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The present article report summarizes the scientific findings and output of grant 129/20 which was
developed between August 2021 and September 2023. In line with our original plans, we set out to directly
investigate the role of expertise within the predictive coding framework using electroencephalography (EEG)
and complex behavioural designs. 4 experiments across two work-packages were conducted, and two
manuscripts serve as the key outcomes. The first manuscript was published in Nature Scientific Reports,
https://doi.org/10.1038/s41598-024-59284-0, while the second is in the early stages of preparation for
submission at Cortex. The key scientific advances from this grant are as follows: 1) we provide neural and
behavioural evidence of the role of expectation on early perception and 2) show that this effect on
perception is modulated by expertise. Alongside the two publications, the work has been presented at
international conferences and further explored in 9 postgraduate and undergraduate research theses (see
Appendices for details).

Work-package 1: Neural and behavioural signals

of face categorisation prediction errors and their relationship with expertise

Perceptual decisions are derived from the combination of priors and sensorial input'2. While priors
are broadly understood to reflect experience / expertise developed over one’s lifetime, the role of
perceptual expertise at the individual level has seldom been directly tested. Here we investigated the extent
to which prediction errors indexed via behavioural and neural measures differs for categories with which
participants have relatively more vs less expertise and uniquely asked whether any prediction / expectancy-
related effects were also associated with expertise at the individual level.

We investigated the targeted effects naturalistically by probing responses associated with two well
matched (e.g., comparably complex, perceptually homogeneous) categories of visual stimuli: faces and cars.
Broadly, at the categorical level neurotypical adults are confidently assumed to have more expertise with
faces than cars. At the individual level, there is also inherent and well described variability in face processing
expertise across the population®, which makes this category ideal for investigating potentially nuanced
associations with expectancy-related effects.

Across two complementary experiments we analysed metrics associated with ‘Face Expectation’ and
‘Face Surprise’ in reaction time data (behavioural task) and EEG recordings (neural task). We anticipated
increased prediction errors for an expert category (e.g. expect a face, see a car) vs. a non-expert category
(e.g. expect a car, see a face). More importantly, we expected these differences in prediction error to
correlate with face expertise measured at the individual level using a gold-standard face processing task.

Method



Participants: The final sample of participants comprised 62 volunteers (age: 27.52+ 6.24 years; 44 female, 16
male, 2 non-binary; 57 right-handed, 4 left-handed, 1 ambidextrous). All participants reported normal or
corrected to normal vision. Participants received a small monetary reimbursement (£8.5 per hour of
experiment) or undergraduate course credits, as compensation for their time. Written informed consent was
obtained prior to participation. This and all studies reported in this report was approved by the Ethics
Committee of the Department of Psychological Sciences, Birkbeck College, University of London (Ref
2223011).

Stimuli: To minimize participant habituation to stimuli, different stimulus images sets were used in the
behavioral and EEG tasks. The behavioural task set comprised five female and five male identities with
neutral facial expressions * and five car models (extracted from websites). To increase difficulty and avoid
participants automatically categorizing stimuli as faces or cars based on a single difference of outline,
different viewpoints were selected. Each identity (face or car) was always presented in the same viewpoint
(for each category, 4 identities were shown in a frontal view, 3 turned to the right side and 3 to the left side).
All images were converted to greyscale. All stimuli were digitally manipulated to remove any non-task
relevant distinguishing features (e.g., hairstyle, background, logo/branding). For the EEG task six different
identities (3 female, 3 male) from the Chicago face database® were selected. All images were of neutral
expression faces, facing forward. A mask provided the same general outline for all face images. Images of six
different models of cars, facing forward, were collected and processed in the same manner for use as in the
behavioural task. Luminance and contrast were controlled across all stimuli using the Shine toolbox
(Willenbockel et al., 2010).

Procedure: During an approximately 180-minute session participants first completed the behavioral
association task, followed by a complementary EEG task. They then completed a second EEG task (work-
package 2) before completing a standardised measure of face expertise, the Cambridge Face Memory Test -
long form (CFMT+®) and a broadly matched measure of object expertise, the Cambridge Car Memory Test
(ccmT).

The behavioral association task started with training where participants learned to consistently
associate a colour cue (red or blue, counterbalanced between participants) with one of two categories (faces
or cars, 30 trials each). Trials started with a predictive cue, a fixation cross with a color matching the trial
category, followed by an empty frame of the same color (see Figure 1). The target image was briefly
displayed inside the frame and participants categorised the image as a face or a car, with a button press. A
blank screen remained until response. In the following testing blocks, participants completed a similar
categorization task. To maintain training effects, the target was consistent with the predictive colour cue in
75% of trials (120 trials in each category, 90 with the expected image, 30 with an unexpected image). To
provide an estimate of baseline performance (with no predictive cue), 60 trials were presented without any
learned association. In these trials a black fixation cross and frame, not previously associated with any object
category, preceded the target image. To increase difficulty all target images appeared for a shorter period
(100 ms), with added visual noise (MATLAB function ‘imnoise’, density: 0.75, ‘salt & pepper’ noise). In the
test phase, participants completed a total of 300 trials over 4 blocks.

In the EEG task participants sat in an electrically shielded and sound-proof room (70 cm from the
screen) and were asked to carefully attend to the target stimuli (faces and cars) while searching for a letter
(‘A’ or ‘K’), presented centrally in random catch trials (40 trials). Trials started with a black fixation cross
(900-1200ms), followed by a predictive cue (red/blue fixation cross) and then the target (500ms). To
maintain the predictive contingency, the target was consistent with the predictive colour cues in 75% of
trials (240 trials presented for each category, 180 predicted category, 60 unexpected category). A total of
520 trials were presented split in 4 blocks to allow for breaks.

To assess participants selective expertise with faces, they completed the CFMT+ and the CCMT.
These recognition memory tasks share a general procedure, whereby participants are introduced to six novel
target identities (faces or cars) presented in three different viewpoints. They are then presented with a line-
up of three similar looking identities (2 foils) and asked to identify the learned identities. The test trials
progressively increase in difficulty, adding novel viewpoints and visual noise®’. To isolate expertise with faces
we calculated the residuals from a regression that predicted CFMT scores from CCMT scores® .
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Figure 1. Overall schematics for the task procedure of the A) Behavioral and B) EEG task.

EEG recording and analysis: The neural EEG signal was recorded using a 64 Ag-AgCl electrode EASYCAP (with
electrode placement according to the international 10/10 system). Horizontal eye movements were
monitored using two electrodes fitted into the cap (FT9/FT10). Vertical eye movements and blinks were
measured using a third electrode placed below the right eye. Electrode impedance was lowered below
10uV, and online referenced to FCz (AFz used as ground). EEG was acquired at a sampling rate of 1000 Hz.
Data was analysed using the Matlab (R2020b) toolbox EEGLAB (Version 2022.1°). Continuous data was high
pass filtered above 0.1 Hz and low pass filtered below 40 Hz (using EEGIlab firfilt v2.6 function). Channels
were signaled for interpolation using the clean rawdata plugin (v2.7 %), with criteria for channels to be kept
of 1) a maximum length of a flatline of 5 seconds, 2) a minimum correlation of 0.8 to its calculated
reconstruction based on other channels, and 3) smaller line noise relative to its signal than 4 standard
deviations calculated based on the total channel population. Data was re-referenced to average reference,
and epochs created around stimulus onset (-200 to 500 ms, baseline corrected to the 200 ms before stimulus
onset). All catch trials were removed from the analysis. Trials with noise were automatically rejected using
an amplitude threshold criteria of above 70 or below -70 uV. The P100 and the N170 components were
analysed, as both have shown sensitivity to face stimuli. P100 component on channels 01/2 and the N170 on
channels P7/8 and PO7/8, averaged in a 40 ms window around each peak (97 and 159ms respectively).

For the decoding analysis data was downsampled (250Hz), and linear support vector machine
classifiers were trained for each time point, based on single trials, using posterior electrodes (01/2, P7/8,
P3/4, Pz, TP7/8, PO7/8, POz, Oz, PO3/4, P5/6, P1/2, TP9/10, previously shown to be the most informative for
visual tasks'*!2, We focused on two binary comparisons where participants saw stimuli from the same visual
category (faces or cars) but face expectation varied (high vs low). Classifiers were trained and tested on
independent sets of data, with a randomly equalized number of trials per condition. The performance of the
classifier was assessed with a 70% train to 30% test random split of the data, repeated 20 times to form 20
cross-validation iterations®3, repeated 100 times for robustness *. Accuracy was calculated by testing the
trained classifier against the averaged EEG trials of the test set per condition, to increase signal to noise ratio
131516 The same procedure was repeated with permuted labels to extract a measure of chance decoding.
Significant decoding was identified at the group level via paired samples t-test, comparing decoding of
classifiers with chance level classifiers across all participants (one-tailed) for each time point (False Discovery
Rate (FDR) corrected). To limit multiple comparisons this analysis was conducted for samples between 60
and 500m:s.

To explore decoding at the individual participant level, individual chance level classifiers were
extended to include a total of 1000 permutations, creating a null distribution per participant. A classifier
using the true labelling was also included in the distribution of results as one of the possible outcomes.
Significance at the individual level was calculated as the proportion of the null distribution that was greater
than the accuracy obtained with correct labels, with significance when actual decoding is greater than or
equal to 95% of the null distribution (FDR corrected,'®*). In line with previous research studies applying
these novel individual methods ¥%°we extracted three metrics: sustainability of decoding - defined as the
percentage of significant decoding in a given time-window, peak decoding - defined as the maximal positive
peak in a given time window and peak decoding latency — defined as the time-point of the maximal positive
peak decoding in a given time-window.



Results
Behavioural association task:

Trials with reaction times below 100ms or above 2 SD relative to individual participants mean, were
removed. Trial numbers were randomly equalised between conditions to match the condition with the
minimum number of trials per participant. Reaction time was analysed for correct trials (accuracy levels
were at ceiling 95.52 (5.95%)), with all trials corrected to remove categorical differences in reaction time
(Mp = 14.71,95% Cl [4.59,24.83], t(61) = 2.91, p =.005) by subtracting the mean reaction time of
the corresponding baseline condition. Negative corrected values indicate facilitation driven by expectation
or surprise, while positive values suggest interference.

We hypothesized that the incorrect expectation of , 10
a category of high expertise (faces), would interfere with
categorizing the subsequent unexpected target (car).
Given the proposed role of expertise we further
hypothesized that the incorrect expectation of a category
of low expertise (cars), would not lead to a similar effect
on unexpected faces.
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conditions with the corresponding baseline (no expectation). Expectation related differences on face
observed trials were not solely driven by facilitation or interference, but by both factors combined
(facilitation, Mp = —5.08, 95% CI [—12.45,2.30], t(58) = —1.38, p = .174; interference, M, = 5.49, 95%
Cl [—2.15,13.13], t(58) = 1.44, p = .155).

At the individual level, face expertise was associated with increased behavioural facilitation when
face expectation was high (r = —.31, 95% ClI [—.52, —.06], t(57) = —2.44, p = .018), and decreased
interference when face expectation was low (r = —.31, 95% CI [-.53,—.06], t(57) = —2.50, p = .015). See
Figure 3. Importantly, the calculation accounts for baseline differences in face detection across the expertise
groups indicating they are driven by participants’ face expectations alone. When examining the baseline
condition independently, there is no correlation with face expertise r = .03, 95% Cl [—.23,.28], t(57) =
0.21, p = .835.



MVPA decoding results:

In line with the pre- registration, participants were only
included in each of the two key MVPA contrasts (see below)
with more than 30 trials per condition (face observed N=52;
car observed N=46).

Expectation effects were observed from the neural
responses when decoding high vs low face expectation for
observed car stimuli. Significant decoding started from 92 ms
until the end of the epoch (500ms), highlighting differential
brain activation associated with face expectation, that
critically cannot be explained by differences in the visual
stimuli — which were identical across conditions. At the
individual level there was a large variability in the percentage
of significant decoding, ranging from 0.00% to 87.07%
(M=19.30 +23.92). This variability was not correlated with
participants face expertise (r = —.01, 95% Cl [—.31,.29],
t(42) = —0.06, p = .951). There was also no correlation
between face expertise and individual peak level decoding nor
its latency (p< .465).

When face stimuli were observed, contrary to original
predictions, we observed above chance decoding of face
expectations (high vs low) at the group level. Significant
decoding of the neural response to the same visual input
(faces) started at 108 ms until 500 ms (almost
uninterrupted, see Figure 4). At the individual level, there
was a large variability of percentage of significant
decoding, ranging from 0.00% t077.59% (M=15.45
+21.97). Face expertise was not correlated with this
variable (r = —.06, 95% Cl [—.33,.22], t(48) = —0.41,
p = .681) nor with peak decoding level (r = .08, 95% ClI
[—.21,.35], t(48) = 0.53, p = .597) However, there was
a trend for a correlation between face expertise and peak
latency (r = .24, 95% CI [—.04,.49], t(48) = 1.75,p =
.087). Importantly car expertise was not correlated with
any decoding metrics.

A

Given that the results of the behavioral
experiment suggest that categorization of observed faces
is facilitated by high face expectation and impeded by
low face expectation (i.e., surprise) and that both effects
are significantly associated with face expertise, in an
exploratory manner, we analysed their putative
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Figure 3. Correlation scatterplots showing the
significant association between face expectation
effects when participants saw the higher
expertise category (faces) and a face-selective
measure of expertise. Panel A shows facilitation
while Panel B shows interference effects.
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association with this decoding contrast. These tests
reveal that this facilitation effect is also correlated with
latency of peak decoding (r = —.30, 95% CI

Figure 4. A) Accuracy of MVPA decoding of expectation
(high vs low) when participants observe a category of high

[—.53,—.03], £(48) = —2.19, p = .033; no other expertise (faces, blue line), or low expertise (cars, red

significant correlation with decoding metrics p< .693).
Interference effects associated with low face
expectations were not correlated with any of the
decoding metrics (p< .144).

line) compared to chance level decoding using random
labels. Significant times indicated by colour coded dots at
the base of the curves. B) Correlation of latency of
expectation peak decoding to observed faces and
facilitation effects of face categorization in the
behavioural. C) Marginal correlation of latency of peak
decoding and independent estimation of face expertise.
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Discussion & Conclusions

Our findings from work package 1 reveal that early perception is shaped by expectation, with significant
decoding of expectation cues, over posterior areas, occurring from 100 ms of stimulus onset. This neural
decoding, for objects of expertise (faces) was shown to have a direct link at the individual level with the
behavioral facilitation effects of face expectation (faster response when faces are expected). Of note,
expectation effects for face stimuli are also associated with independent standardized measures of face
identification expertise at least robustly at the behavioural level. When combined, these findings offer time-
resolved evidence of the role of expectation on early perception. It further highlights the role of expertise on
forming priors, providing support for the often-disregarded contribution of individual level variability.

Work-package 2: Neural and behavioural signals
of identity and viewpoint violation and their relationship with expertise

Here we employed a complementary set of EEG and behavioural studies to explore if putative
differences between experts and non-experts are enhanced by tasks that require a higher level of
abstraction to be accomplished: perceiving a face’s identity, compared to its viewpoint or simply its
category. Given the hierarchical component of predictive coding theory, whereby areas with a higher level of
abstraction modulate areas at a lower level (Rao & Ballard, 1999), we expect that effects of face expertise on
prediction error will be enhanced in situations where expectations are made regarding identity cf. viewpoint.

We employed an elegant experimental paradigm in which participants observe a stream of stimuli
featuring two categories: one frequent and infrequent, to establish and manipulate expectations and
associated prediction errors in a controlled manner (Johnston et al., 2016). Using this approach with face
images we manipulate violations in identity and viewpoint expectation and hypothesise that increased
prediction errors will be observed both at the N170 component (larger N170 to unexpected stimuli) and in
the MVPA decoding (frequent vs infrequent). We also predict that differences in prediction error for identity
violations but not for viewpoint violations, will be correlated with face expertise. The analogue behavioural
experiments explore functional markers associated with the processes captured in the neural measure.

Method

Participants. EEG Task: The same sample as those of work-package 1. Behavioural Task: Two cohorts of
participants completed the behavioural task, one online (N=49) and one in the laboratory (N=83).

Stimuli: We created stimuli to address putative differences between experts and non-experts in two tasks: 1)
perceiving a face’s identity [using perception of buildings as a control], and 2) perceiving a face’s identity
compared to face viewpoint. To this end, we curated four sets of stimuli, four predictive of identity — two
male and two female famous actors, two predictive of buildings (two famous landmarks) and two predictive
of viewpoint featuring a mixture of famous male actors (see Figure 5 for more detail).

Procedure: The first EEG experiment explored predictions made to face stimuli in comparison to the control
object category by contrasting violations of predicted identity in both famous faces and buildings.
Face/building prediction was manipulated on each trial by presenting a sequence of 5 different images of the
same famous identity (e.g. Penelope Cruz) then a 6™ image that could either match that identity (60 trials) or
violate participants expectations (60 trials). This procedure was conducted with a control category of well-
known buildings. As before participants passively viewed the sequences while looking for catch trials (N=24)
where they had to identify a letter. In total 384 trials were completed with 4 breaks.

The second EEG experiment explored if violations of expectation of face viewpoint (lower level of
perceptual abstraction) elicited expertise-related prediction errors to a lesser extent than identity violations.
We contrasted violations of face identity expectation (where the sequence of face stimuli for each celebrity
identity all vary in viewpoint), with violations of viewpoint expectation (where the sequence of face stimuli
vary in identity faces but are all looking in the same direction, then the final face image is then presented
looking either in that same direction or the opposite, see Figure 6). This task comprised a further 384 trials (4
breaks).



Finally, an analogue behavioural task was completed by a new sample of participants with an explicit
categorisation judgement (face/building identity, or viewpoint direction). Here participants completed 192
trials across the 2 tasks (face/building, identity/viewpoint) with breaks every 48 trials.

Baseline Target Baseline Target
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Figure 5. Left: EEG experiment schematic with faces (top) and buildings (bottom). The same 6% targets
are used as predicted images and as violations of expectations in different trials, to ensure that any

effects cannot be attributed to low level visual features. Both identities are used as targets in different
trials. Right: EEG experiment schematic with identity violations (top) and viewpoint violations (bottom)

Results
Behavioural task 1 — Faces vs Buildings

We found a main effect of stimulus category, wherein participants were more accurate categorising
buildings compared to faces (Online: F(1,48)=8.79, p=0.005, n?=0.07; Laboratory : F(1,82)=4.08, p=0.047,
n?=0.03). There was no main effect of expectation (Online: F(1,48)=0.091, p=0.764, n?<0.001; Laboratory:
F(1,82)=1,22, p=0.273, n?=0.004; Figure 6). But importantly there was an interaction between stimulus
category and expectation (Online: F(1,48)=8.7, p=0.005, n?=0.026; Laboratory: F(1,82)=12.02, p<0.001,
n%=0.013). This was driven by a significant difference between faces and buildings for expected stimuli
(Online: F=21.37, p<.001; Laboratory: F=11.36, p=.001) but not for unexpected stimuli (F=.703, p=.406). In
the laboratory experiment effects of expectation were only significant for faces (F=5.59, p=.02; same trend in
the online study: F=3.05, p=0.087) but not for buildings (F=.83, p=.36; same trend in the online study: F=1.63,
p=.207). Importantly there was a significant correlation between CFMT+ (partialing out CCMT) and the
accuracy of expected faces (Online: r=0.429, p=0.004, Laboratory: r=0.313, p=0.004; Figure 7) but mixed
evidence for unexpected faces (Online: r=0.101, p=.518, Laboratory: r=.371, p<.001) nor expected and
unexpected buildings (r<0.25, p>0.102).
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Expectation Expectation

Figure 6. Accuracy scores for expected and unexpected face and building identities. Left: online
experiment. Right: laboratory experiment. Note the equivalent pattern but difference in scale with
slightly better performance in person.




Behavioural task 1 — Face Identity vs Viewpoint

We found similar effects when contrasting identity and viewpoint. That is, a main effect of condition
(identity vs viewpoint) with higher accuracy for viewpoint compared to identity (Online: F(1,48)=35.65,
p<0.001, n?=0.262; Laboratory: F(1,82)=7.91, p=0.006, n?=0.064). There was no main effect of expectation
(Laboratory: F(1,48)=0.53, p=0.471, n?=0.004; Online: F(1,82)=0.002, p=0.968, n?<0.001). As before there was
an interaction between condition and expectation for the online task, F(1,48)=6.339, p=0.015, n?=0.006), but
here this interaction was not significant in the laboratory, F(1,82)=1.353, p=0.248, n?<0.001. In the online
version of this task, the interaction was seemingly driven by larger differences between conditions for
expected stimuli (F(1)=36.64, p<.001) than for unexpected stimuli (F(1)=26.93, p<.001). Importantly there
was a significant correlation between CFMT+ (partialing out CCMT) and the accuracy of expected faces
(r=0.465, p=0.02) and in this case also unexpected faces (r=0.336, p=.028) but not expected and unexpected

viewpoints (r<0.26, p>0.781).
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Figure 7. Accuracy scores for expected and unexpected identities and viewpoints (Online experiment in
the left and laboratory experiment to the right).

MVPA results

Analysis of the EEG signal of this dataset is still ongoing. Preliminary analysis was conducted following the
same pipeline as in experiment 1. As before MVPA was conducted using posterior electrodes (01/2, P7/8,
P3/4, Pz, TP7/8, PO7/8, POz, Oz, PO3/4, P5/6, P1/2, TP9/10). Preliminary analysis focused in two binary
comparisons where participants saw the same visual stimuli but identity expectation varied (high vs low), for
a) faces and b) buildings. As before, to limit multiple comparisons decoding analysis was conducted for
timesamples between 60 and 500ms. In this preliminary analysis, there was no significant decoding of
identity expectation, neither for faces nor for building stimuli at any timepoint. Nonetheless, further analysis

of this rich dataset is still ongoing.
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Figure 8. Accuracy of MVPA decoding of Identity expectation (high vs low) for faces (panel in the left) and

cars (panel in the right). No significant decoding was observed.




Discussion & Conclusions

Work package 2 aimed to explore the neural and behavioural differences in processing of expectation on
higher level constructs, namely by exploring face identity, a process that is higher level than basic
categorization as analysed in Work package 1. Through a series experiments, we analysed whether tasks
requiring higher levels of abstraction, such as perceiving a face's identity compared to its viewpoint, would
amplify the effect of expertise, as hypothesised by the hierarchical component of predictive coding theory.

The findings from the behavioural tasks support the hypothesis that expectation modulates identity
perception. The significant correlation between face expertise and accuracy for expected face identity points
to the importance of expertise in modulating perceptual processes at higher levels of abstraction. Further
analysis is needed to evaluate the potential of ceiling effects for buildings and viewpoint conditions, which
would limit potential correlations. The absence of significant decoding in the preliminary EEG decoding
analysis suggests that the neural differentiation of identity expectation might be more subtle or require
more advanced analytical techniques to detect. Future analyses will delve deeper into the EEG data to
explore these potential nuances.

Conclusions and Recommendations

The work completed in this project was novel in investigating the time course of the role of expertise within
the predictive coding framework. It was the first to apply advanced classifier approaches to EEG data in this
context (e.g. multivariate pattern analysis, MVPA) and to collect functional/behavioural data alongside
neural markers of predictive coding responses in the same participants while viewing items of expertise
(faces) and well matched, less-expert categories (houses, chairs) in analogous designs. This approach
permitted dual consideration of expertise broadly (i.e. across categories: faces vs objects) and at a more fine-
grained level (i.e. across individuals’ ability). The findings from Work Package 1 are in Press at Nature
Scientific Reports and the results of Work Package two are being prepared for submission at Cortex. Future
work will build on these initial findings to probe further the role played by expertise within the predictive
coding framework in individuals displaying both typical and atypical use of predictive cues.

Expected and achieved output indicators (number of actions)

Output indicators Expected (according to Achieved
application)
PhD thesis

Master’s thesis

o

Organization of seminar or
conference
Book

Book chapter

Conference presentation

Journal article

0
0
2
Conference paper 0
2
Invited talk 0

0

Undergraduate dissertations

N NN R O MO O

Internships 0

Notes: Further details are provided in the Appendix
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Appendix

A. Conference presentations

Inés Mares, Fraser Smith, Emily Goddard, Lianne Keighery, Louise Ewing & Marie L. Smith, April 2024,
Expectation effects on face perception — Neural and behavioural evidence of the role of expertise. 14th
Symposium of the BIAL Foundation. [Poster presentation]

Inés Mares, Fraser Smith, Emily Goddard, Lianne Keighery, Louise Ewing & Marie L. Smith, January 2023,
Neural and behavioural signals of face categorisation prediction errors and their relationship with
expertise. EPS - Experimental Psychology Society annual meeting, London, UK. [Poster presentation]

Inés Mares, Fraser Smith, Emily Goddard, Lianne Keighery, Louise Ewing & Marie L. Smith, September
2023, The modulatory effect of expectation on early face perception and its association with expertise —
Neural and behavioral evidence. ESCOP - European Society for Cognitive Psychology annual meeting,
Porto, Portugal. [Oral presentation]

Inés Mares, Fraser Smith, Emily Goddard, Lianne Keighery, Louise Ewing & Marie L. Smith, September
2023, Effects of expectation on face perception and its association with expertise — neural and
behavioural evidence. Seeing and acting workshop: functional and neural perspectives, Coimbra,
Portugal. [Poster presentation]

B. Invited talks

Smith, M.L. (2023) Exploring typical and atypical variation in face processing expertise — do information use
and predictive coding accounts underly variability in ability. Centre for Brain and Cognitive Development,
School of Psychological Sciences, Birkbeck College, University of London, UK.

Mares, I. (2023) Investigating the role of face expertise in the predictive coding framework, Laboratdrio
Estudos de Linguagem, Faculdade de Medicina da Universidade de Lisboa, Lisbon, Portugal

C. Student dissertations (UK)

Masters level (PostGrad)

Francesco Malatesta, 2023, The association between face expertise and prediction errors evoked by
perceptual surprise as indexed by the N170: a predictive coding account, MSc Cognitive Neuroscience
(Grade: 85, Distinction).

Mila Penzel, 2023, Relating expertise in face processing to predictive coding, MSc Psychology (Grade: 72,
Distinction)

Dorna Daneshmand, 2023, Typical and atypical roles of prediction in face processing, MSc Health (Grade:
52, Pass).

Bethany Palfery-Smith, 2023, Relating prediction to expertise in face processing, MSc Psychology (Grade:
75, Distinction).

Bachelors level (UnderGrad)

Zuzanna Popek, 2023, Relating expertise in face processing to predictive coding, BSc Psychology (Grade:
85, First Class). Nominated for British Neuropsychology Society prize as best undergraduate dissertation
in the School of Psychological Sciences, Birkbeck College in 2023).

Emily Goddard, 2023, Expectation, Prediction and Perception: An ERP study examining factors that
influence the predictive brain and how expert humans are with faces, BSc Psychology (Grade: 75, First
Class).

Sophia Myronchuk, 2023, The role of expertise in the prediction of faces and objects, BSc

Psychology (Grade: 75, First Class).

Sara Duru, 2023, The relation between AQ scores and people’s prediction ability, BSc Psychology (Grade:
72, First Class).

Temenuga Zyumbilska, 2023, The relation between AQ scores and people’s prediction ability, BSc
Psychology (Grade: 65, Upper Second Class).
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