillary reflex dilation occurs in 

response to any alerting ‘fight or flight’ stimulus including pain.  The effector limb of the reflex 

in the awake state is the sympathetic nervous system via the superior cervical ganglion.  

Compared to the light reflex, pupillary reflex dilation is slow to develop. Pupillary dilation may 

also accompany other psychological factors such as arousal, attention and increased cognitive 

load, and the response correlates well with locus coeruleus activity (202,203).  

 

Pupil size and the pupillary reflexes during general anaesthesia  

Anaesthesia and analgesic agents have a variety of effects on the pupil (196). Although ether 

anaesthesia was classically associated with progressive dilation of pupils, modern day 

anaesthetics do not produce this effect, even during deep levels of anaesthesia. Whilst 

sympathetic nervous system activity generally persists during general anaesthesia, the 

sympathetic contribution to pupil size via the dilator iridis is absent (75), presumably due to 

interruption of a supraspinal pathway.  Despite this, pupillary reflex dilation is still observed 

during anaesthesia, likely mediated by presynaptic inhibition of the EW nucleus from activation 

of the locus coeruleus noradrenergic system in the brainstem.  The dilation reflex has a shorter 

latency than other sympathetically mediated measures of nociception such as changes in heart 

rate or blood pressure. The dilation response to tetanic stimulation during anaesthesia is reduced 

by opioids in a dose-dependent manner and this has been proposed as a marker of opioid effect 

(204).  Opioids do not otherwise, contrary to popular belief, have much effect on resting pupil 

size during anaesthesia.  The pupillary light reflex also persists during anaesthesia; it is reduced 

independently of pupil size by volatile anaesthetic agents and by propofol, but not by opioids 

(205).   
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AIMS 

The main aim of this study was to establish the relative explanatory or causal contributions of 

patient, anaesthetic, and intraoperative factors to end-operative pupil size and pupillary light 

reflex measures during routine clinical anaesthesia.  I wanted to see if pupil size or any pupillary 

light reflex measures could provide useful clinical information about patient state during general 

anaesthesia, and predict sedation or pain upon emergence from anaesthesia. To achieve this my 

first objective was to establish a ‘measurement model’ in order to: 

 Understand correlations between different baseline pupillometry parameters and 

determine an appropriate causal structure to use to control for these in the model. 

 Determine the contributions of age, sex and pre-operative anxiety to between-

individual variability in the baseline pupillometry parameters. 

Then, having established the measurement model for baseline parameters, I planned to use 

structural equation models to: 

 Test the measurement model using the pupillometry parameters in the anaesthetized 

state to assess if, and how, anaesthesia affects the correlations between the parameters. 

 Quantify the causal contributions of hypnotic anaesthetic drug concentration (in units 

minimum alveolar concentration (MAC)) and opioid concentration to the various 

pupillometry parameters.  

 Assess the predictive value of pupillometry metrics for early postoperative pain and 

sedation in the post anaesthetic care unit (PACU).   

I reasoned that during anaesthesia, pupil size might give an indication of ongoing tonic 

sympathetic and parasympathetic nervous system balance, whilst the reflexes represent more 

rapid phasic changes in response to a perturbation (akin to the EEG and evoked potentials). 

I also specifically wanted to test the commonly held assumption that smaller pupils near the 

end of surgery indicate adequate suppression of the sympathetic nervous system by 

antinociceptive agents (opioids), which translates into sedation and lower pain scores in the 

early postoperative period.  
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METHODS  

Data was collected during two periods between November 2015 and January 2016 and between 

November 2016 and January 2017 at Waikato Hospital, Hamilton, New Zealand.  Institutional 

and national ethical approvals were obtained for both periods of study (NZ/1/2729015 & 

NZ/1/49BB011). Pooled data is presented. Informed consent was obtained from all participants 

and the study was conducted in accordance with the principles of the Declaration of Helsinki. 

 

Participants 

All adult (> 18 years) surgical patients capable of informed consent were eligible for the study 

and a convenience sample spanning a range of non-cardiac surgeries and patient demographics 

was taken. Participants were excluded if they had an eye or neurological condition likely to 

result in significant distortion of pupil size, shape or reflexes e.g. previous glaucoma surgery, or 

if the eye was unlikely to be accessible during surgery e.g. head and neck surgery. Mild eye 

conditions such as long or short-sightedness were not considered an exclusion to participation. 

 

Pupillometry  

Pupillometry recordings were taken using a portable infrared pupillometer (PLR-200TM, 

NeurOptics Inc, Irvine, CA, USA). Recordings were always taken from the right eye of the 

participant. A single pupillometry recording was taken at each timepoint, except where the 

recorded waveform was anomalous, e.g. due to blinking, in which case the recording was 

repeated to obtain an acceptable waveform and those derived parameters are reported here. A 

baseline awake reading was taken in the pre-operative area.  We were unable to control ambient 

lighting, which can affect pupil size, so the left eye was covered by the participant. A further 

pupillometry reading was taken at the end of surgery, prior to emergence from anaesthesia, with 

the left eye taped shut.   

The pupillometer directs infrared light toward the retina and a sensor detects reflected infrared 

light from the iris.  The pupillometer delivers a light stimulus to elicit the pupillary light reflex. 

The settings for pulse strength (180uW) and duration (154ms) were kept constant for all patients 

and recordings.  The pupillometer outputs a number of parameters, which are explained in table 

13. An ‘s’ following the parameter is used to denote values from the ‘start’ (i.e. preoperative or 

awake) and ‘e’ refers to ‘end-operative’ recordings in the results.  
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Table 13.  Pupillometry parameters obtained from the infrared pupillometer  

MAX  (mm) The baseline or ‘resting’ pupil diameter prior to the light stimulus 

MIN  (mm) The minimum observed pupil diameter following the light stimulus 

AMP  (mm) The absolute light reflex amplitude (i.e. MAX – MIN) 

CON (%) Relative (percentage) change in pupil diameter (i.e. (MAX-MIN)/MAX)) 

ACV  (mms-1) Average constriction velocity  

MCV  (mms-1) Maximum constriction velocity 

LAT  (s) Latency (time to onset of constriction from light stimulus) 

 

 

Additional Data  

Routine clinical information was collected, including age and sex and operation details. 

Preoperative anxiety was self-rated by participants on a numerical rating scale (0 to 10).  

Duration of surgery and the expired concentration of volatile anaesthetic was recorded in MAC 

(minimum alveolar concentration) units (NB not age-adjusted MAC).  Opioid administration 

throughout the case was recorded, and opioid effect site concentration at the time of the 

pupillometry recordings was estimated using two-compartment models for fentanyl (206) and 

morphine (207), which was converted to fentanyl equivalents.  A numerical rating scale (0 to 

10)  was used for pain scoring, and the maximum score reported by the patient in PACU was 

used for analysis. Sedation was assessed at 15 minutes following admission to PACU using the 

Richmond Agitation Sedation Score (RASS).   

 

Statistical Methods 

I conducted an exploratory analysis using the principles of causality I introduced in Chapter 5, 

and suggested by the likes of Judea Pearl and Bill Shipley (130,208). Causal structures drive the 

correlations we observe in nature, but not all the correlations we observe are direct causal effects, 

they can instead be due to confounding or selection bias (as detailed in Chapter 5) or may occur 

by chance.  Path analysis, first described by the geneticist Sewall Wright (209), uses DAGs to 

show all the pertinent factors in a system and the directed relationships between them.  Path 

rules determine the strength of causal correlations (called path coefficients) between variables 
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under the assumptions contained in the causal diagram.  Path coefficients in linear systems 

behave in a predictable fashion and causal structures imply certain statistical dependences and 

conditional independences that can be tested. Correlations and partial correlations (or 

regressions) can therefore be used to support or refute proposed causal structures, and to quantify 

causal relationships within the system. Controlling variables correctly can magnify or uncover 

relationships previously obscured by confounding, or correct spurious associations. Whilst path 

analysis deals with measured variables only, structural equation models are an extension of 

path analysis that can additionally incorporate latent (unmeasured) variables (190). These are 

variables or constructs which are not directly observed (and are often unmeasurable), but they 

are known or suspected to exist and drive the other (observed) variables in the system.  Examples 

of latent variables relevant to this study might be ‘surgical nociception’ or ‘SNS activation’.  

The inclusion of latent variables is sometimes necessary to acknowledge the place of 

unmeasured variables in the causal structure, and it can also account somewhat for measurement 

error. Structural equation modelling combines multiple variables into a single causal network, 

using the causal diagram as the qualitative basis. The technique implicitly assumes causal links 

and is good at quantifying direct and indirect effects and simultaneously testing multiple 

hypotheses. 

I systematically examined the data to determine the most plausible causal structures and 

strengths of causal relationships between the variables, using a combination of existing 

knowledge of the likely causal structure and possible causal relationships, and stepwise 

development and refinement of the models based on the data.  Since the pupillometer outputs a 

number of parameters, the first step in analysis was to determine a measurement model to 

understand and account for the ‘internal’ correlations between the different pupillometry 

parameters. Whilst some correlations are obviously driven largely by mathematical derivations, 

it would be hoped that the measurement model would shed some light on the intertwining or 

independence of underlying biological processes. The measurement model began with the 

starting pupil diameter, and I used factor analysis to determine whether latent variables were 

needed to optimize the model. The model was then built up to include the other pupillometry 

parameters, which were then added to model in a stepwise manner. After establishing the 

measurement model, the next step was to examine how demographic and patient factors affect 

the different parameters by adding these exogenous or ‘external’ factors to the model. I then 

checked whether the model fit was appropriate for the parameters measured during anaesthesia, 

and added in further intraoperative explanatory variables (opioid, MAC and duration). 
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When constructing the models, I assumed that any of the potential explanatory variables could 

affect any of the parameters and then pruned arrows from the model where the path coefficients 

were weak and non-statistically significant and the model remained acceptable. In general, 

simpler models are preferable, and the aim is to advance knowledge by eliminating unnecessary 

arrows, and by having directed or ‘causal’ arrows rather than free covariances. I based the 

direction of arrows on subject knowledge and chronology, and used latent variables or 

covariances when an unmeasured construct or ‘driver’ of other parameters was known or 

suspected.  Finally, I systematically added the PACU outcomes to the model to see if any 

covariances between the clinical PACU outcomes and pupillometry parameters were revealed, 

which could aid clinicians in the prediction (and therefore potential modification) of the early 

postoperative state.  

Factor analysis and correlations and partial correlations were performed in MATLAB (Natick, 

MA, USA).   The ‘factoran.m’ function returns a maximum likelihood factor analysis model, 

and the ‘corr’ and ‘partialcorr’ functions return Pearson correlation and partial correlation 

coefficients.  Path analysis and structural equation modelling were used to test models using the 

freely available package lavaan in R (210), which uses a maximum-likelihood (ML) approach 

to estimate coefficients between variables which best fit the observed data to the covariance 

matrix implied by the causal model. Many model fit parameters are available to aid decision 

making around acceptance or rejection of  models or to choose between competing models. The 

simplest and most commonly used is the chi-squared test statistic, which tests the null hypothesis 

that there is no difference between the observed covariances and the covariances predicted by 

the model.  A high chi-squared value returns a significant (low) p-value and the model is 

typically rejected based on the observed data, whereas a low value will return a non-significant 

p value and the model is usually deemed acceptable.  I elected to use a mean and variance-

adjusted chi-squared test statistic, the ‘MLMVS’ option in lavaan, to protect against over-

rejection of large models, which is common with the traditional chi-squared statistic (211).  The 

robust statistic is essentially a rescaled chi-squared statistic with adjusted degrees of freedom 

(df), which uses robust standard errors.  As with the chi-squared statistic, it is accompanied by 

a p-value.  As per usual convention, p < 0.05 is taken as evidence of poor model fit, and the 

model is rejected, whereas p > 0.05 is interpreted as an acceptable model fit.   

There are a number of limitations to structural equation modelling, not least that acceptance of 

a model or statistically significant path coefficient is not ‘proof’ of causal relationships, rather 

it shows the data is consistent with the implied covariances and assumptions contained in the 

causal model. Multiple causal diagrams might be consistent with the data and the decision as to 
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the best model will take into account parsimony, model fit, and existing knowledge.  In contrast, 

rejection of a model can be interpreted as evidence of a problem with the assumptions encoded 

by the model with reasonable confidence. As with any statistic, chance correlations and outliers 

can result in erroneous rejection of models, and it can take some trial and error to determine 

exactly where in the causal diagram the problem lies.   

Standardized path coefficients are reported for ease of interpretation.  These can be interpreted 

in a similar way to correlation coefficient (r) values, i.e. when squared they represent the % of 

the variation of the outcome variable (i.e. variable at point of arrow) explained by the exposure 

or explanatory variable (i.e. variable at the tail of arrow).  In the absence of any strong 

convention, the symbol φ is used to denote a standardized path coefficient to avoid confusion 

with the usual statistical p - value 

 

RESULTS  

145 patients were recruited to the study and complete baseline data was available for 137 

participants, and complete baseline and intraoperative data for 116 participants.  The reasons for 

missing data are outlined in figure 19. Summary statistics of participant demographic, 

anaesthetic and intraoperative  details are presented in table 14. 

Figure 19. STROBE diagram outlining reasons for missing data   

TIVA – total intravenous anaesthesia; MAC - minimum alveolar concentration. 
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Table 14.  Demographic and intraoperative details of the 145 participants recruited to the 
study 

 Mean (SD) or number (%) 

Age (yrs) 49.6 (18.7) 
  

Sex:                    Male 65  (45) 
                           Female 80  (55) 
  

BMI 29.8  (7.8) 
  

ASA Score         1 50 (34.5) 

                           2     59 (40.7) 
                           3 34 (23.4) 

                           4 2 (1.4) 
  

Surgery:            General 70  (48.3) 

                           Orthopaedic 31  (21.4) 

                           Urology 19  (13.1) 

                           Gynaecology 25  (17.2) 
  

Surgical duration (mins) 77.5 (52.1) 
  

TIVA 6 (4.1) 
  

MAC 0.67 (0.27) 
  

Estimated Opioid Concentration  
(ng/ml fentanyl equivalent) 

0.99 (0.90) 

 

Table 15. Pearson correlations between preoperative pupillometry parameters   

Blue text– r-values, black text - p-values. 

 MAXs MINs CONs AMPs LATs ACVs MCVs 

MAXs  0.946 0.001 0.718 -0.098 0.656 0.687 

MINs < 0.0001  -0.30933 0.455 -0.008 0.440 0.467 

CONs 0.989 0.0002  0.670 -0.245 0.558 0.555 

AMPs < 0.0001 <0.0001 <0.0001  -0.254 0.866 0.897 

LATs 0.2510 0.9292 0.0038 0.0027  -0.219 -0.229 

ACVs <0.0001 <0.0001 <0.0001 <0.0001 0.0099  0.953 

MCVs <0.0001 <0.0001 <0.0001 <0.0001 0.0069 <0.0001  
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Preoperative pupillometry parameters and development of a measurement model 

The correlations between the various baseline pupillometry parameters are shown in table 15. 

The resting and constricted diameters were highly correlated, and many of the reflex parameters 

(with the exceptions of % constriction and latency) were correlated with the starting diameters. 

This confirmed the need to establish an optimal measurement model to account for and control 

for such internal correlations, as they might obscure or distort explanatory relationships between 

external factors and the pupillometry reflex parameters.  

Exploratory factor analysis was used to gauge whether correlations between the observed 

parameters might be driven by latent variables, and to help decide how many of these factors 

should be used in the measurement model. Latent variables are often used in measurement and 

structural equation models when there are a number of different types of measures of a particular 

construct, and they can be also used where there are unmeasured factors affecting the measured 

variables. Factor analysis essentially evaluates shared variance between different parameters, 

which is attributed to the latent variable ‘factors’.  In the case of the pupillometry parameters, a 

latent variable might be sympathetic or parasympathetic tone, or simply a scale factor. There 

were enough pupillometry parameters to have up to three factors in the factor analysis.  Factor 

loadings for the two- and three-factor models are presented in table 16. 

Table 16.  Factor loadings for two- and three-factor models for preoperative pupillometry 
parameters 

  

Two factor model Three factor model 

Factor 1 Factor 2 Factor 1 Factor 2 Factor 3 

MAXs 0.276 0.960 0.949 0.192 0.244 

MINs -0.048 0.997 0.975 -0.125 0.175 

CONs 0.928 -0.266 -0.230 0.922 0.173 

AMPs 0.864 0.498 0.514 0.797 0.310 

LATs -0.281 -0.022 -0.026 -0.265 -0.092 

ACVs 0.732 0.475 0.409 0.573 0.647 

MCVs 0.750 0.503 0.430 0.581 0.687 
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In both factor models, MAXs and MINs (the diameter parameters) had factor loadings close to 

1 with one of the factors, indicating that diameter itself is likely a key determinant of other light 

reflex parameters. This would suggest there would not be any real advantage in using a latent 

variable here; given the closeness of the factor loading to 1, the measured variable can simply 

be used directly. Despite having a marginally lower factor loading, MAXs was selected rather 

than MINs as the ‘exposure’ variable as it is the chronological ‘parent’ and most reasonable 

‘cause’ of the other parameters. A second factor correlated highly with CONs (factor loadings 

0.928 and 0.921 in both models), so I also elected to use CONs directly in the model. The final 

factor in the three factor model was more moderately loaded, predominantly with the velocity 

parameters (ACVs and MCVs), and so use of a latent variable here was considered appropriate, 

especially given that ACVs and MCVs are both velocity parameters. 

 

 

 

Figure 20. Measurement model for baseline pupillometry parameters 

Standardised path coefficients are shown (p < 0.001 for each). Double arrow represents covariance  

 n = 137, robust test statistic 3.616 (3.174 df), p=0.333. 
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The baseline measurement model was built up in a stepwise fashion, starting with MAXs and 

adding in the other pupillometry parameters.  The final measurement model is presented in 

figure 20. The model suggests approximately 50% of the variability in the absolute amplitude 

(AMPs) of the light reflex is directly related to the starting diameter.  The CONs parameter (i.e. 

the percentage constriction) was used as the exogenous variable representing the degree of 

contraction independent of the starting pupil size.  No free covariance between MAXs and 

CONs was necessary for the model, suggesting that the proportionate contraction during the 

light reflex is independent of the starting size.  The absolute amplitude of the light reflex was 

the major determinant of the constriction velocities. The absence of any direct arrows between 

the velocities and MAXs or CONs suggest that the initial correlations between them were 

mediated by the effects of MAXs and CONs on the absolute amplitudes. The velocities did 

however share significant covariance that was independent of absolute amplitude, which is 

consistent with the factor analysis findings.  The double headed arrow in figure 20 is essentially 

shorthand for a latent variable, representing unmeasured factors affecting the velocity measures 

 

Determinants of preoperative pupillometry parameters 

Having established the measurement model, age was then added to produce the structural 

equation model in figure 21. The latent variable driving the constriction velocities is illustrated 

using the oval ‘vel’.  Pupil size decreased with advancing age (φ = -0.54, p < 0.001), and this 

was responsible for about 29% of variation in pupil size. Age also affected ‘vel’, and this effect 

was independent of the starting diameter and the absolute amplitude of the light reflex.  Age 

does not appear to affect the amplitude of the light reflex, other than via its effect on the starting 

diameter (MAXs), as indicated by the absence of requirement for direct arrows between Age 

and CONs or AMPs for model fit.   

Latency (the interval between the light stimulus and the onset of pupillary constriction) was 

systematically added to the model in various positions and found to covary with CONs (φ= -

0.24, p=0.010) and age (φ=0.16, p=0.093), but with none of the other parameters. Model fit 

remained good indicating the probable absence of significant covariances unaccounted for by 

the model.  Latency has been left out of the figures for simplicity. 

  



110 
 

. 

Figure 21.  Structural equation model demonstrating effects of age on 
preoperative pupillometry parameters  

Standardised path coefficients are shown (p < 0.001 for each).  Latent variable ‘vel’ denoted by oval. 

 n = 137, robust test statistic 2.378 (3.88 df), p = 0.649. 

 

 

Figure 22.  Multigroup structural equation model demonstrating effects of age and 
anxiety on preoperative pupillometry parameters in females and males 

Standardised path coefficients are shown (p < 0.05 for paths with blue arrows, grey arrows not 
significant).  Latent variable denoted by oval. 

 n = 137, robust test statistic 12.698 (9.22 df) p = 0.190. 
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The model was then extended to examine the effects of sex and preoperative anxiety on the 

pupillometry parameters using a multigroup model (figure 22) to look for interactions or sex-

specific effects.  The acceptable model fit indicates no major differences in the causal structure 

between sexes. I was easily able to constrain most path coefficients to be equal across both 

groups without having to reject the model, indicating the relationships are similar, however there 

was a sex-specific association between anxiety and increased baseline pupil size (φ=0.232, 

p=0.018) in females. The partial correlation between sex and pupil size given age was not 

statistically significant (r=-0.154, p=0.075). There were no statistically significant associations 

between sex or anxiety and any of the other pupillometry parameters.  

 

Effects of anaesthesia on pupillometry parameters 

The pupillometry parameters recorded at baseline and at the end of anaesthesia are shown in 

figure 23.  In the anaesthetized state, pupil diameters and the pupillary light reflex amplitudes 

were much reduced, the amplitudes more so than the diameters.  The constriction velocities were 

lower than in the awake state, however the latency (time to onset of reflex contraction) did not 

seem to differ significantly between states.  The variance of the end-operative parameters was 

reduced compared to the corresponding pre-operative (awake) values. 

 

 

Figure 23.  Preoperative and end-operative pupillometry parameters 

Mean values +/- standard deviations.  Baseline (blue) – preoperative;  GA (green) -end operative   
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Table 17. Unadjusted Pearson correlations between end-operative pupillometry 
parameters and MAC, opioid concentration and surgical duration. 

Blue text- r-values, black text – p-values. 

 MAXe MINe AMPe CONe ACVe MCVe LATe 

        
MAC -0.168 -0.111 -0.288 -0.304 -0.256 -0.251 -0.075 

  0.072  0.236  0.002  0.001  0.006  0.007   0.421 

        
Opioid 0.014 0.035 -0.083 -0.093 -0.085 -0.062 -0.084 

 0.870 0.690  0.338  0.286  0.330  0.472  0.332 

        
Duration 0.165 0.162  0.052  0.003  0.088  0.092 -0.030 

 0.056 0.060  0.552 0.973  0.313  0.290  0.730 

 

 

 

Figure 24. Full structural equation model of determinants of end-operative pupillometry 
parameters 

Standardised path coefficients are shown (p < 0.05 for paths with blue arrows, grey arrows not 
statistically significant).  Latent variable denoted by oval. 

n = 116, robust test statistic 12.897 (8.04 df), p = 0.117. 
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The unadjusted associations between the pupillometry parameters and volatile anaesthetic 

concentration (MAC), estimated opioid concentration, and duration of surgery are shown in 

table 17.  There were modest unadjusted correlations between MAC and some of the pupil reflex 

parameters, but none of the pupillometry parameters correlated with estimated opioid 

concentrations.  There was a weak correlation between duration and pupil size, which was not 

statistically significant. 

The full structural equation model for the determinants of end-operative pupillometry 

parameters is shown in figure 24. The measurement model determined for the preoperative 

pupillometry parameters achieved good fit for the end-operative parameters, and was the starting 

point for building the final model.  Of the initial preoperative pupillometry parameters, the 

constricted pupil size (MINs) was found to correlate most strongly with the end-operative 

diameter (MAXe), and was therefore introduced to the model as a variable to control for between 

individual variability in pupil size at baseline. The relationships between age and pupillometry 

parameters had the same structure as preoperatively. Age still affected the latent variable for 

velocity (φ = -0.34), however compared to the awake baseline model, the absolute amplitude of 

light reflex was a greater determinant of the constriction velocity parameters.  No effects of sex 

or anxiety on the end-operative parameters were detected when they were added to the model.    

The final model confirmed a modest effect of MAC on the light reflex amplitude constriction 

(CONe) (φ = -0.30).  The relationship between MAC and pupil diameter (φ = -0.17) was not 

statistically significant. An effect of increased pupil size with longer duration of anaesthesia and 

surgery was confirmed, with a stronger path coefficient than unadjusted correlation (φ = 0.26 vs 

r = 0.16). The model also identified a possible effect of duration on the latent variable ‘vel’ 

(φ=0.171), which was not statistically significant. As with the unadjusted correlations, opioid 

level did not correlate with any of the pupillometry parameters or the latent variable ‘vel’ when 

added to the model and was therefore omitted (all |φ| <.0.1).   

 

Clinical outcomes 

The median (IQR) pain score was 4 (1.5-6) and sedation score (RASS) was -1 (-2 to 0).  There 

were no statistically significant correlations between age, sex or preoperative anxiety scores and 

either PACU pain or sedation.  Similarly, there were no statistically significant Pearson 

correlations (all |r|< 0.065) between any of the end-operative pupillometry parameters and either 

PACU pain or sedation. To look for any hidden relationships between the pupillometry 

parameters and the clinical outcomes, the clinical outcomes were systematically added to the 
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end-operative structural equation model as covariances.  No significant covariances between the 

pupillometry parameters and either of the clinical outcomes were revealed. 

 

DISCUSSION 

Measurement model and factors determining preoperative (awake) pupillometry 

parameters   

The factor analysis and the measurement model both suggest that the steady state processes 

controlling pupil diameter are largely independent from those controlling the magnitude of the 

light reflex (evidenced by the absence of requirement of an arrow between MAXs and CONs to 

achieve a good model fit for the measurement model). The absolute reflex amplitude was 

determined by both the starting diameter and the degree of constriction (as would be expected 

mathematically).  The absolute amplitude was also the primary determinant of the constriction 

velocities, in keeping with previous evidence (212–214), and affirming the need for a 

measurement model.  

The three factor model suggested an additional unmeasured independent factor influencing the 

velocity parameters, which I included in the structural equation models as a latent variable ‘vel’. 

Whilst I can only hypothesize as to the nature of this latent variable, when looking at 

demographic effects, this variable (but not the amplitude parameters) was affected by advancing 

age, in the direction of reducing  velocities with advancing age. The latent variable ‘vel’ might 

therefore represent slowing of neural responses, since nerve conduction velocities of sensory 

and motor nerves have previously been demonstrated to slow with normal ageing (215), or 

slowing of the contractile elements of the sphincter pupillae. The effect was specific to the 

velocities, and was independent of the light reflex amplitude. The preoperative structural 

equation model also confirms the reduction in pupil diameter observed with advancing age, 

which has been well documented previously (214,216). The model suggests that this is a largely 

independent causal process from that affecting the reflex velocities, indeed it is likely due to 

age-related reduction in sympathetic tone, whilst the pupillary light reflex is mediated by the 

parasympathetic nervous system.  In keeping with this, the model showed that age did not have 

any direct effect on the amplitude of the light reflex, the observed unadjusted correlation  is 

mediated via the indirect effect of age on starting pupil size (MAXs).  

Multigroup analysis allowed comparison of the causal relationships between age and anxiety 

and the pupillometry parameters in males and females.  There were no significant differences 
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between males and females in the measurement model or in the effect of age on the pupillometry 

however there appeared to be a difference in pupil responses to anxiety, with anxious females 

having greater pupil size.  This could represent a greater pupillary response to anxiety in females, 

or the failure to observe an effect in males could be due to gender differences in awareness of 

or reporting of anxiety.  With the exception of anxiety, the path coefficients could be constrained 

to be equal across the male and female groups without significantly worsening model fit, 

indicating no major difference in the other relationships within the model between males and 

females.   

 

Determinants of end-operative pupillometry parameters  

General anaesthesia is associated with highly constricted pupils compared to the awake state, 

which is presumed due to removal of tonic inhibition of the EW nucleus (196).  I observed a 

small effect of decreasing pupil diameter with increasing volatile anaesthetic concentration, but 

this was not statistically significant, and the effect was smaller than the contributions of 

preoperative interindividual variability in pupil size and the duration of anaesthesia. The model 

did, however, confirm the previously reported finding of reduced amplitude of the pupillary 

light reflex with increasing concentration of volatile anaesthesia (73). The most sensitive 

pupillary light reflex parameter was the proportional (%) constriction. The pupillary light reflex 

involves at least four synapses, and the observed effect could be due to direct enhancement of 

inhibitory presynaptic neurons or depression of excitatory neurons of the reflex (196).  

Alternatively it could occur indirectly secondary to other effects, for example on the locus 

coeruleus or reticular activating system.  The velocities of the reflex in our model were not 

directly affected by anaesthetic concentration, possibly pointing to indicating enhanced 

presynaptic inhibition as the main effect, in keeping with the effect of volatile anaesthesia on 

GABA-ergic activity.  

Whilst we cannot rule out a role of circulating factors from tissue damage with increasing 

duration of surgery, progressive pupillary dilation with duration of anaesthesia in the absence 

of surgery has been reported previously (217).  In the reported study there was also a progressive 

increase in heart rate and blood pressure, but no change in circulating catecholamines.  The 

observed effects were attributed to progressive inhibition of vagal and EW nuclei, secondary to 

reestablishment of normal tonic inhibition of the parasympathetic nuclei due to tolerance to the 

volatile gas anaesthesia.  
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Opioid levels did not have any significant effect on pupil size or the pupillary light reflex 

parameters in our model. Whilst higher opioid levels did correlate significantly with 

postoperative sedation, as would generally be expected, pupil size and the pupillary light reflex 

parameters did not.  This is counter to the commonly held assumption that smaller pupils at the 

end of anaesthesia reflects opioid excess and herald postoperative analgesia and sedation, and 

may come as a surprise to practicing clinicians.  The data here confirm small pupil size to be a 

consistent feature of the anaesthetized state, with no relationship found between pupil size and  

estimated opioid level. This finding is consistent with previous work, which has demonstrated 

minimal change in pupillary diameter with increasing opioid concentration, although there is 

inhibition of pupillary reflex dilation (204,205).  

 

Causal modelling of intraoperative ‘monitoring’  

Structural equation modelling seems to be a promising technique for analysis of observational 

data.  It allows putative causal structures to be formally tested and compared,  and extension to 

multigroup analysis allows for examination for interactions.  The use of latent variables and free 

covariances acknowledges the presence of factors we are unable to measure, and acknowledges 

the measurement error in those we do.  Because variables are modelled mathematically 

according to the causal structure, we should be brought closer to determining actual causal 

relationships. The structural equation models developed here show causal structures quite 

different from that assumed with traditional multivariable regression techniques (figure 10). 

Despite intricately controlling for confounding factors in the model, the associations between 

volatile anaesthetic concentration and the pupil reflex amplitude did not change significantly, 

however I was more confident that the association represents a causal effect having gone through 

the process. The structural equation model did improve the certainty around the relationship 

between duration and pupil size, with a stronger path coefficient evident after controlling for the 

other factors. 

When we are monitoring anaesthesia or nociception intraoperatively, we are trying to measure 

a latent factor or construct that we cannot access directly (figure 25), and this is rarely 

acknowledged.  We either measure this imperfectly (‘intraoperative measurement’) or make 

inferences from the subsequent clinical ‘postoperative outcomes’, which will bring further 

measurement error.  Additional information might be gleaned by examining the effects of 

interventions such as analgesia, which work via the latent factor mediator to change clinical 

outcomes.  The causal structure of these relationships is shown in figure 25.  For this problem 
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nociception is the ‘latent factor’ that influences pupil size (the ‘intraoperative measurement’) 

and pain is the ‘postoperative outcome’. According to Sewall’s path rules, the overall 

association between the intraoperative measurement and the postoperative outcome will be the 

product of the two correlations (arrows) in the causal diagram.  The lack of association between 

pupil size and pain could be therefore be due to i) a problem with the strength of correlation 

between pupil size and nociception at the time of the measurement or ii) a problem with the 

strength of correlation between nociception at the time of measurement and postoperative pain.   

The relationship between nociception and pain is complex, and factors such as the removal of 

effects of anaesthetic agents with emergence, the emotional and affective components of pain, 

and interindividual variability in communication and pain scores, could dilute the association. 

Alternatively, pupil size at the end of surgery simply may not correlate well with ascending 

nociception at that time during anaesthesia.  It is possible the nociceptive response to surgery 

differs from the response to experimental stimuli, perhaps with differential Aδ or C-fibre 

involvement, or there may be attenuation of pupillary responses to repeated ascending 

nociceptive signaling. For monitoring-based interventions to be successful, we need both the 

correlations within these paths to be as close to perfect (coefficient of 1) as possible, otherwise 

(as was demonstrated in Chapter 4) translation into better clinical outcomes will fail. 

 

 

 

 

Figure 25. Causal diagram demonstrating structure of relationships between intraoperative 
measurements and clinical outcomes 
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Clinical outcomes 

Postoperative acute pain remains a significant clinical challenge, and any measure which could 

predict early postoperative pain by detecting ascending nociceptive signaling would be useful.  

Most currently available intraoperative nociception monitors use cardiovascular (derived from 

ECG and plethysmography) or EEG markers.  Pupil responses are an attractive alternative since 

they are relatively specific for parasympathetic effects, and they occur earlier that the 

cardiovascular responses. Unfortunately, I could find not find any evidence of clinically 

meaningful associations between pupil size or any of the pupillary light reflex measures and 

post-operative pain or sedation, despite controlling for the causal structure of common 

demographic and intraoperative variables with structural equation models. The absence of any 

association with postoperative pain is interesting since pupillary reflex dilation is maintained 

during anaesthesia (75,196).  However, responses during anaesthesia have mostly been studied 

with shorter term (usually tetanic) stimuli, which differs significantly from surgical  nociception, 

which is sustained, and likely to have a greater inflammatory component.  Nevertheless, I had 

hoped that pupil size might act as a measure of nociception at the end of surgery, and therefore 

predict nociception on emergence and its translation into pain. Pupillometry-guided analgesia  

has been shown to decrease intraoperative opioid administration in two randomized controlled 

studies (197,198). However, only one of these studies (198) reported a reduction in 

postoperative pain outcomes, and this could be ascribed to a reduction in opioid hyperalgesia 

secondary to the reducing intraoperative remifentanil administration.  The other study (197) 

examined postoperative pain scores and analgesic consumption and pain scores and found no 

benefit. 

 

Limitations 

Baseline pupil readings were taken preoperatively in the awake state, and the variance of the 

pupillometry parameters at this time was greater than during anaesthesia, probably due to 

uncontrollable factors such as ambient light.  It is possible that taking baseline pupillometry 

recordings in the anaesthetized state prior to surgical incision would allow a more calibrated 

approach, and possibly identify smaller effects more easily.   

The sample size was modest, and there is no standard recipe for powering structural equation 

models, particularly in the exploratory phase when correlation strengths are unknown.  For 

standard correlations, a sample size of n=114 has around 80% power to detect r of 0.26 (an 

approximately 8% explanatory effect) when α is set as 0.05. Controlling for other explanatory 
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variables might lower the sample size needed to detect effects of this magnitude. It seems 

unlikely therefore that any large effects were missed due to low sample size.   

Finally, I observed standard clinical practice, with no limits to any aspects of anaesthetic 

management. Arguably, the heterogeneity of patients, surgeries and anaesthesia may have 

hidden effects, however this reflects normal current clinical practice and means the results are 

highly generalizable.  

 

CONCLUSIONS 

The relative (percentage) amplitude of the pupillary light reflex appears to be the best potential 

pupillometry measure of brainstem effects of anaesthesia, however the association is only 

modest. Neither pupil diameter nor any other pupillary light reflex parameter predicted early 

postoperative pain or sedation. Structural equation modelling offers many advantages over 

traditional multivariable techniques. 
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 CHAPTER 7: THESIS SUMMARY 
 

This thesis documents a journey through several areas relating to inference of patient brain states 

during general anaesthesia, a problem central to the practice of anaesthesia.  The work included 

taking neurophysiological measurements during clinical anaesthesia, using frontal 

electroencephalography as a window to the cortex, and pupillometry as a window to the 

brainstem.  It also involved a somewhat unplanned departure from conventional analyses into 

the realms of statistical simulations and causal inference methodologies, which have not been 

applied to this area of research before. 

Unconsciousness is a core component and expectation of general anaesthesia.  Modern day 

anaesthesia is usually reliable in this regard, but occasionally fails, resulting in the rare but 

serious problem of awareness with recall. Unintended episodes of connected consciousness 

during general anaesthesia probably occur much more frequently than is realised, but usually 

pass unnoticed, due to anaesthesia preventing explicit memory formation, and the absence of 

external behavioural signs due to immobility. Monitoring the ‘depth’ of anaesthesia, using 

indices derived from the frontal electroencephalogram, has become increasingly popular over 

the last two decades. However, the ability of these indices to detect episodes of consciousness 

during anaesthesia has been questioned.   

In Chapter 3, we used the isolated forearm technique to detect brief episodes of connected 

consciousness, using the intense noxious stimuli of laryngoscopy and intubation to dissociate 

behavioural state from other cortical drug effects.  None of the conventional anaesthetic depth 

indices, nor some more recently proposed indices, could reliably discriminate between 

behaviourally responsive and unresponsive states. Importantly, analysis of the raw EEG 

waveform revealed that three responses had occurred in the presence of the alpha-delta pattern, 

which has been hypothesised to be indicative of anaesthesia induced unconsciousness. From 

these findings, I conclude that the alpha-delta frontal EEG pattern is not causally sufficient, and 

may not be necessary, for anaesthetic unconsciousness.  

Studying episodes of consciousness during routine anaesthesia is challenging, given that they 

are usually unintended, and therefore quite rare, as we found during the course of the IFT study.  

This has significant implications, both for future research, and for translation of potential 

measures of brain state into clinically effective monitoring modalities. It was quite apparent 

looking at the EEG spectra in Chapter 3 that some of the responders would be essentially 

undetectable, however there are difficulties in statistically ‘proving’ this, because study designs 
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conventionally attempt to reject the null hypothesis. To conclude ‘no effect’, we usually require 

large numbers of observations, which is very challenging with rare events.  

These issues lead to a thorough consideration of the question ‘how good does an awareness 

monitoring index need to be?’.  The statistical simulations I embarked upon in Chapter 4 

highlighted the strong influence of incidence on performance, both at the individual level, in 

terms of estimating an individual’s probability of being conscious, and on an epidemiological 

level, in terms of how many conscious individuals might be detected whilst keeping the burden 

of false positive cases within acceptable limits.  When it comes to evaluating potential for 

translation of indices into effective interventions, the commonly-used PK metric is quite limited, 

so I would recommend the use of simple percentile descriptions or the AUPR. Clinical data are 

a scarce resource, and screening putative metrics with a rigorous study protocol, and then 

simulating performance in larger populations, are sensible and probably necessary translational 

steps. These steps should occur prior to embarking on large pragmatic randomised controlled 

trials, many of which quite predictably end with ‘negative’ results.   

The pupillometry dataset was collected prior to gaining most of these insights, and I was 

concerned about what, if anything, I would be able to glean from another complicated 

observational dataset.  I had become aware of recent advances in causal inference techniques, 

which are quite a revolution from traditional statistical paradigms (and my existing mindset). It 

was quite an effort to begin to learn and understand the theory, some basics of which are 

introduced in Chapter 5, which I am quite convinced should be applied more widely in clinical 

research, and which I plan to personally apply to future work. My understanding of confounding 

and other sources of bias was completely transformed, and I found the graphical framework of 

causal diagrams to be very intuitive, as well as mathematically robust. Accounting for the causal 

structure seems paramount to maximise learnings from observational data, and to avoid 

misinterpretations due to inadvertent use of ‘collider’ variables.   

The pupillometry data contained many continuous variables and provided an excellent 

opportunity to ‘play’ with correlations and partial correlations, much of which is not presented 

in this thesis.  It was highly satisfying to see the coefficients behave in accordance with the path 

rules of Sewall Wright.  I was able to amplify and block pathways using different covariables, 

and to see how direct and indirect effects could be clarified. Structural equation modelling 

extends path analysis to include latent variables and is a good way of managing constructs of 

interest which we are unable to directly measure. The technique is well-recognized and utilised 

in other fields such as ecology and psychology, and certainly seems well suited to anaesthesia 

and pain research. It also has the advantages of calculating path coefficients for the whole system 
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at once and being able to formally test putative causal structures, all of which were useful for 

the analysis of the pupillometry in Chapter 6.  

My baseline structural equation model for the preoperative pupillometry confirms the previously 

published decreases in pupil size and constriction velocities with age, and the multigroup 

analysis revealed a plausible association between anxiety and pupil size in females. With regards 

to the effects of anaesthesia on pupil size and the pupillary light reflex, my final structural 

equation model (figure 24) suggests the relative (percent) constriction of the pupillary light 

reflex to be the most promising measure of the brainstem effects of volatile anaesthetic drugs, 

although the relationship was only modest.  I also detected a small effect of duration of surgery 

on pupil size. Perhaps surprisingly to clinicians, there were no significant correlations between 

estimated opioid concentration and any of the pupillometry parameters, however this is 

consistent with previously published work. Despite controlling for confounding factors and 

between-individual variation at baseline to the best of my ability with the available covariables, 

somewhat disappointingly I could not detect any relationships between any of the pupillometry 

parameters and PACU outcomes that might be clinically useful.  For example, the absence of 

any clear association between pupil size and postoperative pain, means I am unable to 

recommend the use of pupil size to prompt supplemental analgesia prior to emergence from 

anaesthesia. 

The work contained in this thesis has dispelled two commonly held beliefs in anaesthesia.  

Firstly, the ‘black swan’ responses, unveiled using the isolated forearm technique, disprove the 

notion that the frontal alpha-delta EEG pattern is pathognomic of unconsciousness during 

anaesthesia. Secondly, the pupillometry observations dismiss the common assumption that 

small pinpoint pupils at the end of a case will herald excessive sedation and analgesia. Within 

this thesis, I have also employed two quite contrasting approaches to causality.  The first, and 

most simple, was the use of direct falsification, utilising the logic that a single observation is 

sufficient to disprove an ‘always notion’. The second (and more complex) was the application 

of structural equation models, which is quite novel to anaesthesia research. Further advancement 

of knowledge in the area of inference and monitoring of brain states during anaesthesia is likely 

to require identification of measures that are intimately linked with the neurophysiological and 

pharmacological processes involved in generating the states of interest. 
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