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Abstract

Human error remains a pervasive risk across safety-critical do-
mains, motivating research on predictive approaches that enable
selective automation and adaptive training. This paper presents a
longitudinal Virtual Reality (VR) study for cognitive failure predic-
tion, collected over 18 months from a participant solving mental
arithmetic problems. We propose a spatio-temporal representa-
tion that transforms eye-tracking features into compact visualiza-
tions, and evaluates its effectiveness using convolutional, recurrent,
and fusion neural models. These models leverage both spatial and
temporal dynamics, achieving 87% accuracy in identifying missed
responses. However, distinguishing wrong from correct answers
proved more difficult, likely due to similar ocular behavior during
confident but incorrect responses and the impact of class imbal-
ance. Overall, the results highlight the feasibility of personalized
Al systems trained on rich within-subject data, and position VR
combined with deep learning as a platform for real-time monitoring
and adaptive training to reduce human error.

CCS Concepts

« Computing methodologies — Neural networks; « Human-
centered computing — Empirical studies in ubiquitous and
mobile computing; Virtual reality; - Information systems —
Personalization.

Keywords

Personalized neural networks, Cognitive failure, Cognitive load,
Eye-tracking, Spatio-temporal representation, Data conversion, Vir-
tual reality, Deep learning

ACM Reference Format:

Tanaz Ghahremani, Sahar Niknam, Berin Venedik, and Jean Botev. 2026.
Visualizing Eye-Tracking Dynamics for Predicting Human Error in Virtual
Reality. In Extended Abstracts of the 2026 CHI Conference on Human Factors

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI EA °26, Barcelona, Spain

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2281-3/26/04

https://doi.org/10.1145/3772363.3798798

Sahar Niknam
VR/AR Lab
University of Luxembourg
Esch-sur-Alzette, Luxembourg
sahar.niknam@uni.lu

Jean Botev
VR/AR Lab
University of Luxembourg
Esch-sur-Alzette, Luxembourg
jean.botev@uni.lu

in Computing Systems (CHI EA °26), April 13—17, 2026, Barcelona, Spain. ACM,
New York, NY, USA, 6 pages. https://doi.org/10.1145/3772363.3798798

1 Introduction

Human error is a major cause of adverse incidents across domains,
from medical malpractice and manufacturing to transportation and
nuclear disasters [10, 13, 15, 24]. As an unavoidable aspect of hu-
man performance, error must be addressed systemically in work
design. Many such errors arise from cognitive failures, such as
lapses in attention or memory [20]. Advances in automation and
Al reduce reliance on manual performance and therefore lower the
likelihood of human error in routine or precise tasks [30, 32, 33].
However, socially acceptable automation systems require minimal,
conditional delegation, and predicting human error enables such
selective intervention. Studies show that errors are not only de-
tectable via post-error neural activity [4, 5, 34], but also predictable
from physiological and behavioral data [12, 17, 27]. Achieving such
predictive capacity, however, demands large-scale datasets that cap-
ture diverse physiological and behavioral patterns. Virtual reality
(VR) offers a unique opportunity to address this challenge. Within
virtual environments, we can integrated biosensors that provide ex-
tensive physiological and behavioral data. Furthermore, such data
can be gathered in scenarios that would be difficult—if not impossi-
ble—to reproduce in real-world settings, such as repeated high-risk
decision-making in war zones or the study of a single-factor effect
under otherwise controlled cognitive workload. Moreover, VR is
already widely adopted as a training environment, from surgical
simulation and medical education to flight training and industrial
safety [6, 16, 23, 25], serving as a platform for studying human per-
formance and error through continuous and objective monitoring
of cognitive markers, such as attentional focus and engagement
level. Eye-tracking, for example, is a reliable method for assess-
ing cognitive states [14, 22, 26]. Many studies have tested neural
networks trained on eye-tracking data as an effective means of
modeling cognitive processes and markers [7-9, 11, 21].
Eye-tracking data are often used as time series or aggregated
measures (e.g., mean pupil size). In contrast, our work contributes by
re-expanding quantitative eye-tracking data into spatio-temporal
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visualizations of eye behaviors. By transforming numerical eye-
tracking features into a minimal visualization of the eyes, we rein-
troduce the missing spatial context—for example, how pupil dila-
tion relates to gaze direction—helping models to capture subtle
signatures such as individual gaze habits. We then use these vi-
sualizations as spatio-temporal inputs to a Convolutional Neural
Networks (CNN), a Long Short-Term Memory (LSTM), and a fusion
model, capturing spatial patterns, temporal dynamics, and their
interactions to predict cognitive failure.

2 Related Work

CNN s have gained popularity for time-series and sequential data,
supplementing traditional recurrent models. CNN architectures
enable parallelization, efficient parameter sharing, and convolu-
tion and pooling operations, lowering the complexity of the model
while preserving crucial temporal-spatial data structures. Recent
Human-Computer Interaction (HCI) studies have used image-based
representations of time-series data to use CNNs for sequence mod-
eling, demonstrating competitive or superior performance to RNNs
while improving training efficiency [1-3, 19, 31]. Empirical studies
have shown that CNNs can capture long-range dependencies [1],
achieve state-of-the-art results in domains such as text classifica-
tion [36], and outperform hand-crafted methods in human-activity
recognition from raw sensor streams [35]. A common extension
of this approach converts time series into image representations
and applies 2D CNNs. Wang and Oates [31] introduced Gramian
angular fields (GAF) and Markov Transition Fields (MTF), using
tiled CNNs on the resulting images and achieved highly compet-
itive classification accuracy. The same methodology was applied
successfully across domains, including emotion recognition [19],
user identification [2], physiological signal analysis [18], hand-
gesture recognition [3]. In eye-tracking research, imaging-based
representations of gaze features have similarly been shown to out-
perform traditional summary-feature classifiers in attentional-state
tasks [29].

This study proposes a practical alternative to complex time-series
encodings by transforming quantitative eye-tracking sequences
into temporal eye frames and utilizing 2D CNNs for predicting
cognitive failure. Our motivation is twofold: image encodings for
enhancing exploratory data analysis and human-in-the-loop vali-
dation, and investigating whether a conceptually directly rendered
temporal eye representation, rather than engineered transforma-
tions like GAFs or MTFs, can achieve similar predictive efficacy
while prioritizing interpretability and the preservation of spatial
intuition within the feature space.

3 Methodology

In this longitudinal study, we collected eye-tracking data from a
participant who completed 300 VR sessions solving multiplication
questions over 18 months. The participant was hired as a research
assistant, and the study received ethics approval from [-BLINDED-
]. The study was conducted in VR as a series of 10-minute sessions.
During each session, we collected eye-tracking data at 120 Hz using
the integrated Tobii tracker in the HTC VIVE Pro Eye headset (Fig-
ure 2). Sessions began with eye-tracking calibration, followed by a
test 1 X 1 question to verify system functionality. The environment
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Figure 1: Virtual environment.

Figure 2: Study setup.

was designed to be minimal, with questions displayed in white on a
solid blue background to control for confounds such as pupil light
reflex and attention-related cognitive load (Figure 1).

Multiplication problems were displayed for a maximum of 15
seconds. If the participant gave no indication of finding an answer
during the interval, the problem was immediately replaced by the
next one. When ready to respond, she pressed a controller button
to activate a virtual keypad, which was operated through hand ges-
tures tracked by a Leap Motion Controller (Figure 2). The question
set evolved across sessions. In the first session, the participant was
presented with a random set of about 1, 200 two-digit multiplication
problems. Thereafter, a personalized subset of the questions was
selected, consisting of problems the participant judged manageable
yet challenging—demanding genuine cognitive effort without being
so difficult as to cause disengagement or so simple as to require
only superficial processing. Whenever the participant made fewer
than five errors in five consecutive sessions, the personal subset
was updated with more difficult questions. Upon completion of 300
sessions, we collected 17, 343 eye-tracking samples, which included
eye openness, pupil diameter, pupil relative location (2D vector), and
gaze direction (3D vector). Samples were labeled as Correct for ac-
curate responses (15, 217 samples), Missed when no response was
given within 15 seconds (1, 100 samples), and Wrong for inaccurate
responses (1,026 samples).
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3.1 Preprocessing

Because response times varied, samples differed in length and were
standardized by truncation to the final 30 frames—corresponding
to 250 ms—an interval associated with high-level cognitive process-
ing [28]. The sequential eye-tracking data were then converted into
spatio-temporal eye frames (Figure 3). To generate these frames, eye
outlines were positioned at fixed horizontal offsets. Eyelid move-
ment was represented by openness signals. Pupil diameter, illus-
trated with green circles, was discretized into four levels, allowing
for a stable representation without noise amplification. Pupil posi-
tion was transferred from sensor data, and the iris was rendered
for size. Gaze direction was indicated by arrows originating from
the pupil. Furthermore, a fading movement trace was added to
frames to retain temporal structure and help convolutional neural
networks recognize temporal patterns. This visualization reflects
actual anatomical scales, including proportional eye form and dis-
tance between eyes. Finally, to address class imbalance, we applied
majority-class downsampling followed by minority-class augmen-
tation via controlled noise injection prior to image generation. All
images were subsequently normalized and resized to a fixed resolu-
tion for CNN training.
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Figure 3: Example of an eye representation frame.
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3.2 Model Architectures and Training

To evaluate different eye-tracking representations, we trained a
CNN, an LSTM, and a fusion model combining both. All models
used a batch size of 32, up to 250 epochs, with a learning rate of 1073,
weight decay of 1074, and early stopping (patience 50). Data were
split 80:10:10 for training, validation, and testing. The CNN was
trained on temporal eye images, leveraging spatial and short-term
temporal features by concatenating all frames into a 30-channel
input (250 ms at 120 Hz). The CNN architecture, as shown in Fig-
ure 4, consists of convolutional layers for spatial feature extraction,
followed by a temporal attention module to highlight informative
frame dynamics. Dropout was used throughout the network to
prevent overfitting. The final classifier is a stack of fully connected
layers with normalization and non-linear activations that produce
the class predictions. This CNN architecture used local connectiv-
ity, parameter sharing, and hierarchical feature abstraction while
focusing on short-term temporal cues. It served as a baseline image-
based model for comparing sequential and fusion approaches. The
second approach used a recurrent neural network with LSTM units
to model raw quantitative eye-tracking time series. This bidirec-
tional LSTM architecture incorporates both forward and backward
temporal contexts, improving its capacity to recognize patterns
before cognitive failures. The model output was condensed into a
classifier head with Softmax activation and dropout regularization,
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providing a complementary perspective to the CNN-only approach.
The Fusion model, as shown in Figure 5, integrates per-frame visual
embeddings from temporal eye frames with parallel quantitative
feature sequences to learn joint spatio-temporal representations.
The Fusion architecture is composed of three modules: a CNN-
based image encoder, a recurrent feature encoder, and a fusion
LSTM followed by a classifier. The image encoder extracts spatial
representations from the eye-image sequence, while the feature
encoder uses a bidirectional recurrent layer to capture temporal
patterns in the numerical attributes. Their outputs were combined
and processed by a fusion LSTM to model cross-modal temporal
dependencies. The resulting representation is then passed to a fully
connected classifier with nonlinear activation and dropout for the
final prediction. The Fusion model was designed to capture comple-
mentary patterns, such as instantaneous visual cues and long-term
sequential trends, in order to outperform single-modality baselines.

4 Results

We evaluated our models on the dataset with three classes: Correct,
Missed, and Wrong answers. The Missed class showed a clear and
consistent ocular pattern, allowing models across all architectures
to identify these samples with relatively high accuracy. However,
performance was lower when discriminating between Correct and
Wrong responses, as their eye-tracking signatures appeared highly
similar. None of the models achieved satisfactory classification
performance on the Wrong class, although the Missed class was
detected with reasonable recall (Table 1). The LSTM-only model
performed best overall, particularly on the Missed class. The CNN-
only model maintained its competitiveness, while the Fusion model
produced balanced results, but neither addressed the poor separabil-
ity of the Wrong class. In the three-class setup, models struggled to
identify the Wrong class, although Missed responses were detected
more reliably, and Correct responses performed relatively well. The
difficulties appeared to originate not from limited training capacity,
but from the behavioral similarities between Correct and Wrong
trials. These results prompted a change to a binary task contrasting
the Correct and Wrong classes.

The binary classification task resulted in substantially improved
performance (Table 2). Overall, the LSTM-only model outperformed
the CNN-only model in both three-class and binary classification
settings. The loss curves in Figure 6 and the confusion matrix in
Figure 7 illustrate the stability of training and the class separation
achieved by the model. However, the CNN-only model showed
highly competitive results, suggesting that convolutional archi-
tectures are a promising alternative for longer time sequences or
complex feature sets. The Fusion model provided the most balanced
performance across the two classes, although it is more complex
and computationally more costly than the single-modality models.

5 Discussion

This work investigates the potential of semantic visualizations
of eye-tracking time series for predicting cognitive failure in VR.
We trained a CNN-only, an LSTM-only, and a Fusion model on
spatio-temporal data representations to evaluate how well differ-
ent architectures capture patterns indicative of impending failure.
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Figure 5: CNN and LSTM Fusion model architecture.

Table 1: Precision (P), recall (R), F1-score, and overall accuracy (Acc.) of the models on the three-class test set.

Correct Missed Wrong
Model P R F1 P R F1 P R F1

CNN-only 0.572 0.553 0.563 0.647 0.647 0.643 0.348 0.364 0.356 0.522
LSTM-only 0.607 0.773 0.680 0.626 0.902 0.739 0.458 0.100 0.164 0.605
Fusion 0.624 0.707 0.662 0.638 0.814 0.716 0.387 0.218 0.279 0.588

Acc.

Table 2: Model performance on the two-class test set.

Correct Missed
Model P R F1 P R F1

CNN-only 0.865 0.813 0.838 0.750 0.816 0.781 0.814
LSTM-only 0.932 0.827 0.876 0.783 0.913 0.843 0.862
Fusion 0.920 0.847 0.882 0.800 0.893 0.844 0.866

Acc.
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Figure 7: LSTM-only model’s normalized confusion matrix
on the test dataset.

While all models reliably distinguished Missed from Correct re-
sponses (Table 2), separating Wrong from Correct samples remained
unresolved (Table 1).

As highlighted in Table 1, in the three-class task, all models
achieved their highest scores on the Missed class, suggesting that
this class exhibits pronounced and learnable ocular patterns. Perfor-
mance on Correct responses was moderate, while Wrong responses
remained poorly detected across architectures. The slightly better
performance on Correct samples can be attributed to the class im-
balance. Despite downsampling the majority class and augmenting
the minorities, Correct samples still offered greater variation and
information content, biasing the training process toward classifying
ambiguous cases as Correct. Overall accuracy in the three-class task
remained modest (0.52-0.60), reflecting limited robustness, with
the LSTM-only model performing best overall, particularly on the
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Missed class, due to its ability to describe short sequences domi-
nated by pupil diameter dynamics. Given the quick convergence
of the models (Figure 6), this limitation is unlikely to stem from
insufficient training capacity, but rather from subtle, difficult-to-
capture nuances in ocular behavior. Reviewing the wrong answers
revealed frequent examples of attentional slips (e.g., 468 instead
of 668, or 281 instead of 261). These observations suggest that
the participant was not struggling with the arithmetic, and pro-
duced incorrect results with confidence. This false confidence likely
explains the similarity in cognitive and ocular behavior between
the Correct and Wrong classes. Building on this intuition, we next
focused on the two-class task, contrasting Correct against Missed
responses. As expected, all models surpassed 81% accuracy in the bi-
nary task, with LSTM-only and Fusion architectures outperforming
CNN-only (Table 2). The LSTM-only model achieved the highest
precision on Correct and the highest recall on Missed responses. The
Fusion model achieved marginally higher overall accuracy (0.866
vs. 0.862 for LSTM) and a very similar F1 score on the Missed class.
The Fusion model provided the most balanced performance across
the two classes, although it is more complex and computationally
more costly than the single-modality models. This suggests that
while combining spatial and temporal features can yield comparable
or slightly improved performance, the simpler LSTM-only model,
leveraging the strong temporal signal, remains highly effective and
efficient for this specific task.

5.1 Limitations and Future Work

The main limitation of this study is its single-participant sample,
which restricts generalizability and renders the findings exploratory.
Future work should test how such individualized models scale to
larger and more diverse cohorts. The inherent class imbalance in the
dataset is another limitation. Despite applying downsampling and
augmentation, the uneven response distribution exposed the models
to substantially greater variability in the Correct class than in Missed
or Wrong. This imbalance reduced generalizability—particularly
in the three-class setting—and biased predictions toward Correct
for ambiguous cases. Another challenge lies in the design of the
arithmetic task, which was deliberately simple and personalized to
sustain engagement without discouragement. While this ensured
genuine cognitive effort, it also resulted in predominantly easy
trials. Consequently, Missed and Wrong responses largely reflected
attentional lapses rather than substantive cognitive errors. Finally,
future work will explore more complex tasks in realistic, real-world
scenarios to further improve the applicability and generalizability
of the results.

6 Conclusion

A central contribution of this work is a semantic spatio-temporal
representation of eye-tracking data, a compact and interpretable
visualization method that captures cognitive dynamics, enabling
exploratory data analysis and supporting human-in-the-loop valida-
tion. While we did not achieve acceptable performance in predicting
slips and lapses, our findings indicate that deep learning models
can predict cognitive inconclusiveness. In time-sensitive decision
contexts, awareness of such an inconclusive mental state justifies
the socially acceptable delegation of tasks to automated systems.
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As headsets become lighter and biosensors more integrated,
large-scale physiological data collection in naturalistic settings
becomes feasible. Combined with advancing Al, this enables extrac-
tion of subtle cognitive markers and the development of personal-
ized failure models to enhance safety and performance in everyday
and high-risk contexts.
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