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Abstract

While the estimation of cognitive load through eye-tracker data has proven to hold
immense potential for Human-Computer Interaction, existing implementations are
often hindered by significant inter-subject variability and the need for calibration.
Domain adaptation techniques attempt to mitigate these shifts by aligning source
& target distributions globally. However, this creates a static model that is unable
to account for instance-specific variations, namely physiological differences, lighting
changes, sensor dropouts, and changes in hardware setups. Integrating test-time
adaptation into the pipeline allows for real-time normalization of the model’s statis-
tics using unlabeled streaming data from the test subject, which has been a chal-
lenge in prior studies on creating impartial cognitive load classifiers. This makes
the model dynamic, which is validated by benchmarking using the COLET & AD-
ABase datasets, representing varied scenarios, subjects, and setups. Our results
show that adding the dimension of test-time adaptation improves generalization
accuracy without requiring explicit recalibration, which is crucial as the use of ex-
tended reality (XR) headsets and the applications of situationally-aware interfaces
are rapidly becoming widespread.

Keywords: cognitive load theory (CLT), eye-tracking, domain adaptation, corre-
lation alignment (CORAL), test-time adaptation (TTA), iterative pseudo-labeling,
situationally-induced impairments & disabilities (SIID)
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Chapter 1

Introduction

1.1 Background

Contextual or environmental factors may momentarily disrupt an individual’s sen-
sory and cognitive capacities, potentially leading to unsatisfactory experiences and
temporary limitations. These phenomena are collectively known as Situationally-
induced impairments and disabilities (SIIDs) [36]. Namely, cognitive overload, mo-
tion constraints, low light, or even noise can lead to situational impairments. In
the rapidly evolving landscape of Human Computer Interaction (HCI), particularly
within Extended Reality (XR) or domains where attention is critical, like aviation or
driving, the ability to monitor a user’s cognitive state is paramount. While frame-
works like Human I/0 have attempted to detect the physical constraints of availabil-
ity, they have overlooked the internal and functional state of the user, which is the
measure of Cognitive Load (CL). As CL is the total amount of mental effort being
used in the working memory, high CL can act as a silent yet predominant impairment
and effectively reduce the user’s ability to process visual or auditory information,
even if their physical channels are available. Recent studies have proven eye-tracking
data as a powerful and non-intrusive modality for successfully estimating CL as ocu-
lar metrics like pupil dilation and blink rates are involuntary physiological responses
to mental load [7]. However, a critical challenge of cross-subject or cross-domain
generalization still remains. Eye movements are heavily influenced by the task at
hand and the type of task as well [22], it is also affected by environmental lighting,
among other external stressors. When classifiers trained in controlled lab environ-
ments are deployed in dynamic real-world situations, they often fail due to the shift
in domain and to address this, domain adaptation as well as test-time adaptation
techniques offer a pathway to create robust, calibration-free CL estimators based on
eye-tracking data that can adapt to new users and scenarios in real-time without
manual intervention.



1.2 Rationale of the Study

In the rapidly evolving landscape of Human-Computer Interaction (HCI), the accu-
rate estimation of Cognitive Load (CL) has become a critical requirement for main-
taining user safety and ensuring accessibility to enhance user experience. While
EEG is a proven gold standard for CL detection [6], its intrusiveness limits prac-
tical deployment. In contrast, eye-tracking data has been proven to be a sufficient
source for CL detection, while being a non-obstructive & ubiquitous alternative [26]
suitable for integration into real-world technologies like wearable devices. However,
current eye-tracking-based CL estimators suffer from a significant domain shift gap
[22], where a model trained in one environment fails to generalize to another. CL
estimators also typically require tedious manual interventions to account for indi-
vidual physiological differences. In dynamic environments where lighting or tasks
change rapidly, users can not be expected to pause and recalibrate the system.

Hence, to bridge this gap, our study aims to create a robust & dynamic CL esti-
mator framework. The primary goal of this study is to build a model that learns
objective traits of CL that persist across different target spaces by implementing
Cross-Domain Adaptation. To make the model self-supervised, the next goal is
to integrate Test-Time Adaptation (TTA) to dynamically normalize the statistical
distributions. This enables the system to self-calibrate in real-time, using high-
confidence predictions, whilst also accounting for temporal shifts. This approach
moves beyond simple CL estimation and aims to create a pipeline that ensures re-
liable inference even in unknown environments & setups, without the need for user
interventions.

1.3 Problem Statement

Existing implementations of CL classifiers suffer from inter-subject variances & per-
formance gaps during domain shifts, despite eye-tracking data enabling a viable
window into measuring CL. A drastic drop in accuracy is observed when the source
model is applied to the target domain due to the change in the statistical distribu-
tion of eye features [22], validating the need for adaptation across domains. Prior
solutions relied on Z-score standardization methods [22], which necessitates a man-
ual calibration phase to calculate user statistics, and as a result, this renders the
system unreliable during the initial phase of interaction. Additionally, static models
fail to account for instance-specific variations, leading to misclassifications that can
trigger erroneous interface adaptations. As of now, there is a lack of a unified frame-
work that bridges the gap between source & target domains while also handling live
fluctuations in estimating CL via eye-tracking data.



1.4 Objective

The objective is to develop a dynamic CL estimation pipeline capable of adapting
to different environments without requiring explicit user calibration. Establishing
this dimension in CL estimation paves the way for powering the next generation of
HCI research on wearable devices with improved & robust context-aware computing
in real-world scenarios. The key objectives are as follows:

e Harmonize different eye-tracking datasets into a fused feature space to resolve
unit discrepancies.

e Justify the need for adaptation by conducting a Domain Shift Analysis (via
External Validation) and statistically quantify the performance degradation
of static models when transferred to unseen data.

e Implement Cross-Domain Adaptation to minimize the distance between the
covariance matrices of the source and target domains.

e Develop a Test-Time Adaptation mechanism, enabling the model to dynami-
cally adapt to new users’ physiological traits in real time.

e Integrate Explainability (XAI) to validate the model’s reliance on genuine
physiological biomarkers rather than environmental artifacts.

1.5 Methodology in Brief

To estimate cognitive load from raw eye-tracking data without calibration, the
pipeline starts with the ingestion of heterogeneous data and proceeds to prepro-
cessing & feature engineering, where important physiological markers are derived
from raw eye-tracker data, as shown in Figure 1.1. To make the model independent
of subjects or hardware setups, the data is then aligned, where a common feature
space is established. The key step in this process flow is the adaptive modeling
phase, where, if a domain gap is identified during external validation, the system
applies Domain Adaptation to statistically match the source & target distributions.
Finally, the system is then adapted at test-time to the live target stream, where the
model self-calibrates using high-confidence predictions, for reliable cognitive load
classification.



A flowchart of the described brief methodology for CL estimation:
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Figure 1.1: CL Estimation Logic Overview



1.6 Scopes and Challenges

This study revolves around the analysis of eye-tracking data for the purpose of multi-
class CL classification. The focus is on demonstrating the efficacy of lightweight DA
& TTA methods to mitigate the domain shift performance gap, whilst allowing
for inference without requiring explicit ground-truth labels. Furthermore, CL es-
timators exhibiting reliance on domain-dependent features is a challenge, as that
results in biased predictions. This study also aims to explore the feature reliance of
the proposed models to interpret the effectiveness of the domain adaptation strate-
gies. Another challenge is the alignment of the feature spaces of various eye-tracker
datasets, which requires handling in the preprocessing steps of the proposed method-

ology.

Beyond the scope are - integration of multimodal sensor fusion, analyzing time se-
ries EEG data against tabular eye-tracker data for effectiveness in estimating CL,
comparing Deep Learning-based Cross-Domain Adaptation & Test-Time Adapta-
tion against lightweight ML-based ensemble models (DANN & TENT vs. CORAL
& Tterative Pseudo-Labeling), developing a privacy-preserving framework for eye-
tracker-based CL estimation.



Chapter 2

Literature Review

2.1 Preliminaries
Cognitive Load Theory

The quantitative measure of mental fatigue, capacity, and effort required to com-
plete a task is connoted by Cognitive load [24]. Cognitive Load Theory (CLT),
introduced in the late 1980s, can be categorized into three types: intrinsic load,
which pertains to the complexity of the content; extraneous load, arising from irrel-
evant external factors; and germane load, which involves the effective construction
of schemas through the integration of new and existing information [37]. A funda-
mental aspect of CLT is its emphasis on working memory, which operates within
a limited capacity, and exceeding this threshold adversely affects learning and task
performance. Rapid task responses serve as indicators of cognitive stress associated
with these limitations. In a rather interesting turn, cognitive load is not congruent
across different individuals since it can be influenced by both the individual’s prior
knowledge and also their personal cognitive ability [37]. Hence, managing cognitive
load efficiently, whether it be in professions demanding high levels of engagement
and responsibility or in everyday tasks where performance and accessibility may be
enhanced, ultimately allows a seamless transition for communication and navigation
within an ever-more device and technology-oriented world.

Multimodal Interaction

Multimodal Interaction refers to the process of integrating a quantity of input and
output modes, such as speech, gestures, gaze, and haptic feedback, to foster more
natural and intuitive Human-Computer Interaction. Uniting voice input with visual
or tactile feedback, virtual assistants today, like Amazon Alexa and Google Assistant
enable efficiency in interaction by allowing users to interact with systems through
different channels simultaneously; thus, it promotes accessibility, adaptability, and
the overall user experience. Augmented reality (AR) systems also similarly consoli-
date gaze and hand gestures for an immersive control experience, as can be seen in
Microsoft HoloLens applications [41].



NASA-TLX

The NASA Task Load Index (NASA-TLX) is a widely established multidimensional
assessment tool designed to rate the subjective perceived workload of a task by
deriving an overall workload score based on a weighted average of six sub-scales
comprising Mental Demand, Physical Demand, Temporal Demand, Performance,
Effort, and Frustration [3]. In our study, the NASA-TLX score serves as the ground-
truth label for the models, since physiological signals like pupil diameter need to be
mapped to a verifiable state of CL.

Domain Adaptation

Cross-Domain Adaptation is a Transfer Learning technique, designed to bridge the
distribution gap between a labeled source domain and an unlabeled target domain
[45]. Unlike standard supervised learning, which assumes training and test data
share the same statistical properties, Domain Adaptation addresses the scenario
where the target distribution deviates from the source, and it involves accessing
a batch of unlabeled data from the target environment during the training phase.
Therefore, incorporating these target samples alongside the source data enables the
model to align its decision boundaries to the target’s specific characteristics before
deployment. As a result, it mitigates the risk of performance degradation caused
by a shift in input space and ensures the classifier is not biased solely towards the
source domain but is effectively adapted to the new user [39].

Correlation Alignment

Correlation Alignment or CORAL, takes the covariance matrices from the subject
and the target, finds & applies a linear transformation to minimize differences, and
transforms the source domain to align it with the target’s statistical structure. Using
CORAL, a shared feature space can be created to minimize subject-induced biases
and prevent the model from learning traits that may not generalize well across a
wider test set [40]. This ensures that when the model is trained on the fused data,
it learns features that are statistically consistent, preventing the model from failing
due to simple covariate shifts.

Domain-Adversarial Neural Network

Domain-Adversarial Neural Network, or DANN, trains a model to learn domain-
invariant features by adding a domain classifier and applying a gradient reversal.
During training, the model learns to perform a main task, such as classification.
It also learns to trick the domain classifier, which tries to differentiate between
the source and the target domains. This adversarial process pushes the model to
extract features that are useful for the main classification task but not tied to a
specific domain. As a result, performance on new, unseen data is improved, and
both subject-induced & domain-induced bias are minimized [44]. As this is a Deep
Learning approach, it is best suited for time-series data like EEG signals, where the
availability of samples is not an issue [43].



Test-Time Adaptation

While Cross-Domain adaptation techniques help with aligning distributions globally
during training, they only produce a static model that can not account for temporal
variations. Test-Time Adaptation or TTA, addresses this limitation by updating the
pre-trained model continuously during the inference phase [39]. TTA spontaneously
fine-tunes the classifier using high-confidence predictions from the incoming data
stream, transforming the classifier from a static artifact into a dynamic system
capable of automatic self-calibration in real-time for CL estimation and ensuring
reliable performance despite any physiological drift.

Iterative Pseudo-Labeling

Iterative Pseudo-Labeling refers to a dynamic, self-training strategy used to adapt a
pre-trained classifier to an unlabeled target domain. This process involves using the
model to predict labels for unlabeled data and filtering for high-confidence samples
to serve as Pseudo-Labels or proxies for the ground-truth [10]. The efficacy of
this approach is further validated in recent studies, demonstrating that cyclically
retraining on these pseudo-labeled samples alone is sufficient to allow a model to
align with the target distribution [25]. Unlike completely source-free approaches,
the source data is retained during the update cycles to make the model more stable
and prevent the risk of Catastrophic Forgetting.

Test-Time Entropy Minimization

Test-Time Entropy Minimization (TENT) relies on backpropagation to update nor-
malization layers in deep neural networks for uncertainty reduction, without ground-
truth labels. It calculates entropy loss to minimize the Shannon entropy of the
model’s predictions on test data. As TENT adapts deep learning-based models at
test time, it is also suitable for large data streams, utilizing the underlying neural
network’s ability to learn from complex patterns to avoid overfitting.



2.2 Review of Existing Research
Traditional Cognitive Load detection methods

In Human-Computer Interaction (HCI) and Assistive Technology, accurate cognitive
load detection, especially in real-time, plays a significant role in augmenting user
experience, accessibility, and performance. In the past, conventional techniques
such as self-reports, EEG-based brain activity monitoring, and skin conductance
have been widely used for cognitive load estimation, where EEG is regarded as
the gold standard [6]. However, these techniques tend to be intrusive, lack real-
time adaptation and user-friendliness, as their use in detecting Cognitive Load can
hinder user movement, task performance and accessibility. EEG is accurate but
intrusive, requiring heavy calibration, and serves to be less useful in real-world ap-
plications. Similarly, physiological measures such as Heart Rate Variability (HRV)
and skin conductance are not as specific and reliable as they might also respond to
underlying influences such as stress and physical exertion. Traditional and existing
approaches are model-specific and, thus, can only detect certain SIIDs during mun-
dane or nontrivial activities, oftentimes requiring manual tailoring of the models to
fit the context. Moreover, the past constraints include the unavailability of real-time
adaptation and context awareness in the systems [11].

Analyzing Eye Movement metrics for Cognitive Load estimation

To overcome these challenges, dynamic and non-intrusive eye-tracking techniques
have been utilized in recent studies to provide effective indicators of cognitive load
with high responsiveness and minimum disruption to the user [26].

Metrics such as fixation duration, pupil dilation, saccades, and blink rate analysis
via eye-tracking techniques provide vital discernment of cognitive load assessment.
This method was supported by a study that established pupil dilation as an effec-
tive indicator of mental strain in HCI [7], for it correlates with the difficulty of the
task and working memory load. They have corrected the distortions in pupil-size
data due to variations in gaze-angle using a neural network-based calibration model.
Results from the eye-tracking experiment showed that pupil dilation was able to pro-
vide a clear indication of cognitive load changes following the calibration, thereby
establishing its potential in usability evaluation. Furthermore, a groundbreaking
study highlighted the potential of eye-tracking as a standalone tool for cognitive
load detection, with EEG providing no significant improvement, and it comprised
a dataset of synchronized eye-tracking and EEG recordings, where models based
solely on eye-tracking achieved a high accuracy [26]. Additionally, a generic camera-
based setup for blink detection to gauge cognitive load demonstrated comparable
accuracy to a scientific-grade eye tracker, achieving 85% accuracy across different
lighting conditions and an average discrepancy of 1.54 blinks each minute between
two systems across task conditions [30]. Therefore, this confirms eye-tracking as
a reliable, cost-effective alternative for cognitive load assessment in HCI and ac-
cessibility, particularly in video-based systems such as Augmented Reality (AR),
Extended Reality (XR), wearable IoT devices, etc. Principles and importance of
effective feature extraction and representation in understanding and recognizing hu-
man activities can be applied to eye-tracking data analysis, enabling an enhanced
and accurate cognitive load assessment in HCI and accessibility contexts [9].



The Generalization Gap in Existing Cognitive Load Estimators

While Deep Learning methods excel in generalizing complex tasks by leveraging
powerful feature extraction, they face challenges regarding large-scale data labeling
dependencies, loss-function selection, and component balance [45]. Consequently,
recent studies [45] highlight the urgent need for developing more robust domain
adaptation methods capable of extracting transferable knowledge from limited data
and effectively processing Cross-Domain heterogeneous data to ensure streamlined
application in diverse fields. This necessity is further emphasized in another study
[22], where the lack of generalization is identified as the primary bottleneck restrict-
ing physiological computing from real-world deployment. Key metrics, like pupil
diameter, are heavily confounded by the Pupillary Light Reflex (PLR) and indi-
vidual anatomical differences, often necessitating relative baselining for calibration
purposes, to separate the cognitive signal from environmental noise [22].
Physiological expression of CL shifts depending on the nature of the activity; as
a result, models trained on one task modality often fail to generalize to another
due to the variation of specific autonomic reflexes. Studies validate that this re-
quires a Cross-Domain Adaptation approach so that it is capable of learning the
underlying, invariant features of CL that persist across disparate task environments
and contexts [22]. Furthermore, real-world deployments lack the luxury of manual
user-calibration phases to account for the drifting physiological baselines due to fac-
tors like fatigue, circadian rhythms, etc. This renders such systems impractical for
continuous usage, thereby validating the need for dynamic adaptation frameworks
that can automatically adjust to these temporal variations in real-time, as static
calibration can not resolve this generalization gap. Consequently, existing CL clas-
sifiers remain person-specific or task-specific, largely failing to maintain performance
when transferred to users without explicit recalibration or to new contexts. Hence,
a critical gap remains for self-supervised frameworks that can dynamically adapt to
diversified sensor data and shifting environmental conditions.

Evaluating Eye Movement for Human Activity Recognition

In the experimental setups for analyzing SIIDs through wearable egocentric devices
such as Human 1/0, a combination of egocentric video feed and microphones was
captured. A consumer-level Logitech C930e compressed at 640x480 resolution, along
with its integrated microphone, was used, achieving a decent set of distinguishable
performed actions and situations (82 situations without overlaps) [36] while remain-
ing replicable as a whole setup.

Another study [18] reinforces why the fusion of egocentric video & audio can achieve
astonishing accuracies in activity recognition, compared to single sensor-based read-
ings (up to 13% improvement in top-1 accuracy). Through stacking horizontal &
vertical optical flow with the RGB camera data in a spatial and a temporal Con-
vNet, later fused with audio-based HAR via a temporal binding network (TBN),
both modalities are in use.

10



However, recent extended reality headsets such as the Meta Quest Pro, Magic Leap
2 & Apple Vision Pro, and prototype models such as the Meta Orion & Snap Spec-
tacles, as well as upcoming alternatives from XReal, all heavily lean on eye tracking
interfaces in their design. Hence, in both wearable & extended reality devices, this
can not only be a gateway to analyzing cognitive load unobtrusively as reviewed
but also add another dimension to activity recognition for a more robust system.
Gustafsson [15] explores this idea by attempting to classify human activities in a
typical daily routine using eye tracking only. While it is promising to solely depend
on eye tracking as a classifier, accuracies of up to 30-40% were reached. By itself,
that would not be reliable to use; however, a multi-stack view of results combined
from RGB egocentric video, optical flow, microphone input, as well as eye move-
ment captures, not only fortifies outcomes from previous studies but also tackles the
challenges of using each modality on its own. Namely, activities taking place out of
frame, silent or still activities remaining indistinguishable, activities with a similar
wave capture, can be better dealt with in tandem by relying on multiple modalities
as inputs rather than selectively choosing one or any of their combinations.

Human I/O as the dynamic framework for SIID detection

Human I/0, a real-time system designed to enhance user accessibility by detecting
a wide range of SIIDs [36], by employing a four-level detection scale to measure the
availability of human input/output channels: available, slightly affected, affected,
and unavailable. Information is utilized from the environment as input through
senses such as vision, hearing, and touch, and communicated as an output using
methods like speech, eye movements, and hand gestures in Human 1/O. The authors
focus on overcoming the limitations of such existing systems that fail to account for
the diverse nature of SIIDs by proposing a dynamic and scalable framework where
Human 1/O combines egocentric devices, multimodal sensing, and large language
models in predicting the user’s channel availability, which noticeably improves user
experience in the presence of SIIDs. The performance evaluation of Human I/0O
was on the basis of 300 clips selected from 60 real-world egocentric video recordings,
covering 32 distinct scenarios, and the Ego4D dataset was leveraged for egocentric
environmental analysis. Direct sensing techniques were also used to collect a more
comprehensive set of data, such as hand detection, environmental brightness, vol-
ume level, and audio classification. The study employed a combination of computer
vision, audio analysis, and large language models utilizing chain-of-thought prompt-
ing to predict channel availability with an accuracy of 82% & 0.22 mean absolute
error. However, the participants wanted to draw special attention to the distinction
between the necessity and desirability of these customizations as per personal prefer-
ences as well, highlighting yet another aspect of flexibility that the system stands in
need of. It is proposed that combining activity and environment-based approaches,
along with visual cues in tracking eye movements, would grant this system a compre-
hensive context-awareness of the user’s situation as the mentioned system struggles
with the detection of attention and cognitive load-based impairments.
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2.3 Summary of Key Findings

While traditional methods like EEG are considered the gold standard for CL esti-
mation, they remain impractical for real-world deployment due to invasiveness and
hardware constraints [26]. Consequently, eye tracking has emerged as a sufficient,
cost-effective, ubiquitous, and non-invasive method of CL assessment, therefore pre-
senting an alternative to EEG [26]. Eye tracking has good accuracy under varying
light conditions in most cases, but is subject to motion artifacts and calibration
issues [8]. Another study [31] resolved these problems while building a low-budget
eye tracker that resulted in an accuracy of 78%, performing on par with a scientific-
grade eye tracker. All of these collectively signify and prove that, although not as
high in accuracy as its high-end counterparts, eye tracking can serve as a logical
& standalone solution for CL detection. However, a critical finding is that exist-
ing eye-tracking implementations for CL estimation are severely hindered by the
generalization gap [22]. Physiological metrics like Pupil Diameter are affected by
the Pupillary Light Reflex (PLR), anatomical variability, and external noise. As a
result, static models trained on one task or subject fail to generalize to another, ren-
dering generic or universal solutions ineffective while requiring a tedious calibration

phase that disrupts user experience in dynamic environments like Extended Reality
(XR).

To mitigate this, the findings validate that a Cross-Domain and Test-Time Adap-
tation approach is required for enabling dynamic adaptation. Here, it is crucial to
distinguish between Domain Generalization, Domain Adaptation, and Test-Time
Adaptation. While Domain Generalization constructs a static model robust enough
to handle unseen distributions, the high magnitude of inter-subject variability in
physiological baselines renders static solutions inefficient, as the model cannot ac-
cess target information to adjust its decision boundaries [22]. Domain Adaptation
addresses this by aligning distributions, but it requires access to the target data
during the training phase, which is often impossible in real-time applications where
users change dynamically [39]. In contrast, scenarios where a continuous stream of
incoming unlabeled data from the target environment is available are better served
by a Test-Time Adaptation approach. Unlike Domain Generalization, which ignores
target data, and Domain Adaptation, which requires it during training, TTA ac-
tively leverages this accessible & unlabeled data stream during inference from the
target space to statistically align the model’s decision boundaries with the specific
user’s unique physiology, achieving adaptation on target data along with inference
[39] [45]. Furthermore, to account for temporal instability caused by fatigue & cir-
cadian rhythms, TTA techniques can be leveraged via Iterative Pseudo-Labeling for
a static artifact to transition into a dynamic system with robust performance and
automatic self-calibration capabilities in real-time using high-confidence predictions
from the user’s incoming data [39].
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These advancements directly address the identified limitations within existing SIID
detection frameworks like Human I/0. The Human I /O framework lacks a predefined
mechanism to differentiate between the severity or type of impairments based on the
cognitive load of the user as a separate dimension alongside the existing visual, audio,
and haptic cues to detect SIIDs in real-time [36]. Situations do not always provide a
binary impairment; it sometimes merely delineates the availability of channels in a
variable way, depending on the task itself and the amount of mental effort it requires.
A gradient of interfered availability sensing would better characterize a given state of
availability from the user’s perspective. Hence, this finding of adapting eye-tracking
as a proper & dynamic method for CL estimation would allow an efficient integration
of this crucial missing CL dimension in a multi-modal sensing framework for accurate
SIID detection. By integrating this self-supervised CL estimation pipeline, modern
SIID detection frameworks like Human I/O can finally move beyond simple binary
decisions to intelligently classify the subtle states of a user, such as distinguishing
between a user who is physically occupied versus one who is mentally overloaded,
thereby enabling the context-aware, nuanced adaptivity originally envisioned for
such systems.
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Chapter 3

Requirements, Impacts &
Constraints

3.1 Final Specifications and Requirements

Cognitive load estimation based on eye tracking fundamentally depends on the
availability of stable and sufficiently granular gaze signals. Prior studies consis-
tently assume access to mid to high-frequency eye-tracking data acquired under
controlled conditions, enabling the extraction of fixation dynamics, pupil responses,
and fine-grained gaze behavior. In this research, eye-tracking data are drawn from
COLET and ADAbase, which provide binocular gaze signals with a sampling fre-
quency ranging from 240Hz to 250Hz. In the COLET dataset, binocular gaze signals
were recorded using a head-mounted Pupil Labs eye tracker [28], whereas ADABase
sourced its data using the Tobii Pro Fusion eye tracker, a stereoscopic system fea-
turing two eye-tracking cameras for the left and right eyes, respectively [29]. Beyond
hardware specifications, eye-tracking-based cognitive load estimation depends criti-
cally on calibration quality & signal stability. Poor calibration introduces artifacts
and noise in gaze signals, leading to unreliable pupil and gaze features. In this work,
both datasets rely on post-task subjective cognitive load assessment using NASA-
TLX questionnaires. Consequently, workload labels are available only at coarse
temporal granularity:.

After signal acquisition, a critical system-level requirement arises from the diversity
of the datasets and recording conditions. COLET and ADAbase vary in terms of
structure, experimental contexts, participant behavior, and eye-tracking hardware.
These differences introduce systematic domain shifts in the gaze feature distribu-
tion, even for similar cognitive states. To compensate for these shifts, a domain
adaptation system is required. However, the system can not assume that a model
trained on a dataset will reliably generalize to another dataset without adjustment.
To address this constraint, cross-domain feature alignment is required, too. This en-
ables a statistical harmonization between the source dataset and the target dataset
prior to inference. This requirement was motivated by prior studies showing per-
formance degradation under cross-dataset evaluation. Moreover, due to the use
of coarse-grained workload labels derived from post-task assessments, fine-grained
supervision at deployment time is unavailable. This is why test-time adaptation
mechanisms that operate without labeled target data are required, allowing incre-
mental model adjustments during deployment time under distribution shift [39].
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3.2 Societal Impact

Cognitive load estimation has significant societal relevance in safety-critical and
performance-sensitive domains where excessive mental workload can impair human
attention, reaction time, and decision making. Prior research indicates that height-
ened cognitive load is associated with delayed response, increased likelihood of er-
rors, and reduced situational awareness in dynamic and complex environments like
human-machine interaction, driving, and aviation. Studies on driving simulation
showcase that higher mental load results in significantly longer response times, re-
ducing the driver’s ability to respond to unexpected events [33]. Systems capa-
ble of estimating cognitive load from eye-tracking data can contribute positively
to public safety and system usability by enabling adaptive interventions. For in-
stance, real-time workload monitoring can support driver assistance systems that
issue warnings, adjust information presentation, or temporarily reduce secondary
task demands during periods of overload [12]. Apart from transportation, cogni-
tive load estimation is also relevant in human-computer interaction and learning
environments where extreme cognitive load can hinder comprehension, attention,
and task efficiency. Eye-tracking-based cognitive load assessment allows interfaces
to adapt content complexity and improve user experience and learning outcomes
[34]. However, the societal benefits of cognitive load estimation are dependent on
the generalizability and reliability of deployed models. Prior work reveals that mod-
els trained under certain experimental conditions fall short in generalizing to new
tasks or sensing setups, resulting in degraded performance under domain shifts [23].
A robust cognitive load estimation system with domain adaptation and test-time
adaptation has immense potential to become a decision support tool intended to
enhance safety and usability.

3.3 Environmental Impact

Cognitive load estimation pipelines can impose environmental costs primarily through
computation during model development and deployment. Sustainability in deep
learning requires minimizing energy consumption and carbon emissions with prac-
tical criteria tied to energy efficiency and reduced carbon footprint through algo-
rithmic and hardware choices [38]. This is especially a concern for large-scale deep
learning models as they require substantial electricity and translate into significant
carbon emissions.

In our work, the negative environmental impact is reduced by prioritizing lightweight
adaptation and efficient reuse of trained models rather than constant end-to-end re-
training under every condition. Although modern GPUs are powerful, they have con-
siderable drawbacks in energy consumption, operational costs, and cooling demands,
which motivates the use of efficient modeling strategies and hardware deployment
decisions [38]. During deployment, the environmental impact not only depends on
the model itself but also on where the inference runs and how frequently the adap-
tation occurs. Optimizing inference energy efficiency while maintaining real-time
performance targets is necessary for practicality [20]. Thus, designing adaptation
mechanisms that remain computationally lightweight supports both practical feasi-
bility & lower cumulative compute over time.
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3.4 Ethical Issues

Cognitive load estimation using eye-tracking data raises important ethical concerns
due to the inherently sensitive and biometric nature of gaze information. Eye move-
ments also constitute biometric data that can reveal one’s cognitive state, emotional
condition, attention, and even health status. Eye-tracking captures these states
without explicit verbal interaction, which raises ethical questions regarding consent,
transparency, and autonomy [32]. A major ethical concern is privacy and informed
consent. Eye-tracking systems can infer workload, behavioral patterns, and atten-
tional focus that users may not be consciously disclosing. Prior works reveal that
gaze data can be used to identify inference and behavioral profiling, emphasizing the
need for explicit consent and strict purpose limitation [42]. Since no data ever leaves
the device in our pipeline, it addresses this concern. Another ethical concern arises
in surveillance and misuse. Continuous gaze tracking can enable covert tracking of
user attention and cognitive states, potentially leading to intrusive monitoring prac-
tices if deployed without clear safeguards [19]. Such risks are particularly salient
in institutional contexts such as workplaces, educational environments, or public
spaces. Ethical challenges are further heightened in vulnerable or sensitive settings,
including healthcare and child-computer interaction. Thus, implementations require
careful ethical review to avoid unintended psychological or behavioral consequences
for participants [21].

3.5 Standards

This research aligns conceptually with widely recognized standards that govern
human-centered system design and the responsible handling of personal data. In
terms of data protection and privacy regulations, eye-tracking data falls under per-
sonal or biometric data categories. Analyses of eye-tracking technologies under the
European Union General Data Protection Regulation (GDPR) emphasize that gaze
data can become biometric data when used for identification, profiling, or inference
of sensitive attributes, thereby invoking stricter legal protections. Compliance with
GDPR and consent when collecting and processing gaze data is required [35].

As per the FAIR & CARE principles, the selected datasets, COLET & ADABase,
are anonymized, and participant details cannot be traced back to individual identi-
ties [28][29].
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3.6 Project Management Plan

The project lifecycle is divided into 5 crucial phases:
1. Establishing the Rationale & Background Literature Review (2-4 weeks)
2. Data collection, Preprocessing, Feature Engineering & Alignment (4-5 weeks)

3. Baseline model testing & External Validation for Domain Shift Analysis (2-3
weeks)

4. Static Correlation Alignment implementation & Dynamic Iterative Pseudo-
Labeling implementation for TTA (5-6 weeks)

5. Extraction of all performance metrics & plots of relevant graphs, interpretation
of the results through XAI, and identifying limitations of the implementation
for future work recommendations (4-5 weeks)

Each phase is treated as one sprint, with each sprint lasting a maximum of 6 weeks,
accounting for varying schedules during ongoing academic semesters.

A high-performance PC from our Research Lab was allocated for all phases involving
testing, free of cost. For all data preprocessing, feature engineering & alignment,
model training, and evaluation, three tiers of PC configurations were tested for
validating the findings. The high-end system with an i7-14700K, RTX 4080 Super,
and 64GB of DDR5 RAM was used to ensure stable initial results. These results
were then reproduced on a mid-tier laptop with a Ryzen 7 8840HS, RTX 4060, and
16GB of DDR5 RAM, to represent a wider range of end-devices. Since our training
& testing were done on CPU-only, to represent a CUDA-disabled, iGPU-only low-
end configuration, a Ryzen 5 2400G-based desktop with 8GB of DDR4 RAM was
selected for a final confirmation of the findings.

3.7 Risk Management

The primary technical risk for CL estimation is domain shift. Differences in eye-
tracking hardware, participant behavior, and experimental protocols cause perfor-
mance degradation when evaluated across datasets [23]. This risk is addressed
using feature-level domain adaptation to reduce distributional mismatch without
requiring labeled target data [14]. Another risk is noise and calibration instability.
Eye-tracking measurements are sensitive to calibration quality, blink-related signal
loss, lighting conditions, and head movement [12]. This is managed through care-
ful preprocessing, normalization, and exclusion of unreliable samples. Adaptation
instability is another risk that gets introduced when working with test-time adap-
tation. To mitigate this, selective and constrained adaptation strategies are used to
prevent unstable behavior during inference [39].
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3.8 Economic Analysis

Deploying cognitive load monitoring systems has direct and indirect costs that im-
pact the feasibility in real-world settings. Practical adaptation depends on whether
the devices are affordable, durable, and acceptable to users. It also depends on
whether organizations perceive a positive cost-to-benefit ratio. Occupational safety
and health (OSH) professionals suggest that organizations have shown a willingness
to pay for wearable monitoring devices. Respondents estimated their organization
would spend about $72 per person for a wearable device, indicating that per-user
hardware budget may be quite modest in real deployments [16]. Costs aren’t limited
to purchasing devices. Additionally, recurring operational costs depend on sensor
durability, privacy & confidentiality concerns, and employee compliance. These is-
sues have a major economic impact as they influence rollout success and long-term
maintenance efforts [16]. A common economic bottleneck that many solutions face
is that they become non-scalable systems with the lack of interoperability, raising
integration costs. These can significantly increase the cost of ownership, even if the
cost of sensors is cheap [17]. For a cost-conscious design, our implementation focuses
on the efficacy of lightweight yet reliable models for CL estimation.
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Chapter 4

Proposed Methodology

4.1 Methodology Overview

We propose a 5-stage CL estimation pipeline as shown in Figure 4.1, which utilizes
domain adaptation & test-time adaptation methods to create a dynamic, domain-
adapted model that is able to retrain itself without requiring ground-truth labels.
Firstly, raw eye-tracking features related to pupil dilation, gaze patterns, and blink
rates are collected from two separate datasets - COLET & ADABase. Subsequently,
gaze, pupil-related & blink-related features are extracted from the raw data. To
address baseline shifts in the features due to physiological changes and unit dis-
crepancies between the two datasets, independent robust scaling is employed on the
extracted features.

After the feature extraction phase, the Data Alignment & Integration step ensures
compatibility among the datasets. This is done by normalizing the column names,
finding the intersection of the common features, and merging the datasets into a
single form, where the scores of the NASA-TLX serve as the ground-truth labels for
CL. The top 30 discriminative invariant features are then selected using a Random
Forest classifier to reduce the dimensionality of the data.

The heart of the pipeline is the Domain Adaptation stage. On the first pass, a Hist-
GradientBoostingClassifier is trained on COLET & validated on ADABase, and on
the second pass, another HistGradientBoostingClassifier is trained on ADABase &
validated on COLET to serve as the baseline metrics. However, due to the perfor-
mance degradation that may occur from the domain shift, Correlation Alignment
(CORAL) is used to align the covariance of the features in the source data with the
target data, ADABase.

Lastly, to ensure the model is robust in real-world deployment scenarios, we use
Test-Time Adaptation (TTA) in the form of iterative pseudo-labeling. In this phase
of the process, the model is used to make initial predictions on the unlabeled live
target stream. The high-confidence predictions (> 85%) are then filtered and used
as pseudo-labels to iteratively retrain the model via self-training. The output of the
pipeline is a classification of the user’s cognitive state into one of the four classes:
Very Low, Low, High, or Very High Cognitive Load.
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A diagram illustrating the proposed methodology:
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Figure 4.1: Complete pipeline of the proposed CL estimation model
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4.2 Model Specification

4.2.1 Baseline Comparison

To create a solid foundation for the baseline scores, we have selected a HistGra-
dientBoostingClassifier, which is an ensemble model based on decision trees. This
estimator was chosen for two important reasons. Firstly, it natively supports miss-
ing values without the need for aggressive imputation; this is especially common
in eye-tracking data due to blinks & artifacts that can introduce bias. The second
important reason is that it bins continuous feature values into integer-valued his-
tograms, drastically accelerating training on tabular data while maintaining high
interpretability.

A maximum of 200 boosting iterations was used to compensate for a slower learning
rate of 0.05, allowing the model to converge gradually without memorizing sensor
noise or stopping prematurely. A maximum tree depth of 5 was set to cover the
non-linear interaction between the pupil and gaze features, as a higher depth would
make the decision tree too complex for lightweight implementations. In addition,
L2 regularization was used to prevent the model from overfitting the source domain
by setting 12_regularization = 0.1. A random seed of 42 was also set to ensure
the reproducibility of the domain adaptation results.

A ResNet-MLP architecture was used to compare the HistGradientBoostingClassi-
fier to DL-based pipelines. The Residual Multi-Layer Perceptron with two residual
blocks and a linear classifier was trained with Batch Normalization and the Dropout,
p set to 0.3.

4.2.2 CORAL

When testing the model on an external dataset, it can encounter diverse target
domains. In these settings, domain adaptation techniques can minimize the bias
induced by the training dataset [40]. In order to reduce covariance mismatch during
adaptation, we leverage Correlational Alignment (CORAL) to account for subjectiv-
ity. By aligning covariance matrices in all domains, CORAL can minimize the shift
induced by the fact that NASA-TLX scores may differ from one subject to another
subject. Since CORAL needs to be trained on a model, the baseline HistGradi-
entBoostingClassifier model will be reused with the fine-tuned hyperparameters for
comparison.

4.2.3 Iterative Pseudo-Labeling

For Test-Time Adaptation, the static CORAL-adapted HistGradientBoostingClas-
sifier was reused with the same parameters as before. The confidence threshold was
set at 0.85 as a balanced sensitivity, without making the model too flexible or too
rigid. The iteration count was set to 10 in order to stop the model early, so that the
model does not become overconfident. However, both of these parameters have been
evaluated over a wider range in section 5.3 to validate the chosen optimal values.
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4.3 Data Collection

Multimodal datasets containing both eye-tracker information and ground truth la-
bels for cognitive load metrics are sparse and domain-specific. COLET, or Cognitive
workLoad estimation based on eye-tracking, is an open dataset that bridges that gap
by monitoring 47 independent participants via Pupil Core eye-trackers, as they were
tasked with solving visual puzzles of varying difficulty. The raw data were compiled
from multiple sources per trial as one task was performed by a subject. The collected
data streams included pupil data for continuous measurements of the diameter of
both pupils, gaze data for X and Y coordinates of eye gaze position over time, blink
data to represent the times of occurrence and durations for the blink, subject in-
formation, annotations, and metadata. Participants were surveyed at the end of
each activity by having them fill out a NASA-TLX questionnaire, which assesses
the workload subjectively. Since EEG-based physiological measurements are not
applicable to end devices with limited sensing capabilities, subjective measurements
have proven to be acceptable for categorizing cognitive load [28].

In accordance with our proposed Source-Target Domain Adaptation pipeline, we
utilized ADABase as the designated Target Domain. Unlike a traditional external
validation set, this dataset serves a dual purpose: it acts as the unlabeled stream
for our Test-Time Adaptation (TTA) experiments and as the target distribution
for Correlation Alignment (CORAL). To enable these cross-domain tasks, the raw
ADABase data required a specialized ingestion pipeline (Stage 2) followed by a
rigorous alignment phase (Stage 3). The raw ADABase dataset was acquired as
30 distinct HDF5 containers, which were unpacked into a structured directory of
subject-specific folders (for example: adabase-public-0001) [29]. Each folder con-
tained synchronized CSVs for signals, metadata, and subjective scores. Unlike the
discrete task files in COLET, ADABase presented continuous signal streams. We
implemented a Trial Segmentation process that iterated through the signal files,
grouping continuous data points based on unique study and level identifiers in the
metadata to reconstruct discrete experimental trials.

Usage permissions have been obtained via a signed End-User License Agreement for
the legal utilization of each dataset required. As per the FAIR & CARE principles,
the datasets are reproducible and interoperable. They are also anonymized, and
subject details cannot be traced back to personal identification factors.

4.3.1 Exploratory Data Analysis

First, we performed exploratory data analysis on the COLET dataset. To break
down the complexity, the raw data was transformed from its original .mat file type
to standalone CSV files, as shown in Figure 4.2. In total, the dataset includes
47 subjects organized as follows: each subject includes an id_info.csv file containing
demographic data, and each of the four tasks (tasks 1 through 4) includes time series
gaze_data.csv, pupil_data.csv, blink_data.csv, and annotation (NASA-TLX scores)
CSV files. The time series files were processed such that a summary feature set for
each trial could be extracted prior to modeling. Through this process, a feature
table was organized for analysis with 188 unique observations.
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Figure 4.2: COLET Feature Table Summary

Looking at a portion of the tabular data in Table 4.1, we can have an estimation of
the data types that can be encountered from the base feature set distribution:

subject_id task_.id Gender ... blink_mean_duration NASA_TLX_mean
10 1 0.0 . 0.252 16.7
10 2 0.0 o NaN 9.2
10 3 0.0 . 0.282 45.0
10 4 0.0 S 0.225 44.2
11 1 1.0 e 0.177 23.3

Table 4.1: Excerpt of the features with NASA-TLX mean workload scores as the
target (middle columns omitted for brevity).

All categorical data was encoded accordingly, thus no further transformations are
required on the domain of existing numerical data types.

As null values were present, particularly within the features associated with blinking,
they require addressing when proceeding with the data cleaning segment.
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Observing the correlation heatmap of the dataset in Figure 4.3:

Figure 4.3: COLET Correlation Heatmap

The features - standard deviation of pupil diameter & the variance of pupil diameter
over the 1s time window of each sample seem to have a strong positive correlation
with each other, as well as with the mean NASA-TLX scores. On the contrary, the
mean fixation duration per participant has a moderate negative correlation with the
mean of the recorded amplitude of saccades, as observed in Figure 4.3.
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Figure 4.4: COLET Task-wise NASA-TLX Mean

Mean NASA-TLX score distributions for each task are as seen above in Figure
4.4. Task 1 contains overall lower workload scores, with most participants reporting
scores between about 10 and 25 and mild outliers above 60. Task 2 shows a moderate
amount of workload, where scores are reasonably distributed between about 10 and
50. Task 3 and 4 show moderate to high perceptions of workload, with respective
median scores nearing 45 and 52, with both showing greater variability than the
other tasks. In particular, outliers were evident in every task, which meant some
subjects experienced relatively low or high workloads compared to the majority of
subjects, particularly in task 1 and 4.

Next, prior to the utilization of ADABase as the target domain, an exploratory
analysis for this dataset was also carried out in order to affirm the quality level of
the mapped features as well as the distribution level of the subjective ground truth.
This analysis played a crucial role in confirming that the target domain contains
detection patterns similar to the source domain (COLET).

To validate that the ADABase tasks induced distinguishable levels of cognitive load,
we analyzed the distribution of NASA-TLX scores across the different experimental
tasks. Figure 4.5 illustrates the spread of subjective workload ratings for each valid
task identifier.
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Figure 4.5: ADABase Task-wise NASA-TLX Mean

As can be seen in Figure 4.5, a lot of variability between the tasks is present, which
again confirms the observation that the data set indeed represents a wide spectrum
of cognitive states from low to very high levels of cognitive effort. What is important
to highlight from the above results is that the information from Tasks 2, 5, and 7
was not considered for this particular assessment pipeline, leading up to the actual
training pipeline, because they did not have the relevant ground truth provided
through the NASA TLX labels in the raw data set provided.

In order to understand the correlation between the derived physiological features
and the cognitively labeled data, we developed a correlation heatmap. Figure 4.6
shows the important features related to oculometrics and highlights the correlation.
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Figure 4.6: ADABase Correlation Heatmap

Similarly, akin to the findings from the source domain, there were physiological
changes to higher workload. Features related to the pupils’ dimensions, specifically
the average pupil diameter and its robust variations, demonstrated a positive corre-
lation in line with the task-evoked pupillary response. According to the Task-Evoked
Pupillary Response (TEPR) theory, pupil dilation acts as a reflex to cognitive load
[2]. Additionally, a considerable variance was observed in blink frequency and dura-
tion compared to varying load intensity, thus justifying their inclusion in our feature
set. The heatmap above also shows blocks of highly correlated features such as the
average speed of eye movements (mean_velocity) and the variability in the distance
of eye jumps (saccade_length sd). This implies a consistent physiological signal in
the feature set from varying sessions of the target domain.

4.3.2 Data Cleaning

The raw eye-tracking time series data required initial preprocessing as it was inher-
ently noisy. It was achieved through converting the raw data into a structured format
by calculating 33 base features containing robust statistical summaries (e.g., mean,
standard deviation & velocity for pupil, gaze, and blink signals), which resulted in
effectively smoothing the data and preparing it for subsequent feature engineering,
as meaningful stable signals have been extracted from noisy raw inputs. Afterwards,
the missing values were analyzed on the initial COLET feature set. The analysis
indicated that data sparsity is still a limitation, affecting only blink-related metrics.
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blink_total_time: Null count 40

blink_duration_sd: Null count 40

blink_rate: Null count 40

blink_mean_duration: Null count 40

e blink_count: Null count 40
e blink_frquency: Null count 40

The reason for the missing features is that some subjects did not blink during the
considered window duration. To exemplify, Subject 10 did not blink at any given
moment while completing task 2 within about 29 seconds. Hence, this resulted in
an equal number of missing entries for all blink-related features.

We used a multi-stage approach to handle missing values like these to ensure data
integrity and leakage prevention. In the initial feature extraction phase, each sig-
nal extractor incorporated a built-in method for flagging missing sensor data (e.g.,
blink feat missing = 1.0) each time the corresponding raw channel was missing.
This way, we retained information about missing sensors while keeping all features
numeric. The other metrics derived from gaze and pupil data were complete.

In the primary imputation phase, after feature_cols had been selected, the dataset
was filtered using column-wise median imputation (X = X fillna(X.median())) and
subsequently used zero imputation (X = X.(illna(0)) for any feature or voiding
columns. The train/test split was performed before augmentation, and imputation

Top features by missing percentage before imputation

was handled separately to avoid data leakage.
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Figure 4.7: Missing Features’ Plot of COLET

For higher-level meta-features such as subject or task aggregates, any remaining
missing entries were replaced with global subject or task means calculated from
the training set. On the complete data for engineered features, all remaining NaN
or infinite values were replaced with zero, and then the VarianceThreshold filter
was applied to remove constant or near-constant features to keep only finite and
informative variables. In all cases, outliers and inconsistent values were addressed
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using a combination of robust statistical methods, explicit missing-value indicators,
and careful imputation steps. For extreme values, a combination of IQR clipping,
RobustScaler, as well as logarithmic or exponential transformations was used to
stabilize the extreme values. All of these steps raised robustness during modeling
and maintained data integrity in the imputation process. As a result, outliers and
inconsistencies were addressed effectively.

Contrary to post-hoc statistical cleaning that was performed in COLET, data clean-
ing for ADABase was actually incorporated into the signal ingestion pipeline due to
its nature. An inferential logic was built into the system to identify the valid signal
code (0 or 1) for a specific subject. The raw pupils and gaze sample values marked
as invalid based on the LEFT_PUPIL_VALIDITY and RIGHT_PUPIL_VALIDITY columns
were set to zero before the feature extraction phase to avoid sensor noise.

To overcome the issue of sensor dropouts in a single channel of the data, the nan-
mean of left and right channel data was computed in a similar way like Figure 4.8.
This actually smoothed the data and filled the spots where one of the eye’s data
was not available.

Figure 4.8: ADABase Pupil Data Signal Fusion

To maintain strict quality control over our ground truth labels, we filtered out all
trials in which essential information, such as Study/Level identifiers, was missing.
Additionally, all those sets of tasks that did not correspond to all the NASA TLX
subjective load values were removed to ensure all data had a cognitive load label
assigned to it.
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Figure 4.9: Missing Features’ Dot Plot after Data Cleaning

To demonstrate the effectiveness of the data cleaning stage, a dot plot has been
visualized, showing an absence of missing value trends through the samples, as
depicted in Figure 4.9.

4.3.3 Data Transformation

In order to model the physiological complexity of cognitive load correctly, the initial
set of 33 basic oculometric feature measures was insufficient for effective classifica-
tion. Therefore, we increased the feature set to 94 sophisticated attributes through
the successful employment of a stringent feature engineering process backed by rec-
ognized psychophysiological scientific literature. This was important for correctly
dealing with the non-linearity between eye measures and mental operations.
From the raw signal distribution analysis, high levels of right-skewed tendencies were
evident in the key parameters of interest, e.g., the pupil diameter and fixation time.
Normalization of the distribution and the detection of underlying non-linear pat-
terns in the data were attained using logarithmic and polynomial transformations
of the base features, specifically, squares and cubes, thereby being similar to the
standard approach that various sources support for the handling of physiological
reactions that tend towards log-normal distributions [4].
Beyond statistical transformations, we have engineered specific composite indices
that were designed to function as direct proxies for cognitive states. It is computed
Pupil
Velooits) )
elocity
The feature is supported by the capacity model of attention. According to this,
when the demands of a task increase, sympathetic arousal (reflected by pupil di-
lation) and tunnel vision (low velocity of saccades) both tend to increase [1] [2].
Defined as the fixation count over the total saccade distance. It evaluates the user’s

by dividing the pupil diameter by the velocity of the saccades (
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visual concentration level. This measure uses the terms focused processing in rela-
tion to high values, while presenting distracted scanning in relation to lower values.
We also generated interaction features that model the rich dependencies between
different oculomotor systems. These were obtained by multiplying the pupil diam-
eter by the coordinates of gaze, thus capturing the gaze-dependent pupil response
and removing the cosine error, where the apparent size of the pupil changes with the
angle of observation with respect to the screen center [13]. We also included highly
discriminative ratio features, such as blinks per fixation, that capture the trade-offs
between intake of visual information through fixations and cognitive breaks through
blinks, hence offering to the model a more context-enriched representation of the
subject’s mental state [5].

It has also been discussed that in order to detect such entities as SIID (Situationally
Induced Impairments and Disabilities) appropriately, it is not enough to consider
a binary or ternary classification to create an adaptive system. Following the tax-
onomy of user availability as defined in the Human 1/O framework, which has four
classes of user availability: Available, Slightly Affected, Affected, and Unavailable,
our model of cognitive load has also been developed to predict it as a 4-class prob-
lem (CO - C3) [36]. This allows differentiating between users being busy, which
translates to High Load, and users being cognitively unavailable, which translates
to Very High Load.

After feature extraction, there seemed to be a significant imbalance of the target
labels. More specifically, a lack of entries for very high cognitive load (C3) can be
observed in Figure 4.10:
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Figure 4.10: Imbalanced Target Label Distribution of COLET (equal-width bins)

Therefore, to balance the ground truth labels for COLET, normalizing the target
(NASA-TLX mean scores) using a Min-Max scaler followed by determining the class
boundaries using rank-based quantile distribution was performed. This ranked all
the trial scores in ascending order and split them into four equal quartiles. The class
boundaries derived were: Very Low CL (C0) = [0.00, 0.219], Low CL (C1) = (0.219,
0.385], High CL (C2) = (0.385, 0.573], and Very High CL (C3) = (0.573, 1.000].
Unlike traditional thresholding, which often leaves extreme classes underrepresented,
this partitioning ensured that precisely 47 out of the 188 recorded scores (25%) were
assigned to each class, including the Very High CL, C3 category. This efficiently
neutralized the intrinsic imbalance of the raw subjective scores before the model
training phase.

It is noteworthy to mention here that the data split was directly performed to en-
sure the training dataset consists of 80% of the total data observations, while the
remaining 20% constitutes the testing set directly after the feature extraction pro-
cess. This is to avoid the Lucky Split effect normally obtained while working with
relatively limited physiological datasets, such as ours, where the total observations
are about 200. During the train-validation split itself, Stratified Splitting (strat-
ify=y) was employed. Thus, the proportionate spread of the four cognitive load
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classes in the test dataset remained as it could have been in the original dataset in
the sense that even the Very High CL (C3) class would not be compromised by the
split itself. Moreover, the test dataset remained distinct from the rest of the data
splitting operations, i.e., it remained untarnished during the train-validation split.
Given this intrinsic class imbalance within the training set, a manual Random Over-
sampling strategy was preferred over any synthetic generation methods. A special-
ized function for balancing data was put into place in order to find out the frequency
of the majority class and make sure to artificially inflate the minority classes by sam-
pling existing instances with replacements. This was done until every count from
each class matches the majority class exactly, as shown in Figure 4.11. Through
setting perfect class parity before training the HistGradientBoostingClassifier, we
neutralized intrinsic model biases toward the majority class. As such, the gradient
boosting trees now learned the distinguishing physiological patterns for High Load
versus Low Load, related to features like pupil dilation and saccade velocity, rather
than just minimizing error based on prior probabilities.

Figure 4.11: Class Distribution After Balancing

4.3.4 Data Integration

After independently preprocessing the source domain (COLET) and the target do-
main (ADABase) individually, a stringent data alignment phase has been executed.
This phase has been carried out to ensure compatibility between the involved data
schematics before the actual consumption of the machine learning models. As de-
picted in Stage 3 of the methodology, the data alignment phase has been conducted
by performing three crucial steps:

Since the data was obtained from distinct sources, the attributes also had varied
formats. To standardize the target domain in relation to the source domain, the
attribute nasa_tlx_score from the ADABase standard was given the same mapping
as the NASA_TLX _mean attribute from the COLET standard. Similarly, the flags
for valid signal and the score were standardized to attain the same ground truth
attributes, NASA_TLX clean and NASA _TLX normalized, for the two dataframes.
To ensure there is no feature space mismatch during our Domain Adaptation phase,
we mathematically calculated both datasets’ feature intersection sets. Although
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both pipelines provided us with rich sets of features, we only ended up using fea-
tures present in both datasets. This process eliminated dataset-specific artifacts and
led us to our concluding set of 94 physiological features, as both datasets contained
information on pupil dynamics, blinks, and saccade kinematics. To enable the later
Domain Adaptation stages (CORAL and TTA), a metadata tag dataset_source
was appended to all trials.

This alignment operation produced two data sets that are in synchronization. This
method separates both datasets into two separate csv files but keeps them compat-
ible with the entire pipeline so that the Source-Only Training (Step 4a) and the
Target-Only Validation (Step 4b) can be performed without any data leakage.

4.3.5 Summary of Preprocessed Data

After the intensive preprocessing steps, the final architecture of the data set was
consolidated to two synchronized data streams for processing by the domain adap-
tation pipeline. It was identified that both COLET and ADABase datasets were
reduced to a final intersection of 30 top behavioral features using a RandomForest
classifier, as shown in Figure 4.12. The features cover major physiological areas such
as advanced engineered features related to pupil-gaze-blink correlations, pupil mean
diameter, variance, velocity, quantile metrics, gaze saccade length, velocity, spatial
distribution (X, Y coordinates), blink Rate, blink duration, and blink frequency.

Figure 4.12: Comparative 30 Features Selected by RandomForest Classifier
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pupil_mean_cube alertness_index ... gaze_variance_ratio nasa_tlx_mean

12.21 0.45 2.10 16.7
10.55 0.52 1.85 9.2
15.30 0.33 3.44 45.0
14.12 0.38 2.95 44.2
9.88 0.61 1.55 23.3

Table 4.2: Excerpt of COLET trials showing key features

pupil_mean_cube alertness_index ... gaze_variance_ratio nasa_tlx_mean
19.77 0.08 S 1.07 7.00
20.28 0.14 e 1.06 11.33
20.85 0.15 e 0.99 12.00
18.54 0.18 0.37 1.50
20.98 0.10 . 0.59 4.83

Table 4.3: Excerpt of ADABase trials showing key features

As indicated in the comparison of the structures in Table 4.2 and Table 4.3, the
feature space of both datasets has been successfully aligned and ready to be fused
in spite of their disparate original forms in the raw data.

4.4 Implementation of Selected Design

The strategy for implementing these models was to prioritize robustness over com-
plexity while making a shift from deep-learning models to a HistGradientBoosting-
Classifier to alleviate the prevalent issue of overfitting faced on limited physiological
data. The most crucial part of this design was to ensure that an advanced feature
intersection was put in place to mathematically unify different forms of unaligned
eye-tracking signals between both COLET & ADABase datasets. The algorithmic
logic behind this design can be represented in pseudo-code below:
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CL Estimator Pipeline Pseudo Code

function PREPROCESS_DATA (raw_data, domain_type)
if domain is ‘COLET’ then
trials <+ Extract
else if domain is ‘ADABase’ then
trials <— Segment stream & Mask invalid eyes
end if
for each trial in trials do
features < Calculate Pupil, Gaze & Blinks
features <— Normalize Features (Log-Transform)
end for
Thresholds < Calculate quantiles based on NASA-TLX
labeled_data < Assign Label (0-3) based on thresholds
return labeled_data
end function

function ALIGN_DOMAINS(source, target)
Rename target columns to match source
Keep only common columns
Add ‘Dataset Source’ tag to both
return aligned_source, aligned_target
end function
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function RUN_PIPELINE(Dsoyrce, Diarget)
Xirain, Ytrain < StratifiedSplit(Dgoyree, ratio = 0.8)
Xbalanceda Ybvalanced — Randomoversample(Xtrain7 ytrain)
Fiopi < SelectFeaturesRE(Xpaianced: Yvatanceds & = 30)
Xsource < FilterFeatures(Xpaanced, Frop.k)
Initial Training
Model gose < TrainHistGradientBoosting( X source, Frop.k)
Distribution Alignment (CORAL)
Csource < Covariance(Xgouree) + AL
Charget < Covariance(Xigpger) + AL

1 1

2 2
Calign — Csource : Ctarget

Xgoli‘%zd — Xsource : Walign
Model ygapteq < TrainHistGradientBoosting(Xdined 7, )
Test-Time Adaptation (Self-Training)
Bufferpseudo — @
for Batchsyream in Doty do
Probs <— Model ygapteq- PredictProba( Batchstream)
Con faz < max(Probs)
Labelyyeq < arg max(Probs)
if Confmaz > Thigh_con fidence then
Bufferpseudo < Bufferpseudo U {(BatChstreama Labelpred)}
end if
if ‘Buffe'rpseudo| > Nupdate,threshold then
Retrain on (Original Source + Pseudo Labeled Target)
Bufferpseudo < @
end if
end for
return Model,gapted

end function
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Chapter 5

Result Analysis

5.1 Performance Evaluation

At first, using the preprocessed COLET & ADABase datasets, two separate Hist-
GradientBoostingClassifier models were trained. The goal was to create two indi-
vidual models which have never seen samples from the other dataset. To validate
the baseline scores of these models, we measured their accuracy and both macro &
weighted averages of Precision, Recall & F-1 scores. The HistGradientBoostingClas-
sifier is a state-of-the-art ML model, particularly well-suited for tabular data like
our pre-processed datasets. This choice was intentional for this four-class classifica-
tion problem, as per our model specifications defined in section 4.2.1. The baseline
HistGradientBoostingClassifier model trained only on the COLET dataset achieved
an accuracy score of 78.95%.

Precision Recall F1-Score
Macro Average 0.8111 0.7917 0.7927
Weighted Average 0.8123 0.7895 0.7918

Table 5.1: Baseline HistGradientBoostingClassifier on COLET

The other HistGradientBoostingClassifier model trained only on the ADABase dataset
achieved a more impressive accuracy score of 84.21%.

Precision Recall F1-Score
Macro Average 0.8424 0.8421 0.8398
Weighted Average 0.8424 0.8421 0.8398

Table 5.2: Baseline HistGradientBoostingClassifier on ADABase
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Figure 5.1: Confusion Matrices of the Baseline HistGradientBoostingClassifier

Looking at the Confusion Matrices of these models in Figure 5.1, we can see that
both models perform in an acceptable range, with the ADABase model struggling to
distinguish between the High (C2) & Very High (C3) classes sometimes, and both
models show mostly correct predictions for the Very Low (C0) CL class. This is
due to the limited number of observations for classes C2 & C3 in contrast to the
abundant CO entries, as discussed in section 4.3.3.

To validate our choice to use an ML-based pipeline for this tabular data, we also
tested the achieved baseline scores against a DL-based state-of-the-art ResNet-MLP
model. Despite the theoretical capacity of deep networks, the Residual Multi-Layer
Perceptron was only able to achieve an accuracy score of 52.63% when trained
using the COLET dataset.

Precision Recall F1-Score
Macro Average 0.5366 0.5306 0.5306
Weighted Average 0.5353 0.5263 0.5278

Table 5.3: Baseline ResNet-MLP on COLET

This signifies that our preprocessed tabular data is far too limited in numbers for
a DL-based approach to be able to learn all the complex patterns of physiological
data, in contrast to EEG-based CL estimation models trained on time series data
[43]. This trend is repeated when training the same ResNet-MLP architecture using
the ADABase dataset, achieving a similar accuracy score of 53.70%.

Precision Recall F1-Score
Macro Average 0.5324 0.5485 0.5388
Weighted Average 0.5295 0.5370 0.5316

Table 5.4: Baseline ResNet-MLP on ADABase
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Figure 5.2: Confusion Matrices of the Baseline ResNet-MLP

From the Confusion Matrices of the ResNet-MLP in Figure 5.2, it is evident that in
both cases, this architecture struggles to learn the differences between the classes,
with the only exception being mostly correct predictions for the CO class, for the
model trained on ADABase only. This indicates underfitting in our DL-based ap-
proach, aligning with prior studies on why tree-based models can drastically outper-
form DL on tabular data [27]. This could be somewhat mitigated by the Synthetic
Minority Oversampling Technique (SMOTE); however, that would also change the
class distribution in the provided training data and potentially introduce bias, lead-
ing to an unreliable model that defeats our purpose.

Now, to analyze the domain gap in each of the selected baseline models (HistGradi-
entBoostingClassifier), an external validation step was performed. Each model was
tested on a subset of the unseen target data from the unused dataset. Meaning,
on the first pass, the model trained only on COLET was evaluated against a test
split randomly taken from ADABase. This yielded a low accuracy score of 22.59%,
which is lower than random guessing.

Precision Recall F1-Score
Macro Average 0.1779 0.1823 0.1609
Weighted Average 0.1953 0.2259 0.1888

Table 5.5: External Validation on COLET Source -> ADABase Target

On the second pass, the model trained only on ADABase was evaluated against a
test split randomly taken from COLET. This also resulted in a poor accuracy score
of 21.81%, with the other performance metrics shown in Table 5.6:

Precision Recall F1-Score
Macro Average 0.2145 0.2181 0.2097
Weighted Average 0.2145 0.2181 0.2097

Table 5.6: External Validation on ADABase Source -> COLET Target
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Figure 5.3: Confusion Matrices of the External Validation Tests

From the Confusion Matrices in Figure 5.3, it is clear that on both passes, the
external validation tests resulted in a severe loss of accuracy from the baselines
(56.36% & 62.4% drops, respectively). This is expected, as previous literature also
found CL estimators to be very domain-dependent, as analyzed in section 2.2. This
clearly shows a performance gap during domain shifts in physiological data-heavy
models like CL estimators, justifying the need for our proposed methodology for
cross-domain & test-time adaptation.

5.2 Analysis of Design Solutions

To mitigate the analyzed domain shift, Correlation Alignment (CORAL) was ap-
plied. By aligning the second-order statistics of the Source distribution to the Target,
an accuracy score of 81.48% was achieved.

Precision Recall F1-Score
Macro Average 0.8179 0.8159 0.8141
Weighted Average 0.8174 0.8148 0.8138

Table 5.7: Static CORAL Adaptation
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Figure 5.4: Confusion Matrix of the CORAL Adapted Model

Analyzing the Confusion Matrix of the Static CORAL model in Figure 5.4, it is evi-
dent that the model is able to make reliable predictions for class C0, with occasional
misclassifications between classes C2 & C3 as before.

Now, we have a static model that has a recolored feature space to minimize the co-
variance distances between the Source & the Target. However, this domain-adapted
model still requires ground-truth labels in the Target space and needs to be re-
trained from scratch if it encounters an unseen target domain. To exemplify, if we
introduced another eye-tracking dataset where the target feature space is completely
unknown and it may not contain NASA-TLX ground-truth labels, this model would
fail. For live, real-world applications, this is a crucial problem.

For this, we implemented iterative pseudo-labeling, such that the model can now
produce pseudo-labels based on the prior static, domain-adapted model and a prob-
ability distribution generated on an entire unlabeled target dataset. It creates a
matrix of probabilities for every sample of the target space, and if the probability
is higher than the threshold, it accepts the pseudo-label as an adequate prediction.
The high-confidence pseudo-labels are then filtered, and the HistGradientBoosting-
Classifier is self-trained on the new, mixed dataset, so that the model has now not
only learned from the source logic but also the unseen target structure.

This repeats until the model becomes confident about the previously difficult-to-
make predictions (lower confidence) and runs out of new samples to label confidently,
denoting that the model has converged.
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Thus, the model is able to adjust itself at test-time, pre-inference, without relying
on ground-truth labels. This dynamic model achieved an accuracy score of 84.44%.

Precision Recall F1-Score
Macro Average 0.8492 0.8417 0.8430
Weighted Average 0.8485 0.8444 0.8442

Table 5.8: Dynamic Test-Time Adaptation

Figure 5.5: Confusion Matrix of the Test-Time Adapted Model

From the Confusion Matrix of the dynamic TTA model in Figure 5.5 & Table 5.8,
we can see that this model is not only more suitable for live, unseen data with-
out ground-truth labels, but it also beats our baseline scores & the static domain-
adapted model by 2.96%. The model also makes fewer incorrect predictions for the
previously challenging C2 & C3 classes, as at runtime, it updates itself by penalizing
itself for prior confident, incorrect predictions.
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5.3 Final Design Adjustments

For Iterative Pseudo-Labeling, the number of iterations performed can be tweaked to
achieve a balance between performance gains (accuracy) & cost (time). Beyond 10
iterations, the law of diminishing returns can be observed, with the log loss increas-
ing over time as well. This denotes that the model becomes overconfident if early
stopping conditions are not set. Thus, for real-time applications, a balanced itera-
tion count is set at 10, as the model is able to output predictions within acceptable
latency, as shown in Table 5.9, while still outperforming the static, domain-adapted
model by a decent margin.

Figure 5.6: TTA Accuracy & Log Loss Trajectory over 50 Iterations

The increasing trend for Log Loss over iterations in Figure 5.6 signifies that the
model is being penalized heavily for confident mistakes, despite overall accuracy
remaining in a similar range.

Furthermore, to analyze the dynamic TTA model’s sensitivity to the confidence
threshold, we’ve run the model back-to-back using a range of confidence thresholds
from 0.75 to 0.95, in increments of 0.05. Anything below 75% confidence can be
discarded as too unconfident, and anything above 95% confidence is too confident,
making the model too rigid.
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Figure 5.7: TTA Accuracy for varied Confidence Thresholds at 10 iterations

From Figure 5.7, we find that a confidence threshold of 0.85 balances the model
from being too flexible or too rigid, which aligns with prior findings in section 2.1
as well [10]. Thus, the final model’s confidence threshold was set at 0.85.

5.4 Statistical Analysis

To understand the model’s ability to distinguish between the 4 classes, we plotted a
multi-class ROC curve and analyzed their separation effect sizes. As the Very High
CL class (C3) originally had the fewest samples before class balancing, the model’s
ability to distinguish between classes C2 & C3 suffered in earlier stages, as seen in
the pre-adaptation Confusion Matrices.
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Figure 5.8: Analysis of Cohen’s Effect Size on the Dynamic TTA Model

Observing the Cohen’s Effect Size coefficients in Figure 5.8, the model can distin-
guish between all the classes (C0, C1, C2 & C3) with large d values, where d > 3
denotes nearly complete separation. Each ROC curve also has a high AUC value,
where values above 0.9 signify consistency with the large Cohen’s Effect Size coeffi-
cients. This entails that our objective of making this CL estimator model compatible
with other unified SIID detection frameworks with 4 levels of channel availability
(available, slightly affected, affected & unavailable), like Humanl/O, is feasible.

Contrarily, if classes C2 & C3 were to be merged to form a 3-class classification prob-
lem of predicting between Low, Medium & High, the overall scores would drastically
improve, with the model also being able to distinguish High CL from Medium CL
even in the pre-adaptation models. However, since this would also result in improve-
ments across all baseline models, it means that our findings of gradual improvement
from the baselines to the static model and, lastly, the dynamic model still hold.
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5.5 Comparisons and Relationships

To illustrate the progressive gains from steps 4a to 4d of our proposed methodology,
all the obtained accuracy scores have been plotted in a bar chart:

Figure 5.9: Performance Comparison Chart

From Figure 5.9, it is clear that a drastic falloff occurred when the baseline mod-
els were externally validated against each other to test for adaptability to domain
shifts. This gap was largely made up in the static CORAL model. However, the
model still required retraining and ground-truth labels in the target space each time
it faced live, unseen data. The dynamic TTA model not only improved upon the
static model’s performance by iterative self-training, but it is now also adaptable to
any new target domain, which was our objective.

To test the latency for live implementations, we ran a performance test using our
mid-tier PC from section 3.6, representing a realistic setup to demonstrate the com-
putational efficiency of the dynamic TTA model.

Accuracy Log Loss Batch Time (s) Cumulative Time (s)

Iteration 10 0.8444 0.9409 0.5634 5.0578
Iteration 20 0.8296 1.0940 0.6928 11.3697
Iteration 30 0.8259 1.1825 0.6959 18.1747
Iteration 40 0.8222 1.2480 0.8140 25.7121
Iteration 50 0.8259 1.2996 0.8474 33.7822

Table 5.9: TTA Performance Evaluation

As the HistGradientBoostingClassifier from scikit-learn does not natively support
CUDA and runs only on the CPU, this represents a reproducible scenario on many
consumer-grade processors with integrated GPUs.
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Table 5.9 shows that our early stopping point of 10 iterations took just 5 seconds
to run on CPU. As the iteration count increased, the batch processing time also
increased rapidly, indicating that the longer the iterations continued, the more time
it took per batch. Thus, the time delta between any two iterations is not fixed. The
first iteration had the lowest batch time, at 0.4659 seconds, while the last (50th)
iteration had the highest, at 0.8474 seconds. This is why running 50 iterations took
33.78 seconds to complete instead of a value closer to 25 seconds.

From this comparison, we can conclude that this dynamic TTA model is lightweight
enough for latency-sensitive applications. While 10 iterations needing 5 seconds is
still beyond the margin of an acceptable range for real-time retraining and inference,
it is vastly more efficient than DL-based approaches like DANN & TENT adaptation.
Despite the computational complexity, DANN yields an accuracy score of 75.45%
on EEG-based time series data [43], scoring just below the tabular data-based static
CORAL adapted model. The dynamic TTA model’s performance can be further
optimized when paired with higher-end CPUs, smaller target data, or by choosing
an even lower iteration count. To exemplify, at iteration 3, the accuracy score already
reached 83.70%, and it took only 1.4840 seconds to complete. However, this risks
proper adaptation to the target domain, as there could still be more unconfident
pseudo-labels left.

5.6 Discussions

5.6.1 Interpretation of the Results via XAI

We have extracted the top 10 features based on the mean accuracy decrease across
all trained models for explainability. To rank them by importance, the importance
vectors were computed and validated using permutation. Permutation importance
scores are model-agnostic and less biased towards high-cardinality features, which
is why we chose to extract each of the feature importance charts using this method.

Figure 5.10: Feature Importance of the Baseline Models before Adaptation
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Figure 5.10 shows the baseline models’ feature importance chart, sorted by the rank-
ings of the HistGradientBoostingClassifier model trained on COLET. We can see
that the subject Age accounts for the largest mean accuracy decrease in the baseline
COLET-trained model, whereas this feature has nearly 0 permutation importance in
the ADABase-trained model. Similarly, the rest of the features either have dissim-
ilar feature importances, 0 permutation importance, or even negative permutation
importance scores, particularly in the gaze variance rates.

This explains the drastic performance degradation when the external validation step,
4b, was performed, as seen in Figure 5.9, since the source & target have vastly dif-
ferent feature importances. Moreover, Age is a subjective metadata. It may or may
not be present in other eye-tracker datasets. While age may have a correlation with
perceived task load (NASA-TLX), when domain shifts occur, if the model prioritizes
this feature and the inference is based on the subject’s age, it could be a potentially
biased prediction.

This is exactly the problem Correlation Alignment tries to solve. In our static
CORAL model, we can observe that the source & target domains have been adapted
and the subjective features have been deprioritized:

Figure 5.11: Feature Importance of the Static Model after CORAL Adaptation

Figure 5.11 shows that the most important feature in the static CORAL adapted
model is the fixations per second metric, which, according to Cognitive Load Theory,
should be a prioritized feature in estimating CL from eye-tracking. This is followed
by the second most important feature, kurtosis of the gaze in the y-axis. Kurtosis
is a measure of the peakedness of a probability distribution. A high kurtosis with
heavy tails (outliers) signifies that the user is fixing their gaze mostly on a specific
vertical level, but occasionally makes large vertical jumps (saccades). This is also
a key indicator of attentional tunneling, which happens under high cognitive load.
On the contrary, a lower kurtosis entails that the user is scanning vertically, in a
more regular, distributed pattern.
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The pupil interaction scores from the engineered features are also prevalent in this
ordered list, which aligns with our findings in section 2.2, where pupil dilation was
deemed an effective indicator of CL [7].

The notable takeaway is that the topmost important feature’s mean accuracy de-
crease has reduced to a tenth of the baseline model’s most important feature, whilst
prioritizing domain-invariant features correlated to the label. This implies that
CORAL was able to adapt the source & target domains adequately, which resulted
in the performance gains.

To interpret what the dynamic TTA model prioritized, we similarly extracted the top
10 feature importance chart for the TTA model with 10 iterations and a confidence
threshold of 0.85:

Figure 5.12: Feature Importance of the Dynamic Model after Test-Time Adaptation

As observed from Figure 5.12, TTA seems to prioritize kurtosis of the gaze in the
y-axis even further, switching places with fixations per second. The other feature
importances remain comparable as before, with the feature-engineered pupil interac-
tion scores remaining in the topmost prioritized list. Although the maximum mean
accuracy decrease value increases slightly from the static CORAL adapted model, as
depicted by the values on the x-axis of the plot in Figure 5.12, this is still far below
the baseline models’ maximum. This means that, during iterative pseudo-labeling,
the model had to update itself to prioritize values of kurtosis of the gaze even more, in
order to avoid being penalized for making incorrect predictions with high confidence.
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While the permutation scores highlight how the performance would drop if a par-
ticular feature were to be removed, SHAP analysis complements this finding by
allowing an insight into which features contribute the most to the decision-making

process of the model. Analyzing the global feature importance values retrieved from
SHAP:

Figure 5.13: Global Feature Importance of the Static CORAL Model

From Figure 5.13, it appears that kurtosis in the y-axis is actually the top contribut-
ing feature in the static model’s predictions too, aligning with our outcomes from
the feature importance chart of the Test-Time Adapted model, with fixations per
second having a lower rank.

Figure 5.14: Global Feature Importance of the Dynamic TTA Model
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After Test-Time Adaptation, in Figure 5.14, it appears that the fixations per sec-
ond feature gained priority in decision-making, ranked at the second most important
feature, with kurtosis in the y-axis having an even higher mean SHAP value, which
aligns with the local feature importance.

To analyze which groups of physiological eye features contributed the most in the
TTA-adapted model’s decision chain, we calculated total mean SHAP values for
3 groups - Pupil, Fixation & Blink, where each individual feature’s SHAP values
were appended to its respective group via simple membership operations. Beyond
the physiological features, all other behavioral features, particularly the features
obtained from our feature engineering chain to calculate interaction scores, were
denoted as higher-order gaze behavior.

Figure 5.15: Contributions of Physiological Groups of the Static CORAL Model

From Figure 5.15, we can see that the Pupil group contributes the most, with the
highest total mean SHAP value. This calls back our findings from past literature,
denoting Pupil Dilation as an effective indicator of CL [7]. On the contrary, fixation
had a low contribution, and blink & saccade metrics had zero contribution. This
is because the blink data in the source distribution was sparse and often task-
dependent and subject-specific, as seen in section 4.3.1. On the contrary, saccades
are high-frequency but short-lived and often recorded indirectly as a fixation-derived
metric, making them harder to capture. Thus, the model is actually not relying on
these second-order features that are less generalizable, which is a net positive factor
for the model.
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Figure 5.16: Contributions of Physiological Groups of the Dynamic TTA Model

As for the dynamic TTA model, from Figure 5.16, we can see that the grouped con-
tributions mostly remain similar, with a heightened total mean SHAP value in the
higher-order gaze behavior. This denotes that the model had to readjust itself to
rely more on the behavioral features derived from our feature engineering pipeline,
beyond just the physiological groups. As for the physiological contributions, it ac-
curately prioritizes the key estimator of CL - the pupil dilation and pupil-related
metrics. This makes the model less subjective, signifying adequate adaptation to
the target domain.

Lastly, to analyze SHAP rank stability before & after Test-Time Adaptation, the
Spearman rank correlations were calculated. A high rank correlation (p > 0.75)
generally demonstrates strong consistency.

Figure 5.17: SHAP Rank Stability before & after TTA
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We obtained a strong rank correlation of p = 0.97. From Figure 5.17, it is evident
that the model does not distort the feature reliance in the process of adapting at
test-time. This confirms that the learned representation of CL remains stable across
domains, resulting in a dynamic model that was not only aptly domain-adapted but
can also make reliable predictions on live, unseen target data without ground-truth
labels, leading to less overall bias during inference.

5.6.2 Limitations

While TTA does make the model dynamic, implementations of this model would
still require the live input data to undergo the same pre-processing, feature engi-
neering & feature alignment steps to obtain similar results. While this remains
calibration-free, it denotes shortcomings in the real-world applications of this CL
estimator model. Depending on the eye-tracker device in use, the format of the
tabular data may differ, as there is no unified approach or standard for recording
this data. As observed in section 4.3, COLET & ADABase had to go through varied
pre-processing chains to yield an aligned feature space. This signifies the need for
standardization of eye-tracker data streams, which is a limitation of this model.

Another limitation is the fact that HistGradientBoostingClassifier is an ensemble
model based on decision trees. This means that, unlike DL-based models, where
semi-supervised learning pipelines can be incrementally updated via gradient de-
scent, the entire decision tree needs to be rebuilt each time the dynamic TTA model
updates itself. This can be computationally demanding on rather complex decision
trees; however, in our tabular data, that was not the case, as analyzed in section 5.5
(refer to Table 5.9).

Finally, our decision not to merge classes C2 & C3 for a 3-class classification prob-
lem means that the model’s peak performance is hindered. However, our objective
was to demonstrate the model’s adequacy in adapting to the Target domain, and
compatibility with existing SIID detection frameworks, not raw accuracy scores
in benchmarks. As a traditional 3-class classification would also improve random
guessing accuracy & all the baseline scores, our findings of gradual improvements
post-adaptation remain.
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Chapter 6

Conclusion

6.1 Summary of Findings

To summarize, our findings have aligned with past literature in validating the need
for a lightweight, calibration-free adaptation pipeline. The efficacy of Correlation
Alignment yields remarkable gains over the models before adaptation. While this
is an improvement, it still creates a static model that requires target labels and
would have to be retrained manually in case of adapting to a new target. Iterative-
Pseudo Labeling creates a dynamic, self-supervised test-time adapted model that
not only gains in accuracy but also does not require any ground-truth labels. Our
findings show that this dynamic model is able to retrain itself to prioritize domain-
independent features relevant to CL estimation in making a less biased prediction
than the pre-adaptation models. Interpreting the results of the model shows how it
deprioritized subjective metrics to make the predictions more neutral. This imple-
mentation remains lightweight enough to run within acceptable margins of latency
on a variety of end devices, in contrast to more computationally demanding DL-
based approaches.

As we step into the future where wearable XR devices integrate with our daily lives,
dynamic CL classifiers that can adapt to diverse environments in real time present
a huge potential in aiding with accessibility within the future of interactive systems.

6.2 Contributions to the Field

As the dynamic model does not require ground truth labels and outperforms not
only the static model but also the baselines, it signifies that our objective to create
a dynamic model that adapts to new data in real time was met, whilst offering
validation for the obtained results. We have shown that:

e The Domain Shift Gap is present even when a Source dataset has been me-
thodically preprocessed & the Target dataset has been feature aligned with
the Source.

e Correlation Alignment is a suitable Domain Adaptation strategy on smaller,
tabular datasets, as an alternative to Domain-Adversarial Neural Networks,
which requires significantly more training data to perform adequately.
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The computational efficiency of Iterative Pseudo-Labeling as a Test-Time
Adaptation strategy is lightweight enough as a self-supervised model to run
on consumer-grade, CPU-only devices, whilst offering the most reliable pre-
dictions in our testing, without requiring manual interventions.

By setting a balanced confidence threshold & an early stopping point, the
dynamic TTA model avoids becoming overconfident and makes reliable pre-
dictions without requiring explicit ground-truth labels.

6.3 Recommendations for Future Work

For future work, avenues that could be explored include, but are not limited to:

Integrating multimodal sensor fusion and comparing the effectiveness of time
series EEG data against tabular eye-tracker data for CL estimation

Implementing a Deep Learning-based pipeline for Cross-Domain & Test-Time
Adaptation that works well on both tabular data & time series data

Comparing lightweight ML-based ensemble models to deep neural network-
based architectures in their efficacy of proper domain adaptation techniques
via feature reliance analysis

Developing a signal chain that undergoes minimal preprocessing to produce
validated, reliable predictions to make a truly schema-agnostic, semantically
interoperable CL estimator model

Creating a standardized format for sampling user gaze information, such that
shifting targets do not require prior feature alignment

Comparing the dependability of level-based classification (i.e., 4-classes, 3-
classes) to gradients of availability (probability distribution) in estimating CL

Developing a privacy-preserving framework for extracting gaze data

Pipelining an adapted CL estimator model to existing, unified SIID detection
frameworks, for proper multimodal detection of a user’s channel availability
that includes their cognitive states
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