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ABSTRACT

Autism Spectrum Disorder (ASD) is characterized by differences in social-emotional
information processing that may be reflected in pupil dynamics as markers of attention,
arousal, and regulation. This study examined pupillometric responses to real and
virtual emotional facial stimuli in adults with high-functioning ASD and neurotypical
controls. Conventional peak-, latency-, and recovery-based analyses mainly showed
emotion- and stimulus-format-related effects, but no robust corrected group effects.
Complementary exploratory analyses therefore extracted baseline-corrected area-
under-the-curve (AUC) features during the first four seconds after stimulus onset. The
strongest exploratory effects indicated lower positive pupillary AUC, reduced trial-to-
trial variability, and weaker emotion-related differentiation in the ASD group (Hedges
g approximately -0.87 to —1.02; uncorrected p = .002-.007). However, these effects did
not survive false discovery rate correction across all tested exploratory features. The
findings suggest that time-integrated and variability-sensitive pupil indices may be
more informative than isolated extrema for future sensor-based learning analytics,
while emphasizing the need for pre-registered replication in larger samples.

Keywords: High-functioning ASD, Pupillometry, Emotional face videos, Virtual characters,
Learning analytics, Area under the curve

INTRODUCTION

Autism Spectrum Disorder (ASD) is characterized by persistent differences
in social communication and interaction, often accompanied by atypical
attention to socially relevant cues such as faces, gaze direction, and affective
expressions (Guillon et al., 2014). In adulthood, these differences remain
highly relevant because they influence everyday participation in education,
work, and interpersonal settings. One particularly important challenge
concerns the recognition and regulation of emotions during social interaction
(Baron-Cohen, 1995; Howe, 2023). When emotionally relevant information
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is processed in an atypical way, misunderstandings can arise not only at the
level of emotion recognition accuracy, but also in the temporal dynamics of
orienting, arousal, and recovery. For human factors research, this is important
because social behaviour in digital environments is increasingly mediated by
interactive systems that can, in principle, sense and respond to user state.

Eye tracking provides a promising route toward such sensing. It is non-
invasive, increasingly affordable, and well suited for capturing fine-grained
attentional behaviour during naturalistic computer-based tasks. In ASD
research, gaze behaviour has repeatedly been used to study how visual
attention is distributed across eyes, mouth, and non-social regions of a
scene (Guillon et al., 2014). Pupillometry extends this approach by adding a
measure of autonomic and cognitive response dynamics (Math6t, 2018). Pupil
dilation is sensitive to attentional effort, emotional salience, and regulatory
load, and may therefore reveal aspects of socio-emotional processing that are
not visible in overt behavioural responses alone (Langer et al., 2023). This
makes pupillometry attractive for sensor-based learning analytics in serious
games, where online indicators of engagement, challenge, and emotional
load are needed to personalize feedback and task difficulty (Figure 1).

Figure 1: The objective is to extract relevant biomarkers from pupillometry and
eye-tracking measures for the exploration of learning analytics in ASD-oriented
serious games. This would enable improvements in the training of people with ASD
to successfully engage in social scenarios. The picture shows the virtual character
“Camilla” in communication with the user (the social gaze point is super-imposed in
green color).

The present paper builds on this perspective and examines whether
video-based real and virtual emotional faces elicit comparable pupillometric
signatures in adults with ASD. The comparison is relevant for applied human
factors and ergonomics because virtual characters offer clear advantages for
digital intervention design: they are controllable, reproducible, and scalable,
and they can be embedded in interactive learning environments. At the same
time, their practical value depends on whether they trigger response patterns
that are functionally similar to those elicited by real human faces. If this is
the case, virtual stimuli could support valid assessment and adaptive training
in serious-game settings.
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Against this background, the study investigates pupillometric responses
at rest and during emotion processing in high-functioning adults with ASD
and neurotypical controls. The focus lies on peak dilation latency, dilation
amplitude, and recovery time as candidate digital biomarkers. By linking
these measures to a structured Emotion Recognition and Regulation Task
(Pszeida et al., 2025), the paper aims to contribute to the design of objective
learning analytics that are sensitive to temporal aspects of socio-emotional
processing. Beyond group comparison, the broader goal is to clarify
whether virtual face stimuli can serve as a scientifically credible basis for
scalable digital assessment and future adaptive intervention systems for
adults with ASD.

A further motivation is methodological. Many existing autism studies
have relied on static photographs, child samples, or coarse behavioural
outcome measures. However, adult populations with ASD, especially those
with average or above-average cognitive ability, may perform adequately
on accuracy-based tasks while still showing atypical processing dynamics.
In such cases, latency and recovery measures can reveal differences that
remain hidden when only socially expected versus atypical responses are
considered. Dynamic video stimuli are also closer to real social interaction
than still images and therefore increase ecological validity for human-centred
system design.

This work addresses the intersection of neurodiversity, learning analytics,
and digital therapeutics. Rather than treating eye tracking as a diagnostic
endpoint alone, the study interprets pupillometric measures as operational
indicators that can eventually inform adaptive interfaces, user modelling, and
individualized training trajectories. The paper therefore moves from a purely
descriptive comparison of groups toward an applied interpretation: which
eye-tracking-based markers appear robust enough to guide future adaptive
serious games for socio-emotional learning in adults with ASD.

The longer-term vision is a paradigm shift toward personalized digital
therapy using a serious game framework (Wunsch et al., 2025). At its core is
a two-way Digital Therapy Solution (2-DTS’) that leverages computer vision
and psychophysiological measures to deliver interactive, individualized
emotion recognition training. In such a two-way digital therapy solution,
hyper-realistic avatars can serve as reproducible emotional templates
embedded in gamified social scenarios. Personalization is central: the system
should not only present tasks but also sense attention and regulatory state
through eye tracking and related psychophysiological markers.

RELATED WORK
Emotion Regulation and Eye Tracking in Adults With ASD

Research on social attention in ASD has consistently shown that facial
emotion processing is shaped by atypical allocation of visual attention.
Meta-analytic evidence indicates that emotion recognition is, on average,
less accurate in autistic individuals than in neurotypical groups, although
findings vary with task demands and stimulus modality (Uljarevi¢c &
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Hamilton, 2013). Eye-tracking studies refine this view by showing that the
issue is not only whether an emotion is recognized correctly, but also how
attention is distributed across informative facial regions over time. Atypical
fixation patterns to the eye region, increased attention to less informative
areas, and greater variability in scan paths have all been associated with ASD
(Guillon et al., 2014).

For adults, this is especially relevant because explicit performance can
appear relatively intact while underlying processing remains atypical.
A systematic review and meta-analysis of eye-tracking studies in adults with
ASD concluded that fixation behaviour toward eyes and non-social regions
can differentiate autistic and non-autistic adults, particularly in passive
viewing paradigms (Setien-Ramos et al., 2023). Dynamic tasks are therefore
valuable because they capture the temporal unfolding of social attention
rather than a single static snapshot.

Emotion regulation adds a second layer to this account. Difficulties in
ASD are not limited to decoding affective expressions; they also involve
altered modulation of attention and arousal when emotionally salient
material is encountered. In adults with ASD, maladaptive cognitive emotion
regulation strategies have been associated with higher anxiety and depression,
highlighting the functional importance of regulation processes (Bruggink
et al.,, 2016). Eye-tracking work further suggests that regulation-related
mechanisms can be reflected in sustained attention to negative material,
reduced flexibility of orienting, or delayed disengagement from emotionally
salient cues (Garcia-Blanco et al., 2017). Anger cues are particularly relevant
because they combine strong social salience with elevated regulatory demand.
Meta-analytic evidence suggests a small but meaningful attentional bias
toward threatening faces in ASD, with larger effects in adults than in children
(Fan et al., 2021).

Stimulus realism is another key issue for applied design. Virtual characters
offer experimental control, repeatability, and scalability, but their value
for assessment and training depends on whether they engage mechanisms
like those elicited by real human faces. Work on dynamic emotional faces
in autistic adults indicates that atypical visual attention remains detectable
under more ecologically valid conditions, although outcomes depend on
task demands and stimulus design (Macinska et al., 2024). This makes
the validation of virtual stimuli essential for serious games and XR-based
interventions (Poglitsch et al., 2024).

Pupillometry as a Digital Biomarker Layer

Pupillometry adds a particularly valuable dimension to this literature.
Whereas fixations and saccades indicate where a person looks, pupil dynamics
provide information about arousal regulation, attentional effort, and
temporal processing load. A systematic review and meta-analysis concluded
that pupillary responses differ between individuals with and without ASD,
with especially robust indications for altered latency and response dynamics,
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although interpretations vary across paradigms (de Vries et al., 2021). Earlier
work also showed atypical baseline pupil size and autonomic indicators in
ASD, supporting the view that pupil measures can index altered autonomic
regulation during social and emotional processing (Anderson et al., 2013).
Broader meta-analytic evidence on gaze behaviour further supports the use
of eye tracking as a scalable biomarker approach in autism research (Frazier
et al., 2017).

Overall, the literature points to three unresolved issues: adult ASD
requires methods sensitive to process dynamics rather than only accuracy;
emotion regulation should be studied together with visual attention; and
the translational value of virtual characters depends on whether they elicit
pupillometric signatures comparable to those observed with real faces. The
present study addresses these gaps by focusing on adults, dynamic emotional
videos, and pupil-based temporal biomarkers.

STUDY PROTOCOL
Participants and Screening

The study was performed at the University Clinics in Freiburg, Germany,
and followed a case-control design. The subject-level exploratory dataset
comprised 41 adults, including 20 participants with ASD and 21 neurotypical
controls (NTC). The ASD group had a mean age of 26.20 years (SD = 4.78;
50% female), while the control group had a mean age of 23.71 years (SD
= 2.93; approximately one third female). Marker-specific analyses used the
available valid cases after eye-tracking quality control.

To characterize the sample, participants completed a standardized
psychological battery including the RADS-R for autism-related
symptomatology (Rausch et al., 2025; German version of RAADS-R, Ritvo
et al.,, 2011) and the CFT-20R for fluid intelligence (Weifs, 2008). The ASD
group showed markedly elevated RADS-R scores (M = 128.72, SD = 38.36)
compared with controls (M = 17.24, SD = 12.47), while fluid intelligence
was comparable between groups (ASD: M = 116.95,SD = 11.22; NTC: M =
114.48, SD = 13.05), indicating a high-functioning ASD subgroup.

Emotion Recognition and Regulation Task

The experimental core was the Emotion Recognition and Regulation Task
(ERRT), implemented as a digital eye-tracking task. Participants viewed
short video clips showing six basic emotional expressions—joy, sadness, fear,
disgust, anger, and neutral—displayed by real human faces from the validated
FACES database (Ebner et al., 2010) and by artificially generated virtual
faces (Figure 2). Conventional analyses used pre-stimulus normalization and
peak/latency parameters; the exploratory analysis additionally used trial-
based baseline correction and AUC features during the first four seconds
after stimulus onset.



202 Pszeida et al.

Figure 2: (Left) 4 emotionally weighted stimuli from the FACES database (Ebner et al.,
2010). (Right) 4 artificially generated characters representing emotionally neutral,
virtual stimuli (Poglitsch et al., 2024; Pszeida et al., 2025).

Pupillometric outcome variables were selected to capture complementary
aspects of response dynamics (Hershman et al., 2023). The predefined
markers comprised peak constriction, latency to peak constriction, the
interval from constriction to subsequent dilation, and 50% recovery time.
For the exploratory analysis, baseline-corrected trial-level curves were
also summarized as positive AUC, absolute AUC, peak dilation, peak
constriction, latency measures, subject-level trial variability, emotion-
related differentiation, and real-versus-avatar contrasts. Positive AUC was
interpreted as cumulative phasic dilation above the baseline-corrected curve.

(i) drift correct (3.000 ms) (i) drift correct (3.000 ms)

(ii) H s) (ii) virtual stimulus (2.000 ms)

1... Freude 1..(Freyde
2.. Angst 2...~-Angst
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4... Neutral 4... Neutral
5. Wut 5. Wut
[3 6.

Trauer Trauer

(iii) emotion classification (5.000 ms) (iii) emotion classification (5.000 ms)

Figure 3: Emotion recognition and regulation task. Fixations are visualized in tobii pro lab.
The task includes user-based emotion classification across six categories: joy, fear, disgust,
neutral, anger, and sadness. Stimuli include virtual faces and FACES database stimuli
(Ebner et al., 2010).
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The objective of our work is to examine facial emotion processing in the
context of attentional switching to socially relevant stimuli as an important
avenue to elucidate the mechanisms underlying social differences in ASD. The
presented work addresses, particularly the potential application in sensor-
based learning analytics in serious games for people with ASD.

The Standard Operating Procedure (SOP; Figure 3) was structured as
follows. After informed consent and familiarization, participants completed
standardized psychological tests, including the level of intelligence (CFT
20-R; Weifs, 2006), and measuring of ASD traits in adults (RADS-R).
They then performed the ERRT while eye tracking was recorded. The task
sequence consisted of drift correction, stimulus presentation, and emotion
classification; wearable cardiovascular sensing was prepared for future
multimodal extensions. Eye tracking was performed with a Tobii Fusion Pro
system at 250 Hz to enable analysis of fixation, saccade, and pupil-diameter
features in Tobii Pro Lab. A Polar Verity Sense sensor was additionally
prepared to capture photoplethysmography-derived heart rate and heart-
rate-variability measures for future multimodal extensions.

The Ethics Committee at the University Freiburg Clinics authorized the
study (No. 25-1071-S1).

Research Hypotheses and Learning Analytics

The protocol was designed from a learning-analytics perspective. In addition
to explicit task performance, the aim was to derive objective biomarkers that
can later be integrated into a serious game for adults with ASD. In this sense,
the ERRT served as a controlled probe task to identify pupil-based markers
of socio-emotional processing that are sufficiently stable, discriminative, and
interpretable for adaptive digital environments. The comparison between
real and virtual faces was central because virtual characters are the intended
medium for later game-based assessment and training.

The main hypothesis was that adults with ASD would show altered
pupillometric dynamics during emotion processing compared with
neurotypical controls. A second hypothesis was that virtual emotional faces
would evoke response profiles comparable to real faces. The predefined
repeated-measures analyses tested effects of emotion and stimulus format
with group as a between-subject factor. The exploratory feature-level analyses
used Welch group comparisons, Hedges g, false discovery rate correction
across all tested features, and quality-filtered sensitivity checks based on
valid-trial rate.

EXPERIMENTAL RESULTS

The analysis focused on pupillometric responses, operationalized as changes
in pupil dilation. Responses were examined during the first 4.000 ms after
video stimulus onset (each video with duration of 2.000 ms was repeated)
and normalized to the specific mean pupil diameter recorded during the 500
ms baseline period (depicting crosshair as drift correct with a total duration
of 3.000 ms) before stimulus presentation.
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Figure 4 shows various time courses of pupil size at 200 ms sampling
intervals, in the context of expressing emotion of ‘anger’ as well as ‘neutral’
expression, with mean (M) and standard deviations (SD).
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Figure 4: Pupillometric responses on (a) real and (b) virtual face video stimuli
expressing emotion of ‘anger’, as well as on (c) real ‘neutral’ faces, depicting larger
pupil response magnitudes and delayed time-to-peak pupil dilation of adult persons
with ASD compared with neurotypical controls (NTC), with mean (M) and standard
deviations (SD).

Predefined Peak, Latency, and Recovery Markers

The predefined analyses first evaluated conventional pupillometric markers
derived from peak and latency parameters. These analyses were important
because they represent the most direct candidate biomarkers for online use
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in a learning-analytics system. Across the four conventional markers, the
results did not provide stable evidence for a corrected ASD-versus-NTC
group difference (Table 1).

Overall, the most consistent effects were related to emotion and stimulus
format, especially for latency-based parameters. However, an anger-specific
analysis of 50% recovery revealed a significant group effect, F = 5.980, p
=.020, np? = .157, with longer recovery in ASD than in NTC participants
(390.8 ms vs. 228.8 ms), indicating slower post-response pupil recovery in
this condition.

Table 1: Predefined repeated-measures ANOVA results from the conventional peak-,
latency-, and recovery-based pupillometry markers. The quality-filtered recovery
effect is treated as exploratory because of marker-specific missingness and reduced
sample size.

Marker Main Group Emotion / Real-vs- Interpretation
Effect Virtual Effects
Peak constriction F=1.886,p = emotion p = 0.756;  No robust group effect; no
/ negative peak 0.181,1?=0.065 real-vs-virtual p = relevant stimulus-format
amplitude 0.249 effect.
Latency to peak  F=0.025,p emotion p = 0.01; Timing varied by emotion
constriction =0.876,1n’= real-vs-virtual and stimulus format, but
6.475x10-4 p =0.001 not by group.
Constriction-to- F=1.787,p= emotion p = 0.168; Strong stimulus-format
dilation interval 0.189,1?=0.045 real-vs-virtual effect; no group separation.
p <0.001
50% recovery after F=3.033,p = emotion p=0.066; Uncorrected group trend
constriction 0.096,1?=0.121 real-vs-virtual p = only; quality-filtered result
0.347 remained exploratory.

Taken together, the conventional markers support the interpretation that
real and virtual social stimuli evoke measurable pupil-response dynamics,
but they do not provide a sufficiently robust stand-alone group marker. This
is consistent with the internal data summary indicating that the originally
selected four parameters were mainly sensitive to stimulus and emotion
effects rather than to corrected group-level ASD-versus-NTC differences.

Exploratory AUC-Based and Variability-Sensitive Features

To examine whether broader temporal summaries of the pupil curve were
more sensitive, a second feature-level analysis was conducted on baseline-
corrected trial data (Figure 5, Table 2). The strongest exploratory effects
were observed for positive AUC features in the first four seconds after
stimulus onset. In contrast to isolated extrema, these features summarize the
cumulative positive dilation component and can therefore capture sustained
phasic engagement across the full response window. The most consistent
pattern was a reduction of positive pupillary reactivity in the ASD group.
Positive AUC variability showed the largest effect (ASD: M = 0.206, NTC:
M = 0.340; p = .0019; g = -1.02), followed by emotion differentiation of
positive AUC (p = .0047; g = =0.92), mean positive AUC (p = .0067; g =
-0.87), and avatar positive AUC (p = .0071; g = —0.87). Peak dilation and
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latency to peak constriction also showed medium-to-large exploratory effects.
However, none of the exploratory effects survived FDR correction across the
full feature set; the best corrected value was p_FDR approximately .135.

Mean positive AUC
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Figure 5: Exploratory pupillometry features by group. Compared with neurotypical
controls, ASD participants showed lower positive AUC, trial variability, emotion
differentiation, avatar AUC, peak dilation, and latency to peak constriction. Welch tests
and Hedges g are uncorrected; findings are exploratory, as FDR correction was not

significant.

Table 2: Candidate exploratory group effects. Negative Hedges g denotes lower
feature values in the ASD group than in neurotypical controls. The p column reports
uncorrected Welch tests; p_FDR reports false-discovery-rate-corrected values from

the full exploratory

feature set.

Exploratory Feature ~ ASD M (SD) NTC M (SD) p p_FDR  Hedges g
Positive AUC 0.206 (0.108) 0.340 (0.147) 0.0019  0.135 -1.02
variability, 0-4 s

Emotion 0.075 (0.039) 0.127 (0.069) 0.0047  0.135 -0.92
differentiation,

positive AUC

Mean positive AUC,  0.166 (0.120) 0.301 (0.177) 0.0067  0.135 -0.87
0-4s

Avatar positive AUC, 0.173 (0.121) 0.318 (0.196) 0.0071  0.135 -0.87
0-4s

Latency to peak 2465.265 2916.747 0.0265  0.135 -0.70
constriction, ms (559.751) (688.407)

Peak dilation 0.176 (0.075) 0.239 (0.104) 0.0314  0.152 -0.68
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Sensitivity analyses supported the descriptive stability of the main AUC
pattern. When participants with a valid-trial rate below .70 were excluded,
mean positive AUC remained lower in the ASD group (p = .011, g = -0.82),
and positive AUC variability remained the strongest marker (p = .0039,
g = —0.95). With a stricter valid-trial rate threshold of .80, the same two
features remained conspicuous (mean positive AUC: p = .014, g = -0.81;
AUC variability: p = .0056, g = -0.92). These analyses strengthen the signal-
level plausibility of the pattern, but they do not convert the findings into
confirmatory evidence (Figure 6).

Exploratory pupillometry group effects
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Figure 6: Exploratory effect-size summary for the candidate pupillometry features.The
vertical dashed line represents no group difference. Effects to the left indicate lower
values in the ASD group than in neurotypical controls. AUC-based measures cluster
among the largest effects, whereas absolute AUC and peak constriction do not show
meaningful separation.

Implications for Virtual-Stimulus Learning Analytics

The exploratory findings suggest that AUC-based pupil features may better
capture the dynamic modulation of socio-emotional processing than single
peak values alone. In applied terms, this is relevant for serious games and
virtual-character training because a user-adaptive system needs markers
that are sensitive to gradual changes in arousal, attention, and regulatory
engagement.
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The absence of strong avatar-minus-real differences in the exploratory
feature set further suggests that virtual emotional faces can evoke pupil-
response patterns that are sufficiently comparable to real faces for use as
controlled training stimuli.

The pattern should be interpreted as reduced positive pupillary reactivity
and reduced trial- and emotion-related differentiation in ASD, rather than as
a definitive diagnostic biomarker. This interpretation is compatible with the
view that social-emotional processing differences may be reflected not only
in recognition accuracy or gaze allocation, but also in the coupling between
visual attention, affective salience, and autonomic arousal.

For future learning analytics, the most promising direction is therefore not
a single-threshold classifier, but a multi-feature state model that combines
AUC, variability, gaze allocation, task performance, and potentially
cardiovascular or electrodermal signals.

DISCUSSION

This paper extends the original peak- and latency-based pupillometry
analysis with exploratory AUC-based features. The central methodological
insight is that conventional extrema are easy to interpret but may miss
group-relevant differences in the temporal shape of the response. AUC and
variability measures integrate information over time and may therefore
be more appropriate for dynamic social-emotional stimuli, where relevant
differences can emerge as cumulative modulation rather than as a single
maximum or minimum.

At the same time, the exploratory nature of the results must remain explicit.
The number of tested features was large, many features were correlated, and
the strongest uncorrected effects did not survive FDR correction. The present
data therefore support hypothesis generation and feature prioritization, not
confirmatory claims. A next study should pre-register a compact set of AUC-
based markers, define exclusion and quality thresholds prospectively, and
validate the markers in an independent sample with sufficient statistical
power.

For human factors and ergonomics, the practical value lies in the translation
from measurement to adaptive design. If replicated, reduced positive AUC
and reduced emotion differentiation could inform individualized pacing,
repetition, feedback, and selection of avatar expressions in serious games for
adults with ASD. Because virtual stimuli are controllable and reproducible,
they are particularly well suited for systematic manipulation of emotional
intensity, ambiguity, and interaction difficulty.

CONCLUSION AND FUTURE WORK

The complemented analysis indicates that predefined peak-, latency-, and
recovery-based pupil markers alone did not provide robust corrected ASD-
versus-NTC group effects. Exploratory feature-level analyses, however,
revealed a coherent pattern in which adults with ASD showed lower
positive AUC, lower trial-to-trial variability, and weaker emotion-related
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differentiation of pupillary responses to emotional faces. These effects were
medium to large in uncorrected tests but did not survive FDR correction and
must be treated as preliminary.

Future work should replicate the AUC-based markers in a larger and more
diverse sample, pre-register the feature set, and combine pupillometry with
gaze, HRV, EDA, and behavioural emotion-recognition measures. The long-
term objective is a validated learning-analytics layer for adaptive virtual-
character training, where psychophysiological markers can help personalize
task difficulty and feedback without overinterpreting exploratory group
effects.
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