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ABSTRACT 

A widely used paradigm to understand human cortical activity associated with perception, 

attention, and emotion involves displaying scenes that depict realistic content while recording with 

electroencephalography (EEG) or magnetoencephalography (MEG). This paradigm has led to many 

scientific advances, and the approach is increasingly used in clinical settings. However, previous research 

found the early posterior negativity (EPN) primarily used as a measure of emotional arousal, was more 

strongly affected by nudist couple scenes than emotional content such as erotica and mutilated body 

content. The available evidence suggested that this may have occurred because the previously used EPN 

window may encompass activity more sensitive to the perception of bodies known as the N170. The 

extent of spatial and content-modulation differences between 130 – 200 ms versus 200 – 300 ms after 

scene onset was not well captured by the EEG system used in previous studies. To address this, the same 

scenes were presented using complementary high-density EEG and MEG with L2-Minimum-Norm-

Estimation. The results suggested that both components are spatially similar, but they vary in their 

sensitivities to different content. While both periods were sensitive to bodies and emotion, the N170 was 

more affected by the emotional neutral nudist couples while the EPN is more sensitive to the other 

emotional categories. Additionally, pupil diameter suggested that the evoked physiological arousal of 

nudist content did not explain the strong N170 and EPN modulatory effects. The results were also found 

to be consistent between participants recruited from the University of Georgia in the United States of 

America and the University of Münster, Germany. This research also featured two mostly separate 



   

 

   

 

auxiliary aims. A well-studied, although inconsistently found, effect suggests that the N170 is larger when 

evoked by pictures of faces of a different race than the participant’s own. This was one of the first studies 

to recruit a meaningfully large sample of Black participants to address this topic and found no differences 

based on the participant’s identified race. In the last auxiliary aim, a within-participant manipulation of 

the scene presentation speed did not meaningfully change the relevant emotion-related scene evoked 

potentials and fields.  
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CHAPTER 1 

INTRODUCTION 

Research on event-related potentials and fields (ERPFs) evoked by emotional scenes has 

enhanced our understanding of human emotional perception and is an essential tool in affective 

neuroscience. The general paradigm involves the use of either electroencephalography (EEG) or 

magnetoencephalography (MEG) to record brain activity in the response to naturalistic scenes. Decades 

of research have demonstrated that several ERPFs are reliably modulated by scenes that depict emotional 

relative to neutral content (Schupp et al., 2006). The emotional modulation of these ERPFs strongly 

correlates with self-reports of emotional arousal and appears to be a reliable measure even for individual 

participants (Schupp et al., 2020, Schupp et al., 2023). Research suggests that this emotional modulation 

occurs because these components reflect obligatory attention toward content that is motivationally 

relevant; a phenomenon aptly termed motivated attention (Lang et al., 1997; Bradley, 2009). Otherwise 

stated, these ERPFs seem to index emotion because emotional scenes reliably draw attention or some 

other kind of elaborative processing. Further research on these ERPFs is important because these 

measures are widely employed to understand emotional processing and to study psychiatric disorders 

(Abdelmageed et al., 2020; Trotti et al., 2020, 2021, 2023; Bartolomeo et al., 2020; Versace et al., 2012). 

Here, we scrutinize some of the most well-established ERPFs to further define the mechanisms of 

emotional perception which may increase the utility of these measures as basic and clinical research tools. 

The basic visual attributes of a scene, in addition to its emotional qualities, can modulate some 

early- and mid-latency ERPFs. Thus, best practices in scene paradigms involve selecting scenes that 

balance basic low-level visual features, such as brightness and complexity, as well as presenting many 

different scenes for each category of interest. By averaging the ERPFs from many balanced scenes 

together, the modulation that remains can be inferred to be associated with the emotional aspects of the 

scenes. Overall, this appears to be effective approach because standardized sets of scenes such as the 
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IAPS (Lang et al., 1997) have been shown to reliably elicit emotional effects over a variety of countries 

and cultures (Lang et al., 2007; Bradley et al., 2022). 

Beyond low-level visual features, there is a growing appreciation for how specific scene contents 

can modulate ERPFs, and what these effects may mean for our understanding of emotional perception. 

Some content specific ERPFs are well-known and studied. One highly specific component is the N170 

that is defined as a sharp negative deflection peaking at 170 ms in response to pictures of faces (Bentin et 

al., 1996, Eimer, 2000; Peelen et al., 2007, Rossion et al., 2007). Relatedly, a similar component can also 

be evoked by pictures of bodies on blank backgrounds (Stekelenburg et al., 2004; Thierry et al., 2006). 

However, even ERPFs that have been primarily associated with general emotional arousal can also be 

influenced by specific scene content, independent of rated arousal. The two most well studied of these 

ERPFs are the early posterior negativity (EPN; Junghöfer et al., 2001) and the late positive potential 

(LPP; Cacioppo et al., 1994). Studies have found that motivationally relevant content (erotica, mutilation, 

and threatening situations) elicit greater EPN and LPP amplitudes when compared to exciting or 

victorious sports moments, despite these scenes receiving high ratings of emotional arousal (Weinberg et 

al., 2010; Farkas et al., 2020, 2023). This seems to indicate that content that has more direct motivational 

relevance (i.e., sexual opportunity or danger) will impact ERPFs more than would be predicted by arousal 

ratings alone.  

However, there are also differences in how specific content affects the EPN versus the LPP. In 

two recent studies we found that scenes of nudist couples rated as unarousing evoked greater EPN 

amplitudes than erotica, this pattern was best explained by a combination of self-reported scene features 

including the amount of body exposure and upright posture in a scene, independent of rated scene arousal 

(Farkas et al., 2020, 2023). The LPP however, was not modulated by body orientation, and was clearly 

sensitive to rated scene arousal. These findings may suggest that clearly depicted visual features 

commonly associated with motivational relevance have an early advantage seen in the EPN, whereas the 

LPP reflects a more complete measure of arousal once the scenes are fully resolved by complete 

perceptual processing. However, an alternative explanation is that the current EPN conceptualization and 
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recording procedures encompasses partially distinct activity related to the mere recognition of body parts 

such as the N170 noted above. Understanding if either or both explanations are true may improve the 

utility of these ERPFs. Researchers could construct a richer understanding of each participant by 

integrating the initial responses of the EPN with the arousal linked to the LPP amplitude. If exposed 

bodies can elicit partially distinct activity that confounds the EPN, experimental designs and recording 

guidelines could be tailored to better account for the emotion-related modulation of interest. 

In our previous two studies, we were unable to investigate three open questions necessary for a 

more rigorous interpretation of emotion-modulated ERPFs: 1) how distinct are the N170 and EPN 

spatially and in scene content modulation, 2) do nudist scenes evoke more arousal than self-reports 

suggest, and 3) how similar will the results be at different research sites? In the previous studies, a 64 -

channel system may have been inadequately dense to resolve the scalp topography or cortical source 

estimates of early ERPF activity. The second question addresses the possibility that participants may not 

be willing or able to accurately assess their evoked arousal to scenes of nudist couples, thus biasing our 

prior interpretation that emotion is not playing a role during the EPN time window (Farkas et al., 2023). 

Lastly, both prior ERP studies were conducted at the University of Georgia with the same experimental 

methods and sample population. It would be prudent to replicate the findings at a different research site, 

as well as informative to assess if the results are similar at the sites or not.  

To address these outstanding questions, data were collected at multiple sites with additional 

complementary methods to estimate neuronal source activity and to measure physiological arousal. To 

better understand the sources of the relevant ERPFs, high-density EEG was paired with MEG. To better 

understand evoked emotional arousal, pupil diameter in response to scenes was recorded. The data were 

recorded at the University of Münster, Germany and at the University of Georgia in the United States of 

America. In Münster, college students (N = 37) were recruited for simultaneously recorded 57-channel 

EEG, 270-channel MEG, and pupil-diameter. These participants viewed the same scenes used in the 

previous two studies (Farkas et al., 2020, 2023). In Georgia, two samples were recruited. The first sample 

viewed the scenes in a 140-channel MEG system (N = 42), while the second group viewed the scenes in a 
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128-channel EEG system (N = 68). This scene set used most of the same scene categories as the previous 

studies, but the less relevant animal scenes were replaced with pictures of faces. This was done to help to 

contextualize the EPN results by evoking a standard N170 response which has been heavily studied in the 

ERPF and source analysis literature.  

Beyond our main research questions, there are two auxiliary aims of this study that could have 

meaningful implications for other lines of research. The first centers on research from the field of social 

neuroscience that suggests viewing a face of someone of a different race or ethnicity evokes a larger 

N170 response (Herrmann et al., 2007; Stahl et al., 2008; Walker et al., 2008; Caharel et al., 2011; Wiese 

et al., 2018). However, this effect has not been found in other similar studies (Caldara et al., 200 3; 

Caldara et al., 2004; Ito et al., 2004), and one study found a larger effect when participants viewed faces 

that matched their own racial identity (Ito et al., 2005). A particularly noticeable issue in this research has 

been the lack of Black identifying participants. While faces of Black people are commonly used in these 

studies, in our review of over 40 articles published investigating this effect, none recruited a group of 

Black participants. In EEG research, Black participants have been historically and systematically 

excluded mostly due to differences in hair (Louis et al., 2022; Choy et al., 2022; Bradford et al., 2022; 

Parker et al., 2022). In our experience, useable EEG can be recorded from people with different hair types 

in most cases with appropriate training and tailored procedures. Additionally, MEG data collection is not 

affected by hair type, so there should be no concerns about data quality.  

Based on this information, the present research contributes to this face processing literature by 

purposively sampling additional Black participants and presenting pictures of White and Black male faces 

that have been balanced for low-level visual features. From UGA, we recruited 21 White and 21 Black 

women for the MEG sample. For the EEG sample, we recruited 22 White women, 22 Black women, and 

24 participants that did not identify as either. The choice of recruiting only women and using male faces 

was for two reasons. The first is because of practicality, as there are fewer Black men in the Psychology 

research pool to recruit for the study, and we did not have the resources to recruit from the local 

community. For the face scenes, holding the gender of the participants and face scenes constant (Female 
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participants and Male face stimuli) reduces the number of possible contrasts. This data may also allow for 

future analyses, not conducted here, for a better understanding of emotion and body part effects in 

participants that have different lived experiences. The two previous studies featured convenience samples 

of University of Georgia college students whom the majority of which identified as White. The 

homogeneity of the samples could lead to less generalizable results for numerous reasons that are difficult 

to predict, as scholarly work has documented in numerous social science findings (Henrich et al., 2010). 

This is also true for neuroscience research, with one relevant example being the effect of cultural 

differences on object-based attention (Chiao et al., 2010). While these samples are likely not large enough 

for a robust between-sample comparisons of general emotion reactivity, each individual group has a 

sample size typically for published ERPF work which is incredibly rare for Black participants. So present 

data should act as a meaningful contribution to the scientific literature for each subgroup.  

The last aim of this study regards the impact of scene presentation timing on emotion related 

ERPFs. Generally, MEG recordings can be more susceptible to noise and so the duration between scenes 

is often shortened to allow for additional trials. It is unclear how this could affect the modulation of the 

ERPFs of interest. To address this question, participants in the Georgia EEG sample viewed the scenes in 

two counter-balanced blocks in which the inter-trial interval (ITI) between scene presentations was 

altered. In one block, the scenes were presented once each with an average ITI of 4.5 seconds in line with 

our previous EEG studies. In the second block, the scenes were presented twice with a shorter average ITI 

of 1.5 seconds, the same duration as the MEG study. Prior studies suggest that reliable emotion 

modulation can occur regardless of the ITI duration. Reasonable arguments can be made for which 

durations best balance participant comfort, experimental efficiency, and lead to the largest effect sizes. 

This ITI manipulation may help to further understand the tradeoff of different paradigm timing for scene 

evoked ERPFs. 

From this study we expected to replicate previous findings while forming a fuller understanding 

of early and late occurring ERPFs. In a more specific summary, we had five total research aims for the 

present work: RA1) the primary goal of comparing the N170 and EPN with EEG, MEG, and source-
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estimation, RA2) assessing nudist couple scene evoked arousal with pupil diameter, RA3) comparing 

body exposure and emotional scenes ERPFs effects between the research sites, RA4) an auxiliary aim of 

looking at race effects of the N170, and lastly RA5) the methodological aim of understanding if 

presentation speed affects the relevant ERPFs. For RA1 we hypothesized that the added temporal and 

spatial accuracy of high-density EEG and MEG would reveal partially distinct sources between 130 to 

300 ms after scene onset. We expected there to be a quantifiable spatial difference over the scalp as well 

as different cortical sources as found with an L2-Minimum-Norm-Estimation method (L2-MNE). For 

RA2, we expected the measure of pupil diameter would show that nudist couples are more arousing than 

self-reports suggest. However, we did not expect nudist content to elicit more pupil dilation than erotic 

content, suggesting erotic content is more arousing and clearly exposed bodies are still the best predictor 

of ERPF activity between 130-300 ms. For RA3, we hypothesized the general pattern of effects of 

emotion and body exposure on ERPFs would be similar between the two research sites. In RA4, we did 

not expect N170 amplitudes to be larger for participants viewing faces of  a different racial identity than 

their own as the literature is inconsistent with some effects possibly influenced by specific task demands 

and low-level visual features. Lastly, for RA5 we speculated that longer ITI would heighten the overall 

mean differences between emotional and neutral ERPF amplitudes, and this effect would be particularly 

pronounced for the LPP. The reason being that a more relaxed pace would allow for more conscious or 

top-down influences on these emotion-related components. These research aims were addressed with 

Hierarchical Gaussian Process Model (a type of multi-level Bayesian analysis) because this statistical tool 

is well suited for estimating the effects of the multi-faceted design of the proposed study, as detailed in 

the literature review. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Electroencephalography and magnetoencephalography  

Electroencephalography (EEG) and magnetoencephalography (MEG) are methods that 

noninvasively measure the electromagnetic activity of the brain. The first EEG records were published by 

Dr. Hans Berger in 1929 after decades of work (Berger, 1929; Collura, 1993; La Vaque,1999). In 14 

follow up papers, which were translated to English by Gloor (1969), Berger made seminal contributions 

to various aspects of EEG research still being used and developed today. This includes the use of Fourier 

analysis as well as documenting changes in EEG recordings under general anesthetics, during sleep, and 

from neurological conditions such as epilepsy. Although initially met with skepticism that electrical 

measures of brain activity were possible without invasive surgery, mass adoption began once his work 

was first replicated by Adrian and Matthews in 1934 (Adrian et al., 1934; Collura, 1993; La Vaque,1999). 

Once it was understood that measuring the electrical signals of the brain was possible, research teams 

began to investigate how the magnetic component (MEG signals) of these currents could be recorded. 

This was first accomplished at MIT by Dr. David Cohen with copper induction coil (1968), and then more 

successfully in 1972 with a superconducting quantum interference device (SQUID) similar to the sensors 

that are used today (Cohen, 1968; 1972). Although MEG was invented before fMRI, it remains a rarer 

scientific tool with most of its use in research having come in the last 30 years because of necessary 

technological innovations (Baillet, 2017).   

Recording brain activity with EEG and MEG is only possible because of the convenient shape 

and orientation of cortical glutamate neurons. As described by Hansen et al. (2010), pyramidal glutamate 

neurons in Lamina II, III, and V are primary generators of EEG signals and make up 75% of neocortical 

cells. They are also the only neurons which are predominantly vertical shape and are orientated 

perpendicular to the surface of the cortex with apical dendrites reaching into the top layer of Lamina I. 
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This apical section of the dendrite is where excitatory connections from other neurons are made, and 

account for the majority of the connections made to these pyramidal neurons. When excitatory glutamate 

is released, positive ions flow into the neuron at the dendrite and out of the neuron’s cell body. The 

relatively far distance between the dendrite and the body of the neuron creates a dipole aimed towards the 

cortical surface. When thousands of neurons are acted on in synchrony, the collective dipole generates 

currents and fields strong enough to be recorded at the scalp surface (Niedermeyer et al., 2005; Baillet, 

2017). These excitatory connections comprise the majority of recordable signal studied. Newer modeling 

methods based on substantial a priori assumptions suggest that subtle differences in voltages can reveal 

activity in rarer inhibitory neurons and connections (David et al., 2006; Kiebel et al., 2008; Neymotin et 

al., 2020). For this research, it is assumed we will only be interpreting excitatory pyramidal glutamate 

activity as other contributions make up a small percentage of recordable activity (Hansen et al., 2010).  

Although EEG and MEG systems measure the same electromagnetic sources, there are 

substantial differences between these apparatuses. EEG systems rely on electrodes held in place against 

the scalp via elastic caps or bands and sometimes with adhesive. Usually, some type of electrolyte 

solution is needed to complete the connection of the sensor to the scalp. Brain activity is recorded as a 

voltage in reference to something else which is often another electrode or, for systems that have many 

electrodes, to an “average reference” which is the average from all available electrodes. EEG systems are 

relatively inexpensive when compared to other neuroimaging devices with prices in the thousands of 

dollars for a system that can last for years. EEG is the most widely used neuroimaging method in research 

and clinical practice. Although it is one of the oldest neuroimaging methods, it still makes up most of the 

published research compared to other methods (Baillet, 2017). EEG has well-established clinical utilities 

in the guided treatment of epilepsy (Tatum et al., 2018) and sleep disorders (Berry et al., 2017).  

Relative to EEG, MEG systems are larger, more expensive, and rarer. Almost all MEG systems 

rely on SQUID sensors to measure minuscule magnetic fields. To function, superconducting loops within 

the SQUID sensors rely on liquid helium to keep them close to absolute zero in temperature. Thus, MEG 

systems require more substantial engineering and monetary investment. A MEG system is much larger 
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and features a large helmet-like covering which houses the SQUIDs. Usually, an adjustable seat is used to 

raise seated participants into the device. It is different from MRI in that it does not generate a strong static 

magnetic field. In fact, any magnetic interference can affect the recordings. Thus, specialized rooms are 

necessary to exclude background EMF noise. While in many domains MEG is still being validated versus 

EEG, there is growing evidence it provides superior utility for preoperative seizure assessments (Kharkar 

et al., 2015; Murakami et al., 2016; Nissen et al., 2016). 

EEG and MEG recordings exhibit distinct characteristics because of the physical properties of 

electromagnetism described in Maxwell’s and colleagues work (Maxwell, 1890). This results in various 

advantages and disadvantages for each method. While EEG is recorded as a voltage compared to a 

reference, MEG is recorded in the units of Tesla and is reference free. EEG signals are greatest in the 

same direction of neuron activation dipoles. For MEG, activity appears perpendicular to the source 

compared to the EEG signal. This is because when current runs from the source (positive pole) to the sink 

(negative pole), a magnetic field is generated as described by the “right hand rule” formulated in 

Maxwell’s Ampère's circuital law. Also notably, the electrical EEG signal conducts differently through 

the tissues that surround the brain (e.g., blood vessels, meninges, and skull), and is spatially smoothed via 

volume conduction, while the fields of MEG move identically through all materials including the air. 

Theoretically, this means MEG should have superior temporal and spatial accuracy because EEG will 

spread as the signal conducts to the electrodes differently based on individual differences. However, MEG 

has its own set of limitations due to how the signal drops off sharply with distance. This results in MEG 

being less sensitive to sources deeper than 20 mm below the skull (Hansen et al., 2010). While this limits 

MEG as an effective neuroimaging tool to look at deep cortical sources, it allows for more credible source 

estimations of surface cortical activity. Another distinction is MEG is weakly sensitive to radial sources 

oriented toward the SQUIDs, whereas EEG can record tangential and radial sources. Thus, it is 

occasionally recommended that researchers employ a sparse EEG array during MEG recording to gain a 

more comprehensive insight into potential radial sources that may not be detected by MEG (Baillet, 

2017).  
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The combination of EEG and MEG recording can have super-additive benefits for source 

analysis, although high precision is limited by naturally occurring individual differences in cortical 

structure. It is well known that EEG and MEG have high temporal resolution of cortical activity but poor 

spatial resolution of the neural sources. This is often contrasted with fMRI that has nearly the opposite 

limitations. The fMRI method can reliably detect the location of active sources, but most temporal 

information is coarse. A logical step is to combine the use of EEG or MEG with fMRI recording to make 

up for the limitations associated with each method. This M/EEG-fMRI fusion usually involves correlating 

ERPFs with BOLD responses in specific regions of interest (Junghöfer et al., 2017; Sabatinelli et al. 

2013) or using multi-variate pattern analysis to find a pattern of time points in M/EEG that correlate with 

fMRI voxel signal change over trials or experimental conditions (Cichy et al., 2020). While these types of 

studies have led to many scientific advances, the inherent correlational analysis can lead to mistaken 

assumptions regarding how the independent signals are related.  

Thus, the combination of EEG and MEG may be the most effective means to maximize spatial 

and temporal accuracy for many research questions. Because EEG signals are perpendicular to MEG, 

simultaneous recording of both methods would provide 2 angles for every cortical dipole. However, this 

too cannot fully resolve the brain regions active because individual differences in anatomy (such as brain 

structure, skull thickness, and head shape) can change the angle at which electromagnetic signals are 

recorded (Hinds et al., 2008; Amunts et al., 2000; Dougherty et al., 2003). This can be alleviated with the 

addition of structural MRI imaging such that inverse and forward models can be tailored to each brain to 

better predict the source of simultaneous EEG and MEG recording. However, this type of source analysis 

is novel and rapidly evolving, while also requiring knowledge and access to EEG, MEG, MRI, and 

complex mathematical modeling. As a result, a simultaneous joint source estimate of EEG and MEG data 

alone is currently not recommended (Tadel et al., 2019; Baillet et al., 1999). Current best practices for 

credible results are to quantitatively combine separate source estimates (Tadel et al., 2019). The present 

study should benefit in source analysis accuracy from the combination of EEG and MEG because the 

ERPFs of interest are fairly robust and stable across participants. The quantitative combination of EEG 
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and MEG source analysis results via a Bayesian multi-level model (explained in sections 2.5 and 3.7) 

should properly weight their influences and account for individual differences.  

 

2.2 Event-related potentials and fields 

EEG and MEG can be used to measure neural activity in response to a specific stimulus or task. 

The activity recorded in this way is fittingly called an event-related potential or field (ERPF). The method 

of finding ERPFs is powerful because activities related to specific processes are often obscured by 

constant ongoing brain activity and oscillations. The act of recording isolated ERPFs is predicated on 

repeating trials time-locked to the events of interest. Given enough trials, consistent activity associated 

with an event will become more prominent as noise not associated with the task averages out to zero. This 

method is common practice and the bedrock for much of EEG and MEG literature. There are numerous 

ERPFs often named for when they are recorded such as the P100 which relates to a positive peak recorded 

around 100 ms after a visual stimulus. Researchers often interpret the change in the amplitude of these 

ERPFs to better understand the function of the brain. 

The ERPF method relies on assumptions and proper experimental designs for findings to be 

meaningful. For a given ERPF, the amplitude must be consistent in space and time throughout all the 

trials otherwise it would be cancelled out during trial averaging. This is true not only within a participant 

but also between participants. Thus, it is a concern that there may be ERPF signals that do not get 

reported because only the potentials that do not habituate contribute to the grand average. Another issue is 

that ERPFs can vary in amplitude not because of the differential impact of experimental conditions, but 

because of the individual differences in anatomy. For example, differences in the skull or head size could 

affect the overall amplitude of an ERPF. For these reasons, proper ERPF research designs employ within-

participant designs with stimulus trials counterbalanced.  
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2.3 Relevant ERPFs 

The N170 is one of the most well-known and studied ERPFs and has been strongly associated 

with the perception of faces. It can be recorded as a negative deflection over lateral occipital regions 

behind the ears starting at 130 ms and quickly dissipating by 200 ms (Eimer, 2000; Peelen et al., 2007, 

Rossion et al., 2007). The first study to record this potential was Bentin (1996), although it is now 

recognized that the positive end of the same dipole, known as the vertex positive potential (VPP), was 

studied earlier (Botzel et al., 1989; Jeffreys, 1989). While the N170 and VPP have been found to have 

near identical response properties (Joyce et al., 2005), the N170 is more often studied because its location 

on the scalp is likely closer to the neural sources. Research suggests that the N170 primarily reflects 

specific configural processing of faces early in the ventral visual stream with the likely strongest 

contributor being the fusiform face area (Hadjikhani et al., 2010). Here, configural usually means that the 

face is processed as a single object rather than a series of facial features. This is supported by the quick 

dissipation of the N170 and inverse effects in which presenting upside-down faces cause the N170 to be 

delayed and larger in amplitude (Rossion et al., 2000). This is taken to mean that fusiform face area is still 

processing the upside-down face configurally, but it is slower to recognize the stimulus and it requires 

more cortical activation.  

Research suggests that the N170 can be modulated by emotion and possibly by the race or 

ethnicity of the face being shown. A meta-analysis suggested that happy, angry, and fearful facial 

expressions modulate the N170, while disgust and sad expressions may not (Hinojosa et al., 2015). This 

same study also found that these emotional facial expressions appear to exogenously draw attention based 

on paradigms in which attention was manipulated. The authors’ interpretation was that N170, not only 

indexes recognition of the structural elements of a face, but also higher-level social information as well. 

Studies on how race and ethnicity affect the N170 report more mixed results. A number of studies have 

found that when viewing the face of a different racial identity than oneself, the N170 is larger (Herrmann 

et al., 2007; Stahl et al., 2008; Walker et al., 2008; Caharel et al., 2011; Wiese et al., 2018). However, a 

considerable number of other studies do not find this effect (Caldara et al., 2003; Caldara et al., 2004; Ito 
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et al., 2004) or the opposite (Ito et al., 2005). The races and ethnicities across these studies vary widely. 

Possibly relatedly, behavioral studies have found that people are less accurate in tasks that involve faces 

that are a different racial identity than their own (Levin, 2000). Considering this, a larger N170 amplitude 

could reflect increased effort, similar to when a face is presented upside down causing the inverse effect. 

However, low-level visual features have not always been well balanced in these studies which could 

explain the N170 effects. Additionally, because emotional expressions are known to affect the N170, 

perhaps there is a slight emotional modulation indicative of an outgroup effect.  

Relevant to the current study, a similar ERP as the N170 can be elicited by bodies. Initial reports 

suggested that body scenes elicited a smaller amplitude than faces, but if the bodies are unclothed, they 

evoke a larger amplitude than faces (Hietanen et al., 2011, Hietanen et al., 2014). This "body-N170" 

peaks around 20 ms later that the N170 at about 190 ms (Thierry et al., 2006). Like faces, bodies also 

show an inversion effect, even when the bodies are unclothed (Bernard et al., 2019). Surprisingly, in this 

same study, this inversion effect disappears when perceptually similar bodies are presented in sexually 

suggestive postures, just as what would be seen for oddly configured objects. While the potential looks 

similar to the N170 over some sensors, the body-N170 elicits a more widespread negativity over occipital 

channels particularly when the body is unclothed (Hietanen et al., 2011). Source analyses with both EEG 

(Thierry et al., 2006) and MEG (Meeren et al., 2013) suggest that different sources are active for the body 

versus face evoked N170. The signals underlying the N170 appear to include occipital-temporal network 

including the ventral temporal cortex, whereas the body-sources were localized to the lateral occipital 

cortex. Notably, fMRI research suggests this is where the "extrastriate body area" is located (Peelen et al., 

2007). Specific instructions to attend to a body does not increase the body-N170, although this is also the 

case for the later occurring ERPFs (Hietanen et al., 2014). 

The last two relevant ERPFs for this study are the emotion-modulated early posterior negativity 

(EPN) and late positive potential (LPP). The EPN is recorded over lateral occipital sensors in EEG and 

over posterior temporal channels for MEG. The time at which it is recorded varies between research 

teams but is usually a window between 150 ms to 350 ms after scene onset. It was first reported by 
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Junghöfer and colleagues (2001) in which rated scene arousal appeared to be the best predictor of its 

amplitude. Many subsequent studies have replicated this emotional effect for scenes, as well as for faces 

(Langeslag et al., 2018; Yoon et al., 2016; Herbert et al., 2013; Jaworska et al., 2012; Schupp et al., 

2004), words (Schindler et al., 2016; Kissler et al., 2013; Herbert et al., 2008; Kissler et al., 2007), and 

hand gestures (Flaisch et al., 2009). Similarly, the LPP has also been linked to emotional arousal through 

scene studies. The LPP was discovered before the EPN (Cacioppo et al., 1994) and has been more well-

studied. It appears as a positive slow-wave over centroparietal sensors starting around 350 ms and 

peaking before 900 ms. Emotional scenes will modulate the potential to be more positive than neutral 

content with a significant difference that can last for several seconds. The EPN and LPP have been 

primarily studied in scene presentation paradigms as compared to the N170 and body-N170 studies that 

typically involve figure-ground cues on blank backgrounds. This subtle distinction has led to somewhat 

separate lines of research with possibly meaningful distinctions. Scenes are supposed to more closely 

mimic realistic perception at the cost of scientific control. To counteract this, researchers utilize 

standardized picture sets such as the IAPS (Lang et al., 1997) and paradigms in which many different 

scenes are presented for each category of interest. This in theory averages out the effects of low-level 

visual features. Overall, emotional arousal effects do appear to be larger for scenes over faces for the EPN 

and LPP (Thom et al., 2014). 

Personal preference and disorders of emotion can additionally modulate these ERPFs (Junghöfer 

et al., 2010; Langeslag et al., 2019; Weinberg et al., 2016). The EPN and LPP both appear to be more 

sensitive to motivationally relevant content such as erotica and threatening content (Weinberg et al., 2010; 

Farkas et al., 2020, 2023). Emotional content reliably modulates the EPN and LPP in nearly all 

participants given enough trials (Schupp et al., 2020, Schupp et al., 2023). This emotional difference also 

resists habituation, even if only a small number of scenes are repeatedly presented many times (Ferrari et 

al., 2020; Schupp et al., 2006). The EPN and LPP rarely differ in their pattern of emotional modulation. 

However, the EPN appears to be more sensitive to simple figure-ground content (Bradley et al., 2007), 

human content (Löw et al., 2013), and snakes (Van Strien et al., 2014). In our own work, we found that 
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the EPN seems to be especially sensitive to upright, unclothed bodies as compared to the LPP (Farkas et 

al., 2020, 2023).  

Given this collection of results, researchers theorize that the EPN and LPP reflect partially 

distinct stages of a process of “motivated attention” (Lang et al., 1997; Schupp et al., 2006). This is a 

form of selective attention in which emotional content exogenously captures attention. It is sometimes 

stated that this appears to be an “obligatory” process due to the lack of habituation and heightened 

sensitivity for motivationally relevant content. So, these ERPFs may be better conceptualized as one of 

many action dispositions that can be physiologically measured and are loosely coupled to self -reports of 

emotion (Bradley et al., 2007; Bradley, 2009). 

 

2.4 Auxiliary measures of emotion 

One of the most common and validated self-reports measures is the use of the Self -Assessment 

Manikin (SAM; Bradley et al., 1994). This measurement tool was developed to standardize self-reports of 

valence and arousal in a paradigm that would allow for reliable reports across the world. It involves using 

a manual that describes the two relevant scenes and how participants should use the scales to report how 

they feel when presented with an emotional stimulus. Each scale has multiple synonyms for terms 

commonly associated with pleasant, unpleasant, high arousal, and low arousal. Each scale is usually 

presented with a manikin representation that depicts the emotional state increasing and decreasing across 

the scale. Measures from this scale have been shown to have reliable associations with physiological 

measures such as skin conductance, the EPN, and the LPP. 

Another way to measure physiological arousal is with pupil diameter. Autonomic activity is 

known to increase the size of the pupil to emotional relative to neutral scenes correlating strongly with 

SAM ratings and skin conductance (Ferrari et al., 2015; Henderson, Bradley, & Lang, 2014; Snowden et 

al., 2016). However, this measure appears to be more resistant to habituation compared to skin 

conductance (Bradley et al., 2015). Thus, pupil diameter may also reflect obligatory motivated attention 

like the EPN and LPP. Pupil diameter is also known to also be modulated by emotional imagery 
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(Henderson et al., 2018), sounds (Partala et al., 2003), and anticipated shocks (Bitsios et al., 1996; Bitsios 

et al., 2004). A limitation is that brightness and contrast differences in scenes affect pupil diameter 

measurements (Bradley et al., 2017). Thus, it is important that scenes are relatively balanced on these 

low-level visual features, or that this effect is removed in the analysis stage.  

 

2.5 Bayesian multi-level and Hierarchical Gaussian Models 

In this study, a Hierarchical Gaussian Model, which is an extension of Bayesian multi-level 

models, was used to analyze our dependent measures and test hypotheses. This approach is appropriate 

because it is well suited to make inferences from complex nested designs. More specifically, it can use a 

technique known as partial pooling in which differences between groups can be appreciated and corrected 

for, while still contributing to a meaningful overall estimate. This is particularly useful when combining 

the EEG and MEG derived source analysis results. Additionally, these kinds of models can be flexibly 

designed to accommodate the structure of the data. Here, we allow the model to learn about the overall 

correlational structure of channels and estimated dipoles such that we do not have to average similar 

channels together to increase statistical power. This allows for more powerful spatial inferential statistics 

when comparing the N170 and EPN time windows. 

Bayesian approaches contrast with the traditional frequentist methods in several ways. In 

Frequentist statistics, there is an assumption that a true value for a population exists and it can be 

estimated by a sample. This true value can be any statistical parameter, but it is most often the mean of a 

certain group or the mean difference between two groups. In Bayesian statistics, the value of a parameter 

is not assumed to be fixed. Instead, the parameter is estimated as a continuous probability distribution 

describing the likelihood or uncertainty of possible values. This is more in line with how probability is 

colloquially considered; as the certainty of an outcome in probabilistic terms, and not in comparison to a 

null hypothesis. 

To find this probability distribution of a parameter with observed data (the posterior distribution), 

a sampling model and prior distributions must be specified. The sampling model states how the data is 
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generated based on one or more unknown parameters. The prior distribution represents the current belief 

of possible values for the unknown parameter. While the specification of a prior can seem open -ended, 

uninformative priors can be selected such that the posterior is nearly entirely based on the collected data. 

Moreover, in multi-level models, adaptive priors can be selected that optimally regularize the model by 

shrinking overly bold parameter estimates. This creates estimates that maximize prediction accuracy in 

future data sets as if it were tuned by cross validation. Thus, final estimates do not overfit the data 

(McElreath, 2020). While Bayesian statistics predated frequentist methods, its viability was only made 

possible with the availability of modern computing. This is because most Bayesian posteriors cannot be 

solved using closed-form expressions, but they can be estimated through mass sampling. Algorithms, 

such as Hamiltonian Monte Carlo or Metropolis-Hastings Monte Carlo, generate a sequence of chained 

samples that come from the posterior. As the number of samples approaches infinity, the density of these 

samples is guaranteed to be the same as the posterior. 

Bayesian multi-level models feature a concept known as partial pooling which will be an 

important component of this project's analyses. In this type of model, a separate layer can be used to share 

information in a process called partial pooling. This gives the model “memory” to better understand the 

individual observations and the group they are sampled from (McElreath, 2020). For example, in Figure 1 

the average ERPF is estimated for each participant from a previous study (Farkas et al., 2023). The black 

dots indicate the actual mean values of each participant. The red dots indicate the Bayesian estimate of the 

mean, and the red lines represent the inner 89% of the posterior distribution. From this figure, we can see 

some of the effects of partial pooling had on our posterior distributions for each participant. First, it leads 

to a more precise estimate for each participant’s mean than a fixed effects model would, while still 

allowing for individual variation. Partial pooling also applied “shrinkage” to the most extreme values, 

shifting participants posteriors inwards toward the overall mean (parameter abar).  
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Figure 1. An example of partial pooling in a Bayesian multi-level models. Data is taken from a previous 

study. Here, a[1] to a[50] represent the posterior estimates for each participant’s average ERPF response. 

The black dots represent their empirically found mean value, while the red dot represents the posterior 

mean and the inner 89% of the posterior distribution. Note how participants that have more extreme low 

or high ERPF values have posteriors that are pulled toward the average estimate of abar. This is the result 

of partial pooling which regularizes the model to be more predictive, as might be a result cross validation. 

Partial pooling also acts as a multiple comparisons correction, so all posteriors can be directly compared 

via sampling. The sigma parameter is the estimated variance for the ERPF, while tau is the estimated 

variance for the higher-level distribution of participants.  

 

This type of model has several beneficial effects. The first is it allows information to be shared 

among observations to provide a better estimate for each individual. Second, this process regularizes the 

model, thus preventing overfitting and making it more predictive, as if a cross-validation algorithm had 

been used. Third, it acts as a more intelligent correction for multiple comparisons. In a frequentist 

framework, a correction would involve enlarging confidence intervals instead of shrinking estimates 

toward the mean. Finally, because this is a Bayesian approach, there is no null distribution or p -values; 
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the red bars represent actual probabilities and can be compared directly with contrasts between posteriors. 

To perform a contrast between posterior, all matched posterior samples are subtracted to form a new 

posterior of the difference (example in Figure 2). 

 

 

Figure 2. An example of a posterior contrast distribution. To contrast posterior distributions, samples 

from one posterior are subtracted from another. Here, the posterior difference is meaningful (98% of the 

contrasted samples are below 0 μV) between mutilation scenes (red) and threatening people content 

(orange) despite them overlapping considerably. Contrasts between matched samples must be done when 

comparing posteriors because there could be inherent correlations in the data captured by the sampling 

process. 

 

This aspect of partial pooling seems ideal for integrating the results of the current study. For 

example, in this study the separate EEG and MEG results can be combined to better understand the 

cortical sources. In a frequentist framework, there would likely be a significant interaction between 

category modulation and whether the data was recorded with EEG or MEG because of fundamental 

differences in how these methods estimate cortical activity. Thus, it would be inappropriate to completely 

pool or average their source analysis results. Breaking down the interaction would also not be ideal, as it 
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would limit results to a qualitative explanation and preclude the opportunity to integrate the 

complementary information. The Bayesian multi-level approach allows for an accounting of how EEG 

and MEG are distinct and thus enables a more meaningful overall estimate of activity, while retaining the 

option to break down the pattern of results between the two measures. 

How Bayesian partial pooling accounts for random and fixed effects is useful, but another aspect 

of Bayesian models which is vital to the current study is their flexibility and ability to learn correlational 

structures. In review, our primary research question is whether the modulation of N170 versus EPN time 

windows are distinct in space (over sensors and sources). Traditionally, to increase the signal to noise 

ratio of an ERPF, channels close together are averaged together or a spatial PCA is used to create a linear 

combination of all the sensors. But because the current research question centers on spatial comparisons, 

neither of these options are ideal as the channels separate to understand where and for what scenes there 

are differences. Instead, the model was crafted such that it could use the correlation between channels to 

reduce uncertainty. Thus, correlational structure is also partially pooled and has posterior distribution. 

This comes with the usual benefits of partial pooling, but also allows the representation of all channels or 

sources as coming from a multi-variate normal distribution. This is what reduces uncertainty, each 

channel is one dimension of a distribution which is informed by all the other channels and dimensions. 

Learning this correlational structure allows for a more efficient fusion of different neuroimaging 

equipment. For example, although there are only 57 EEG channels from the Münster research site, the 

information from those 57 channels can be combined with the usual correlational structure of the Georgia 

128 channel system to find posteriors for what the remaining channels most likely would have been.  

To incorporate correlational structure, the model had to be upgraded into what is often called a 

Hierarchical Gaussian Process Model. Gaussian models are a diverse class of methods which are highly 

specialized for each phenomenon being analyzed. What is shared is an assumption that variables are 

grouped in some way by a multi-variate normal distribution with relationships that can be entirely defined 

by a covariance or kernel function. This is ideal for Bayesian modelling because priors for large matrices, 

such as covariances matrices, suffer from many constraints related to matrix algebra whereas a Gaussian 
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Process Model can be scaled to theoretically infinite dimensions. For the current model, the kernel 

function chosen for the MEG sensor and source analyses is a squared exponential function, which models 

that covariance decreases with distance exponentially. For the EEG data, a second mathematical 

statement was added such that covariation could switch to a negative covariation as distance approached 

Pi or 180 degrees away. What makes the currently implemented models “Hierarchical” Gaussian Process 

Models specifically is that partially pooling is applied via higher-level of shared information similar to 

simpler Bayesian multi-level models.  

In the literature, similar models have been constructed primarily for classification and source 

analysis solutions. As described in a review by Wu and colleagues (2015), there are numerous published 

applications of Bayesian and Bayesian machine learning analyses for M/EEG data. The first arm of this 

work centers on better extracting the electromagnetic signal of interest for analysis or classification of 

brain states. Examples include modeling the inherent noise associated with M/EEG recording to extract 

activity related to stages of sleep (Schetinin et al., 2017; Babadi et al., 2011), epileptic seizures (Zandi et 

al., 2013; Quintero-Rincón et al., 2016), or to an event (Wu et al., 2014). Most of these applications are 

being developed for cases when there is a lot of noise and classification accuracy is necessary for single 

trials. There are examples of models proposed for quantifying ERPFs such as the BEEP algorithm that 

models experimental trials and conditions, noise, latency shifts, amplitude factors, and spatial covariance 

in a time series analysis (Wu et al., 2014). The second major area of work involves modeling to perform 

source analyses. Here, EEG and MEG data is used to best explain the underlying brain activity. These 

models are complex and specific. Not only is the inherent noise of the data modelled, but also the 

conductivity of the layers that surround the brain, as well as the neuronal structure informed by MRI 

images and the usual layout of pyramidal neurons and their connections (Wei et al., 20 20). 

These previous Bayesian model implementations are ultimately aimed at replacing the 

predominate blind source separation (e.g., ICA) and source analysis methods (e.g., L2-Minimum-Norm-

Estimation) and are still being validated, whereas the current work is more concerned with efficient fusion 

of data recorded from different research sites. The present models employ a few of the elements of BEEP 
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such as modeling the spatial relationships between sensors and the differences between experimental 

conditions. While BEEP could be a worthwhile future direction for disentangling the N170 and EPN, it is 

designed for fine-grained individual participant modelling and not combining different recording systems. 

The Bayesian source analysis methods mentioned also appear relevant at first, but they rely on MRI 

images which are not available in the present study. Furthermore, simulation studies suggest that without 

a priori source information and MRI images, L2-Minimum-Norm-Estimation is suited for characteristics 

of M/EEG data (Hauk, 2004). So, the current models can be thought of as simpler implementations of 

published work only modeling the most essential and feasible elements. However, this is still relatively 

novel as a means of combining data across research sites. This is important because it can be difficult to 

compare M/EEG data in which discrepancies can be caused by small variations in recording systems and 

procedures. To minimize these issues, large research projects often require funding for painstaking 

calibration across research sites. The current analyses, that models research site as a regularizing factor, 

can lessen the influence of differences between sites allowing for better data interpretation when multiple 

M/EEG systems are compared in a collaborative project. While this type of modeling is not a complete 

replacement for calibration and standardizing procedures, it may make it easier for teams to report a 

reliable and predictive result. 
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CHAPTER 3 

METHODS 

3.1 Participants 

The first sample was college students from the University of Münster in the city of Münster, 

Germany. Thirty-seven participants (mean age = 22.7, SD = 3.1; females = 18) were recruited via ads and 

contact information provided from previous studies. The participants were compensated for their time 

with 35 Euros. Many may have participated in previous studies that used similar paradigms and imaging 

procedures, but the scene stimuli were novel compared to these past studies. These participants provided 

concurrent EEG, MEG, and pupil diameter recordings followed by self-reports on experienced valence 

and arousal in response to the scene stimuli. 

The second and third samples were recruited from the University of Georgia (UGA) located in 

the city of Athens, Georgia in the United States of America. For MEG recordings, 42 college students 

(mean age = 18.8, SD = 1.7) were recruited from the UGA Psychology undergraduate population for 

course credit. These participants signed up for the study via an online portal. Two versions of the study 

were opened on the portal to recruit equivalently sized samples of White (mean age = 18.8, SD = 1.10) 

and Black women (mean age = 19, SD = 2.52). The last sample of 68 participants (mean age = 19, SD = 

1.33), which provided EEG data, were recruited from UGA in a similar fashion. For this sample 22 Black 

women (mean age = 18.7, SD = 0.92), 22 White women (mean age = 19.3,  SD = 1.68), and 24 

participants (mean age = 18.9, SD = 1.31) that had a different identity (6 Asian women, 1 Asian man, 2 

Hispanic women, 2 Hispanic men, 1 Multiracial woman, 3 Black men, and 9 White men). This final 

group was randomly collected from the research pool. The rationale for last group was to provide 

additional statistical power for source analyses as well as acting as a comparison group of similar size to 

the selected samples of White and Black identifying women. 
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Samples were chosen to best realize research goals within funding constraints, as well as to 

achieve subgroups large enough to be statistically meaningful. This is based on effect sizes from previous 

studies and the participants available in the resource pool. In previous EEG studies, moderate to large 

Cohen’s D effect sizes for comparisons between the categories of interest suggesting sample sizes of 10 

participants were sufficient to achieve statistically significant with only one scene presentation (Farkas et 

al, 2020, 2023). While we did not have a credible estimate for effect sizes for MEG data collection, 

targets of 40 participants for each sample seemed sufficient given the additional scene presentations (each 

scene present 4 times) and partial pooling between research sites. White and Black women were recruited 

for the tertiary aim of investigating own-race vs. other-race processing effects for the N170 and contribute 

to racial equity in ERPF research. The choice to recruit women and present male face scenes was based 

on feasibility and statistical control. There were relatively few Black men in the Psychology research pool 

and scenes of male faces are easier to match for perceptual features. By keeping the gender of the 

participants and faces the same, this allows for a more robust assessment at this single dimension which 

may have lacked statistical power if gender was not a constant.  

 

3.2 Naturalistic scenes 

In the Münster sample, the same set of scenes was used from a previous study (Farkas et al., 

2023). This set of scenes was assembled in an attempt to balance valence, arousal, and body exposure. 

The set contains 9 content categories, including erotica, victorious sports moments, pleasant animals, 

neutral nude couples, neutral animals, neutral people, threatening people, threatening animals, and 

mutilation scenes. Each of these scene categories were made up of 15 scenes for a total of 135 scenes. 

Erotica scenes depict conventionally attractive couples engaging in consensual intercourse. Victorious 

sports displayed either men or women at the jubilant moment of victory or success during a sporting 

event. Nudists scenes depict unclothed couples walking in a variety of locations such as beaches and 

parks. The couples have neutral facial expressions and vary in age more than the erotic content. These 

nudist scenes elicited neutral ratings of valence and arousal in past studies (Farkas et al., 2020, 2023). The 
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category of neutral people features clothed people in a variety of mundane situations, such as sitting in 

parks or conversing on buses. The category of threatening people features one or more people making 

aggressive postures and facial expressions, brandishing weapons, or engaged in violent acts. Threatening 

animal scenes depict predators aggressively posturing or attacking the viewer. Finally, mutilation scenes 

depict graphic injuries, open wounds, or mangled body parts.  

For the UGA samples, the 3 animal scene contents were replaced by neutral face portraits and 

simple geometric ovals on contrasting backgrounds (Figure 3). The purpose of the face portraits was to 

elicit a face-evoked N170 ERPF to compare with our expected body-evoked N170. To contribute to a 

secondary aim of assessing if racial identity modulates the N170, face scenes were matched such that 

there were 21 matched pairs of White and Black male faces. Of these pairs, 7 were drawn from the MR2 

face set (Strohminger et al., 2016) while the remaining 14 were assembled by the lab for this study from 

athletic roster photos from US college soccer teams. This was done to increase the amount of face scenes 

in the set, and to promote perceptual equivalence between the Black and White men face scenes. The 

rationale for selecting pairs from the same team roster is that the lighting, jersey colors, and composition 

are kept consistent. In addition to the face scenes, 7 pairs of gray ovals were included in the scene set as 

basic perceptual controls. The ovals were roughly the same dimensions as the face pictures, and they 

appeared as one of two versions: dark gray oval on a light gray background, or vice versa. The number of 

scenes were chosen based on experiment time constraints, such that we could maximize the number of 

usable trials for our face scenes of interest. Previous studies suggest that the different number of scenes 

across categories should have negligible effects on our ERPFs (Farkas et al., 2021; Schupp et al., 2021; de 

Cesarei et al., 2015). 
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Figure 3. Examples of the face and oval pictures used for the University of Georgia (UGA) samples. 

These replaced the scene categories depicting animals used for the Münster participants and previous 

studies (Farkas et al., 2020, 2023).  

 

We attempted to balance the low-level visual features of the scenes between categories. All 

scenes were 800 pixels wide by 600 pixels tall, except for the face and oval scenes which were 600 pixels 

wide by 800 pixels tall. Luminance and complexity were balanced using GNU Image Manipulation 

Program (GIMP; gimp.org). This was done by manipulating the scenes that had the most extreme values 

in each category until scene categories were found to be statistically equivalent (p -values > .2). For 

luminance, the brightness adjustment tool was used in GIMP. Complexity was indexed by JPEG file size, 
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which serves as an adequate index of visual complexity (Donderi, 2006). To correct overly complex 

scenes, a 1x1 pixel Gaussian blur was used in GIMP, which slightly attenuates high spatial frequency 

information without noticeable impact on clarity. 

 

3.3 Self-report questionnaires 

Valence and arousal ratings for each scene were recorded after neuroimaging data collection in all 

samples. A computerized version of the Self-Assessment Manikin (SAM; Bradley et al., 1994) was used 

at both research sites. In the Münster sample, the rating procedure was implemented via computer using 

Psychtoolbox (Brainard, 1997; Kleiner et al., 2007). After instruction in the German language, ratings 

were collected via computer mouse. Participants moved a cursor along a scale to make their rating of how 

the scene made them feel. For UGA participants, the ratings were collected via a Qualtrics survey. 

Participants moved a slider underneath each scene by dragging and clicking directly on the scale. The 

Münster participant ratings were on a continuous scale from 0 to 100 while the UGA system was on a 

continuous scale from 1 to 9. Participants from both research sites self -reported their demographic 

information via a worksheet. This included racial or ethnic identity, age, gender, and handedness.  

 

3.4 University of Münster procedures 

Participants recruited through flyers and contact information from previous studies arrived at the 

Institute for Biomagnetism and Biosignalanalysis (IBB) for data collection. After arriving, they were 

given an informed consent document approved by the University human subjects review board. After 

agreeing to participate, a 57-channel EASYCAP EEG system (easycap.de) was fitted to the participant. 

The sensor positions and skull shape were then be mapped using a Polhemus system (Polhemus, 

Colchester, VT, USA; polhemus.com). This information was used for a more precise estimation of sensor 

locations in data analysis for both the EEG and MEG data. After the EEG cap fitting process was 

completed, the participant was guided into the MEG chamber. The MEG system is a  275 whole-head 

sensor system (CTF Systems). It has first-order axial gradiometers (Omega 275; CTF, VSM MedTech 
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Ltd., Coquitlam, Canada). The EEG and MEG data was recorded at a sample rate of 600 Hz. Fiducial 

coils placed at the nasion and ears were used as landmarks for the head position in the MEG scanner. An 

eye tracking system was then positioned to focus on the left eye to record pupil diameter of the participant 

at a sampling rate of 600 Hz. The scenes presented on this projector extended across 12.3 degrees of 

horizontal visual angle. 

The 135 scenes were presented four times total, in two equal-sized blocks. Between each block, 

the participants were given a brief break before the data recording resumed. Each set of the 135 scenes 

was randomized such that no participant saw the same order. However, pre-experiment, the order of each 

set was specified such that the transition probability between the nine categories was nearly equivalent. 

Scenes were presented for 1 second each, with a random inter-trial interval varying between 1 - 2 

seconds. Following the EEG and MEG data collection, participants were guided to a new room to then 

rate the scenes using the self-assessment manikin procedure (Bradley et al., 1994) via a computer mouse 

as described earlier. Following data collection, the participants were debriefed and paid for their 

participation. 

 

3.5 University of Georgia procedures 

The MEG participants were recruited from the UGA Psychology undergraduate research pool for 

course credit. Additionally, a checklist was used to make sure they did not have any unremovable metal 

on their body that would interfere with the MEG recordings (such as earrings, piercings, braces, or 

pacemakers). After giving informed consent, participants were positioned in the MEG system. The MEG 

scanner is a 143 whole-head sensor system (CTF Systems) featuring first-order axial gradiometers 

(Omega 143; CTF, VSM MedTech Ltd., Coquitlam, Canada). Landmark coils were placed at the nasion 

and just dorsal to the left and right temporomandibular joints which is anterior to the tragus of the ear 

lobe. While positioning the participant, towels were positioned between the skull of the participant and 

the MEG bore to make the participant more comfortable and to prevent movement during the study. The 

screen was located 27.5 inches from the participants eyes and took up 33 degrees of visual angle.  
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The 140 scenes were shown 4 times in total in two blocks, similar to the Münster sample. Each 

scene was presented for 1 second with an ITI ranging from 1 to 2 seconds. The 140 scenes were arranged 

into 4 pseudorandom set orders such that the content was evenly distributed (labeled A, B, C, and D). The 

first condition presented the first two sets (A and B) in a block. After a short break, sets C and D were 

then presented in the second block. For condition 2, the sets were ordered from B, C, D, and then A; 

condition 3 as C, D, B, then A; and finally condition 4 as D, A, B, and C. Data was recorded continuously 

at a sampling rate of 600 Hz. After MEG data collection was completed, participants rated their 

experienced valence and arousal using the Self -Assessment Manikin procedure as described earlier. They 

then filled out the post experiment questionnaire that provides demographic information. The participant 

was then debriefed and walked out of the MEG facility. 

For EEG data collection, participants were recruited in the same way as the MEG portion of the 

project. Participants arrived at the UGA Psychology building based on the information from an online 

portal. Participants were then given an informed consent document. After, the participants were guided 

into a Faraday chamber for EEG preparation. Continuous EEG data was recorded using a 128 -channel 

BioSemi ActiveTwo system (BioSemi), which uses pre-amplified electrodes positioned according to the 

10/20 system. The electrode voltage was referenced to two additional common mode electrodes (CMS 

and DRL). The sampling rate was 512 Hz. ActiView acquisition software (actiview.org) was used to 

ensure offsets are between –50 to 50 millivolts during set up. The same software was used for data 

recording and monitoring data acquisition. 

The same 140 scenes from the UGA MEG data collection were presented to participants 3 times 

in total over two blocks. We reused the same first three set scene orders (A, B, and C). There were six 

conditions counterbalanced between participants. In each condition, two sets of scenes were presented for 

a duration of 1 second with an ITI between 1 and 2 seconds (“fast”), while the third set was presented for 

2 seconds with an ITI duration between 3.5 to 5.5 seconds (“slow”). Thus, we had a presentation speed 

which was the same as the MEG data collection from both sites and a slower presentation speed which 
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matched the previous two studies (Farkas et al. 2020, 2023). Six conditions allowed for sets A, B, and C 

to alternate orders as in the MEG data collection, while also alternating the order of fast and slow blocks.  

Following EEG data collection, the participants rated the scenes using the same Qualtrics survey 

used for the participants recruited for the MEG data collection. Participants then completed the brief post 

experiment questionnaire and were debriefed. 

 

3.6 MEG and EEG data reduction 

MEG and EEG data were processed using the MATLAB based Electro Magnetic 

Encephalography Software analysis package (EMEGS; emegs.org; Peyk et al., 2011). EMEGS 

preprocessing filters for the MEG data were applied using functions from the Fieldtrip MATLAB 

software package (fieldtriptoolbox.org; Oostenveld et al., 2011). EEG and MEG data from Münster were 

down sampled from 600 to 300 Hz.  Epochs for data recorded from Münster were from 200 ms before 

scene onset to 1000 ms after. Epochs for UGA data included from 125 ms before scene onset to 1000 ms 

after. The filters used were a low-pass Butterworth filter with a stopband of 40 Hz and a passband of 30 

Hz, as well as a high-pass Butterworth filter with a stopband of 0.05 Hz and passband of 0.1 Hz. To 

account for the interference from the power grid, all MEG epochs received an additional notch filter 

around 60 Hz for the UGA sample and around 50 Hz for the Münster data with a width of 3 Hz around 

the target frequency. 

We applied the guidelines suggested by Junghöfer and colleagues (2000) for finding and 

correcting artifacts in dense array studies via EMEGS. This involved finding unreliable sensors and trials 

for each participant by creating a composite measure for each sensor by trial. The maximum voltage, 

standard deviation, and first derivative are combined to create a composite measure of the quality of the 

given sensor by trial. Confidence intervals centered around the median value of these composite measures 

are used to identify unreliable channels and trials. Unreliable trials were removed from the study and 

unreliable sensors were replaced by spherical spline interpolation of the surrounding sensors. Following 

this, the remaining trials were averaged together per category. Participants that are missing more than 
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60% of trials from a category were removed from the final analyses. The shorter ERPF epochs were 

baselined with the average voltage from 100 ms before scene onset.  

An L2-Minimum-Norm-Estimation method (L2-MNE) was used to approximate the underlying 

cortical activity responsible for EEG and MEG recordings (Hämäläinen et al., 1994). The source analysis 

estimates were generated separately for each EEG and MEG sample because simultaneous joint 

estimation is not currently a reliable option (Tadel et al., 2019; Baillet et al., 1999). The L2 -MNE 

procedure, which was implemented in the EMEGS software, uses a sphere model with scalp, skull, 

cerebrospinal fluid layers followed by a dipole shell. A sphere model appears to be optimally suited for 

source analysis without a priori information of the generating sources, because it accurately captures the 

information that is present in the data (Hauk, 2004). The result of the L2-MNE procedure is the estimated 

activity over time for 350 evenly distributed dipoles measured in nanoamperes (nA). The dipoles 

represent activity amplitude, and not dipole orientation. A source estimate was found for each category 

per participant. 

 

3.7 Pupil-diameter data reduction 

Pupil diameter was measured using an EyeLink 1000 Plus eye tracker (SR Research Ltd., 

Canada) at a sampling rate of 600 Hz as a separate channel with the MEG data. The data was 

preprocessed with the EMEGs software similar to the EEG and MEG data. The epochs for each trial are 

similar to the ERPF data, 133 ms before scene onset and 1250 ms after. Unlike the ERPF data, no band 

pass filters were used during preprocessing. Artifact contaminated trials were identified and removed 

using the EMEGS goal function like the EEG and MEG data. This works by creating a composite 

measure for each trial based on each trial’s absolute maximum diameter, maximum standard deviation, 

and maximum first derivative which is the rate of change. The composite measure for each trial was 

compared to a confidence interval centered around the median of all trials per participant. If a trial was 

outside the confidence interval, it was removed from the final analysis. Pupil diameter was baselined from 
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the average diameter recorded 100 ms before scene onset. The average pupil diameter between 625 to 

1125 ms following scene onset was used for the final analyses.  

 

3.8 General statistical procedures 

Descriptive statistics were found with the R programming language (r-project.org). Inferential 

statistics for the main research questions were found via a series of Hierarchical Gaussian Process Models 

for the ERPF data.  There are many benefits to Bayesian multi-level models which were described in 

more detail in section 2.5. In short, these models allow for an efficient fusion of data from different 

research sites and modalities (i.e., EEG and MEG). This is because of the feature of partial pooling and 

modeling flexibility. In these kinds of models, each factor can be specified as coming from a higher-level 

distribution. For example, participants can be specified as coming from a distribution of participants. This 

allows information to be shared such that the estimates for one level are informed by all other 

observations. It can be thought of as a compromise between averaging (complete pooling) and treating 

conditions as completely independent (no pooling). This allows for more precise posterior estimates a s 

well as regularizing and correcting for multiple comparisons similar to models corrected by cross 

validation (McElreath, 2020). By applying a Hierarchical structure here, we can account for how research 

sites and imaging modalities are different while combining their results in a principled procedure.  

A more specific beneficial feature for the present research goals, is how Gaussian Process Models 

can be used to account for the correlation structure of the EEG and MEG data to decrease uncertainty and 

while maintaining the ability to assess topological ERPF spatial differences. A Gaussian Process Model 

uses the assumption that the relationship between a group of observations can be defined by a “kernel” 

function. Here, this assumption was used to account for how channels and estimated sources close to each 

other are likely to be correlated. This is a common assumption most EEG researchers use to justify 

averaging channels together or creating a linear combination of channels via PCA. By combining 

channels in some way, statistical power can be increased by averaging out noise. With the implementation 

of this in a Gaussian Process Model, we can claim much of the same benefits while maintaining separate 
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inferential statistics for each channel. This is ideal for the present research questions which center on 

spatial differences. Because the model has hierarchical elements, the results will also have regularization 

and multiple comparison corrections. A final benefit is that the correlation structure is learned by the 

model and is used to compute posteriors for channels that do not exist on some of the systems. For 

example, the Münster EEG system only has 57 channels, but posterior distributions were found a t the 

same 128 channel locations of the Athens EEG system because of the shared information in the model.  

There were two kernel functions used for the Gaussian Process Models; one for EEG data and 

one for the source analysis data. The covariance between estimated dipoles was modeled by the 

commonly used squared exponential equation: 

 

Here the eta-squared represents the maximum amount of covariance between two sensors. The 

second part of the equation models how correlation drops off exponentially with distance in radians. If 

“d” for distance is 0, the exponential function evaluates to 1, while the function decreases as d increases. 

The rho parameter signifies how quickly correlation decreases with distance. Additional domain 

knowledge was applied for the EEG kernel function. Because the data is presented in terms of an average 

reference and it is common to see a negative deflection 180 degrees away from a positive voltage, an 

additional element was used for the EEG kernel function: 

 

The additional section applies a negative correlation, which increases as the distance away from a 

channel approaches Pi which is 180 degrees. The gamma parameter scales the maximum negative 

covariance. These parameters are estimated in the model in Bayesian model, so they receive priors and 

result in posterior distributions.  

Each model can be represented in mathematical notation. Below are the full models for each 

research question. Adding more complexity to the model can be prohibitively expensive. For that reason, 

the data was z-scored within each participant so that the random effect between participants did not have 
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to be estimated. Additionally, possible effects of ITI length and demographic identity were not evaluated 

in all models. Lastly, also to limit complexity, only data from the 6 shared human scene categories of 

erotica, victory, nudists, neutral people, and mutilation were used for the main research questions. For the 

first three research questions, EEG data was analyzed with the following model.  

  

In the linear equation, the alpha term accounts for the average amplitude at each channel. Beta-

one and two are the main effects of scene category and research site respectively. Beta -three is the 
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interaction term for category and site at each channel. The adaptive or hyper priors which cause partial 

pooling and regularize the model are multi-variate normal distributions which are normal distributions 

that span more than one dimension. They specify that pulling one observation comes with 128 interrelated 

values, one for each EEG channel. The covariance is defined by the already described kernel function. 

The same covariance matrix is used for each linear model term, but the betas are scaled by an add itional 

parameter. The covariance matrix is found via the kernel function explained earlier. Finally, the last lines 

specify the uninformative priors necessary for the additional parameters that must be estimated.  

For the source analysis model for the primary research questions, more regression parameters 

were added to account for whether the source estimation results were found via the method of MEG or 

EEG. The only other difference is the simpler kernel function as described earlier. Here, 350 interrelated 

observations are drawn for each observation from the multi-variate normal distribution. 
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All of the ERPF models were fit in the same analysis for each ERPF (i.e., N170, EPN, LPP) such 

that their posteriors could be compared. These models were fit using the cmdstanr R package (Stan 

Development Team, 2023), which is an interface for the Stan Bayesian modeling software (Stan 

Development Team, 2023). The Stan software is built in the C++ language to perform high-performance 

statistical modeling and computation. The software is mainly known for its high-quality implementation 

of Hamiltonian Monte Carlo sampling method (Duane et al., 1987). This method is similar to other 

Markov Chain Monte Carlo algorithms in that it uses chained mass sampling to estimate posterior 

distributions. But instead of sampling via random steps, it gives that last sample momentum and simulates 

where the next sample would be as it moves along the posterior via Hamiltonian equations as if it were a 

moving object governed my classical mechanics. This appears to be superior because it gives more 

accurate posterior estimates when there are many dimensions and is more computationally efficient 

because nearly all proposed samples are accepted (McElreath, 2020).  

Following the best practices suggested by McElreath (2020), the models were built iteratively, 

from simple versions with only a few parameters of interest, to the more complex variants that include 

more variables and interacting effects. To determine if enough samples are drawn from the posterior, we 

will use the suggested metrics of number of effective samples and R-hat (a measure for assessing 

convergence in Markov Chain Monte Carlo sampling; Vehtari et al., 2021), as well as visualizations of 

the trace plots to further assess convergence of sampling.  

The first research question is to determine if scene-evoked activity is spatially distinct between 

130 to 200 ms after scene onset when compared to 200 to 300 ms. To understand the spatial pattern of 

effects, each scene category was contrasted with the neutral people category per channel for each relevant 

ERPF. Channels that had greater than 95% of posterior samples below zero for the N170 and EPN were 

reported as being meaningfully different. For the LPP, it was the percentage of posterior samples above 

zero.  This percentage reflects the posterior probability that there is an effect. Additionally, contrasts were 

made between nudists and erotica. This was done for the EEG and source analysis models, but for the 

source analysis this was limited to only the N170 and EPN time windows for computation feasibility. The 
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pattern of results were compared to pupil-diameter and arousal ratings to answer the second research 

question.  

For the third research question the consistency of the findings between research sites was 

assessed. More specifically, posteriors for each of the six categories were compared between research 

sites for the relevant time periods. The channels selected for reporting the raw EEG ERP amplitudes per 

research site were chosen based off the statistically significant channels that were found for the first 

research question. These channels for the N170 and EPN were TP9, P9, PO7, PO9, O9/I1, Iz, O10/I2, 

PO10, PO8, P10, and TP10. For the LPP, the channels chosen were C1, CP1, Cz, CPz, C2, and CP2 

(Figure 4). 
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Figure 4. The EEG sensors used for analyses comparing University of Georgia and Münster results. 

Channels were chosen based on spatial information statistics from research question one and sensors 

available from both EEG systems. 

 

 

Pupil diameter, and ERPs relevant to the auxiliary research questions of face and ITI effects were 

understood via traditional repeated measures ANOVAs instead of the Bayesian approach. This is because 

these research questions did not rely on estimating a spatial distribution. Additionally, it allows for the 
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results to be more interpretable for research teams that commonly use these methods. The channels 

chosen for the auxiliary questions for the N170 and EPN ERPs were TP9, TPP9h P9, P7, PPO9h, PO7, 

PO9, POO9h, O9/I1, O1h, Iz, OI2h, O10/I2, POO10h, PO10, PO8, PPO10h, P8, P10, and TP10. For the 

LPP, the channels used were FCC1h, C1, CPP1h, CP1, Cz, CPz, FCC2h, C2, CCP2h, and CP2 (Figure 5). 

 

 

Figure 5. The EEG sensors used for analyses of auxiliary research questions.  
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CHAPTER 4 

RESULTS 

4.1 Research Question 1: EEG sensor level results 

The model for EEG sensor-level results found that most categories differed from neutral people 

for each of the ERPs of interest. Figure 6 depicts the Z-score posterior median and certainty of the effect 

above zero for each category contrasted with neutral people scenes. For the N170, all categories except 

for mutilation scenes had a significant negativity over posterior electrodes. For these categories, all or 

greater than 95% of posterior samples were below zero for many inferior-occipital and lateral occipital 

sensors. Moving from the left to the right side of the head, these significant channels during the N170 

over the back of the head were TP9, TP7, P9, P7, PPO9h, PO9, PO7, POO9h, O9/I1, O1, OI1h, Iz, Oz, 

OI2h, O10/I2, O2, POO10h, PO8, PO10, PPO10h, P8, TPP8h, P10, TP8, and TP10. Threatening people 

scenes were also significant at the channel T8 for threatening people. Victorious athlete scenes were also 

significant at T8, as well as further right temporal sensors of T7, P6, FTT10h, and FT10. Threatening 

people, nudist, and erotic content significance extended to additional superior-occipital sensors that were 

different from the other categories: POz, PO3, PPO5h, CP6, CPP6h, P4, PPO6h, and PO4. In summary, 

all categories during the N170 had a significant response over occipital sensors compared to neutral 

people. Victorious athletes featured additional significance over anterior temporal sensors, while nudist 

and erotic content had additional differences at more parietal sensors.  

For the EPN ERP, all categories reached occipital significance when contrasted with neutral 

people scenes. These channels included TP9, TP7, P9, P7, TPP7h, PO9, PO7, POO9h, O9/I1, O1, OI1h, 

Iz, Oz, OI2h, O10/I2, O2, POO10h, PO10, PO8, PPO10h, P10, P8, TPP8h, TP10, and TP8. The EPN 

during erotic scenes also had significance at superior-occipital channels of PO3, P5, PP05h, P3, POO2, 

PPO6h, PO4, POz, PPO2h, P4, P6, CPP6h, CP6, TTP8h, and POO1. Victory featured changes more on 

the temporal regions; FT9, FTT9h, T7, PPO6h, P6, and TTP8h. Nudist content featured additional 
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superior-occipital differences at PO3, P5, PP05h, POO2, PPO6h, PO4, POz, P4, P6, CPP6h, CP6, TTP8h, 

and POO1. Threatening people was significantly more negative at PO3, P5, PP05h, POO2, PPO6h, PO4, 

P6, and POO1. Finally, mutilation was additionally significant at PO3, P5, POO2, PO4, and POO1. 
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Figure 6. The EEG topological contrasts with neutral people scenes. The left three columns depict the 

median posterior over the scalp. The right three columns show where and what percentage of the posterior 

samples were below zero (certainty). 

 

For the LPP, all categories featured a positive voltage over dorsal sensors. Moving from the top 

left to bottom right in rows, all categories were significant at FC3, FC1, FCz, FC2, FCC5h, FCC3h, 

FCC1h, FCC2h, FCC4h, C3, C1, Cz, C2, C4, CCP5h, CCP3h, CCP1h, CCP2h, CCP4h, CP3, CP1, CPz, 

CP2, CPP3h, CPP1h, CPP2h, CPP4h, P1, Pz, and P2. Erotica was additionally meaningful at central 

frontal sensors of F3, FFC5h, FFC3h, Fz, F2, FC5, FC4, C5, CP4, CPP5h, CPP6h, P3, P2, P4, PPO1h, 

PPO2h, and POz. Victory scenes extended the most anteriorly with significance all the way to the 

anterior-most channels; FPz, FP2, AF8, AF3, AFP1, AFP2, AF4, AFF5h, AFz, AFF6h, F3, AFF1h, 

AFF2h, F4, F6, F8, FFC5h, FFC3h, Fz, F2, FFT8h, FC5, FC4, and FC6. Nudists also featured more 

anterior positive voltages; F3, AFF1h, AFF2h, F4, F6, FFC5h, FFC3h, Fz, F2, FC5, FC4, FC6, C5, CP4, 

CPP5h, P3, P2, PPO1h, and PPO2h. Threatening scenes were additionally significant at FFT7h, FFC5h, 

FFC3h, C5, CP4, CPP5h, P3, P2, PPO1h, PPO2h, and POz. Lastly, mutilation content featured an LPP 

significant on additional posterior sensors; C5, CP4, CP6, TPP7h, CPP5h, CPP6h, P5, P3, P2, P4, PPO5h, 

PPO1h, PPO2h, PPO6h, PO3, POz, PO4, and POO1. 
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Figure 7. The results of the contrast between nudist and erotic content. The top row depicts the median Z-

score difference, with blue indicating where nudist content had a more negative voltage than erotica. Red 

indicates where erotic content was more positive. The second row shows the statistical certainty of the 

model of which sensors showed a greater than 95% probability of the categories being different.  

 

An additional contrast was made for each ERP between nudist and erotic content because this 

was a contrast of interest between the body exposure of nudist content versus the more emotional erotic 

scenes. In the N170 time window, nudist content was more negativity than erotica at TP9, TP7, P9, P7, 

TPP7h, PPO9h, P5, PO9, PO7, PPO5h, POO9h, PO3, O9/I1, O1, OI1h, POO1, Iz, Oz, POz, OI2h, POO2, 

O10/I2, O2, PO4, POO10h, PPO6h, PO10, PO8, PPO10h, P6, P10, P8, TPP8h, TP10, and TP8. In the 

EPN time window only the sensors of O9/I1, Iz, O10/I2, and PO10 had a significantly larger voltage for 
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nudists compared to erotica. For the LPP, erotica featured a more positive amplitude than nudists at 

FFC1h, FFC2h, FC3, FC1, FCz, FC2, FCC5h, FCC3h, FCC1h, FCC2h, C3, C1, Cz, C2, CCP5h, CCP3h, 

CCP1h, CCP2h, CCP4h, CP3, CP1, CPz, CP2, CP4, CPP5h, CPP3h, CCP1h, CPP2h, CPP5h, P3, P1, Pz, 

P2, P4, PP05h, PPO1h, PPO2h, PO3, POz, POO1, and POO2. 

 

4.2 Research Question 1: EEG and MEG source analysis results 

For the source analysis model, the main effect found between each emotional category from 

neutral people identified three categories that differed during the N170 and EPN time windows. These 

effects can be seen in Figure 8. For the N170, nudist content was the only category that was significantly 

different than neutral people. This difference was estimated to be in the right posterior temporal lobe. 

Larger and more likely differences were found in the EPN time window for erotic and nudist content in 

bilateral posterior temporal lobes. 
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Figure 8. The significant source analysis contrasts with neutral people scenes. This is the main effect of 

both research sites and the imaging modalities of EEG and MEG. 

 



   

 

   

 

47 

Each category was then broken down by the imaging modalities of EEG and MEG in which 

statistically significant median posteriors are plotted (Figure 9 & 10). Both time windows found 

significant temporal activity in the EEG source analysis, but not for the MEG collected data. The 

categories of erotica and nudists featured larger posterior differences in the same posterior temporal 

regions for the N170 and EPN periods. Nudist content had a larger recorded activity than erotica in the 

N170 window, while they were more similar in the EPN period. In the EPN period more widespread 

activity across all EEG source analyses was found, with significant differences over the entire co rtical 

surface for erotic and nudist content. The EPN time window was also distinct in that right inferior 

temporal activity was detected for the other emotional categories in the EEG source analysis. For the 

MEG source analyses in the EPN window, there was significant bilateral frontal activity. 
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Figure 9. Source analysis contrasts broken down by EEG and MEG for the N170. Plotted is the median 

of the contrast posterior. Anywhere that has color is where the difference is more than 95% likely.  
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Figure 10. Source analysis contrasts broken down by EEG and MEG for the EPN. Plotted is the median 

of the contrast posterior. Note that the scale is twice as large as Figure 9. 
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4.3 Research Question 2: Measures of arousal for scene categories 

To further assess how physiologically arousing each scene category was, ratings were compared 

to pupil diameter measured during scene viewing from the Münster participants. The pupil diameter 

change from baseline is presented in Figure 11 and the average values are presented with the ratings from 

both sites in Figure 12. A repeated measure ANOVA found a significant effect of scene category; F (5, 

210) = 32.9, p < .001; η2
g = .224. Erotica elicited the largest pupil diameter increase (M = 0.046, SE = 

0.013), followed by nudists (M = 0.014, SE = 0.011), threatening people (M = -0.003, SE = 0.012), 

mutilation (M = -0.021, SE = 0.012), neutral people (M = -0.040, SE = 0.011), and finally victorious 

athletes (M = -0.086, SE = 0.013).  

 

Figure 11. Change in normalized pupil diameter over time. Positive values indicate more pupil dilation 

from baseline whereas negative values indicate pupil constriction. 
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Valence and arousal ratings were made on a 1 to 9 scale for UGA participants. Münster ratings 

were made on a 0 to 100 scale but have been converted to 1 to 9 scale here. The UGA participants that 

participated in the EEG portion of the study rated victorious athletes as the most pleasant category (M = 

6.95, SE = 0.123), followed by erotica (M = 5.53, SE = 0.161), neutral people (M = 5.24, SE = 0.064), 

nudist couples (M = 4.62, SE = 0.130), threatening people (M = 3.39, SE = 0.120), and mutilation content 

(M = 2.51, SE = 0.153). For the UGA MEG sample, victorious athletes were again rated as the most 

pleasant (M = 6.95, SE = 0.160), but the second most pleasant category changed to neutral people (M = 

5.10, SE = 0.070). This was followed by erotica (M = 5.01, SE = 0.234), nudists (M = 4.07, SE = 0.203), 

threatening people (M = 3.55, SE = 0.167), and mutilation scenes (M = 2.59, SE = 0.238). Münster 

participants also rated victorious athlete scenes as the most pleasant category (M = 7.62, SE = 0.173), 

followed by erotica (M = 6.98, SE = 0.215), nudists (M = 6.16, SE = 0.168), neutral people (M = 5.94, SE 

= 0.137), threatening people (M = 2.71, SE = 0.162), and lastly mutilation content (M = 2.52, SE = 

0.191). 
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Figure 12. Average ratings from each research site and pupil diameter. Bars represent the standard error.  

 

UGA EEG participants rated erotica as the most arousing scenes (M = 6.24, SE = 0.162), 

followed by mutilation content (M = 6.21, SE = 0.205), victorious athletes (M = 6.16, SE = 0.149), 

threatening people (M = 5.36, SE = 0.175), nudists (M = 4.74, SE = 0.136), and lastly neutral people (M = 

3.63, SE = 0.113). The UGA MEG sample instead rated victorious athletes as the most arousing content 

(M = 6.02, SE = 0.229), followed by erotica (M = 5.70, SE = 0.238), mutilations (M = 5.66, SE = 0.337), 

threatening people (M = 5.11, SE = 0.267), nudists (M = 4.17, SE = 0.237), and finally neutral people (M 

= 3.72, SE = 0.182). Münster participants rated mutilation content as the most arousing (M = 7.43, SE = 

0.280), followed by erotica (M = 6.96, SE = 0.238), threatening people (M = 6.95, SE = 0.253), victorious 



   

 

   

 

53 

athletes (M = 5.94, SE = 0.337), nudists (M = 4.68, SE = 0.244), and finally neutral people (M = 3.06, SE 

= 0.208). 

 

4.4 Research Question 3: EEG sensor level results 

To assess the consistency of the results across research sites, the raw data was broken down by 

research sites with inferential statistics from the relevant Gaussian Process Models. The raw ERP data can 

be seen in Figure 13. The ERP posteriors for the N170, EPN, and LPP are depicted in Figures 14, 15, and 

16 respectively. These plots also showed the predictions made from a frequentist equivalent linear 

regression with 95% confidence intervals. This allowed for a visualization of the extent of partial pooling 

and increased statistical power for the Bayesian approach.  
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Figure 13. Average ERP waveform and mean results from both research sites. The shaded areas indicate 

the time periods used for each ERP. Pink relates to the N170, orange to the EPN, and gray to the LPP. 

 

The N170 for the UGA sample was largest for nudist content (M = 1.07, SE = 0.438) followed by 

erotica (M = 3.46, SE = 0.391), threatening people (M = 3.49, SE = 0.401), victorious athletes (M = 3.70, 

SE = 0.414), neutral people (M = 5.25, SE = 0.406), and lastly mutilations (M = 5.55, SE = 0.411). The 

Münster sample also had the largest evoked N170 for nudist content (M = 1.33, SE = 0.475) followed by 

victorious athletes (M = 3.46, SE = 0.465), erotica (M = 3.91, SE = 0.486), threatening people (M = 3.95, 

SE = 0.463), mutilations (M = 4.48, SE = 0.465), and neutral people (M = 5.39, SE = 0.443). The largest 

EPN for the UGA participants was for the nudist content (M = 1.64, SE = 0.478) then erotica (M = 2.91, 

SE = 0.463), threatening people (M = 6.58, SE = 0.493), victorious athletes (M = 6.72, SE = 0.485), 

mutilations (M = 6.82, SE = 0.508), and neutral people (M = 9.35, SE = 0.515). The Münster participants 
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had the largest EPN for erotica (M = 3.20, SE = 0.567), then nudists (M = 3.33, SE = 0.508), mutilations 

(M = 6.29, SE = 0.), victorious athletes (M = 6.59, SE = 0.516), threatening people (M = 6.99, SE = 

0.533), and lastly neutral people (M = 8.89, SE = 0.552). For the LPP, UGA participants had the largest 

amplitude for erotica (M = 2.75, SE = 0.350), then nudists (M = 1.37, SE = 0.305), mutilations (M = 0.95, 

SE = 0.296), threatening people (M = -0.271, SE = 0.239), victorious athletes (M = -0.761, SE = 0.234), 

and lastly neutral people scenes (M = -2.46, SE = 0.230). Similarly, Münster participants had the largest 

LPP amplitude for erotica (M = 3.83, SE = 0.302), followed by nudist couples (M = 1.56, SE = 0.294), 

and mutilations (M = 0.93, SE = 0.259). However, their fourth largest amplitude was recorded for 

victorious athletes (M = 0.28, SE = 0.202), then threatening people (M = 0.216, SE = 0.212), and lastly 

neutral people (M = -1.56, SE = 0.202). 

The Bayesian model for the N170 (Figure 14), suggests nudist content was the largest for both 

research sites and was equivalent between research sites. The next largest was threatening content for the 

UGA participants which was equivalent to the amplitude evoked by victorious athletes for Münster 

participants. This category was in turn statistically equivalent to the UGA N170 to erotica. Next, UGA 

victorious athletes were equivalent to the Münster N170 to erotica. There was not enough evidence that 

the Münster erotica amplitude was different from the amplitude to threatening people. The next largest 

N170 amplitude was to the mutilation content for Münster participants. The final two categories were the 

neutral people evoked amplitude for UGA participants followed by the same content for the Münster 

sample. 
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Figure 14. The posterior estimates for each category by research site for the N170. Underneath each 

posterior is the prediction made by multiple regression with the same linear model as the Bayesian model. 

The error bar is the 95% confidence interval of the prediction uncorrected for multiple comparisons. 

Letters next to each category relay statistical information about which scene categories were more than 

95% likely to be different based on the Bayesian analysis. Posteriors that share the same letter are 

statistically equivalent. Comparisons are made within and between research sites, so letters also indicate 

which categories are equivalent between research sites. 

 

For the EPN (Figure 15), UGA participants had the largest amplitude for nudist content. This was 

followed by the nudist and erotic content for the Münster participants; there was no evidence that these 

categories were different. The next largest amplitude was erotic content for the UGA sample. This was 

followed by the Münster response to mutilation content which was not different from victorious athletes 

from the same participants or the threatening people from the UGA participants. This last category from 

the UGA sample was not different from their response to victorious athletes which in turn was equivalent 

to their response to mutilation content. This last category was not different from the Münster amplitude to 

threatening people. Lastly, the z-scored EPN was smaller for the Münster participants than the UGA 

participants. 
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Figure 15. The posterior estimates for each category by research site for the EPN. 
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The last relevant ERP, known as the LPP (Figure 16), found the largest response was the Münster 

response to erotica, followed by the UGA amplitude to the same content. Nudist content evoked the 

second largest response for both participant groups equally. The next largest response was to mutilation 

content equally between participant groups. The amplitude to threatening people for the UGA participants 

was the next largest and was equivalent to the amplitude of threatening people and victorious people for 

the Münster participants. These last two categories were equivalent to the UGA amplitude to victorious 

athletes. Finally, the smallest LPP amplitude was for neutral people which was equivalent between 

participant groups. 
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Figure 16. The posterior estimates for each category by research site for the LPP. 
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4.5 Research Question 3: EEG and MEG source analysis results 

To visualize possible differences from the source analyses performed by EEG and MEG by 

research site, the z-scored results are plotted here for the N170 and EPN time windows (Figure 17). 

Overall, more posterior temporal activity is seen for the EEG source analyses compared to MEG. Another 

noticeable difference was that the UGA MEG source analyses projected more dorsally onto parietal 

regions compared to all other source analyses. The EEG source analyses differed in that the UGA analysis 

projected toward more anterior and inferior locations along the temporal lobe compared to the Münster 

EEG results. Noticeable reductions in source activity were visible during erotica and nudists content in 

EEG source analyses for both ERPs at both research sites in the lateral occipital and posterior temporal 

regions. These regions, which are estimated to be less active overall in the MEG source analyses, did not 

have visible reductions in activity for any of the categories. 

  

Figure 17. Topological posterior median source analysis results. 
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4.6 Auxiliary Aim 1: Group comparisons of face evoked N170 

The racial identity of the participants did not influence the N170 during the processing of faces of 

White and Black people (Figure 18). A repeated measures ANOVA found that the interaction between 

face type and participant race was not significant, excluding ovals; F (2, 64) = 0.37, p = .696; η2
g < .001. 

The main effect of race was also not significant; F (2, 64) = 0.27, p = .761; η2
g = .008. The main effect of 

face type was significant; F (1, 64) = 36.55, p < .001; η2
g = .038. For Black female participants, faces of 

Black people elicited a larger N170 (M = 2.08, SE = 0.61) than faces of White people (M = 3.33, SE = 

0.55); t (21) = 4.56, p < .001. This was also true for White female participants’ N170 amplitude to faces 

of Black people (M = 1.87, SE = 0.80) and White people (M = 3.28, SE = 0.59); t (21) = 3.51, p = .002. 

This was also true for participants that did not identify as a Black or White woman, who showed a larger 

N170 to faces of Black people (M = 1.58, SE = 0.72) than to faces of White people (M = 2.58, SE = 

0.68); t (23) = 2.78, p = .01. The dark versus light gray ovals did not differ. This was true for the 

interaction between ovals and racial identity (F (2, 64) = 1.01, p = .369; η2
g = .005), as well as for the 

main effect of oval shade (F (1, 64) = 0.32, p = .573; η2
g < .001). The main effect of ovals by 

demographic group also did not differ (F (2, 64) = 2.67, p = .077; η2
g = .066).   
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Figure 18. The N170 from each participant group for faces and ovals. 

 

4.7 Auxiliary Aim 2: Effect of intertrial interval length on emotion related ERPs 

In the UGA sample, ERPs showed significant main effects of scene category (F (5, 330) = 74.97, 

p < .001; η2
g = .137), presentation speed (F (1, 66) = 19.82, p < .001; η2

g = .014), and the interaction 

between category and presentation speed (F (5, 330) = 2.80, p = .017; η2
g = .004). This was also true for 

the EPN where main effects were of category (F (5, 330) = 141.97, p < .001; η2
g = .254), presentation 

speed (F (1, 66) = 26.51, p < .001; η2
g = .022), and the interaction (F (5, 330) = 2.76, p = .024; η2

g = .003). 

For the LPP, there were significant main effects of category (F (5, 330) = 99.12, p < .001; η2
g = .283) and 



   

 

   

 

64 

presentation speed (F (1, 66) = 20.95, p < .001; η2
g = .026), but not the interaction (F (5, 330) = 1.97, p = 

.090; η2
g = .004). Mean amplitudes and standard errors can be seen in Figure 19 and Table 1.  

 

Figure 19. Within-participant comparison of ERPs evoked with short or long ITIs. 

 

Table 1. The mean and standard errors by category per short or long ITI paradigms.  
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CHAPTER 5 

DISCUSSION 

5.1 Results summary 

The main objective of this study was to understand how distinct the scene-evoked N170 is from 

the EPN in terms of its spatial topography and pattern of reactivity to different scene content. To do this, a 

relatively novel implementation of Bayesian Hierarchical Gaussian Process Modeling was used to 

efficiently combine a large data set of EEG and MEG recorded data from two research sites. The models 

found that spatial topography was similar between the two ERPFs, but the pattern of reactivity across 

scene content was markedly different. Consistent with previous EEG studies that used the  same set of 

scenes, nudist content evoked a large negative deflection between 130 – 300 ms after scene onset (Farkas 

et al., 2020, 2023). In the early N170 time window (130 – 200 ms), nudist content also evoked the largest 

response compared to all other contents. Unlike the N170 evoked by faces, the negative deflection for 

nudists extends across the back of the head instead of mostly behind the ears. Except for the mutilation 

content, all other emotional scene categories elicited more negativity during the N170 compared to scenes 

of neutral people. Moving into the EPN time window of 200 to 300 ms, the emotional categories evoked 

larger EPN amplitudes relative to neutral content. Relatedly, the mutilation scenes reached statistical 

significance for the EPN. For the LPP, we again found a similar pattern of results as our previous recent 

studies in which erotica evoked the largest response followed by nudists and the rest of the categories 

considered emotional, all of which were greater than the LPP evoked by neutral people. 

The source analysis results did not support our hypotheses of a spatial difference between scenes 

depicting body exposure versus emotional qualities. MEG recorded source analyses appeared to be 

insensitive to much of the N170 and EPN activity related to the perception of bodies or emotional 

features. For the analysis that combined both imaging modalities, only the largest effects of the two scene 

categories that depicted bodies, erotica and nudists couples evoked significant temporal activity. When 
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breaking down the effect by imaging modality, the N170 period featured no significant MEG source 

analysis effects between each category contrasted with neutral people. For the EEG source analyses, there 

was the greatest posterior temporal activity for the erotic and nudist content, while the other emotional 

categories also affected this region. For the EPN time window, there was more widespread activity in the 

EEG source analyses, but the main effect of emotional categories still appeared in the posterior temporal 

area. In this later time window, the MEG data again yielded no significant differences in the occipital and 

temporal regions with only small differences in frontal regions. 

The second research question addressed a limitation from the previous studies that nudist content 

may be more physiologically arousing than participants are willing or capable of reporting. To extend this 

assessment of arousal, pupil diameter and arousal ratings were collected from a sample of students at the 

University of Münster, and compared to ratings data from UGA participants. Overall, ratings were more 

similar than different between samples, although there was a greater spread to the ratings for the Münster 

participants. Nudist content was reported as being unarousing, however, pupil diameter did suggest that 

nudist scenes evoked physiological arousal like other emotional categories, with a similar pattern of 

effects seen in the LPP. This was in line with our prediction that pupil diameter would show nudist 

content was more evocative than neutral people, while erotic content is still more arousing, thus not 

explaining the reliable N170 and EPN body part effects. A surprising finding was that victorious athletes 

evoked the least amount of pupil dilation. It is unclear why this occurred because the scenes were 

balanced for brightness and contrast that are known to affect pupil diameter (Bradley et al., 2017), and 

victorious athletes were rated as emotionally arousing in all samples. 

The final main research question concerned the consistency of the effects at different research 

sites. Raw data and the statistical information from the Bayesian model suggested the pattern of effects 

was very similar between sites despite differences in culture and data collection instruments. There were 

slight differences that suggested Münster participants had a larger N170 to mutilation versus other 

categories, as well as a larger EPN and LPP amplitude to erotica. This may be because of the greater 

proportion of men in the Münster sample. Previous research suggests that there is a slight tendency for 
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men to have larger physiological responses to erotica versus mutilation, as compared to women (Cuthbert 

et al., 2000; Bradley et al., 2001a; Bradley et al., 2001b; Sabatinelli et al., 2004; Versace et al., 2023). 

However, despite this and men reliably rating erotica as more pleasant and arousing than women do, the 

LPP is typically not larger for this content for men (Weinberg et al., 2010). So, sex differences are likely 

small if they exist. Sex effects should be further explored in future analyses with more complex models 

and larger samples that can take this factor into consideration. 

This study also had two auxiliary aims to 1) examine if the N170 differs depending on the race of 

the participant or the face scenes shown and 2) assess the impact of inter-trial interval length on ERP 

emotional modulation. The first of two auxiliary research questions sought to contribute to work on the 

social perception of faces. Our work did not corroborate the findings that the N170 is larger for faces of 

races different than the participant’s own race. We found that the amplitude was larger for faces of Black 

people for all participant groups. The current study is important because it is one of the first to recruit a 

sample of Black participants to examine this research question. While this appears to be evidence against 

the theory that the N170 amplitude is larger for faces of a different race than the participant’s race, more 

work is needed before drawing conclusions. It is possible that balancing luminance between the face 

scenes inadvertently affected some other low-level visual aspect such as contrast. In the last aim, we 

found that ITI duration between scene presentations had small effects on the N170, EPN, and LPP. The 

overall pattern of emotion effects remained essentially unchanged. An interaction between the pattern of 

the effects was found with the change in presentation speed for the N170 and EPN, but not for the LPP.  

 

5.2 Distinctiveness of N170 and EPN 

The present work suggests that the N170 and EPN originate from the same region of cortex. 

However, a caveat is that the MEG data recording did not work as expected to add spatial resolution to 

the present results. The reasons for this are unclear but may involve the orientation of cortex in this lateral 

occipitotemporal area. While the EPN has been shown to be quite robust in MEG sensor space, the 

current implementation of L2-MNE source localization did not find significant source activity during the 
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selected time periods. This does provide some useful information about the N170 and EPN. MEG is 

known to be much less sensitive to radial sources. So, given that the EEG source analysis seemed to 

indicate the N170 and EPN originate from the posterior temporal lobe, it may be likely that at this 

position there is a radial source contributing to these ERPFs. Another possibility is that the MEG data has 

a quicker onset and offset for the two ERPFs because the signal is more temporally stable than the EEG 

amplitudes which are distorted by the conduction through the tissues that surround the brain. MEG 

studies that have looked at the EPN have typically used permutation-based statistics to find the regions 

and time periods of interest. Published work has found emotional effects in the temporal regions from 

130-180 ms (Junghofer et al., 2010) while other work found significant emotional activity in the lateral 

occipital regions from 112 – 176 ms and temporal activity from 260 – 308 ms, but no significant activity 

between those two periods (Peyk et al., 2008). From our present EEG results and other published work, 

there does appear to be two temporally distinct peaks. Taken together, when recording with MEG the 

N170 may be more temporal distinct from the EPN dissipating around 180 ms. Future work may attempt 

to correct for expected timing differences due to the differences of recording electrical voltages versus 

magnetic fields to properly combine their results. 

While the cortical origins of the N170 and EPN do not appear to be very different, the pattern of 

activity to different scene content at the same EEG sensors certainly were. The study closely replicated 

EEG findings from previous studies that found nudist content greatly affects the N170 and EPN relative 

to the traditional emotional scene categories. This was also true for the data recorded from a different site 

with different equipment. The ERPFs appear to be influenced by content like a gradient, in which  the 

early N170 is more sensitive to body exposure while the EPN is more sensitive to emotional content. 

Notably, both are influenced by the emotional qualities and body exposure depicted. Taken in the context 

of other studies that examine early and late ERPFs, more personally relevant or task-relevant information 

seems to grow in importance for later ERPFs. In a recent study by Schindler & Straube (2020), 

participants were shown emotional scenes and were asked to respond to either pleasant, neutral, or 

unpleasant content. They found that the earlier ERPs of the P100 and N170 (termed N1 in this study) 
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were best explained by emotion alone, while the later EPN and LPP were best fit by the overlapping 

influences of emotion and task relevance. The present work extends this finding by suggesting that early 

sources react more to clearly distinguished features associated with motivationally relevant content (i.e., 

upright exposed bodies), while later activity becomes increasingly sensitive to a participant's 

interpretation of a scene's emotional qualities. This would explain why the N170 is larger for upright 

nudists, while entangled erotic couples and the unusual gashes or disfigured limbs of mutilation scenes 

evokes comparatively larger amplitudes for the EPN and LPP.  

 

5.3 Bodies and visual perception 

Due to a lack of noticeable spatial differences between scenes featuring exposed bodies versus 

primarily emotional content, a tentative conclusion is that nude bodies cause stronger early “motivated 

attention” than other emotional content. The source analyses suggest widespread early activity across 

much of the brain including frontal regions. Specific areas of the brain are known to be specialized for the 

perception and recognition of bodies (Peelen and Downing, 2008), but the present work extends this 

suggesting that bodies act as a more salient stimulus than previously thought, possibly orienting attention 

and activating the same regions as other emotional content. 

However, a potential confound is the possibility that genitalia exposure could be the primary 

modulator of the results. Object perception studies of the ‘body N170’ that have present bodies on blank 

backgrounds, have found that the same bodies with a swimsuit covering sexual areas reduce the N170 

amplitude (Hietanen et al., 2011; 2014). Future studies will have to explore this possibility, perhaps by 

editing the nudist scenes to mask genitalia. This could refine the interpretation of the present findings that 

the sexual areas of a body act on the brain in this early stage. 

Future studies are necessary to link these large early ERPFs amplitudes to attention orienting to 

make sure it is consistent with other work on the EPN. This could be accomplished by utilizing 

attentional blink paradigms in which the perceptional awareness of stimuli after nudist content is 

measured (Shapiro et al., 1997). Another option would be to measure eye-movement saccades when 
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presenting scenes side by side during an attention task. Saccades have been shown to be an objective 

measure of cognitive control (Peirce et al., 2019) and perhaps could indicate behavior differences caused 

by the increased attention capture of bodies. Another option would be to use scenes as a competing 

stimulus in inattentional blindness task (Mack et al., 1998) that has been used to find silhouettes and stick 

figures of bodies draw more attention than other neutral objects (Downing et al., 2004).  

 

5.4 Implications and recommendations for scene ERPF research 

This work suggests that research teams should keep in mind the different sensitivities of these 

emotion-related ERPFs to fully leverage their results to understand naturalistic scene perception. The 

most obvious aspect is how scenes that feature body exposure influence early and late amplitudes which 

may not represent experienced emotional arousal. Thus, the amount of body exposure in experimental 

scene sets should be considered before a study is conducted. The second implication is that early versus 

late activity likely provides unique information. Although emotion effects are smaller for the N170 and 

heavily influenced by bodies, depending on the research question it may be important to assess emotion 

or what features are salient at this earlier time period. Work on saccade eye-movements suggests that 

humans on average segment time in 200 ms, or otherwise stated take this minimum amount of time before 

another behavioral action can begin (Ballard, 2015). Thus, the N170 may offer the ability to measure a 

portion of an emotional experience less affected by top-down influences. Of course, there will be other 

research questions that need to measure the experienced emotional arousal or both, utilizing the early and 

the late ERPFs related to emotional perception. 

Two hypothetical implementations of the differences in early and late ERPFs could be in the 

study of people with addiction or anhedonia related to schizophrenia. There is developing research that 

addiction may be better assessed by physiological reactions to cues or signs related to the addiction. This 

may relay to clinicians that the addiction is driven by the salience of an addiction relevant cues or related 

to some other psychological factor (Versace et al., 2014). A combination of early and late ERPFs may 

further improve these assessments and broaden our understanding of addiction.  
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Separately, anhedonia is a deleterious symptom suffered by people with schizophrenia in which 

there is a diminished ability to experience pleasure. Recent research suggests that the capacity for 

pleasure may still be preserved, but deficits in approach behaviors (Bartolomeo et al., 2023) or emotion 

regulation (Bartolomeo et al., 2020) cause difficulties in maintaining pleasurable states (Strauss et al., 

2020). Particularly relevant to the present work is a subset of anhedonia known as sexual anhedonia or 

separately sexual dysfunction related to schizophrenia which is common and may even be underreported 

(Tharoor et al., 2015). Although ERP research is already being conducted to understand emotional 

processing in schizophrenia (Bartolomeo et al., 2020; Abdelmageed et al., 2020; Trotti et al., 2020, 2021, 

2023), the present work on exposed bodies may provide an opportunity to more specifically assess how 

early and late processing differs. Analyzing the N170 for this population may help to understand if the 

visual system is similarly active to cues related to sexual opportunity. This could in turn be important for 

contextualizing the present results by better understanding if exposed bodies are so important to the visual 

system because it is related to sexual opportunity. 

 

5.5 Hierarchical Gaussian Process Models as a cross-site research tool 

The current implementations of Bayesian Gaussian Process Models worked as expected 

improving spatial accuracy, increasing statistical power, and providing principled regularized estimates 

for thousands of parameters all while providing a correction for multiple comparisons. Figures 14 to 16 

provide the clearest demonstration of the value of this approach compared to a standard multiple 

regression. Estimates for each of the categories are significantly shrunk towards each other, while the 

inner 95% of the posteriors are tighter than the 95% confidence intervals of the multiple regression 

predictions, despite there being no explicit correction for multiple comparisons for the traditional 

regression. However, in many ways the two models perhaps should not be co mpared, as they have 

fundamentally different statistical assumptions. In the frequentist model, there is an assumption that there 

is a true value, and the goal of statistical implementation is to estimate how often that true value would be 

found if the study was repeated many times. The Bayesian model expresses the degree to which our 
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evidence suggests the categories are different without the assumption that there is a true value. If our two 

previous studies that examined this effect were added to the model, we would likely see less shrinkage for 

the nudist and erotic categories for all three ERPFs, because they closely matched the present results 

(Farkas et al., 2020, 2023). This mirrors our interpretations as researchers as we gradually became more 

confident of the categorical differences with each experimental replication. The Bayesian multi-level 

approach for the present study provided benefits over traditional statistics, and supports recommendations 

from researchers that these methods should be the default for statistical inference (McElreath, 2020). 

Specific to EEG data, using the Gaussian Process Model to understand the correlational structure of 

ERPFs was particularly helpful in integrating recording systems with different numbers of channels. 

Lastly, it gave a unique solution for interpreting topological differences, allowing for exploratory analyses 

that were again still corrected for multiple comparisons. 

Despite all the benefits, the complexity and computation expense of the Bayesian models led to 

many tradeoffs and will likely limit its mass adoption if not alleviated. To fit the present model, the 

random effect of participant could not be estimated, and each participant had to be z-scored so that the 

within-participant effects could be captured. This makes it more difficult to communicate and compare 

the results since they are no longer in the relevant units. Additionally, the Gaussian Process Model 

approach had to be used, as estimating each individual correlation between sensors was computationally 

unfeasible. This involved writing the models in Stan code which adds a technical hurdle that some labs 

may have difficulty achieving. Despite these compromises, to adequately sample the relevant posteriors 

for each model required up to 10 days to complete, while running on a powerful computer using a 

dedicated graphics card to handle matrix and vector computations. Switching to a supercomputer may 

only provide some benefits as samples are dependent on previous samples and thus must be computed 

sequentially. 

The computational inefficiency may be due to the specification of the model that creates 

posteriors that are difficult to explore. For example, highly correlated posteriors can create sharp and 

steep gradients leading to divergent transitions between samples that would have to be repeated 
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(McElreath, 2020). Based on diagnostics from the present models, the problem is more likely an issue 

coined degeneracy. Degenerate models can occur for numerous reasons, but results in a posterior that is 

difficult to explore or extend to infinity in some way because of superfluous parameters or logical 

inconsistencies in which two parameters can both account for the same effect. This does not lead to 

divergent transitions, but can hamper the model from learning the appropriate “leapfrog” step-size to use, 

thus forcing the algorithm to evaluate the gradient more times between each prosed sample. Solutions can 

include reparametrizing the model, which means specifying an identical model with an extra step that 

transforms the posteriors so they can be easier to sample from. That was implemented here by coding the 

model with a “non-centered” parameterization in which the data is transformed using Cholesky factors 

such that the correlations are still captured while the posteriors are centered and decorrelated. Fur ther 

solutions involve visualizing each pair of parameters to look for degenerate issues, which was not feasible 

due to the number of parameters. 

To allow the approach to be more widely used, the model will need to be scrutinized, improved, 

and made more accessible for EEG/MEG researchers. Future work may be able to find the issues that led 

to inefficient sampling. Another solution would be the use of variational Bayesian techniques for 

estimating posteriors. This technique involves proposing posteriors instead of mass sampling. A criteria 

such as the Kullback–Leibler divergence is used to judge how close the proposal is to the true posterior. 

This can be more efficient than mass sampling and is common in Bayesian approaches for EEG 

component extraction and fMRI dynamic causal modeling (Wu et al., 2015). However, it can be less 

accurate, and it is very sensitive to initial conditions. For example, in a study that was trying to estimate 

individual ERP components via the variation approach, the starting condition was found via independent 

component analysis which was very close to final model results (Wu et al., 2014). In the present study, 

the variational Bayes approach was attempted to find the posteriors. However, the initial starting 

conditions were never suitable even when the result of a successful mass sampling models were used as 

the initial parameter values. If these difficulties leading to computation inefficiency are overcome, then 

the model could be packaged such that it was ready to be used for EEG and MEG researchers without the 
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need for as much technical expertise. This could lead to more principled and accurate results while 

enabling better cross-site collaborations between teams that have different EEG and MEG systems.  
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CHAPTER 6 

CONCLUSION 

The measurement of scene-evoked potentials and fields are a well-established and widely used 

method, but recent work suggested clearly exposed bodies influence early ERPF activity as well (Farkas 

et al., 2020, 2023). In the present research, we used complementary EEG and MEG with source-analysis 

methods to scrutinize early ERPF spatial and content-modulation differences. We found a similar spatial 

effect for the N170 and EPN time-windows over occipital EEG sensors as well as the posterior temporal 

cortex. However, nudist content was more effective during the N170, and erotica featured a comparably 

large response for the EPN time period. We also replicated our previous studies that found these specific 

erotica scenes evoked the largest response in the LPP followed by nudists and the other arousing 

categories. 

This study also had four additional research aims (RA) addressing limitations from previous 

studies and contributing to other areas of research, listed here as RA2 through RA5. In RA2, we 

addressed the possibility that early ERPF amplitudes reflect physiological arousal that is not well 

measured from participant’s self -reports. To do this, pupil diameter was recorded during the scene 

presentation paradigm from the University of Münster participants. This validated measure of 

sympathetic activity found that nudist scenes do evoke more arousal than self-reports suggest, but not to a 

degree that would explain N170 and EPN amplitudes. However, the pupil diameter pattern of effects was 

similar to the LPP results. For RA3, we compared the results between the participants recruited at 

Universities of Georgia and Münster. Despite likely cultural differences and different research equipment, 

the results were strikingly similar. The main pattern of effect of the scene categories were the same 

between research sites, thus point to a reliable and robust effect. In RA4, we explored an entirely separate 

research question based on face pictures and race. Dozens of studies have looked at if the race of a 

participant and the race of a face in a picture somehow predict the amplitude of the N170. Our study was 
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one of the first to look at this effect with a meaningfully large sample of Black participants—a group that 

has been systematically excluded from ERPF studies—and found no differences between the groups 

sampled. For the last aim (RA5), we manipulated the presentation speed of the scenes within-participants 

for the University of Georgia EEG sample. This was done as an experimental control because MEG data 

collection requires a faster presentation speed to acquire more trials, but this manipulation has important 

implications for the scene paradigm more generally if it does change ERPFs associated with emotion. 

Only very small interacting effects were found for the effect of category and speed on N170 and EPN, 

and there was not an effect for the LPP. The collection of these secondary aims suggests that the relevant 

physiological activity is mostly stable between participants and research sites.  

For our primary research aim, results suggest that the emotionality and body-exposure in a scene 

modulate similar areas of the brain. However, the N170 was greater for the exposed bodies of the nudist 

content while the EPN was larger for emotion scenes. This pattern continued for the last occurring 

relevant potential known as the LPP which was most influenced by the arousing content. A limitation of 

the current results was a lack of significant effects from the MEG recorded data suggesting this method 

did not significantly improve spatial resolution as predicted. Based on our results and the literature, we 

speculate this MEG result occurred because the N170 and EPN are a result of a posterior temporal radial 

source that is not well captured by MEG because of  the physical properties of magnetic fields. An 

alternative explanation is that combining data from the chosen time windows limits the influence of the 

MEG results because a permeating magnetic field likely has a quicker onset and offset than a conducting 

electrical amplitude. If our interpretations are not altered by refined future analyses that can account for 

differences in the EEG and MEG methods, the present study implies that clearly exposed features 

commonly associated with salient content (i.e., body parts) are more influential in early ERPFs. 

Continuing, later ERPFs may be a better measure of experienced emotional arousal. This research further 

clarifies the nuances of cortical activity associated with emotion and may allow teams to better measure 

emotion in the future. 
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