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Understanding the role of eye movement
pattern and consistency during face
recognition through EEG decoding
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Eye movement patterns and consistency during face recognition are both associated with recognition
performance. We examined whether they reflect different mechanisms through EEG decoding. Eighty-
four participants performed an old-new face recognition task with eye movement pattern and
consistency quantified using eye movement analysis with hidden Markov models (EMHMM).
Temporal dynamics of neural representation quality for face recognition were assessed through
decoding old vs new faces using a support vector machine classifier. Results showed that a more eye-
focused pattern was associated with higher decoding accuracy in the high-alpha band, reflecting
better neural representation quality. In contrast, higher eye movement consistency was associated
with shorter latency of peak decoding accuracy in the high-alpha band, which suggested more
efficient neural representation development, in addition to higher ERP decoding accuracy. Thus, eye
movement patterns are associated with neural representation effectiveness, whereas eye movement

consistency reflects neural representation development efficiency, unraveling different aspects of

cognitive processes.

The ability to efficiently and accurately recognize or identify a face is of vital
importance in daily social interactions. Previous studies have reported that
averaging across individual participants’ eye movements to faces produces a
classic T-shaped distribution covering facial features, with fixations more
densely covering the eyes than the nose and mouth'. Extensive research has
delved into the role of eye movements in face recognition, shedding light on
the importance of different facial features in face recognition”. In parti-
cular, it has been reported that the optimal recognition performance could
be attained with two fixations, with a preferred location just below the eyes’.
Forced fixations away from this location during face recognition have been
shown to decrease recognition performance’. In line with these findings,
multiple studies have suggested that enhanced identification performance of
faces is closely associated with increased attention to the eye region’. While
these findings have enhanced our understanding of general information
processing strategies for face recognition in the population, the under-
standing of how individual differences in attention strategies, as reflected in
eye movement behavior, contribute to differences in face recognition per-
formance is still limited”.

Indeed, eye movements in face recognition have been shown to be
highly idiosyncratic. For instance, individuals have preferred fixation
locations across different face viewing tasks'*". Moreover, these patterns

persist over time, suggesting a consistent strategy or preference that indi-
viduals employ when viewing faces*"”. These individual differences in eye
movement strategies have been shown to be directly associated with
recognition performance. For example, a machine learning method-based
approach, eye movement analysis with Hidden Markov Models
(EMHMM), has been proposed to quantify individual differences in eye
movement pattern'”*"". Applying EMHMM to eye movements in face
recognition has revealed two primary eye movement patterns: eyes-focused
and nose-focused patterns'®™". Intriguingly, individuals who adopt the eyes-
focused pattern are shown to perform better in face recognition tasks'*”’,
which is consistent with prior research suggesting that the eyes are the most
diagnostic feature for face recognition™”*.

Most recently, in addition to eye movement patterns, the consistency of
eye movements has been shown to play an important role in face recognition
performance. Eye movement consistency refers to the degree of regularity or
predictability in a person’s eye movement across face recognition trials.
Using EMHMMV,, it can be quantified using the entropy of a Hidden Markov
Model (HMM) that summarizes a person’s eye movement in a visual task. A
lower entropy value indicates a higher level of consistency. Recent research
has found that higher eye movement consistency (i.e., lower entropy), but
not more eye-focused eye movement patterns, is associated with better face
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recognition performance in children’. This phenomenon is in contrast to
the finding from adults, where both eye movement pattern and consistency
were associated with recognition performance, with eye movement pattern
being a stronger predictor’*”’. While these findings suggest that both eye
movement patterns and consistency contribute to an individual’s face
recognition performance, it remains unclear whether they reflect different
mechanisms underlying face recognition. More specifically, since eye
movement patterns are directly relevant to the quality of the facial features
extracted for face recognition whereas eye movement consistency reflects
whether an efficient visual routine has been learned, we speculated that eye
movement patterns may be particularly associated with individual differ-
ences in the quality of the neural representation for effective face recogni-
tion, whereas eye movement consistency may be particularly relevant to the
efficiency of the formation of such neural representation.

To test this hypothesis, here we examined participants’ neural repre-
sentations for face recognition as measured in Electroencephalography
(EEG). EEG is a well-established and non-invasive neuroimaging tool
widely used in neuroscience and is particularly suitable for examinations on
the temporal dynamics of neural representations in a cognitive task due to its
excellent temporal resolution®**. Most previous studies examining neural
correlates of face recognition using EEG focused on univariate analyses of
event-related potential (ERP) components, including N170, N250, N400,
and P600”. In general, the N170 component was found to be associated with
face structural encoding’, followed by the N250 component reflecting
activation of the visual face memory”’. The later ERP components, N400
and P600, were shown to play an important role in more advanced pro-
cessing stages, with N400 related to personal semantic information pro-
cessing and P600 associated with reevaluation or integration of facial
information®. Note that ERP component analysis typically focuses on a
small number of electrodes in a specific localized region. However, activa-
tions across different regions of the brain have been found to contribute
jointly to face recognition processes™'. Therefore, multivariate pattern
analysis (MVPA) has been adopted in a few studies to decode neural
representations of faces by utilizing multiple electrodes’". It enables ana-
lysis and visualization of the overall dynamics of brain activities by decoding
EEGs important for face recognition at each time point across electrodes,
providing a detailed time course and topography of neural representation
changes during face recognition. In addition, ERP analysis primarily reflects
phase-locked, lower frequency activities associated with the stimulus, and
thus could miss non-phase-locked brain activities in higher frequency
bands. In contrast, EEG spectral analysis could reveal neural activities across
different EEG bands.

Previous research has suggested that information in the EEG alpha
band (8-12 Hz) is particularly relevant to face perception and recognition
processes. For example, it was found to be associated with attentional
control processes when anticipating faces vs other objects™, where attention
to faces selectively decreased alpha band power. EEG alpha band infor-
mation is also found to be associated with the perception of emotional facial
expressions, with higher alpha-band responses associated with more neutral
emotions>. Evidence from event-related desynchronization and syn-
chronization (ERD/ERS) analysis also indicated that alpha band signals
were related to episodic recognition memory for faces”. Some studies have
further separated the alpha band into higher (8-10 Hz) and lower alpha
(10-12Hz) bands since they were shown to reflect different cognitive
processes. More specifically, lower alpha band information is more relevant
to attentional task demands, whereas upper alpha band reflects memory
performance and intelligence’”. Some studies have used machine learning-
based classification approaches to decode neural representations for familiar
vs unfamiliar face recognition and found that EEG alpha band contained
discriminative features for face recognition”™*. Together, these findings
suggest that in addition to the ERP components mentioned above, EEG
alpha band information may be particularly relevant to neural representa-
tions for face processing. In addition, decoding neural representations
through machine learning methods may help us better understand indivi-
dual differences in neural representations for face processing. Thus, these

measures and approaches are particularly suitable for the current exam-
inations on the relationship between eye movement behavior and neural
representations for face recognition.

Indeed, some previous EEG studies have reported associations between
eye movements and neural representations related to face processing. For
example, in ERP studies, N170 amplitude is significantly enhanced when
participants focusing on the eyes as compare with focusing on the nose or
mouth** or viewing the configuration of the whole face*™*’. Moreover, it
was shown that N170 and P300 information could be used to uniquely
distinguish eye contact from other responsive facial movements, and these
responses were correlated with individual variability in social function®.
EEG/ERP measures have also been shown to be associated with face
recognition performance. For example, N170 latency has been demon-
strated to correlate with recognition accuracy”’. Using EEG decoding
methods, it has been reported that errors in decoding face identities and
facial expressions were significantly correlated with errors in behavioral
performance’’. Similarly, accuracy in decoding face familiarity was corre-
lated with mean reaction time in a face matching task™. Together, these
findings suggested that EEG signals recorded during face recognition are
sensitive to both face recognition performance and related eye movement
behavior, and thus are ideal for the examination on the association between
individual differences in neural representations and eye movement behavior
during face recognition.

In this study, we aimed to examine the neural information processing
mechanisms underlying the association between eye movement pattern/
consistency and face recognition performance. More specifically, we
examined the associations between individual differences in eye movement
pattern and consistency during face recognition and temporal dynamics of
the neural representation for face processing as indexed by the performance
of machine learning methods in decoding face recognition using both ERP
and EEG data. Through EEG decoding, we first examined what EEG signals
contain significant features and information for successful face recognition.
We then used both decoding accuracy and its peak latency to assess the
decoding performance™ and examine how they were associated with indi-
vidual differences in eye movement pattern and consistency, while con-
trolling for variance due to possible associated cognitive ability factors. In
particular, the alpha band of EEG signals is of interest due to its relevance to
attentional effects in visual tasks, including face recognition tasks™".
Accordingly, we hypothesize that ERP and alpha band signals may contain
informative features for EEG decoding of old/new face recognition, and a
more eyes-focused eye movement pattern and more consistent eye move-
ment behavior (lower entropy) would be associated with better effectiveness
of neural representation measured by decoding accuracy and efficiency of
neural representation development reflected in the decoding latency.

Results

Eye movement patterns in face recognition

Using the EMHMM analysis, we discovered two representative eye move-
ment patterns as the result of clustering: the eyes-focused and nose-focused
patterns (Fig. 1). This finding was consistent with previous EMHMM stu-
dies on face recognition'*'*""'****>, After the first fixation at the face center/
red region of interest (ROI) (83% probability) due to the drift check prior to
the face presentation, participants adopting the eyes-focused pattern typi-
cally started to fixate on the eye region including left eye/green ROI (56%)
and right eye/blue ROI (31%). Afterwards, they most likely switched to the
other eye (left eye to right eye, 55%; right eye to left eye, 43%), and occa-
sionally switched to the mouth region/pink ROI (left eye to mouth, 22%;
right eye to mouth, 32%). In contrast, participants adopting the nose-
focused pattern started at the center of the face (red ROI: 52%; cyan ROIL:
47%) and mainly looked around the face center with broad ROIs. The two
representative HMM s differed significantly'*: data from those with the eyes-
focused pattern were more likely to be generated from the eyes-focused than
nose-focused representative HMM, #(30) = 14.35, p < 0.001, d=2.58, and
data from those using the nose-focused pattern were more likely to be
generated from the nose- focused than the eyes-focused representative
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Fig. 1 | The EMHMM clustering results. The eye-
focused and nose-focused patterns are generated.

a The eye-focused patterns generated by EMHMM.
b The nose-focused patterns generated by
EMHMM. Ellipses show ROIs as 2-D Gaussian
emissions. The table shows transition probabilities
among the ROIs. Priors show the probabilities that a
fixation sequence starts from the ellipse. The image
in the middle shows the corresponding heatmap.

a Eyes-focused pattern (31 models)

Eyes- To To To To To
focused Red Green Blue Pink
Priors .83 .00 .00 .00 17

From Red .00 .56 31 .06 .07
From Green .00 .03 .55 22 .20
From Blue .00 43 .04 32 .20
From Pink .00 23 .00 .03 74
From .00 .00 .00 .00 1.0

b Nose-focused pattern (53 models)

Nose- To To To To To
focused Red Green Blue Pink
Priors .52 .00 .01 .00 47

From Red .00 52 18 .30 .00
From Green .00 07 .64 .29 .00
From Blue .00 .05 78 17 .00
From Pink .00 .04 .87 .09 .00
From .00 53 17 .30 .00
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Fig. 2 | AUC performance curve for ERP decoding (0.5-6 Hz). The black hor-
izontal line represents the chance level performance (AUC = 0.5), and the black bold
vertical line indicates the stimulus presentation onset time. The AUC values in the
shaded area are significantly higher than the chance level, where the light gray area
indicates the area with corrected p < 0.05, and the dark gray area indicates the area
with corrected p < 0.001. The purple shading indicates +1 standard error of the
mean (SEM).

HMM, #(52) =3.12, p=0.002, d=0.43. To be consistent with previous
studies, here we refer to A-B scale as the eyes-nose scale. For a more specific
definition of the A-B scale, please refer to “Eye-movement analysis”.

Group-level EEG decoding performance analysis results

We conducted ERP decoding and alpha band decoding using the support
vector machine (SVM) for the 84 participants, and the averaged area under
the receiver operating characteristic curve (AUC) performance was mea-
sured. Figure 2 shows the AUC performance of the ERP decoding. It can be
seen that the average decoding AUC over all participants was significantly
higher than the chance level from 440 ms and quickly reached the peak AUC
of 0.56 at 720 ms. Then the decoding performance was sharply dropped
from 720 ms to 940 ms. After maintaining a relatively low but still highly

significantly above chance level decoding performance for 320 ms, the AUC
sharply dropped again to the chance level. The significant overlap between
dark and light gray areas and the sharp increase and decrease in edges
reflected the phase-locked property of ERP responses. The ERP decoding
results suggested that the later ERP components, such as N400 and P600
components may play an important role in distinguishing old and new faces,
consistent with some previous ERP studies on old/new face recognition
memory tasks™ > and familiar/unfamiliar face recognition tasks>’. The
low- and high-alpha band decoding results are demonstrated in Fig. 3a, b.
Because of the phase-independent feature of instantaneous power
magnitude™®, the decoding performance curves did not have a sharp
increase and decrease as the ERP decoding curve, with a relatively lower
peak average AUC and a larger AUC peak latency. For the low-alpha band
decoding, the time period with significantly above-chance decoding per-
formance ranged from 880 ms to 1720 ms, with corrected p-values less than
0.05 but greater than 0.001. The peak average decoding AUC of 0.53 was
achieved at 1240 ms. For the high-alpha band decoding, the time period
with above-chance AUC was found from 720 ms to 2020 ms, as well as from
2060 ms to 2160 ms, with the peak AUC of 0.54 occurring at 1080 ms. The
time period between 820 ms and 1700 ms had the corrected p-values smaller
than 0.001. These results suggested that the high-alpha band contained
more discriminative EEG features than the low-alpha band.

Individual-level correlation analysis results

Based on the group-level EEG decoding performance, we computed the
time period of interest AUC (TOI-AUC) and the peak latency of decoding
AUC for each participant, and individual-level correlation analyses were
conducted. The ERP band part of Table 1 shows the results of the correlation
analyses between ERP decoding performance measures and other measures,
including eye movement, cognitive ability, and face recognition perfor-
mance measures. It can be seen that the TOI-AUC was negatively correlated
with face recognition response time (RT) and eye movement overall entropy
(i.e., positively correlated with eye movement consistency). These results
suggested that higher ERP decoding accuracy was associated with faster face
recognition responses and more consistent eye movements during face
recognition.

In the high-alpha band part of Table 1, decoding performance measure
TOI-AUC in the high-alpha band was negatively correlated with the eye
movement pattern measure A-B scale, indicating that a more eye-focused
pattern was associated with a higher EEG decoding accuracy. To better
visualize this effect, we contrasted the curves of the decoding performance in
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Fig. 3 | AUC performance curve for alpha band decoding (8-12 Hz). The black

horizontal line represents the chance level performance (AUC = 0.5), and the black
bold vertical line indicates the stimulus presentation onset time. a AUC performance
curve for low-alpha band decoding (8-10 Hz). b AUC performance curve for high-
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alpha band decoding (10-12 Hz). The AUC values in the shaded area are sig-
nificantly higher than the chance level, where the light gray area indicates the area
with corrected p < 0.05, and the dark gray area indicates the area with corrected

p <0.001. The purple shading indicates +1 SEM.

0 1000

Table 1| Individual-level correlation analysis

Measure names

ERP decoding measures

Alpha decoding measures Behavioral performance

TOI-AUC Latency TOI-AUC Latency FR ACC FR RT
ERP decoding measures TOI-AUC 1
Latency 0.236+* 1
Alpha decoding measures TOI-AUC 0.085 0.046* 1
Latency -0.102 0.013* 0.297" 1
Behavioral performance FRACC 0.005 0.123* 0 0.145 1
FR RT -0.52"" 0.098* —0.045 0.256 0.055 1
Eye movement measures AB-Scale 0.11 —0.003" 0.242" -0.18 0.059 —0.151
Overall entropy —0.274" 0.124* —0.046 0.273" 0.022 0.59%**
Cognitive measures Nonverbal IQ 0.158* -0.07% —0.089* —0.294""# 0.169* —0.058"
WM ACC (spatial) 0.116 —0.045" —-0.022 —0.168 0.145 —0.226*
WM RT (spatial) —0.04 0.034" 0.097 0.025 0.19° 0.075
WM ACC (verbal) —0.201*# -0.133* 0.078* —0.007% 0.036" 0.12*
WM RT (verbal) —0.109 0.055" -0.123 —0.048 0.146 0.122
ToL planning —-0.105 0.134* -0.078 0.08 0.293" 0.246"
ToL executing -0.141 —-0.032* 0.101 0.106 0.062 0.01
Tol total time —0.191% 0.02* 0.042 0.144 0.235" 0.16
TolL total move —0.001 -0.113* 0.082 0.137 -0.2" —0.104

Alpha decoding measures show the measures from the high-alpha band.
FR ACC face recognition accuracy, FR RT face recognition response time,
“Marginally significant correlation with 0.05 <p <0.1.

“Significant correlation with 0.01 <p < 0.05.

“Significant correlation with 0.001 <p <0.01.

““Significant correlation with p <0.001.

*Spearman correlation.

AUC of the participants in the two eye movement groups in Fig. 4, where all
p-values are corrected using the BH method. It can be seen that, consistent
with the observed correlation, the decoding performance of the eyes-focused
group was higher than that of the nose group for most of the time points
during 800 ms to 2100 ms after the stimulus onset. Regarding decoding peak

WM ACC working memory accuracy, WM RT working memory response time, ToL tower of London.

latency, we found a positive correlation between decoding peak latency and
face recognition RT. Additionally, it was positively correlated with eye
movement entropy and negatively correlated with non-verbal IQ, suggest-
ing that the later the latency, the more inconsistent the eye movement
behavior and the lower the IQ. In this experiment, all participants were
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Fig. 4 | Group-wise decoding performance in AUC in the high-alpha band
(10-12 Hz) across time points. The black horizon line represents the chance level
performance (AUC = 0.5), and the black bold vertical line indicates the stimulus
presentation onset time. The bold purple line marks the time period where the eyes-
focused group’s performance is significantly higher than the nose-focused group’s
performance (corrected p < 0.05). The bold red line marks the period which the eyes-
focused group’s performance is significantly higher than the chance level (corrected
p <0.05). The blue and orange shading indicates +1 SEM, and CL indicates the
chance level.

found to have a normal intelligence level according to the 9-item Raven’s
Progressive Matrices (Bilker et al.”; M =8.00, SD = 1.23). Consistent with
our finding, previous research has reported that EEG features from the alpha
band were associated with non-verbal intelligence™. Together, these find-
ings in the high alpha band suggested that eye movement patterns during
face recognition, as measured in A-B scale, were associated with the effec-
tiveness of the neural representations for distinguishing old vs new faces in
face recognition memory as reflected in EEG decoding AUC. In contrast,
eye movement consistency as measured in entropy was associated with the
efficiency of the neural representations as reflected in EEG decoding peak
latency (see detailed discussions in “Discussion”).

To further examine whether eye movement behavior significantly
contributed to decoding performance after variance due to cognitive abilities
was controlled, a two-stage hierarchical multiple regression was conducted
to predict the peak latency measure of high-alpha band decoding. In
addition to eye movement consistency, non-verbal IQ was also significantly
correlated with decoding peak latency in the high-alpha band, 7(84) = 0.294,
p=0.007. At the first stage, we added the non-verbal IQ measure into the
regression model, achieving a significant contribution and accounting for
9.3% of the variance, B=0.305, F(1, 82) =8.38, p =0.005. At the second
stage, introducing eye movement consistency explained an additional 5.4%
of the variance in decoding latency, and this change in R’ was significant,
B=0.235, F(1, 81) =5.150, p=0.026. The tests for multicollinearity sug-
gested a low level of multicollinearity (tolerance = 0.981 for both two tested
measures). It indicated that eye movement consistency significantly con-
tributed to the peak latency of high-alpha band decoding accuracy after
controlling for variance due to non-verbal IQ.

From Table 1, we can see that in all EEG bands, a positive correlation
between decoding latency and accuracy was observed. This phenomenon
suggested that a longer decoding time may allow for more detailed pro-
cessing of facial information, leading to higher accuracy. Another interesting
observation was that in the ERP band, decoding accuracy was negatively
correlated with face recognition reaction time but positively correlated with
decoding peak latency in the ERP band. While decoding latency reflects
neural processing efficiency of face stimuli, face recognition reaction time
represents efficiency in making conscious decisions of the recognition. In
other words, a longer neural processing time does not necessarily lead to
longer face recognition reaction time.

Overall
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Fig. 5 | Averaged topography map in the ERP band. The left subplot shows the

topography map, while the right subplot illustrates the top-10 average weights and
their corresponding channels.

Feature importance analysis results

By analyzing the weights in the trained SVMs for EEG decoding (see
details in “Feature importance analysis”), the topography map for ERP
decoding is computed and shown in Fig. 5. The results showed that the
electrodes in the central and parietal areas contributed the most to the
neural representations for face recognition. This result was consistent
with findings in previous studies showing that late ERP responses such
as N400 and P600 for face processing were widely distributed in the
central and parietal areas”. Also, previous neuroimaging studies
reported that the parietal region participated significantly in face
processing®*®. Similarly, the average topography map for high-alpha
band decoding, illustrated in Fig. 6a, shows that the central and parietal
areas were crucial for high-alpha band decoding. Since our results
demonstrated an interesting correlation between the decoding per-
formance of high-alpha band information and eye movement patterns,
we further plotted and analyzed the topography maps of the two eye
movement pattern groups in Fig. 6b, c. As shown in the figure, in
participants in the nose-focused group, electrodes in the left central
and parietal region contributed more to the neural representation for
face recognition, whereas in eyes-focused participants, electrodes in
the right central region contributed more. Previous research has sug-
gested that alpha band power in the right-parietal cortex reflects the
strength of task-focused attention®*”’. Besides, neural responses
selectively to faces were reported to be mainly in the right occipital-
temporal cortex” and right occipital cortex”. These findings were
consistent with our current results that in participants adopting the
eyes-focused pattern, which was associated with higher EEG decoding
accuracy in the high alpha band, neural representations from the right
hemisphere contributed more to face recognition performance.

Discussion

In the current study, we examined the neural information processing
mechanisms underlying the association between eye movement pattern/
consistency and face recognition performance through ERP and EEG
decoding methods. With EMHMM, two dominant eye movement pat-
terns (the eyes-focused and the nose-focused patterns) during face
recognition were identified, which were consistent with the previous
research. We found that a more eye-focused pattern was associated with
more discriminative information for face recognition in the high alpha
band signals (as reflected in AUC). In contrast, a more consistent eye
movement pattern for face recognition was associated with both higher
ERP decoding accuracy and higher EEG decoding efficiency (as reflected
in the latency of peak AUC) in the high alpha band for face recognition.
These findings support our hypothesis that ERP and EEG alpha band
signals contain information important for the decoding of old vs new
faces, and eye movement patterns and consistency during face recog-
nition are associated with effectiveness and efficiency of the neural
representation for face processing, respectively. In this section, we will
delve deeper into these findings, elaborating on the implications of these
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Fig. 6 | Averaged topography maps in the high-
alpha band. The topography maps (upper row) and 0.4
bar charts (lower row) illustrate the distribution of
the channel weights. a The overall topography map

Overall

0.3
and its top-10 channel weights. b The nose group
topography map and its top-10 channel weights.
¢ The eyes group topography map and its top-10 02
channel weights.
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results based on our hypotheses and existing literature, and further
visualizing the specific brain regions contributing the most to decoding
accuracy and their associations with eye movement behavior.

Our individual-level analysis results showed that the eyes-focused eye
movement pattern was positively correlated with the decoding accuracy
measured by TOI-AUC in the high alpha band. Although in the current
study, no correlation was observed between eye movement pattern and face
recognition accuracy, previous studies have consistently reported that eye-
focused eye movement patterns were associated with better face recognition
accuracy”®". These findings thus suggested that eye movement patterns
may be more relevant to the quality of the neural representation for face
recognition. In contrast, eye movement consistency was significantly cor-
related with both the decoding accuracy measured by TOI-AUC in the ERP
band and the decoding efficiency measured by latency of the peak AUC in
the high alpha band. This result suggests that eye movement consistency
may be relevant to both the quality and the efficiency of neural repre-
sentation for face recognition. In addition, we found a strong positive cor-
relation between eye movement consistency and reaction time of face
recognition (r(84) = 0.59, p < 0.001), indicating that a more consistent eye
movement pattern was associated with reduced face recognition time.
Together, these findings suggest that eye movement consistency may be
particularly relevant to the efficiency of face recognition processes. Con-
sistent with our findings, prior research has shown that in adult face
recognition, although both eye movement consistency and eye-focused eye
movement pattern were associated with face recognition accuracy, eye
movement pattern was a better predictor for recognition accuracy because it
accounted for additional variance beyond eye movement consistency’'. Our
current EEG decoding study further showed that eye movement consistency
reflected the neural processing efficiency of face processing better than the
eye movement pattern. This finding is consistent with previous research
suggesting that high eye movement consistency is resulted from a well-
learned face scanning routine through experience”.

The EEG alpha band signals have been implicated in attentional pro-
cesses, specifically in the inhibition of distracting information’*”". In addi-
tion, alpha oscillations are thought to reflect the synchronization of
neuronal activities in the cortex and have been shown to be modulated by
attention”. Therefore, a possible explanation for the association between eye
movement patterns and alpha-band EEG decoding accuracy is that eye
movements help direct attention to the most relevant features for face
recognition, which in turn enhances the quality of the neuronal

representations for old and new faces, leading to enhanced decoding
accuracy. On the other hand, the relationship between eye movement
consistency and decoding efficiency may reflect attentional processes in
extracting relevant information to face recognition from eye fixations. If
attention is constantly diverted to different parts of a face across trials due to
a poorly learned visual routine (i.e., low eye movement consistency), this
may lead to less efficient extraction of relevant information, and hence lower
decoding efficiency. In contrast, a consistent visual routine may enhancethe
efficiency of feature extraction, leading to higher decoding efficiency.

In the current study, ERP/EEG features discriminative for decoding old
vs new faces in the face recognition tasks were present at a relatively late time
window (500-1200 ms). This finding was generally consistent with previous
EEG/ERP studies of face processing. For example, a recent MVPA study for
decoding familiar/famous vs unfamiliar faces showed that later ERP
responses  (400-600 ms) contain discriminative information for
familiarity”. In another study on EEG-based familiar and unfamiliar face
classification, it was found that late ERP components within 1-2 s played a
significant role in the neural processing of face recognition*'. Also, in tasks
without a clear task demand, such as passive viewing tasks, differences in
ERPs elicited by familiar and unfamiliar faces could be observed in late
components, including N400 and P600”>”. In contrast to these results, some
previous studies using personally familiar faces, such as self faces or faces of
family/friends, have observed a significant correlation between some early
ERP components, including N170 and N360, and familiar face identifica-
tion performance’*”°. Thus, the time window with above-chance decoding
accuracy for face processing may depend on the task demand. Future work
may examine how task demands modulate decoding accuracy and its
relationship with eye movement behavior”.

Previous studies have suggested potential confounding effects of eye
movements on EEG decoding performance, particularly the influence of
ocular artifacts such as eyeball dipole rotation and saccadic spike activity’* ™.
In particular, some studies have shown that small fixational eye movements
could still affect EEG decoding’"*. In view of these, we conducted additional
analyses with more rigorous considerations of potential influence from eye
movements in Supplementary Notes 1-5 (see Supplementary Information).
These additional analyses provided consistent evidence that the observed
neural differences between old and new faces were unlikely to be con-
founded by eye movements. More specifically, neither raw eye movement
data nor eye fixation data contained sufficient discriminative information
for old/new face recognition. This was supported by decoding analyses using
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Fig. 7 | The trial procedure of the study and
recognition phase of the face recognition para-
digm. A trial of the study phase started with a drift
check, followed by the face image to be learned that
will be presented for 5000 ms, and ended with a
screen for blinking. A trial of the recognition phase
started with a drift check, followed by a face image to
be judged, which would disappear until a response,
and ended with a screen for blinking.

Drift check

Study phase

Recognition phase

Drift check

the raw eye movement data (Supplementary Notes 1), as well as fixation-
based classification with a recurrent neural network model (Supplementary
Notes 2), both of which yielded chance-level performance. Additionally,
approximations of vVEOG and hEOG data failed to decode old vs new faces
(Supplementary Notes 3). When they were included as additional channels
in our ICA procedure, we obtained similar EEG decoding curves to and
consistent findings with our original results (Supplementary Notes 4). Also,
we observed no significant difference between old and new face trials in
participants’ summary statistics measures of eye movements, including
average number of fixations per trial and average saccade length (Supple-
mentary Notes 5). Together, these additional analyses confirm that our
decoding results genuinely reflected neural responses for face recognition
rather than inadvertent oculomotor confounds.

In summary, in this study, we have comprehensively examined the
relationship between individual differences in eye movement behavior,
including eye movement pattern and consistency, and the temporal
dynamics of neural representations in face recognition as indexed by EEG
decoding accuracy and its peak latency. We revealed that eye movement
behavior is closely associated with the decoding performance of face
recognition using information from particularly the EEG high alpha band,
confirming the hypothesized relevance of these neural signals in the process
of face processing. Specifically, a more eye-focused eye movement pattern
was associated with higher decoding accuracy in the high alpha band,
suggesting the role of eye movement pattern in shaping the quality of the
neural representation for face recognition. In contrast, higher eye movement
consistency was associated with a shorter peak latency in high-alpha-band
decoding accuracy in addition to higher ERP decoding accuracy, suggesting
its role in the efficiency of neural representation development, in addition to
the quality. The topographic maps visualizing the trained machine learning
classifier (SVM) weights suggested that the central and parietal areas pro-
vided the most discriminative features for both the EEG high alpha band
decoding and the ERP decoding, with individuals using the eyes-focused
pattern showing a more right-brain biased map. These findings demon-
strated well the interplay between perceptual strategies and neural repre-
sentation processing, with eye movement patterns associated with the
effectiveness of the neural representations, whereas eye movement con-
sistency reflects the efficiency of neural representation development. Future
research will further explore how these insights can be applied in practical
settings, such as using eye tracking as a cost-effective method for developing
early screening or personalized diagnosis and treatment plans for indivi-
duals with face processing or social cognition impairments.

Methods

Participants

We recruited 84 East Asian participants (54 females), aged 18 to 22 years old
(M =19.95, SD=3.87) from a local University in Hong Kong. They had
normal or corrected-to-normal vision. A power analysis indicated that 84
participants were required for Pearson’s correlation analysis, assuming a
medium effect size (f =0.15, a=0.05, $=0.20). The written informed
consent was obtained from all participants. Participants recruited were from

independent samples. The methods were performed in accordance with
relevant guidelines and regulations, and ethical approval was granted by the
Human Research Ethics Committee of the University of Hong Kong for this
study (no. EA210427).

Materials and apparatus

Eye movement data were acquired with the SR Research Eyelink Portable
Duo. The eye tracker was tripod-mounted and connected to a 510 x 291 cm
display monitor with a screen resolution of 1920 x 1080 pixels. A viewing
distance of 60 cm was maintained between the monitor and participants’
eyes, and their dominant eye was tracked at a sampling frequency of
1000 Hz. Calibration and validation were performed using the default nine-
point standard calibration procedure with errors below 1° of visual angle.
Drift check was performed before each trial, and recalibration was per-
formed if the offset from the center point exceeded 1° of visual angle. The
task was programmed using SR Research Experiment Builder.

Continuous EEGs were recorded using the ANT eego system and ANT
waveguard™ caps with 64 Ag/AgCl electrodes placed according to a 10-20
international system configuration. EEGs were acquired at a sampling rate
of 500 Hz, with CPz as the online reference and AFz as the ground electrode.
Electrode impedance was kept below 20 k(, and an electrooculogram was
recorded from the left upper cheekbone to monitor eye blinks. Transistor-
transistor logic (TTL) signals were sent from the SR Research Experiment
Builder program to trigger event markers on the EEG recording in order to
synchronize continuous EEGs with the experiment program deployed by
the eye tracker.

In the face recognition task, 256 color images of child, young adult, and
old adult Asian faces (half male and half female) were used. Frontal face
images were cropped according to the face shape, with only inner face
features revealed. The original aspect ratio of the images was preserved while
the distance between the midpoint of the two eyes and mouth was nor-
malized across all face images. The resulting face stimuli subtended 6° of
visual angle horizontally on average, corresponding to the size of a real face
with a viewing distance of 2 meters, as recommended by McKone®.

Experimental design and procedures

Participants completed a face recognition task, three cognitive tasks, and an
IQ test. Their eye movements and EEG were recorded in the face recogni-
tion task.

For the face recognition task, the experimenter conducted a standard
9-point calibration and validation procedure at the beginning of each block
and when the drift check error was larger than 1° of visual angle. Each trial
started with a solid circle in the middle of the screen for a drift check, and the
experimenter pressed a key to present the stimulus when participants looked
at the circle. The face stimulus was presented one at a time at the center of the
screen. The face recognition paradigm consisted of two separate phases (see
Fig. 7). In the study phase, participants viewed 8 target faces (2 children, 4
young adults, and 2 old adults) in each experimental block, each for
5000 ms, and were instructed to remember them. In the recognition phase, 8
target faces and 8 foil faces were presented in each experimental block. The
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face stimulus disappeared when the participant made a key response indi-
cating whether they had previously seen the face or not. A “BLINK” screen
was then presented for 800 ms before the end of the trial. Participants rested
between blocks. The task consisted of 16 blocks, each of which consisted of 8
target faces and 8 foil faces. The 256 face stimuli were randomly assigned to
the 16 blocks accordingly without repetition for each participant, and the
stimuli within each block were presented in a random order. Thus, all
participants received a different, random order of stimulus presentation. Eye
movements and continuous EEGs were recorded during this task. The
participants’ performance was measured by accuracy, and average reaction
time. The accuracy was defined as the portion of the trials with a correct
recognition response. The average reaction time was computed using the
trials with correct reactions.

Additionally, the detailed descriptions of cognitive tasks and IQ tests
are as follows:

Verbal and visuospatial two-back tasks. Two-back tasks** were used to
assess participants’ working memory ability. In the verbal two-back task,
numbers were presented at the center of the screen one at a time, and
participants judged whether it was the same as the one shown two trials
back. In the visuospatial two-back task, different symbols appearing at
different locations were presented one at a time, and participants judged
whether it appeared at the same location as the one shown two trials back,
regardless of the symbol’s shape. Each task was conducted in two blocks,
and each block included 28 trials. Accuracy and RT were measured for
each task.

Tower of London task. Participants’ executive function and planning
ability were assessed using the Tower of London task®™. In each trial,
participants were presented with figures illustrating a target board and a
move board, each with three colored balls randomly distributed across
three sticks. The participants were instructed to rearrange the balls on the
move board, to match the positions of the balls on the target board. They
were told to use the fewest possible moves and to plan before attempting
the trial. There were 12 trials in total. An average number of moves,
planning time, execution time, and total time were measured.

IQ Raven test. The 9-item Raven’s Progressive Matrices”, adapted from
the 60-item Raven’s Standard Progressive Matrices®, was used as an
index of participants’ nonverbal intelligence. Each test item was a 3 x 3
matrix of eight black-and-white figures with one missing figure. Parti-
cipants were required to select the best option out of 6-8 figures to
complete the matrix. Participants’ total score was computed.

Eye-movement analysis

EMHMM" was used to model and quantify the participants’ eye-movement
patterns in the face recognition task, with both spatial (fixation locations)
and temporal (transitions between the locations) dimensions of eye
movements taken into account. To ensure the robustness of the model and
avoid distortion from extreme values, outlier fixations were identified and
excluded. Specifically, any fixation location that deviated more than
2.5 standard deviations from the mean fixation location of a stimulus, either
in the vertical or horizontal dimension, was considered an outlier.

We followed previous studies applying EMHMM to face recognition
research'* "% to quantify participants’ eye movement patterns. Speci-
fically, each participant’s eye movements were summarized with one HMM,
which included person-specific ROIs and transition probabilities among
these ROIs. A variational Bayesian approach was used to determine the
optimal number of ROIs for each individual HMM within a preset range of
possible numbers of ROIs from 1 to 6. Each HMM with a specific number of
ROIs was trained 300 times, and the HMM with the highest data log-
likelihood within the preset range was chosen. A variational hierarchical
expectation maximization algorithm® was used to cluster the individual
HMMs into two groups, Pattern A and Pattern B, based on their similarities,
and a representative HMM was generated for each group. The number of

ROIs was pre-specified to be the median number of ROIs of the individual
HMMs. We clustered the individual HMMs into two groups so that we
could calculate the similarities of participants’ eye movement patterns to the
two contrastive ends, making it easier to quantify the cluster scores. We also
tried to determine the optimal number of clusters using a variational
Bayesian approach (ref. 15). However, the optimal number of clusters was
one, which was less informative as compared with having the two con-
trastive ends. We conducted paired-sample t-tests to check whether the two
clusters significantly differed from each other. The clustering procedure was
repeated 100 times to select the result with the highest log-likelihood.

Following previous research'*", the participants’ eye-movement pat-
terns were quantified using the A-B scale, which was defined as (L, — Lg)/
(|La] + [No. 62401342 to Gg|), where Ly and Ly represent the log-
likelihoods of an individual’s eye-movement pattern towards representative
Pattern A and Pattern B, respectively. Thus, the A-B scale measures the
similarity of an individual’s eye movement pattern along the scale, with
Pattern A at one end and Pattern B at the other end. A more positive A-B
scale indicates a higher similarity to Pattern A, and a more negative A-B
scale indicates a higher similarity to Pattern B. In addition, data log-
likelihood L, and Ly were used to evaluate whether the two representative
patterns differ significantly from each other: If the two groups indeed dif-
fered significantly, data from Pattern A participants should have sig-
nificantly higher L, than Lg, and data from Pattern B participants should
have significantly higher Ly than L,"*". Similarly, following previous
studies’ ™, eye movement consistency of the participants was assessed by
calculating the entropy for each HMM™. Higher entropy indicated less
predictability, less consistency, and more randomness in the eye movement
patterns.

EEG analysis

For the EEG Preprocessing, the EEG data were band-pass filtered from
0.1 Hz to 40 Hz with a 2-order Butterworth IIR filter implemented by the
‘pop_eegfiltnew’ function in EEGLab, which was a typical setting for EEG
analysis™”". After filtering, the ICA was performed to remove blinks and eye
movement artifacts. Components associated with blinks and eye move-
ments with a confidence of 99% were identified and discarded by the
ICLabel plugin of EEGLab toolbox™. For each participant’s EEG data, 0-2
ICA components were removed accordingly. Subsequently, the EEG data
corrected by ICA were resampled from 500 Hz to 250 Hz to reduce the
computational complexity. Then, the resampled continuous EEG data were
segmented into trials from —500 ms to 4000 ms, which corresponds to 1125
data points. Note that 500 ms of EEG data before the stimulus was included
for each trial as the chance level baseline.

For the EEG decoding, we analyzed the EEG signals with the ERP
decoding method for phase-locked information analysis and the EEG
instantaneous power decoding methods for phase-independent feature
analysis. ERP components mainly exist in the low-frequency band, and thus,
the EEG data with frequencies lower than 6 Hz were utilized for ERP
decoding™®". For the EEG instantaneous power decoding, an explorative
examination was first conducted to determine the frequency bands of
interest with a non-overlapping bandwidth of 4 Hz between 4-40 Hz. Sta-
tistical analysis results indicated that only the Theta band (4-8 Hz) and the
Alpha band (8-12 Hz) had significantly above-chance-level decoding per-
formance for decoding old vs new faces in the face recognition task across
continuous time points (see Fig. 8). However, the time period with above-
chance-level decoding performance in the Theta band was far less than that
in the Alpha band, and the Theta band overlapped with the frequency band
used in our ERP decoding analysis. Therefore, we focused on Alpha band
analysis for EEG instantaneous power decoding. All EEG bands were
extracted using a zero-phase 4-order Butterworth IIR filter implemented by
the filtfilt function in MATLAB.

The amplitude of the EEG signals was used as the ERP decoding
feature. Specifically, a 5-point moving window was applied non-
overlappingly for each trial to compute the averaged amplitude. After per-
forming the averaging procedure, the 1125 time points of each trial were
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Fig. 8 | The power decoding performance of various frequency bands (4-40 Hz)
for decoding old vs new faces. The AUC values in the shaded areas are significantly
higher than the chance level: light gray indicates areas with the corrected significance

level p < 0.05, whereas darker gray indicates areas with the corrected significance
level p <0.001. The p-values are corrected by the Benjamini and Yekutieli method.

turned into 225 time points, which further reduced the computational
complexity and increased the robustness of instantaneous amplitude esti-
mation. Sequentially, each point of averaged amplitude corresponded to an
EEG signal duration of 20 ms. For each participant, we computed the
decoding performance at each averaged point.

In order to calculate the instantaneous power for the Alpha band, the
Hilbert transform was first applied to each trial of EEG data. Considering the
Hilbert transform is suitable for narrowband signal analysis™*'”’, we further
separated the alpha band into low-alpha band (8-10 Hz) and high-alpha
band (10-12 Hz) for analysis to improve the resolution of frequency ana-
lysis. For both the low- and high-alpha bands, a complex vector with a length
of 1125 time points was obtained for each trial using the Hilbert transform.
Then, complex values standing for instantaneous magnitude were squared
to compute the instantaneous power of each time point. Each trial of the
transformed power data was applied with a 5-point averaging window, in
the same way as the window used in ERP decoding, obtaining a processed
trial with 225 time points.

To realize decoding old vs new faces in the face recognition task, an
SVM with a linear kernel was trained to decode the ERP amplitude features
and instantaneous power features of low- and high-alpha bands. The SVM
with a linear kernel has low computational complexity, and the weights are
interpretable. Besides, the raw classification score output from the SVM was
transformed by the logit function 1/(1 + e™). In this study, a subject-specific
evaluation method was utilized; i.e., the training and testing procedures were
conducted separately for each participant using the EEG data. For each
participant, we computed the decoding performance from time point to
time point to examine the temporal dynamics of decoding performance. To
ensure the robustness of the decoding performance, a bootstrapping eva-
luation strategy was leveraged for the decoding at each time point. Speci-
fically, the feature vector set corresponding to each time point of a trial was
randomly divided into a training set (80%) and a validation set (20%). An
initial check was conducted before splitting to avoid only one category
existing in the training set. There were 63 elements corresponding to 63
channels in one feature vector. Note that trials with wrong responses were
eliminated to avoid noisy information. Then, an SVM was trained using the
training set, obtaining a binary classifier. Subsequently, this classifier was
tested using the validation set to obtain the decoding performance. We
repeated the above training and testing procedure 100 times, and the average
performance was reported. Given that trials with wrong responses were
removed, the training set for each participant was imbalanced. Therefore,
AUC was used to measure decoding performance since it is a more robust

measure for imbalanced datasets'”'. The AUC score ranges from 0 to 1,

where 0.5 indicates the chance level performance. Accordingly, 225 aver-
aged AUC scores were generated for each participant, where the first
25 scores belonged to the pre-stimulus period.

Performance analysis

For the group-level decoding performance analysis, we aimed to examine
the temporal characteristics of EEG signals for decoding whether a pre-
sented face was a learned/old face or a new face using ERP amplitude and
power of the high- and low-alpha bands. Statistical analysis was performed
on the data at each time point from the 84 participants to examine whether
the decoding achieved above-chance level performance. We used the
decoding performance during the pre-stimulus period to define the chance
level performance for group-level decoding performance analysis. More
specifically, for each participant, the average AUC score over the pre-
stimulus period (25 time points) was used as the chance level performance,
forming a chance level data group with 84 samples, each corresponding to a
participant. For each time point during the post-stimulus period, there were
84 samples of average AUC scores, one from each participant. A two-sided
Kolmogorov-Smirnov (K-S) test'” was used to confirm the normal dis-
tribution assumption, and then a pairwise ¢-test was conducted to examine
whether data from each time point during the post-stimulus period were
significantly higher than the chance-level data from the pre-stimulus period.
Given the multiple statistical tests performed across the time points in this
analysis, we used a multiple comparison correction for p-values imple-
mented by a Matlab script'” using the Benjamini and Yekutieli (BY)
method'™. To comprehensively illustrate the significance test results, two
significance level settings at 0.05 (two sided, statistically significant) and
0.001 (two-sided, statistically highly significant), respectively, were reported.
In this work, EMHMM was used to analyze the eye movement data of the
participants (see the “Eye-movement analysis” for details). To gain deeper
insights into the relationship between eye movement behavior and EEG
decoding performance, the same group-level significance test and p-value
correction procedures were applied to the two participant groups discovered
through EMHMM clustering for those EEG bands that showed correlations
with eye movement patterns in the EMHMM analysis.

For the individual-level correlation analysis, we aimed to examine the
relationship between individual differences in ERP/EEG decoding perfor-
mance and eye movement behavior for face recognition. We used two ERP/
EEG decoding performance measures for each participant, namely the TOI-
AUC, where the TOI was defined using the group-level analysis results, and
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the peak latency of the decoding AUC within the TOI More specifically, for
the TOI-AUC, the TOI was defined as the time period with average
decoding AUC significantly above the chance level (p < 0.001) in the group-
level analysis described in the “Eye-movement analysis”, and the TOI-AUC
of each participant was defined as the average AUC within the TOL TOI-
AUC thus reflected the effectiveness of the participant’s ERP/EEG responses
for decoding old vs new faces. The peak latency of decoding AUC was
defined as the time the peak AUC was observed before the participant’s
average RT, which reflected the decoding efficiency of the participant’s ERP/
EEG responses. Pairwise correlation analyses were performed between EEG
measures and other measures, including both eye movement and cognitive
ability measures, and statistically significant correlation coefficients with p-
values less than 0.05 were reported. To address the potential for Type I errors
due to multiple comparisons in correlation analysis, we applied p-value
corrections to the correlations among EEG measure group, eye movement
measure group, and behavioral performance group using the
Benjamini-Hochberg (BH) false discovery correction procedure'”. For data
that did not meet the normal distribution assumption, the Spearman cor-
relation coefficient was used instead. Hierarchical regression analysis was
then used to examine whether eye movement behavior could predict EEG
decoding accuracy, with individual differences in cognitive abilities
controlled.

We performed a feature importance analysis to visualize the important
brain regions in the face recognition task, we examined the importance of
each electrode contributing to the classifier used in the EEG decoding
processes. The classifier used in the EEG decoding was SVM with a linear
kernel, whose trained weights were fully explainable and could directly
represent the importance of input features. Previous studies typically used
the absolute value of the linear SVM weights to perform feature
ranking'"'”". Accordingly, we examined the linear weights from all the
trained SVM models. In each EEG band, a weight matrix w with a size of 63
(channels) x 225 (time points) x 84 (participants) x 100 (testing times on
the validation set) was first gathered, and then the element-wise absolute
operation was performed on w. Subsequently, an average operation was
conducted over the 100 testing times. The weights were normalized to be
within 0-1 along the channel dimension for each time point of each par-
ticipant to control for differences in feature scales across the participants.
After that, the time points within the band-specific significance regions (i.e.,
the time points with decoding accuracy significantly higher than the chance
level in the ERP and alpha band) were selected and the mean weight values
across the time points were calculated to obtain an individual-level average
channel weight for each channel and each participant. The individual-level
channel weights were then averaged across participants to obtain a 63-
element vector of group-level channel weights, with each element corre-
sponding to a channel. This vector of 63 elements, each representing the
average importance of a corresponding channel, was visualized in a topo-
graphy map according to their locations. We also computed the topography
maps for the two eye movement pattern groups separately with the same
approach. Note that for this analysis, we only selected the time points with
highly significant above-chance decoding performance (with corrected
P <0.001), and therefore only the topography of the ERP band and the high-
alpha band were computed.

Data availability

The human data for EEG decoding and eye movement analysis of this
study are publicly available on the Open Science Framework at https://
osf.io/byx8r/ and http://guoyang.work/EMEEGStudy.html. The data
structure and usage can be found within these links. For any additional
information or specific requests, please contact the corresponding author
at jhhsiao@ust.hk.

Code availability

The custom codes for EEG decoding and eye movement analysis of this study
are publicly available on the Open Science Framework at https://osf.io/byx8r/
and http://guoyang.work/EMEEGStudy.html. The EMHMM analysis codes

are available at http://visal.cs.cityu.eduhk/research/emhmm/. For further
details or specific queries regarding the code, please contact the corre-
sponding author at jhhsiao@ust.hk.
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