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Cognitive load affects learning and task performance; specifically, increased cognitive load hinders an individ-
ual’s ability to process information. In augmented reality (AR) interfaces, distracting notifications can also
heighten cognitive load. Integrated gaze tracking offers a non-intrusive way to monitor cognitive states and
provides the opportunity to predict and adapt to changes in cognitive load.

In this paper, we demonstrate how cognitive load prediction models can leverage built-in gaze-tracking
data in AR to accurately predict cognitive load during search tasks. We collected gaze data from participants
under both cognitively overloaded and non-overloaded states and analyzed gaze feature signatures to identify
load-dependent patterns. We compared individual and group-trained models for predictive performance and
generalizability. We initially used logistic regression, then tested tree-based ensemble models to improve perfor-
mance. The best-performing XGBoost group model achieves a test AUC-ROC of 0.85. This work demonstrates
robust cognitive load monitoring for AR tasks using built-in eye-tracking measurements.
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1 Introduction

Reducing cognitive load is vital for optimizing human performance and learning [Tang et al.
2003; Tonnis et al. 2007; Yan et al. 2022]. This study is grounded in Cognitive Load Theory (CLT),
which defines load as the demands placed on working memory during a task [Jeffri and Rambli
2021; Sweller et al. 1998]. CLT identifies three types of load: intrinsic (task complexity), germane
(learning-related), and extraneous (environmental or design-related distractions) [Skulmowski and
Xu 2022].

We specifically focus on extraneous load in immersive settings, which arises from processing non-
task-relevant information like pop-up notifications [Rebello et al. 2024]. We treat these notifications
as controlled manipulations of extraneous load, operationalized through observable behavioral and
gaze-based responses to attention switching [Sweller et al. 2011; Thees et al. 2020]. Furthermore, we
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conceptualize load as a dynamic component of cognitive engagement that fluctuates as users respond
to environmental demands [Booth et al. 2023]. Our method estimates how these interruptions
influence mental effort and the overall immersive experience [Woodworth et al. 2023].

As Augmented Reality (AR) adoption grows, minimizing the extraneous load of notifications
is essential, as alerts can degrade efficiency by diverting attention [Adamczyk and Bailey 2004;
Bailey and Konstan 2006; Okoshi et al. 2015; Timileyin 2024]. Eye tracking offers a promising,
non-intrusive method for monitoring these cognitive states [Katona 2022].

However, current research often relies on controlled desktop or virtual environments where
participants remain stationary to ensure accuracy [Chen et al. 2011a,b; Duchowski et al. 2018; Jin
et al. 2025]. These methods frequently fail in complex AR scenarios due to natural movement and
visual noise. We bridge this ecological validity gap by collecting eye-tracking data during active
AR tasks and labeling cognitive load based on real-time user responses to alerts.

In this paper, we evaluate the effectiveness of machine learning models in accurately classifying
and predicting cognitive load in AR using eye-gaze data collected from participants completing
tasks in an AR environment. We explore various predictor models, including ensemble methods,
ultimately achieving a high degree of classification accuracy. The best-performing model achieved
a test AUC-ROC of 0.85. Finally, we compare individual and group-trained models to gain insights
into model generalizability for new users.

The major contributions of our work include:

« Demonstrate how specific eye-gaze features change (i.e., vary significantly) between condi-

tions of cognitive overload and no cognitive overload.
» Validate an individualized machine learning model that utilizes eye-gaze data to accurately

classify an individual’s state as either experiencing cognitive overload or no cognitive over-

load.
« Assess the generalizability of a group machine learning model trained on aggregated eye-gaze

data from multiple subjects to accurately classify the cognitive state (overload vs. no overload)
across different individuals.

2 Related Works

In this section, we review the use of eye-gaze and other physiological data for measuring cognitive
load in real-time. We specifically focus on how cognitive load prediction is a critical component of
context-aware and everyday AR [Kim et al. 2025a].

2.1 Measuring Cognitive Load using Gaze Data

Eye-tracking provides a continuous, non-invasive method for assessing cognitive load. Recent
studies have used it to decode cognitive states for personalized educational tools [Jin et al. 2025],
building on historical methods using external cameras [Chen and Epps 2014; Rudmann et al. 2003]
or wearable glasses [Biswas and Prabhakar 2018; Chen et al. 2011b] paired with VR or desktop
screens [Bozkir et al. 2019]. While these systems accurately capture pupil diameter and fixation
patterns [Li et al. 2024; Palinko et al. 2010], they typically require stable lighting and limited
movement [Ktistakis et al. 2022; Van Orden et al. 2001].

Using built-in AR eye-tracking systems balances measurement accuracy with ecological valid-
ity [Chen et al. 2016]. While built-in tracking is common in VR headsets [Maquiling et al. 2024],
we aim to expand the accessibility and scalability of these systems within AR [Zu et al. 2018]. Our
work focuses on predictive modeling in representative environments where users move their heads
freely [Awasthi et al. 2024; Caruso et al. 2021]. Machine learning is essential for processing the
multidimensional gaze data required for real-time prediction [Ktistakis et al. 2022]. Robust feature
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extraction is critical for state discrimination [Fuhl et al. 2023], with Random Forest classifiers being
a common choice for this task [Kelleher and Hnin 2019; Oschlies-Strobel et al. 2017].

Prior research has successfully used Multi-layer Perceptrons and Random Forests to predict
cognitive load scores validated by NASA-TLX in virtual training [Nasri et al. 2024]. Similar methods
have identified specific gaze features, such as pupil area and movement, as significant predictors
in 3D spaces [Gao et al. 2025]. While these methods often rely on high-fidelity VR or controlled
settings [Khan et al. 2025], our approach extends this foundation to the dynamic constraints of
AR [Mohanty et al. 2024].

2.2 Measuring Cognitive Load using Physiological Data

Beyond eye-tracking, biometrics such as heart rate variability, galvanic skin response, EEG, fMRI,
and fNIRS provide precise, objective measures of cognitive load [Arjun et al. 2022; Chavarriaga et al.
2008; Ekin et al. 2025; Giannakos et al. 2019; Kalaganis et al. 2018; Lehne et al. 2009; Nourbakhsh
et al. 2013; Wilbertz et al. 2018; Yuksel et al. 2016]. However, these technologies often require
cumbersome equipment and controlled laboratory settings, creating a trade-off between accuracy
and ecological validity [Darejeh et al. 2024].

In contrast, built-in AR eye-tracking offers a portable and ecologically valid alternative [Suzuki
et al. 2023; Zagermann et al. 2016]. We propose modeling cognitive load using gaze data alone to
simplify deployment and mitigate the sensor noise often associated with heart rate, EEG, and fNIRS
in mobile settings.

2.3 Cognitive Load and Information Delivery

Cognitive load is a defining factor for effective information delivery in AR. Overlaid virtual con-
tent risks cognitive overload, which threatens user experience and safety by necessitating dual-
tasking [Kim et al. 2025b]. Features such as "always-on” guidance can become a burden, leading
to attentional tunneling where users focus on virtual objects at the expense of their physical
surroundings [Wickens and Alexander 2009]. To mitigate these risks, AR systems must be designed
to actively reduce load [Tang et al. 2003; Yan et al. 2022]. Continuous assessment is essential for
developing adaptive interfaces that optimize performance while maintaining real-world awareness.

3 Study

Established methods for inducing cognitive load utilize a dual-task paradigm to assess working
memory demands, a core tenet of Cognitive Load Theory [Chen et al. 2016; Sweller et al. 2011]. In
these setups, participants perform a primary task (e.g., problem-solving) alongside a secondary
task (e.g., reacting to a stimulus). Performance degradation in the secondary task serves as a proxy
for increased cognitive load in the primary task.

Similarly, our study employs a dual-task paradigm in immersive AR to investigate the link
between interface interruptions and extraneous load. We combine a primary spatial color-matching
game with a secondary “load-alert” task to capture gaze-based data for machine learning analysis.

3.1 Participants

We recruited 31 college and graduate students with ages ranging from 18—30 (M=21 years, SD=1.96)
to participate in our study. Nineteen of our participants identified as females, while twelve identified
as males. Only one participant was completely unfamiliar with the concept of AR. Four of the
participants have never used AR or VR headsets. All participants were screened to have normal
vision. All participants provided written consent, and the study was approved by the university’s
Institutional Review Board (IRB).
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Did this alert increase
your cognitive load?

Incomplete

Fig. 1. Our user study environment and tasks. The full view of the ten boards in our AR game task is shown
in (a). This view is not seen by the player. An example of a pop-up alert for our secondary task is shown
in (b). (c-d) show the player view of one board with an instruction of “Reveal [3] x [yellow tiles]”. (c) is an
incomplete board, as there are remaining yellow colors to be revealed, as well as non-yellow colors to be
unflipped. This is indicated by “Incomplete” at the bottom. (d) is the completed board after the participant

«

revealed all three “yellow” tiles. This is indicated by “Complete” at the bottom.

3.2 Apparatus

Each participant wore a Magic Leap 2 Augmented Reality headset that tracks head orientation and
eye gaze during the study. The headset utilizes cameras and infrared LEDs to estimate the location
and orientation of the participant’s eyes. We recorded gaze data using the Magic Leap 2 eye-tracking
API at a frequency of 60 Hz. The study was implemented using Unity version 2022.3.11f1.

3.3 Study Design and Procedure

Upon arrival, participants reported demographics and received a briefing on cognitive load and
AR cybersickness risks. After signing IRB consent forms, they fitted the Magic Leap headset and
completed the standard eye-tracking calibration, which also served as an introduction to the
controller.

We utilized a within-subject design consisting of five study blocks. In each block, participants
played a five-minute AR color-matching game (Fig. 1), followed by a five-minute rest period and the
NASA-TLX questionnaire [Hart and Staveland 1988]. This structure ensured consistent cognitive
load assessment across the study.

The entire study, including preparation, orientation, and questionnaires, was conducted in person
and lasted approximately 50 — 60 minutes for each participant.

3.4 Tasks

We employed a dual-task paradigm to induce cognitive load akin to previous research [Chen et al.
2016; Sweller et al. 2011]. Each of our study blocks involved a primary decision task comprising of
a spatial color-matching task and a simpler secondary distraction task for participants to indicate
whether they are overloaded via an alert (Fig. 1).

In the primary color-matching task, we rendered ten boards each requesting the participant
to reveal a number of tiles of a specific color (e.g., “Reveal [3] x [yellow tiles]”). The boards were
arranged in a two-row five-column grid in an arc from —90° to 90° surrounding the participant’s
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head (Fig. 1a), forcing participants to physically turn their head and look up and down to view and
interact with all ten boards. Each individual board presents a 3x3 grid of tiles with an instruction
above (e.g., “Reveal [3] x [yellow tiles]”). Participants must flip a light gray tile in the board by
selecting it to reveal its color. Three random tiles in each board are rendered in dark gray and
disabled (i.e., cannot be flipped) to increase the game’s difficulty. Only after the board is left with the
instructed color tiles will the respective board’s status below each board change from “Incomplete”
(Fig. 1c) to “Complete” (Fig. 1d). Any additional color tiles or lack of instructed color tiles will still
leave the board as “Incomplete”. After completing all ten boards, the participant is assigned a new
set of ten boards that replace the previously completed boards (i.e., a new color matching task).
The tile colors in the boards as well as the instruction color are randomly assigned from a pool
of 6 colors at every new assignment of ten boards. The instruction number is a randomly chosen
integer from 1-3. All boards contain the required number of target-color tiles and are therefore
solvable. To complete the primary color-matching tasks, the participant must solve the current set
of ten boards (i.e., all ten boards must be marked as “Complete”).

During the primary task, participants performed secondary distraction tasks by responding to
alerts appearing at random nine-to-ten-second intervals. These alerts were positioned randomly
along a 180° arc surrounding the participant and could appear both within and outside the field of
view. Each alert asked, ”Did this alert increase your cognitive load?” (Figure 1b), and participants
were instructed to select *Yes” if they felt overloaded, but not to actively search for the alerts in
game.

Each five-minute study block allowed participants to complete an unlimited number of color-
matching tasks. Specifically, new sets of ten boards were presented until time expired. All interac-
tions, including tile flipping and button presses, were performed using the Magic Leap controller’s
pointer and “Select” trigger.

3.5 Data Processing

Cleaning & Pre-processing. First, we cleaned and processed raw gaze data for consistency
across participants. We identified points when the Magic Leap device may have failed to log data.
In this scenario, large segments (> 1 s) of missing data were removed and smaller (< 1 s) ones
were interpolated using linear interpolation. To ensure consistency, gaze direction vectors are
transformed from head-relative space to world space. Head angles are represented as quaternions (x,
y, z, w). We convert these to rotation matrices that are then applied to the gaze direction vectors (x,
y, z). The resulting eye-in-world vectors are then normalized to unit length to correct for rounding
errors introduced during the rotation. This correction process ensures that gaze directions are
recorded in a consistent world coordinate system for analysis.

Feature extraction. From the preprocessed gaze data, we extracted a total of 59 gaze features
to capture aspects of eye movement. Gaze velocity was computed as the angular displacement
between consecutive gaze vectors. The resulting velocity signal was smoothed using a seven-sample
median filter to reduce noise for event detection. Saccade and fixation events were identified using
standard velocity and dispersion-based algorithms. Saccades were detected using the Identification
by Velocity Threshold (I-VT) with a velocity threshold of 70° /s. Fixations were identified using the
Identification by Dispersion Threshold (I-DT) method with a dispersion threshold of 1° /s. [Salvucci
and Goldberg 2000]. Using both detection methods to ensure robustness of fixation detection as
each relies on distinct assumptions (velocity-based vs. dispersion-based) as seen in recent immersive
eye-tracking studies [Peacock et al. 2022]. We are motivated by prior work showing that fixation
metrics are sensitive to event detection methods and parameters [Shic et al. 2008]. Additionally,
3D Gaze signals in AR are affected by head motion, scene dynamics and other factors which can
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lead to threshold sensitivity in a single detector. By evaluating both, we mitigate the risk that
cognitive-load classification is heavily affected by the chosen fixation detection method.
Following event detection, we computed the features related to saccade dynamics and fixation
behavior. These included measures such as fixation duration and saccade amplitude [Srivastava
et al. 2018]. From these 59 features, we identified and selected the ten most informative features.
We determined these features by calculating statistical significance using t-tests in Section 4.1 at
each timestep in the maximum lens size. To prevent information leakage, this feature selection
process was conducted exclusively on the training data so the test data remains unseen. We chose
the ten features where the most number of time steps were statistically significant.
Windowing. We also analyzed the influence of lens size in predicting cognitive load, as can be
seen in Section 4.2 and 4.3. These lenses were computed with a sliding window approach. These
sliding windows are zero-padded at edges. Each window contained some N = 3,9, ..., 36 timesteps
and some M = 0,...,59 features. Each window captures the full temporal sequence of features
N x M, and did not use any summary statistics across the window.
Labeling. Each lens is labeled using a center-based approach to capture anticipatory gaze patterns.
When a participant presses the ”Yes” button in response to a distraction pop-up, that specific time
step is marked with a positive label (i.e., Cognitive Overload). Lenses that have the overload time
step at their center are designated as windows of cognitive overload, while all other lenses are
labeled as having no cognitive overload.
Data. From the 31 participants, we recorded five blocks of five minutes (300 s) of gaze data. At
60Hz, this was 90,000 time steps per participant and 2,790,000 time steps in total (46,500 seconds).
We split this dataset by participant to evaluate the model on unseen participant data, ensuring no
overlap between the training and test sets. Individual and group model dataset splitting is discussed
in Section 4.2. For the model comparison in Section 4.3, we extract 12% of this data to be used as our
test set, while the remaining was used for training. Of this, we have 1,507 training samples with
positive labels and 2,368,343 with negative labels, and rebalance the dataset to avoid overfitting on
negative samples.

4 Results

Understanding how eye-gaze behavior reflects cognitive processes is essential for developing
accurate cognitive load prediction systems. To get deeper insight into this relationship, we conducted
a multi-level analysis examining gaze signatures of cognitive load. We also assessed the ability of
both individual and group models to predict cognitive load. This approach allows us to uncover
how gaze is linked to cognitive load, and evaluate model generalizability versus subject-specific
adaptation. We used t-testing, the specific test details discussed separately for each hypothesis,
the associated t and p values for each claim can be found in the supplementary materials. We
explored three hypotheses related to measuring cognitive load using eye-gaze data similar to the
work provided in this paper [Peacock et al. 2022]:
H1: Gaze features vary under cognitive overload and no cognitive overload.
H2: An individual model trained on eye-gaze can distinguish between states of cognitive overload
and no overload.
H3: A group model trained on eye-gaze can distinguish between states of cognitive overload and
no overload.

4.1 Gaze Signatures of Cognitive Load

To examine the difference in gaze behavior between instances where participants experienced
cognitive overload versus no cognitive overload, we visualized and compared the average feature
value for both instances. The visualization spans the largest window size in our analyses (600 ms)
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Fig. 2. Time-series plots of extracted gaze features.

[Peacock et al. 2022] to see the full temporal context in which gaze features may diverge. This
600 ms window produces a time series, a sequence of feature values ordered in time that allows us to
observe how gaze behavior unfold between overload and no overload states. All feature values are
normalized on a per-participant basis to scale feature values to be comparable across participants
despite differences in baseline gaze characteristics. The resulting average feature trajectories, along
with shaded regions representing the standard error, are shown as time-series plots in Fig. 2.

Then, we conducted a unpaired t-test throughout the values of the gaze feature between states
of cognitive overload and no overload. This unpaired t-test revealed points of significant difference
within these features between the overloaded and non-overloaded states. This supports the hy-
pothesis that gaze features vary under cognitive overload and no cognitive overload (H1). These
are indicated by the brackets above each plot and marked by an asterisk. We plot a time-series
visualization of ten of these features in Fig. 2.

To identify which gaze features most clearly distinguished between cognitive overload and no
overload states, we ranked all features based on the number of points in their time series that
showed a statistically significant difference in the unpaired t-test. We choose to visualize the top
ten features to show the most discriminative features and avoid redundancy since many of the next
ranked features exhibited similar and weaker versions of the same patterns. This also proves to be
useful feature selection for the logistic regression models trained in the following sections.

The pattern of feature values gives insight into difference in gaze behavior between cognitive
overload and no-overload conditions. Saccade features are consistently elevated in cognitive load
conditions, suggesting more rapid eye movements. Fixation features rise towards the end of the
time series, possibly reflecting an attempt to refocus after an overload event. Gaze velocity shows a
sharp increase during overload, while dispersion sharply decreases, indicating that gaze rapidly
scans a smaller area. This behavior is consistent with recovery in the study, participants reorient to
the specific area of the board they were working on, scanning only the relevant area to continue
achieving the objective.

4.2 Comparing Individual and Group Models in Classifying Cognitive Load

To understand whether cognitive load can be measured from eye-gaze at both personal and general
levels, we evaluate individual models trained separately for each participant. These models allow
us to examine the extent to which cognitive load reflects participant-specific patterns. We compare
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Table 1. AUC-ROC scores across individual and group models for the selected gaze features.

Individual Models Group Models

Feature AUC-ROC Best AUC-ROC AUC-ROC Best AUC-ROC

(50 ms) (Lens Size) (50 ms) (Lens Size)
All Features .61 .74, 600 ms .67 .76, 600 ms
Dispersion 51 .65, 500 ms 55 .67, 600 ms
Gaze Velocity .64 .80, 600 ms .62 .76, 600 ms
Std. Dev. of Saccade Velocity .53 .53, 600 ms 53 .54, 500 ms
Mean Saccade Velocity .52 .53, 550 ms .53 .54, 600 ms
Median Saccade Velocity .52 .53, 550 ms 53 .54, 600 ms
Maximum Saccade Velocity .52 .52, 550 ms .54 .54, 550 ms
Fixation Path Length .53 .53, 100 ms 54 .59, 600 ms
Fixation Duration .53 .58, 600 ms .53 .61, 600 ms
Saccade Path Length 51 .53, 350 ms 53 .54, 550 ms
Std. Dev. of Saccade Accel. 51 .54, 500 ms 54 .55, 600 ms

All Features Gaze Velocity Dispersion Std. Dev. of Saccade Accel Saccade Path Length Std. Dev. of Saccade Velocity

AUC-ROC
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Fig. 3. Average AUC-ROC scores for individual models trained on all 10 features and individual features.
Error bars represent 95% confidence intervals.

individual models to group-trained models and assess the generalizability of cognitive load mea-
surement. A summary of both approaches is provided in Table 1. These models are trained on the
best features determined by the largest number of significant timesteps earlier in Section 4.1.
Individual Models. We first explore the training of individual models personalized for each
participant to predict cognitive load (Fig. 3). To accomplish this, we trained logistic regression
models using four randomly sampled blocks for each participant and tested them on the remaining
block. We conducted this analysis for various lens sizes and plotted the mean AUC-ROC score
across participants in Fig. 3.

We conducted a one-sample one-tailed t-test with False Discovery Rate (FDR) correction to
investigate the difference between the individual models and random chance prediction (0.5 AUC-
ROCQ). For the model trained on all features, we successfully distinguished events of cognitive
overload at all lens sizes, demonstrating consistent performance that was better than random
chance (p < .05). The best model, with a lens size of 600 ms, achieved an AUC-ROC score of 0.74.
By training the models on gaze velocity alone, we achieved an AUC-ROC score of 0.8, which was
better than the score achieved by models trained using all features at lens sizes longer than 400 ms.
We verify this using a one-tailed independent t-test, which results in a significant difference starting
from a lens size of 400 ms and onward (¢t = 2.14,df = 30, p < .05). Classifiers trained on gaze
velocity alone are perform significantly better than random at all lens sizes (p < .05). Dispersion
becomes informative at later window sizes, reliably distinguishing events of cognitive load for
lens sizes larger than 300 ms (t = 3.4,df = 30, p < .05). The performance of gaze velocity and
dispersion models calls back to Section 4.1 where we can notice more varied signatures between the
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Fig. 4. Average AUC-ROC Scores for group models trained on all 10 features and individual features. Error
bars represent 95% confidence intervals.

overload and no overload conditions for the two. Notably, with a lens size of 550 ms the models can
distinguish cognitive load when trained with only gaze velocity, dispersion, fixation duration, and
mean saccade velocity better than random (p < .05). Overall, these results support the hypothesis
that an individual model trained on gaze data can distinguish between overload and no overload
(H2).

Group Models. Models trained on a large dataset that generalizes well across participants are
often more practical as removing the requirement for per-user samples. We trained models using
leave-one-subject-out iterations and plotted their average AUC-ROC score by varying the lens sizes
(Fig. 4). In this evaluation, the ten most informative features identified in Section 4.1 were globally
selected and kept consistent across all iterations. We achieved this by training a logistic regression
classifier on the remaining data, after excluding a different participant each time for all lens sizes.

For a group model trained on all ten features, it is reliably able to distinguish states of cognitive

overload and no cognitive overload at all lens sizes. We verify that the model performs significantly
better than random using a one-sample t-tests (p < .05). Unlike the individual models, all models
trained on one of the ten features perform statistically better than chance (p < .05). Notably, the
models trained on gaze velocity alone performed just as well as the model trained on all features
(t=-0.13, df=30, p > .05 at 600 ms). Combined, these results also support the hypothesis that a group
model trained on eye-gaze can distinguish between states of cognitive overload and no cognitive
overload (H3).
Comparison of Group and Individual Models. Individual models can identify eye-gaze patterns
that indicate cognitive load for each participant. However, there are significant drawbacks to this
approach, the most obvious being the requirement for extensive individualized data for effective
model training. In this context, group models offer a more practical alternative if they can effectively
detect instances of cognitive overload just as well as individual models.

We conducted unpaired t-tests to compare the differences between the AUC-ROC of the individual
and group models trained on all the selected features at varying lens sizes (Fig. 6). These tests
revealed a significantly better performance of group models over individual models for all lens
sizes (p < .05) with the exception of 200 ms and 300 ms (p = 0.0521, p = 0.25).

The difference in performance between group models and individual models in this experiment
highlights the biggest drawback of personalized models: the need for a considerable amount of
ground-truth data from each novel user. The personalized models had access to data from only
four study blocks, with the remaining block reserved for testing. This resulted in an average of
1,450 seconds of data for training and 500 seconds for testing across participants. In contrast, group
models had a larger amount of data from 30 participants completing five study blocks, with the
remaining one participant’s data held out for testing. Group model training data totaled an average
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Fig. 5. Confusion Matrix and ROC Curves for each group model type explored at a lens size of 550 ms

of 45,000 seconds across participants and lens sizes, while an average of 1,500 seconds was used for
the test set. With more data from each user, individual models could potentially learn user-specific
gaze patterns better than group models. However, considering the need for large amounts of data
from each user, group models present themselves as a more practical option for developing systems
based on or around cognitive load prediction, especially if these models can be later fine-tuned
with small amounts of individual data to recognize the patterns from each new user [Masko 2017].

4.3 Experimenting with Other Machine Learning Classifiers

Extrapolating from H2 and H3, we wanted to explore how other model representations perform in
distinguishing cognitive overload using eye-gaze data. After a preliminary search to find model
types to experiment with, the following two were chosen: Random Forest and Extreme Gradient
Boosting (XGBoost). Logistic Regression serves as the baseline model estimator in this set of
experiments. Both XGBoost and Random Forest, while having different approaches, are tree-based
ensemble models. These models have better inherent feature ranking due to their hierarchical
structure and can use important features to arrive at better predictions of cognitive load. In other
words, they enable us to investigate gaze features of cognitive load in greater detail.

Table 2. Performance comparison of group classification models.

Model AUC-ROC Precision Recall F1 Score
Logistic Regression 0.76 0.84 0.99 0.72
Random Forest 0.82 0.99 0.83 0.90
XGBoost 0.85 0.91 0.99 0.84

All of the following explorations were conducted with a lens size of 550 ms where the most
number of significant features for individual and group models are seen in Section 4.2. This resulted
in 2,369,850 lenses for training and 318,216 lenses for testing. These models are trained on all 10 of
the previously explored features in Section 4.1 rather than individual features. Also, because we
split our data by participant prior to extracting the training and test set (i.e., no overlap between
the training and test sets), we can more reliably evaluate the model on unseen participant data.

Proc. ACM Hum.-Comput. Interact., Vol. 10, No. 3, Article ETRA026. Publication date: May 2026.



Gaze-based Prediction of Cognitive Load in Augmented Reality ETRA026:11

Table 2 shows a summary of the performance of the logistic regression baseline, random forest, and
XGBoost models. We present the class-weighted F1, precision, and recall scores to account for the
imbalanced classes in our test data. The Area Under the Receiver Operating Characteristic Curve
(AUC-ROC), which provides a threshold-independent measure of discrimination ability, though it
may be less sensitive to minority class performance in imbalanced datasets.

4.3.1 Logistic Regression. We first experimented with a Logistic Regression model to serve as our
baseline. Unlike in our previous experiments with logistic regression, we tuned the hyperparameters
using the Optuna framework to help the model achieve the maximize accuracy [Akiba et al. 2019].
We chose this hyperparameter tuning method due to its ability to improve the search space and tune
continuous variables (e.g., inverse of regularization strength) with greater granularity by adaptively
focusing on promising regions (TPE), early-pruning poor trials, and re-using knowledge. Given the
size of the data, we excluded the Lib Linear solver in the tuning due to its slower convergence rate
on large datasets. Among the remaining solvers, we varied regularization penalties and learning
rates to identify the optimal configuration. We fitted a total of 100 estimators to the data using
5-fold cross-validation to tune these parameters.

The optimal model resulting from hyperparameter tuning used the SAGA solver [Defazio et al.
2014] with L; regularization and an inverse of regularization strength value of 0.38. This estimator
achieved a mean validation AUC-ROC of 0.80 across the five folds. When evaluated on the test
set, it yielded an AUC-ROC of 0.76, with about 72% of negatives and 64.9% of positives classified
correctly (Fig. 5 (a)).

4.3.2  Random Forest. We used Random Forest to investigate the predictive performance of non-
linear, tree-based models on the dataset. Another important feature of this model is that it ignores
irrelevant features due to the random subsets on which each tree is trained. This reduces the
need for particular feature selection to optimize performance in comparison to other models. We
conducted hyperparameter tuning using Optuna as we did for logistic regression.

This resulted in a total of 50 trials, each building a separate random forest model to find the best
estimator using 5-fold cross-validation. The best performing model of the 50 had 500 estimators,
with unrestricted depths, features, and bootstrapping enabled. The chosen estimator had a 0.85
mean validation AUC across the five folds. Evaluation on the test set resulted in an AUC-ROC of
0.82 (Fig. 5 (b)). The model improves noticeably on logistic regression in predicting negatives (80%
of total negatives predicted correctly), but exhibits a minor trade-off by missing 3% more positives.

4.3.3  XGBoost. For our final comparison, we evaluated the XGBoost classifier, which is another
tree-based algorithm. One of the key advantages of XGBoost is its built-in feature selection process.
As the model learns, each subsequent decision tree focuses more on the most effective features,
while less informative features are used less frequently. As a result, the informative features tend
to dominate the ensemble.

We tuned the hyperparameters of this model using Optuna for a total of 50 trials, each trial
building a model. The best configuration of the 50 achieved a 0.88 mean validation AUC-ROC across
5-fold cross-validation with 728 estimators and a maximum tree depth of 7 (Fig. 5 (c)). This group
model trained on the ten selected features from Section 4.1 resulted in the best performing model
achieving the highest test set AUC among the three models of 0.85 AUC-ROC. The model is slightly
better than Random Forest at predicting negatives. It is 4% more accurate at predicting positives
than the Logistic Regression model.

Fig. 7 shows the top ten features by aggregated split frequency (weight), the number of times
each feature was used in a tree split across all boosting rounds. In this context, we refer to it as
aggregated feature importance because it consolidates the importance score of each feature across
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all timesteps in the given lens size (i.e., 550 ms). We can see that the best performing features are
still gaze velocity and dispersion akin to our earlier investigation of individual and group models
in Section 4.2. Features that are more related to gaze movement speed (e.g., saccade velocity and
acceleration) were prioritized by the XGBoost model over fixation features. This ranking further
solidifies the role of gaze velocity for measuring overload using gaze data.

4.4 Discussion

Our exploration of gaze feature signatures reveals empirical evidence that these signatures vary
across different cognitive load states (H1). When participants experience cognitive overload, their
gaze movements become more rapid and erratic, as reflected in higher saccade feature values
(Fig. 2). Fixation differences are subtle in the first 500 ms but increase in the last 100 ms, suggesting
participants attempt to re-focus on the task. As a result, we observe that gaze tends to stabilize and
exhibit longer fixations when participants are not under cognitive overload, accompanied by overall
less rapid saccade movements. This pattern is particularly evident in the K coefficient, a validated
measure of fixation stability indicating longer and more stable gaze patterns, which appears among
the top ten most informative features identified by our XGBoost model [Krejtz et al. 2016]. This
conclusion is further supported by the top ten most informative features identified by our XGBoost
models (Fig. 7), which are mostly related to saccade features. Of the best performing features,
gaze velocity and dispersion show the best individual performance with the remaining features
performing at or slightly above random (0.5-0.6 AUC-ROC). However, group models including
all ten features outperformed models trained with any individual feature like gaze velocity (0.79
AUC-ROC vs. 0.74 AUC-ROC) (Fig. 4). This points to a possibility that while the individual feature’s
ability to recognize events of cognitive load may be limited, combining feature signals introduces
complementary information that better captures eye-gaze patterns indicating cognitive load. Gaze
velocity and dispersion likely perform better since they directly capture temporal shifts and spatial
trends without the noise of intermediate event detection, allowing for robust generalization.

Existing approaches in gaze-based cognitive load prediction achieved high accuracy using tree-
based models and neural networks [Nasri et al. 2024]. While that study evaluate cognitive load
in VR, our approach achieves an AUC-ROC of 0.85 which is comparable to the results achieved
in established VR benchmarks (0.8-0.9 AUC-ROC), demonstrating that gaze-based signals are
discriminative in AR despite being a less controlled environment.

Comparing individual and group models highlights the importance of sufficient data for effective
personalization. Individual models often underfit with limited per-user samples. Notably, classifiers
trained on gaze velocity or dispersion alone sometimes perform as well as models using all ten
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features. Group models, though less personalized, benefit from larger, diverse datasets, learning
more robust, generalizable gaze patterns and often outperforming individualized models when
user-specific data is scarce.

In real-time AR systems, group models are a more practical choice, providing reliable performance
without per-user calibration and reducing onboarding time. Individual models may still add value
for long-term users, enabling fine-grained optimization. A practical deployment could start with a
group model for new users, gradually tuned with personalized data. This personalization can go
beyond accuracy, adapting to which types of prediction errors (false positive vs. false negative) are
more costly for each user.

Tree-based ensemble methods, like random forests and XGBoost, consistently outperform logistic
regression by capturing nonlinear relationships and hierarchical feature interactions. XGBoost
shows the strongest performance, building trees sequentially to correct errors from previous ones.
This iterative refinement makes it more expressive than the parallel averaging used in random
forests, making sequential correction a more effective learning strategy.

Our overall findings highlight the feasibility and potential of measuring cognitive load specifically
for real-world AR applications. This capability enables exploration and evaluation of how AR designs
can reduce cognitive load.

5 Limitations and Future Work

Interpreting NASA-TLX Results. Our study repeated highly similar trials where the only variation
was notification frequency. Because we did not explicitly manipulate high and low load conditions,
participants experienced relatively uniform demands. Consequently, NASA-TLX scores showed no
significant correlation with the frequency of high-load reports (r = —0.2, p > 0.5), as subjective
judgments converged without distinct condition-driven anchors. This discrepancy suggests an
evaluation gap between global subjective reflection and real-time cognitive state fluctuations.
Learning Curves. To explore how increasing training data affects model convergence, we at-
tempted to plot learning curves. While this analysis was informative for group models, where
sufficient data enabled meaningful iterative augmentation, it proved uninformative for individual
models due to minimal augmentation opportunities (only 4 increments per user). Consequently, we
excluded this analysis from the results section. Future work could adopt alternative study designs
that generate sufficient per-user data to enable a more thorough exploration of individual model
learning curves.

Integrating Physiological Measurements of Cognitive Overload. Previous research has shown
the potential of integrating different types of data, such as brain activity and gaze behavior, to
predict cognitive load in VR [Arjun et al. 2022]. These multimodal models provide more accurate
predictions of cognitive load. Additionally, data obtained from an EEG device can provide a reliable
reference point for labeling a user’s gaze signal based on their cognitive state indicated by the EEG
readings.

Challenges in Real-Time Prediction. Future research is necessary to assess the practicality of
using these models in real-world AR applications and to examine how computational resources
affect their performance. We have not yet evaluated the effectiveness of our models for real-
time predictions. Therefore, we are uncertain about the potential latency when these models are
implemented in AR applications. Our work focused on simpler ML models that have a higher
likelihood to perform inference in real-time compared to deep neural networks [Amadori et al.
2022; Sarkar et al. 2019; Zhu et al. 2025] to specifically address this concern. Future work could
measure inference times across AR headsets and present performance trade-offs across model
hyperparameters.
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Generalization and Ecological Validity. While our initial results are promising, the seated
position of participants may limit the generalizability and ecological validity of the study across all
AR activities. Future work aims to evaluate model performance across more diverse AR tasks to
bridge this gap. Previous research [Alghofaili et al. 2019] successfully validated classifiers across
different navigation scenarios, and Gazelntent [Narkar et al. 2024] showed that gaze-based models
perform best on tasks with similar characteristics. However, systematically evaluating cross-task
generalization by training on multi-task datasets remains a clear direction for future research.
Context-aware AR Interfaces. Implementing real-time cognitive load assessment has the poten-
tial to lead to the development of adaptive AR interfaces that can tailor information delivery to
enhance user performance. Continuous assessment of cognitive load opens up opportunities for
creating adaptive interfaces that are aware of the user’s cognitive state [Jin et al. 2025]. Previous
research has demonstrated the influence of information delivery on cognitive load [Okoshi et al.
2015]. Optimizing the timing and frequency of notifications displayed on an AR interface can also
significantly improve a user’s performance [Syiem et al. 2021; Yu et al. 2022]. In the future, we aim
to integrate cognitive load prediction models into adaptive AR interfaces that respond in real-time
to fluctuations in a user’s cognitive state.

Privacy and Ethics. The collection of detailed eye-gaze data via AR headsets raises significant
privacy and ethical concerns, as these signals can reveal sensitive information regarding demo-
graphics, cognitive states, and medical conditions [Abdrabou et al. 2025]. To safeguard participants,
all gaze data in this study were de-identified and stripped of personally identifiable information
prior to analysis.

Beyond data handling, the downstream application of behavioral models presents risks; models
detecting high cognitive load could be misused to exploit periods of user vulnerability [Ruocco et al.
2024]. As these technologies mature, it is essential to proactively establish safeguards, transparency
mechanisms, and responsible-use guidelines to prevent potential manipulation.

6 Conclusion

In this paper, we presented a novel analysis of cognitive load specifically in augmented reality
(AR) experiences. We examined the gaze features associated with cognitive load and investigated
how to personalize predictive models for classifying cognitive load. Additionally, we compared
the effectiveness of various machine learning models in differentiating between overload and
non-overload conditions, achieving a best-performing group XGBoost model at a 550 ms lens size
using all ten selected features with an AUC-ROC of 0.85. Our findings confirmed the practical
applications of machine learning models in predicting cognitive load states within AR environments.
This research lays the groundwork for future efforts in designing AR experiences and interfaces by
integrating gaze-based cognitive load analytics into usability evaluations.
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