CEUR-WS.org/Vol-4266/paper24.pdf

CEUR
E Workshop
Proceedings

published 2026-06-27

Spatio-Temporal Representation of Eye-Tracking Data for
Cognitive Failure Detection in VR

Tanaz Ghahremani®*, Sahar Niknam?, Berin Venedik! and Jean Botev!

'VR/AR Lab, University of Luxembourg, 6 Avenue de la Fonte, L-4364 Esch-sur-Alzette, Luxembourg

Abstract

Human error remains a pervasive risk across safety-critical domains, motivating research on predictive approaches
that enable selective automation and adaptive training. This paper presents a longitudinal Virtual Reality (VR)
study for cognitive failure prediction, based on 50 hours of eye-tracking data collected over 18 months from
a participant solving mental arithmetic problems. We propose a semantic spatio-temporal representation that
transforms quantitative eye-tracking features into compact visualizations, and evaluates its effectiveness using
machine learning models, including convolutional, recurrent, and fusion neural architectures. These models
leverage both spatial and temporal dynamics to detect performance outcomes, achieving up to 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 imbalance.
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 practical platform for real-time monitoring and adaptive training
to reduce human error.
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Figure 1: Conceptual illustration of the study pipeline: from ocular behavior to spatio-temporal representation.
Visual elements and values are illustrative.

1. Introduction

Human error is a major contributor to adverse incidents across domains, from medical malpractice and
manufacturing accidents to transportation fatalities and nuclear power plant catastrophes [1, 2, 3, 4].
Given the inevitability of mistakes in human performance, human error constitutes a systemic problem
that must be addressed within the design of work systems. Reason classifies human error into two
categories of slips and lapses and mistakes [5]. While mistakes happen during decision-making processes
and is usually the result of cognitive shortcomings in addressing a new issue, slips and lapses of attention
and memory happens during skill-based task, when the individual fails a task they already mastered. A
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substantial portion of these errors stems from cognitive failures, such as slips of attention or lapses of
memory [5], while performing routine or precise tasks.

Advances in automation and artificial intelligence (AI) are transforming all these domains by delegat-
ing repetitive and precision-demanding tasks to intelligent machines [6, 7, 8]. Such technologies have
the potential to reduce reliance on manual performance and decrease the occurrence of human error.
However, successful automation that ensures societal acceptance requires conditional and minimal
delegation. Predicting human error supports such automation by intervening selectively and assigning
tasks to the machine only when human failure is likely.

Growing research evidence shows that human error is not only explainable with post-error neural
activity [9, 10, 11], but also predictable through computational models trained on physiological and
behavioral data [12, 13, 14]. Achieving such predictive capacity, however, demands large-scale datasets
that capture diverse physiological and behavioral patterns. Virtual reality (VR) offers a unique op-
portunity to address this challenge. Within virtual environments, not only can integrated biosensors
provide extensive physiological and behavioral data, but such data can also be gathered in scenarios
that would be difficult—if not impossible—to reproduce in real-world settings. Moreover, VR is already
widely adopted as a training environment, from surgical simulation and medical education to flight
training and industrial safety[15, 16, 17, 18], serving as an unprecedented platform for studying human
performance and error through continuous and objective monitoring of cognitive markers, such as
attentional focus and engagement level.

Eye-tracking is a well-established and reliable method for assessing cognitive load and relevant
cognitive states [19, 20, 21]. Itis particularly popular in VR-based research, where the headset technology
enables effortless integration of eye-tracking and provides pixel-level access to gaze location within
the virtual environment. With growing computational power and increasing complexity of machine
learning models, many works have trained these models—especially neural networks—on eye-tracking
data as an effective means of modeling cognitive processes and markers [22, 23, 24, 25, 26]. Eye-tracking
data are typically represented as quantitative time series or aggregated measures (e.g., mean pupil size
or eye movement speed) when used to train these models.

Building on this growing trend, our work contributes by re-expanding quantitative eye-tracking data
into spatio-temporal visualizations of eye behaviors (Figure 1). By transforming numerical eye-tracking
features into a minimal visualization of the eyes, we reintroduce the missing spatial context—for
example, how pupil dilation relates to gaze direction—helping models to capture subtle signatures such
as individual gaze habits. Feeding these visualizations as time series, we create spatio-temporal data
to train Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, and
fusion architectures that combine both spatial and temporal representations. This approach allows us to
capture complementary aspects of the data—spatial patterns, temporal dynamics, and their interactions,
thereby maximizing the information available for predicting cognitive failure.

2. Related Work

CNNs have recently 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, reducing the tensor dimensionality and highlighting relevant patterns.
This lowers the complexity of the model while preserving crucial temporal-spatial data structures,
resulting in an effective predictive model. Particularly, recent Human-Computer Interaction (HCI)
studies have utilized image-based representations of time-series data to use CNNs for sequence model-
ing [27, 28, 29]. This approach combines temporal dynamics with spatially structured representations,
capturing sequential dependencies faster and more efficiently than traditional recurrent neural networks
(RNNs) [30, 31].

Bai et al. discovered that a simple Temporal Convolutional Network (TCN) consistently outperformed
LSTM and Gated Recurrent Unit (GRU) baselines on varied sequence modeling benchmarks [30],
indicating CNNs can successfully capture long-range dependencies. Similarly, Zhang et al. demonstrated



that purely character-level CNNs can achieve state-of-the-art text classification accuracy [32]. In human-
activity recognition, Yang et al. applied a deep CNN to raw multichannel sensor streams and showed it
automatically learns high-level features that outperform traditional hand-crafted methods [33]. These
studies show that CNNs are a viable alternative to RNNs for sequence data, and many recent works
adopt convolutional architectures for time-series tasks.

In addition to one-dimensional (1D) convolutions, a common strategy is to convert time series into
images and apply 2D CNNs. Wang and Oates introduced Gramian angular fields (GAF) and Markov
Transition Fields (MTF), using tiled CNNs on the resulting images and achieving highly competitive
classification accuracy [31]. This idea has been used across many domains. For example, Qiu et al.
transformed multimodal signals into GAF images and applied CNNs for emotion recognition, improving
on prior methods [29]. Camara et al. converted electrocardiogram waveforms into GAF images and
used a VGG19 CNN for user identification [28]. More recently, Qin et al. fused raw ECG and GAF-
encoded images in a split-attention CNN (GAF-FusionNet) to achieve 94-99% accuracy on standard ECG
datasets [34]. Chansri and Srinonchat similarly applied GAF encodings and CNNs to flex-sensor glove
data for hand-gesture recognition [27]. Vortmann et al. applied an Imaging Time Series Approach (ITSA)
to eye-tracking data, creating 2D Gramian/Markov representations of gaze features and training a CNN.
Their model outperformed classical summary-feature classifiers in attentional-state tasks [35]. These
examples demonstrate that imaging and convolutional techniques for time series are now common
practice across applications.

This study proposes and evaluates a practical alternative to complex time-series encodings by trans-
forming quantitative eye-tracking sequences into temporal eye frames and utilizing 2D CNNs for
predicting cognitive failure. Our motivation is twofold; firstly, image encodings offer an instantly com-
prehensible visual summary of temporal and spatial eye dynamics, thereby enhancing exploratory data
analysis and supporting human-in-the-loop validation. Second, we investigate whether a conceptually
direct rendered temporal eye representation, rather than engineered transformations like GAFs or
MTFs, can achieve similar predictive efficacy with 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 employed as research
assistants in the VR/AR Lab at the University of Luxembourg. The study received ethical approval from
the Ethics Review Panel of the University of Luxembourg. The dataset associated with this work is
publicly available on Zenodo (DOI: 10.5281/zenodo.18376588).

3.1. Study Design

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 2a). Sessions began with eye-tracking calibration, followed by a test 1 x 1 question to verify system
functionality. The environment 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 2b).

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 gestures tracked by a Leap Motion Controller? (Figure 2a).

Thttps://www.vive.com/sea/product/vive-pro-eye/overview/
*https://www.ultraleap.com/products/
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(a) Study setup: the participant is wearing a VR (b) Virtual environment: multiplication problems were
headset while interacting with a virtual keypad  presented in white on a blue background (left), and
with hand gestures, and holding a controller to  answers were entered using a virtual keypad oper-
trigger responses. ated via hand tracking (right).

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—de-
manding 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. With this approach,
we kept the cognitive load at a manageable level, mainly limiting the mistakes to two categories of slips
and lapses—the categories that account for the majority of accidents caused by human error [5].

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 (2) for accurate responses (15,217 samples), Missed (1) when no response was given
within 15 seconds (1, 100 samples), and Wrong (0) for inaccurate responses (1, 026 samples) (Figure 3).

Wrong (5.9%)
Missed (6.3%)

Correct (15217)

Missed (1100)

Wrong (1026)
Correct (87.7%)

Figure 3: Distribution of eye-tracking samples across classes: Correct, Missed, and Wrong.

3.2. Preprocessing

Since response times varied across questions, the data samples had different shapes. Therefore, we first
standardized the samples by truncating them to their last 30 frames. The 30-frame window corresponds
to the last 250 ms, an interval reported by Urai et al. as critical for high-level cognitive processes, which
inspired our choice [36].



Next, to take advantage of convolutional architectures for the prediction of cognitive failure, we
transformed these sequential measurements into spatio-temporal eye frames. To generate these frames,
each image captures a specific timestamp of eye behavior using standardized anatomy, as shown in
Figure 4. The eyes are positioned at fixed horizontal offsets, with constant elliptical outlines. Eyelid
movement is represented by openness signals, which have continuous representations for closed and
open states. Blinks were explicitly visualized rather than treated as missing data, allowing the network to
recognize them as relevant cognitive events. Pupil diameter, illustrated with green circles, is discretized
into four levels, allowing for a stable representation without noise amplification. The pupil’s position
is transferred from sensor data to a 2D eye coordinate space, and the iris is rendered for size. Gaze
direction is shown by arrows originating from the pupil. Furthermore, a fading movement trace retains
temporal structure, which helps convolutional neural networks recognize temporal patterns. This
visualization reflects actual anatomical scales, including proportional eye form, distance between eyes,
and natural blinking mechanisms, to ensure that the visuals generated are interpretable.

Given the highly imbalanced nature of the dataset, we applied a two-step balancing technique. First,
downsampling was performed on the majority class to reduce skew. Second, augmentation techniques
were applied to the minority class by injecting controlled noise into the feature values prior to image
transformation, thereby generating additional synthetic samples. Following these procedures, all images
were normalized to standardize feature distributions and then resized to a fixed resolution (168 px x96 px)
suited for deep learning architectures.

. 7

Figure 4: Example of an eye representation frame.

This preprocessing pipeline ensures that the temporal representations of the eye encode both in-
stantaneous and temporal aspects of the behavior of the eyes while addressing class imbalance, thus
preparing the data for robust CNN-based analysis.

3.3. Model Architectures and Training

This section outlines the learning strategies used in our study. To thoroughly assess the efficiency of
various representations of eye-tracking data, we employed three complementary training procedures.
First, a CNN-based model was trained on the temporal eye frames generated from the quantitative time
series, allowing us to exploit the advantages of convolutional architectures in spatial feature extraction.
Second, an LSTM-based model was trained directly on the raw time-series data, serving as a sequential
baseline that captures temporal dependencies without image conversion. Finally, we designed a fusion
model that combined convolutional and recurrent representations, integrating the strengths of both
spatial and temporal learning. In the following subsections, we detail the architecture design.

All models were trained using a batch size of 32 for a maximum of 250 epochs, with an initial
learning rate of 1073, weight decay of 107, and an early stopping criterion with a patience of 50 epochs.
These hyperparameters were selected based on empirical tuning to balance convergence speed and
generalization. The dataset was split into training, validation, and test sets using an 80:10:10 ratio.
Training and evaluation were conducted on an NVIDIA Tesla V100 GPU, with 16 GB RAM.



3.3.1. CNN-based Model

The first method employs a CNN trained on temporal eye images to utilize spatial information inside
each frame and short-term temporal dependencies across the sequence. All the frames in the time
steps were concatenated before passing to the network, resulting in a 30-channel input corresponding
to the last 250 ms of data at 120 Hz as previously stated. Figure 5 shows the architecture, which
consists of convolutional stages for spatial feature extraction, followed by a temporal attention module
that emphasizes informative dynamics across frames. Dropout is used throughout the network to
prevent overfitting. The final classifier consists of a stack of fully connected layers with normalization
and non-linear activations, which generate the final class predictions. This CNN architecture uses
local connectivity, 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.

CBRP
CBRP

CBRP

R C
A Vi FF:Iatten ¢RelU g Linear ¢ Conv
0 ¢ Dropout /l:ooling ¢ Softmax ¢ Batch Norm.
D S B

Figure 5: CNN model architecture.

3.3.2. LSTM-based Model

The second approach uses a recurrent neural network with LSTM units to model raw quantitative
eye-tracking time series. This bidirectional LSTM architecture incorporates both forward and back-
ward 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,
providing a complementary perspective to the CNN-only approach.

3.3.3. Fusion Model

The Fusion model integrates per-frame visual embeddings from temporal eye frames with parallel
quantitative feature sequences to learn joint spatio-temporal representations. The architecture is
composed of three modules as shown in Figure 6: 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 complementary patterns, such as instantaneous visual cues and
long-term sequential trends, in order to outperform single-modality baselines.
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Figure 6: CNN and LSTM Fusion model architecture.

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.

Table 1 presents the performance of all models on the original three-class classification task. As
shown, none of the models achieved satisfactory classification performance on the Wrong class, although
the Missed class was detected with reasonable recall. 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 separability 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 training capacity, but from the behavioral similarities between Correct and
Wrong trials, as the participant frequently provided incorrect answers rapidly and confidently. These
characteristics prompted a change to a binary task contrasting Correct. Therefore, due to challenges
in learning the Wrong class and its limited presence in the dataset, we excluded it from subsequent
experiments. We reformulated the task as a binary classification between Correct and Missed classes.

All models were retrained in this setting, resulting in substantially improved performance as shown
in Table 2. Overall, the LSTM-only model outperformed the CNN-only model in both three-class and
binary classification settings, largely due to its ability to model pupil diameter and its limited time
window of 250 ms (30 frames). The loss curves in Figure 7 and the confusion matrix in Figure 8 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 architectures are a promising
alternative for longer time sequences or complex feature sets. The Fusion model, which combined
CNN-derived spatial encodings with LSTM-based sequential representations, showed comparable



Table 1
Model performance on the original three-class test set. Precision (P), Recall (R), and F1-score are reported
for each class, along with overall accuracy (Acc.).

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 0356  0.522
LSTM-only  0.607 0.773 0.680 0.626 0902  0.739 0.458 0.100 0.164  0.605
Fusion 0.624  0.707 0.662 0.638 0814 0.716  0.387 0.218  0.279 0.588

Acc.

performance to single-modality baselines, indicating its potential for more complex applications with
richer spatial-temporal feature interactions, although it comes with a higher computational cost.

Table 2
Model performance on the two-class test set.
Correct Missed
Acc.
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 0932 0827 0.876 0.783 0913  0.843  0.862

Fusion 0.920 0.847 0.882 0.800 0.893 0.844 0.866
Loss Curves
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Figure 7: Loss curves of the LSTM-only model’s predictions on the test dataset.

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 different architectures capture patterns indicative of impend-
ing failure. While all models reliably distinguished Missed from Correct responses (Table 2), separating
Wrong from Correct samples remained unresolved (Table 1).
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Figure 8: Normalized confusion matrix of the LSTM-only model’s predictions on the test dataset.

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. Performance 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 imbalance (Figure 3).
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 Missed class, due to
its ability to describe short sequences dominated by pupil diameter dynamics.

Given the quick convergence of the models (Figure 7), 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). Moreover, responses in the Wrong class were often submitted well before
the 15 s time limit, signaling confidence in the accuracy of the answer, even though it was incorrect.
Together, these observations and the rule-based structure and relative simplicity of the multiplication
task suggest that the participant was not struggling with the arithmetic, and produced 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, where clearer distinctions were expected. Table 2 confirms this expectation: all models
exceeded 81% accuracy, with the LSTM-only and Fusion architectures outperforming CNN-only. 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.

A central contribution of this work lies in the spatio-temporal representation of eye-tracking data.
Eye-tracking inherently distills ocular behavior into numerical signals, which we re-expressed as
compact visualizations enriched with key descriptors. By retaining their temporal structure, these
visualizations function as time series, enabling models to capture temporal dynamics alongside spatial
features in a informative manner. This representation reduces data complexity while preserving
meaningful patterns of cognitive processes, which are temporal in nature ([37, 38, 39]). Thereby, we
offer a practical pathway for extending eye-tracking analysis to resource-constrained settings such



as mobile VR, where lightweight headsets must operate under limited computational budgets. Our
approach enables scalable, real-time monitoring and study of cognitive performance and failures in
immersive environments.

5.1. Limitations and Future Work

Imbalanced dataset A key limitation of this study is the class imbalance inherent in the dataset.
Although data downsampling and augmentation strategies were applied, the uneven distribution of
responses meant that the models were exposed to a greater variation within the Correct class than
either Missed or Wrong. This imbalance undermined the generalizability of the models, especially on
the three-class task, and contributed to their tendency to classify ambiguous cases as Correct.

Task design  Another challenge lies in the overall simplicity of the arithmetic task. The question set
was personalized to maintain an optimal level of difficulty—challenging without being discouraging.
While this design ensured that the participant invested genuine cognitive effort rather than disengaging,
it also meant that most questions remained relatively easy. As a result, samples of the classes Missed
and Wrong reflected mainly slips and lapses of attention and memory, rather than substantive cognitive
mistakes. Additionally, this led the participant to produce few incorrect responses, amplifying the class
imbalance and limiting the variability of error patterns available to the models.

Samplesize Finally, the limited sample size restricts the generalizability of the findings. With a single
participant, the results should be interpreted as exploratory rather than conclusive. Nonetheless, this
design is consistent with the broader vision of personalized modeling: rather than diluting individual
patterns in pooled datasets, training neural networks on single-participant data emphasizes the unique
cognitive signatures that underlie error and performance. Future work should extend this approach
across larger and more diverse cohorts to determine how individualized models can be generalized or
adapted in practice.

6. Conclusion

Our findings show that deep learning models can predict cognitive failure in VR from eye-tracking
data, though performance varied across error types. In a longitudinal study spanning 18 months and
comprising 50 hours of eye-tracking data, this work demonstrated that VR can serve as a practical
platform for monitoring cognitive performance and predicting impending failures in real time. As VR
headsets become lighter and biosensors more integrated, we can collect more physiological data—tradi-
tionally difficult to obtain—at scale and in naturalistic scenarios that real-life training cannot replicate.
Combined with the growing computational power and complexity of machine learning models and Al
systems, this enables the extraction of subtle cognitive markers from biosignals, allowing the design
of personalized models of cognitive failure to enhance safety and performance in both routine and
high-risk environments.

Declaration on Generative Al

During the preparation of this work, the author(s) used Openai Chat-GPT-4.2 in order to: Grammar
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needed and take(s) full responsibility for the publication’s content.
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