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Abstract 

 

Faces are visually similar to one another, and we have extensive contact experience with them, 

which jointly render them a special visual stimulus for humans. One of the ways in which face 

processing is special is that faces are processed in a holistic manner (that is, multiple facial parts 

are obligatorily integrated into a whole or Gestalt). Faces also elicit some specific neural 

signatures, such as the N170 component of the event-related brain potential. In my thesis, I explore 

different aspects of these behavioral and neural face-specific indices. In the first study, I examine 

whether holistic face processing can occur when facial information that is presented unconsciously. 

Results revealed that the composite effect, as measured by the complete design of the composite 

task, was observed in the unconscious condition, but was smaller and less consistent than that in 

the conscious condition. This conclusion reflects my observation that when the bottom halves of 

faces are displayed unconsciously, they still influence the processing of top halves of aligned faces. 

However, much of the conscious composite face effect was disrupted when the bottom facial parts 

were rendered subliminally. The second study explores the implicit, but seldom tested, assumption 

that the distributions of amplitudes are normally distributed within conditions. This assumption 

underlies the logic of deriving the N170 by averaging all similar trials. Violations of these 

assumptions could have significant implications for the interpretation of the N170. Data used in this 

study came from three experiments in which intact and scrambled faces and houses were displayed 

for different durations. N170 data were analyzed with modified ex-Gaussian functions and linear 

mixed models. Results showed that N170 amplitudes in most conditions were normally distributed 

which, for the first time, provides empirical evidence supporting the assumptions for averaging 

single-trial amplitudes. The third study examines whether the N170 is generated in a graded or an 

all-or-none manner by looking into the influence of stimulus duration on the manifestation of the 

N170, as well as how the N170 is related to subjective perception. Participants categorized the 

stimuli as faces or houses, and reported their subjective confidence. The data demonstrated that 

N170 amplitudes evoked by stimuli with different durations did not differ when high subjective 

confidence was reported. These findings indicate that the strongest N170 is generated for faces that 

are perceived with high subjective confidence, supporting the notion that the N170 is generated in 

an all-or-none fashion. The above evidence brings new insights to holistic face processing and the 

N170, enriching the knowledge of distinct facets of face-specific processing. 
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Chapter 1. General Introduction 
Faces have special significance for humans, and present special difficulties. First, all faces share 

the similar configurations of features, e.g., eyes being above the nose and the nose being above the 

mouth (Maurer, Grand, & Mondloch, 2002). Second, faces convey different types of information, 

such as identity, gender, age, ethnicity, expressions, etc., which is of great importance to human 

social interaction. Moreover, we gain a lot of contact experience with faces in our daily lives, 

which conversely shapes our face processing ability (e.g., K. J. Hancock & Rhodes, 2008; 

Sangrigoli, Pallier, Argenti, Ventureyra, & de Schonen, 2005), even since each of us was an infant 

(Bar-Haim, Ziv, Lamy, & Hodes, 2006; Kelly, Liu, et al., 2007; Kelly, Quinn, et al., 2007; Kelly et 

al., 2005).  

The distinctiveness of faces and our extensive experience with faces together determine the 

specificity uniqueness of face processing. One of the ways in which face processing is special is 

that faces are processed in a holistic representation or Gestalt (Galton, 1883), which is distinct from 

non-face objects or words (Farah, 1992). Apart from this behavioral indicator, faces also elicit 

some face-specific neural signatures, such as the N170 component of the event-related brain 

potential (ERP; Bentin, Allison, Puce, Perez, & McCarthy, 1996).  

1.1. Holistic face processing 

One of the most extensively researched topics in the study of face perception is holistic face 

processing defined as multiple parts of a face being obligatorily integrated into a perceptual whole 

or Gestalt. Although many researchers agree that faces are processed in a holistic manner (Galton, 

1883; Hayward, Crookes, & Rhodes, 2013; Hole, 1994; Maurer et al., 2002; Rezlescu, Susilo, 

Wilmer, & Caramazza, 2017; Richler, Palmeri, & Gauthier, 2012; Rossion, 2008, 2013; Young, 

Hellawell, & Hay, 1987), researchers ascribe different meanings to the notion, and propose distinct 

underlying mechanisms (Richler et al., 2012). Most researchers agree that holistic processing is 

supported by an internal perceptual representation or Gestalt (Farah, Wilson, Drain, & Tanaka, 

1998; Galton, 1907; Hayward et al., 2013; Maurer et al., 2002; Mckone, Martini, & Nakayama, 

2006; Rezlescu et al., 2017; Rossion, 2008, 2009, 2013; Tanaka & Farah, 2006, 1993; Young et al., 

1987), in which all facial parts are encoded in one “face template”. By contrast, some researchers 

have proposed that facial parts are represented independently, and attention to all parts cannot be 

“shut down”, which gives rise to holistic processing (Richler, Cheung, & Gauthier, 2011b; Richler 

& Gauthier, 2013, 2014; Richler, Mack, Palmeri, & Gauthier, 2011; Richler et al., 2012). 

Moreover, there is also disagreement on the roles of facial parts in holistic processing. Some argue 
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that holistic processing mainly reflects the processing of configurations between features (e.g., 

Diamond & Carey, 1986; Leder & Bruce, 2000; Searcy & Bartlett, 1996) whilst some claim both 

features and their configurations, and even their interactive relationships, were incorporated in 

holistic processing (e.g., Amishav & Kimchi, 2010; Fifić & Townsend, 2010; Hayward, Crookes, 

Chu, Favelle, & Rhodes, 2016; Kimchi & Amishav, 2010). 

1.1.1. Paradigms for measuring holistic processing 

A variety of different paradigms have been used to measure holistic processing. There are three 

“gold standard” tests of holistic processing (Avidan, Tanzer, & Behrmann, 2011; Hayward et al., 

2016; Rezlescu et al., 2017; Tanaka & Gordon, 2011; Tanaka & Simonyi, 2016): the inversion task 

(McKone & Yovel, 2009; Rossion, 2008; Yin, 1969), part-whole task (Tanaka & Farah, 1993; 

Tanaka & Simonyi, 2016) and the composite task (Hole, 1994; J. Murphy, Gray, & Cook, 2017; 

Richler & Gauthier, 2014; Rossion, 2013; Young et al., 1987). Additionally, the composite task has 

two versions: the “standard” design (Rossion, 2013) and the “complete” design (Richler & 

Gauthier, 2013, 2014; Richler et al., 2012).  

1.1.1.1. Inversion task 
In the inversion task (e.g., Ellis & Shepherd, 1975; Leehey, Carey, Diamond, & Cahn, 1978; 

Valentine, 1988; Yin, 1969), faces are usually displayed either upright or inverted, and participants 

are asked to perform face matching or recognition tasks. Typically, performance is better for 

upright faces compared with inverted faces. This is called the inversion effect. The inversion effect 

for faces is larger than that for non-face objects (Albonico, Furubacke, Barton, & Oruc, 2018; 

Busey & Vanderkolk, 2005; Curby, Glazek, & Gauthier, 2009; Diamond & Carey, 1986; Leder & 

Carbon, 2006; Ramon, Busigny, & Rossion, 2010; Robbins & McKone, 2007; Rossion et al., 2000; 

Scapinello & Yarmey, 1970; Xu, Liu, & Kanwisher, 2005).  

The main restriction for measuring holistic processing with the inversion task is that we can only 

infer holistic processing is disrupted in inverted faces, since holistic processing is not directly 

manipulated by inversion (Tanaka & Simonyi, 2016). This limitation is remedied in the part-whole 

task and composite tasks. 

1.1.1.2. Part-whole task 
In the part-whole task, participants first learn to associate one or more faces with their names (e.g., 

Tanaka & Farah, 1993; Tanaka & Sengco, 1997), and then are tested in two conditions. In the part 

condition, participants are presented with two isolated features, e.g., two pairs of eyes, and are 

instructed to choose the feature that matches a specified face (e.g., which are Bob’s eyes?). In the 
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whole condition, participants are presented with a pair of faces, and asked to select the face that 

matches a particular name (e.g., which is Bob?). Critically, the target and foil faces only differ in 

one feature; the other parts remain the same. Recognition performance in the whole condition is 

better than that in the part condition. This is called the part-whole effect. Analogous to the 

inversion effect, the part-whole task for faces is stronger than for non-face objects (Davidoff & 

Donnelly, 1990; Robbins & McKone, 2007; Tanaka & Farah, 1993; Tanaka & Sengco, 1997). The 

part-whole effect supports the idea that faces are processed holistically (Tanaka & Farah, 1993; 

Tanaka & Simonyi, 2016). Specifically, since the whole and part conditions only differ in whether 

redundant facial information is available, the part-whole effect indicates that the rest of the face 

facilitates the perception of target features (Goffaux & Rossion, 2006).  

1.1.1.3. Standard composite task 
Another method to assess holistic processing uses a combination of two different faces into a single 

face configuration. In the composite face illusion (Young et al., 1987), the same top facial half 

looks different when it is aligned with different bottom halves. There are two independent variables 

when this is instantiated within the standard design: Top identity (same vs. different) and 

Alignment (aligned vs. misaligned; See Figure 1.1). The stimuli utilized in the standard composite 

task (e.g., Grand, Mondloch, Maurer, & Brent, 2004) are composite faces which are created by 

aligning the top and bottom halves of faces from different identities. For each trial, participants are 

shown two aligned or misaligned composite faces sequentially at study and test, and are instructed 

to respond according to whether the top halves are the same or different while ignoring the bottom 

halves. For analysis, only trials with the same top halves are included, as this is the only condition 

where the composite face illusion occurs. Results showed that the accuracy for judging top halves 

is generally worse when composite faces are aligned relative to misaligned, showing the composite 

face effect. This effect is once again stronger for faces compared with non-face objects (Cassia, 

Picozzi, Kuefner, Bricolo, & Turati, 2009; Robbins & McKone, 2007). The composite face effect 

indicates that the irrelevant information, i.e., the bottom halves, interferes with the perception of 

the target halves, i.e., the top halves, corroborating the view that faces are processed holistically.   

Notably, in the standard design (as shown within the solid black squares in Figure 1.1), the top 

halves of study and test faces are either the same or different, whereas the bottom halves are always 

different. For trials with different top halves, the top halves should be perceived as different. For 

trials with the same top halves, sometimes the top halves are also perceived as different due to the 

composite face illusion. As a result, the top halves would be perceived as different in more than 

half of trials, which could engender a bias for responding that the top halves are different (Rossion, 

2013). This response bias further contaminates the composite effect and, critically, these two 
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components (response bias and composite-face effect) cannot be dissociated. Indeed, Richler and 

colleagues (2011b) discovered that the composite effect measured by the standard design was 

modulated by the participants’ beliefs and the actual ratio of the same to different trials. 

Recently, an updated standard composite task has been introduced (Busigny, Joubert, Felician, 

Ceccaldi, & Rossion, 2010; Busigny et al., 2014; Jacques & Rossion, 2009, 2010; F. Jiang, Blanz, 

& Rossion, 2011; Laguesse & Rossion, 2013; Ramon & Rossion, 2012; Retter & Rossion, 2015; 

Rossion & Retter, 2015; Schiltz, Dricot, Goebel, & Rossion, 2010; Zhou et al., 2018). In this 

version of the composite task, another trial type, in which both top and bottom halves of study and 

test faces are the same, is incorporated (as shown within the dashed black squares in Figure 1.1). 

As this additional type of trial will increase the number of “same” responses for the whole task, this 

should reduce the response bias in the standard composite task (Rossion & Retter, 2015).  

1.1.1.4. Complete composite task 
An alternative version of the composite task, called by its authors the “complete design,” has more 

recently been widely used to measure holistic processing (Richler & Gauthier, 2014; Richler et al., 

2012). As in the standard design, participants also observed two consecutive composite faces at 

study and test, and were instructed to judge whether the target (e.g., top) halves were the same or 

different. However, both the target (e.g., top) and irrelevant (e.g., bottom) halves of faces in the 

Figure 1.1. The experimental designs of composite tasks. Here is the example when the top halves are used as the 
target (same or different refers to whether the top halves are the same or different) and only the aligned 
composite faces are displayed. (1) The standard design includes the same incongruent and different congruent 
conditions, as shown in the two solid line squares. (2) The modified standard design added the same congruent 
conditions to the standard design, as shown in the dashed lines. (3) The complete design consists of all these four 
conditions.  
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complete design could be the same or different (as shown in Figure 1.1), leading to four types of 

trials (Target identity: same vs. different; Congruency: congruent vs. incongruent). More 

specifically, for “same congruent” trials, the target halves of two faces are the same and the 

irrelevant halves are the same as well; for “different congruent” trials, the target halves of two faces 

are different and the irrelevant halves are also different; for “same incongruent” trials, the target 

halves of two faces are the same and the irrelevant halves are different; for “different incongruent” 

trials, the target halves of two faces are different and the irrelevant halves are the same. Notably, in 

congruent trials, the irrelevant halves are consistent with target halves, which would facilitate the 

judgment of targets. In contrast, the irrelevant halves conflict with the target halves in incongruent 

trials, which would interfere with the judgments of targets. Thus, in conditions of holistic 

processing, performance, which is usually calculated with sensitivity d’, is better in the congruent 

conditions compared with incongruent conditions. Moreover, composite faces could be aligned or 

misaligned (Alignment) and the congruency effect should be stronger for aligned composites, as 

the influence of irrelevant halves on target halves should be reduced when the two halves are 

misaligned. Therefore, the index of the composite effect in the complete design is the interaction 

between Congruency and Alignment. This composite effect is observed for non-face objects in 

experts (Bukach, Phillips, & Gauthier, 2010; Gauthier, Williams, Tarr, & Tanaka, 1998; A. C.-N. 

Wong, Palmeri, & Gauthier, 2009), but not in novices (Richler et al., 2011; but see Y. K. Wong & 

Gauthier, 2010). In addition, cues are also usually used in the complete design to indicate whether 

participants should make judgments of the top or bottom halves for each trial (e.g., Gauthier, 

Klaiman, & Schultz, 2009; Richler, Gauthier, Wenger, & Palmeri, 2008; Y. K. Wong & Gauthier, 

2010).  

In the complete design, participants do not know which halves they should make the judgment of 

until the cue appears. Thus, they have to scan the whole face before the cue shows up, which will 

encourage participants to process both the top and bottom halves of faces at the same time and 

potentially integrate the two halves together. However, this may bring in some attentional 

confounds (Rosenthal, Levakov, & Avidan, 2018; Rossion, 2013), which is similar to the Stroop 

effect (MacLeod, 1991; Stroop, 1935). Perhaps this is the reason why sometimes the composite 

effect was observed for non-face object (in novices) (e.g., Y. K. Wong & Gauthier, 2010) or 

misaligned faces (e.g., Richler, Tanaka, Brown, & Gauthier, 2008).  
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1.1.2. Relationships among paradigms 

1.1.2.1. Part-whole and composite tasks 
The part-whole task and composite tasks have been extensively used in the literature to assess 

holistic face processing (for reviews, Richler & Gauthier, 2014; Rossion, 2013; Tanaka & Simonyi, 

2016). One of the shared assumptions for them is that they measure similar aspects of holistic 

processing (Rezlescu et al., 2017). Several studies examined the relationships among these 

paradigms and provided some insights. Wang, Li, Fang, Tian, and Liu (2012) first assessed the 

associations between the part-whole task and the standard design of the composite task and 

discovered that the magnitudes of part-whole effect and composite effect did not correlate with 

each other. Unlike Wang et al. (2012) who calculated the two effects with subtraction, DeGutis, 

Wilmer, Mercado, and Cohan (2013) computed the two effects with residuals obtained by 

regressing performance in the baseline level (e.g., the part condition in the part-whole task) from 

the experimental level (e.g., the whole condition in the part-whole task). Specifically, DeGutis et 

al. (2013) utilized the part-whole task and the complete design of the composite task without cues 

and demonstrated that the correlations between them were significant. However, with this similar 

regression method assessing the part-whole effect and composite face effect, the correlations 

between the standard design of composite face task and the part-whole task failed to be observed 

(Li, Huang, Song, & Liu, 2017; Rezlescu et al., 2017). Moreover, the neural mechanisms 

associated with the part-whole effect were also different from those associated with the composite 

effect measured by the standard design (Li et al., 2017; Li, Song, & Liu, 2019). Altogether, these 

findings imply that the part-whole task and the standard composite task depict different facets of 

holistic processing whereas the effects measured by the part-whole task and the complete 

composite task might share some components in common.  

1.1.2.2. Inversion task and other paradigms 
The relationships between the inversion task and other paradigms were directly tested in one study 

(Rezlescu et al., 2017). Rezlescu et al. (2017) demonstrated that the inversion effect positively – 

but weakly – correlated with the part-whole effect, but not with the composite effect measured by 

the standard design. Given the low correlation, the authors claimed that it did not constitute 

evidence that the inversion effect and part-whole effect reflected the same mechanisms (Rezlescu 

et al., 2017).  

Additional evidence for associations between these paradigms was provided by some studies 

inverting facial stimuli in the part-whole and composite tasks. If inversion disrupts the information 

supporting the part-whole effect or composite effect, there should be no effects for inverted faces, 
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or the effects for inverted faces should be decreased compared with upright faces. In one such 

study, the part-whole effect was found when faces were presented upside down, albeit smaller than 

that for upright faces (Boutet & Faubert, 2006). However, other studies have failed to observe the 

part-whole effect for inverted faces (Crookes, Favelle, & Hayward, 2013; Leder & Carbon, 2005; 

Tanaka & Farah, 1993), and in some cases the effects were even reversed for inverted faces, i.e., 

better performance in part conditions relative to whole conditions (Pellicano & Rhodes, 2003). 

Similar findings were found for the composite effect measured by the standard design. Specifically, 

a group of studies found the composite effect for inverted faces but these effects were smaller than 

those for upright faces (Goffaux & Rossion, 2006; McKone, Davies, & Darke, 2013; Robbins & 

Coltheart, 2012; Rossion & Boremanse, 2008; Susilo, Rezlescu, & Duchaine, 2013). Some 

research showed there was no composite effect for inverted faces (Bauser, Suchan, & Daum, 2011; 

Biotti et al., 2017; Boutet & Faubert, 2006; McKone et al., 2013; Mondloch & Maurer, 2008; 

Robbins & McKone, 2007; Susilo et al., 2010). However, different results were obtained for the 

composite effect measured by the complete design (Curby, Goldstein, & Blacker, 20131; Richler, 

Mack, et al., 2011). Richler, Mack, et al. (2011) reported that the composite face effects were 

observed for both upright and inverted faces, and differences between them were not significant2. 

They further demonstrated that the composite face effects for upright and inverted faces differed in 

processing efficiency (Richler et al., 2011).  

Collectively, research has shown that face inversion reduced or eliminates effects in the part-whole 

and standard composite tasks, whereas in the complete design composite task, less efficiently 

produced, but equally strong, composite effects were observed for inverted faces compared with 

upright faces. These findings imply that the information supporting the part-whole effect and the 

composite effect measured by standard design is disrupted in inverted faces whilst the inversion 

slows down the processes to produce the composite effect measured by the complete composite 

task. 

1.1.3. Summary 

Despite the controversy in its underlying mechanisms and the disagreement on the appropriate 

paradigm, holistic face processing has been extensively investigated and generally supported over 

                                                 

 

1 The paradigms used in this study did not include the misaligned conditions. The composite effect used in this study 
was the congruency effect (congruent subtracting incongruent) for aligned composites. 
2 When the complete design composite task without cues were used, the composite effect for upright faces was larger 
than that for inverted faces (e.g., Hayward et al., 2016; Rosenthal et al., 2018). 
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the past few decades (for reviews, Richler & Gauthier, 2014; Rossion, 2008, 2013; Tanaka & 

Simonyi, 2016). Notably, almost all these studies examined holistic processing of conscious faces 

and confirm that they are processed holistically. One question that remains unanswered is whether 

holistic face processing can occur unconsciously, which will bring a more comprehensive 

understanding of the nature and limits of holistic processing. For instance, can masked or 

suppressed half-faces that are not consciously perceived by an observer nonetheless exert an 

influence on the processing of the other half? This question will be explored in Chapter 2.    

1.2. The N170 

1.2.1. Early ERP components for faces 

In addition to the behavioral hallmark of face-specific processing, faces also induce some specific 

neural responses. One of the most common approaches to measuring neural activity in the human 

brain is the electroencephalogram (EEG), which can record neural activity with high temporal 

resolution (Kappenman & Luck, 2011). One popular method to analyze EEG data is to derive 

event-related potentials (ERP), which extract the brain signals time-locked to stimulus onsets. 

Doing so reveals a series of voltage deflections (“components”) related to the neural processing of 

the stimuli. The first two ERP components for visual stimuli are the C1 and P1 (Jeffreys & Axford, 

1972a, 1972b), which peak around 65-80ms and 90-110ms after stimulus onsets. The C1 can be 

positive or negative in voltage, depending on the retinal location of the stimuli (Jeffreys & Axford, 

1972a) and the positioning of the recording and reference electrodes. The C1 is believed to reflect 

the thalamic input and early visual processing in primary visual cortex (Clark, Fan, & Hillyard, 

1994; Foxe & Simpson, 2002; Hillyard, Di Russo, & Martínez, 2003). The P1, which manifests as 

a positive voltage at posterior scalp electrodes, is mainly influenced by the low-level properties of 

stimuli, such as luminance, contrast, spatial frequency, colors, and so on. The next component is 

the N1, which is first large negative component evoked by visual stimuli over the extrastriate 

cortical areas (Haider, Spong, & Lindsley, 1964; S. J. Luck, Heinze, Mangun, & Hillyard, 1990). In 

particular, face stimuli generally elicit enhanced N1, which is also known as the N170 due to it 

usually peaking around 170ms after the onset of face stimuli (Bentin et al., 1996; Eimer, 2011; 

Rossion, 2014; Rossion & Jacques, 2011; Schweinberger & Neumann, 2016). In other words, 

unlike the C1 and P1 that do not respond specifically to faces, the N170 is the first face-sensitive 

ERP component. There are also some other face-related ERP components (Schweinberger & 

Neumann, 2016), such as the N250. The N250r exhibits stronger responses for repeated faces 

compared with non-repeated faces (e.g., Dörr, Herzmann, & Sommer, 2011; Schweinberger & 
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Burton, 2003; Schweinberger, Huddy, & Burton, 2004; Schweinberger, Pickering, Jentzsch, 

Burton, & Kaufmann, 2002).  

1.2.2. Generators of the N170 

It is well established that the first face-specific neural activities peak around 170ms post-stimulus, 

but where are the generators of the N170? Previous research using functional magnetic resonance 

imaging (fMRI) identified several candidate face-specific brains areas: the fusiform face area 

(FFA, Kanwisher, McDermott, & Chun, 1997), the occipital face area (OFA, Gauthier et al., 2000), 

the posterior superior temporal sulcus (STS, Puce, Allison, Bentin, Gore, & McCarthy, 1998), and 

extended face networks (Duchaine & Yovel, 2015; Gobbini & Haxby, 2007; Haxby & Gobbini, 

2011; Haxby, Hoffman, & Gobbini, 2000).  

The potential roles of some brain areas in producing the N170 have been investigated in the last 

two decades. A majority of studies demonstrated that the FFA is likely to be a main source of the 

N170 (e.g., Halgren, Raij, Marinkovic, Jousmäki, & Hari, 2000; Horovitz, Rossion, Skudlarski, & 

Gore, 2004; Iidaka, Matsumoto, Haneda, Okada, & Sadato, 2006; Shibata et al., 2002; Yovel, 2016 

for review). For example, Horovitz et al. (2004) presented faces and cars integrated with different 

amounts of noise to participants and recorded with EEG and fMRI in separate sessions. Highly 

significant correlations were observed between the N170 amplitudes and fMRI signals in the FFA, 

suggesting the possible contributions of the FFA to the N170. In addition, Itier and Taylor (2004b) 

performed source analysis at the latency of the N170 and demonstrated that modeled intensities in 

STS correlated with the N170 amplitudes, concluding that STS could also be one of the main 

sources for the N170. Furthermore, Sadeh, Podlipsky, Zhdanov, and Yovel (2010) simultaneously 

measured brain activities with EEG and fMRI while participants were viewing faces and nonface 

objects. They discovered that the face-specific N170 was correlated with face-specific responses in 

the FFA and STS, but not in the OFA. Rather, the responses in OFA correlated with the P1 

component3. These results indicate that both the FFA and STS, but not the OFA, are the sources of 

the N170. However, a recent study recorded the neural activity in a single brain with both 

intracerebral electrodes and scalp EEG at the same time. The authors found that the scalp N170 

amplitudes correlated with the N170 recorded in the OFA, but not the FFA, indicating that the 

OFA may be a source for the N170 (Jacques et al., 2019). 

                                                 

 

3 This correlation might be due to one outlier in the data and a poor index used (see Jacques et al., 2019). 
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There is evidence for all three face-specific regions (FFA, OFA, and STS) being the source of the 

N170 is provided by different studies, but these findings should be evaluated critically. For 

example, some studies examined the correlations between neural activity measured with EEG and 

fMRI (e.g., Horovitz et al., 2004; Sadeh et al., 2010). It is noteworthy that the N170 reflects a very 

early phase of face processing (i.e., face perception), while the activity measured by fMRI is 

integrated over several seconds. In other words, the neural responses recorded by fMRI do not 

necessarily correspond to the same time window as that of the N170. By contrast, the scalp EEG 

and intracerebral electrodes utilized in Jacques et al. (2019) both have a high temporal resolution. 

Thus, the conclusion drawn from this study appears more reliable, i.e., the OFA should be 

considered the primary source of the N170. Of course, it remains possible that all three regions 

contribute to N170 under appropriate conditions, and the N170 reflects early activation of a face-

specific cortical network. 

1.2.3. Perception of faces 

The N170 has been linked to the first subjective perception or awareness of faces (Rossion, 2014; 

Rossion & Jacques, 2011). Previous studies demonstrated that greater N170 was observed when 

non-face stimuli were perceived as faces; for instance, greater N170 was induced by bistable 

Mooney stimuli (George, Jemel, Fiori, Chaby, & Renault, 2005), ambiguous paintings by Giuseppe 

Arcimboldo (Caharel et al., 2013), face-like objects (Churches, Baron-Cohen, & Ring, 2009; 

Hadjikhani, Kveraga, Naik, & Ahlfors, 2009), and even noise-alone stimuli (Wild & Busey, 2004) 

when they were perceived or expected as faces. Analogously, enhanced N170 was also observed 

for simple shapes when they were interpreted as faces or facial parts (Bentin & Golland, 2002; 

Bentin, Sagiv, Mecklinger, Friederici, & von Cramon, 2002). The N170 evoked by face images is 

stronger when they are perceived or detected as faces compared to when they are not (Fisch et al., 

2009; Navajas, Ahmadi, & Quian Quiroga, 2013; Rodríguez et al., 2012). The N170 component 

was also shown to be evoked for faces presented at attended, but not unattended, locations (Crist, 

Wu, Karp, & Woldorff, 2008). In the same vein, Shafto and Pitts (2015) utilized a modified 

inattentional blindness paradigm to present task-irrelevant line-drawing faces as the background. 

They discovered that enhanced N170 was found for participants who were aware of the faces 

compared with those who were not. Additionally, similar N170 was induced for all participants 

once they became aware of the presence of faces. 

The N170 is generally found to be stronger for faces compared with non-face objects, such as 

houses (e.g., Boutsen, Humphreys, Praamstra, & Warbrick, 2006; Itier & Taylor, 2004a; Rousselet, 

Husk, Bennett, & Sekuler, 2005, 2008), cars (e.g., Allison et al., 1994; Carmel & Bentin, 2002), 

furniture (e.g., Boutsen et al., 2006; Eimer, 2000a; Itier, Latinus, & Taylor, 2006), and scrambled 
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stimuli (e.g., Allison et al., 1994; Bentin et al., 1996; Rossion & Caharel, 2011). Further, the 

greater N170 for faces relative to non-face stimuli is also stronger over right compared with left 

hemispheres (e.g., Allison et al., 1994; Boutsen et al., 2006; Carmel & Bentin, 2002; Dundas, 

Plaut, & Behrmann, 2014; Itier & Taylor, 2004a; Rousselet et al., 2005; Rousselet, Husk, et al., 

2008), showing a right lateralization. In addition, the N170 was decreased when faces were 

integrated with noise (Bankó, Gál, Körtvélyes, Kovács, & Vidnyánszky, 2011; Horovitz et al., 

2004; Jemel, Schuller, et al., 2003; Navajas et al., 2013; Németh, Kovács, Vakli, Kovács, & 

Zimmer, 2014; Philiastides, Ratcliff, & Sajda, 2006; Philiastides & Sajda, 2006; Rousselet, Pernet, 

Bennett, & Sekuler, 2008; Schneider, DeLong, & Busey, 2007; Tarkiainen, Cornelissen, & 

Salmelin, 2002) or presented for limited durations (Carbon, Schweinberger, Kaufmann, & Leder, 

2005; Nasr, 2010; Retter, Jiang, & Rossion, 2018; Tanskanen, Näsänen, Ojanpää, & Hari, 2007) 

(more see Chapter 5).  

In contrast to behavioral effects of face inversion, the N170 was enhanced when faces were 

inverted relative to upright (e.g., Bentin et al., 1996; de Haan, Pascalis, & Johnson, 2002; Eimer, 

2000c; Itier et al., 2006; Itier & Taylor, 2002, 2004a; Linkenkaer-Hansen et al., 1998; Nemrodov, 

Anderson, Preston, & Itier, 2014; Rossion et al., 2000; Sagiv & Bentin, 2001). The similar 

enhancement is also observed when faces are misaligned horizontally (Jacques & Rossion, 2009, 

2010; Letourneau & Mitchell, 2008; Soria Bauser, Schriewer, & Suchan, 2015) or vertically 

(Boremanse, Norcia, & Rossion, 2013), or when the contrast of faces (Balas & Stevenson, 2014; 

Fisher, Towler, & Eimer, 2016; Itier, Alain, Sedore, & McIntosh, 2007) or the eyes (Fisher et al., 

2016; Itier et al., 2006; Itier & Taylor, 2002) were reversed to negative, or when faces were 

Thatcherized (e.g., Carbon et al., 2005; Milivojevic, Clapp, Johnson, & Corballis, 2003; but see 

Boutsen et al., 2006; Zhang, Sun, & Zhao, 2017). These stimulus manipulations share some aspects 

in common, particularly that there is enough information available for them to be perceived as 

faces and, that some of the facial information is disrupted (Rossion & Jacques, 2011). Therefore, 

the greater N170 for faces with these manipulations might indicate that the brain interprets the 

stimulus as a face and activates more strongly to deal with its unusual appearance. 

1.2.4. Individual face coding 

Not only has N170 been linked to the subjective perception of faces, but it may also reflect the 

processing of facial identity information (Rossion & Jacques, 2011; but see Schweinberger & 

Neumann, 2016). Mixed results were obtained with the immediate repetition face paradigm, in 

which two faces were usually displayed for less than 1000ms with an interstimulus interval of 

about 1000ms. A body of studies demonstrated that faces preceded with the same images or 

different images of the same identity induced a smaller N170 compared to when they were 
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preceded with images of different identities (Campanella et al., 2000; Guillaume & Tiberghien, 

2001; Heisz, Watter, & Shedden, 2006a, 2006b; Itier & Taylor, 2002; Jemel, Pisani, Calabria, 

Crommelinck, & Bruyer, 2003; Jemel, Pisani, Rousselle, Crommelinck, & Bruyer, 2005; Turano, 

Marzi, & Viggiano, 2016; Vizioli, Rousselet, & Caldara, 2010; Walther, Schweinberger, Kaiser, & 

Kovács, 2013). However, some studies failed to observe this adaptation effect (Schweinberger et 

al., 2004; Schweinberger, Pfütze, & Sommer, 1995; Schweinberger et al., 2002). Moreover, studies 

employing adaptation paradigms where the first faces (i.e., the adaptor faces) were displayed for a 

few seconds but with shorter interstimulus interval also provided evidence that a smaller N170 was 

obtained for faces preceded with similar faces relative to different faces (Caharel, Collet, & 

Rossion, 2015; Caharel, d’Arripe, Ramon, Jacques, & Rossion, 2009; Caharel, Jiang, Blanz, & 

Rossion, 2009; Jacques, D’Arripe, & Rossion, 2007; Jacques & Rossion, 2009). Furthermore, 

Jacques and Rossion (2006) utilized a continuous face identity reversal paradigm that contrasted 

the ERP elicited by one face with another face instead of the blank screen baseline. They 

discovered that N170 amplitudes were smaller when the preceding face was perceived as the same 

relative to different (Jacques & Rossion, 2006). Collectively, all these findings suggest that the 

N170 also reflects the processing of facial identity information. 

1.2.5. Summary 

In summary, the N170 indexes the perceptual awareness of faces, and may also reflect the coding 

of individual facial information. Although the N170 has been widely researched (for reviews, 

Eimer, 2011; Rossion, 2014; Rossion & Jacques, 2011; Schweinberger & Neumann, 2016), a 

number of critical questions remain. One critical assumption underlying the signal-averaging 

approach that is common in ERP research – including N170 research – is that the distribution of 

amplitudes is at least approximately normally distributed. Violations of these assumptions could 

have significant implications for the interpretation of ERP data. However, this assumption is 

seldom tested, and likewise, the potential influence of skewed amplitude distributions is largely 

unexplored. In Chapter 4 of this thesis I explore the normality assumption and possible effects of 

skew using ex-Gaussian distribution analysis and linear mixed modeling. A further question is 

whether the N170 is generated in an all-or-none fashion or graded manner, which will shed light on 

how faces are processed in the human visual system. This question will be explored in Chapter 5. 

1.3. Research questions 

Overall, this thesis explores different aspects of the behavioral and neural face-specific indicators. 

The first study (Chapter 2) investigates holistic face processing when parts of faces are presented 

consciously or unconsciously. The second study (Chapter 4) explores the normality assumption 
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underlying signal-averaging and the potential influence of skewness. The third study (Chapter 5) 

assesses whether the N170 is generated in an “all-or-none” fashion or graded manner.  

In Chapters 4 and 5, the amplitude data and the parameters estimated by modified ex-Gaussian 

functions are analyzed with linear mixed models (LMM). Given that LMM is a relatively new 

statistical method to the fields of psychology and neuroscience, Chapter 3 briefly introduces LMM, 

discusses the merits of LMM over repeated-measures analysis of variances, and outlines how I 

conduct LMM in this thesis and how to interpret the results obtained from LMM.  
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Chapter 2. Holistic Processing of Unconscious Faces 

2.1. Introduction 

Humans are believed to be good at processing faces. Even though faces share the similar 

configurations of facial features, such as eyes being above noses and noses being above mouths 

(Maurer et al., 2002), most people are still experts of recognizing familiar faces (Young & Burton, 

2018a, 2018b) and are also able to distinguish unfamiliar ones (Duchaine & Nakayama, 2006; 

Rossion, 2018; Rossion & Michel, 2018). 

Underlying this extraordinary skill, many researchers have claimed that faces are processed in a 

holistic manner (e.g., Hole, 1994; Young et al., 1987), which means that people are inclined to 

process the multiple parts of faces as a perceptual whole or gestalt (Hayward et al., 2013; Maurer et 

al., 2002; Rezlescu et al., 2017; Rossion, 2008, 2013). It is supported by some evidence that when 

participants were asked to make judgments based on only one portion of a face, their performance 

usually would be influenced by the other parts of the face. For instance, the processing of one kind 

of componential information (e.g., eyes) would be affected by the other componential, and/or 

configural (e.g. the distance between eyes) information and vice versa (Amishav & Kimchi, 2010; 

Hayward et al., 2016; Rhodes, Brake, & Atkinson, 1993; Richler, Palmeri, & Gauthier, 2015; 

Tanaka & Sengco, 1997); the processing of internal facial information would be affected by 

external facial information (Meinhardt-Injac, Persike, & Meinhardt, 2010, 2014). These findings 

suggest that the componential, configural, internal, and even external information are obligatorily 

integrated into the holistic representation for processing faces.  

There are several experimental methods that are used to test holistic processing. One of the most 

popular paradigms is the part-whole task (Tanaka & Farah, 1993). In the part-whole task, 

participants first learn a study face and, then, are given two whole faces or two isolated features to 

choose which of them they saw for the study face. In the whole condition, the target face and foil 

face differ in one feature (e.g., eyes); apart from that feature, the faces are identical. In the part 

condition, only the target feature and one foil feature (e.g., eyes), but not the rest of the facial 

information, are displayed. Results showed that the performance in the whole condition is better 

than that in the part condition, which is called the part-whole effect (Tanaka & Farah, 1993; 

Tanaka & Simonyi, 2016). Since the whole and part conditions only differ in whether the rest facial 

information is available, the part-whole effect indicates that the rest of the face facilitates the 

perception of features. 
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Another common method adopted to assess holistic processing is the composite task (Hole, 1994; 

Richler et al., 2012; Rossion, 2013; Young et al., 1987). The stimuli used in this task are composite 

faces, which are created by aligning the top and bottom halves of faces from different identities. In 

each trial, participants are shown two composite faces sequentially at study and test, and are 

instructed to respond if the target halves (e.g., top) are the same or not while ignoring the irrelevant 

halves. Results reveal that one same top half looks different when it is aligned with different 

bottom halves; however, this effect will disappear when the two halves are misaligned (Rossion, 

2013). The composite face effect indicates that the processing of target halves is interfered with by 

the irrelevant halves when they are aligned with each other. 

The part whole effect and the composite face effect suggest that irrelevant parts of a face can 

influence (via facilitation or interference) the processing of target parts of a face, which also 

corroborates the idea that faces are processed holistically.  

Many studies have been conducted to address various aspects of holistic face processing in the last 

20 years (for reviews, Richler & Gauthier, 2014; Rossion, 2013). It is worth noting that almost all 

these studies only concentrated on the holistic processing of conscious faces and, affirmed that 

conscious faces could be processed holistically (e.g., Hayward et al., 2016; Z. Wang et al., 2019). 

However, little is known about the role of unconscious processing in holistic face processing. 

Studying the unconscious processing of faces has the potential to enhance our understanding of 

several different domains (Axelrod, Bar, & Rees, 2015). On the one hand, various cognitive 

systems involved in face processing and the related face-selective neural indicators enable faces to 

serve as an excellent domain to investigate the general mechanisms underlying unconscious 

processing. On the other hand, taking an unconscious approach to face processing can also resolve 

some of the key issues and major debates in face processing. For example, de Gelder, Vroomen, 

Pourtois, and Weiskrantz (1999) discovered that the blindsight participant, GY, was able to process 

facial expressions displayed in his blind field, and concluded that some visual pathway for 

processing emotions remained functional in spite of the lesion in his left occipital lobe. Some other 

studies investigated the interaction between spatial frequency and conscious awareness with facial 

familiarity (de Gardelle & Kouider, 2010) and gender (Khalid, Finkbeiner, König, & Ansorge, 

2013) information. They consistently observed the masked priming effects only for low-pass 

filtered faces, but not for high-pass filtered faces, suggesting the possible involvement of 

subcortical routes in unconscious face processing. Moreover, face gender categorization with 

masking priming was also used to explore the role of spatial attention in unconscious processing 

(Finkbeiner & Palermo, 2009), and found unconscious faces could be processed regardless of 

attention while attention was necessary for processing non-face stimuli. In addition, to which extent 
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facial information could be unconsciously processed was also inspected for both gaze (Stein, 

Peelen, & Sterzer, 2012) and face shape (Stein & Sterzer, 2011), and it was found that only some 

low-level components could be processed without visual awareness.  

Form another perspective, these studies on unconscious processing of facial information also 

informed us that facial expressions (Jiang & He, 2006; Jiang et al., 2009; Kiss & Eimer, 2008; 

Williams, Morris, McGlone, Abbott, & Mattingley, 2004; for reviews, Pessoa, 2005; Tamietto & 

de Gelder, 2010), familiarity (de Gardelle & Kouider, 2010; Henson, Mouchlianitis, Matthews, & 

Kouider, 2008; Kouider, Eger, Dolan, & Henson, 2009), gender (Finkbeiner & Palermo, 2009; 

Khalid, Finkbeiner, König, & Ansorge, 2013; Quek & Finkbeiner, 2014; but see Amihai, Deouell, 

& Bentin, 2011), gaze (Sato, Okada, & Toichi, 2007; Stein et al., 2012; Yokoyama, Noguchi, & 

Kita, 2013), and shapes (Stein & Sterzer, 2011) could be processed unconsciously. By contrast, 

visual awareness is a prerequisite for face identity (Moradi, Koch, & Shimojo, 2005) and ethnicity 

(Amihai et al., 2011).  

To sum up the two streams of literature, it is suggested that conscious faces could be processed 

holistically, and some of the facial information could be processed unconsciously, which brings the 

question: can unconscious faces be processed holistically? On the one hand, holistic face 

processing probably could be executed without conscious awareness. First, holistic processing, 

indexed by the composite effect, was stronger for low spatial frequency information (Goffaux, 

2009; Goffaux & Rossion, 2006;but see Cheung, Richler, Palmeri, & Gauthier, 2008), which could 

consistently be processed unconsciously (de Gardelle & Kouider, 2010; Khalid et al., 2013). 

Second, the automaticity of holistic processing has been suggested as the results of perceptual 

expertise (Richler, Wong, & Gauthier, 2011). Since one of the characteristics of automatic 

processing was to be able to execute unconsciously (Posner & Snyder, 1975), perhaps holistic face 

processing could also carry out unconsciously. In addition, a previous study revealed that the face 

shape could be processed unconsciously (Stein & Sterzer, 2011), in which they manipulated the 

shapes by contracting and expanding the internal facial information (i.e., features and 

configurations between them). Since consciously presented face shapes were of great importance to 

composite effects (Jiang, Blanz, & Rossion, 2011), and consciously presented irrelevant facial 

information (e.g., configurations) altered the processing of target information (e.g., features) as 

well (Amishav & Kimchi, 2010; Richler, Palmeri, et al., 2015; Tanaka & Sengco, 1997), this 

unconscious processing of face shapes probably also could take effects on processing of other 

facial information. Further, this potential influence might suggest that holistic face processing 

could occur unconsciously.  
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On the other hand, maybe holistic face processing depends on seeing faces. A previous study 

suggested that visual awareness was necessary for processing face identity (Moradi et al., 2005). 

Considering the significant role of holistic processing in face processing, probably it is the 

necessity of conscious awareness for holistic processing that limits the face identity processing 

only carrying out consciously.  

There was one study explored whether unconscious faces could be processed holistically (Axelrod 

& Rees, 2014). They presented two consecutive “eyes-face” composite stimuli, which were made 

by integrating the eyes with a rectangular contour into other faces of different identities, and asked 

participants if the eyes were the same or not. Notably, for the whole experiment, the eyes were 

always the same, and the rest parts could be the same or different. They found that the processing 

of the target parts was interfered with the irrelevant parts only in the conscious, but not 

unconscious, condition, suggesting the necessity of conscious awareness for holistic face 

processing. However, there are several reasons to consider this result more critically. First, the 

paradigm used by Axelrod and Rees (2014) might be under power for detecting the holistic 

processing of unconscious faces, since the sample sizes in both experiments were small (less than 

twenty participants). Second, the dependent variable in their paradigms, i.e., accuracy, did not seem 

to be reliable. In addition to being easily subjected to response bias (as shown by Richler, Cheung, 

et al., 2011b), accuracy is also vulnerable to guessing when the target parts were always the same, 

which was the case in their experiments. For example, accuracy being 50% in the different 

irrelevant part condition might result from the interference of irrelevant parts on the processing of 

target parts, or result from guessing by randomly pressing the keys. Further, the influence of 

guessing could not be dissociated with the interference of irrelevant parts in their paradigms. 

Moreover, the paradigm utilized by Axelrod and Rees (2014) was different from both of the 

popular composite face paradigms, i.e., the standard (Rossion, 2013) and complete (Richler & 

Gauthier, 2014; Richler et al., 2012) designs (Figure 2.1). Considering the heavy controversy in the 

discussion about paradigms measuring holistic face processing (e.g., Richler & Gauthier, 2013, 

2014; Richler et al., 2012; Rossion, 2013), applying a similar but different paradigm would not 

make it easy to contrast the results with previous studies. 

In the present study, I revisit the role of consciousness in holistic face processing. More 

specifically, the popular composite face task will be used to measure holistic face processing, and 

continuous flash suppression (CFS) will be used to present the experimental stimuli unconsciously. 

Noteworthy, there are two popular paradigms for the composite face task: the standard design 

(Rossion, 2013) and the complete design (Richler & Gauthier, 2014). The first main distinction for 
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these two paradigms is that in the standard design, whereas the top halves of composite faces could 

be the same or different, the bottom halves were always different, as showed in the solid squares in 

Figure 2.1. By contrast, in the complete design, both the top and bottom halves of composite faces 

could be the same or different, as showed in Figure 2.1. Another discrepancy is that in the standard 

design, participants were instructed to only make judgments of the top halves, whereas, in the 

complete design, cues are utilized to indicate whether participants should judge the top or the 

bottom halves for each trial. Moreover, there is an ongoing debate on which of them is better for 

measuring holistic processing (Richler & Gauthier, 2013, 2014; Richler et al., 2012; Rossion, 

2013). While Richler, Cheung, et al., (2011) demonstrated that the composite effect measured by 

the standard design was vulnerable to response biases, Rossion (2013) argued that the effect 

assessed by the complete design consisted of extra attentional confounds. I adopted the complete 

design4 without cues for the following reasons. First, similar to the updated standard design (e.g., 

Busigny et al., 2014; Jacques & Rossion, 2009, 2010; Laguesse & Rossion, 2013; Retter & 

                                                 

 

4 The paradigm I utilized was not the same as the complete design. In my task, no cues were used and participants were 
instructed to judge the top halves all the time, while in the complete design, participants were cued to make judgements 
for the top or bottom halves. 

Figure 2.1. The experimental designs of composite tasks and the design used in Axelrod and Rees (2014). Here 
is the example when the top halves are used as the target and only the aligned composite faces are displayed. 
(1) The complete design consists of all the four conditions. (2) The standard design includes the same 
incongruent and different congruent conditions, as shown in the two solid line squares. (3) The dashed line 
square describes the conditions used in Axelrod and Rees (2014), in which they adopted eyes, instead of top 
halves, as the target. 



 

19 

Rossion, 2015; Rossion & Retter, 2015), in which the “same congruent” (Figure 2.1) trial type is 

added to the standard design, reducing the response bias observed in the standard design (Rossion 

& Retter, 2015), the complete design without cues should take the similar effects. Second, in the 

complete design without cues, participants are only instructed to make identity judgments of one 

half, i.e., the top part, which should eliminate the potential attention confounds in the complete 

design (Rosenthal et al., 2018). Third, with this design, both the composite effect for the complete 

design and that for the standard design can be calculated5. In the complete composite face task used 

in this study (Figure 2.1), there are two independent variables: Congruency (congruent vs. 

incongruent) and Alignment (aligned vs. misaligned). Congruency refers to whether the 

relationship between the target parts of the study and test faces is consistent with that between the 

irrelevant parts. In the congruent condition, when the target parts of study and test faces are the 

same, the irrelevant parts are also the same, or when the target parts of study and test faces are 

different, the irrelevant parts are different as well. By contrast, in the incongruent condition, when 

the target parts of study and test faces are the same, the irrelevant parts are different, or vice versa. 

If people process (aligned) faces in a holistic manner, the irrelevant halves in congruent trials, 

which are consistent with the target halves, should facilitate the processing of target halves, while 

the irrelevant halves in incongruent trials, which are inconsistent with the target halves, should 

interfere with the processing of target halves. Furthermore, if only the aligned, but not misaligned, 

faces could be processed holistically, when the irrelevant halves are misaligned, there should be no 

effects of irrelevant halves on the target halves. Therefore, the interaction between the Congruency 

and Alignment in the complete design would be taken as the composite face effect.  

I presented the stimuli unconsciously with CFS that was created by using shutter glasses and a 3D 

monitor. For the shutter glasses, when one lens opened, the other lens closed, and this oscillated at 

high frequency. Synchronized to this oscillation, the monitor also switches stimuli displayed on the 

screen. Consequently, different stimuli were presented to different eyes with the shutter glasses. In 

the unconscious condition of our experiment, I displayed the continuous flashing stimuli to 

participants’ dominant eyes and the experimental stimuli (i.e., faces) to their non-dominant eyes. 

As a result, participants should perceive the experimental stimuli unconsciously.  

                                                 

 

5 Both the composite effect for the complete design (i.e., the interaction between Congruency and Alignment) and the 
composite effect for the standard design (i.e., the differences of accuracy for “same incongruent” trials between aligned 
and misaligned composites) are calculated in this study. If the composite effects for the standard design are different 
from those for the complete design, it would be noted in the footnotes.  



 

20 

With the complete composite face task and the CFS, Experiment 1 explored if unconscious faces 

could be processed holistically. More specifically, the composite face task was conducted both in 

the unconscious and conscious conditions. In the unconscious condition, composite faces were 

presented to the non-dominant eyes and the CFS, which covered the irrelevant (i.e., bottom) halves 

of both the study and test faces, was presented to the dominant eyes. Thus, participants should only 

perceive the target halves consciously and the irrelevant halves unconsciously. In the conscious 

condition, blank (i.e., gray) screen instead of the CFS was presented to the dominant eyes, and 

composite faces were still presented to the non-dominant eyes. Therefore, participants should 

perceive the whole composite faces consciously and monocularly.  

2.2. Experiment 1 

2.2.1. Methods 

2.2.1.1. Participants 
Twenty healthy adults (14 females, age range: 18-34 years old, Mage = 22.35) with normal or 

corrected-to-normal vision participated in this experiment in exchange for course credits or 

monetary compensation and gave written consent before completing the tasks. This study was 

approved by the University of Auckland Human Participants Ethics Committee (Reference Number 

016078).  

2.2.1.2. Stimuli 
Forty Caucasian face photos (20 females) from Ge et al. (2009) were used in this experiment. All 

the photos were converted to grey scale and cropped into an ellipse (200 × 256 pixels), which 

removed the color and contour information, such as from the hair and ears. The luminance of all 

the grey images was matched using the SHINE toolbox (Willenbockel et al., 2010) in Matlab. Each 

elliptical image was cut into two halves horizontally through the middle of the face, which was 

around the tip of the nose; an example with stimuli not used in the experiment is shown in Figure 

2.2.a. Aligned composite faces were created by combining the top half of one identity and the 

bottom half of another identity. A 3-pixel-width white line was also utilized between the two 

halves to facilitate participants knowing clearly which parts of the faces were top and bottom 

halves (Rossion & Retter, 2015). Therefore, the size of the aligned composite faces were 200 × 259 

pixels (5.68° × 7.36°). Misaligned composite faces were created by offsetting the bottom half of the 

composite 100 pixels to the right, resulting in the size of misaligned faces being 300 × 259 pixels 

(8.52° × 7.36°). Twenty images of each gender were divided into five sets (four images in each 
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set). Only the top and bottom halves of different identities from the same set were used to create 

the composite face images. 

One hundred grey scale Mondrian masks were created by using a Matlab script which was 

modified from Stein, Hebart, & Sterzer (2011). Every Mondrian mask was made of varied sizes, 

numbers and grey-scale colors of shapes, including squares, circulars, and diamonds, randomly 

being located on a 500 × 500 pixels (14.2° × 14.2°) canvas. Examples of Mondrian masks are 

shown as Figure 2.2.b.  

2.2.1.3. Apparatus  
This experiment was administrated using Matlab (Version 9.2, MathWorks, Natick, MA) with 

Psychtoolbox (Brainard, 1997). Stimuli were displayed on an ASUS VG278H monitor in 1920 × 

1080 resolution with a refresh rate of 120 Hz. Shutter glasses were utilized to present different 

images to participants’ different eyes. Throughout the whole experiment, participants were seated 

on a comfortable chair with their chin on a chin rest, giving responses via the keyboard. They 

viewed the screen at a distance of about 60 cm in a darkened room.  

2.2.1.4. Procedure 
After filling out the questionnaire about their demographic information, participants had their 

dominant eyes identified in the Miles test (Miles, 1930). Every participant had two tasks to 

Figure 2.2. Example stimuli in Experiment 1. (a) Examples of the aligned and misaligned composite faces. They 
were not used in the main experiments. (b) Examples of Mondrian stimuli used in the experiment. 
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complete, a continuous flash suppression (CFS) composite face task and a monocular composite 

face task. Half of the participants completed the CFS task first, and the other half completed the 

monocular task first. 

In the composite face task with CFS (Figure 2.3.a), each trial began with a fixation for 300ms, 

followed by a blank screen for another 200ms. Next, a study composite face was displayed to 

participants’ non-dominant eyes while dynamic Mondrian masks that changed every 100ms (10Hz) 

and covered the bottom half of the face were displayed to their dominant eyes. After that, similar 

Mondrian masks continued to be presented on the screen but for both dominant and non-dominant 

eyes for 200ms. Finally, a test composite face was displayed to participants’ non-dominant eyes, 

and the dynamic Mondrian masks stayed on the screen for their dominant eyes. The duration for 

study and test faces was 300ms. Following the test face, a response screen appeared and then 

disappeared as soon as one of the response keys was pressed. The interval between trials was 

500ms.  

Figure 2.3. Procedures of composite tasks in Experiment 1. (a) The procedure used in the CFS condition. The 
bottom halves of both study and test faces were covered by Mondrian masking. (b) The procedure used in the 
monocular condition. Composite faces were only presented to participants' non-dominant eyes.  
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Each trial in the monocular condition of the composite face task (Figure 2.3.b) was similar to that 

in the task with CFS. The differences were that for the study and test faces in the monocular 

viewing condition, only the white line, but not the Mondrian masks, was displayed to participants’ 

dominant eyes.  

A 2 (Viewing condition: CFS vs. monocular; by block) × 2 (Congruency: congruent vs. 

incongruent) × 2 (Alignment: aligned vs. misaligned) × 2 (Identity: same vs. different) within-

subject design was utilized in this study. There were 40 trials in each condition and, therefore, 640 

trials in total.  

2.2.1.5. Data analysis 
The raw data were tidied up with the tidyverse library (Wickham, 2017) in R 3.5.2 (R Core Team, 

2018) and R Studio 1.1.463 (RStudio Team, 2019). Statistical analyses were conducted in jamovi 

0.9.5 (The jamovi project, 2019), in which the afex package (Singmann, Bolker, Westfall, & Aust, 

2019) and emmeans package (Lenth, 2019) were used. The R codes used are available online: 

https://osf.io/pjq7z/. 

2.2.2. Results 

2.2.2.1. Sensitivity d’ for composite tasks  
To obtain the sensitivity d’ in each condition (Green & Swets, 1966; Macmillan & Creelman, 

2004a), I regarded “same” trials as signals and “different” trials as noise. Hit rates were calculated 

by the number of correct (i.e., “same”) responses for the “same” trials dividing the total number of 

“same” trials in that condition. Similarly, false alarm (FA) rates were calculated by the number of 

incorrect (i.e., “same”) responses for the “different” trials dividing the total number of “different” 

trials in that condition. In addition, hit rate being 1 and the false alarm being 0 were corrected with 

the following formula (Macmillan & Creelman, 2004b):  

𝐻𝐻𝐻𝐻𝐻𝐻𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 1 −  
1

2 ∙ 𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐
            𝐹𝐹𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =

1

2 ∙  𝑁𝑁𝑐𝑐𝑑𝑑𝑑𝑑𝑑𝑑𝑐𝑐𝑐𝑐𝑐𝑐𝑑𝑑𝑐𝑐
 

Nsame refers to the total number of “same” trials in that condition, and Ndifferent refers to the total 

number of “different” trials in that condition. After the Z values of hit and FA rates were obtained 

respectively, sensitivity d’ was calculated as Zhit subtracting ZFA.  

A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the sensitivity 

d’ (Figure 2.4). The main effect of Congruency was statistically significant, F(1, 19) = 8.11, MSE = 

https://osf.io/pjq7z/
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.24, p <.05, partial η2 =.30, as the sensitivity for congruent trials (M = 2.63, 95% confidence 

interval (CI): 2.36, 2.91) was better than that for incongruent trials (M = 2.41, 95% CI [2.14, 2.69]). 

The interaction between Viewing condition and Congruency was also significant, F(1,19) = 11.12, 

MSE = .12, p <.01, partial η2 = .37. There was also a significant three-way interaction between 

Viewing condition, Congruency and Alignment, F(1, 19) = 5.33, MSE = .10, p <.05, partial η2 = 

.22. Moreover, no significant results were found for the main effect of Alignment, F(1,19) = 1.28, 

MSE = .18, p = .27, partial η2 = .06, and the interaction between Congruency and Alignment, 

F(1,19) = 2.16, MSE = .17, p = .16, partial η2 = .10. None of the other main or interactions were 

significant (F < .24).  

In order to explain the significant three-way interaction and examine the holistic face processing 

indexed by the composite face effect for different viewing conditions6, separate 2 (Congruency: 

congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-measures ANOVAs 

were conducted on the sensitivity d’ for each task. No significant effects were found for the 

                                                 

 

6 The 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-measures ANOVAs 
were performed for both the CFS and monocular conditions in all analyses regardless of the significance of the three-
way interactions. This is owing to that the interaction between Congruency and Alignment is the index of the 
composite face effect and whether they are significant or not in the two conditions is one of the main interests in this 
study. 

Figure 2.4. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for Experiment 1. Error bars represent 95% confidence intervals. Asterisks indicate significant 
interaction between Congruency and Alignment (***, p < .001).  
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composite face task with the CFS (F < .17). For the monocular version of the task, there was a 

significant main effect of Congruency, F(1, 19) = 19.13, MSE = .17, p < .001, partial η2 = .50, 

which was modulated by the significant interaction with Alignment, F(1, 19) = 5.69, MSE = .16, p 

< .05, partial η2 = .23. The main effect of Alignment, F(1, 19) = 2.64, MSE = .08, p = .12, partial η2 

= .12, did not reach significance. Simple effects analyses7 showed better performance for 

congruent trials (M = 2.78, 95% CI [2.46, 3.10]) compared to incongruent trials (M = 2.17, 95% CI 

[1.85, 2.49]) in the aligned condition (p < .001) and no significant differences in the misaligned 

conditions (congruent: M = 2.68, 95% CI [2.35, 3.00]; incongruent: M = 2.48, 95% CI [2.16, 2.81]; 

p > .27). These results suggest that the composite face effect was found in the monocular, but not 

the CFS viewing condition.  

2.2.2.2. Correct Response Times for composite tasks 
Response times (RT) were recorded from the onset of the test composite face to the time point that 

the response key was pressed. However, responses were not allowed during the first 300ms (the 

duration of the test composite face). Only response times longer than 200ms and within three 

standard deviations of each condition were included in the following analysis. 

A similar 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) 

× 2 (Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the correct 

response times (Figure 2.5). Only the interaction between Viewing condition and Congruency, F(1, 

19) = 4.39, MSE = 322, p < .05, partial η2 =.18, and the interaction between Congruency and 

Alignment, F(1, 19) = 5.00, MSE = 499, p < .05, partial η2 =.21, were significant. None of the main 

effects were significant; the main effect of Viewing condition, F(1,19) = 2.67, MSE = 7944, p = 

.12, partial η2 = .12, the main effect of Congruency, F(1,19) = 2.68, MSE = 165, p = .12, partial η2 

= .12, and the main effect of Alignment, F(1,19) = 1.28, MSE = 546, p = .27, partial η2 = .06. The 

interaction between Viewing condition and Alignment, and its interaction with Congruency did not 

reach significance (F < .20). 

As for the sensitivity d’, I computed separate 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVAs on the correct response times for 

each task. For the composite face task with the CFS, only the interaction was significant, F(1, 19) = 

5.00, MSE = 285, p < .05, partial η2 =.21. The significant interaction seems to suggest that faces in 

                                                 

 

7 For all the simple effect analyses of the interaction between Congruency and Alignment, Bonferroni correction for 
two tests was applied (the reported p values were the double of the uncorrected p values), as only the differences 
between congruent and incongruent trials would be tested for the aligned and misaligned conditions separately. 
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the CFS condition were processed holistically. However, the simple effects analyses showed that 

the differences between congruent (M = 542, 95% CI [483, 601]) and incongruent trials (M = 548, 

95% CI [489, 607]) in the aligned condition were not significant (p > .51) while the response times 

for congruent trials (M = 549, 95% CI [490, 608]) were marginally longer than that for incongruent 

trials (M = 538, 95% CI [479, 596]) in the misaligned condition (p = .073). Notably, the pattern of 

this significant interaction did not match that for the composite face effect. Thus, it was safe to 

argue that no composite face effects were found for the correct response times in the CFS 

condition. Moreover, the two main effects did not reach significance (F < .59). For the monocular 

version of the composite task, only the main effect of Congruency was found to be significant, F(1, 

19) = 6.80, MSE = 253, p < .05, partial η2 =.26, showing shorter response times for congruent (M = 

563, 95% CI [507, 618]) than incongruent (M = 572, 95% CI [516, 627]) trials. The main effect of 

Alignment (F < .81) and the interaction, F(1, 19) = 1.64, MSE = 646, p > .21, partial η2 =.08, did 

not reach significance. 

2.2.3. Discussion 

In summary, the composite face effect was only found for the sensitivity d’ in the monocular 

condition, but not in the CFS condition. These results suggest that presenting bottom halves of 

faces in the conscious condition interfered with the processing of top halves, whereas presenting 

the bottom halves unconsciously did not. 

Figure 2.5. Correct response times (ms) as a function of Congruency and Alignment in the CFS and monocular 
viewing conditions for Experiment 1. Error bars represent 95% confidence intervals. Asterisks indicate 
significant interaction between Congruency and Alignment (*, p < .05). 
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There are two possible reasons for the failure of observing the composite face effect, i.e., a 

significant interaction between Congruency and Alignment, in the CFS version of the composite 

face task. One possibility is that the identity information of the bottom halves of faces in the 

unconscious condition could not be processed by the brain and therefore, no influence of bottom 

halves was found. The other is that the identity information in the unconscious condition could be 

processed by the brain but could not interfere with the responses for matching the top halves. This 

question will be further explored in Experiment 2.   

Similar composite tasks of Experiment 1 were used in Experiment 2. Additionally, catch trials were 

embedded with the composite task trials to scrutinize whether participants were able to identify the 

bottom halves of faces when they were performing composite tasks about top halves. Furthermore, 

catch trials were also tested separately to make sure they were capable of making identity 

judgments about the bottom halves.   

2.3. Experiment 2 

2.3.1. Methods 

2.3.1.1. Participants 
Another thirty-four healthy participants were recruited for Experiment 2; four of them were 

excluded due to different reasons. For one of them, the response times of more than 30% trials in 

the monocular condition were shorter than 200ms. For the other three participants, their sensitivity 

d’ was negative in at least one of the conditions.  

The remaining thirty participants (21 females, age range: 18-34 years old, Mage = 22.90) had 

normal or corrected-to-normal vision, participated in this experiment in exchange for course credits 

or monetary compensation and gave written consent prior to completing the tasks. This study was 

approved by the University of Auckland Human Participants Ethics Committee (Reference Number 

016078).  

2.3.1.2. Stimuli 
The stimuli (both composite faces and Mondrian masks) for the composite tasks were the same as 

those in Experiment 1. Stimuli used in the catch trials were randomly chosen from the composite 

face stimuli for every participant.  

2.3.1.3. Apparatus and data analysis 
The apparatus and the software used for data analysis in this experiment were the same as those in 

Experiment 1.  
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2.3.1.4. Procedure 
Similar to Experiment 1, after filling out the questionnaire about their demographic information, 

participants had their dominant eyes identified in the Miles test (Miles, 1930). Every participant 

had three tasks to complete; a CFS composite face task with catch trials, a monocular composite 

face task with catch trials and a catch-only task. Half of the participants completed the CFS task 

first, and the other half completed the monocular task first. All of them completed the catch-only 

task after the other two tasks.  

The procedures of the CFS and monocular composite face tasks were similar to those in 

Experiment 1. One difference was that, in the current experiment, participants were allowed to 

respond within the first 300ms during which the test faces were presented. The other difference 

was that this experiment included catch trials in the composite face tasks.  

For the catch trials embedded in the CFS and monocular tasks (Figure 2.6), the fixation, blank 

screen, study composite faces, and the Mondrian masks were all the same as those in the composite 

Figure 2.6. Procedures of catch trials in Experiment 2. The fixations, blanks, study faces and masks in catch 
trials were the same as those in the composite trials. Instead of showing the test composite faces, response 
screens were displayed in the catch trials.  
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face task trials. After presenting these frames, instead of presenting the test composite face, a 

response screen with the target bottom half along with a foil bottom half appeared and participants 

were asked to choose which of them they saw for the study face. The response screen disappeared 

as soon as one of the response keys were pressed. It should be noted that participants were 

informed of these catch trials before they started the tasks and it was also emphasized that they 

were asked to concentrate on the top halves during the whole experiment even though the task for 

the catch trials was to judge the bottom halves. In addition, only 6.25% of trials were catch trials, 

so participants were unlikely to bother focusing on the bottom halves. The catch trials were 

randomly intermixed with the non-catch trials in the composite tasks.  

In the catch-only task, all catch trials were completed in succession, in the absence of composite 

task trials. Similar to the monocular condition, all the stimuli were only presented to participants’ 

non-dominant eyes. By instructing participants to concentrate on the bottom halves of the 

composite faces, this block allowed us to measure the baseline perceptual difficulty of making the 

catch trial judgments. 

The catch trial stimuli came from the composite face tasks. Specifically, one aligned, its 

corresponding misaligned, and one foil bottom half were randomly selected from each of 10 

stimulus sets (see Stimuli in Experiment 1) for each composite task. Therefore, there were ten 

aligned and ten misaligned composite faces, and 20 trials in total for the catch trials embedding in 

the CFS and monocular tasks separately. The proportion of catch trials in the composite face task 

was 6.25%. 

Since the catch trial stimuli were randomly selected for each composite task, the catch trial stimuli 

in the CFS and monocular tasks were not necessarily the same. In order to gain a better 

measurement of the baseline, the catch-only task included all the catch trials used in the CFS and 

monocular tasks. Therefore, there were 40 catch trials in the catch-only task. 

2.3.2. Results 

2.3.2.1. Sensitivity d’ for composite tasks 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2  

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the sensitivity 

d’ (Figure 2.7). A significant main effect of Congruency was found, F(1, 29) = 16.97, MSE = .23, p 

< .001, partial η2 =.37, showing better performance for congruent trials (M = 2.69, 95% CI [2.44 

2.94]) compared with incongruent trials (M = 2.44, 95% CI [2.19 2.68]). Significant results were 

also found for the interaction between Viewing condition and Congruency, F(1, 29) = 4.34, MSE = 
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.13, p < .05, partial η2 =.13, and the interaction between Congruency and Alignment, F(1, 29) = 

8.68, MSE = .15, p < .01, partial η2 =.23. The critical three-way interaction between Viewing 

condition, Congruency and Alignment reached significance, F(1, 29) = 11.17, MSE = .10, p < .01, 

partial η2 =.28. In addition, the main effect of Viewing condition, F < .03, the main effect of 

Alignment, F(1, 29) = 1.35, MSE = .18, p > .25, partial η2 =.04, and their interaction, F(1, 29) = 

1.13, MSE = .20, p > .29, partial η2 =.04, were not significant.  

In order to explain the significant three-way interaction and examine holistic face processing 

indexed by the composite face effect for different tasks, two separate 2 (Congruency: congruent vs. 

incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-measures ANOVAs were conducted 

on the sensitivity d’ of the two different viewing conditions. Results for the CFS task showed only 

the main effect of Congruency, F(1, 29) = 4.88, MSE = .15, p < .05, partial η2 =.14, was significant, 

in which the performance for congruent trials (M = 2.63, 95% CI [2.39 2.88]) was better than the 

incongruent trials (M = 2.48, 95% CI [2.23 2.73]). The main effect of Alignment, F(1, 29) =2.37, 

MSE = .20, p > .13, partial η2 =.08, and the interaction (F < .05) were not significant. These results 

suggest that no composite face effect was found for sensitivity in the CFS composite task. 

Similarly, the results of the monocular task showed the significant main effect of Congruency, F(1, 

29) = 17.64, MSE = .21, p < .001, partial η2 =.38, and non-significant main effect of Alignment, F 

< .01. However, the interaction between Congruency and Alignment was significant, F(1, 29) = 

16.28, MSE = .15, p < .001, partial η2 =.36. Simple effects analyses showed better performance for 

Figure 2.7. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for composite tasks in Experiment 2. Error bars represent 95% confidence intervals. Asterisks 
indicate significant interaction between Congruency and Alignment (***, p < .001).  
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congruent composites (M = 2.89, 95% CI [2.59 3.18]) compared with incongruent composites in 

the aligned condition (M = 2.25, 95% CI [1.95 2.55], p < .001) and, yet, no significant differences 

in the misaligned conditions (congruent: M = 2.61, 95% CI [2.31 2.90]; incongruent: M = 2.54, 

95% CI [2.24 2.83], p > .99), suggesting that the composite face effect was observed for the 

sensitivity d’ in the monocular condition.  

2.3.2.2. Correct response times for composite tasks 
Response times were recorded from the onset of the test composite face to the time point when one 

of the response keys was pressed. Different from Experiment 1, in this experiment, participants 

could respond at any time after the onset of test faces. Only response times longer than 200ms and 

within three standard deviations were included in the following analysis. 

A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the correct 

response times (Figure 2.8). Significant results were found for the main effect of Congruency, F(1, 

29) = 9.60, MSE = 1969, p < .01, partial η2 =.25, the main effect of Alignment, F(1, 29) = 7.76, 

MSE = 1253, p < .01, partial η2 =.21, and the interaction between them, F(1, 29) = 8.79, MSE = 

833, p < .01, partial η2 =.23. The responses for congruent trials (M = 710, 95% CI [667 754]) were 

faster than those for incongruent trials (M = 728, 95% CI [684 772]) and the responses for 

misaligned trials (M = 713, 95% CI [669 757]) were faster than those for aligned trials (M = 726, 

95% CI [682 769]). The interaction between Viewing condition and Congruency was marginally 

Figure 2.8. Correct response times (ms) as a function of Congruency and Alignment in the CFS and monocular 
viewing conditions for Experiment 2. Error bars represent 95% confidence intervals.  
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significant, F(1, 29) = 4.07, MSE = 1284, p = .053, partial η2 =.12. The main effect of Viewing 

condition, its interaction with Alignment, and the three-way interaction did not reach significance 

(F < .28).  

As for sensitivity, I computed separate 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: 

aligned vs. misaligned) repeated-measures ANOVA on the correct response times for the two 

composite face tasks. For the CFS composite task, none of the effects reached significance: the 

main effect of Congruency, F(1, 29) = 1.37, MSE = 1552, p = .25, partial η2 =.05; the main effect 

of Alignment, F(1, 29) = 2.22, MSE = 1374, p = .15, partial η2 =.07; and the interaction8, F(1, 29) 

= 2.09, MSE = 926, p = .16, partial η2 =.07. These results suggested that no composite face effect 

was observed for the correct response times in the CFS composite task. For the monocular 

composite task, the main effect of Congruency, F(1, 29) = 12.93, MSE = 1700, p < .01, partial η2 

=.31, and the main effect of Alignment, F(1, 29) = 4.82, MSE = 1469, p < .05, partial η2 =.14, were 

significant. The critical interaction9 between them was marginally significant, F(1, 29) = 3.12, 

MSE = 1895, p = .088, partial η2 =.10. Simple effects analyses showed shorter correct response 

times for congruent trials (M = 711, 95% CI [659 763]) than incongruent trials in the aligned 

condition (M =752, 95% CI [701 804], p < .001) and no differences in the misaligned condition 

(congruent: M = 710, 95% CI [658 761]; incongruent: M = 723, 95% CI [671 774], p > .47), 

indicating the composite face effect was found for the correct response times in the monocular 

composite face task.  

2.3.2.3. Accuracy for catch trials 
A 3 (Viewing condition: CFS, monocular, catch-only) × 2 (Alignment: aligned vs. misaligned) 

repeated-measures ANOVA was conducted on the accuracy of catch trials (Figure 2.9). The main 

effect of Viewing condition was significant, F(2, 58) = 82.09, MSE = .03, p < .001, partial η2 =.74. 

Post-hoc comparisons10 showed the accuracy for the catch trails in the catch-only task (M = .84, 

95% CI [.79 .88]) was higher than that in the CFS (M = .50, 95% CI [.45 .54], p < .001) and 

monocular (M = .50, 95% CI [.45 .54], p < .001) conditions and there were no significant 

differences between the CFS and monocular conditions (p > .99). The main effect of Alignment, 

                                                 

 

8 In the standard design analyses, response times of aligned trials were longer than those of misaligned trials in the CFS 
condition (t(57.92) = 2.39, p < .05), showing the composite effect in the CFS condition.  
9 In the standard design analyses, response times of aligned trials were longer than those of misaligned trials in the 
monocular condition (t(57.92) = 4.59, p < .001), displaying the composite effect in the monocular condition. 
10 For all the post-hoc comparisons, the results were adjusted with Bonferroni correction. Because there were three tests 
among the three levels, the reported p values were three times of the uncorrected p values. 
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F(1, 29) = 13.51, MSE = .02, p < .01, partial η2 =.32, was also significant with better performance 

for aligned condition (M = .64, 95% CI [.61 .68]) compared with misaligned condition (M = .57, 

95% CI [.54 .60]). The interaction was not significant (F < .48). 

One-sample t tests were conducted on accuracy in each condition to explore whether participants 

could recognize the bottom halves of the study faces. Since there was no reason to expect the 

accuracy being lower than the chance level (0.5), I utilized one-tailed, instead of two-tail, one 

sample t-tests to scrutinize if the accuracy was higher than the chance level. The accuracies in the 

CFS and monocular conditions were not higher than the chance level (CFS aligned: t(29) = 0.94, p 

= .17, Cohen’s d = .17; CFS misaligned: t(29) = -1.21, p = .88, Cohen’s d = -.22; monocular 

aligned: t(29) = 1.24, p = .11, Cohen’s d = .23; monocular misaligned: t(29) = -2.11, p = .98, 

Cohen’s d = -.39). The accuracies in the catch-only conditions were both significantly higher than 

the chance level (aligned: t(29) = 21.15, p < .001, Cohen’s d = 3.86; misaligned: t(29) = 14.14, p < 

.001, Cohen’s d = 2.58). These results suggest that only the bottom halves of study faces in the 

catch-only task could be recognized.                                                                                               

2.3.2.4. Correct response times for catch trials 
A 3 (Viewing condition: CFS, monocular, catch-only) × 2 (alignment: aligned vs. misaligned) 

repeated-measures ANOVA was conducted on the correct response times (Figure 2.10). Only the 

main effect of Viewing condition was significant, F(2, 58) = 59.30, MSE = 563413, p < .001, 

Figure 2.9. Accuracy as a function of Viewing condition and Alignment for catch trials in Experiment 2. Error 
bars represent 95% confidence intervals. Asterisks indicate that the performance was significantly better than 
the chance level (0.5) (***, p < .001). 
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partial η2 = .67. Post-hoc comparisons showed that correct response times in the catch-only task (M 

= 1176, 95% CI [914 1439]) were shorter than those for catch trials in the CFS (M = 2479, CI 

[2217 2742], p < .001) and monocular tasks (M = 2458, CI [2195 2721], p < .001) and no 

differences between response times for catch trials in the CFS and monocular task were found (p > 

.99). The main effect of Alignment (F < .14) and its interaction with Viewing condition, F(2, 58) = 

1.63, MSE = 80183, p = .20, partial η2 = .05, were not significant. 

2.3.3. Discussion 

In this experiment, the composite face effect was found both for the sensitivity d’ and correct 

response times in the monocular condition. However, still, no composite face effect was observed 

in the CFS condition. These results suggest that presenting the bottom halves of faces 

unconsciously would not impact the responses of top halves, but the behavioral performance for 

top halves would be affected if the aligned bottom halves were presented consciously, which are 

consistent with Experiment 1.  

In addition, the performance of catch trials in the CFS conditions was not significantly better than 

the chance level, which suggests that the identity information of the bottom halves could not be 

processed when they were presented unconsciously. Surprisingly, the accuracies in the monocular 

conditions were not significantly higher than the chance level, either. This unexpected result 

indicates that the bottom halves of study faces cannot be identified even in the conscious condition. 

Figure 2.10. Correct response times as a function of Viewing condition and Alignment for catch trials in 
Experiment 2. Error bars represent 95% confidence intervals.  
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Nevertheless, at the same time, the bottom half information did influence the processing of the top 

halves, as shown in the composite face effect in the monocular condition. Furthermore, in the 

catch-only condition where the participants were asked to focus on the bottom halves, the 

performance was significantly much better than the chance level, suggesting that participants were 

able to make judgments about identity information of the bottom halves.  

In the first two experiments, bottom halves of both study and test faces were covered by Mondrian 

masks in the CFS condition, which potentially increases the difficulty of detecting the composite 

face effect if there is any. This is because the composite face effect in the unconscious condition 

would possibly be found only when the bottom halves of both study and test faces were processed 

unconsciously at the same time. In order to improve the power of detecting the composite face 

effect in the unconscious condition, only the bottom of the test, but not the study, faces will be 

covered by Mondrian masks in the following experiments. With this setting, the composite face 

effect in the unconscious condition will be observed as long as the test faces, not both study and 

test faces, are processed unconsciously.  

2.4. Experiment 3 

2.4.1. Methods 

2.4.1.1. Participants 
Twenty-two healthy participants were recruited for Experiment 3. One of them was excluded 

because the response times of more than 30% trials in the monocular condition were shorter than 

200ms. Another one was excluded due to his/her sensitivity d’ was negative for all the monocular 

conditions.  

The remaining twenty participants (10 females, age range: 19-31 years old, Mage = 23.80) had 

normal or corrected-to-normal vision, participated in this experiment in exchange for course credits 

or monetary compensation, and gave written consent prior to completing the tasks. This study was 

approved by the University of Auckland Human Participants Ethics Committee (Reference Number 

016078).  

2.4.1.2. Stimuli, apparatus, and data analysis 
The stimuli, apparatus, and the software used to analyze data were the same as those in Experiment 

1.   
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2.4.1.3. Procedure 
After filling out the questionnaire about their demographic information, participants had their 

dominant eyes identified in the Miles test (Miles, 1930). Similar to Experiment 1, every participant 

had two tasks to complete; a CFS composite face task and a monocular composite face task. Half 

of the participants completed the CFS task first, and the other half completed the monocular task 

first.  

The procedures of the composite face tasks were similar to those in Experiment 1. One of the 

differences was that in this experiment, only the test, but not the study, faces were covered by the 

Mondrian masks in the CFS condition (Figure 2.11). The other difference was that responses were 

allowed after the onset of the test composite faces, which was the same as Experiment 2.  

Figure 2.11. Procedures of composite tasks in Experiment 3. (a) The procedure used in the CFS condition. 
Only the bottom halves of test faces were covered by Mondrian masking. (b) The procedure used in the 
monocular condition, which was the same as the first two experiments. 
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2.4.2. Results 

2.4.2.1. Sensitivity d’ for composite tasks 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) ×  2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the sensitivity 

d’ (Figure 2.12). The main effect of Congruency was significant, F(1, 19) = 39.25, MSE = .12, p < 

.001, partial η2 =.67, with better performance for congruent trials (M = 2.59, 95% CI [2.32 2.87]) 

comparing to incongruent trials (M = 2.25, 95% CI [1.97 2.52]). The main effect of Alignment also 

reached significance, F(1, 19) = 5.10, MSE = .11, p < .05, partial η2 = .21, showing better 

performance with misaligned trials (M = 2.48, 95% CI [2.21 2.75]) than aligned trials (M = 2.36, 

95% CI [2.09 2.63]). Moreover, the interaction between Viewing condition and Congruency was 

significant, F(1, 19) = 6.50, MSE = .11, p < .05, partial η2 = .26, and the interaction between 

Congruency and Alignment was marginally significant, F(1, 19) = 4.03, MSE = .32, p = .059, 

partial η2 = .18. The main effect of Viewing condition (F < .10), the interaction between Viewing 

condition and Alignment (F < .07), and the three-way interaction, F(1, 19) = 2.12, MSE = .14, p = 

.16, partial η2 = .10, were not significant.  

Two separate 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) 

repeated-measures ANOVAs were conducted on the sensitivity d’ of the two composite face tasks. 

Results of the CFS task showed only the main effect of Congruency was significant, F(1, 19) = 

Figure 2.12. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for composite tasks in Experiment 3. Error bars represent 95% confidence intervals. Asterisks 
indicate significant interaction between Congruency and Alignment (***, p < .001). 
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9.62, MSE = .09, p < .01, partial η2 = .34, in which the performance of congruent trials  (M = 2.54, 

95% CI [2.22 2.86]) were better than incongruent trials (M = 2.33, 95% CI [2.01 2.65]). No 

significant results were found for the main effect of Alignment, F(1, 19) = 3.05, MSE = .11, p > 

.09, partial η2 = .14, and the interaction between Congruency and Alignment,  F(1, 19) = 1.01, MSE 

= .17, p > .32, partial η2 = .05. The non-significant interaction did not provide evidence that 

composite face effects were found for the sensitivity in the CFS condition, even though only the 

test faces were covered. Results of the monocular task found significant results for the main effect 

of Congruency, F(1, 19) = 33.73, MSE = .13, p < .001, partial η2 = .64, and non-significant results 

for the main effect of Alignment, F(1, 19) = 2.26, MSE = .10, p > .14, partial η2 = .11. Critically, 

the interaction between Congruency and Alignment reached significance, F(1, 19) = 4.83, MSE = 

.29, p < .05, partial η2 = .20. Simple effects analyses showed the performance of congruent trials 

(M = 2.72, 95% CI [2.42 3.03]) were better than incongruent trials in the aligned condition (M = 

1.98, 95% CI [1.68 2.29], p < .001) and no differences were found in the misaligned conditions 

(congruent: M = 2.56, 95% CI [2.26 2.87]; incongruent: M = 2.35, 95% CI [2.05 2.66], p > .32). 

The significant interaction indicates the composite face effect for the sensitivity d’ in the 

monocular condition.  

2.4.2.2. Correct response times for composite tasks 
Same as Experiment 2, response times were recorded from the onset of the test composite face to 

the time point when one of the response keys was pressed. Only the response times longer than 

200ms and within three standard deviations were included in the following analysis. 

A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the correct 

response times (Figure 2.13). The main effect of Congruency was significant, F(1, 19) = 7.76, MSE 

= 1749, p < .05, partial η2 = .29, as the response times for congruent trials (M = 687, 95% CI [622 

752]) were shorter than incongruent trials (M = 706, 95% CI [641 771]). Its interaction with 

Alignment was also found significant, F(1, 19) = 12.79, MSE = 527, p < .01, partial η2 = .40. A 

marginally significant result was found for the main effect of Alignment, F(1, 19) = 3.72, MSE = 

904, p = .069, partial η2 = .16. Furthermore, the main effect of Viewing condition, F(1, 19) = 1.25, 

MSE = 29205, p > .27, partial η2 = .06, its interaction with Congruency (F < .82), and the three-

way interaction did not reach significance (F < .88). 

Separate 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) 

repeated-measures ANOVA were computed on the correct response times for the two composite 

face tasks. For the CFS composite task, the main effect of Alignment was significant, F(1, 19) = 

4.73, MSE = 460, p < .05, partial η2 = .20, with shorter response times in the misaligned condition 
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(M = 706, 95% CI [628 785]) comparing to the aligned condition (M = 717, 95% CI [638 796]). 

The main effect of Congruency was marginally significant, F(1, 19) = 4.06, MSE = 1101, p = .058, 

partial η2 = .18, with shorter response times in the congruent condition (M = 704, 95% CI [625 

783]) than those in the incongruent condition (M = 719, 95% CI [640 798]). The critical interaction 

between Congruency and Alignment also reached marginal significance11, F(1, 19) = 4.16, MSE = 

1813, p = .056, partial η2 = .18. Simple effects analyses showed whereas the response times of 

congruent trials (M = 700, 95% CI [620 779]) were shorter than those of incongruent trials (M = 

734, 95% CI [654 813]) in the aligned condition (p < .05), no significant results were found for the 

misaligned condition (congruent: M = 709, 95% CI [629 788]; incongruent: (M = 704, 95% CI [625 

784], p > .99). These results suggest that the composite face effect was found for the response 

times in the CFS condition. For the monocular composite task, only the main effect of Congruency 

was significant, F(1, 19) = 7.72, MSE = 1240, p < .05, partial η2 = .29, as the responses of the 

congruent condition (M = 670, 95% CI [608 732]) were faster than those of the incongruent 

condition(M = 692, 95% CI [630 754]). Non-significant results were found for both the main effect 

of Alignment (F < .91) and its interaction with Congruency, F(1, 19) = 1.41, MSE = 609, p = .25, 

                                                 

 

11 In the standard design analyses, response times of aligned trials were longer than those of misaligned trials in the 
CFS condition (t(37.99) = 2.87, p < .05), showing the composite effect in the CFS condition.  

Figure 2.13. Correct response times (ms) as a function of Congruency and Alignment in the CFS and monocular 
viewing conditions for Experiment 3. Error bars represent 95% confidence intervals. Plus signs indicate 
marginal significant interaction between Congruency and Alignment (+, p = .056). 
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partial η2 = .07, failing to support that composite face effects were found for correct response times 

in the monocular condition. 

2.4.3. Discussion 

Consistent with the previous two experiments, the composite face effect was found for sensitivity 

only in the monocular condition. Different from the first two experiments, the composite face 

effect was observed for correct response times in the CFS condition. In other words, when only the 

bottom halves of test faces were covered with CFS, the composite face effect was found for the 

speed of correct responses, suggesting that presenting the bottom halves of faces unconsciously can 

interact the processing of the top halves.  

However, it is worth noting that the interaction between Congruency and Alignment for the correct 

response times in the CFS condition were marginally significant. It was necessary to conduct 

another experiment to ascertain whether the composite face effect in the CFS condition was 

reliable. 

Thus, the composite task used in Experiment 3 was conducted again with a new group of 

participants. In addition, similar to Experiment 2 which integrated catch trials to explore whether 

the bottom halves of study faces could be processed consciously and unconsciously, catch trials 

were also embedded in composite tasks for the next experiment to scrutinize whether the bottom 

halves of the test face could be identified in the conscious and unconscious conditions.  

2.5. Experiment 4 

2.5.1. Methods 

2.5.1.1. Participants 
Thirty-one healthy participants were recruited for Experiment 4; one of them was excluded due to 

that the sensitivity d’ was negative in at least one of the conditions. None had participated in the 

previous experiments reported here. 

The remaining thirty participants (21 females, age range: 18-34 years old, Mage = 22.23) had 

normal or corrected-to-normal vision, took part in this experiment in exchange for course credits or 

monetary compensation, and gave written consent before completing the tasks. This study was 

approved by the University of Auckland Human Participants Ethics Committee (Reference Number 

016078).  
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2.5.1.2. Stimuli, apparatus, and data analysis 
The stimuli, apparatus, and software used were the same as those in Experiment 2. 

2.5.1.3. Procedure 
After filling out the questionnaire about their demographic information, participants had their 

dominant eyes identified in the Miles test (Miles, 1930). Similar to Experiment 2, every participant 

had three tasks to complete; a CFS composite face task with catch trials, a monocular composite 

face task with catch trials and a catch-only task. Half of the participants completed the CFS task 

first, and the other half completed the monocular task first. All of them completed the catch-only 

task after the other two tasks.  

The procedures of the CFS and monocular composite face tasks were similar to those in 

Experiment 3. The only difference was that catch trials were interleaved with composite trials in 

this experiment.  

Figure 2.14. Procedures of catch trials in Experiment 4. The fixations, blanks, study faces, maskings and test 
composite faces in catch trials were the same as those in the composite trials. Instead of showing the response 
screen for the composite task, response screens for catch trials were displayed. The response keys for 
composite tasks and catch trials were different.   
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The designs (Figure 2.14) of the catch trials were similar to those in Experiment 2. One of the 

differences was that in Experiment 2, the catch trial examined if the bottom halves of study 

composite faces could be identified, while in this experiment, the catch trial inspected if the bottom 

halves of test composite faces were identifiable. Another difference was that in this experiment, the 

response keys used for catch trials were different from those for composite tasks, as using same 

response keys for both tasks might create confusion regarding the responses for composite tasks 

with those of catch trials. 

Like Experiment 2, catch trials were also tested separately without composite trials in the catch- 

only task. Participants were instructed to focus on bottom halves of the second (i.e., test) composite 

faces and completed all the trials in succession. This block allowed us to measure the baseline 

perceptual difficulty of making identity judgments for bottom halves of test faces.  

2.5.2. Results  

2.5.2.1. Sensitivity d’ for composite tasks 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2  

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the sensitivity 

d’ (Figure 2.15). The main effect of Congruency was significant, F(1, 29) = 16.86, MSE = .28, p < 

.001, partial η2 = .37, showing better performance for congruent trials (M = 2.97, 95% CI [2.74 

3.21]) compared with incongruent trials (M = 2.69, 95% CI [2.46 2.93]). The main effect of 

Alignment was also significant, F(1, 29) = 5.84, MSE = .17, p < .05, partial η2 = .17, showing 

better performance for misaligned trials (M = 2.90, 95% CI [2.67 3.13]) compared with aligned 

trials (M = 2.77, 95% CI [2.54 3.00]). Significant results were also found for the interaction 

between Viewing condition and Congruency, F(1, 29) = 10.68, MSE = .17, p < .01, partial η2 = .27, 

and the interaction between Congruency and Alignment, F(1, 29) = 8.68, MSE = .15, p < .01, 

partial η2 = .23. The critical three-way interaction between Viewing condition, Congruency and 

Alignment reached significance, F(1, 29) = 7.75, MSE = .10, p < .01, partial η2 = .21. In addition, 

the main effect of Viewing conditions, F(1, 29) = 1.44, MSE = .21, p > .23, partial η2 = .05, and the 

interaction between Viewing condition and Alignment, F(1, 29) = 2.95, MSE = .15, p > .09, partial 

η2 = .09, were not significant.  

In order to explain the significant three-way interaction and examine the holistic face processing 

indexed by the composite face effect for different tasks, two separate 2 (Congruency: congruent vs. 

incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-measures ANOVAs were conducted 

on the sensitivity d’ of the two composite face tasks. Results of the CFS task showed none of the 

effects were significant; the main effect of Congruency, F(1, 29) = 1.94, MSE = .18, p > .17, partial 
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η2 = .06, the main effect of Alignment, F < .5, and the interaction, F(1, 29) = 1.98, MSE = .23, p > 

.17, partial η2 = .06. These results suggest that no composite face effect was found for the 

sensitivity in the CFS composite task, which was consistent to the first three experiments. On the 

other hand, the results of the monocular task showed all the three effects were significant; the main 

effect of Congruency, F(1, 29) = 22.83, MSE = .27, p < .001, partial η2 = .44, the main effect of 

Alignment, F(1, 29) = 7.80, MSE = .18, p < .001, partial η2 = .21, and the interaction between 

Congruency and Alignment, F(1, 29) = 40.38, MSE = .13, p < .001, partial η2 = .58. Simple effects 

analyses showed better performance for congruent composites (M = 3.13, 95% CI [2.86 3.40]) 

compared with incongruent composites in the aligned condition (M = 2.25, 95% CI [1.98 2.52], p < 

.001) and, yet, no differences in the misaligned conditions (congruent: M = 2.92, 95% CI [2.65 

3.19]; incongruent: M = 2.89, 95% CI [2.62 3.16], p > .99), showing the composite face effect for 

the sensitivity in the monocular composite task.  

2.5.2.2. Correct response times for composite tasks 
Same as Experiment 2, response times were recorded from the onset of the test composite face to 

the time point when one of the response keys was pressed, and participants could respond at any 

time after the onset of test faces. Only the response times longer than 200ms and within three 

standard deviations were included in the following analysis. 

Figure 2.15. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for composite tasks in Experiment 4. Error bars represent 95% confidence intervals. Asterisks 
indicate significant interaction between Congruency and Alignment (***, p < .001). 
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A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the correct 

response times (Figure 2.16). Significant results were found for the main effect of Congruency, 

F(1, 29) = 10.85, MSE = 1058, p < .01, partial η2 = .27, and its interaction with the main effect of 

Alignment, F(1, 29) = 5.13, MSE = 1229, p < .05, partial η2 = .15. The responses for congruent 

trials (M = 680, 95% CI [636 725]) were faster than those for incongruent trials (M = 694, 95% CI 

[650 739]). The interaction between Viewing condition and Congruency was marginally 

significant, F(1, 29) = 4.07, MSE = 1284, p = .053, partial η2 = .12. The three-way interaction was 

marginal significant, F(1, 29) = 3.65, MSE = 728, p = .07, partial η2 = .11. The main effects of 

Viewing condition, Alignment, and the interaction between Viewing condition and Congruency 

were not significant (F < .88). Neither was the interaction of Viewing condition and Alignment, 

F(1, 29) = 2.83, MSE = 1415, p > .10, partial η2 = .09.  

As for the sensitivity, I computed separate 2 (Congruency: congruent vs. incongruent) × 2   

(Alignment: aligned vs. misaligned) repeated-measures ANOVA on the correct response times for 

the two composite face tasks. For the CFS composite task, only the main effect of Congruency 

reached significance, F(1, 29) = 4.20, MSE = 1021, p < .05, partial η2 = .13, with shorter correct 

response times for the congruent trials (M = 687, 95% CI [638 735]) compared to those for 

incongruent trials (M = 699, 95% CI [650 747]). The main effect of Alignment and its interaction 

with Congruency were not significant (F < .57). These results suggested that no composite face 

Figure 2.16. Correct response times (ms) as a function of Congruency and Alignment in the CFS and monocular 
viewing conditions for Experiment 4. Error bars represent 95% confident intervals. Asterisks indicate 
significant interaction between Congruency and Alignment (*, p < .05). 
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effect was observed for the correct response times in the CFS composite task. For the monocular 

composite task, all the main effects and the interaction were significant; the main effect of 

Congruency, F(1, 29) = 6.45, MSE = 1148, p < .05, partial η2 = .18, the main effect of Alignment, 

F(1, 29) = 4.19, MSE = 1057, p < .05, partial η2 = .13, and the critical interaction, F(1, 29) = 6.73, 

MSE = 1895, p < .05, partial η2 = .19. Simple effects analysis showed shorter correct response 

times for congruent trials (M = 672, 95% CI [620 724]) than incongruent trials in the aligned 

condition (M =705, 95% CI [653 756], p < .01) and no differences in the misaligned condition 

(congruent: M = 677, 95% CI [625 728]; incongruent: M = 675, 95% CI [624 727], p > .99), 

indicating that the composite face effect was found for the correct response times in the monocular 

composite face task.  

2.5.2.3. Accuracy for catch trials 
A 3 (Viewing condition: CFS, monocular, catch-only) × 2 (Alignment: aligned vs. misaligned) 

repeated-measures ANOVA was conducted on the accuracy of catch trials (Figure 2.17). The main 

effect of Viewing condition was significant, F(2, 58) = 23.82, MSE = .05, p < .001, partial η2 = .45. 

Post-hoc comparisons showed the accuracy for the catch trails in the catch-only task (M = .82, 95% 

CI [.76 .87]) was higher than that in the CFS (M = .57, 95% CI [.51 .63], p < .001) and monocular 

(M = .58, 95% CI [.52 .64], p < .001) conditions and there was no significant differences between 

the CFS and monocular conditions (p > .99). The main effect  of Alignment, F(1, 29) = 9.33, MSE 

= .02, p < .01, partial η2 = .24, was also significant with better performance for aligned condition 

Figure 2.17. Accuracy as a function of Viewing condition and Alignment for catch trials in Experiment 4. Error 
bars represent 95% confidence intervals. Asterisks indicate that performance was significantly better than the 
chance level (0.5) (**, p < .01, ***, p < .001). 
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(M = .69, 95% CI [.65 .73]) compared with misaligned condition (M = .63, 95% CI [.59 .67]). The 

interaction was not significant (F < .06). 

Similar to Experiment 2, one-tailed one-sample t tests were conducted on the accuracy data in each 

condition to explore whether participants could recognize the bottom halves of the test faces. The 

accuracies in the aligned CFS and monocular conditions were significantly better than the chance 

level (CFS aligned: t(29) = 2.74, p < .01, Cohen’s d = .50; monocular aligned: t(29) = 2.66, p < .01, 

Cohen’s d = .49) while the accuracies in the misaligned conditions were not (CFS misaligned: t(29) 

= .86, p = .20, Cohen’s d = .16; monocular misaligned: t(29) = 1.14, p = .13, Cohen’s d = .21). The 

accuracies in the catch-only conditions were both higher than the chance level (aligned: t(29) = 

13.61, p < .001, Cohen’s d = 2.49; misaligned: t(29) = 11.54, p < .001, Cohen’s d = 2.11). These 

results suggest that the bottom halves of test faces in all the aligned conditions and the misaligned 

catch-only task could be recognized. 

2.5.2.4. Correct response times for catch trials 
Only data from 15 participants were included for this analysis as there were no correct response 

times available in at least one of the conditions for the other 15 participants. A 3 (Viewing 

condition: CFS, monocular, catch-only) × 2 (Alignment: aligned vs. misaligned) repeated-measures 

ANOVA was conducted on the correct response times for the remaining data (Figure 2.18). The 

main effect of Viewing condition was significant, F(2, 28) = 24.84, MSE = 1859000, p < .001, 

partial η2 = .64. The correct response times for the catch-only trials (M = 1562, 95% CI [1046 

Figure 2.18. Correct response times as a function of Viewing condition and Alignment for catch trials in 
Experiment 4. Error bars represent 95% confidence intervals.  
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2078]) were faster than those for the CFS catch trials (M = 3433, 95% CI [2917 3949], p < .001), 

and the monocular catch trials (M = 3910, 95% CI [3394 4426], p < .001), and there was no 

differences between them (p > .55). The main effect of Alignment was marginally significant, F(1, 

14) = 3.93, MSE = 598416, p = .07, partial η2 = .22. Also, the interaction was not significant (F < 

.74). 

2.5.3. Discussion 

Results showed that the composite face effect was observed for both sensitivity and correct 

response times only in the monocular condition. Different from the results of Experiment 3, no 

composite face effect was found for correct response times in the CFS condition, which might 

suggest that the marginal significance of the interaction between Congruency and Alignment in the 

CFS condition of Experiment 3 was more likely to be a false positive. These results indicate that 

only when the bottom halves of faces were presented consciously, but not unconsciously, was the 

processing of top halves affected.  

Consistent with the results of catch trials in the catch-only condition of Experiment 2, the 

performance of catch trials in the catch-only condition was much better than what would be 

expected by chance, suggesting participants were also able to make judgments about the identity 

information in the bottom halves of test faces. For the catch trials embedded in the CFS or 

monocular composite face tasks, participants were only able to identify the bottom halves of 

aligned test faces, but not misaligned ones. The results for catch trials intermixed with composite 

trials indicates that only the bottom halves of aligned faces were identifiable, no matter if they were 

presented in conscious or unconscious conditions.  

Noteworthy, in the CFS composite face task, even though participants were able to identify the 

bottom halves of aligned test faces, their performance was only just above chance so any signal 

would be weak. This weak signal in the CFS condition resulted in the unstable influence of bottom 

halves on top halves of aligned faces in Experiment 3 and Experiment 4.  

2.6. Analyses of combined data 

These four experiments consistently showed that the composite face effect was found in the 

monocular condition, but not in the CFS condition. Because of concerns about statistical power, we 

designed the last two experiments to have more power, and they showed the same pattern of 

results. However, it is still possible that the sample size in each of the experiments was not large 

enough, and so the power may still be inadequate. Instead of recruiting more participants, I 

combined the data of the first two and the last two experiments respectively for further analyses. If 
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the composite face effect was still not detected in the CFS condition with the combined data, it 

would be safer for me to exclude the possibility that the under-power paradigms resulted in the 

failure of observing the composite face effect in the unconscious condition.  

2.6.1. Combined data for Experiments 1 and 2 

2.6.1.1. Sensitivity d’ 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the sensitivity 

d’ (Figure 2.19). Results showed that the main effect of Congruency was significant, F(1, 49) = 

25.34, MSE = .23, p < .001, partial η2 = .34. Moreover, it was modulated by Viewing condition, 

F(1, 49) = 13.51, MSE = .13, p < .001, partial η2 = .22, and Alignment, F(1, 49) = 10.31, MSE = 

.16, p < .01, partial η2 = .17, respectively. The main effect of Alignment, F(1, 49) = 2.65, MSE = 

.18, p > .11, partial η2 = .17, and the main effect of Viewing condition (F < .06) were not 

significant, and neither was their interaction (F < .35). The three-way interaction reached 

significance, F(1, 49) = 16.70, MSE = .10, p < .001, partial η2 = .25, suggesting that the composite 

face effect of sensitivity d’ in the CFS condition was different from that in the monocular 

condition. 

The 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-

measures ANOVA was conducted for the two viewing conditions separately. For the CFS 

Figure 2.19. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for the combined data of Experiment 1 and 2. Error bars represent 95% confidence intervals. 
Asterisks indicate significant interaction between Congruency and Alignment (***, p < .001). 



 

49 

condition, the main effect of Congruency was marginally significant, F(1, 49) = 3.55, MSE = .17, p 

= .07, partial η2 = .07, as the sensitivity d’ for congruent trials (M = 2.59, 95% CI [2.41 2.78]) was 

better than that for incongruent trials (M = 2.49, 95% CI [2.30 2.67]). The main effect of 

Alignment, F(1, 49) = 2.04, MSE = .21, p > .15, partial η2 = .04, and the interaction (F < .001) 

were not significant, which indicates that no composite face effect of sensitivity d’ was found in the 

CFS condition. 

For the monocular condition, significance was found for the main effect of Congruency, F(1, 49) = 

36.23, MSE = .19, p < .001, partial η2 = .43, but not for the main effect of Alignment (F < .67). The 

critical interaction was found to be significant, F(1, 49) = 21.65, MSE = .15, p < .001, partial η2 = 

.31. Simple effects analysis revealed that the sensitivity d’ for congruent trials  (M = 2.84, 95% CI 

[2.63 3.06]) was higher than that for incongruent trials (M = 2.22, 95% CI [2.00 2.43]) in the 

aligned condition (p < .001), and no significant differences were found in the misaligned condition 

(p > .30; congruent, M = 2.63, 95% CI [2.42 2.85], incongruent, M = 2.51, 95% CI [2.30 2.73]). 

These findings suggested that the composite face effect of sensitivity d’ was observed in the 

monocular condition. 

The above results showed that the composite face effect of sensitivity d’ was, still, only found in 

the monocular condition, but not in the CFS condition, even though the combined data of the first 

two experiments were used. These results are consistent with those of Experiment 1 and 

Experiment 2 when they were analyzed separately.  

2.6.1.2. Correct response times 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA was conducted on the correct 

response times (Figure 2.20). Results revealed that the main effect of Congruency, F(1, 49) = 

10.78, MSE = 1331, p < .01, partial η2 = .18, the main effect of Alignment, F(1, 49) = 8.75, MSE = 

989, p < .01, partial η2 = .15, and their interaction, F(1, 49) = 13.81, MSE = 692, p < .001, partial 

η2 = .22, were significant. Besides, the interaction between Viewing condition and Congruency was 

significant as well, F(1, 49) = 7.14, MSE = 890, p < .05, partial η2 = .13. In addition, no significant 

results were observed for the main effect of Viewing condition, F(1, 49) = 1.18, MSE = 18335, p > 

.28, partial η2 = .18, and its interaction with Alignment (F < .47). The three-way interaction did not 

reach significance, either (F < .19), illustrating no significant differences between the composite 

face effect in the CFS and monocular conditions were observed.  

Next, repeated-measures ANOVAs of Congruency and Alignment were conducted for the two 

viewing conditions respectively. For the correct response times in the CFS condition, both the main 
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effects of Congruency (F < .78) and Alignment, F(1, 49) = 2.34, MSE = 1006, p = .13, partial η2 = 

.05, were not significant. However, the critical interaction between them reached significance, F(1, 

49) = 5.10, MSE = 659, p < .05, partial η2 = .09. Simple effects analysis revealed that the correct 

response times for congruent trials (M = 644, 95% CI [601 687]) were marginally shorter than 

those for incongruent trials (M = 656, 95% CI [613 699]) in the aligned condition (p = .078), while 

there were no differences between congruent (M = 645, 95% CI [602 688]) and incongruent trials 

(M = 641, 95% CI [598 684]) in the misaligned condition (p > .94). These results showed evidence 

that the composite face effect was found for correct response times in the CFS condition, although 

it was rather weak.  

For the correct response times in the monocular condition, significant results were observed  for all 

the main and interaction effects: the main effect of Congruency, F(1, 49) = 16.85, MSE = 1182, p < 

.001, partial η2 = .26; the main effect of Alignment, F(1, 49) = 5.42, MSE = 1272, p < .05, partial 

η2 = .10; the interaction, F(1, 49) = 4.65, MSE = 1384, p < .05, partial η2 = .09. Simple effects 

analysis displayed that the correct response times were shorter for the congruent trials (M = 651, 

95% CI [608 695]) compared with the incongruent trials (M = 683, 95% CI [640 726]) in the 

aligned condition (p < .001), and no difference was found in the misaligned condition (congruent: 

M = 651, 95% CI [608 694]; incongruent: M = 660, 95% CI [617 703]; p > .46).  

Figure 2.20. Correct response times (ms) as a function of Congruency and Alignment in the CFS and 
monocular viewing conditions for the combined data of Experiment 1 and 2. Error bars represent 95% 
confidence intervals. Asterisks indicate significant interaction between Congruency and Alignment (*, p < 
.05). 
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Results showed that the composite face effect as measured by response times was found both in the 

CFS and monocular conditions, and there were no differences between them. Notably, when the 

combined data from Experiment 1 and 2 were analyzed, the composite face effect was found in the 

CFS condition, which was different from the results of Experiment 1 or Experiment 2. This 

inconsistency might originate from the low power of the first two experiments when they failed to 

include enough participants.  

2.6.1.3. Interim discussion 
Altogether, when the sample size was increased by combining the data of the first two experiments, 

the composite face effect was found for response times in the CFS condition, and both the 

sensitivity d’ and correct response times in the monocular condition. These results suggest that 

when the bottom halves of study and test faces were presented unconsciously, the speed in 

processing of top halves was influenced by the bottom halves. In comparison, when the bottom 

halves of study and test faces were presented consciously, both the accuracy and speed in 

processing of top halves would be influenced by the bottom halves. Furthermore, the composite 

face effect in the monocular condition was stronger than that in the CFS condition, indicating that 

the influence of bottom halves on top ones would be reduced when bottom halves were rendered 

invisible. 

2.6.2. Combined data for the last two experiments 

In the first two experiments, the bottom halves of both study and test faces were covered by the 

CFS in the unconscious conditions. By contrast, in the last two experiments, only the bottom halves 

of the test, but not study, faces were covered for improving the power of detecting the composite 

face effect in the CFS condition.  

2.6.2.1. Sensitivity d’ 
Sensitivity d’ of the combined data was analyzed with a 2 (Viewing condition: CFS vs. monocular) 

× 2 (Congruency: congruent vs. incongruent) × 2 (Alignment: aligned vs. misaligned) repeated-

measures ANOVA (Figure 2.21). Significance was found for the main effect of Congruency, F(1, 

49) = 43.62, MSE = .21, p < .001, partial η2 = .47, the main effect of Alignment, F(1, 49) = 10.83, 

MSE = .15, p < .01, partial η2 = .18, and their interaction, F(1, 49) = 23.09, MSE = .24, p < .001, 

partial η2 = .32. Additionally, the interaction between Viewing condition and Congruency was also 

significant, F(1, 49) = 17.28, MSE = .14, p < .001, partial η2 = .26. The main effect of Viewing 

condition, F(1, 49) = 1.09, MSE = .27, p > .30, partial η2 = .02, and its interaction with Alignment, 

F(1, 49) = 1.61, MSE = .13, p > .21, partial η2 = .03, did not reach significance. The three-way 

interaction was found to be significant, F(1, 49) = 9.71, MSE = .16, p < .01, partial η2 = .17, 
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suggesting the composite face effect in the CFS condition was distinctive from that in the 

monocular condition. 

Repeated-measures ANOVAs of Congruency and Alignment were subsequently conducted on the 

sensitivity d’ for the two viewing conditions separately. For the CFS condition, significant results 

were found for the main effect of Congruency, F(1, 49) = 7.71, MSE = .14, p < .01, partial η2 = .14, 

but not the main effect of Alignment, F(1, 49) = 2.41, MSE = .13, p = .13, partial η2 = .05. Notably, 

the critical interaction was marginally significant12, F(1, 49) = 3.04, MSE = .20, p = .087, partial η2 

= .06. Simple effects analysis showed that the sensitivity d’ of congruent trials (M = 2.79, 95% CI 

[2.57 3.00]) was better than for incongruent trials (M = 2.53, 95% CI [2.31 2.74]) in the aligned 

condition (p <  .01), while there were no significant differences between congruent (M = 2.75, 95% 

CI [2.54 2.97]) and incongruent trials (M = 2.72, 95% CI [2.50 2.93]) in the misaligned condition 

(p > .99). These results indicate that the composite face effect was observed in the CFS condition 

for sensitivity d’, but the effect was small.  

                                                 

 

12 In the standard design analyses, accuracy of aligned trials were worse than those of misaligned trials in the CFS 
condition (t(84.27) = -2.44, p < .05), showing the composite effect in the CFS condition. 

Figure 2.21. Sensitivity d’ as a function of Congruency and Alignment in the CFS and monocular viewing 
conditions for the combined data of Experiment 3 and 4. Error bars represent 95% confidence intervals. 
Asterisks and plus signs indicate (marginal) significant interaction between Congruency and Alignment (+, p = 
.087; ***, p < .001). 
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For the monocular condition, all the main effects and its interaction were found to be significant; 

the main effect of Congruency: F(1, 49) = 50.4, MSE = .21, p < .001, partial η2 = .51; the main 

effect of Alignment: F(1, 49) = 10.0, MSE = .15, p < .01, partial η2 = .17; the interaction: F(1, 49) 

= 32.7, MSE = .20, p < .001, partial η2 = .40. Simple effects analysis displayed higher sensitivity d’ 

for congruent trials (M = 2.97, 95% CI [2.76 3.17]) than that for incongruent trials (M = 2.14, 95% 

CI [1.94 2.35]) in the aligned condition (p < .001), but the differences between congruent (M = 

2.78, 95% CI [2.57 2.98]) and incongruent (M = 2.68, 95% CI [2.47 2.88]) trials in the misaligned 

condition were not significant (p > .52).  

These results show that the composite face effect in sensitivity d’ was observed in both the CFS 

and monocular conditions when the data from the last two experiments were combined. The 

composite face effect found in the monocular condition was consistent with the previous 

experiments, but the marginally significant effect observed in the CFS condition contrasted with 

the non-significant findings, not matching the results of Experiment 3 or Experiment 4. This 

discrepancy might be due to, again, the lower power of not having enough sample size when the 

experiments were analyzed respectively. Furthermore, the composite face effect in the monocular 

condition was still larger than that in the CFS condition, which was in line with the results from the 

combined data of the first two experiments.  

2.6.2.2. Correct response times 
A 2 (Viewing condition: CFS vs. monocular) × 2 (Congruency: congruent vs. incongruent) × 2 

(Alignment: aligned vs. misaligned) repeated-measures ANOVA on correct response times (Figure 

2.22) showed that the main effect of Congruency, F(1, 49) = 18.68, MSE = 1314, p < .001, partial 

η2 = .28, and its interaction with Alignment, F(1, 49) = 13.75, MSE = 935, p < .001, partial η2 = 

.22, were significant. Moreover, the main effect of Alignment, F(1, 49) = 3.64, MSE = 1006, p = 

.06, partial η2 = .07, was found to be marginally significant. No significance was found for the 

main effect of Viewing condition, F(1, 49) = 1.23, MSE = 27324, p > .27, partial η2 = .02, the 

interaction between Viewing condition and Congruency, F < .41, and the interaction between 

Viewing condition and Alignment, F(1, 49) = 1.55, MSE = 1245, p > .21, partial η2 = .03. Neither 

was the three-way interaction (F < .17), which illustrated that there was no difference between the 

composite face effect in the CFS and monocular conditions for correct response times. 

Repeated-measures ANOVAs of Congruency and Alignment were then conducted for the two 

conditions separately. For the CFS condition, the main effect of Congruency was significant, F(1, 

49) = 8.38, MSE = 1033, p < .01, partial η2 = .15. The main effect of Alignment did not reach 

significance, F < .13. Similar to the results for the combined data of the first two experiments, the 

critical interaction was found to be significant,  F(1, 49) = 4.21, MSE = 1169, p < .05, partial η2 = 
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.08. Simple effects analysis showed that the correct response times for congruent trials (M = 689, 

95% CI [648 731]) were shorter compared with those for incongruent trials (M = 713, 95% CI [671 

754]) in the aligned condition (p < .001), while no significant differences between them were found 

in the misaligned condition (p > .99;  congruent: M = 698, 95% CI [656 739]; incongruent: M = 

701, 95% CI [659 743]). These findings indicated that the composite face effect for correct 

response times was found in the CFS condition. 

For the monocular condition, significant results were found for both the main effect of 

Congruency, F(1, 49) = 14.12, MSE = 1170, p < .001, partial η2 = .23 and the main effect of 

Alignment, F(1, 49) = 4.68, MSE = 1166, p < .05, partial η2 = .09. Similar to the results of the first 

two experiments, the critical interaction reached significance, F(1, 49) = 8.01, MSE = 1033, p < 

.01, partial η2 = .14. Simple effects analysis revealed that the correct response times for congruent 

trials (M = 672, 95% CI [633 710]) were shorter than those for incongruent trials (M = 703, 95% CI 

[664 741]) in the aligned condition (p < .001), and, however, no differences were found between 

the congruent (M = 674, 95% CI [635 712]) and incongruent (M = 679, 95% CI [641 718]) trials in 

the misaligned condition (p > .83). Similar to the previous results in the monocular condition, the 

composite face effect was observed as well. 

The results of the combined data of the last two experiments displayed that the composite face 

effect of correct response times was found in both the CFS and monocular conditions, and no 

Figure 2.22. Correct response times (ms) as a function of Congruency and Alignment in the CFS and 
monocular viewing conditions for the combined data of Experiment 3 and 4. Error bars represent 95% 
confidence intervals. Asterisks indicate significant interaction between Congruency and Alignment (*, p < .05; 
**, p < .01). 
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differences were found between them. Again, the significant composite face effect in the CFS 

condition was not observed in Experiment 3 and Experiment 4 when analyzed separately, which 

might also result from the lower power when the sample sizes were not large enough.  

2.6.2.3. Interim discussion 
When the data of the last two experiments were combined, the composite face effect of sensitivity 

d’ and correct response times were found in both the CFS and monocular conditions. In addition, a 

stronger composite face effect was still found in the monocular condition relative to the CFS 

condition. These findings suggested that no matter whether the bottom halves of test faces were 

presented unconsciously or consciously, the accuracy and speed in processing the top halves would 

be influenced by the bottom halves. However, the influence when the bottom halves of test faces 

were presented unconsciously was smaller than when they were displayed consciously.   

2.6.3. Discussion for the additional analysis 

Different from the results when the four experiments were analyzed individually, the composite 

face effect was observed in the CFS condition after the data of the first two and the last two 

experiments were combined, respectively. Additionally, the composite face effect was also 

observed in the monocular condition, which was in line with the results of all the four experiments. 

These findings suggested that the processing of top halves of faces would be affected by the bottom 

halves, no matter if the bottom halves were presented consciously or unconsciously. Nevertheless, 

the composite face effect in the unconscious condition was smaller than that in the conscious 

condition, suggesting that only some of the influence of bottom halves was retained when rendered 

subliminally.  

2.7. General discussion 

2.7.1. Composite tasks 

In the present study, four experiments were conducted to investigate whether holistic face 

processing could occur when facial information was presented unconsciously. First, the composite 

face effect, as measured by the complete design of the composite task, was found both in the CFS 

and monocular conditions, indicating that the processing of top facial halves was affected by 

bottom halves when presented both unconsciously and consciously. Second, the composite effect in 

the monocular condition was stronger and more consistent than that in the CFS condition, which 

suggests that much of the conscious composite face effect was disrupted when the irrelevant facial 

parts were rendered subliminal. Third, the composite effect in the CFS condition was only 
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discovered when the data of more than one experiment were combined together, but not when each 

was analyzed separately, suggesting that the composite effect in the unconscious condition could 

only be detected by paradigms with sufficient power.  

Results of this study are different from those of Axelrod and Rees (2014), who failed to observe the 

interference of subliminal irrelevant parts of faces on the target parts (i.e., the eyes). As discussed 

in the Introduction, one of the possible reasons for their null results was that the statistical power of 

their paradigms was not large enough, for example, because of their small sample sizes. This 

conjecture is supported by my findings that the composite face effect in the unconscious condition 

was only observed when enough participants were included. Another reason for the divergence 

between the results of Axelrod and Rees (2014) and my study possibly was the utilization of 

different dependent variables. In my study, both sensitivity d’ and correct response times were 

employed, and the composite face effect in the unconscious condition was mainly found for the 

correct response times. Nevertheless, this dependent variable was not analyzed in their study as 

they asked participants to maximize the accuracy (Axelrod & Rees, 2014) rather than asking them 

to respond as accurately and quickly as possible. Instead, the dependent variable they analyzed was 

accuracy, which was not reliable in their experimental designs in that the interference of irrelevant 

parts could not be dissociated from guessing or response bias, as discussed in Introduction as well.   

Altogether, these results revealed that when the bottom halves of faces were rendered invisible, 

they would still take effects on the processing of top halves. In other words, unconscious facial 

information was able to influence the processing of conscious facial information, which suggest 

that holistic face processing could be executed without conscious awareness. These results extend 

the previous findings and indicate that the obligatory integrations of facial parts could occur 

regardless of consciousness.  

In addition to the composite face effect observed in the unconscious conditions, the composite face 

effect was also found in the conscious condition where the composite faces were only displayed 

monocularly (that is, to one of the participants’ eyes). These results were consistent with a recent 

study (Almasi & Behrmann, 2019), suggesting that holistic face processing survives from the 

disruptions of binocular depth cues. 

2.7.2. Holistic processing and spatial frequency 

Holistic processing in the unconscious condition was weaker than in when all face information was 

displayed consciously, but still showed some evidence for being present, particularly when data 

were pooled across experiments. What kinds of facial information were integrated into this holistic 

processing that occurred unconsciously? Previous results showed that composite effects were 
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stronger for faces with low spatial frequency compared with middle or high spatial frequency 

(Goffaux, 2009; Goffaux & Rossion, 2006; but see Cheung, Richler, Palmeri, & Gauthier, 2008). 

Additionally, there is evidence that low spatial frequency information is more easily processed 

subliminally. For example, De Gardelle and Kouider (2010) utilized a frame judgment task and 

discovered that the priming effects of low spatial frequency information were independent of 

conscious awareness, whereas the priming effects of high spatial frequency information were 

associated with the stimulus visibility. Similarly, Khalid et al. (2013) employed gender masking 

priming paradigms and found priming only for masked faces with low spatial frequency 

information, but not for masked faces with high spatial frequency information. Thus, there is 

evidence that it is the low spatial frequency information that was integrated into the holistic 

representation when face components were presented subliminally.  

2.7.3. Holistic processing and subcortical pathway 

What are the neural mechanisms underlying unconscious holistic face processing? A subcortical 

route, such as pulvinar, superior colliculus, and amygdala, has been proposed to explain 

unconscious face processing, including both expression and non-expression information. For 

example, previous studies have showed that the amygdala, one part of the subcortical pathway, 

could process the unconscious expression information (Morris, Öhman, & Dolan, 1998; Sabatinelli, 

Keil, Frank, & Lang, 2013; Whalen et al., 1998; for reviews, Pessoa, 2005; Tamietto & de Gelder, 

2010). Analogously, the subcortical pathway also conveys gender information backing up 

unconscious face processing (Khalid et al., 2013). Moreover, subcortical routes usually prefer low 

spatial frequency information (Vuilleumier, Armony, Driver, & Dolan, 2003), which is important 

for holistic processing. Therefore, the subcortical structures possibly support the unconscious 

processing of bottom facial halves, which further affects the processing of the top halves, resulting 

in the composite effect.  

Furthermore, perhaps the contributions of subcortical routes to holistic face processing are not 

limited to unconscious conditions. In addition to the important role in unconscious face processing, 

the subcortical pathway is also suggested to get involved in the conscious face processing 

(Johnson, 2005). Neuroimaging studies revealed that supraliminal fearful expressions produced 

enhanced neural activity in both pulvinar and superior colliculus (Vuilleumier et al., 2003) and a 

significant neural response was selectively elicited in the amygdala to conscious faces without 

expressions (Mende-Siedlecki, Verosky, Turk-Browne, & Todorov, 2013). Further, behavioral 

experiments indicated that the subcortical route facilitated face perception (Gabay, Burlingham, & 

Behrmann, 2014; Gabay, Nestor, Dundas, & Behrmann, 2014). Therefore, they might also 

contribute to conscious holistic face processing. Indeed, the facilitation of subcortical to holistic 
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face processing was suggested by Almasi and Behrmann (2019), who demonstrated the monocular 

advantage with behavioral methods. 

Notably, although subcortical pathways might contribute to holistic face processing in both 

unconscious and conscious conditions, it does not mean that every section within the subcortical 

route play the same role in the two conditions, as showed in a previous study (Morris et al., 1998), 

in which conscious angry faces induced significant neural activity in the left amygdala whilst the 

same unconscious faces elicited strong responses in the right amygdala. Thus, different parts of the 

subcortical pathways might work for conscious and unconscious face processing, which needs 

further investigation.   

2.7.4. Catch trials 

In this study, catch trials were also employed to assess whether the bottom facial halves could be 

identified during the composite face task. For the catch trials, participants were instructed to focus 

on and judge the bottom halves. In addition to being embedded in the composite face tasks, catch 

trials were also tested separately, providing the evidence that participants were capable of 

identifying the bottom halves of faces with attention being located upon them. First, results of catch 

trials interleaved in the composite tasks showed that participants could not identify the subliminal 

bottom halves of study faces, which, however, influenced the processing of top halves. These 

results rule out the possibility that the composite effects observed in the CFS conditions of the first 

two experiments were due to participants’ conscious perception of identity information of bottom 

halves. Second, similar to the results in the CFS conditions of the first two experiments, bottom 

halves of study faces were also not identifiable in the conscious condition. Third, different from the 

results of study faces, the bottom halves of test faces were identified by participants in both 

conscious and unconscious conditions, suggesting that participants have access to the identity 

information of bottom halves of test faces regardless of visual awareness. This finding in the CFS 

condition might result from participants seeing the bottom halves of faces during their completion 

of the composite tasks. Alternatively, this finding might suggest that face identity information 

could be processed unconsciously.  

It is possible that participants might see the bottom halves of test faces during composite tasks, but 

the probability should be quite small. A previous study found that image suppressions of CFS are 

quite strong and could last longer than three minutes with a mean of 56 seconds (Tsuchiya & Koch, 

2005), which was far longer than the duration I used, 0.3 seconds. In addition, during the composite 

task, participants were asked to focus on the top facial halves by instructions and limiting the catch 
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trial number. With their attention being located on the top halves, suppressions for the bottom 

halves should be stronger.  

Instead, the performance of catch trials being above chance level might suggest that face identity 

information could be processed unconsciously. This possibility stands in contrast to one previously 

reported result (Moradi et al., 2005). According to my knowledge, Moradi et al.’s study is the only 

previous one to have investigated the unconscious processing of facial identity. They employed 

CFS with an adaptation paradigm and did not observe the aftereffect when the adaptor faces were 

presented subliminal (Moradi et al., 2005). Their observation of null results might be due to the use 

of adaptation paradigms, since several other studies have found that the use of adaptation 

paradigms leads to a failure to observe unconscious face processing. For example, whereas 

numerous studies have suggested that facial expressions could be processed unconsciously (for 

reviews, Pessoa, 2005; Tamietto & de Gelder, 2010), Hong, Yang, and Blake (2010) demonstrated 

that expression aftereffects were only restricted to conscious adaptors where adaptation paradigms 

were used (but see Adams, Gray, Garner, & Graf, 2010). Similarly, face gender aftereffects were 

also suppressed from visual awareness with adaptation paradigms being used (Amihai et al., 2011), 

but other studies utilizing masking priming discovered that gender could be processed 

unconsciously (Finkbeiner & Palermo, 2009; Khalid et al., 2013; Quek & Finkbeiner, 2014). 

Furthermore, unconscious aftereffects were usually only observed in some specific conditions, 

(Adams et al., 2010; Amihai et al., 2011; Shin, Stolte, & Chong, 2009; Stein et al., 2012), while 

unconscious priming effects were consistently detected (e.g. de Gardelle & Kouider, 2010; 

Finkbeiner & Palermo, 2009; Murphy & Zajonc, 1993). Considering the distinctive neural 

mechanisms underlying these two paradigms (Walther et al., 2013), the masked priming paradigm I 

used may be a more effective method to investigate unconscious processing of identity and 

ethnicity. 

Notably, there were also differences in the results of catch trials for study and test faces. One 

possible explanation for this difference is that dissimilar mechanisms may underly the processing 

of study and test faces during the composite task, e.g., the perceptual and decisional components 

involved (Richler, Gauthier, et al., 2008). This dissimilarity might lead to participants being more 

sensitive to the bottom halves of test faces relative to study faces, which is supported by the finding 

that the influence of irrelevant facial halves on the target halves was greater when test faces were 

aligned than misaligned, but was not modulated by the study face formats (Richler, Tanaka, et al., 

2008). Another possibility is that the identity information in the irrelevant halves of both study and 

test faces could be coded during the composite task, but the memory of study faces decayed or was 

disrupted before completing the identity judgment. Noteworthy, there was a discrepancy between 
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the catch trial procedures for study and test faces: masking was displayed between the study faces 

and the response screens (Figure 2.6) while the response screens showed up immediately after the 

test faces disappeared (Figure 2.14). One possibility is that during the delay of masking, the 

knowledge of bottom halves of study faces decayed, or it was the masking after the study faces that 

disrupted the short memory of bottom halves of study faces, which, therefore, hindered the 

following conscious identity judgment.  

2.7.5.  “Independence” between identification and holistic processing 

It was quite surprising for me to discover that the bottom halves of study faces were not identifiable 

while the composite face effect was observed, especially when the composite faces were presented 

consciously. Since it is the first study, as far as I know, to report these results, replications are 

needed in the future. However, before replicating this study, the possible implication is worth 

discussing. 

These results might suggest that, to some extent, processing of identity information, i.e., 

identification, and influence of this identity processing, i.e., the composite effect, could be executed 

independently. This potential independence between these two processing might rise from their 

reliance on different spatial frequency information. Specifically, significant information supporting 

identification is supported by the middle spatial frequency (Costen, Parker, & Craw, 1994, 1996; 

Fiorentini, Maffei, & Sandini, 2013; Gao & Maurer, 2011; Gold, Bennett, & Sekuler, 1999; 

Näsänen, 1999), whilst composite effects are mediated by low spatial frequency information 

(Goffaux & Rossion, 2006; Taubert & Alais, 2011; but see Cheung, Richler, Palmeri, & Gauthier, 

2008). 

In the composite tasks used in this study, participants were asked to pay attention only to the top 

facial halves and ignore the bottom halves. Stimuli were presented briefly, and so if participants 

only focused on the top parts, the bottom halves of faces would be processed by participants’ 

peripheral vision. Peripheral vision in humans is mainly supported by rods, parasol ganglion cells, 

and magnocellular cells, which cannot convey fine details or high spatial frequency information 

(Livingstone & Hubel, 1988; Pinel & Barnes, 2018). That is to say; there is a high possibility that 

only the low spatial frequency information in the bottom halves of, at least, study faces were 

processed during the composite tasks. The low spatial frequency information was beneficial to the 

composite face effect but not identifying the bottom halves.  

In addition, several recent studies on individual differences provided little support for the 

correlation between identification performance and composite effects (Horry, Cheong, & Brewer, 

2015; Rezlescu, Susilo, Wilmer, & Caramazza, 2017; Richler, Floyd, & Gauthier, 2015; though see 
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DeGutis, Wilmer, Mercado, & Cohan, 2013; Konar, Bennett, & Sekuler, 2010; Richler, Cheung, & 

Gauthier, 2011; Wang, Li, Fang, Tian, & Liu, 2012), implying the partial separation of these two 

processing as well.  

It is necessary to make it clear that this potential independence between identification and holistic 

processing does not entail that holistic processing is not important to face identification. Instead, it 

might suggest that holistic processing happens at a very early stage when less facial information is 

available, and holistic processing perhaps is necessary for face identification (Rossion, 2013).   

2.7.6. Unconscious face processing 

Which of the facial information could be processed unconsciously? Results of the current study 

demonstrated that one portion of faces could influence other parts unconsciously, implying that 

holistic face processing can be executed unconsciously. Moreover, previous studies provide strong 

evidence that facial expressions (for reviews, Pessoa, 2005; Tamietto & de Gelder, 2010), 

familiarity (de Gardelle & Kouider, 2010; Henson et al., 2008; Kouider et al., 2009), gender 

(Finkbeiner & Palermo, 2009; Khalid et al., 2013; Quek & Finkbeiner, 2014), gaze (Sato et al., 

2007; Stein et al., 2012; Yokoyama et al., 2013), and shape (Stein & Sterzer, 2011) also can be 

processed unconsciously. In contrast, identity (Moradi et al., 2005) and ethnicity (Amihai et al., 

2011) were reported not to be processed unconsciously. However, considering the adaptation 

paradigms they used (see discussion earlier), my results lead me to reconsider whether identity 

information is unavailable to unconscious processing. Anyhow, these results showed that most of 

the facial information could be processed unconsciously, which might suggest the general 

biological significance of facial information (Pessoa & Adolphs, 2010).  

2.7.7. Shortcomings 

The effect size of the composite effect observed in the unconscious condition of my study is not 

that large. One possible reason is the stimuli used in the present study. For example, the composite 

faces were created randomly by combining the top and bottom halves from the same stimulus set 

(see Stimuli in Experiment 1), making the current study suboptimal to measure the composite 

effects (Rossion, 2013). Additionally, the contour of all face stimuli in my study was standardized 

to an oval shape, which might eliminate parts of the composite effects caused by face contours (F. 

Jiang et al., 2011; Rossion, 2013). Another possibility is that the unconscious holistic processing 

for unfamiliar faces is weak, and it is stronger for familiar faces. This speculation stems from 

higher efficiency in the processing of familiar over unfamiliar faces (Burton, Jenkins, Hancock, & 

White, 2005; P. J. B. Hancock, Bruce, & Burton, 2000), automaticity of processing some 
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information (e.g. gender and identity) in familiar faces (Yan, Young, & Andrews, 2017), and the 

modulations of invisible familiar faces on neural responses (Henson et al., 2008; Kouider et al., 

2009). 

In addition, as mentioned earlier, the number of catch trials mixed with composite trials was not 

large, only approximately 6% of all the trials in each task. My main aim was to minimize the 

probability that participants would shift their attention to the bottom halves of faces. Conversely, 

the small number of catch trials also makes it sense to doubt their validity. Considering the 

replication crisis in the field of psychology, it is necessary to replicate these results in the future.   

2.7.8. Conclusions 

All in all, this study provides evidence that the processing of one facial part would be influenced by 

other parts even when they are presented unconsciously, suggesting that holistic face processing 

can occur unconsciously.  
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Chapter 3. Linear Mixed Models 
In the following chapters, I analyze ERP amplitude data with linear mixed models (LMM, or linear 

mixed-effects models), which a number of researchers have recommended applying in psychology 

(Brauer & Curtin, 2018; Judd, Westfall, & Kenny, 2012, 2017; Peugh, 2010; Westfall, Judd, & 

Kenny, 2015; Westfall, Kenny, & Judd, 2014) and neuroscience (Aarts, Verhage, Veenvliet, Dolan, 

& Van Der Sluis, 2014; Boisgontier & Cheval, 2016; Chen, Saad, Britton, Pine, & Cox, 2013; 

Frömer, Maier, & Rahman, 2018). As LMM is still a relatively new statistical method in these 

fields, and there is no consensus yet on some aspects of conducting LMM (e.g., how to perform the 

model selection procedures; more see 3.2), I will make a brief introduction to LMM, including the 

benefits of LMM over repeated-measures analysis of variances (rm-ANOVA), outline how I 

performed LMM in the experiments of this thesis, and finally demonstrate how to interpret the 

results obtained from LMM.  

Comparing with LMM, psychological researchers are more familiar with linear models (LM), 

which are the basis for the statistical tests commonly used in most experimental studies, such as 

Student’s t-test, analysis of variance (ANOVA) and linear regression. One of the important 

assumptions underlying LM is that observations (i.e., the values of the dependent variable) are 

independent of each other (Aarts et al., 2014; Field, 2013). When this assumption is violated, for 

example, observations in multiple conditions produced by the same participants, it would not be 

appropriate to analyze the data with LM. Instead, other methods should be applied. For instance, 

rm-ANOVA is usually employed to analyze the data collected from within-subject experimental 

designs, in which the same participants complete multiple conditions, resulting in dependency 

among observations. More specifically, rm-ANOVAs can estimate the within- and between-subject 

variances and, therefore, are able to calculate the effects of experimental manipulations and their 

statistical significance more accurately than an ANOVA. Analogously, LMM is also able to 

estimate the dependency among observations and, further, conduct more accurate statistical 

inferences.  

Similar to LM, there are also independent and dependent variables in LMM. The dependent 

variable refers to the observations, i.e., the values measured with some specific methods, such as 

behavioral performance, neural responses, etc. The independent variables are usually the variables 

that experimenters are interested in. By manipulating the independent variables, researchers can 

explore how these factors would take effects on the dependent variables. In LMM, the effects 

produced by independent variables are called fixed effects, and independent variables are called 

fixed factors. By contrast, there are also random factors whose influence on the dependent 
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variables is not of interest to researchers. For instance, in experiments with within-subject 

experimental designs, participants are one type of random factors. Similarly, in a developmental 

study collecting data from multiple schools, schools are also one of the potential random effects if 

researchers are not interested in whether one school is better than another. Critically, the random 

factors would result in the dependency among observations, and the estimations of fixed factors 

will be more accurate only when the random effects are dissociated from the fixed effects. 

Collectively, the variables in LMM can be classified as fixed and random factors. By estimating the 

effects of both fixed and random factors, LMM is capable of analyzing interdependent data. 

3.1. Advantages of LMM over rm-ANOVA 

LMM and rm-ANOVA have a lot of aspects in common. For instance, they share some 

assumptions, such as residuals being independent and identically distributed, and both could handle 

data collected from within-subject designs. Since rm-ANOVA has already been widely used in 

various fields, why is it necessary to employ LMM? Indeed, rm-ANOVA is quite handy and easy 

to understand. However, there are several advantages of LMM over rm-ANOVA, which make 

LMM more and more popular in statistical analyses, especially as an alternate of rm-ANOVA 

(Aarts et al., 2014; Baayen, Tweedie, & Schreuder, 2002; Boisgontier & Cheval, 2016; Jaeger, 

2008; Kristensen & Hansen, 2004; Quené & van den Bergh, 2004).  

3.1.1. Assumptions 

There are fewer assumptions for LMM compared with rm-ANOVA. For example, one of the 

important assumptions for rm-ANOVA is that sphericity (or compound symmetry) is satisfied 

(Field, 2013); in other words, for one within-subject independent variable, the variances of 

differences between any two levels are equal. Violation of sphericity assumption in rm-ANOVA, 

as often occurs in real data, may increase Type I errors (Hesselmann, 2018; Quené & van den 

Bergh, 2008). In LMM, the random effect structures are defined explicitly, and, thus, LMM is not 

restricted by variations in sphericity or compound symmetry (Linck & Cunnings, 2015; Magezi, 

2015; West, Welch, & Galecki, 2015).  

3.1.2. Multiple random effects  

LMM can model multiple random effects in the same data set, whereas rm-ANOVA can only 

estimate the effects of one random factor, which is usually the participant. Apart from the random 

effects of participants, other random effects, such as stimuli (or items), schools, etc, also should be 

considered in psychological experiments (Baayen, Davidson, & Bates, 2008; Brauer & Curtin, 

2018; Judd et al., 2012, 2017; Westfall et al., 2014). As indicated in a stimulation study, when there 
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were multiple random factors in the data set, the Type I error rates of models estimating only one 

random factor could be as high as 0.616 (Judd et al., 2012), which was far higher than the nominal 

alpha level of 0.05. LMM can fit data with two or more random factors in the same model. 

Furthermore, the random effects estimated by LMM can either be nested (e.g., each participant 

only completes one condition of the fixed factor) or crossed (e.g., participants complete all 

conditions within the fixed factor) (Boisgontier & Cheval, 2016; Judd et al., 2017). 

3.1.3. Missing values 

LMM can easily deal with the missing values (or cells) in datasets while rm-ANOVA handles this 

situation poorly (Brauer & Curtin, 2018; Kliegl, Wei, Dambacher, Yan, & Zhou, 2011; Linck & 

Cunnings, 2015; Magezi, 2015; Matuschek, Kliegl, Vasishth, Baayen, & Bates, 2017). Participants 

who have missing cells in at least one condition have to be discarded if rm-ANOVA is utilized. 

Discarding data due to missing values is not only a waste of experimental resources but may also 

lead to biased results without considering information from all samples. By contrast, LMM employ 

restricted maximum likelihood to obtain the best estimations of each parameter (Bolker, 2008; 

Brauer & Curtin, 2018; Finch, 2014; Magezi, 2015; Matuschek et al., 2017), and so can incorporate 

the remaining observations that would otherwise be excluded from the analysis. 

3.1.4. Control variables 

In psychological experiments, sometimes there are some variables that may influence dependent 

variables, but they are not what researchers are interested in. These variables are called control 

variables. In order to minimize the influences of these control variables statistically, rm-ANOVA 

can only be utilized when the control variable is continuous. In this case, the continuous control 

variable can be added as a covariate and then the experimenter can perform an analysis of 

covariance (ANCOVA). Alternatively, LMM can be employed with multiple control variables, 

which can be continuous or discrete (Magezi, 2015).  

3.1.5. Other advantages 

Moreover, rm-ANOVA can only analyze data whose independent variables are categorical. By 

contrast, fixed effects estimated with LMM can be either categorical or continuous (Enders & 

Tofighi, 2007; Jaeger, 2008; Judd et al., 2012; Kliegl et al., 2011). Further, if the dependent 

variables are binomial (e.g., yes or no responses), generalized linear mixed model (GLMM), such 

as logit mixed models (DeMaris, 2006; Dixon, 2008; Jaeger, 2008; Menard, 2002b), are also 

available. Some other GLMM, e.g., generalized additive mixed models, can even deal with the 
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effects of practice and fatigue in experiments (Baayen, Vasishth, Kliegl, & Bates, 2017; Winter & 

Wieling, 2016).   

Overall, compared with rm-ANOVA, LMM can generalize conclusions to other participants, 

stimuli, and groups by estimating the corresponding random effects and are more robust against 

violations of sphericity and missing values. Despite these benefits, LMM are still not widely used 

by researchers – at least in part because of some challenges. 

3.2. Challenges for using LMM 

One of the challenges for performing LMM is the disagreement on how to define the random effect 

structures, which can affect the Type I error rates and statistical power of the model (Matuschek et 

al., 2017; Seedorff, Oleson, & McMurray, 2019). Some researchers have argued that the random 

effect structures in LMM should be kept maximal based on experimental designs (Barr, Levy, 

Scheepers, & Tily, 2013), i.e., including all the random intercepts and random slopes13. Though 

these models strictly control the Type I error rates (Barr et al., 2013; Singmann & Kellen, 2019), 

they are usually very hard to converge (Bates, Kliegl, Vasishth, & Baayen, 2018; Matuschek et al., 

2017; Singmann & Kellen, 2019), especially when the lme4 package (Bates, Mächler, Bolker, & 

Walker, 2015) is used in R (RStudio Team, 2019). On the other hand, some statisticians 

recommended the utilization of parsimonious mixed models, in which only the random effects 

supported by data would be retained (Bates et al., 2018; Matuschek et al., 2017). Some researchers 

demonstrated that the use of parsimonious mixed models could increase statistical power without 

inflating the possibility of making Type 1 errors (Matuschek et al., 2017; Seedorff et al., 2019). But 

Barr et al. (2013) argued that the generalization of the results obtained from parsimonious mixed 

models was worse than that of maximal models. Given that the maximal model usually cannot 

converge, parsimonious mixed models are used in my thesis.  

Another challenge about conducting LMM is the controversy on how to determine degrees of 

freedom and the significance of fixed effects (Bolker, 2019). Some researchers test the significance 

of fixed effects by contrasting the variances explained by models with and without that fixed effect. 

That is computing the likelihood ratio for the fixed effects (e.g., Payne & Federmeier, 2017; 

Winter, 2013). Some researchers have considered fixed effects to be statistically significant when 

                                                 

 

13 Random intercepts and random slopes allow each level of random factor (e.g., each participant or each stimulus) to 
have its own intercept and slope. If a random intercept or a random slope is not included in the model, the same 
intercept or the same slope would be used for that random factor (e.g., the same intercept is used for all participants). 
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their t value is larger than 2 (e.g., Wong, Wong, Lui, Ng, & Ngan, 2019). Recently, the Kenward-

Roger and Satterthwaite approximations have been developed to estimate degrees of freedom and 

evaluate the significance of fixed effects in LMM (Kuznetsova, Brockhoff, & Christensen, 2017; 

Luke, 2017). These approximations have yielded reasonable Type I error rates in simulations 

(Luke, 2017). Therefore, the Satterthwaite approximations are employed in my studies and will be 

completed with the lmerTest package (Kuznetsova et al., 2017). 

Recently, more and more guidelines for conducting LMM in different fields have become available 

for researchers to choose from (Bolker et al., 2009; Finch, 2014; Harrison et al., 2018; Meteyard & 

Davies, 2019; Peugh, 2010; West et al., 2015; Winter, 2013). Although these tutorials suggest 

varied solutions for the above challenges, they provided more comprehensive introductions to 

LMM and make it possible for researchers to choose the appropriate approaches for their own 

fields. 

3.3. Interpretations of LMM results 

Besides the challenges faced by researchers when using LMM, there is also no clear consensus on 

how to report the results of LMM. Here, I used a simulated data set to briefly introduce how I fit 

data with LMM and how to interpret its results. 

3.3.1. The simulated data set 

The simulated experiment employed a within-subject design, and so each of thirty participants 

completed all the trials. On each trial, participants viewed a single face image and were asked to 

make a gender judgment. The face images could be presented in different orientations (upright vs. 

inverted), and at different contrasts (normal vs. negative). Simulated N170 amplitude was used as 

the dependent variable. Each of thirty images was presented once in each condition for thirty 

participants for a total of 3600 observations. The population means of N170 amplitudes for upright 

normal faces, inverted normal faces, upright negative faces, and inverted negative faces were -5µV, 

-7µV, -6µV, and -3µV, respectively. The data were simulated with custom R scripts14 and the 

analysis of this simulation study is available at https://osf.io/xtnmj/. 

                                                 

 

14 More details about how the data is simulated is available: https://haiyangjin.github.io/portfolio/simulate-data-lmm/. 

https://osf.io/xtnmj/
https://haiyangjin.github.io/portfolio/simulate-data-lmm/
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3.3.2. The LMM model 

In this simulated data set, the fixed factors are Orientation (upright vs. inverted) and Contrast 

(normal vs. negative), and the random factors are participants and stimuli. The LMM model was as 

follows: 

Amplitudes ~ Orientation × Contrast           

+ (1 + Orientation × Contrast | Participant)

+ (1 + Orientation × Contrast | Stimulus)  

(3.1) 

where Amplitudes represents the N170 amplitudes, which was the dependent variable, and 

Orientation × Contrast denotes the main effects of Orientation and Contrast, as well as their 

interaction. “| Participant” and “| Stimulus” denote the by-participant and by-stimulus random 

effects, respectively.  

3.3.3. Model selection procedures 

As this maximal model (Model 3.1) converged, no further model selections were needed. But for 

most of the other models in this thesis, model selection procedures need to be performed to decide 

which of the random effects are supported by the data.  

The general procedures to obtain an optimal model for each dependent variable follow the 

recommendations of Bates et al. (2018) and Matuschek et al. (2017). First, the maximal model is 

created, in which the random effect structure includes all by-participant and by-item random 

intercepts and random slopes. If the maximal model fails to converge, the corresponding zero-

correlation-parameter (ZCP) model, in which the correlations between random effects are forced to 

be zero, is fitted. Then the random effects that do not significantly explain the data will be removed 

from the ZCP model, resulting in the reduced model. The extended model is then built by adding 

back the correlations between the remaining random effects in the reduced model. If the extended 

model still cannot converge, the random effects with the smallest amount of variance will be 

removed one by one until a converged model is achieved, resulting in the final extended model. 

Next, the reduced and extended models are compared with each other, and the one that explains 

data better (with smaller Akaike’s Information Criterion (Akaike, 1998)) will be the optimal model. 

Follow-up comparisons will be conducted based on this optimal model. 

3.3.4. The LMM table 

The first output we obtained from the LMM is the summary output, which includes all the settings 

for fitting the model and its results, such as the estimated variances of random effects and the 
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estimated parameters for fixed effects. As only the fixed effects are the factors that researchers are 

generally interested in, I will mainly introduce the interpretations of the fixed effects in the 

summary output, i.e., the LMM table.  

The LMM table for Model 3.1 is shown in Table 3.1. It describes the estimations of one intercept 

and three slopes. The interpretations of the intercept and slopes vary depending on the contrast 

coding used in the model. In Model 3.1 (and other models in this thesis), I used successive 

differences contrast coding15, instead of the default dummy coding in R, because its interpretation 

is similar to the results of conventional ANOVAs when there are only two levels of each fixed 

factor. With successive differences contrast coding, the mean of the dependent variable for one 

level is contrasted with the previous adjacent level. For instance, “Orientation2-1” in Table 3.1 

represents the mean of amplitudes for inverted faces (the second level in Orientation) subtracting 

the mean of amplitudes for upright faces (the prior adjacent level to inverted in Orientation). 

Moreover, for “Orientation2-1”, the amplitude differences between inverted and upright conditions 

are calculated across Contrast. Simply put, “Orientation2-1” denotes the main effect of Orientation. 

Analogously, “Contrast2-1” denotes the main effect of Contrast, and “Orientation2-1:Contrast2-1” 

denotes the interaction between Orientation and Contrast. These denotations can also be confirmed 

by the comparisons between the estimated parameters from LMM and the corresponding assumed 

population parameters (Table 3.2).  

Table 3.1.  

The LMM table of the linear mixed model for the simulated data. 

  Estimate Std. Error df t value p  
(Intercept) -5.18 0.10 53.87 -52.27 0.000 *** 
Orientation2-1 0.52 0.11 53.95 4.74 0.000 *** 
Contrast2-1 1.62 0.16 54.09 10.30 0.000 *** 
Orientation2-1:Contrast2-1 4.93 0.13 49.82 37.32 0.000 *** 

Note. df = degrees of freedom. In this model, the successive differences contrast coding instead of the default dummy 
coding was used, and the numbers in fixed effects denote different levels of that fixed factor. For instance, 
Orientation2-1 represents that amplitudes of the second level in Orientation (i.e., inverted) subtracted those of the first 
level in Orientation (i.e., upright).  
*** p < .001. 

In contrast to conventional ANOVAs employing F-tests, t values are reported in LMM with 

degrees of freedom and significance estimated using the Satterthwaite approximations (Kuznetsova 

et al., 2017; Luke, 2017). To report the results of LMM, I include the t values, estimated degrees of  

                                                 

 

15 Successive differences contrast coding can be set with “MASS::contr.sdif” in R.  
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Table 3.2.  

Contrasts of the estimated parameters in Table 3.1 with the corresponding assumed population parameters. 

  Estimate Population 
parameters Calculations Effects 

(Intercept) -5.18 -5.25 (upr_nor + upr_neg +  
inv_nor + inv_neg)/4 (mean of all conditions) 

Orientation2-1 0.52 0.50 (inv_nor + inv_neg)/2 – 
(upr_nor + upr_neg)/2 

The main effect of 
Orientation 

Contrast2-1 1.62 1.50 (upr_neg + inv_neg)/2 – 
(upr_nor + inv_nor)/2 

The main effect of 
Contrast 

Orientation2-1: 
Contrast2-1 4.93 5.00 (inv_neg – inv_nor) –  

(upr_neg – upr_nor) The interaction 

Note. “upr” denotes “upright”, “inv” denotes “inverted”, “nor” denotes “normal”, and “neg” denotes “negative”. The 
estimates obtained from Table 3.1 were similar to the population parameters.  

freedom and the significance of the t-value (i.e., p-value), as well as the estimation of the beta 

value (b) and its 95% confidence intervals (CI). For the results of Model 3.1, the main effect of 

Orientation (t(53.95) = 4.74, p < .001, b = 0.52, 95% CI =  [0.30, 0.73]) and the main effect of 

Contrast (t(54.09) = 10.30, p < .001, b = 1.62, 95% CI = [1.31, 1.93]) were found to be significant, 

as was their interaction (t(49.82) = 37.32, p < .001, b = 4.93, 95% CI = [4.68, 5.19]).  

In addition, as sometimes there are multiple random effects in the LMM model, the means obtained 

by averaging all trials for one random factor (e.g., means for each participant in each condition) 

will not be applicable. Thus, the means for each condition are described with the estimated 

marginal means, which are calculated using the emmeans package (Lenth, 2019) in this thesis. The 

estimated marginal means for Model 3.1 are shown in Figure 3.1 and Table 3.3.  

Table 3.3.  

Estimated marginal means of amplitudes for each condition in the simulated data. 

Orientation Contrast emmean SE df lower.CL upper.CL Population 
means 

upright normal -5.02 0.04 35.4 -5.10 -4.93 -5.00 
inverted normal -6.97 0.12 46.8 -7.21 -6.73 -7.00 
upright negative -5.86 0.14 54.3 -6.15 -5.58 -6.00 
inverted negative -2.88 0.21 56.5 -3.30 -2.46 -3.00 

Note. emmean = estimated marginal means, SE = standard error, df = degrees of freedom, “lower.CL” and “upper.CL” 
denote the lower and upper boundaries of 95% confidence interval. The estimated marginal means were similar to the 
population means. 
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3.3.5. Pairwise contrasts 

In order to explore the differences between upright and inverted conditions for each level of 

Contrast, or to examine the differences between normal and negative conditions for each level of 

Orientation, pairwise contrasts can be used. These are similar to simple effects analyses for 

ANOVAs. The pairwise contrasts were also calculated using the emmeans package (Lenth, 2019). 

The results of pairwise contrasts for Model 3.1 is shown in Table 3.4.  

Table 3.4.  

Pairwise contrasts of simulated amplitudes. 

Orientation Contrast contrast estimate SE df t p Population 
parameters 

 normal upr-inv 1.95 0.11 50.4 17.97 .000 2.00 
 negative upr-inv -2.98 0.14 54.9 -20.75 .000 -3.00 
upright  nor-neg -0.85 0.15 53.2 5.83 .000 -1.00 
inverted  nor-neg -4.09 0.19 55.1 -21.19 .000 -4.00 

Note. contrast = the comparison between the two levels (upr = upright, inv = inverted, nor = normal, neg = negative), 
estimate = estimated differences for that contrast, SE = standard error, df = degrees of freedom, Bonferroni corrections 
for four tests were applied for these pairwise contrasts. The estimated differences were similar to the differences 
between population means.  

Analogous to reporting the results of the summary output, I also include the t-values, degrees of 

freedom and the test of significance (i.e., p values), as well as the estimation of the difference (b) 

and its 95% CI. For Table 3.4, pairwise contrasts corrected with Bonferroni methods for four tests 

revealed that amplitudes for upright normal faces were weaker (i.e., negative smaller) than those 

Figure 3.1.  Amplitudes as a function of Orientation and Contrast in the simulate data. Error bars represent the 
95% confidence intervals. The black solid points denote the assumed population means in different conditions. 
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for inverted normal faces (t(50.36) = 17.97, p < .001, b = 1.95, 95% CI = [1.67, 2.23]), and 

amplitudes for upright negative faces were stronger (i.e., negative larger) than those for inverted 

negative faces (t(54.92) = -20.75, p < .001, b = -2.98, 95% CI = [-3.35, -2.61]). Moreover, 

amplitudes for upright normal faces were weaker than those for upright negative faces (t(53.18) = 

5.83, p < .001, b = 0.85, 95% CI = [0.47, 1.22]) and amplitudes for inverted normal faces were 

enhanced than those for inverted negative faces (t(55.10) = -21.19, p < .001, b = -4.09, 95% CI = [-

4.58, -3.59]).  

3.3.6. Interaction pairwise contrasts 

In this simulated study, we can define the inversion effects as the difference in amplitudes between 

inverted and upright conditions. If one aims to examine how inversion effects differ between 

normal and negative Contrast conditions, interaction pairwise contrasts can be performed, again 

with the emmeans package (Lenth, 2019). The results of the interaction pairwise contrast for Model 

3.1 is shown in Table 3.5.  

Table 3.5.  

Interaction contrasts between Orientation and Contrast of simulated amplitudes. 

Orientation Contrast estimate SE df t p Population 
parameters 

upright - inverted normal - negative 4.93 0.13 49.8 37.32 .000 5.00 

Note. estimate = estimated interaction effects, SE = standard error, df = degrees of freedom. This interaction contrast 
was the same as the interaction in the LMM table (Table 3.1). 

Similar to the LMM table and pairwise contrasts, the interaction16 between Orientation and 

Contrast reached significance (t(49.82) = 37.32, p < .001, b = 4.93, 95% CI = [4.67, 5.20]), 

suggesting that inversion effects were greater in normal-contrast conditions than in the negative-

Contrast conditions.  

Notably, there was actually no need to perform this interaction pairwise contrast as it was already 

tested and shown in the LMM table (Table 3.1). Nevertheless, for other studies that include three or 

more fixed factors, interaction pairwise contrasts could be performed to examine the interactions 

between two of the fixed factors by splitting the other fixed factors. 

                                                 

 

16 This interaction is equivalent to (normal upright – normal inverted) – (negative upright – negative inverted). 
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Interaction pairwise contrasts also can be conducted to assess the interactions between two levels 

of one fixed factor and two levels of another when there are three or more levels in at least one of 

these fixed factors. For instance, in a study in which inverted and upright faces are displayed for 

100ms, 200ms, and 300ms, differences of inversion effects (i.e., inverted minus upright) between 

any two durations can be tested with interaction pairwise contrasts. In this case, there should be 

three tests in total: contrasts of inversion effects between 100ms and 200ms conditions17, between 

100ms and 300ms conditions18, and between 200ms and 300ms conditions19. The results of these 

three contrasts can additionally be corrected with Bonferroni methods. 

3.4. Summary 

In summary, the LMM employed in this thesis uses successive differences contrast coding, rather 

than the default dummy coding in R. The summary output of the final (optimal) model will be 

reported. Pairwise and interaction pairwise contrasts will be conducted based on the research 

questions.  

                                                 

 

17 This contrast is equivalent to (100ms inverted – 100ms upright) – (200ms inverted – 200ms upright). 
18 This contrast is equivalent to (100ms inverted – 100ms upright) – (300ms inverted – 300ms upright). 
19 This contrast is equivalent to (200ms inverted – 200ms upright) – (300ms inverted – 300ms upright). 
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Chapter 4. Distribution Analyses of the N170 

Amplitudes 

4.1. Introduction 

The N170 is an enhanced, negative event-related potential (ERP) component peaking around 

170ms after onset of face relative to non-face stimuli over the occipital-temporal visual cortex 

(Allison et al., 1994; Bentin et al., 1996; Rossion, 2014; Rossion & Jacques, 2011). Many studies 

have investigated the characteristics of the N170, and have consistently found supports for the face-

specificity effect, in which the amplitude of the N170 is greater for faces relative to non-face 

objects, such as houses (Boutsen et al., 2006; Itier & Taylor, 2004a; Rousselet et al., 2005; 

Rousselet, Husk, et al., 2008), cars (Allison et al., 1994; Carmel & Bentin, 2002), furniture 

(Boutsen et al., 2006; Eimer, 2000a; Itier et al., 2006) and so on. Similarly, intact faces also elicited 

larger N170 amplitudes compared with scrambled faces (Allison et al., 1994; Bentin et al., 1996; 

Rossion & Caharel, 2011), which could be called as the intact-faces effect. The N170 evoked by 

faces is typically higher in amplitude at right hemisphere electrodes than left hemisphere (Allison 

et al., 1994; Boutsen et al., 2006; Carmel & Bentin, 2002; Dundas et al., 2014; Itier & Taylor, 

2004a; Rousselet et al., 2005; Rousselet, Husk, et al., 2008), supporting the notion of (right) 

lateralization of face processing.  

The N170 is derived from electroencephalogram (EEG) data in a similar fashion to other ERP 

components. That is, through signal averaging of a large number of trials in the same experimental 

condition. The amplitude of the N170 is typically estimated by computing the average of a number 

of data samples occurring within a specified time window, centered on or about 170ms post 

stimulus. The mean amplitude of similar trials is used as an estimate of the central tendency of the 

amplitude distribution. This process of averaging single trials involves the implicit assumptions 

that the ERPs will be similar from trial to trial and, critically, that the distribution of amplitudes is 

normally distributed. This is because the mean is only a good estimate of the central tendency when 

the data are normally distributed (Wilcox, 2012). If the amplitude distribution is non-normal (e.g., 

skewed), the mean does not represent all amplitudes accurately, and inaccurate estimations may 

result in biased interpretations of ERP amplitudes.  

Despite the importance of the assumption of normally distributed amplitudes that underlies ERP 

signal averaging, it is seldom tested directly in the ERP context. Most studies assume that this 

assumption is satisfied, while some researchers have applied transformations directly because there 

was no evidence showing that ERP amplitudes were normally distributed (e.g., Rousselet, Husk, et 
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al., 2008). In this study, I used the N170 as a case study to explore amplitude distributions 

qualitatively and quantitatively.  

First, I explored amplitude distributions qualitatively by extracting and plotting the distributions of 

single-trial N170 amplitudes for each condition across participants. The data used in this study 

came from three similar experiments comparing the influence of different stimulus conditions on 

N170 amplitudes. Different stimulus categories (faces vs. houses) and types (intact vs. scrambled), 

were presented for various durations (17ms, 50ms, 100ms, and 200ms) to participants, who were 

instructed to categorize the stimuli as a face or a house by pressing keys. EEG was recorded during 

the whole experiment, and the mean amplitude in the N170 time window was calculated for each 

trial after pre-processing (for more details see Methods). Figures 4.1 and 4.2 depict the amplitude 

distributions for intact and scrambled stimuli for each stimulus duration. Separate distributions are 

plotted for electrodes over the left and right hemispheres. Visual inspection of these figures reveals 

that the amplitude distributions for intact faces over the right hemispheres seemed to skew to the 

left (negative), while the distributions of some other conditions, such as scrambled faces over right 

hemispheres, appeared to be roughly normally distributed. These observations raise the question of 

whether the potential skewness of the distributions, rather than differences in central tendency that 

drove some of the N170 effects found in previous studies. For example, was it the skewness in 

amplitude distributions for intact faces over right hemispheres that resulted in larger N170 

amplitudes for intact faces relative to scrambled faces? 

In order to explore amplitude distributions quantitatively and investigate the roles of skewness, I 

employed ex-Gaussian functions, a convolution of exponential and Gaussian (normal) functions 

(Dawson, 1988; Lacouture & Cousineau, 2008). Fitting with ex-Gaussian functions is a strategy for 

dealing with skewed data. It has been widely used to analyze distributions of the response times 

(Bryce, Szűcs, Soltész, & Whitebread, 2011; Dawson, 1988; Heathcote, Popiel, & Mewhort, 1991; 

Kinoshita & Hunt, 2008; Kóbor et al., 2015; Ratcliff, 1979) and reading times (Payne & 

Federmeier, 2017; Payne & Stine-Morrow, 2014). With ex-Gaussian functions, two components 

can be derived from a skewed distribution: a Gaussian (normal) component and an exponential 

component. Two parameters are used to describe the Gaussian component: its central tendency or 

location is captured by µ (mean), and its variability is represented by σ (standard deviation). The 

exponential component is described by a single parameter, τ, which reflects how (right) skewed the 

distribution is. Critically, factors that affect µ produce a location shift of the distribution, factors 

that affect σ cause changes in the variability of the Gaussian component, and factors that increase τ 

result in more extreme large data points, such as more trials with slow reading times (Payne & 

Federmeier, 2017).  
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Figure 4.1. Density distributions of the N170 single-trial mean amplitudes for intact stimuli across participants 
for each condition. Data came from three experiments, showed as E1 (Experiment 1, the first four rows), E2 
(Experiment 2, the middle four rows), and E3 (Experiment 3, the last two rows). In each experiment, stimuli 
were presented for various durations, such as 17, 50, 100, or 200ms. The left two and right two columns 
showed distributions for left and right hemispheres, respectively. The odd and even columns showed 
distributions for face and house stimuli, respectively. By visually checking, amplitude distributions for intact 
faces over right hemispheres seem skewed to the left.  
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Figure 4.2. Density distributions of the N170 amplitudes for scrambled stimuli across participants for each 
condition. Data came from three experiments, showed as E1 (Experiment 1, the first four rows), E2 
(Experiment 2, the middle four rows), and E3 (Experiment 3, the last two rows). In each experiment, 
stimuli were presented for various durations, such as 17, 50, 100, or 200ms. The left two and right two 
columns showed distributions for left and right hemispheres, respectively. The odd and even columns 
showed distributions for face and house stimuli, respectively.  
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Ex-Gaussian functions are only applicable to data distributions with a positive (rightward) skew 

(see Figure 4.3 for simulated rightward skew data), which are typical of distributions for response 

times and reading times. However, ERP amplitude distributions can be either right or left skewed, 

or can be normally distributed. Therefore, I modified the ex-Gaussian functions from Lacouture 

and Cousineau (2008) before fitting amplitude distributions. The modified ex-Gaussian functions 

share the same conceptions of µ and σ with typical ex-Gaussian functions, and only differ in the τ 

parameter. In standard ex-Gaussian functions, τ is always a positive number, with larger τ-values 

representing more positive skew. In modified ex-Gaussian functions, τ can be positive, negative, or 

zero (see Figure 4.4). In the context of ERP amplitudes, a positive value of τ means more extreme 

amplitudes on the right side of the distribution, negative τ values indicate more extreme amplitudes 

on the left side of the distribution. When τ is zero, this indicates that amplitudes are normally 

distributed, and no skewed component is present. Thus, with modified ex-Gaussian functions, I can 

examine quantitively whether amplitudes are normally distributed. Furthermore, I can also explore 

whether the effects on the N170 observed in previous literature (i.e., the face-specificity effect, the 

intact effect, and the lateralization effect) originate from distribution shifts in the Gaussian 

components (µ), changes in the exponential component (i.e., τ), or a combination of both.  

Figure 4.3. Frequency distributions of simulated rightward skew data. One thousand data points were sampled 
from a right skewed population with µ being -5, σ being 3, and τ being 5. The distribution of these 1000 data 
points was fitted with ex-Gaussian functions (Lacouture & Cousineau, 2008) and the estimated parameters 
were shown in the text box with µ being -5.07, σ being 2.98, and τ being 4.80, which were similar to the 
parameters of the population. The red curve indicates the ex-Gaussian function with fitted parameters.  
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Figure 4.4. Frequency distributions of simulated data with different skewness. One thousand data points 
were sampled separately from (a) a right skewed population with µ being -5, σ being 3, and τ being 5, (b) 
a left skewed population with µ being -5, σ being 3, and τ being -5, and (c) a normal distribution with µ 
being -5, σ being 3, and τ being 0. These distributions were fitted with modified ex-Gaussian functions 
and the estimated parameters were showed in the text box, which were similar to the parameters of the 
population. The red curves indicate the modified ex-Gaussian functions with fitted parameters.  
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Specifically, I fitted modified ex-Gaussian functions to single-trial N170 amplitude distributions 

for each participant in each condition. The parameters (µ and τ) generated by modified ex-Gaussian 

fits were submitted to linear mixed-model (LMM) analysis (Bates et al., 2015; Bolker et al., 2009; 

Frömer et al., 2018; Maas & Hox, 2004).  

Overall, in this study, I used the N170 as an instance to inspect the normality of amplitude 

distributions by fitting single-trial ERP amplitudes with modified ex-Gaussian functions, and 

explored contributions of Gaussian and exponential components to the effects of experimental 

manipulations on the N170. I first fitted the single-trial mean amplitudes with LMM by assuming 

the amplitudes were normally distributed. This approach replicates the analysis of N170 found in 

the previous literature (i.e., the face-specificity effect, the lateralization effect, the intact effect, and 

their interactions). Next, I analyzed µ and τ with LMM to explore whether they contributed to these 

effects on N170 amplitudes. Note that I analyzed single-trial mean amplitudes at the single-

observation level, but analyzed µ and τ at the aggregate level. Thus, LMM was then performed on 

aggregate mean amplitudes to rule out the possibility that any discrepancy between results obtained 

from the single-trial mean amplitudes and those of parameters estimated from modified ex-

Gaussian functions stems from modeling at different levels.  

4.2. Materials and Methods 

The data used in this study came from three experiments, which initially aimed to explore the 

influence of stimulus properties (e.g., durations, categories) on the N170 amplitudes.  

4.2.1. Participants 

Twenty (Experiment 1; 14 females, age range: 18-26 years old, Mage = 20.75), twenty 

(Experiment 2; 16 females, age range: 19-32 years old, Mage = 22.00) and thirty (Experiment 3; 14 

females, one did not report gender, age range: 18-33 years old, Mage = 23.73) healthy adults were 

recruited for the three experiments. All participants had normal or corrected-to-normal vision, 

participated in the experiment in exchange for course credits or for a supermarket voucher, and 

gave written consent before completing the tasks. This study was approved by the University of 

Auckland Human Participants Ethics Committee (Reference Number 016833).  

4.2.2. Stimuli 

The stimuli used in all the three experiments consisted of 40 photographs of Caucasian (20 female) 

faces from Ge et al. (2009) and 40 house images from Caltech Houses Database (Helle & Perona, 

2000). For faces, all the external features, such as ears, hair, necks were removed by cutting the 
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contour into an oval shape (200 × 256 pixels, 4.94° × 6.32°). The same oval profile was also 

applied to the house images to make sure that all the stimuli shared the same outline. In addition, 

all the face and house images were converted to greyscale, and their luminance was balanced using 

the SHINE toolbox (Willenbockel et al., 2010) in Matlab. Furthermore, a scrambled version of 

each image was created by randomizing all pixels of each image within the oval contour using a 

custom Matlab script (available: https://osf.io/nxav8/). An example house image and its 

corresponding scrambled image are shown20 in Figure 4.5.a & b. 

A further four face (two female) and four house images from the same databases were produced 

with the same procedure. These eight intact images and their corresponding scrambled images were 

used as practice stimuli.  

All stimuli were displayed against a 7° × 7° field of partially overlapping circles, which varied in 

size, location, and shade of grey.  In Experiments 2 and 3, the face, house, and scrambled images 

were followed by the presentation of a mask., which was identical in composition to this 

background (see Figure 4.5.c).   

4.2.3. Apparatus 

The experiments were administrated with E-prime 2.0 (Version 2.0.8.74, Psychology Software 

Tools, Pittsburgh, PA). Stimuli were displayed on a Samsung Sync Master HDTV monitor 

(P2270HD) in 1920 × 1080 resolution with a refresh rate of 60 Hz. The background color of the 

screen was gray (RGB values: 128, 128, 128). Participants were seated on a comfortable chair in a 

                                                 

 

20 No examples of face stimuli are showed here due to copyrights. 

Figure 4.5. Stimuli used in the experiments. (a) An example of the house images used in Experiment 2 and 
Experiment 3. The masking background was replaced with gray canvas when it was used in Experiment 1. (b) 
The corresponding scrambled stimuli of (a). It was created by randomizing all pixels within the oval contour. (c) 
The mask stimuli used in the Experiment 2 and Experiment 3. 

 

https://osf.io/nxav8/
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dimly lit, electrically shielded room (Belling Lee - Model L3000, Enfield, England). Responses 

were collected via the keyboard. The viewing distance between participants and the screen was 

about 57 cm.  

Electroencephalography (EEG) was recorded continuously (1000 Hz sample rate; 0.1-400 Hz 

analog bandpass, 400-MΩ input impedance) throughout each session using 128-channel Ag/AgCl 

electrode nets (Tucker, 1993) and amplifiers from Electrical Geodesics Inc. (Eugene, Oregon, 

USA). Electrode impedances were kept below 40 kΩ, an acceptable level for this system (Ferree, 

Luu, Russell, & Tucker, 2001). Common vertex (Cz) was used as a reference.  

4.2.4. Procedure 

4.2.4.1. Experiment 1 
Each trial in Experiment 1 (Figure 4.6.a) began with the display of a fixation point, which remained 

on the screen for 500ms. After a blank interval screen lasting 200ms, 250ms, 300ms, 350ms, or 

400ms, the experimental stimulus (face, house, or scrambled image) was presented for 17ms, 

50ms, 100ms, or 200ms. Next, a blank response screen was displayed and remained visible until 

one of the response keys was pressed. The task for participants was to categorize whether the 

stimulus was a face or a house by pressing the appropriate response key. The intertrial interval was 

1000ms, and was initiated by the participant’s response.  

A 2 (Type: intact vs. scrambled; by block) × 2 (Category: faces vs. houses) × 4 (Duration: 17ms, 

50ms, 100ms vs. 200ms) within-subject design was used in Experiment 1. This design was 

repeated twice resulting in 4 blocks in total. There were 40 trials in each condition and, therefore, 

each participant completed 1280 trials for the experiment. Each session lasted about 1 hour.  

4.2.4.2. Experiment 2 
The trials in Experiment 2 (Figure 4.6.b) were similar to those of Experiment 1. The only 

difference was that Experiment 2 employed “sandwich” masking. Once the fixation point 

disappeared, the mask appeared, remained on the screen as the background of the stimulus, and did 

not disappear until the response was collected. The experimental design of Experiment 2 was 

otherwise identical to that of Experiment 1.  

4.2.4.3. Experiment 3 
The trials in Experiment 3 (Figure 4.6.c) were the same as those of Experiment 2. However, the 

design of Experiment 3 was distinct from the previous two experiments. In this experiment, the 

stimuli were only presented for either 17ms or 200ms. Thus, the design was a 2 (Type: intact vs. 

scrambled; by block) × 2 (Category: faces vs. houses) × 2 (Duration: 17ms vs. 200ms) within-
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subject design. There were three “intact” blocks and one “scrambled” block in this experiment. In 

addition, the trials for 17ms conditions in every intact block were repeated three times, while trials 

for 200ms conditions were only presented once. In the scrambled block, trials for both 17ms and 

200ms conditions were shown twice. The number of trials for each participant was still 1280 in 

total.  

4.2.5. EEG data pre-processing 

The pre-processing of EEG data was conducted using EEGLAB (Version 14.1.2, Delorme & 

Makeig, 2004) in Matlab (Version 9.3, MathWorks, Natick, MA). All the steps, except for rejecting 

the independent components based on the results of independent component analysis (ICA), were 

completed with Matlab scripts (available: https://osf.io/fvtc3/) in the Cluster (high-performance 

computing system) of the New Zealand eScience Infrastructure.  

The pre-processing pipeline adopted for all the three experiments mainly followed “Makoto’s 

suggestion” from Miyakoshi (2019). First, the options of EEGLAB were changed to using double 

precision. After loading the raw EEG data, the timestamps of all triggers were shifted 50ms21 

                                                 

 

21 The delay had two sources. One part of the delay was due to the amplifier taking time to process signals, which is 
reported by EGI to be 36ms when 1000Hz sample rate (the parameter applied in this study) is used. The other part of 

Figure 4.6. Procedures for the three experiments. (a) The procedure of Experiment 1. (b) The procedure of 
Experiment 2. Sandwich masking was added comparing with Experiment 1. (c) The procedure for Experiment 
3. The stimuli were only presented for 17 or 200ms, but not 50 or 100ms.   

https://osf.io/fvtc3/
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earlier to correct for amplifier delays and the delays introduced in displaying the stimuli on the 

monitor. Then the EEG data were downsampled from 1000 Hz to 250 Hz and bandpass filtered (1-

50 Hz). Next, the channel location information was loaded, and the line-noise frequencies at 50Hz, 

100Hz, 150Hz, 200Hz, and 250Hz were removed with the CleanLine (Version 1.04) plugin22. Bad 

channels were then identified and removed with the clean_rawdata (Version 1.00) plugin and were 

interpolated afterward. Next, the EEG data were re-referenced to the average of all the channels. 

ICA was conducted on the continuous EEG data with AMICA (Version 1.5.1), and the results 

saved for further use. Note that the high-pass filter of 1 Hz was utilized in the initial part of the pre-

processing analysis, because high-pass filtered data at 1-2Hz works better for ICA (Winkler, 

Debener, Muller, & Tangermann, 2015). However, previous research also found that high-pass 

filtering (above 0.1 Hz) can distort the early ERP components (Acunzo, MacKenzie, & van 

Rossum, 2012). Therefore, all the above pre-processing steps, except for the ICA analysis, were 

repeated on the original data, but with a high-pass filter frequency of 0.1 Hz instead of 1 Hz. Then 

the ICA results from the initial pass (filtered with high-pass at 1 Hz) were applied to the data 

filtered with high-pass at 0.1Hz, as recommended by Makoto (Miyakoshi, 2019). Then the 

equivalent-dipole source localization of independent components was calculated with dipfit 

(Version 3.0) plugin, which was followed by identifying the components representing bilateral 

source activities with fitTwoDipoles (Version 0.01) plugin (Piazza et al., 2016). The dipole 

information would be used in rejecting ICA components that do not appear to have a brain source. 

Next, the continuous EEG data were segmented into 1500ms epochs, starting 500ms before the 

stimulus onsets. After all the above steps completed, the data were saved and transferred to a local 

computer for further manually rejecting independent components. Independent components of 

artifacts, such as eye blinks, horizontal eye movements, heartbeats, muscle contractions and so on, 

were identified with SASICA (Version 1.3.4, Chaumon, Bishop, & Busch, 2015), which 

implemented its own selection algorithms and other two automated methods: ADJUST (Mognon, 

Jovicich, Bruzzone, & Buiatti, 2011) and FASTER (Nolan, Whelan, & Reilly, 2010). Manually 

rejecting artificial effects were mainly based on the results of SASICA and guided by Pion-

Tonachini, Kreutz-Delgado, & Makeig (2019) as well. After removing the artifact components, the 

data were reloaded to the Cluster, for further pre-processing. The improbable data were identified 

                                                 

 

the delay was caused by the monitor taking time to display the stimuli. This delay time was measured by comparing the 
differences between the time point at which triggers of a stimulus were sent by E-prime and the time point the 
photoreceptor detected the luminance change of the screen, which was 14ms on average. In total, the delay time is 
50ms. 
22 All the plugins used in the pre-processing are available here: http://sccn.ucsd.edu/wiki/Plugin_list_process. 
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by joint probability and marked for all the channels. Then linear detrend was applied from 200ms 

earlier and 996ms after the stimulus onset of each epoch. As the last step of pre-processing, the 

baseline, from 200ms earlier to the onsets of stimuli, were corrected for epoch data. 

After the above pre-processing steps were performed for all the data sets, the EEGLAB STUDY 

was created with Matlab scripts in the Cluster and then the baseline of epochs, which was set as 

staring from 200ms before the onsets of stimuli, was precomputed. The STUDY was saved for 

further analysis, such as idenitfying the time windows and checking the peaks of brain activity on 

the scalp distribution maps.  

4.2.6. Time windows and peak channels 

The time windows and the peak channels of the N170 were decided separately for each experiment. 

For identifying the time windows, P7 (E58) and P8 (E96) were chosen as the assumed peak 

channels for the N170 according to previous literature (e.g., Jemel et al., 2003; Nemrodov, 

Niemeier, Mok, & Nestor, 2016; Rossion & Jacques, 2008). A grand averaged epoch for the cluster 

of channels23 centered on P7 and P8 was obtained by averaging all epoch data across participants, 

conditions, and channels using custom Matlab scripts. Then the minimal (most negative) amplitude 

value of the grand averaged epoch between 100ms and 250ms after the onset of the stimuli was 

located. The timepoints whose corresponding amplitude values were the closest to half of the 

minimum amplitude value were taken as the two ends of the time window. Moreover, to make sure 

that the time window was large enough to capture enough information, and not too large to gather 

the information of later components, the time window was further checked whether its size was in 

the range from 36ms to 40ms, a reasonable time window for the N170. If the time window size was 

out of this range, a different ratio, instead of half, was used to update the time window, and the 

window size was checked again. This whole process was repeated until the time window size was 

within the expected range, i.e., between 36ms and 40ms.  

After the N170 time window was set, the grand mean scalp distribution map for this period across 

all participants and conditions was created to allow visual inspection of the peak channels. It was 

observed that in Experiment 2 and Experiment 3, the centers of the negative peak activity were 

around PO7 (E65) and PO8 (E90), different from the assumed peak channels. Therefore, the peak 

channels for Experiment 2 and Experiment 3 were updated as PO7 and PO8 and their cluster 

                                                 

 

23 The cluster channels used for P7 (E58) were E58, E65, E59, E51, E50, E57, and E64. The cluster channels used for 
P8 (E96) were E96, E101, E97, E91, E96, E95, and E100.  
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channels: the cluster channels used for PO7 (E65) being E65, E70, E66, E59, E58, E64, and E69, 

and the cluster channels used for PO8 (E90) were E90, E96, E91, E84, E83, E89, and E95. In 

addition, since there was not enough evidence showing that the peak channels for Experiment 1 

were different from the assumed ones, the peak channels for Experiment 1 were unchanged, i.e., P7 

and P8.  

Because the peak channels for Experiment 2 and Experiment 3 were updated, their time windows 

were checked again with the same procedure but using the updated peak channels. As a result, the 

time windows for the three experiments were 128-164ms (width: 36ms, Experiment 1), 160-196ms 

(width: 36ms, Experiment 2), and 152-192ms (width: 40ms, Experiment 3) after the onsets of 

stimuli. 

4.2.7. Mean amplitude of single-trial ERPs 

The amplitudes employed in the current study were defined as the mean of the amplitudes within 

the time window. EEGLAB and custom Matlab scripts were utilized to calculate the mean 

amplitudes of every single trial. The single-trial data were then exported for further analysis with 

modified ex-Gaussian functions and linear mixed modeling (LMM).  

4.2.8. Modified ex-Gaussian functions 

The DISTRIB toolbox (Version 2.3) of ex-Gaussian function from Lacouture and Cousineau 

(2008) was modified before being applied to fit the single-trial mean amplitude data. The modified 

ex-Gaussian function toolbox is available here: https://osf.io/eg2s8/.  

4.2.9. Linear mixed models 

All the dependent variables (i.e., accuracy, correct response times, single-trial mean amplitudes, µ, 

and τ) were analyzed with LMM rather than repeated-measure ANOVA (rm-ANOVA) in this 

study. There are several advantages of LMM over rm-ANOVA (Aarts et al., 2014; Boisgontier & 

Cheval, 2016; Jaeger, 2008), and one of the important reasons for me to utilize LMM in this study 

was that LMM could handle datasets that have missing values in some conditions, while rm-

ANOVA could not be applied. In this study, there were four levels of Duration (i.e., 17, 50, 100 or 

200ms) in Experiments 1 and 2, but only two levels (i.e., 17 or 200ms) in Experiment 3. Because of 

the missing levels in Experiment 3, LMM should be adopted when these three experiments are 

analyzed together. Moreover, LMM can control the effects of some variables while estimating the 

roles of independent variables. Data used in this study were from three experiments, and stimuli 

were presented for various durations. Since these factors were not of primary interests in analyzing 

https://osf.io/eg2s8/
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the distribution of N170 amplitudes, but very likely to impact dependent variables (i.e., 

amplitudes), the variances contributed by them should be controlled.  

4.2.10. Statistical analyses 

Statistical analyses were carried out within R (R Core Team, 2018) and RStudio (RStudio Team, 

2019). Data were tidied up with the Tidyverse package (Wickham, 2017). The lme4 package (Bates 

et al., 2015) was used to perform LMM, and the lmerTest package (Kuznetsova et al., 2017) was 

used to calculate the statistical significance of the fixed effects, in which Satterthwaite’s method 

(Luke, 2017) was applied to estimate degrees of freedom. Follow-up comparisons were performed 

with the emmeans package (Lenth, 2019). The R Markdown output file is available: 

https://osf.io/fvtc3/. 

For all the analyses, data from three experiments were analyzed together in the same model. As 

discussed in Section 4.2.9, the experiment code and durations were regarded as control variables.  

4.2.10.1. Behavioral 
In the LMM models for accuracy (percent correct) and correct response times, Type (intact vs. 

scrambled), Category (faces vs. houses), and their interactions were incorporated as fixed effects. 

The experiment code (ExpCode: E1, E2, E3) and Duration (17ms, 50ms, 100ms, vs. 200ms), but 

not the interactions, were also added as fixed effects because they were treated as control variables, 

and their levels were under five24. All by-participant random intercept and random slopes were 

included in the random effect structure of the maximal model, which was as follows: 

DV ~ Type × Category + ExpCode + Duration

+ (1 + Type × Category |Participant) 
(4.1) 

where DV denotes the dependent variable, which was accuracy or correct response times for 

behavior data, ExpCode denotes the experiment code, and Type × Category denotes the main 

effects of Type and Category and the interaction between them. 

4.2.10.2. ERP 
In the LMM models for amplitudes and the parameters estimated by modified ex-Gaussian 

functions, Hemisphere (left vs. right), Type (intact vs. scrambled), Category (faces vs. houses), and 

                                                 

 

24 Control variables are usually treated as fixed effects when their levels are under five, and as random effects when 
their levels are not under five. 

https://osf.io/fvtc3/
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all interactions among them were incorporated as fixed effects. The experiment code (ExpCode: 

E1, E2, E3) and Duration (17ms, 50ms, 100ms, vs. 200ms) were regarded as control variables and 

added as fixed effects in the LMM model due to their levels being under five. In addition, all by-

participant random effects were comprised in the initial maximal model, which was as follows:  

DV ~ Hemisphere × Type × Category + ExpCode + Duration

+ (1 + Hemisphere × Type × Category |Participant) 
(4.2) 

where DV denotes the dependent variable, which could be single-trial mean amplitudes, µ, τ, or 

aggregate mean amplitudes, and ExpCode denotes the experiment code. Hemisphere × Type × 

Category denotes all main effects and interactions among them, including the two-way interactions. 

4.3. Results 

4.3.1. Behavioral results 

4.3.1.1. Accuracy 
Model selection procedures described in Section 3.3.3 were performed on the maximal model for 

accuracy (Model 4.1), producing the optimal model: 

Accuracy ~ Type × Category + ExpCode + Duration

+ (0 + Type: Category |Participant) 
(4.3) 

where Accuracy was the dependent variable, and ExpCode denotes the experiment code. Type × 

Category denotes the main effects of Type and Category and the interaction between them. 

Type:Category denotes the by-participant random slope of the interaction between Type and 

Category. The LMM table of this optimal model was shown in Table 4.1.  

Results of LMM on accuracy (Figure 4.7) showed that the main effect of Type was significant, 

(t(804.02) = -37.96, p < .001, b = -0.43, 95% CI = [-0.45, -0.41]), which was due to higher 

accuracy for intact stimuli (M = 0.93, 95% CI = [0.92, 0.95]) compared with scrambled stimuli (M 

= 0.50, 95% CI = [0.49, 0.52]). However, the main effect of Category and its interaction with Type 

did not reach significance (p > 0.41).  

A one-way, one-sample t-tests was conducted to examine whether participants were capable of 

categorizing stimuli and demonstrated that accuracy for intact stimuli was significantly better than 

the chance level (faces: t(231) = 29.13, p < .001, M = 0.93, 95% CI = [0.90, 0.96]; houses: t(231) = 

29.82, p < .001, M = 0.94, 95% CI = [0.91, 0.97]), indicating that participants were able to 

categorize intact stimuli. In contrast, there were no differences between the accuracy for scrambled 

stimuli and the chance level (p > .13), suggesting scrambled stimuli were not categorizable.  
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Table 4.1. 

The LMM table of the optimal linear mixed model for accuracy. 

  Estimate Std. Error df t value p  
(Intercept) 0.72 0.01 804.02 117.63 0.000 *** 
Type2-1 -0.43 0.01 804.02 -37.96 0.000 *** 
Category2-1 -0.01 0.01 804.02 -0.67 0.502  
ExpCode2-1 0.05 0.02 804.02 2.56 0.011 * 
ExpCode3-2 0.01 0.02 804.02 0.30 0.761  
Duration2-1 0.02 0.02 804.02 0.87 0.387  
Duration3-2 -0.01 0.01 804.02 -0.95 0.340  
Duration4-3 -0.01 0.02 804.02 -0.85 0.394  
Type2-1:Category2-1 -0.04 0.04 69.54 -0.83 0.410  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Type2-1 represented that 
amplitudes of the second level in Type (i.e., scrambled) subtracted those of the first level in Type (i.e., intact).  
* p < .05. *** p < .001. 

4.3.1.2. Correct response times 
The optimal model for correct response times was obtained by applying the same model selection 

procedures on the maximal model for behavioral responses (Model 4.1): 

RT ~ Type × Category + ExpCode + Duration + (1 |Participant)

+ (0 + Type |Participant) + (0 + Category |Participant)

+ (0 + Type: Category |Participant) 

(4.4) 

Figure 4.7. Accuracy as a function of Type (intact: left two columns; scrambled: right two columns) and 
Category (faces: dark gray color; houses: light gray color) across three experiments. Error bars represent 95% 
confidence intervals. Asterisks indicate significantly better performance than the chance level (0.5) (***, p < 
.001). 
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where RT denotes correct response times, which was the dependent variable, ExpCode denotes the 

experiment code. Type × Category denotes the main effects of Type and Category and the 

interaction between them. Type:Category denotes the by-participant random slope of the 

interaction between Type and Category. The correlations between random effects were not retained 

in this model. The LMM table of this optimal model was shown in Table 4.2.  

Table 4.2. 

The LMM table of the optimal linear mixed model for correct response times. 

  Estimate Std. Error df t value p  
(Intercept) 581.71 19.59 67.24 29.69 0.000 *** 
Type2-1 56.45 27.77 68.40 2.03 0.046 * 
Category2-1 -6.91 15.59 67.87 -0.44 0.659  
ExpCode2-1 -39.13 11.64 562.44 -3.36 0.001 *** 
ExpCode3-2 24.22 12.31 561.13 1.97 0.050 * 
Duration2-1 38.14 11.63 561.67 3.28 0.001 ** 
Duration3-2 58.32 50.56 65.44 1.15 0.253  
Duration4-3 -55.24 46.65 68.31 -1.18 0.241  
Type2-1:Category2-1 -88.25 35.29 68.76 -2.50 0.015 * 

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Type2-1 represented that 
amplitudes of the second level in Type (i.e., scrambled) subtracted those of the first level in Type (i.e., intact).  
* p < .05. ** p < .01. *** p < .001. 

Results (Figure 4.8) indicated that the main effect of Type (t(68.4) = 2.03, p < .05, b = 56, 95% CI 

= [2, 111]) and its interaction with Category (t(68.76) = -2.5, p < .05, b = -88, 95% CI = [-158, -

19]) reached significance. No significant results were observed for the main effect of Category (p > 

.65). Pairwise contrasts25 showed that only the correct response times for intact faces were 

significantly shorter than for scrambled faces (t(113) = -3.06, p < .05, b = -101, 95% CI = [-184, -

17]), while the other differences were not significant (p > .13). Results of accuracy and correct 

response times indicate that there was no trade-off for behavioural performance in these 

experiments.   

4.3.2. Single-trial mean amplitudes 

LMM was performed on single-trial mean amplitudes at individual observation level to explore 

N170 responses to Type (intact vs. scrambled) and Category (faces vs. houses) over both left and 

right hemispheres. According to the model selection procedures described in the Section 3.3.3, the 

                                                 

 

25 For this pairwise contrasts, p values were corrected by Bonferroni methods with four tests. That was to say the 
reported p values were four times of the uncorrected p values. 
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by-participant random slope of the interaction between Hemisphere and Category was removed   

from the random effect structure of the maximal model (Model 4.2), resulting in the optimal model 

for single-trial mean amplitudes:  

MeanAmp ~ Hemisphere × Type × Category + ExpCode + Duration

+ (1 + Hemisphere + Type + Category + Hemisphere: Type

+ Type: Category + Hemisphere: Type: Category |Participant) 

(4.5) 

where MeanAmp denotes single-trial mean amplitudes, which was the dependent variable, 

ExpCode denotes the experiment code. Hemisphere × Type × Category denotes all main effects 

and interactions among them, including the two-way interactions. “:” denotes interaction terms. For 

example, Hemisphere:Type in the random effect structure denotes the by-participant random slope 

of the interaction between Hemisphere and Type. The LMM table of this optimal model is shown 

in Table 4.3.  

For following analyses, I separated each variable in turns and contrasted results of the other two 

factors as well as their interaction, which was firstly due to the significant three-way interaction 

among Hemisphere, Type, and Category, (t(70.20) = -2.69, p < .01, b = -0.45, 95% confidence 

interval (CI) = [-0.12, -0.78]). Since there were no specific predictions regarding which conditions 

Gaussian and exponential components contributed, differences for all pairwise contrasts and two- 

Figure 4.8. Correct response times as a function of Type (intact: left two columns; scrambled: right two 
columns) and Category (faces: dark gray color; houses: light gray color) across three experiments. Error bars 
represent 95% confidence intervals. 
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Table 4.3.  

The LMM table of the optimal linear mixed model for single-trial mean amplitudes. 

  Estimate Std. Error df t value p  
(Intercept) -0.99 0.17 66.91 -5.77 0.000 *** 
Hemisphere2-1 -0.32 0.15 69.14 -2.15 0.035 * 
Type2-1 1.12 0.12 69.12 9.09 0.000 *** 
Category2-1 0.84 0.07 68.85 11.47 0.000 *** 
ExpCode2-1 -2.11 0.34 64.80 -6.20 0.000 *** 
ExpCode3-2 0.53 0.31 67.42 1.67 0.099  
Duration2-1 0.75 0.03 165853.85 23.83 0.000 *** 
Duration3-2 0.08 0.03 165852.25 2.35 0.019 * 
Duration4-3 -0.28 0.03 165854.25 -8.76 0.000 *** 
Hemisphere2-1:Type2-1 0.29 0.12 69.57 2.36 0.021 * 
Hemisphere2-1:Category2-1 0.25 0.04 86650.93 6.58 0.000 *** 
Type2-1:Category2-1 -1.67 0.15 68.84 -10.95 0.000 *** 
Hemisphere2-1:Type2-1:Category2-1 -0.45 0.17 70.20 -2.69 0.009 ** 

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Hemisphere2-1 represented that 
amplitudes of the second level in Hemisphere (i.e., right) subtracted those of the first level in Hemisphere (i.e., left). 
* p < .05. ** p < .01. ***, p < .001. 

way interactions were tested. The estimated marginal means of each condition were depicted in 

Table 4.4 and Figure 4.9. 

Table 4.4.  

Estimated marginal means of single-trial mean amplitudes for each condition. 

Type Hemisphere Category emmean SE df lower.CL upper.CL 
intact left face -2.04 0.24 64.58 -2.51 -1.57 
intact left house -0.59 0.19 69.76 -0.97 -0.22 
intact right face -2.74 0.30 67.35 -3.34 -2.14 
intact right house -0.82 0.22 68.46 -1.26 -0.38 
scrambled left face -0.34 0.14 65.56 -0.63 -0.05 
scrambled left house -0.35 0.15 66.45 -0.64 -0.05 
scrambled right face -0.52 0.19 62.68 -0.90 -0.15 
scrambled right house -0.50 0.19 65.66 -0.88 -0.13 

Note. emmean = estimated marginal means. SE = standard error. df = degrees of freedom. “lower.CL” and “upper.CL” 
denotes the lower and upper boundaries of 95% confidence interval. 

First, I tested the differences between faces and houses (the face-specificity effect), as well as their 

interaction with Hemisphere for intact and scrambled stimuli (i.e., Type) respectively. Pairwise 



 

93 

contrasts26 demonstrated that amplitudes evoked by intact faces were stronger than intact houses 

over left hemispheres (t(70.7) = -10.64, p < .001, b = -1.44, 95% CI = [-1.84, -  1.04]). Similar 

results were also observed over right hemispheres with larger amplitudes for intact faces relative to 

intact houses (t(70.1) = -11.37, p < .001, b = -1.92, 95% CI = [-2.42, -1.42]). Furthermore, the 

interaction between Hemisphere and Category for intact stimuli was significant (t(87.6) = 5.38, p < 

.001, b = 0.47, 95% CI = [0.30, 0.65]), suggesting that the amplitude differences between intact 

faces and houses over right hemispheres were larger than those over left hemispheres. By contrast, 

no significant differences were found for scrambled faces and houses for both hemispheres (p > 

.99).  

Second, I explored the distinctions between hemispheres (the lateralization effect), and their 

interaction with Type for faces and houses (i.e., Category) separately. Pairwise contrasts revealed 

that amplitudes over left hemispheres were smaller than those over right hemispheres only for 

intact faces (t(69.7) = 3.62, p < .01, b = 0.70, 95% CI = [0.13, 1.27]), but not for intact houses, 

scrambled faces, or scrambled houses (p > .99). Further, the interaction between Hemisphere and 

                                                 

 

26 P values of pairwise contrasts for amplitudes in this study were corrected by Bonferroni methods with 12 tests. In 
another words, the reported p values were 12 times of the uncorrected p values.  

Figure 4.9. Amplitudes of the N170 (single-trial mean amplitudes) as a function of Hemisphere, Type, and 
Category. Error bars represent 95% confidence intervals.  
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Type for faces reached significance (t(69.3) = 2.82, p < .01, b = 0.52, 95% CI = [0.15, 0.89]), 

showing that the differences between hemispheres for intact faces were larger than those for 

scrambled faces. The interaction between Hemisphere and Type was not significant for houses (p > 

.51).  

Third, differences between intact and scrambled stimuli (the intact effect), as well as their 

interaction with Category were tested for both hemispheres respectively. Pairwise contrasts 

displayed that amplitudes of intact faces were larger than scrambled faces for left hemispheres 

(t(69.0) = -11.31, p < .001, b = -1.70, 95% CI = [-2.14, -1.25]). Analogously, amplitudes of intact 

faces were also larger than scrambled faces for right hemispheres (t(69.1) = -9.13, p < .001, b = -

2.21, 95% CI = [-2.93, -1.50]). The differences between intact and scrambled houses did not reach 

significance after corrections for both left (p > .16) and right (p > .16) hemispheres. Moreover, 

interaction between Type and Category was significant for both left (t(69.0) = -10.11, p < .001, b = 

-1.45, 95% CI = [-1.73, -1.16]) and right (t(69.1) = -9.48, p < .001, b = -1.90, 95% CI = [-2.30, -

1.50]) hemispheres, indicating for both hemispheres, the amplitude differences between intact and 

scrambled stimuli were greater for faces than houses.  

4.3.3. Gaussian components fitted with modified ex-Gaussian 

functions 

After applying LMM to single-trial mean amplitudes, µ and τ produced by modified ex-Gaussian 

functions were also fitted with LMM to explore the influence of fixed factors on the Gaussian and 

exponential components of mean amplitudes. The fixed effects and random effect structure of the 

maximal model for µ were the same as those for single-trial mean amplitudes (Model 4.2), and in 

the model for µ, µ estimated with modified ex-Gaussian functions was used as the dependent 

variable. According to the model selection procedures described in Section 3.3.3, the optimal 

model for µ was as following:  

µ (mu)~ Hemisphere × Type × Category + ExpCode + Duration

+ (1 |Participant)  + (0 + Hemisphere |Participant)

+ (0 + Type |Participant) + (0 + Category |Participant)

+ (0 + Hemisphere: Type |Participant)

+ (0 + Type: Category |Participant) 

(4.6) 

where µ denotes the central tendency or location of the Gaussian components in distributions, 

which was the dependent variable, ExpCode denotes the experiment code. Hemisphere × Type × 

Category denotes all main effects and interactions among them, including the two-way interactions. 

“:” denotes interaction terms. For example, Hemisphere:Type in the random effect structure 
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denotes the by-participant random slope of the interaction between Hemisphere and Type. In this 

model, no correlations among random effects were included. The LMM table of this optimal model 

was shown in Table 4.5.  

Table 4.5.  

The LMM table of the optimal linear mixed model for µ fitted with modified ex-Gaussian functions. 

  Estimate Std. Error df t value p  
(Intercept) -1.21 0.20 66.26 -6.18 0.000 *** 
Hemisphere2-1 -0.49 0.19 71.70 -2.50 0.015 * 
Type2-1 1.14 0.17 70.75 6.63 0.000 *** 
Category2-1 0.91 0.13 73.89 7.09 0.000 *** 
ExpCode2-1 -2.40 0.51 64.19 -4.74 0.000 *** 
ExpCode3-2 1.17 0.47 67.51 2.50 0.015 * 
Duration2-1 0.97 0.13 1353.94 7.52 0.000 *** 
Duration3-2 0.01 0.14 1353.94 0.05 0.960  
Duration4-3 -0.21 0.13 1353.94 -1.61 0.107  
Hemisphere2-1:Type2-1 0.03 0.21 70.55 0.14 0.887  
Hemisphere2-1:Category2-1 0.37 0.16 1353.94 2.25 0.025 * 
Type2-1:Category2-1 -1.73 0.24 64.71 -7.11 0.000 *** 
Hemisphere2-1:Type2-1:Category2-1 -0.24 0.33 1353.94 -0.72 0.469  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Hemisphere2-1 represented that 
amplitudes of the second level in Hemisphere (i.e., right) subtracted those of the first level in Hemisphere (i.e., left).  
* p < .05. *** p < .001. 

In order to investigate how Hemisphere, Type, and Category influenced the Gaussian components, 

each variable was separated in turns and results of the other two factors as well as their interaction 

was contrasted, though the three-way interaction did not reach significance (p > .46). The estimated 

marginal means of each condition are portrayed in Table 4.6 and Figure 4.10. 

Table 4.6.  

Estimated marginal means of µ estimated with modified ex-Gaussian functions for each condition. 

Type Hemisphere Category emmean SE df lower.CL upper.CL 
intact left face -2.30 0.26 193.04 -2.82 -1.78 
intact left house -0.76 0.26 193.04 -1.28 -0.24 
intact right face -3.04 0.26 193.04 -3.56 -2.52 
intact right house -1.02 0.26 193.04 -1.54 -0.50 
scrambled left face -0.37 0.26 193.04 -0.89 0.15 
scrambled left house -0.45 0.26 193.04 -0.97 0.07 
scrambled right face -0.96 0.26 193.04 -1.48 -0.44 
scrambled right house -0.79 0.26 193.04 -1.31 -0.27 

Note. emmean = estimated marginal means. SE = standard error. df = degrees of freedom. “lower.CL” and “upper.CL” 
denotes the lower and upper boundaries of 95% confidence interval. 

First, differences between faces and houses (the face-specificity effect) as well as their interaction 

with Hemisphere were tested for intact and scrambled stimuli individually. Analogous to the results 
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of single-trial mean amplitudes, µ for intact faces was stronger than those for intact houses over left 

(t(278) = -7.23, p < .001, b = -1.53, 95% CI = [-1.95, -1.12]) and right (t(278) = -9.54, p < .001, b = 

-2.02, 95% CI = [-2.44, -1.61]) hemispheres. No significance was observed for the differences 

between faces and houses for scrambled stimuli over both hemispheres (p > .42). Additionally, the 

interaction between Category and Hemisphere for intact stimuli was significant (t(1354) = 2.10, p < 

.05, b = 0.49, 95% CI = [0.03, 0.95]), indicating for the µ, the differences between faces and houses 

over left hemispheres were smaller than right hemispheres, whereas the interaction was not 

significant for scrambled stimuli (p > .28). These results were similar to those of single-trial mean 

amplitudes. 

Second, distinctions between hemispheres (the lateralization effect) and their interaction with Type 

were examined for faces and houses (i.e., Category) respectively. Pairwise contrasts showed µ for 

intact faces was smaller over left hemispheres relative to right hemispheres (t(179) = 2.98, p < .05, 

b = 0.75, 95% CI = [0.02, 1.47]), and no significance was observed for other pairwise contrasts (p 

> .22). Further, the interaction between Hemisphere and Type did not reach significance for faces 

(p > .57) or houses (p > .74). All these results were analogous to those of single-trial mean 

amplitudes, except for the non-significant interaction between Hemisphere and Type for faces. 

Third, separate tests for Type (the intact effect) and its interaction with Category were conducted 

for both hemispheres, and results were similar to those of single-trial mean amplitudes. 

Specifically, µ for intact faces was greater than those for scrambled faces over left (t(222) = -7.72, 

Figure 4.10. Amplitudes of the N170 (µ estimated with modified ex-Gaussian functions) as a function of 
Hemisphere, Type, and Category. Error bars represent 95% confidence intervals.  



 

97 

p < .001, b = -1.93, 95% CI = [-2.65, -1.21]) and right (t(222) = -8.32, p < .001, b = -2.08, 95% CI 

= [-2.80, -1.36]) hemispheres, and no significant differences were found for houses (p > .40). In 

addition, the interactions between Type and Category were significant for both left (t(136) = -5.49, 

p < .001, b = -1.61, 95% CI = [-2.19, -1.03]) and right (t(136) = -6.30, p < .001, b = -1.85, 95% CI 

= [-2.43, -1.27]) hemispheres as well, suggesting over both hemispheres, differences between faces 

and houses were larger for intact than scrambled stimuli.  

Overall, most of these results were similar to those of single-trial mean amplitudes, apart from the 

interaction between Hemisphere and Type for faces. This discrepancy suggests that the significant 

interaction between Hemisphere and Type for faces found in the results of single-trial mean 

amplitudes did not result from the significant changes in µ, i.e., the central tendency or locations of 

the Gaussian components.  

4.3.4. Exponential components fitted with modified ex-Gaussian 

functions 

The fixed effects and random effect structure for the maximal model of τ were the same as those of 

single-trial mean amplitudes or µ (Model 4.2). With the same model selection procedures in 

Section 3.3.3, the optimal model of τ was: 

τ (tau) ~ Hemisphere × Type × Category + ExpCode + Duration

+ (1 + Type: Category |Participant) 
(4.7) 

where τ denotes the mean of exponential components estimated with modified ex-Gaussian 

functions, which was the dependent variable, ExpCode denotes the experiment code. Hemisphere × 

Type × Category denotes all main effects and interactions among them, including the two-way 

interactions. Type:Category in the random effect structure denotes the by-participant random slope 

of the interaction between Type and Category. The LMM table of this optimal model was shown in 

Table 4.7.  

Following the analyses for single-trial mean amplitudes and µ, each variable was separated 

successively, and the other two factors, as well as their interaction, were tested. The estimated 

marginal means of each condition were displayed in Table 4.8 and Figure 4.11. 

First, τ for faces was not significantly different from houses for all conditions (p > .99) and neither 

was its interaction with Hemisphere for intact (p > .79) or scrambled (p > .22) stimuli. 

Second, τ was smaller over left hemispheres compared with right hemispheres for scrambled faces 

(t(1603) = -2.87, p < .05, b = -0.45, 95% CI = [-0.89, 0.00]) and no significant differences were 
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Table 4.7.  

The LMM table of the optimal linear mixed model for τ fitted with modified ex-Gaussian functions. 

  Estimate Std. Error df t value p  
(Intercept) 0.17 0.07 61.65 2.30 0.025 * 
Hemisphere2-1 0.16 0.08 1603.11 2.03 0.043 * 
Type2-1 0.00 0.08 1603.11 0.04 0.966  
Category2-1 0.03 0.08 1603.11 0.34 0.736  
ExpCode2-1 0.13 0.17 42.31 0.80 0.430  
ExpCode3-2 -0.14 0.17 67.89 -0.84 0.402  
Duration2-1 -0.19 0.12 1603.11 -1.57 0.116  
Duration3-2 0.08 0.13 1603.11 0.60 0.552  
Duration4-3 -0.05 0.12 1603.11 -0.40 0.692  
Hemisphere2-1:Type2-1 0.31 0.15 1603.11 2.00 0.046 * 
Hemisphere2-1:Category2-1 -0.11 0.15 1603.11 -0.68 0.497  
Type2-1:Category2-1 -0.12 0.18 63.82 -0.67 0.506  
Hemisphere2-1:Type2-1:Category2-1 -0.32 0.31 1603.11 -1.04 0.299  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Hemisphere2-1 represented that 
amplitudes of the second level in Hemisphere (i.e., right) subtracted those of the first level in Hemisphere (i.e., left).  
* p < .05. 

Table 4.8.  

Estimated marginal means of τ estimated with modified ex-Gaussian functions for each condition. 

Type Hemisphere Category emmean SE df lower.CL upper.CL 
intact left face 0.14 0.14 224.58 -0.13 0.41 
intact left house 0.20 0.12 394.79 -0.04 0.43 
intact right face 0.11 0.14 224.58 -0.16 0.38 
intact right house 0.23 0.12 394.79 -0.01 0.46 
scrambled left face -0.04 0.12 394.79 -0.27 0.20 
scrambled left house 0.06 0.14 224.58 -0.21 0.33 
scrambled right face 0.41 0.12 394.79 0.18 0.64 
scrambled right house 0.24 0.14 224.58 -0.03 0.51 

Note. emmean = estimated marginal means. SE = standard error. df = degrees of freedom. “lower.CL” and “upper.CL” 
denotes the lower and upper boundaries of 95% confidence interval. 

observed for other stimuli (p > .99). Moreover, the interaction between Hemisphere and Type for 

faces was found to be significant (t(1603) = 2.15, p < .05, b = 0.47, 95% CI = [0.04, 0.90]), while 

this interaction for houses did not reach significance (p > .49). The significant interaction for faces 

suggests that the differences in τ between hemispheres were larger for intact stimuli relative to 

scrambled stimuli. 

Third, no significant differences of τ were found between intact and scrambled stimuli in any 

condition (p > .77). Further, the interaction between Type and Hemisphere was not significant for 

left (p > .86) and right (p > .23) hemispheres, neither.  
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In summary, significant differences of τ were only found in the interaction between Hemisphere 

and Type for faces, but no in other effects. Interestingly, this interaction was found to be significant 

in the results of single-trial mean amplitudes, and, yet, was not significant in the results of µ. These 

findings indicate that the significant interaction between Hemisphere and Type for faces obtained 

with single-trial mean amplitudes might stem from changes in exponential components instead of 

Gaussian components of amplitude distributions.  

A one-sample t-tests was conducted for τ in each condition to examine whether their distributions 

were systemically skewed to one side. Results revealed that only τ for scrambled faces over right 

hemispheres was significantly large than zero (t(395) = 3.47, p < .001, M = 0.41, 95% CI = [0.18 

0.64]), suggesting that distributions for scrambled faces over right hemispheres were rightward in 

skew. Marginally significant results were found for intact houses over right hemispheres (t(395) = 

1.90, p = .058, M = 0.23, 95% CI = [-0.01 0.48]), and scrambled houses over right hemispheres 

(t(225) = 1.77, p = .078, M = 0.24, 95% CI = [-0.03, 0.51]). τ in other conditions was not 

significant different from zero (p > .099), indicating that distributions of these conditions did not 

skew. In other words, the distributions of these conditions were approximately normally 

distributed.  

By checking the results of the optimal LMM for τ, only the main effect of Hemisphere (t(1603.11) 

= 2.03, p < .05, b = 0.16, 95% CI = [0.01, 0.31]) and its interaction with Type were significant 

(t(1603.11) = 2.00, p < .05, b = 0.31, 95% CI = [0.01, 0.61]). Also, none of the effects on Category 

Figure 4.11. Amplitudes of the N170 (τ estimated with modified ex-Gaussian functions) as a function of 
Hemisphere, Type, and Category. Error bars represent 95% confidence intervals.  
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were found to be significant (p > .29). Accordingly, the interactions between Hemisphere and Type 

across Category were further tested. Pairwise contrasts27 displayed that τ for scrambled stimuli was 

smaller over left hemispheres (M = 0.01, 95% CI = [-0.18, 0.21]) than right hemispheres (M = 0.33, 

95% CI = [0.13, 0.52]; t(1603) = -2.85, p < .05, b = -0.31, 95% CI = [-0.59, -0.04]), and differences 

among other conditions did not reach significance (p > .59). Moreover, a one sample t-tests was 

also performed to investigate if the distributions were systemically skewed. Results revealed that 

only τ for scrambled stimuli over right hemispheres was significantly larger than zero (t(203) = 

3.28, p < .01, M = 0.33, 95% CI = [0.13, 0.52]) and τ in other conditions was not significantly 

different from zero (p > .09). These results suggest that the amplitude distributions for scrambled 

stimuli over right hemispheres were skewed to the right (positive). In other words, there were more 

large positive amplitudes over right hemispheres when scrambled stimuli were presented. Further, 

this skewness over right hemispheres was larger than left hemispheres, implying the different roles 

of hemispheres in responding to scrambled stimuli.  

4.3.5. Aggregate mean amplitudes 

In the above analyses, single-trial mean amplitudes, µ, and τ were fitted with LMM. Notably, 

LMM fitted single-trial mean amplitudes at the level of individual observations, whereas LMM 

fitted µ and τ at the group level. In order to rule out the influence of modeling at different levels, 

aggregate mean amplitudes were calculated for each participant in each condition and then fitted 

with LMM. The maximal model of aggregate mean amplitudes was the same as that of single-trial 

mean amplitudes (Model 4.2), apart from the dependent variable being aggregate mean amplitudes. 

The optimal model was as follows:  

Aggregate ~ Hemisphere × Type × Category + ExpCode + Duration

+ (1 + Hemisphere + Type + Hemisphere: Type

+ Type: Category |Participant) 

(4.8) 

where Aggregate denotes aggregate mean amplitudes, which was the dependent variable, ExpCode 

denotes the experiment code. Hemisphere × Type × Category denotes all main effects and 

interactions among them, including the two-way interactions. “:” denotes interaction terms. For 

example, Hemisphere:Type in the random effect structure denotes the by-participant random slope 

                                                 

 

27 P values for this pairwise contrast were corrected by Bonferroni methods with four tests. In other words, the reported 
p values were four times of the uncorrected p values. 
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of the interaction between Hemisphere and Type. The LMM table of this optimal model is shown 

in Table 4.9. 

Table 4.9.  

The LMM table of the optimal linear mixed model for aggregate mean amplitudes. 

  Estimate Std. Error df t value p  
(Intercept) -1.01 0.18 67.19 -5.74 0.000 *** 
Hemisphere2-1 -0.33 0.15 70.26 -2.16 0.034 * 
Type2-1 1.13 0.13 69.74 8.76 0.000 *** 
Category2-1 0.96 0.04 1415.37 22.30 0.000 *** 
ExpCode2-1 -1.94 0.34 59.12 -5.66 0.000 *** 
ExpCode3-2 0.50 0.32 69.28 1.53 0.131  
Duration2-1 0.78 0.07 1415.37 11.54 0.000 *** 
Duration3-2 0.08 0.07 1415.37 1.17 0.244  
Duration4-3 -0.26 0.07 1415.37 -3.80 0.000 *** 
Hemisphere2-1:Type2-1 0.30 0.13 73.44 2.26 0.027 * 
Hemisphere2-1:Category2-1 0.26 0.09 1415.37 3.06 0.002 ** 
Type2-1:Category2-1 -1.85 0.15 66.78 -12.33 0.000 *** 
Hemisphere2-1:Type2-1:Category2-1 -0.56 0.17 1415.37 -3.25 0.001 ** 

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Hemisphere2-1 represented that 
amplitudes of the second level in Hemisphere (i.e., right) subtracted those of the first level in Hemisphere (i.e., left).  
* p < .05. ** p < .01. *** p < .001. 

To be consistent with the analyses of single-trial mean amplitudes, I also split each variable 

successively and tested results of the other two factors as well as their interaction. Estimated 

marginal means of aggregate mean amplitudes are shown in Table 4.10 and Figure 4.12.  

Table 4.10.  

Estimated marginal means of aggregate mean amplitudes for each condition. 

Type Hemisphere Category emmean SE df lower.CL upper.CL 
intact left face -2.14 0.22 70.18 -2.59 -1.70 
intact left house -0.53 0.20 73.10 -0.93 -0.13 
intact right face -2.89 0.28 71.18 -3.45 -2.33 
intact right house -0.74 0.25 71.72 -1.23 -0.24 
scrambled left face -0.37 0.15 75.66 -0.67 -0.08 
scrambled left house -0.33 0.16 68.82 -0.64 -0.01 
scrambled right face -0.55 0.20 64.06 -0.94 -0.15 
scrambled right house -0.52 0.20 69.76 -0.92 -0.12 

Note. emmean = estimated marginal means. SE = standard error. df = degrees of freedom. “lower.CL” and “upper.CL” 
denotes the lower and upper boundaries of 95% confidence interval. 

First, distinctions between faces and houses (the face-specificity effect) as well as their interaction 

with Hemisphere were tested for intact and scrambled stimuli separately. Pairwise contrasts 

showed that intact faces elicited stronger amplitudes than intact houses for both left (t(252.8) = -

15.26, p < .001, b = -1.61, 95% CI = [-1.92, -1.31]) and right (t(252.8) = -20.39, p < .001, b = -
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2.16, 95% CI = [-2.46, -1.85]) hemispheres. Moreover, the interaction between Category and 

Hemisphere was significant for intact stimuli (t(1415) = 4.46, p < .001, b = 0.54, 95% CI = [0.30, 

0.78]), but not for scrambled stimuli (p > .89).  

Second, differences between both hemispheres (the lateralization effect), and their interaction with 

Type were contrasted for faces and houses respectively. Only amplitudes for intact faces over left 

hemispheres were smaller than right hemispheres (t(86.9) = 3.92, p < .01, b = 0.75,  95% CI = 

[0.19, 1.31]), and differences between hemispheres for other conditions were not significant (p > 

.99). Additionally, the significant interaction between Hemisphere and Type was observed for faces 

(t(149) = 3.67, p < .001, b = 0.58, 95% CI = [0.27, 0.89]), but not for houses (p > .91).  

Third, separate tests for both hemispheres were conducted on the differences between intact and 

scrambled stimuli (the intact effect) as well as their interaction with Type. Pairwise contrasts 

displayed that intact faces elicited larger N170 amplitudes than scrambled faces for both left 

(t(77.6) = -10.92, p < .001, b = -1.77, 95% CI = [-2.25, -1.29]), and right (t(75.1) = - 10.19, p < 

.001, b = -2.35, 95% CI = [-3.03, -1.67]), hemispheres. Further, the interaction between Category 

and Type was significant for both left (t(117) = -9.08, p < .001, b = -1.57, 95% CI = [-1.91, -1.23]) 

and right (t(117) = -12.31, p < .001, b = -2.13, 95% CI = [-2.47, -1.79]) hemispheres as well.  

Figure 4.12. Amplitudes of the N170 (aggregate mean amplitudes) as a function of Hemisphere, Type, and 
Category. Error bars represent 95% confidence intervals.  
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Overall, the results of fixed effects in LMM for aggregate mean amplitudes were similar to those of 

single-trial mean amplitudes, suggesting modeling at different levels does not produce diverge 

results, at least for the fixed effects in this study.  

4.3.6. ERPs and topographic maps 

Figure 4.13, Figure 4.14, and Figure 4.15 portray the grand averaged ERP amplitudes that were 

from 200ms preceded to 500ms after stimulus onsets for the three experiments, respectively. The 

grand averaged topographic maps for the N170 time windows are also depicted in Figure 4.16, 

Figure 4.17, and Figure 4.18 for three experiments.  

4.4. Discussion  

In this study, I first analyzed single-trial mean amplitudes with LMM to replicate the face-

specificity effect, the lateralization effect, the intact effect, and their interactions observed in 

previous literature. Next, I examined how the Gaussian (i.e., µ) and exponential (i.e., τ) 

components of amplitude distributions, which were estimated with modified ex-Gaussian 

functions, were impacted by Type and Category over both hemispheres. Then aggregate mean 

amplitudes were fitted with LMM, and the results were contrasted with those of single-trial mean 

amplitudes to rule out the possibility that modeling at different levels (the single observation level 

and aggregate level) resulted in distinctions between results of single-trial mean amplitudes and 

parameters fitted with modified ex-Gaussian functions.  

4.4.1. Replications of previous studies 

Influence of stimulus Type, Category, and Hemisphere, as well as their interactions, on single- trial 

N170 mean amplitudes observed in this study were consistent with previous findings. Specifically, 

N170 amplitudes were found to be enhanced for intact faces compared with intact houses (Boutsen 

et al., 2006; Eimer, 1998, 2000c, 2000b; Itier et al., 2007; Itier & Taylor, 2004a; Neumann, 

Mohamed, & Schweinberger, 2011; Rousselet et al., 2005; Rousselet, Husk, et al., 2008) with 

stronger face-specific effects over the right hemispheres (Cauquil, Edmonds, & Taylor, 2000; 

Rossion & Caharel, 2011; Sagiv & Bentin, 2001). Moreover, previous work  and this study all 

demonstrated the right lateralization effects for intact faces (Bentin et al., 1996; Boutsen et al., 

2006; Itier & Taylor, 2004a; Rossion & Caharel, 2011; Sagiv & Bentin, 2001), which were 

stronger than those for scrambled faces (Bentin et al., 1996; Rossion & Caharel, 2011; Sagiv & 

Bentin, 2001). Further, greater N170 amplitudes were evoked by intact faces relative to scrambled 

faces (Allison et al., 1994; Engell & McCarthy, 2010; Y. Jiang et al., 2009; Rossion & Caharel, 

2011; Sagiv & Bentin, 2001; Tanskanen et al., 2007); these  effects were greater for faces 
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Figure 4.13. Grand averaged ERP amplitudes as a function of time, Hemisphere (left vs. right), Type (intact vs. 
scrambled), Category (faces vs. houses), and Duration (17, 50, 100 vs. 200ms) for Experiment 1. The central 
electrode used for left hemispheres was E58 (P7) and its cluster electrodes were E58, E65, E59, E51, E50, E57, 
and E64. The central electrode used for right hemispheres was E96 (P8) and its cluster electrodes were E96, E101, 
E97, E91, E96, E95, and E100.  Zero on X axis represents the stimulus onsets. The grey rectangular denotes the 
time windows for the N170, which are from 128ms to 164ms after the stimulus onsets.  
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Figure 4.14. Grand averaged ERP amplitudes as a function of time, Hemisphere (left vs. right), Type (intact vs. 
scrambled), Category (faces vs. houses), and Duration (17, 50, 100 vs. 200ms) for Experiment 2. The central 
electrode used for left hemispheres was E65 (PO7) and its cluster electrodes were E65, E70, E66, E59, E58, E64, 
and E69. The central electrode used for right hemispheres was E90 (PO8) and its cluster electrodes were E90, 
E96, E91, E84, E83, E89, and E95.  Zero on X axis represents the stimulus onsets. The grey rectangular denotes 
the time windows for the N170, which are from 160ms to 196ms after the stimulus onsets.  
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Figure 4.15. Grand averaged ERP amplitudes as a function of time, Hemisphere (left vs. right), Type (intact vs. 
scrambled), Category (faces vs. houses), and Duration (17 vs. 200ms) for Experiment 3. The central electrode used 
for left hemispheres was E65 (PO7) and its cluster electrodes were E65, E70, E66, E59, E58, E64, and E69. The 
central electrode used for right hemispheres was E90 (PO8) and its cluster electrodes were E90, E96, E91, E84, E83, 
E89, and E95.  Zero on X axis represents the stimulus onsets. The grey rectangular denotes the time windows for the 
N170, which are from 152ms to 192ms after the stimulus onsets.  
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compared with houses (Allison et al., 1994; Rossion & Caharel, 2011). Together, the effects of 

single-trial mean amplitudes replicate the results of previous research.  

4.4.2. Contributions of Gaussian and exponential components  

Analyses of single-trial mean amplitudes revealed that all the effects of Type, Category, and 

Hemisphere, as well as their interactions, were significant. Do these effects originate from the 

shifts of central tendency (i.e., µ), the changes of skewed components (i.e., τ), or the combinations 

of both? In standard ex-Gaussian functions, the mean of the whole distribution   equals to the sum  

of the mean of the Gaussian component and the mean of the exponential component, i.e., the sum 

of µ and τ (Lacouture & Cousineau, 2008). This should also be applicable in modified ex-Gaussian 

functions and further makes it possible to explore the contributions of Gaussian and exponential 

Figure 4.16. Grand averaged topographic maps of the N170 for different conditions (Type: intact vs. scrambled; 
Category: faces vs. houses; Duration: 17, 50, 100 vs. 200ms) in Experiment 1. The time windows for the N170 in 
Experiment 1 are from 128ms to 164ms after the stimulus onsets. 
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components to the differences among the whole distributions. Specifically, if one effect stems from 

the shifts of central tendency but not the changes of skewed components, significantly different 

results should be observed for its µ, but not the τ. If one effect is due to the changes of skewed  

components, but not the shifts of central tendency, significance should be observed for its τ, but not 

the µ. If one effect is owing to the combination of both, significant differences should be observed 

for both µ and τ.   

Results of µ estimated with modified ex-Gaussian functions were analogous to the results of single-

trial mean amplitudes, apart from the interaction between Hemisphere and Type for faces being not 

significant. On the other hand, results of τ estimated with modified ex-Gaussian functions 

displayed that significant results were only found for this interaction between Hemisphere and 

Figure 4.17. Grand averaged topographic maps of the N170 for different conditions (Type: intact vs. scrambled; 
Category: faces vs. houses; Duration: 17, 50, 100 vs. 200ms) in Experiment 2. The time windows for the N170 in 
Experiment 2 are from 160ms to 196ms after the stimulus onsets.  
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Type for faces, but not for other effects. These results together suggest that the significant 

interaction between Hemisphere and Type observed in single-trial mean amplitudes originate from  

changes of exponential components, while all the other significant effects stem from central 

tendency shifts. What are the sources for the changes in exponential components? In other words, 

in which conditions the amplitude distributions are, or are not, normally distributed?  

4.4.3. Normality of amplitude distributions 

One-sample t-tests were conducted on τ to investigate whether there were some conditions whose 

distributions were skewed. Results demonstrated that only amplitude distributions for scrambled 

faces over the right hemisphere significantly skewed to the right (positive), while τ failed to 

provide evidence of skewness for distributions in other conditions. The observed right  skewness 

indicates that scrambled faces elicited more extreme large amplitudes over the right hemisphere. 

These results further imply that perhaps the right hemisphere responds to scrambled stimuli in a 

special way, i.e., occasionally producing extreme large amplitudes. On the other hand, this 

rightward skewness might be meaningless because there is no existing theory that can explain this 

observation. Simply put, this significant right skewness possibly was just a Type II error, i.e., false 

positive.  

Figure 4.18. Grand averaged topographic maps of the N170 for different conditions (Type: intact vs. 
scrambled; Category: faces vs. houses; Duration: 17 vs. 200ms) in Experiment 3. The time windows for the 
N170 in Experiment 3 are from 152ms to 192ms after the stimulus onsets.  
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Collectively, these findings suggest that the N170 amplitude distributions of most conditions are 

generally normally distributed, corroborating the assumption for deriving ERPs from EEG by 

averaging.  

4.4.4. Skewness from within-subject and between-subject variability 

In this study, distinct methods used to explore distribution skewness appeared to produce 

contradictory results. Specifically, qualitative analyses of skewness (by plotting amplitude 

distributions shown in Figure 4.1 and Figure 4.2) indicated that amplitude distributions for intact  

faces over right hemispheres seemed leftward skewed. In contrast, quantitative analyses  of 

skewness (measured by τ) failed to provide any evidence for skewness in that condition.  

Noteworthy that the potential left skewness observed in qualitative analyses had two possible 

sources: within-subject distributions and between-subject distributions. The within-subject 

distributions refer to distributions within each condition and each participant. For example, one 

participant’s N170 amplitude distribution for intact faces over the right hemisphere is one example 

of the within-subject distributions. By contrast, between-subject distributions refer to the 

distributions of means of each participant in the same condition. For instance, means of all trials for 

intact faces over right hemispheres are calculated for each participant separately, and the 

distribution of all participants’ means is one example of the between-subject distributions. The 

skewness we observed from qualitative analyses might come from both sources, whereas the 

skewness tested in quantitative analyses mainly came from within-subject distributions. This was 

because, in quantitative analyses, τ was estimated for the distributions for each participant in each 

condition separately, and, therefore, it would only capture the skewness of within-subject 

distributions if there was any. In other words, τ in this study only explored the skewness of within-

subject distributions and suggested that most of the within-subject distributions were normally 

distributed. Thus, leftward skewness for intact faces over right hemispheres depicted in qualitative 

analyses might primarily originate from between-subject distributions. 

Notably, the within-subject distribution is usually the unit that researchers used to calculate the 

mean to represent that condition by averaging all similar trials. Since no evidence was found that 

within-subject distributions were skewed, at least for most conditions, satisfying the assumptions 

for deriving ERPs from EEG, it was safe for us to employ means to stand for the corresponding 

within-subject distributions. Thus, distributions of means for each condition could be used to 

explore the potential skewness in between-subject distributions qualitatively. As shown in Figure 

4.19 (for intact stimuli) and Figure 4.20 (for scrambled stimuli), the between-subject distributions 



 

111 

 

Figure 4.19. Density distributions of participant’s means of the N170 amplitudes for intact stimuli in each 
condition. Data came from three experiments, showed as E1 (Experiment 2), E2 (Experiment 2), and E3 
(Experiment 3). In each experiment, stimuli were presented for various durations, such as 17, 50, 100, or 
200ms. The left two and right two columns showed distributions for left and right hemispheres, respectively. 
The odd and even columns showed distributions for face and house stimuli, respectively. By visually checking, 
between-subject distributions for intact faces over right hemispheres seem skewed to left. 
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Figure 4.20. Density distributions of participant’s means of the N170 amplitudes for scrambled stimuli in 
each condition. Data came from three experiments, showed as E1 (Experiment 2), E2 (Experiment 2), and E3 
(Experiment 3). In each experiment, stimuli were presented for various durations, such as 17, 50, 100, or 
200ms. The left two and right two columns showed distributions for left and right hemispheres, respectively. 
The odd and even columns showed distributions for face and house stimuli, respectively. By visually 
checking, between-subject distributions for intact faces over right hemispheres seem skewed to left. 
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for intact faces over right hemispheres appeared to be leftward skewed, which might lead to the 

skewness observed in distributions of single-trial mean amplitudes (Figure 4.1 and Figure 4.2).   

Together, this study indicates that within-subject distributions of the N170 amplitudes were 

generally normally distributed in most conditions while there was skewness in between- subject 

distributions for some conditions, such as the amplitude distributions for intact faces over right 

hemispheres. 

4.4.5. Further applications of modified ex-Gaussian functions 

In addition to investigating the N170 in this study, modified ex-Gaussian functions could also be 

employed to explore other ERP components, such as N400. Payne and Federmeier (2017) 

discovered that unexpected words in a sentence elicited an increased proportion of very slow 

response times, i.e., larger τ but similar µ, and these trials with slowest response times further 

associated with larger N400 amplitudes, reflecting greater contextual interference. The greater 

N400 amplitudes linked with extremely slow response times might also result from the skewed 

components of amplitude distributions. Ex-Gaussian functions could be used to explore the 

potential skewness in the N400 amplitude distributions and how they are impacted by different 

contextual constraints.  

4.4.6. Limitations 

Exploring potential skewness in amplitude distributions with modified ex-Gaussian functions is a 

relatively new approach, and some aspects should be considered when performing this method, 

especially for ERP amplitudes. First, the application of modified ex-Gaussian functions in the 

current study only explored the skewness of within-subject distributions and could not capture the 

skewness of between-subject distributions. This is because modified ex-Gaussian functions were 

performed on the distributions for each participant, and the estimated parameters would only reflect 

the intraindividual variability. In order to examine the skewness of between-subject distributions, 

further studies could conduct modified ex-Gaussian functions on the amplitude distributions of 

each stimulus. Second, statistical analyses of parameters estimated by modified ex-Gaussian 

functions could only be conducted on the level of aggregate data based on participants or stimuli, 

and in any case, the other factor might bias the results. For example, results obtained in this study 

are based on aggregate data of participants, and any skewness observed with τ might be caused by 

some specific stimuli. To estimate the effects of µ and τ at the level of single observations as well 

as controlling the effects of both participants and stimuli, Bayesian mixed models (Sorensen, 
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Hohenstein, & Vasishth, 2016) with modified ex-Gaussian functions, instead of LMM, could be 

employed in future studies.  

In addition, in this study, mean amplitudes of the N170 time windows were used for each trial, as 

single-trial ERP is usually quite noisy, and it is hard to locate the peak amplitude and its 

corresponding latency. However, previous studies suggest that there is some variability in the 

latency and peak amplitudes at the single-trial level (Navajas et al., 2013). Some denoise 

algorithms (Ahmadi & Quian Quiroga, 2013) could be applied to single-trial ERPs in future 

research before further analyses were conducted. 

4.4.7. Conclusions 

All in all, this study provides a new approach, i.e., fitting with modified ex-Gaussian functions, to 

exploring the potential skewness in distributions that are rightward or leftward skewed. Results 

suggest that amplitude distributions in most conditions are normally distributed. To my best 

knowledge, this is the first empirical evidence supporting the normality assumption underlying 

ERP signal averaging. 
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Chapter 5. Generation of the N170 

5.1. Introduction 

The N1 is the first large, negative event-related potential (ERP) component evoked by visual 

stimuli with a posterior scalp distribution (Haider et al., 1964; Luck et al., 1990). It is usually 

enhanced by a face stimulus and termed as the N170 owing to its peaking around 170ms post 

stimulus onsets (Bentin et al., 1996; Rossion, 2014; Rossion & Jacques, 2011; Schweinberger & 

Neumann, 2016). The N170 is typically found to be higher in amplitude for faces compared with 

non-face objects, such as houses (Boutsen et al., 2006; Itier & Taylor, 2004a; Rousselet et al., 

2005; Rousselet, Husk, et al., 2008), cars (Allison et al., 1994; Carmel & Bentin, 2002), furniture 

(Boutsen et al., 2006; Eimer, 2000a; Itier et al., 2006) and so on.   

One of the mysteries about the N170 is the way it is generated. Is the N170 generated in a graded 

or in an all-or-none manner? If it is graded, the N170 should be weaker (lower amplitude) when 

available information about the face-like properties of the stimulus is limited. If the N170 is 

generated in an all-or-none manner, the N170 should remain the same regardless of the amount of 

facial information.  

The idea that the N170 is graded is supported by evidence that smaller N170 amplitudes were 

associated with a reduction in facial information (e.g., Jemel, Schuller, et al., 2003; Tanskanen et 

al., 2007). Facial information can be reduced by shortening stimuli durations (e.g., Tanskanen et 

al., 2007), reducing the stimulus onset asynchrony (SOA; e.g., Nasr, 2010), or by adding noise 

(e.g., Jemel, Schuller, et al., 2003). Studies that varied the durations of faces demonstrated that 

weaker N170 amplitudes (or M170 responses) were induced by faces that were presented for 

shorter compared to longer durations (Carbon et al., 2005; Retter et al., 2018; Tanskanen et al., 

2007). For instance, Tanskanen et al. (2007) displayed faces for 17ms, 33ms, 50ms, 67ms, 83ms, 

100ms, and 200ms and recorded the cortical neuromagnetic responses in the N170 time window 

(M170). They found that M170 responses for faces were comparable for the 17ms and 33ms 

conditions, increased as stimulus durations were lengthened, and reached its maximum in the 

200ms condition (Tanskanen et al., 2007). Similar results were obtained in a study in which the 

SOA between the stimulus and the mask was set as 10ms, 20ms, 30ms, or 500ms while the stimuli 

were always presented for 10ms (Nasr, 2010). The N170 amplitudes for faces were lower in 

amplitude for shorter SOAs.  

A number of studies have manipulated the available facial information by adding noise to faces and 

reported that faces with more noise evoked weaker responses (Bankó et al., 2011; Horovitz et al., 
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2004; Jemel, Schuller, et al., 2003; Navajas et al., 2013; Németh et al., 2014; Philiastides et al., 

2006; Philiastides & Sajda, 2006; Rousselet, Pernet, et al., 2008; Schneider et al., 2007; Tarkiainen 

et al., 2002). For example, Jemel et al. (2003) displayed face stimuli integrated with differing 

amounts of random noise to participants and discovered that faces with more noise elicited weaker 

and delayed N170 responses. Likewise, Philiastides et al. (2006) employed the weighted mean 

phase (Dakin, Hess, Ledgeway, & Achtman, 2002) technique to control the phase spectra in stimuli 

and observed that faces with lower phase coherence (i.e., less facial information) evoked smaller 

N170 amplitudes.  

Together, these findings indicate that weaker N170/M170 activity is associated with less available 

facial information and appear to corroborate the view that the N170 grades in amplitude with the 

amount of evidence for a face. However, a critical evaluation of this evidence is warranted. 

Perhaps most critically, not only did limiting accessible facial information result in smaller N170 

amplitudes, but it also led to worse behavioral performance in all the studies that reported 

appropriate behavioral responses (Bankó et al., 2011; Nasr, 2010; Philiastides & Sajda, 2006; 

Retter et al., 2018; Rousselet, Pernet, et al., 2008; Tanskanen et al., 2007). For example, Tanskanen 

et al. (2007) measured the recognition rates for each duration outside the MEG recordings. They 

discovered that the accuracy of recognition in the 17ms condition was at the chance level and 

improved with longer durations, reaching a maximum (about 94%) in the 200ms condition. 

Comparable behavioral results were obtained by Philiastides et al. (2006), who showed higher 

categorization accuracy for stimuli with higher phase coherence (i.e., more information). Other 

studies have reported that behavioral performance correlates positively with N170 amplitude – that 

is, stronger N170 responses in the conditions with greater accuracy (Bankó et al., 2011; Harris, 

Wu, & Woldorff, 2011; Nasr, 2010; Philiastides & Sajda, 2006; Retter et al., 2018; Rousselet, 

Pernet, et al., 2008; Tanskanen, Näsänen, Montez, Päällysaho, & Hari, 2005; Tanskanen et al., 

2007; Xu et al., 2005).  

There are two possibilities to account for such a linkage between behavioral performance and N170 

activity. Take the N170 evoked by faces presented for different durations as an example. One is 

that at the single-trial level, faces presented for shorter durations elicit weaker N170s, leading to 

smaller averaged N170 amplitudes for shorter durations. The other is that at the single-trial level, a 

full N170 is generated whenever a face is perceived regardless of how long it is presented. Since 

fewer faces are detected in shorter duration conditions, the average N170 amplitudes are smaller. 

Importantly, the first possibility supports the graded-response hypothesis, while the second 

supports the all-or-none hypothesis. Therefore, it is important to take behavioral performance – and 

signal averaging across trials – into account to explain N170 generation.    
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Three studies have examined the influence of available facial information on N170 amplitudes only 

for correctly detected faces (Fisch et al., 2009; Navajas et al., 2013; Rodríguez et al., 2012). 

Navajas and colleagues (2013) flashed face and car images integrated with Gaussian noise and 

found greater N170 amplitudes for detected faces with less noise. Different from Navajas et al. 

(2013) who contrasted the N170 amplitudes, Fisch et al. (2009) assessed the aspect of the N170 

that could be directly attributed to faces processing (i.e., the “face-specific” N170: defined as the 

difference in amplitude between the N170 evoked by faces and that evoked by non-face stimuli). 

They reported that, for detected faces, differences among distinct durations were not significant. 

These results indicate that the N170 is generated in a graded fashion, while the face-specific N170 

component is generated in full once faces are detected.  

It is noteworthy that in these two studies the accuracy of detecting faces in most conditions was not 

perfect (i.e., less than 100%), suggesting that participants responded by guessing on some trials, 

including some face-detected trials. It is possible that the subjective confidence of participants for 

each detected trial might vary as well, and they might report detecting faces when they were sure a 

face was presented or when they were not sure but felt like a face had been presented. Since 

undetected faces elicited weaker N170 than detected faces (Fisch et al., 2009; Navajas et al., 2013; 

Rodríguez et al., 2012), it is likely (or at least possible) that the N170 for faces responded by 

guessing or with low confidence would also be smaller than those responded to with high 

confidence. In the two studies reported above, it is possible that the average N170 may be 

“contaminated” to some degree by including correct guesses or trials with low perceptual 

confidence.  

To address the issue of possible contamination, Rodríguez et al. (2012) measured participants’ 

subjective awareness of faces presented for distinct durations. Participants were asked to report 

with a 4-point scale: “sure a face was presented”, “fairly sure a face was presented”, “possibly saw 

a face”, and “no impression of a face”. While this methodological approach seems like a viable 

way to address the contamination of guessing or trials with low confidence, the approach to data 

analysis employed undermines this. Specifically, the researchers combined the trials of “sure or 

fairly sure” together and only included trials in the 50ms condition because this was the only 

condition that enough trials were obtained for different levels of subjective awareness (Rodríguez 

et al., 2012). Consequently, the N170 for clearer subjective awareness was contaminated by the 

trials with low confidence again and further the N170 for “sure a face was presented” in 50ms 

condition could not be contrasted with a baseline level (e.g., “sure a face was presented” in 83ms 

condition), failing to contribute to a better understanding of how the N170 is generated. 
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Here, I aimed to address this shortcoming and examine how the N170 is generated by exploring the 

dependency of N170 amplitudes on different stimuli and durations, as well as how the N170 

amplitudes are associated with participants’ subjective perception of the stimuli. Specifically, this 

study displayed face and house images, and their corresponding scrambled stimuli, for 17ms in the 

experimental condition. To serve as a baseline that depicted neural activities of different stimuli in 

normal situations, the same stimuli were also presented for 200ms. To examine the participants’ 

subjective perception of the stimuli shown on the screen, five keys were provided for participants: 

“Key 1: sure the stimulus was a face”, “Key 2: not sure but think it was a face”, “Key 3: no idea 

what it was”, “Key 4: not sure but think it was a house”, and “Key 5: sure it was a house”. 

Additionally, “Key 1” and “Key 5” corresponded to high subjective confidence. “Key 2” and “Key 

4” corresponded to low subjective confidence. “Key 3” corresponded to the lowest subjective 

confidence, i.e., guessing.  

Additional steps were taken to make sure that participants did have a clear perception of stimuli 

when they reported high subjective confidence. First, the instructions emphasized to participants 

“please only respond with Key 1 or Key 5 when you are 100% sure the image was a face or a 

house, otherwise please use the other three keys”. Moreover, accuracy for Key 1 in 17ms was 

assessed for each participant, and participants whose accuracy in this condition was below 95% 

were removed from further analyses. Further, in the first half of the experiment, all stimuli were 

presented for 17ms to eliminate the likelihood that participants were inclined to report faces 

presented for 17ms as a perception of faces with lower confidence compared with those displayed 

for 200ms. Furthermore, preceding the second half of experiments, in which stimuli were presented 

for 17ms or 200ms, participants were informed of stimuli would also be presented for 200ms 

conditions in the following sessions and instructed to keep the same criteria as that used for the 

17ms conditions.  

The main dependent variable in this study was the N170 amplitude. Since distinctions among 

results for the N170 and the face-specific N170 were suggested by previous research (Fisch et al., 

2009; Navajas et al., 2013), the face-specific N170 was also assessed in this study. In contrast to 

the study by Fisch et al. (2009), the face-specific N170 was defined as the difference in ERP 

amplitudes between faces and houses. This is because houses, but not scrambled stimuli, should be 

perceived with varying subjective confidence. This enabled the comparison of face-specific N170 

with different subjective confidence ratings. I also examined the influence of stimulus duration and 

subjective confidence on P1 amplitudes to exclude the possibility of component overlaps between 

the P1 and N170 influencing the result.  
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5.2. Materials and Methods 

5.2.1. Participants 

Thirty-five participants were recruited in this study, and seven of them were subsequently excluded 

due to failure to follow instructions. Specifically, in this study, participants were instructed to press 

Key 1 only when they were sure what they saw was a face. However, these seven participants’ 

accuracy of pressing Key 1 was under 95% (M = 76%, range: 49% - 94%), and, therefore, they 

were not included in further analyses.  

The remaining twenty-eight participants (20 females, age range: 18-32 years old, Mage = 22.32) had 

normal or corrected-to-normal vision, participated in the experiment in exchange for course credits 

or supermarket vouchers, and gave written consent before completing the tasks. This study was 

approved by the University of Auckland Human Participants Ethics Committee (Reference Number 

016833). 

5.2.2. Stimuli and apparatus 

Stimuli and apparatus used in this study were the same as those in the second study (see 4.2.2 and 

4.2.3).  

5.2.3. Procedures 

Sandwich masking was utilized in this study, and the trial procedures were the same as those in 

Experiment 3 of the second study. Each trial (Figure 5.1) in this study started with a cross fixation 

for 500ms, which was followed by a pre-masking with durations of 200ms, 250ms, 300ms, 350ms, 

or 400ms. Then the experimental stimulus with the masking as the background was presented for 

17ms or 200ms. Next, the post-masking replaced the experimental stimulus and would not 

disappear until the response was collected. Participants were asked to judge whether the stimulus 

was a face or a house by pressing one of five keys. They were instructed to press Key 1 if they 

were sure the stimulus was a face, press Key 2 if they were not sure but thought it was a face, press 

Key 5 if they were sure it was a house, press Key 4 if they were not sure but thought it was a house, 

and press Key 3 if they had no idea what it was. The interval between trials was 1000ms. 

A 2 (Type: intact vs. scrambled) × 2 (Category: faces vs. houses) × 2 (Duration: 17ms vs. 200ms) 

within-subject design was employed in this study. There were four blocks in total, and each 

consisted of 320 trials. In the first two blocks, all stimuli were presented for 17ms. Every intact 

stimulus was repeated for three times while every scrambled stimulus was displayed once in each 
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of the first two blocks. In each of the last two blocks, every stimulus was presented once in each 

condition. It took about 1 hour to finish all these trials. In addition, preceded the main experiment, 

participants completed another 32 practice trials, in which stimuli were only presented for 17ms. 

No feedback was provided at the single-trial level, and the responses were summarized at the end 

of the practice.  

5.2.4. EEG data pre-processing 

Procedures for conducting the pre-processing of EEG data were the same as those in the second 

study (see 4.2.5).  

5.2.5. Time windows, peak channels, and mean amplitudes 

In this study, the time windows and peak channels were identified for both the P1 and the N170. 

The procedures of identifying time windows and identifying peak channels for the N170 were the 

same as those in the second study (see 4.2.6). As a result, the time windows for the N170 in this 

study were 152-192ms (time window size: 40ms) after the onsets of stimuli. The peak channels for 

the N170 were PO7 (E65), PO8 (E90), and the neighbours were E65, E70, E66, E59, E58, E64, and 

E69 for PO7 (E65) and E90, E96, E91, E84, E83, E89, and E95 for PO8 (E90). 

The procedures of locking time windows and identifying peak channels for the P1 were analogous 

to those for the N170. For the time windows, PO7 (E65) and PO8 (E90) were chosen as the 

assumed peak channels for the P1 based on previous literature (e.g., Bankó, Gál, Körtvélyes, 

Kovács, & Vidnyánszky, 2011; Kuefner, Jacques, Prieto, & Rossion, 2010; Rossion & Caharel, 

2011; Smith, 2012). A grand averaged epoch for the cluster channels of PO7 and PO8 was derived 

by averaging all epoch data across participants, conditions, and channels using custom Matlab 

scripts. Then the maximum amplitude value of the grand averaged epoch between 70ms and 140ms 

after stimulus onsets was identified. The timepoints whose corresponding amplitude values were 

the closest to half of the maximum amplitude value were taken as the two ends of the time window. 

Moreover, similar procedures to those used for the N170 was performed to make sure that the time 

Figure 5.1. Trial procedures. Stimuli were presented for 17ms or 200ms. Sandwich masking was utilized. 
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window size was in the range between 36ms to 40ms. As a result, the time windows for the P1 in 

this study were 96ms – 136ms (time window size: 40ms) after stimulus onsets.  

The procedures of identifying peak channels for the P1 were the same as those for the N170. By 

visually checking the grand averaged scalp distribution map for the P1, the centers of the positive 

peak activities were around PO7 (E65) and PO8 (E90), which were the same as the assumed peak 

channels. Therefore, the peak channels for the P1 were decided as PO7 (E65), PO8 (E90), and their 

neighbors, which were the same as those for the N170. 

Similar to the second study, amplitudes employed in the current study were also defined as the 

mean of the amplitudes within the time window, which was also known as the mean amplitude. 

The single-trial mean amplitudes were further submitted to linear mixed models (LMM) for further 

analyses.  

5.2.6. Statistical analyses 

Linear mixed models (LMM), instead of repeated-measure analyses of variances (rm-ANOVA), 

were conducted to assess response rates, response times, and single-trial mean amplitudes. The 

specific advantages of applying LMM in this study is that comparing with rm-ANOVA, LMM 

have the ability to give unbiased results in the presence of missing data. In this study, it was 

expected that, when intact face stimuli were presented for 17ms, some participants may not be able 

to perceive the stimuli with high subjective confidence, and it is also possible that some ratings 

may not be used by all participants. Another advantage of using LMM is that LMM can analyze 

amplitudes at the level of single observations and estimate multiple random effects. Estimating 

both participants and stimuli data would maximize data use and allow generalization of fixed 

effects to other similar participants and stimuli. In addition, the model selection procedures for 

obtaining the optimal model from the maximal model followed the steps described in Section 3.3.3. 

In this study, I was first interested in how P1 and N170 amplitudes varied when intact faces were 

presented for different durations and distinct subjective confidence was reported. Therefore, 

pairwise contrasts for Duration and Confidence were performed separately on the results of the 

optimal LMM for intact faces. In addition, the dependency of face-specific amplitudes (i.e., faces 

subtracting houses) for intact stimuli on durations and subjective confidence were also of interests. 
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Thus, interaction pairwise contrasts28 between Category and Duration (or Confidence) for intact 

faces were conducted as well.  

Statistical analyses were carried out within R (R Core Team, 2018) and RStudio (RStudio Team, 

2019). Data were tidied up with the Tidyverse package (Wickham, 2017). The lme4 package (Bates 

et al., 2015) was used to perform LMM, and the lmerTest package (Kuznetsova et al., 2017) was 

used to calculate statistical significances of the fixed effects, in which Satterthwaite’s method was 

applied to estimate degrees of freedom. Follow-up comparisons were performed with the emmeans 

package (Lenth, 2019). The R Markdown output file is available at https://osf.io/zv6kg/. 

5.3. Results 

5.3.1. Behavioral  

5.3.1.1. Descriptions of responses in each condition 
Before performing LMM on any behavioural performance, percentage of every key response in 

each condition was depicted in Figure 5.2 and the corresponding response times were displayed in 

Figure 5.3. The left upper panel of Figure 5.2 displayed that when intact faces were presented for 

17ms, participants were sure what they saw were faces for about half of trials (M = 0.47, 95% 

confidence interval (CI): [0.35, 0.59]) and not sure but thought the stimuli were faces for about a 

third of trials (M = 0.32, 95% CI: [0.24, 0.41]). Moreover, when intact houses were presented for 

17ms, for most trials, participants reported they were not sure but thought the stimuli were houses 

(M = 0.40, 95% CI: [0.32, 0.48]) or had no idea what were presented (M = 0.39, 95% CI: [0.29, 

0.48]). The right upper panel of Figure 5.2 showed that for almost all trials when intact stimuli 

were presented for 200ms, participants could correctly categorize the stimuli with high confidence 

(Key 1 for faces: M = 0.98, 95% CI: [0.96, 0.99]; Key 5 for houses: M = 0.97, 95% CI: [0.96, 

0.98]). The lower two panels of Figure 5.2 portrayed that when scrambled stimuli were displayed, 

participants were very likely to press Key 3 (17ms faces: M = 0.71, 95% CI: [0.50, 0.93]; 17 

houses: M = 0.70, 95% CI: [0.48, 0.92]; 200ms faces: M = 0.98, 95% CI: [0.94, 1.0129]; 200ms 

houses: M = 0.97, 95% CI: [0.94, 1.01]), suggesting they cannot distinguish the scrambled stimuli.  

                                                 

 

28 For example, the interaction pairwise contrast between Category and Duration is equivalent to (17ms faces – 17ms 
houses) – (200ms faces – 200ms houses).  
29 Some may notice that here the 95% confidence interval for percentage was larger than 1 which was impossible since 
the maximum value of percentage should be 1. This was due to, strictly speaking, that percentage should not be 

https://osf.io/zv6kg/
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These results described how key responses, i.e., categorization with subjective confidence, were 

allocated in different conditions. Critically, the variability of confidence in 17ms intact stimuli 

conditions enabled to further explore the associations between subjective confidence and ERP 

amplitudes.  

5.3.1.2. Percentage of responding as faces 
The percentage of responses in which stimuli were identified as faces were employed in this study, 

which was defined as the number of trials with a “face” response divided by the total number of 

                                                 

 

analysed with general linear models (including t-test, ANOVA, LMM) as it was not continuous data (more details see 
6.5). 

Figure 5.2. Averaged percentage of every key response in each condition across participants. Response 1 denotes 
participants were sure the stimulus was a face, response 2 denotes participants were not sure but thought it was 
a face, response 3 denotes participants had no idea what it was, response 4 denotes participants were not sure 
but thought it was a house, and response 5 denotes participants were sure it was a house. Error bars represent 
95% confidence intervals.   
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trials for each key response in each level of Type and Duration for every participant. The 

percentage of responding as faces were then analyzed with LMM. 

The maximal model for the percentage of responding as faces included the fixed effects of Type, 

Duration, Response, and the interactions among them. The random effect structures comprised of 

the by-participant random intercept and random slopes of Type, Duration, and their interaction. 

The maximal model for the percentage of responding as faces was as follows: 

Percentage ~ Type × Duration × Response 

                                    +(1 + Type × Duration | Participant)  
(5.1) 

where Percentage represents the percentage of responding as faces, which was the dependent 

variable, and Type × Duration denotes the main effects of Type and Duration, as well as their 

interaction. With the model selection procedures described in 3.3.3, only the by-participant random 

Figure 5.3. Response times for every key response in each condition across participants. Response 1 denotes 
participants were sure the stimulus was a face, response 2 denotes participants were not sure but thought it was 
a face, response 3 denotes participants had no idea what it was, response 4 denotes participants were not sure 
but thought it was a house, and response 5 denotes participants were sure it was a house. Error bars represent 
95% confidence intervals.   
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slope of the interaction between Type and Duration was retained in the random effect structure of 

the optimal model: 

Percentage ~ Type × Duration × Response 

                               +(0 + Type: Duration | Participant) 
(5.2) 

where the denotations were similar to those for Model 5.1. Type:Duration denotes the by-

participant random slope of the interaction between Type and Duration. The LMM table of this 

optimal model is shown in Table 5.1.  

Table 5.1.  

The LMM table of the optimal linear mixed model for the percentage of responding as faces. 

  Estimate Std. Error df t value p  
(Intercept) 0.47 0.01 400.84 40.48 0.000 *** 
Type2-1 0.00 0.02 402.83 -0.05 0.963  
Duration2-1 -0.01 0.02 404.38 -0.56 0.577  
Response2-1 -0.01 0.04 394.88 -0.15 0.882  
Response3-2 -0.28 0.03 395.11 -8.65 0.000 *** 
Response4-3 -0.17 0.03 390.65 -5.56 0.000 *** 
Response5-4 -0.06 0.04 394.35 -1.52 0.129  
Type2-1:Duration2-1 -0.14 0.05 44.87 -2.87 0.006 ** 
Type2-1:Response2-1 0.18 0.08 401.88 2.36 0.019 * 
Type2-1:Response3-2 0.50 0.06 389.64 7.66 0.000 *** 
Type2-1:Response4-3 0.28 0.06 390.26 4.59 0.000 *** 
Type2-1:Response5-4 -0.08 0.08 396.23 -1.01 0.312  
Duration2-1:Response2-1 0.27 0.08 395.01 3.56 0.000 *** 
Duration2-1:Response3-2 -0.02 0.06 395.11 -0.28 0.780  
Duration2-1:Response4-3 -0.19 0.06 390.65 -3.05 0.002 ** 
Duration2-1:Response5-4 -0.01 0.08 396.63 -0.09 0.930  
Type2-1:Duration2-1:Response2-1 0.14 0.15 402.00 0.93 0.352  
Type2-1:Duration2-1:Response3-2 -0.07 0.13 389.64 -0.56 0.575  
Type2-1:Duration2-1:Response4-3 0.27 0.12 390.26 2.21 0.028 * 
Type2-1:Duration2-1:Response5-4 -0.06 0.15 398.31 -0.37 0.711  

Note. df = degrees of freedom. The successive difference contrast coding instead of the default dummy coding was 
exploited, and the numbers in fixed effects denoted different levels of that fixed factor. For instance, Type2-1 
represented that the percentage of the second level in Type (i.e., scrambled) subtracted those of the first level in Type 
(i.e., intact).  
* p < .05. ** p < .01. *** p < .001. 

In this study, five keys were available for participants to categorize the stimuli and indicate their 

subjective confidence. In order to make sure they responded by following the instructions, their 

performance was assessed. First, as participants were asked to press Key 1 only when they were 

sure the stimuli were faces, of all the trials where they responded with Key 1, at least 95% of those 

should show faces. Thus, as mentioned in the Participants section (5.2.1), participants whose 

percentage of responding as faces for Key 1 were under 95% were removed before conducting any 
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statistical analysis. Second, considering that the experiment  lasted longer than one hour for each 

participant, they are likely to make some mistakes. Nevertheless, the percentage of Key 1 responses 

for the 17ms intact conditions should not be different from that for the 200ms intact conditions. 

Pairwise contrasts (Figure 5.4) did not provide evidence that these two conditions were 

significantly different from each other (17ms intact: M = 0.988, 95% CI: [0.91, 1.06]; 200ms intact: 

M = 0.996, 95% CI:  [0.92, 1.07]; t(373) = -0.14, p = .89). Similar non-significant results were also 

observed between 17ms and 200ms intact houses (17ms intact: M = 0.074, 95% CI: [-0.003, 

0.151]; 200ms intact: M = 0.002, 95% CI: [-0.074, 0.077]; t(373) = 1.31, p = .19). Third, because 

participants were instructed to press 3 when they had no idea what the stimuli were, the percentage 

of Key 3 responses for scrambled stimuli should be at the chance level (0.5). Results of one-sample 

t-tests revealed that percentage for Key 3 in 17ms (t(408) = 0.20, p = .84, M = 0.51, 95% CI = 

[0.43, 0.58]) and 200ms (t(408) = 0.02, p = .99, M = 0.50, 95% CI = [0.43, 0.58]) scrambled 

conditions were not significantly different from 0.5. In addition, their differences did not reach 

significance, either (t(373) = 0.13, p = .90). 

Figure 5.4. Percentage of responding as faces for each key in each condition across participants. Response 1 
denotes participants were sure the stimulus was a face, response 2 denotes participants were not sure but 
thought it was a face, response 3 denotes participants had no idea what it was, response 4 denotes participants 
were not sure but thought it was a house, and response 5 denotes participants were sure it was a house. Error 
bars represent 95% confidence intervals.   
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Overall, these results suggest that the remaining participants did follow the instructions to  

categorize the stimuli, and there should be no, or at least only little, guessing involved when 

participants responded with Key 1.  

5.3.2. ERP amplitudes across responses 

Amplitudes were first analyzed with LMM regardless of responses to replicate the effects of 

durations on the N170 found in previous literature (Carbon et al., 2005; Mitsudo, Kamio, Goto, 

Nakashima, & Tobimatsu, 2011; Retter et al., 2018; Tanskanen et al., 2007), which were that 

amplitudes of the N170 were stronger for longer durations compared with shorter durations. Figure 

5.5 displays the grand averaged ERP amplitudes that were from 200ms prior to 500ms after 

stimulus onsets in different conditions and the grand averaged topographic maps for the P1 and 

N170 time windows are depicted in Figure 5.6.  

Statistical analyses were performed with LMM. The same maximal model was used for both the P1 

and the N170 amplitudes and all random effects were incorporated. Specifically, the fixed effects 

consisted of Type, Category, Duration, Hemisphere, and the interactions among them. The random 

effect structures were composed of the by-participant random intercept and random slopes of Type, 

Category, Duration, Hemisphere, and their interactions, as well as the  by-stimulus random 

intercept and random slopes of Type, Duration, Hemisphere, and their interactions. The maximal 

model was as follows: 

Amplitudes ~ Type × Category × Duration × Hemisphere

+ (1 + Type × Category × Duration × Hemisphere| Participant)

+ (1 + Type × Duration × Hemisphere | Stimulus) 

(5.3) 

where Amplitudes denotes single-trial mean amplitudes of the P1 or the N170, which was the 

dependent variable. “×” denotes the main effects and the interactions among them. For example, 

Type × Category × Duration × Hemisphere denotes the main effects and interactions among them, 

including all two-way and three-way interactions. As the random effect structure in this maximal 

model was quite complex, and it would take several days to get the model  fitted, LMM on 

amplitudes across responses and the model selection procedures were performed in the high-

performance computing system.  
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Figure 5.5. Grand averaged ERP amplitudes as a function of time, Hemisphere (left vs. right), Type (intact vs. 
scrambled), Category (faces vs. houses), and Duration (17 vs. 200ms) across responses. The central electrode 
used for left hemispheres was E65 (PO7) and its neighbouring electrodes were E65, E70, E66, E59, E58, E64, 
and E69. The central electrode used for right hemispheres was E90 (PO8) and its neighbouring electrodes 
were E90, E96, E91, E84, E83, E89, and E95.  Zero on X axis represents the stimulus onsets. The grey dashed 
rectangular denotes the time windows for the P1 (96ms – 136ms), while the grey solid rectangular denotes the 
time windows for the N170 (152-192ms).  
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5.3.2.1. P1 amplitudes 
With the model selection procedures in 3.3.3, the optimal model for P1 amplitudes is: 

P1 ~ Type × Category × Duration × Hemisphere + (1 | Participant)

+ (0 + Type | Participant) + (0 + Category | Participant)  

+ (0 + Duration| Participant) + (0 + Hemisphere | Participant)

+ (0 + Type: Category | Participant)

+ (0 + Type: Duration | Participant)

+ (0 + Category: Duration | Participant)

+ (0 + Duration: Hemisphere | Participant) + (1 | Stimulus)

+ (0 + Type | Stimulus) + (0 + Duration | Stimulus)

+ (0 + Type: Duration | Stimulus) 

(5.4) 

Figure 5.6. Grand averaged topographic maps of the P1 and N170 for different conditions (Type: intact vs. 
scrambled; Category: faces vs. houses; Duration: 17 vs. 200ms) across responses. The time windows for the P1 
are from 96ms to 136ms after the stimulus onsets and the time windows for the N170 are from 152ms to 192ms 
after the stimulus onsets. 
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where P1 denotes single-trial mean amplitudes of the P1, which was the dependent variable.   “:” 

denotes interaction terms. For example, Type:Category in the random effect structure denotes the 

random slope of the interaction between Hemisphere and Type. In this model, no correlations 

among random effects were included. The LMM table of this optimal model is shown in Table 5.2 

and estimated marginal means in each condition are depicted in Figure 5.7.  

Table 5.2.  

The LMM table of the optimal linear mixed model for the P1 amplitudes across responses. 

  Estimate Std. Error df t value p  
(Intercept) 1.26 0.24 29.18 5.16 0.000 *** 
Type2-1 -0.11 0.07 34.72 -1.48 0.147  
Category2-1 0.09 0.06 48.27 1.50 0.141  
Duration2-1 0.35 0.11 31.98 3.19 0.003 ** 
Hemisphere2-1 0.12 0.15 29.30 0.78 0.442  
Type2-1:Category2-1 0.12 0.13 40.55 0.97 0.337  
Type2-1:Duration2-1 0.31 0.14 40.16 2.31 0.026 * 
Category2-1:Duration2-1 0.12 0.09 45.85 1.33 0.189  
Type2-1:Hemisphere2-1 0.01 0.07 70677.86 0.16 0.869  
Category2-1:Hemisphere2-1 -0.04 0.07 70676.90 -0.58 0.563  
Duration2-1:Hemisphere2-1 0.01 0.12 30.09 0.05 0.961  
Type2-1:Category2-1:Duration2-1 0.01 0.18 97.25 0.04 0.969  
Type2-1:Category2-1:Hemisphere2-1 0.19 0.14 70675.56 1.36 0.175  
Type2-1:Duration2-1:Hemisphere2-1 -0.04 0.14 70678.66 -0.30 0.761  
Category2-1:Duration2-1: 
Hemisphere2-1 -0.15 0.14 70675.92 -1.08 0.282  

Type2-1:Category2-1:Duration2-1: 
Hemisphere2-1 0.12 0.28 70675.78 0.43 0.665  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Type2-1 represented that 
amplitudes of the second level in Type (i.e., scrambled) subtracted those of the first level in Type (i.e., intact).  
* p < .05. ** p < .01. *** p < .001. 

Pairwise contrasts revealed that the differences in P1 amplitudes evoked by intact faces between 

17ms and 200ms conditions were not significant for both hemispheres (|t| < 1.3, p > .43). 

Interaction pairwise contrasts between Category and Duration for intact stimuli did not show 

significant results for both hemispheres either (|t| < 1.5, p > .30). These results did not support the 

notion that P1 amplitudes for intact faces or face-specific P1 amplitudes of intact stimuli were 

affected by duration, suggesting that any differences found for N170 amplitudes later were not due 

to the overlap with of P1.  

To make the analyses complete, similar pairwise contrasts were also performed for intact houses 

and scrambled stimuli where Bonferroni corrections for eight tests were applied. Results showed 

that P1 amplitudes of intact houses in 17ms conditions were not significantly different from those 



 

131 

in 200ms conditions for both hemispheres (|t| < 1.8, p > .60). However, P1 amplitudes evoked by 

scrambled stimuli were (marginally) smaller when presented for 17ms compared with 200ms (left 

faces: t(140.8) = -2.54, p = .10, b = -0.43, 95% CI = [-0.90, 0.04]; right faces: t(140.8) = -2.71, p = 

.06, b = -0.46, 95% CI = [-0.93, 0.01]; left houses: t(140.6) = -3.55, p < .01, b = -0.60, 95% CI = [-

1.07, -0.13]; right houses: t(140.6) = -3.19, p < .05, b = -0.54, 95% CI = [-1.01, -0.07]). Additional 

interaction pairwise contrasts between Category and Duration were also performed for scrambled 

stimuli and no significance was observed (|t| < 1.1, p > .30).  

5.3.2.2. N170 amplitudes 
The optimal model for N170 amplitudes across responses were obtained by following the model 

selection procedures described in 3.3.3: 

Figure 5.7. Amplitudes of the P1 as a function of Hemisphere (left vs. right), Type (intact vs. scrambled), 
Category (faces vs. houses), and Duration (17ms vs. 200ms) across responses. Error bars represent 95% 
confidence intervals.  
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N170 ~ Type × Category × Duration × Hemisphere + (1 | Participant)

+ (0 + Type | Participant) + (0 + Category | Participant)  

+ (0 + Duration| Participant) + (0 + Hemisphere | Participant)

+ (0 + Type: Category | Participant)

+ (0 + Type: Duration | Participant)

+ (0 + Category: Duration | Participant)

+ (0 + Type: Hemisphere | Participant)

+ (0 + Category: Hemisphere | Participant)

+ (0 + Duration: Hemisphere | Participant)

+ (0 + Type: Category: Duration | Participant)

+ (0 + Type: Category: Hemisphere | Participant)

+ (0 + Type: Duration: Hemisphere | Participant) + (1 | Stimulus)

+ (0 + Type | Stimulus) + (0 + Duration | Stimulus)

+ (0 + Type: Duration | Stimulus) 

(5.5) 

where N170 denotes single-trial mean amplitudes of the N170, which was the dependent variable. 

“:” denotes interaction terms. For example, Type:Category in the random effect structure denotes 

the random slope of the interaction between Hemisphere and Type. In this model, no correlations 

among random effects were included. The LMM table of this optimal model is shown in Table 5.3 

and estimated marginal means are displayed in Figure 5.8. 

Differences of N170 amplitudes between durations were first tested for intact faces. Pairwise 

contrasts corrected with Bonferroni methods for two tests showed that smaller N170 amplitudes 

were induced by intact faces when presented for 17ms relative to 200ms for both hemispheres (left: 

t(100.1) = 2.62, p < .05, b = 0.68, 95% CI = [0.09, 1.26]; right: t(100.1) = 5.02, p < .001, b = 1.30, 

95% CI = [0.71, 1.88]). In addition, the differences between durations for left hemispheres were 

smaller than right hemispheres, as shown in the significant interaction between Duration and 

Hemisphere for intact faces (t(45.6) = -2.35, p < .05, b = -0.62, 95% CI = [-1.15, -0.09]). Next, the 

face-specific N170 amplitudes for different durations were compared via the interaction pairwise 

contrasts between Category and Duration for intact stimuli, which were also corrected with 

Bonferroni methods for two tests. Results revealed that the interactions between Category and 

Duration for intact stimuli were significant for both hemispheres (left: t(104.1) = 8.93, p < .001, b = 

1.92, 95% CI = [1.43, 2.41]; right: t(104.1) = 10.40, p < .001, b = 2.24, 95% CI = [1.75, 2.73]), 

suggesting that face-specific N170 amplitudes were larger for 200ms than 17ms conditions. 

Moreover, distinctions of face-specific N170 amplitudes between durations were not significantly  
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Table 5.3.  

The LMM table of the optimal linear mixed model for the N170 amplitudes across responses. 

  Estimate Std. Error df t value p  
(Intercept) -1.46 0.32 29.08 -4.51 0.000 *** 
Type2-1 1.03 0.13 31.73 7.68 0.000 *** 
Category2-1 0.95 0.11 31.75 8.48 0.000 *** 
Duration2-1 0.56 0.18 29.20 3.15 0.004 ** 
Hemisphere2-1 0.00 0.20 29.04 0.01 0.993  
Type2-1:Category2-1 -1.93 0.23 32.94 -8.52 0.000 *** 
Type2-1:Duration2-1 1.01 0.19 35.24 5.45 0.000 *** 
Category2-1:Duration2-1 1.06 0.14 29.85 7.75 0.000 *** 
Type2-1:Hemisphere2-1 0.39 0.13 31.43 2.90 0.007 ** 
Category2-1:Hemisphere2-1 0.19 0.12 34.13 1.56 0.128  
Duration2-1:Hemisphere2-1 -0.23 0.24 29.14 -1.00 0.327  
Type2-1:Category2-1:Duration2-1 -2.04 0.28 40.17 -7.32 0.000 *** 
Type2-1:Category2-1:Hemisphere2-1 -0.59 0.24 34.46 -2.49 0.018 * 
Type2-1:Duration2-1:Hemisphere2-1 0.45 0.16 31.35 2.92 0.006 ** 
Category2-1:Duration2-1: 
Hemisphere2-1 0.05 0.14 70543.81 0.35 0.727  

Type2-1:Category2-1:Duration2-1: 
Hemisphere2-1 -0.53 0.28 70543.51 -1.87 0.061 + 

Note. df = degrees of freedom. In this study, the successive difference contrast coding instead of the default dummy 
coding was exploited, and the numbers in fixed effects denoted different levels of that fixed factor. For instance, 
Type2-1 represented that amplitudes of the second level in Type (i.e., scrambled) subtracted those of the first level in 
Type (i.e., intact).  
+ p = .06. * p < .05. ** p < .01. *** p < .001. 

different between both hemispheres, as the three-way interaction30 between Category, Duration, 

and Hemisphere for intact faces did not reach significance (t = -1.65, p = 0.10). These results 

suggest that both N170 amplitudes for intact faces and the face-specific N170 amplitudes for intact 

stimuli were stronger for longer durations. Furthermore, there was also right lateralization for N170 

amplitudes evoked by intact faces whereas no similar effects were observed for the face-specific 

N170 amplitudes.  

Analogous to the analyses of P1 amplitudes, pairwise contrasts between Duration were also 

conducted for intact houses and scrambled stimuli, where Bonferroni corrections for eight tests 

were adopted. Results revealed that in all these conditions, stronger N170 amplitudes were induced 

when stimuli were presented for 17ms compared with 200ms (intact houses over left hemispheres: 

                                                 

 

30 This three-way interaction is equivalent to the interaction between Category and Duration for left hemispheres 
subtracting the interaction between Category and Duration for right hemispheres, i.e., [(left 17ms faces – left 17ms 
houses) – (left 200ms faces – left 200ms houses)] – [(right 17ms faces – right 17ms houses) – (right 200ms faces – 
right 200ms houses)]. 
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t(100.3) = -4.82, p < .001, b = -1.25, 95% CI = [-2.05, -0.45]; intact houses over right hemispheres: 

t(100.3) = -3.65, p < .01, b = -0.94, 95% CI = [-1.74, -0.14]; scrambled faces over left hemispheres: 

t(106.0) = -3.79, p < .01, b = -0.99, 95% CI = [-1.80, -0.18]; scrambled faces over right 

hemispheres: t(106.0) = -4.18, p < .01, b = -1.09, 95% CI = [-1.90, -0.28]; scrambled houses over 

left hemispheres: t(105.9) = -4.38, p < .001, b = -1.15, 95% CI = [-1.96, -0.34]; scrambled houses 

over right hemispheres: t(105.9) = -3.94, p < .01, b = -1.09, 95% CI = [-1.84, -0.22]). Moreover, 

differences of these effects on both hemispheres were not distinct from each other, which were 

suggested by the non-significant interactions between Duration and Hemisphere for each condition 

(|t| < 1.2, p > .25). Further, the face-specific N170 amplitudes were also examined for scrambled 

stimuli and no significant results were found (|t| < 0.7, p > .49).  

Figure 5.8. Amplitudes of the N170 as a function of Hemisphere (left vs. right), Type (intact vs. scrambled), 
Category (faces vs. houses), and Duration (17ms vs. 200ms) across responses. Error bars represent 95% 
confidence intervals.  
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5.3.3. Subjective confidence on ERP amplitudes 

Next, subjective confidence was taken into account when ERP amplitudes were analyzed with 

LMM. As shown in Figure 5.2, the variability in responses was mainly in the conditions in which 

intact stimuli were presented for 17ms. In particular, most responses for 17ms intact faces were 

Key 1, Key 2, and Key 3, whereas most responses for 17ms intact houses were Key 5, Key 4, and 

Key 3. These keys corresponded to high confidence, low confidence, and guessing for face and 

house stimuli, respectively. Thus, responses were converted into a new fixed factor, Confidence, 

which had three levels: high (Key 1 for faces or Key 5 for houses), low (Key 2 for faces or Key 4 

for houses), and guess (Key 3 for both stimuli). Since 200ms intact stimuli conditions were needed 

to be incorporated as the baseline level and the most responses in these conditions were Key 1 and 

Key 5, i.e., the high confidence for face and house respectively, the fixed factor of Confidence was 

further integrated with Duration, and, thus, was updated as Duration_Confidence that had four 

levels: 17ms_guess, 17ms_low, 17ms_high, and 200ms_high. Moreover, scrambled trials were not 

included in the analyses in this section.  

Analogous to the analyses of amplitudes across responses, the grand averaged ERP amplitudes 

200ms prior to 500ms after stimulus onset in different conditions are displayed in Figure 5.9, and 

the grand averaged topographic maps for the P1 and N170 time windows are depicted in Figure 

5.10.  

The fixed effects of the maximal model used in this section included Category, Hemisphere, and 

Duration_Confidence, as well as their interactions. The random effect structure incorporated the 

by-participant random intercept and random slopes of Category, Hemisphere and their interaction, 

as well as the by-stimulus random intercept and random slope of Hemisphere. Thus, the maximal 

model was as follows: 

Amplitudes ~ Category × Hemisphere × Duration_Confidence

+ (1 + Category × Hemisphere | Participant)

+ (1 + Hemisphere | Stimulus) 

(5.6) 

where Amplitudes denotes single-trial mean amplitudes of the P1 or the N170, which was the 

dependent variable. “×” denotes the main effects and the interactions among them. For example, 

Category × Hemisphere × Duration_Confidence denotes the main effects and interactions among 

them, including all the two-way interactions.  
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Figure 5.9. Grand averaged ERP amplitudes for intact stimuli as a function of time, Hemisphere (left vs. right), 
Category (faces vs. houses), and Duration_Confidence (17ms_guess, 17ms_low, 17ms_high, vs. 200ms_high). The 
central electrode used for left hemispheres was E65 (PO7) and its cluster electrodes were E65, E70, E66, E59, 
E58, E64, and E69. The central electrode used for right hemispheres was E90 (PO8) and its cluster electrodes 
were E90, E96, E91, E84, E83, E89, and E95.  Zero on X axis represents the stimulus onsets. The grey dashed 
rectangular denotes the time windows for the P1 (96ms – 136ms), while the grey solid rectangular denotes the 
time windows for the N170 (152-192ms).  
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5.3.3.1. P1 amplitudes 
Applying the model selection procedures described in 3.3.3 on the maximal model produced the 

optimal model: 

P1 ~ Category × Hemisphere × Duration_Confidence

+ (1 + Category + Hemisphere | Participant)      

+ (1 | Stimulus)                                   

(5.7) 

where P1 denotes single-trial mean amplitudes of the P1, which was the dependent variable. Other 

denotations were similar to those of Model 5.6. The LMM table of this optimal model is shown in 

Table 5.4 and estimated marginal means are displayed in Figure 5.11. 

Figure 5.10. Grand averaged topographic maps of the P1 and N170 for intact stimuli in different conditions 
(Category: faces vs. houses; Duration_Confidence: 17ms_guess, 17ms_low, 17ms_high, vs. 200ms_high). The 
time windows for the P1 are from 96ms to 136ms after the stimulus onsets and the time windows for the N170 
are from 152ms to 192ms after the stimulus onsets. 
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Table 5.4.  

The LMM table of the optimal linear mixed model for the P1 amplitudes evoked by intact stimuli. 

  Estimate Std. Error df t value p  
(Intercept) 1.25 0.25 27.30 5.00 0.000 *** 
Category2-1 0.06 0.09 36.74 0.62 0.538  
Hemisphere2-1 0.05 0.17 27.46 0.30 0.769  
Duration_Confidence2-1 0.11 0.06 30121.12 1.73 0.084  
Duration_Confidence3-2 0.26 0.07 18167.65 3.99 0.000 *** 
Duration_Confidence4-3 0.04 0.07 23082.33 0.62 0.533  
Category2-1:Hemisphere2-1 -0.10 0.09 39109.68 -1.12 0.264  
Category2-1:Duration_Confidence2-1 -0.24 0.12 12404.82 -1.96 0.050 * 
Category2-1:Duration_Confidence3-2 0.03 0.13 2648.89 0.26 0.792  
Category2-1:Duration_Confidence4-3 0.06 0.13 6668.43 0.47 0.640  
Hemisphere2-1: Duration_Confidence2-1 0.02 0.12 37556.27 0.17 0.861  
Hemisphere2-1: Duration_Confidence3-2 0.07 0.13 28571.03 0.54 0.590  
Hemisphere2-1: Duration_Confidence4-3 0.06 0.13 35374.20 0.48 0.634  
Category2-1:Hemisphere2-1: 
Duration_Confidence2-1 0.12 0.23 39329.59 0.53 0.593  

Category2-1:Hemisphere2-1: 
Duration_Confidence3-2 -0.10 0.23 38979.93 -0.42 0.673  

Category2-1:Hemisphere2-1: 
Duration_Confidence4-3 -0.18 0.25 39297.25 -0.73 0.468  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Category2-1 represented that 
amplitudes of the second level in Category (i.e., houses) subtracted those of the first level in Category (i.e., faces). 
* p < .05. *** p < .001. 

Similar to the analyses for amplitudes across responses, pairwise contrasts for 

Duration_Confidence were performed, which were corrected with Bonferroni methods for six tests. 

For the P1 evoked by intact faces over left hemispheres, amplitudes in 17ms_guess conditions were 

(marginally) smaller than those in 17ms_high (t(20687.5) = -3.14, p < .05, b = -0.43, 95% CI = [-

0.80, -0.07]) and 200ms_high (t(36491.9) = -2.57, p = .06, b = -0.37, 95% CI = [-0.74, 0.01]) 

conditions and the differences between other pairs did not reach significance (17ms_guess – 

17ms_low: t(37115.1) = -1.81, p = .42; 17ms_low – 17ms_ high: t(17691.8) = -1.71, p = .53; 

others: |t| < 1.1, p > .99). For the P1 evoked by intact faces over right hemispheres, there were no 

significant differences between 17ms_guess and 17ms_low (t(35346.6) = -1.51, p = .79), and the 

differences between 17ms_high and 200_high were not significant (t(34348.2) = -0.80, p > .99), 

either. Moreover, P1 amplitudes for 17ms_guess and 17ms_low were smaller than those for 

17ms_high and 200ms_high (17ms_guess – 17ms_high: t(15779.4) = -3.71, p < .01, b = -0.51, 95% 

CI = [-0.87, -0.15]; 17ms_guess – 200ms_high: t(34614.7) = -4.19, p < .001, b = -0.60, 95% CI = [-

0.97, -0.22]; 17ms_low – 17ms_high: t(13017.9) = -2.79, p < .05, b = -0.30, 95% CI = [-0.70, -

0.08]; 17ms_low – 200ms_high: t(36493.1) = -3.35, p < .01, b = -0.39, 95% CI = [-0.70, -0.08]). 

Furthermore, the distinctions among levels of Duration_Confidence were not significant different 
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between hemispheres (|t| < 1.7, p > .59). As the differences between hemispheres were not 

significant and the effects of Duration_Confidence for hemispheres were not the same when 

analyzed separately, the effect of Duration_Confidence for intact faces were then examined across 

Hemisphere with the same corrections. The patterns of the results were the same as those for the 

right hemisphere. Specifically, the distinctions between 17ms_guess and 17ms_low (t(31481.6) = -

2.32, p = .12) and the differences between 17ms_high and 200ms_high (t(29623.7) = -0.14, p = 

.99) were not significant. Additionally, P1 amplitudes for 17ms_guess and 17ms_low were smaller 

than those for 17ms_high and 200ms_high (17ms_guess – 17ms_high: t(9957.8) = -4.70, p < .001, 

b = -0.47, 95% CI = [-0.73, -0.21]; 17ms_guess – 200ms_high: t(30213.2) = -4.73, p < .001, b = -

0.48, 95% CI = [-0.75, -0.21]; 17ms_low – 17ms_high: t(7934.7) = -3.08, p < .05, b = -0.25, 95% 

CI = [-0.46, -0.03]; 17ms_low – 200ms_high: t(33288.8) = -3.08, p < .05, b = -0.26, 95% CI = [-

0.48, -0.04]). 

Figure 5.11. Amplitudes of the P1 as a function of Hemisphere (left vs. right), Category (faces vs. houses), and 
Duration_Confidence (17ms_guess, 17ms_low, 17ms_high, vs. 200ms_high) for intact stimuli. Error bars 
represent 95% confidence intervals. 
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In addition, the face-specific P1 amplitudes were assessed with interaction pairwise contrasts 

between Category and Duration_Confidence, which were corrected with Bonferroni methods for 

six tests. None of the effects reached significance (|t| < 1.8, p > .44). 

These results indicate that P1 amplitudes for intact faces were smaller when participants had no 

idea what the stimuli were or categorized the stimuli as faces with low confidence. Nevertheless, 

these effects were not specific for faces as no evidence of the face-specific P1 amplitudes were 

influenced by durations or subjective confidence was found. 

5.3.3.2. N170 amplitudes 
The optimal model for N170 amplitudes was obtained by applying the model selection procedures 

in 3.3.3: 

N170 ~ Category × Hemisphere × Duration_Confidence

+ (1 + Category × Hemisphere | Participant) 

+ (1 | Stimulus)                             

(5.8) 

where N170 denotes single-trial mean amplitudes of the N170, which was the dependent variable. 

Other denotations were similar to those of Model 5.6. The LMM table is shown in Table 5.5 and 

estimated marginal means are displayed in Figure 5.12. 

Pairwise contrasts were conducted to compare the differences of N170 amplitudes induced by 

intact faces between levels of Duration_Confidence, in which Bonferroni corrections for six tests 

were employed. For left hemispheres, N170 amplitudes for 17ms_guess were smaller than all other 

levels (17ms_low: t(38713.2) = 4.84, p < .001, b = 0.68, 95% CI = [0.31, 1.04]; 17ms_high: 

t(29514.7) = 6.35, p < .001, b = 0.93, 95% CI = [0.54, 1.31]; 200ms_high: t(38302.6) = 8.78, p < 

.001, b = 1.29, 95% CI = [0.90, 1.68]). Differences of N170 amplitudes between 17ms_low and 

17ms_high conditions were not significant (t(27206.8) = 2.15, p = 0.19) and the amplitudes elicited 

in both conditions were smaller than those in 200ms_high conditions (17ms_low: t(38772.9) = 

5.11, p < .001, b = 0.61, 95% CI = [0.30, 0.93]; 17ms_high: t(38093.9) = 3.21, p < .01, b = 0.36, 

95% CI = [0.06, 0.66]). Similar results were obtained for the right hemispheres with all differences 

being significant. In particular, N170 amplitudes for 17ms_guess were also smaller than all other 

three levels (17ms_low: t(37587.1) = 5.85, p < .001, b = 0.82, 95% CI = [0.45, 1.18]; 17ms_high: 

t(22943.2) = 8.78, p < .001, b = 1.28, 95% CI = [0.89, 1.66]; 200ms_high (t(36887.3) = 13.23, p < 

.001, b = 1.94, 95% CI = [1.55, 2.33]). N170 amplitudes for 17ms_low were smaller than 

17ms_high (t(20095.7) = 3.96, p < .001, b = 0.46, 95% CI = [0.15, 0.77]), and 200ms_high 

(t(37878.3) = 9.36, p < .001, b = 1.13, 95% CI = [0.81, 1.44]). Critically, when the subjective 

confidence was high, N170 amplitudes for 17ms conditions were still smaller than 200ms  
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Table 5.5.  

The LMM table of the optimal linear mixed model for the N170 amplitudes evoked by intact stimuli. 

  Estimate Std. Error df t value p  
(Intercept) -2.00 0.35 27.14 -5.69 0.000 *** 
Category2-1 1.22 0.17 29.45 7.24 0.000 *** 
Hemisphere2-1 -0.18 0.27 27.25 -0.67 0.510  
Duration_Confidence2-1 -0.49 0.06 38166.93 -7.88 0.000 *** 
Duration_Confidence3-2 -0.18 0.07 35683.50 -2.67 0.007 ** 
Duration_Confidence4-3 0.37 0.07 36379.89 5.41 0.000 *** 
Category2-1:Hemisphere2-1 0.32 0.23 28.53 1.37 0.181  
Category2-1:Duration_Confidence2-1 0.50 0.12 33073.16 4.04 0.000 *** 
Category2-1:Duration_Confidence3-2 0.35 0.13 17171.84 2.63 0.008 ** 
Category2-1:Duration_Confidence4-3 1.77 0.14 25958.46 12.97 0.000 *** 
Hemisphere2-1: Duration_Confidence2-1 0.00 0.12 30443.46 -0.02 0.980  
Hemisphere2-1: Duration_Confidence3-2 -0.24 0.13 16992.09 -1.79 0.073 + 
Hemisphere2-1: Duration_Confidence4-3 -0.17 0.14 19503.96 -1.24 0.217  
Category2-1:Hemisphere2-1: 
Duration_Confidence2-1 0.27 0.25 17365.60 1.11 0.268  

Category2-1:Hemisphere2-1: 
Duration_Confidence3-2 -0.06 0.26 4296.86 -0.23 0.821  

Category2-1:Hemisphere2-1: 
Duration_Confidence4-3 0.27 0.27 8591.17 1.00 0.315  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Category2-1 represented that 
amplitudes of the second level in Category (i.e., houses) subtracted those of the first level in Category (i.e., faces).  
** p < .01. *** p < .001. 

(t(36540.1) = 5.88, p < .001, b = 0.66, 95% CI = [0.37, 0.96]). Distinctions between levels of 

Duration_Confidence were further contrasted between hemispheres, where Bonferroni corrections 

for six tests were used. Results displayed that distinctions between 17ms_guess and 200ms_high 

were smaller on left hemispheres relative to right hemispheres (t(36333.9) = -3.14, p < .05, b = -

0.65, 95% CI = [-1.20, -0.10]). So were the differences between 17ms_low and 200ms_high 

(t(37522.5) = -3.00, p < .05, b = -0.51, 95% CI = [-0.96, -0.06]). The distinctions between other 

levels were not significantly different between two hemispheres, including the interaction between 

Hemisphere and the differences between 17ms_high and 200ms_high (t(35954.30) = -1.89, p = .35; 

others: |t| < 1.7, p > .53). 

Face-specific N170 amplitudes were then tested with the interaction pairwise contrasts between 

Category and differences between levels of Duration_Confidence, which were corrected with 

Bonferroni methods for six tests. For the N170 over left hemispheres, face-specific amplitudes in 

200ms_high conditions were larger than all other three levels (17ms_guess: t(34616.8) = -12.76, p 

< .001, b = -2.38, 95% CI = [-2.88, -1.89]; 17ms_low:  t(38713.2) = -12.16, p < .001, b = -2.02, 

95% CI = [-2.45, -1.58]; 17ms_high: t(19722.9) = -8.52, p < .001, b = -1.64, 95% CI = [-2.14, -

1.13]). The amplitudes in 17ms_high conditions were also larger than those in 17ms_guess 
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conditions (t(8673.1) = -3.52, p < .01, b = -0.75, 95% CI = [-1.31, -0.19]). Differences between 

other levels did not reach significance (17ms_high – 17_ms_low: t(11931.6) = -2.03, p = .25; 

17ms_low – 17ms_guess: t(29293.0) = -2.09, p = .22). For the N170 over right hemispheres, face-

specific amplitudes in 200ms_high were also larger than those in other three levels (17ms_guess: 

t(29077.1) = -15.39, p < .001, b = -2.87, 95% CI = [-3.36, -2.38]; 17ms_low: t(37310.2) = -13.44, p 

< .001, b = -2.23, 95% CI = [-2.66, -1.79]; 17ms_high: t(11187.0) = -10.01, p < .001, b = -1.90, 

95% CI = [-2.41, -1.40]). The amplitudes in 17ms_high and 17ms_low conditions were not 

significantly different from each other (t(5675.1) = -1.74, p = .49) and both were larger than those 

in 17ms_guess conditions (17ms_high: t(3906.4) = -4.60, p < .001, b = -0.96, 95% CI = [-1.52, -

0.41]; 17ms_low: t(20554.2) = -3.66, p < .01, b = -0.64, 95% CI = [-1.10, -0.18]). Additional 

contrasts were performed to test the differences of these effects between hemispheres and none of 

these face-specific effects differ in Hemisphere (|t| < 1.9, p > .39).  

Figure 5.12. Amplitudes of the N170 as a function of Hemisphere (left vs. right), Category (faces vs. houses), 
and Duration_Confidence (17ms_guess, 17ms_low, 17ms_high, vs. 200ms_high) for intact stimuli. Error bars 
represent 95% confidence intervals. 



 

143 

These findings suggest that N170 amplitudes evoked by intact faces were greater when presented 

for 200ms relative to 17ms even though participants had equal high subjective confidence in both 

conditions. Besides, the face-specific N170 amplitudes for intact stimuli also displayed similar 

effects. Moreover, when intact faces were presented for the same duration (i.e., 17ms), higher 

subjective confidence reported by participants usually were also accompanied with stronger N170 

amplitudes over right hemispheres, but the effects of confidence were not specific to faces. 

Furthermore, when participants reported they had no idea of what stimuli were shown, face-

specific N170 amplitudes were much smaller than other conditions.  

Notably, in the first half of the experiment, all stimuli were presented for 17ms whereas stimulus 

durations could be 17ms or 200ms in the second half of experiments. In order to explore the 

potential influence of this setting on neural activities, ERP amplitudes were further analyzed by 

taking into account the two halves of the experiments.  

5.3.4. Amplitudes from trials with high confidence 

As the main interest of this study was to test the amplitude differences between durations when 

participants had the same high subjective confidence, only trials in which intact stimuli were 

presented and high confidence was reported were included in the following analyses. Owing to the 

fact that stimuli might be displayed for 200ms only in the second halves of experiments, I 

integrated the fixed factor of Duration and Half, creating a new fixed factor, Duration_Half, which 

had three levels: 17ms_half1, 17ms_half2, and 200ms_half2. 

The grand averaged ERP waveforms from 200ms prior to 500ms after stimulus onsets in different 

conditions are displayed in Figure 5.13 and the grand averaged topographic maps for the P1 and 

N170 time windows are depicted in Figure 5.14.  

The fixed effects of the maximal model used in this section included Category, Hemisphere, and 

Duration_Half, as well as their interactions. The random effect structure incorporated the by-

participant random intercept and random slopes of Category, Hemisphere and their interaction, as 

well as the by-stimulus random intercept and random slope of Hemisphere. Thus, the maximal 

model was as follows: 

Amplitudes ~ Category × Hemisphere × Duration_Half

+ (1 + Category × Hemisphere | Participant)

+ (1 + Hemisphere | Stimulus) 

(5.9) 

where Amplitudes denotes single-trial mean amplitudes of the P1 or the N170, which was the 

dependent variable. “×” denotes the main effects and the interactions among them. For example, 
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Figure 5.13. Grand averaged ERP amplitudes for intact stimuli with high subjective confidence as a function 
of time, Hemisphere (left vs. right), Category (faces vs. houses), and Duration_Half (17ms_half1 (17-1), 
17ms_half2 (17-2), vs. 200ms_half2(200-2)). The central electrode used for left hemispheres was E65 (PO7) and 
its cluster electrodes were E65, E70, E66, E59, E58, E64, and E69. The central electrode used for right 
hemispheres was E90 (PO8) and its cluster electrodes were E90, E96, E91, E84, E83, E89, and E95.  Zero on X 
axis represents the stimulus onsets. The grey dashed rectangular denotes the time windows for the P1 (96ms – 
136ms), while the grey solid rectangular denotes the time windows for the N170 (152-192ms).  
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Category × Hemisphere × Duration_Half denotes the main effects and interactions among them, 

including all two-way interactions. 

5.3.4.1. P1 amplitudes 
The model selection procedures described in 3.3.3 were performed on Model 5.9 for P1 

amplitudes, producing the following optimal model: 

P1 ~ Category × Hemisphere × Duration_Half

+ (1 + Category + Hemisphere | Participant)  

    + (1 | Stimulus)                                   

(5.10) 

where P1 denotes single-trial mean amplitudes of the P1, which was the dependent variable. Other 

denotations were similar to those of Model 5.9. The LMM table of this optimal model is shown in 

Table 5.6 and estimated marginal means are displayed in Figure 5.15. 

Figure 5.14. Grand averaged topographic maps of the P1 and N170 for intact stimuli with high subjective 
confidence in different conditions (Category: faces vs. houses; Duration_Half: 17ms_half1, 17ms_half2, vs. 
200ms_half2). The time windows for the P1 are from 96ms to 136ms after the stimulus onsets and the time 
windows for the N170 are from 152ms to 192ms after the stimulus onsets. 
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Table 5.6.  

The LMM table of the optimal linear mixed model for the P1 amplitudes evoked by intact stimuli with high 
subjective confidence. 

  Estimate Std. Error df t value p  
(Intercept) 1.38 0.28 27.94 4.84 0.000 *** 
Category2-1 0.00 0.14 46.41 -0.02 0.982  
Hemisphere2-1 0.11 0.17 31.62 0.62 0.538  
Duration_Half2-1 -0.03 0.10 17780.33 -0.32 0.752  
Duration_Half3-2 0.11 0.10 11915.58 1.08 0.280  
Category2-1:Hemisphere2-1 -0.14 0.15 17716.00 -0.97 0.330  
Category2-1:Duration_Half2-1 -0.03 0.20 17235.87 -0.14 0.885  
Category2-1:Duration_Half3-2 0.11 0.19 5619.00 0.55 0.581  
Hemisphere2-1:Duration_Half2-1 0.05 0.20 18298.38 0.25 0.804  
Hemisphere2-1:Duration_Half3-2 0.02 0.19 16030.40 0.12 0.908  
Category2-1:Hemisphere2-1: 
Duration_Half2-1 -0.01 0.39 18315.17 -0.02 0.980  

Category2-1:Hemisphere2-1: 
Duration_Half3-2 -0.16 0.37 18291.34 -0.42 0.677  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Category2-1 represented that 
amplitudes of the second level in Category (i.e., houses) subtracted those of the first level in Category (i.e., faces).  
*** p < .001. 

Pairwise contrasts were conducted to explore the distinctions of P1 amplitudes between levels of 

Duration_Half and none of them was significant (|t| < .93, p > .35). Analogously, no significant 

results were found for the face-specific P1 amplitudes, either (|t| < .91, p > .36). These results 

suggest that P1 amplitudes and face-specific P1 amplitudes were invariant of Half. 

5.3.4.2. N170 amplitudes 
The optimal model for N170 amplitudes was obtained by performing the model selection 

procedures described in 3.3.3: 

N170 ~ Category × Hemisphere × Duration_Half

+ (1 + Category × Hemisphere | Participant)      

  + (1 | Stimulus)                                     

(5.11) 

where N170 denotes single-trial mean amplitudes of the N170, which was the dependent variable. 

Other denotations were similar to those of Model 5.9. The LMM table of this optimal model is 

shown in Table 5.7 and estimated marginal means are displayed in Figure 5.16. 

Differences between levels of Duration_Half were compared with pairwise contrasts where 

Bonferroni corrections for three tests were adopted. Similar results were obtained for both 

hemispheres. Specifically, N170 amplitudes for 17ms_half1 conditions were smaller than those for 

both 17ms_half2 (left: t(18306.7) = 3.97, p < .001, b = 0.60, 95% CI = [0.24, 0.96]; right: 

t(18304.0) = 6.59, p < .001, b = 1.00, 95% CI = [0.64, 1.36]) and 200ms_half2 (left: t(17686.7) = 
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4.38,  < .001, b = 0.56, 95% CI = [0.25, 0.86]; right: t(17334.1) = 7.17, p < .001, b = 0.91, 95% CI 

= [0.61, 1.22]) conditions. And no significant differences of N170 amplitudes were found between 

17ms_half2 and 200ms_half2 conditions (|t| < .54, p > .99). Moreover, these effects did not 

significantly differ between hemispheres (17ms_half1 – 200ms_half2: t(16921.7) = -1.97, p = .15; 

17ms_half1 – 17ms_half2: t(18284.0) = -1.85, p = .19; 17ms_half2 – 200ms_half2: t(17949.5) = 

0.19, p > .99). 

Face-specific N170 amplitudes for Duration_Half were contrasted with interaction pairwise 

contrasts, which were corrected with Bonferroni methods for three tests. Analogous findings were 

observed for both hemispheres. In particular, the face-specific N170 amplitudes for  17ms_half1 

conditions were not significant different from those for 17ms_half2 conditions (|t| < 1.3, p > .68). 

Moreover, the amplitudes in both conditions were smaller than those in 200ms_half2 conditions 

(17ms_half1 left: t(7112.0) = 6.58, p < .001, b = 1.56, 95% CI = [0.99, 2.12]; 17ms_half1 right: 

Figure 5.15. Amplitudes of the P1 as a function of Hemisphere (left vs. right), Category (faces vs. houses), and 
Duration_Half (17ms_half1, 17ms_half2, vs. 200ms_half2) for intact stimuli with high subjective confidence. 
Error bars represent 95% confidence intervals. 
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Table 5.7.  

The LMM table of the optimal linear mixed model for the N170 amplitudes evoked by intact stimuli with high 
subjective confidence. 

  Estimate Std. Error df t value p  
(Intercept) -2.32 0.36 27.74 -6.52 0.000 *** 
Category2-1 1.63 0.23 33.61 6.96 0.000 *** 
Hemisphere2-1 -0.39 0.28 29.57 -1.37 0.182  
Duration_Half2-1 -0.87 0.10 18320.37 -8.59 0.000 *** 
Duration_Half3-2 1.02 0.10 17115.21 10.05 0.000 *** 
Category2-1:Hemisphere2-1 0.40 0.33 34.80 1.22 0.230  
Category2-1:Duration_Half2-1 -0.15 0.20 18276.17 -0.72 0.474  
Category2-1:Duration_Half3-2 1.91 0.20 14585.02 9.45 0.000 *** 
Hemisphere2-1:Duration_Half2-1 -0.20 0.20 17645.59 -0.97 0.330  
Hemisphere2-1:Duration_Half3-2 0.05 0.20 10250.44 0.25 0.800  
Category2-1:Hemisphere2-1: 
Duration_Half2-1 0.40 0.40 17388.02 0.99 0.324  

Category2-1:Hemisphere2-1: 
Duration_Half3-2 0.02 0.40 6959.66 0.04 0.969  

Note. In this study, the successive difference contrast coding instead of the default dummy coding was exploited, and 
the numbers in fixed effects denoted different levels of that fixed factor. For instance, Category2-1 represented that 
amplitudes of the second level in Category (i.e., houses) subtracted those of the first level in Category (i.e., faces).  
*** p < .001. 

t(2326.2) = 8.58, p < .001, b = 1.97, 95% CI = [1.42, 2.52];  17ms_half2 left: t(13731.6) = 6.68, p < 

.001, b = 1.90, 95% CI = [1.22, 2.58]; 17ms_half2 right: t(7615.6) = 6.82, p < .001, b = 1.92, 95% 

CI = [1.24, 2.59]). Further, these face-specific N170 amplitude effects did not differ between 

hemispheres (|t| < 1.3, p > .59). 

These results suggest that N170 amplitudes were comparable for faces presented for different 

durations when perceived with similar high subjective confidence and presented in the same half, 

in which the face-specific components were larger when faces were presented for 20mms relative 

to 17ms.  

5.4. Discussion 

5.4.1. Generation of the N170 

The current study investigated whether the N170 is generated in a graded or an all-or-none fashion 

by looking into the dependency of N170 amplitudes on different durations and stimulus categories, 

as well as the associations between N170 amplitudes and subjective  confidence. First, the 

influences of Type (intact vs. scrambled), Category (faces vs. houses), Duration (17ms vs. 200ms), 

and Hemisphere (left vs. right) on amplitudes were tested across subjective confidence. Results 

revealed that N170 amplitudes induced by intact faces were larger when they were presented for 
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longer durations, which is consistent with previous research that controlled stimulus durations 

(Carbon et al., 2005; Tanskanen et al., 2007), or SOAs between the stimulus and the mask (Nasr, 

2010). These findings are also in line with studies manipulating the effect of adding noise to faces 

(Bankó et al., 2011; Horovitz et al., 2004; Jemel, Schuller, et al., 2003; Navajas et al., 2013; 

Németh et al., 2014; Philiastides et al., 2006; Philiastides & Sajda, 2006; Rousselet, Pernet, et al., 

2008; Schneider et al., 2007; Tarkiainen et al., 2002), jointly indicating that faces with more 

information (temporal or spatial) elicit stronger N170 (or M170) responses. In other words, without 

considering subjective perception, stronger N170 amplitudes were observed when more facial 

information was available, supporting the hypothesis that the N170 is a graded response.   

Moreover, since detected faces usually evoked greater neural responses than undetected faces (e.g., 

Fisch et al., 2009; Navajas et al., 2013; Rodríguez et al., 2012), N170 amplitudes of faces presented 

for different durations were further contrasted by taking into account subjective confidence. In the 

Figure 5.16. Amplitudes of the N170 as a function of Hemisphere (left vs. right), Category (faces vs. houses), 
and Duration_Half (17ms_half1, 17ms_half2, vs. 200ms_half2) for intact stimuli with high subjective 
confidence. Error bars represent 95% confidence intervals. 
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critical conditions where stimuli were correctly categorized with equally high subjective 

confidence, faces presented for longer durations still induced greater N170 amplitudes. This 

finding continues to corroborate the idea that N170 is graded. 

Furthermore, as stimuli in the first half of experiments were only presented for 17ms whereas 

stimuli were displayed for 17ms or 200ms in the second half, the potential differences between 

halves were additionally examined for high-confidence trials. Interestingly, different evidence was 

discovered for amplitudes elicited in the second halves of experiments. Specifically, N170 

amplitudes in the second halves were comparable between 17ms and 200ms conditions when faces 

were perceived with high subjective confidence, suggesting that the N170 is generated in an all-or-

none manner. Put differently, no matter how long a face was shown, once the face image was 

correctly perceived as a face with high subjective confidence, it would evoke similar N170 

amplitudes.  

5.4.2. The face-specific N170  

Distinct from the similar amplitudes of the N170 in the 17ms and 200ms conditions, the face-

specific N170 amplitudes were consistently larger in 200ms conditions compared with 17ms 

conditions when faces were perceived with high confidence. Moreover, analogous findings were 

also obtained from the analyses across responses and, further, these results were in line with 

previous literature that did not consider the subjective perception (Mitsudo et al., 2011; Retter et 

al., 2018), showing larger face-specific N170 amplitudes for stimuli with longer presented 

durations. In addition, there was one study that claimed face-specific N170 amplitudes for detected 

faces were invariant of the SOAs between the stimuli and the masks (Fisch et al., 2009), in which 

the stimuli were always displayed for 16ms. These findings together suggest that larger face-

specific N170 is associated with longer stimulus durations, but not SOAs. 

Apart from the face-specific components, the non-face component of the N170 (i.e., the N170 

evoked by non-face stimuli, henceforth termed as N1) seemed to be influenced by stimulus 

durations as well. As shown in this data set, intact houses and scrambled stimuli all elicited greater 

N1 amplitudes when presented for 17ms relative to 200ms. In the same vein, a previous study also 

demonstrated that non-face objects elicited stronger N1 amplitudes when presented for less than 

50ms compared with 300ms (Mitsudo et al., 2011). The larger N1 amplitudes for non-face stimuli 

with rather short durations might reflect neural expectancy for processing faces when stimulus 

durations were inadequate. That is to say, when stimuli, which might be faces, are displayed for 

insufficient durations, stronger N170 neural responses could be maintained as a shift in the baseline 

level, i.e., for non-face stimuli, to overcome the limitations of stimulus durations. Alternatively, the 
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stronger N1 amplitudes for non-face stimuli presented for insufficient durations possibly result 

from the general difficulty in those conditions, but not specific to face-related expectancy. Whether 

this expectancy is face-specific can be explored in the future by looking into N1 responses to 

different categories of non-face stimuli that are presented for limited durations.  

Noteworthy, when faces were perceived with high confidence, the face-specific N170 was greater 

for faces with longer durations whereas the N170 was similar. These results imply that the face-

specific components of the N170 might be a complement for the non-face components in terms of 

producing the all-or-none N170 for faces. That is when stimuli are categorized with high 

confidence, the non-face components of the N170 (i.e., N1) vary dependently, which would be 

further enhanced by the face-specific components of the N170 accordingly to create similar N170 

amplitudes ultimately if the stimulus is a face.  

5.4.3. Subjective confidence 

This data also revealed that N170 amplitudes and the face-specific components were associated 

with subjective confidence. In particular, they were stronger when intact faces were categorized 

correctly with high confidence relative to low confidence, and, further, the amplitudes in both 

conditions were greater than those when intact faces were responded with guessing. These results 

possibly suggest that the N170 accumulate gradually before a face is perceived (with high 

confidence). Nevertheless, they may reflect that fewer trials were detected in full in the low 

confidence condition. These two possible explanations need to be explored in the future. 

Anyway, the impacts related to the subjective confidence observed in this study extend the 

previous findings that detected faces elicited greater N170 (Fisch et al., 2009; Navajas et al., 2013; 

Rodríguez et al., 2012), showing the N170 for detected faces are additionally influenced by the 

subjective perception. Furthermore, these results are also consistent with the evidence that stronger 

N170 is induced when faces are perceived (Busigny et al., 2010; Churches et al., 2009; George et 

al., 2005; Hadjikhani et al., 2009; Wild & Busey, 2004), consolidating the conclusion that the N170 

marks the subjective perception of faces (Rossion, 2014; Rossion & Michel, 2011).  

5.4.4. Distinctions between halves of experiments 

The faces were presented for 17ms in both the first and second halves of experiments.   However, 

the N170 amplitudes evoked in these two halves were different when faces were correctly 

categorized with high subjective confidence. Specifically, the N170 amplitudes in the second 

halves were greater than those in the first halves. This distinction might result from practice effects. 

For most participants, categorizing stimuli presented for 17ms with masking was not that easy 
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(Harris et al., 2011), especially with high subjective confidence (Figure 5.17). Indeed, when 

completing the practice trials, some of them did report that the task was quite hard. However, as the 

experiments continued, participants reported stimuli in the 17ms conditions became easier to be 

categorized, though the rates of responding to faces with high confidence in the first and second 

halves were not significantly different from each other (Figure 5.18). Thus, probably because of the 

practice effects, the faces in the second halves  were easier to perceive and induced greater N170. 

Another possible reason is the lack of “previous knowledge of faces” in the first halves. Before the 

second halves, all stimuli were only presented for 17ms. In other words, participants would not 

have a clear idea of what the face images looked like until they saw some face images shown for 

200ms in the second halves. Therefore, possibly it was the additional knowledge of face stimuli in 

the second halves that enhanced the N170.  

Figure 5.17. Averaged percentage of every key response for intact stimuli across participants. Response 1 
denotes participants were sure the stimulus was a face, response 2 denotes participants were not sure but 
thought it was a face, response 3 denotes participants had no idea what it was, response 4 denotes participants 
were not sure but thought it was a house, and response 5 denotes participants were sure it was a house. The 
first halves included the first two blocks and the second halves consisted of the last two blocks. Error bars 
represent 95% confidence intervals.   
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In spite of the fact that N170 amplitudes evoked by intact faces for 17ms were larger in the second 

halves compared with the first halves, their face-specific components stayed similar. Hence, the 

differences of the N170 between halves should originate from the non-face components, i.e., the 

baseline levels, of the N170. This implies no matter what causes the stronger N170 in the second 

halves, their influence on the N170 is not specific to faces. Instead, they also increased the neural 

preparations for face processing when stimulus information is temporally insufficient, resulting in 

stronger N170 for non-face stimuli.  

Given that there were unknown factors taking effects differently on the N170 amplitudes in  the 

two halves, which might further lead to dissimilar N170 amplitudes for the full format (e.g., the 

200ms conditions in the second halves), amplitudes in the same halves should be contrasted to 

explore the generation of the N170. 

Figure 5.18. Percentage of responding as faces for each key for intact stimuli across participants. Response 1 
denotes participants were sure the stimulus was a face, response 2 denotes participants were not sure but 
thought it was a face, response 3 denotes participants had no idea what it was, response 4 denotes participants 
were not sure but thought it was a house, and response 5 denotes participants were sure it was a house. The first 
halves included the first two blocks and the second halves consisted of the last two blocks. Error bars represent 
95% confidence intervals.  
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5.4.5. P1 amplitudes 

In addition to the N170, the P1 was also examined in this study, revealing that the differences of P1 

amplitudes evoked by intact stimuli in 17ms and 200ms conditions were not dissimilar. Consistent 

results were also obtained in one previous study, which added noise to faces and observed that the 

P1 for faces was invariant of the amount of noise (Jemel, Schuller, et al., 2003). However, more 

studies discovered that noisier faces evoked stronger P1 amplitudes (Bankó et al., 2011; Rousselet, 

Pernet, et al., 2008; Schneider et al., 2007; Tanskanen et al., 2005; Tarkiainen et al., 2002). The 

discrepancy between the results of these studies and the current research might be due to that the 

noise integrated on faces altered the low-level properties of stimuli, which further modulated the P1 

(Mangun, 1995; Spehlmann, 1965). In  contrast, the low-level information of stimuli remained the 

same when stimuli were presented for various durations in this study and, thus, no differences of 

P1 amplitudes were observed. Moreover, this disparity also discloses one of the differences 

between limiting stimulus durations and adding noise, which both could be used to manipulate the 

stimulus visibility.  

The only factor affecting the P1 amplitudes in this study was the subjective confidence when 

participants were categorizing stimuli. More specifically, smaller P1 amplitudes were associated 

with lower confidence for categorization and the smallest P1 amplitudes were observed when 

participants had no idea what the stimuli were. Interestingly, the N170 for faces was also affected 

by the subjective confidence in the similar way, i.e., smaller N170 amplitudes being linked with 

lower confidence. These connections indicate that only when enough low-level information is 

gathered (indexed by the P1), higher-level processing, e.g., categorization with high confidence, 

could be performed (indexed by the N170).  

5.4.6. Neural indicators and subjective face perception 

As in previous studies, this study found a weaker N170 was observed for faces presented with 

shorter durations (Analyses across responses in the current study; Carbon et al., 2005; Tanskanen et 

al., 2007) and faces integrated with more noise (Bankó et al., 2011; Horovitz et al., 2004; Jemel, 

Schuller, et al., 2003; Navajas et al., 2013; Németh et al., 2014; Philiastides et al., 2006; 

Philiastides & Sajda, 2006; Rousselet, Pernet, et al., 2008; Schneider et al., 2007; Tarkiainen et al., 

2002). Nevertheless, in this study, when subjective perception was controlled, the effects of 

durations on the N170 disappeared, suggesting that weaker N170 reflects the uncertainty of face 

perception but not directly the impact of limited stimulus duration. Since faces with shorter 

durations or more noise are both associated with lower stimulus visibility, probably it is also the 

subjective perception but not the direct effect of noise on faces that linked with the N170 in those 
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studies. These results also mark the importance of considering subjective perception when 

performing experiments on the N170. In other words, when exploring the potential impacts of 

certain factors on the N170, it is of great importance to make sure the stimuli could be perceived 

clearly.   

Moreover, the N170 component is strongly associated with evoked oscillations in the theta and 

alpha bands (Engell & McCarthy, 2010; Hansen, Thompson, Hess, & Ellemberg, 2010; Hsiao et 

al., 2006; Rousselet, Husk, Bennett, & Sekuler, 2007; Smith, Gosselin, & Schyns, 2007). The theta 

oscillations for faces with noise were reduced relative compared to faces without noise (Bankó et 

al., 2011).   

Furthermore, a recent study (Jacques et al., 2019) concluded that the N170 mainly originates from 

the inferior occipital gyrus on the lateral section of the occipital cortex, i.e., the occipital face area 

(Gauthier et al., 2000), but not the lateral section of the middle fusiform gyrus, i.e., the fusiform 

face area (Kanwisher et al., 1997). Thus, subjective perception should also be considered when the 

activations in the occipital face area are explored.  

Apart from the N170, stimulus visibility, which was controlled by shortening stimulus durations or 

adding noise, was also found to modulate the single-neuron responses (Quiroga, Mukamel, Isham, 

Malach, & Fried, 2008), the N1 (Bacon-Macé, Macé, Fabre-Thorpe, & Thorpe, 2005; Haider et al., 

1964), the P200 (Bankó et al., 2011; Carbon et al., 2005; Németh et al., 2014), the N250 (Jemel, 

Schuller, & Goffaux, 2010; Nasr & Esteky, 2009), the P300/M300 (Carbon et al., 2005; 

Philiastides et al., 2006; Philiastides & Sajda, 2006; Rodríguez et al., 2012; Tanskanen et al., 2007) 

(Rodríguez et al., 2012)  (Carbon et al., 2005), the N400 (Jemel et al., 2010; Nasr & Esteky, 2009), 

and other ERP components (Nasr, 2010; Rodríguez et al., 2012). It is necessary to re-evaluate the 

results obtained from these studies if the conclusions were drawn based on the distinctions among 

distinct stimulus visibility. 

5.4.7. Limitations 

In this study, mean amplitudes within the time windows were utilized to represent the ERP neural 

activities, which did not take into account the potential latency jitter of ERP components (Navajas 

et al., 2013). The main reason I did not include the amplitude latency is that at the single-trial level, 

the EEG data is too noisy to locate a single ERP component and its latency. Future studies may 

apply the denoising algorithm (Ahmadi & Quian Quiroga, 2013) on the single-trial data and 

explore the influence of subjective perception on latency jitter. Anyhow, the current still provided 

informative evidence with noisy single-trial EEG/ERP data. 
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5.4.8. Conclusions 

This data set revealed that the N170 amplitudes evoked by faces presented for different durations 

were not distinct when the stimuli can be perceived with high subjective confidence. These results 

suggest the strongest N170 is generated once a face is perceived with high subjective confidence, 

supporting the hypothesis that the N170 is generated in an all-or-none fashion.  
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Chapter 6. General Discussion 

6.1. Main findings 

Different aspects of the behavioral and neural face-specific signatures are investigated in this 

thesis. The first study (Chapter 2) examined whether holistic face processing could occur when 

facial information was presented unconsciously. Participants were instructed to make identity 

judgments of top facial halves when the bottom halves of faces were presented either consciously 

or unconsciously. Results showed that the composite effect, measured by the complete composite 

task, was observed in both the conscious and unconscious conditions, suggesting that the 

processing of top facial halves is influenced by the aligned bottom halves no matter when they are 

presented consciously or unconsciously. However, the composite effect in the conscious condition 

was stronger and more consistent than that in the unconscious conditions, indicating that some 

influence on top halves was disrupted when bottom facial halves were displayed subliminally. 

Furthermore, the composite effect in unconscious conditions was only observed when multiple 

datasets were pooled together, but not when each was analyzed separately, implying that these 

effects could only be detected by paradigms with sufficient statistical power.  

In the second study (Chapter 4), the shared assumptions for deriving the N170 from EEG data, i.e., 

the amplitude distributions being normally distributed, were inspected by plotting distributions and 

fitting modified ex-Gaussian functions. Data from three similar experiments were analyzed in this 

study. It was found that in most conditions, the N170 amplitudes within participants were normally 

distributed. This evidence backs up the assumptions for obtaining the N170 by averaging 

amplitudes of similar trials.  

The third study (Chapter 5) assessed whether the N170 is graded or generated in an all-or-none 

fashion. Specifically, face and house images, as well as their corresponding scrambled stimuli, 

were displayed for different durations. Participants were instructed to categorize the stimuli and 

also to report their subjective confidence. EEG was recorded during the whole experiment. Results 

showed that the N170 evoked by faces presented for 17ms was not dissimilar from that for 200ms 

when participants reported they saw a face with high subjective confidence. They  suggest the 

strongest N170 is generated once a face is perceived with high subjective confidence, supporting 

the hypothesis that the N170 is generated in an all-or-none fashion. 



 

158 

6.2. Low spatial frequency facial information 

In the third study (Chapter 5), similar N170 was evoked when faces were perceived with high 

subjective confidence regardless of stimulus durations being 17ms or 200ms. Considering that only 

the low spatial frequency (LSF), but not the middle (MSF) or high spatial frequency (HSF) 

information is processed at the early stage according to the coarse-to-fine hypothesis (Goffaux et 

al., 2011; Petras, ten Oever, Jacobs, & Goffaux, 2019; Sergent, 1986; Sugase, Yamane, Ueno, & 

Kawano, 1999), probably it is the LSF of faces presented for 17ms that elicited as strong N170 as 

that induced by the faces presented for 200ms. This evidence suggests the significance of LSF 

facial information in evoking a larger N170. Moreover, as discussed in the first study (Chapter 2), 

the composite face effect observed in the unconscious conditions is likely supported by the LSF 

facial information as well (see 2.7.2). These studies imply that LSF facial information plays an 

important role in fast and unconscious face-specific processing. Furthermore, a previous study 

demonstrated that it was the LSF, but not the HSF information, that resulted in the differences 

between faces and non-face objects (Goffaux, Gauthier, & Rossion, 2003). Goffaux et al. (2003) 

presented faces and cars with different frequency information to participants and recorded their 

scalp EEG. They observed analogous results in the broad-pass and LSF conditions with greater 

N170 amplitudes for faces compared with cars. However, different patterns of results were found 

in the HSF conditions with comparable N170 amplitudes for faces and cars (Goffaux et al., 2003). 

These findings suggest that face and non-face processing differ in extracting the LSF information, 

especially at the early stage and in the unconscious processing.  

6.3. Domain specificity vs. expertise hypothesis 

This thesis explored face-specific processing, taking holistic face processing and the N170 as 

instances. As discussed in Chapter 1, the special character of face processing primarily originates 

from the uniqueness of faces as visual stimuli (e.g., the similarity in visual features among faces 

and the rich social information they provide) and extensive contact experience people obtain from 

their daily interactions. Do holistic face processing and the enhanced N170 for faces mainly stem 

from the specialness of faces (domain specificity; Kanwisher, 2000; McKone, Kanwisher, & 

Duchaine, 2007; McKone & Robbins, 2007, 2011) or from extensive experience in discriminating 

faces (the “expertise hypothesis”; Bukach, Gauthier, & Tarr, 2006; Bukach & Peissig, 2009; 

Gauthier & Bukach, 2007)? Potential answers to this question have been provided by previous 

studies utilizing holistic-processing tasks, as well as electrophysiological studies of the N170 (or 

M170) in experts specialized in certain non-face objects. 
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Evidence from holistic-processing tasks supporting the expertise hypothesis comes from studies 

utilizing the part-whole task and complete design of the composite task. A previous study observed 

the part-whole effect for tactile pattern recognitions in experts but not in novices (Behrmann & 

Ewell, 2003). Likewise, experts show the composite effect in the complete design composite tasks 

for a variety of non-face objects (chess, Boggan, Bartlett, & Krawczyk, 2012; Chinese characters, 

A. C.-N. Wong, Bukach, Hsiao, Ahern, & Lui, 2012; English words, A. C.-N. Wong et al., 2011, 

Greebles, 2009; musical notations, Y. K. Wong & Gauthier, 2010). Occasional studies have also 

shown composite effects in novice observers (e.g., A. C.-N. Wong et al., 2011; Y. K. Wong & 

Gauthier, 2010). By contrast, Robbins and McKone (2007) employed the standard composite task 

and failed to find the composite effect of profile dogs in either experts or non-expert control 

participants, corroborating the domain specificity view. This divergence may stem from the fact 

that these paradigms are sensitive to different aspects of holistic processing (see 6.4). 

One previous study has reported that comparable M170 responses were elicited by car images in 

car experts and control participants (Xu et al., 2005), backing up the domain-specificity idea. 

However, results supporting the expertise hypothesis were obtained by more studies that 

demonstrated that the N170 elicited by non-face objects was greater in amplitude for experts than 

novices (fingerprints, Busey & Vanderkolk, 2005; Greebles, Rossion, Kung, & Tarr, 2004; dog and 

bird experts, Tanaka & Curran, 2001; words, A. C.-N. Wong, Gauthier, Woroch, DeBuse, & 

Curran, 2005). Moreover, studies using competition paradigms have shown that the N170s evoked 

by faces and those evoked by non-face stimuli in experts seem to compete with one another, 

suggesting common neural generators (Rossion, Collins, Goffaux, & Curran, 2007; Rossion et al., 

2004). However, these results may reflect similar early perceptual processing rather than shared 

representation in category-specific cortical areas (Curby & Rossion, 2009). Alternatively, the 

enhanced N170 elicited by faces and non-face expertise stimuli may result from different 

generators, though they might be close enough to one another to result in similar scalp distributions 

(McKone & Robbins, 2011).  

To date, researchers have found empirical support for both the domain-specificity and expertise 

hypotheses, and neither hypothesis has been convincingly refuted. Instead of treating them as 

contradictory, the data might be interpreted as evidence that perceptual experience builds shared 

mechanisms between faces and other objects of expertise, and the unique features of each category 

shape the distinctions among them. In other words, domain specificity for faces does not preclude 

the possibility that the development of expertise in other stimulus categories might utilize 

overlapping neural mechanisms, so that the responses to faces and other object categories may 

become increasingly similar as perceptual expertise develops. 
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6.4. Associations among “gold standard” paradigms for 

measuring holistic processing 

In the first study (Chapter 2), the complete design of the composite task (without cues) was used to 

measure holistic face processing. Both the composite effects for the standard and complete designs 

were calculated, showing that more (significant) composite effects of the standard design were 

observed in the unconscious conditions. This discrepancy primarily resulted from the different 

ways of calculating the composite effect, which might reflect the distinct facets of holistic 

processing measured by the standard and complete designs. On the one hand, the composite effect 

measured by the standard design is defined as the difference in the accuracy of top half identity 

judgments for same incongruent trials in misaligned conditions compared to those judgments in 

aligned conditions (Rossion, 2013). Due to the composite face illusion, the same top halves are 

more likely to be perceived as different when the top and bottom halves are aligned relative to 

when they are misaligned. Thus, the composite effect measured by the standard design is assumed 

to reflect the interference of bottom halves on the processing of top halves. On the other hand, the 

composite effect in the complete design is described by the interaction between Congruency 

(congruent vs. incongruent) and Alignment (aligned vs. misaligned) (Richler & Gauthier, 2013, 

2014). In aligned congruent trials, the irrelevant facial halves (e.g., bottom halves) facilitate the 

processing of target halves (e.g., top halves). In aligned incongruent trials, the irrelevant halves 

interfere with the processing of target halves. Additionally, influence in the aligned condition is 

stronger than that in the misaligned condition. Therefore, there are two components in the 

composite effect measured by the complete design: facilitation and interference. Notably, the 

composite face effect measured by the two designs share one component in common, i.e., the 

interference of irrelevant halves on target halves, but differ in the facilitation component. 

Interestingly, an analogous facilitation effect can be observed in another widely used golden 

standard test for assessing holistic processing, i.e., the part-whole task (Tanaka & Farah, 1993; 

Tanaka & Simonyi, 2016). In the part-whole task, the part-whole effect is defined as better 

behavioral performance in the whole condition compared to the part condition. Critically, faces in 

the whole condition only differ in one feature and the rest are the same and, thus, better 

performance in the whole condition stems from the facilitation of the rest of the facial parts. That is 

to say; the part-whole effect reflects the facilitation of irrelevant parts on the target parts.  

Overall, these above speculations suggest that the complete composite task measures (at least) two 

aspects of holistic face processing: interference and facilitation. Each of them corresponds to the 

effects measured by the standard composite task and part-whole task, respectively. These 
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speculations need to be inspected in the future by considering the differences among paradigms, 

such as the size of target parts (facial halves vs. features), task formats (sequential matching vs. 

two-alternative-forced-choice task) and so on.  

6.5. Generalized linear mixed models 

In the first study (Chapter 2), sensitivity d’, accuracy, and response times for each condition were 

calculated and then submitted to rm-ANOVAs to estimate the composite face effect by following 

previous studies (e.g., Grand et al., 2004; Hayward et al., 2016; Richler & Gauthier, 2014; Richler 

et al., 2011; Robbins & McKone, 2007; Rossion, 2013; Susilo et al., 2013; Z. Wang et al., 2019). 

However, strictly speaking, the behavioral responses and response times obtained from the 

composite face task should not be analyzed with rm-ANOVA, which is part of the linear model 

(LM) family.  

Behavioral responses in composite tasks are inherently categorical or binomial (“same” vs. 

“different”) rather than continuous, and thus do not conform one of the most important assumptions 

for LM that observations are continuous. Some may argue that this binomial data can be converted 

as the proportion correct, i.e., accuracy. However, this conversion will raise some other issues (e.g., 

Dixon, 2008). First, in some settings, accuracy still cannot be regarded as continuous when there 

are fewer trials in each condition. Second, accuracy is restricted by the range of 0 – 1. This 

restricted range first will lead to ceiling or floor effects when the performance is very good or poor. 

Sometimes it will also cause nonsensical statistical estimates. For example, in the third study 

(Chapter 5), the behavioral results of the proportion of responding as faces were submitted to the 

linear mixed model. In some cases, the upper boundaries of the 95% confidence intervals are larger 

than 1, while the maximum of the proportion is 1. Considering that sensitivity d’ is calculated 

based on the proportion of correct responses, it should have similar limitations.  

Response times are also usually analyzed by averaging response times of similar trials and then 

being submitted to LM (e.g., rm-ANOVA), even though many studies have demonstrated that the 

distributions of response times are rightward skewed (e.g., Dawson, 1988; Heathcote et al., 1991; 

Kinoshita & Hunt, 2008; Matzke & Wagenmakers, 2009; Payne & Federmeier, 2017; Ratcliff, 

1979). Analyses of response times with LM mainly violate the assumption that residuals in LM 

should be independent and identically distributed (Field, 2013). Violations of this assumption will 

result in different interpretations of the data (e.g., Balota, Aschenbrenner, & Yap, 2013; Heathcote 

et al., 1991).  
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One of the alternative approaches to deal with the categorical behavioral responses and response 

times is the generalized linear model, which can apply appropriate transformations before fitting 

observations with LM. Specifically, logit (DeMaris, 2006; Jaeger, 2008; Menard, 2002a) and log 

(Balota et al., 2013; Lo & Andrews, 2015) link functions can be used in the generalized linear 

model to analyze the binomial responses and response times respectively. Moreover, for composite 

tasks, participants commonly completed multiple conditions in the same experiment. Thus, the 

linear mixed model with suitable transformations, i.e., generalized linear mixed models (Barr, 

2008; Bolker et al., 2009; DeMaris, 2006; Menard, 2002a), should be employed to analyze data 

collected from the composite tasks.  

As discussed in Chapter 3, there are generally multiple sources of random effects, and it is 

important to consider all of them for generalizing findings. However, the accuracy, sensitivity d’, 

and response times, as well as the parameters produced by the modified ex-Gaussian functions in 

Chapter 4, are all estimated for each condition across stimuli. During these processes, information 

about the random effects of stimuli is lost. In other words, with the dependent variables derived 

from similar trials across stimuli, only one source (usually participants) of random effect could be 

estimated, which will limit the generalization of results for other random effects (e.g., other similar 

face stimuli). 

Overall, behavioral responses and response times of the composite task should be analyzed using 

generalized linear mixed models with logit and log link functions, respectively. To maximize the 

generalizability of the results, multiple appropriate random effects should be taken into account in 

the same model.  

6.6. Frequentist and Bayesian models 

In this thesis, all data are analyzed with “frequentist” statistics. With the frequentist approach, we 

evaluate the probability of the null hypothesis, which is usually that there are no differences 

between the conditions. If the probability (i.e., p-value) of the null hypothesis is too small and less 

than the threshold (e.g., 0.05), we reject the null hypothesis and thus infer that the two conditions 

are different. However, when the probability is larger than the threshold, it indicates that there is 

not enough evidence for us to reject the null hypothesis. Importantly, in this framework, we cannot 

infer based on a failure to reject the null hypothesis that the conditions do not differ (Field, 2013; 

Kruschke, 2015). A p-value larger than the threshold may result from conditions being not different 

from one another, but, alternatively, it may also stem from a lack of convincing evidence with 

which to draw any conclusion. This is one of the limitations of frequentist statistics. Another 

limitation of the frequentist approach is the problem of multiple comparisons (Gelman, Hill, & 
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Yajima, 2012; Kruschke, 2015). When multiple tests are conducted at the same time, the criteria 

for rejecting the null hypothesis has to be adjusted; otherwise the probability of incorrectly 

rejecting the null hypothesis, i.e., the Type I error, will be increased. Nonetheless, the adjustment 

of criteria to make them more conservative with conversely will lead to decreasing statistical 

power.  

Bayesian statistics can deal with these two limitations (Gelman et al., 2012; Kruschke, 2015; 

Lambert, 2018; McElreath, 2018). The Bayesian approach can use Bayes factor to calculate the 

ratio of marginal likelihoods to compare the predictive performance of two models (e.g., the 

models for the null and alternative hypotheses). If the Bayes factor is larger than a certain threshold 

(e.g., 3), we will believe that the first model is more likely to have generated the data. If the Bayes 

factor is smaller than a certain threshold (e.g., 1/3), we will believe that the data are more probable 

under the second model. If the Bayes factor falls between these two thresholds, it suggests that 

there is not enough evidence to draw conclusions. With this setting, we can explore whether the 

null hypothesis is more likely to happen relative to the alternative hypothesis. Moreover, as there is 

no concept of Type I error in Bayesian statistics, no corrections need to be applied when multiple 

comparisons are performed (Gelman et al., 2012). Furthermore, in the Bayesian approach, the prior 

distribution can be defined explicitly, which will provide a more comprehensive understanding of 

both previous knowledge and the current data set (e.g., Bem, Utts, & Johnson, 2011; 

Wagenmakers, Wetzels, Borsboom, & van der Maas, 2011).  

Essentially, frequentist statistics test whether there is evidence for us to reject the null hypothesis, 

while the Bayesian approach inspects the relative evidence of two competing hypotheses. Which 

approach is most appropriate may differ depending on the specific questions and conditions 

employed in the research. In my thesis, I mainly applied frequentist statistics, which provided 

informative results in each study. Perhaps it would also be of value to re-analyze the data with 

Bayesian methods, especially for testing whether the null hypotheses are more likely than the 

alternative hypotheses. Again, since participants were presented with multiple stimuli in each 

condition in all studies of this thesis, Bayesian mixed models (Bürkner, 2017, 2018; McElreath, 

2018; Nalborczyk, Batailler, Lœvenbruck, Vilain, & Bürkner, 2019; D. R. Williams, Rouder, & 

Rast, 2018) can be used to perform the statistical analysis, which will combine both the advantages 

of linear mixed models and the Bayesian approach.  

6.7. Conclusions 

This thesis explored the different aspects of behavioral and neural face-specific indicators: holistic 

processing and N170. The first study (Chapter 2) suggests that when the bottom halves of faces 
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were displayed unconsciously, they still influenced the processing of top halves of aligned faces. 

However, much of the conscious composite face effect was disrupted when the bottom facial parts 

were rendered subliminally. The second study (Chapter 4), to my knowledge, for the first time 

provides evidence backing up the assumptions for deriving the N170 components by averaging 

amplitudes of similar trials. The third study (Chapter 5) indicates that greater N170 is linked to the 

perception of faces with higher subjective confidence, supporting that the N170 is generated in an 

all-or-none fashion. All in all, this thesis brings new insights to holistic face processing and the 

N170, enriching the knowledge of distinct facets of face-specific processing.  
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