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ABSTRACT

This paper proposes a deep learning paradigm for the early detection of Alzheimer’s disease (AD) through
analysis of eye movement patterns. By using a publicly available dataset containing ocular data from both
early-stage AD patients and healthy controls, we construct a balanced dataset that effectively encapsulates
the temporal intricacies of saccades and fixations. The core of our framework is a Bidirectional Long
Short-Term Memory (Bi-LSTM) architecture, enriched with a dynamic attention module that adaptively
emphasizes salient ocular biomarkers, particularly subtle variations in saccade amplitudes and fixation
durations. In contrast to conventional machine learning techniques, our model excels in extracting latent
features and capturing complex temporal dependencies by leveraging the bi-directionality of LSTM layers.
The inclusion of the attention mechanism further enhances interpretability and robustness, selectively
weighting critical eye movement segments with the highest predictive relevance for AD classification.
Empirical evaluations demonstrate that this Bi-LSTM-Attention model achieves superior performance
across multiple metrics, including accuracy, precision, recall, F1 score, and area under the Receiver
Operating Characteristic (ROC) curve, surpassing traditional statistical and machine learning baselines.
These findings underscore the viability of eye movement data as a rich, non-invasive source of information
for the early detection of neurodegenerative disorders. Beyond its immediate clinical applications, this
work lays the foundation for the broader adoption of eye-tracking technologies in cognitive assessments,
potentially revolutionizing both the diagnostic process and management strategies for Alzheimer’s disease
and other related conditions.
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1. INTRODUCTION

Alzheimer’s disease (AD) is a pressing global health concern, characterized by progressive
cognitive decline and memory loss that significantly degrade individuals’ daily functioning and
quality of life. According to recent epidemiological studies, the global prevalence of AD
continues to rise, placing a considerable burden on healthcare systems and families alike.
Detection of AD is pivotal for timely intervention, potentially altering the disease trajectory and
improving patient outcomes. However, this goal remains elusive due to the covert nature of initial
symptoms and the complexity of conventional diagnostic frameworks. Traditional assessment
tools, such as cognitive screening tests, neuroimaging (e.g., MRI, PET scans), and biomarker
analysis (e.g., cerebrospinal fluid assays), tend to be invasive, expensive, and less sensitive at
capturing the earliest signs of cognitive deterioration [16], [17],[39]. Against this backdrop, eye-
tracking technology has emerged as a non-invasive, cost-effective approach for detecting early-
stage AD [19], [20]. Often described as the "window to the brain," the eye is governed by

DOI:10.5121/mlaij.2025.12110 147


https://airccse.org/journal/mlaij/vol12.html
https://doi.org/10.5121/mlaij.2025.12110

Machine Learning and Applications: An International Journal (MLALJ) Vol.12, No.1, March 2025

extensive neural circuitry spanning cortical and subcortical structures, including the frontal eye
fields, parietal lobe, and superior colliculus, regions intimately involved in higher-order cognitive
processes. As Alzheimer’s pathology begins to impact these areas, alterations in ocular behaviors
such as saccades (rapid eye movements) and fixations (periods of gaze stabilization) can manifest
well before more overt symptoms become apparent [39], [40]. By quantifying these shifts in eye
movements, researchers can gain valuable insights into early neurodegenerative processes,
opening avenues for intervention when therapeutic efforts are most beneficial. In parallel,
advances in deep learning, particularly the development of Long Short-Term Memory (LSTM)
networks, have transformed the analysis of complex, high-dimensional time-series data [23],
[26], [27]. By capturing temporal dependencies across multiple scales, LSTM architectures are
adept at identifying subtle, longitudinal trends that conventional methods often overlook. When
integrated with attention mechanisms, these networks gain the capacity to selectively prioritize
salient features in the data, focusing computational resources on the most informative temporal
segments. For eye movement analysis, attention modules highlight nuanced variabilities in
saccadic amplitudes, fixation durations, and inter-saccadic intervals, all of which can serve as
potential biomarkers for early cognitive decline [30], [31],[39]. This study explores the potential
of an LSTM-based framework, enhanced by attention mechanisms, to detect early indicators of
Alzheimer’s disease from eye movement data. Our core hypothesis is that deep learning
algorithms can systematically uncover latent ocular biomarkers of AD, enabling accurate and
timely prognoses. By training on eye-tracking datasets collected from both healthy controls and
individuals in early-stage AD, we aim to validate the efficacy of this approach in real-world
settings [28], [29]. The broader implication is a shift in the diagnostic paradigm for
neurodegenerative conditions, away from invasive procedures and towards accessible, non-
invasive, and scalable solutions. If successful, such an approach could dramatically reduce
diagnostic delays, thereby improving clinical outcomes and easing economic and cognitive
health.

2. RELATED WORKS

Research on Alzheimer’s disease (AD) has progressively integrated advanced machine learning
methodologies to enhance early detection and deepen our understanding of cognitive decline.
Recent contributions to this area can be broadly categorized into three domains: 1) eye movement
analysis, 2) deep learning methods, and 3) multi-modal diagnostic frameworks.

2.1. Eye Movement Analysis

Early applications of eye tracking in neurodegenerative research have established ocular metrics
as valuable proxies for cognitive health [24], [25]. A survey [4] demonstrated how variations in
saccadic behaviors and fixation patterns can unmask early cognitive impairments, underscoring
the diagnostic potential of gaze-based metrics [11], [13], [14]. These findings laid the
groundwork for more nuanced investigations into the links between ocular dynamics and AD-
specific biomarkers.

2.2. Deep Learning And LSTM Networks

The surge of deep learning approaches, particularly those employing Long Short-Term Memory
(LSTM) architectures, has significantly advanced the modeling of sequential and temporal data
[26], [31]. LSTM networks, first introduced in [6], have proven adept at capturing long-range
temporal dependencies, a critical feature for tracking the gradual progression of AD. Building on
this foundation, [2] illustrated how LSTMs could be adapted for continuous, real-time monitoring
of cognitive biomarkers, marking a pivotal shift toward proactive disease surveillance. Crucially,
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these works demonstrated that deep networks are capable of discerning subtle changes in eye
movement trajectories, changes that might elude traditional statistical methods. Recent research
on multi-modal AD detection also leverages CNNs and other deep models [32], [33], [34],
including exploration of generative adversarial approaches and advanced best practices in deep
learning. Some have also investigated automated style transfer [7] or robust data augmentation to
improve model generalizability.

2.3. Attention Mechanisms

One key breakthrough that augmented LSTM-based models is the integration of attention
modules, as introduced by Bahdanau et al. (2015) and later extended in other works [10]. We
adopt a Bahdanau-style additive attention [4] for robust interpretability. By enabling networks to
selectively focus on salient regions or time segments in large datasets, attention mechanisms
improve both predictive accuracy and interpretability. In the context of AD detection, attention-
guided models can isolate critical anomalies in ocular behavior, such as micro-saccades or
atypical fixation durations, that may signal early neurocognitive decline [30], [31]. Holistic edge
detection [13] or knowledge-based architecture [24] can also be integrated to better capture key
features in eye images.

2.4. Comparative Studies and Multi-Modal Approaches

Several studies, including [8] and [9], have evaluated various machine learning models for AD
diagnosis, ranging from neuroimaging-based classifiers to data fusion methods that incorporate
cognitive test scores or advanced frameworks [18], [19]. These comparative analyses underscore
the potency of combining multiple data sources, such as structural MRI, behavioral assessments,
and eye-tracking signals, to achieve higher diagnostic confidence and robustness. Specifically,
[5] showcased the success of machine learning frameworks in capturing subtle cognitive changes
over time, thereby strengthening the case for continuous biomarker tracking in AD research.
Additional investigations into EEG-based AD detection [15], as well as predictive modeling for
hospital readmission [12], highlight parallel challenges in small sample sizes and class
imbalances that also appear in eye-tracking contexts.

2.5. Challenges and Future Directions

Despite the promise of deep learning-driven frameworks, numerous obstacles hinder their direct
clinical adoption [20], [21]. Works such as [15] and [12] highlight key barriers, including data
heterogeneity, small sample sizes, and the interpretability issues intrinsic to complex neural
architectures. Addressing these challenges necessitates the development of standardized eye-
tracking protocols, larger and more representative datasets, and interpretable model designs that
can garner broader clinical acceptance [22], [23]. These refinements hold the potential to
streamline the clinical translation of machine learning models for early AD detection, ultimately
fostering more timely interventions and improved patient outcomes. Recent demonstrations in
advanced Al-based systems also show potential in real-time anomaly detection [9], [25] and
cross-domain expansions like facial expression studies [27, 28, 29, 36], as well as robotics-based
solutions [30-34].
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3. METHODOLOGY

3.1. Data Collection Framework

This study uses a publicly available eye-tracking dataset to analyze ocular data indicative of
early-stage Alzheimer’s disease (AD). No new data were collected from human participants;
instead, we rely on the publicly released Eye-Tracking and Language Dataset for Alzheimer’s
Disease Classification, which comprises eye movement and language data from 79 memory clinic
patients (mild to moderate AD, mild cognitive impairment (MCI), or subjective memory

complaints (SMC)) referred to collectively as a “clinical group,

ER]

along with 83 healthy older

adult controls [39], [40]. In this paper, we perform a binary classification of (clinical group) vs.
(healthy control). Future work could further break down subcategories such as MCI or SMC
separately [26]. Participants performed structured tasks, including pupil fixation, picture
description, paragraph reading, and memory recall, that are designed to elicit ocular responses
relevant to cognitive and neurodegenerative assessments. From the raw eye-tracking recordings,
several key ocular metrics are derived:

e Saccade Amplitude (degrees): Measures the angular distance of rapid eye movements

between fixations.

e Fixation Duration (ms): Indicates the length of time a participant’s gaze remains fixed on
a target.
o Blink Rate (blinks/min): Reflects the frequency of blink events.

o Pupil Diameter (mm): Provides measurements of pupil size fluctuations.
e Gaze Deviation (degrees): Assesses the deviation of gaze from a central fixation point.

Standard processing techniques are applied to extract these metrics, including artifact removal (to
eliminate the influence of head motion and erroneous gaze points) and normalization procedures
to account for inter-individual differences [25]. Furthermore, control participants are matched
with AD patients based on age and gender to reduce potential confounding variables [35]. Table
1 below presents a summary of the ocular metrics for ten AD patients extracted from the dataset.

Table 1. Summary of Five Key Ocular Metrics from the Eye-Tracking and Language Dataset

Participant i\?ﬁ;ﬁz de Fixatipn Blipk Ratg Elijgrlr:eter Gaze Deviation
ID (degrees) Duration (ms) ||(blinks/min) (mm) (degrees)

|ADO1 5.12 |[348 |15 [[3.21 0.62 |
|AD02 |[4.97 |[342 |16 3.13 0.68 |
|ADO3 |5.04 |[355 |14 [[3.29 l0.57 |
|AD04 |[4.89 |[347 |15 |[3.24 0.63 |
|AD05 5.18 |[360 |13 [3.41 0.54 |
|ADOG ||4.83 1335 |17 [3.12 l0.70 |
|ADO7 5.16 |[350 |16 3.23 l0.61 |
|ADO8 |14.95 |[341 |15 |[3.27 0.56 |
|AD09 5.10 |[355 |14 |[3.22 l0.62 |
|AD10 |15.00 |[345 |16 |[3.14 l0.68 |

The extracted ocular metrics are subsequently integrated into a Bidirectional Long Short-Term
Memory (Bi-LSTM) network augmented by an attention mechanism, which is used to capture
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sequential dependencies and highlight salient temporal features associated with early cognitive
decline. This approach, combined with rigorous preprocessing and participant matching, supports
the effective analysis of ocular biomarkers for early-stage AD detection.

3.1.1. Heat Maps

To visualize fixation durations, we generate heatmaps using cubic interpolation across X and Y
screen coordinates. This finer-grained interpolation method reveals subtle patterns that might
otherwise be obscured [13]. In Figure 1, darker regions represent areas where participants fixated
longer.

mterpolated Heatmap(x,) =  w, - K(I(6y) = (, )1

i=1
where K is a cubic kernel function, and W: are weights proportional to fixation duration at each
coordinate (%:: ¥,
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Figure 1. Interpolated heatmap of fixation durations, highlighting focal areas of engagement.
3.1.2. Gaze Plots

Figure 2 provides an example of a gaze plot, illustrating both the spatial and temporal aspects of a
participant’s eye movements.
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Gaze Plot for Participant 1

10

450 - @ start
® End
475
8
500
6 T
< 525 1 g
= S
=
3 &
a
550 @
> £
a4 E
o
575 4 _.__//
600 2
625
! ‘ ] ] ] ! 0
850 900 950 1000 1050 1100

X Position

Figure 2. Gaze plot depicting sequential eye movements, with larger markers indicating longer fixations
and more intense engagement.

In this visualization:

o Dots mark individual fixations, indicating where the participant’s gaze rested.

e Connecting lines between these dots represent saccades, the rapid shifts in gaze from one
fixation to another.

e Color gradients along the path show how the gaze progresses over time, with cooler
colors (e.g., blue) marking earlier fixations and warmer colors (e.g., yellow) marking later
ones.

o Start and end markers highlight the initial and final fixations in the sequence.

By mapping out fixations and saccades in this way, the gaze plot reveals both where the
participant looked and the order in which they examined different regions of the display [22].
Such a dynamic, time-resolved visualization is invaluable for understanding how attention is
allocated, whether the participant systematically scanned the display or repeatedly revisited
certain areas. Comparing this kind of plot to heatmap data, which aggregates fixation durations
over time, provides a picture of visual attention: the heatmap highlights regions of high interest,
while the gaze plot clarifies the specific sequence and timing of the participant’s eye movements
[26], [29].

3.1.3. Fixation Maps

Figure 3 depicts a fixation map created by aggregating the focal points of multiple participants.
Each dot corresponds to a fixation event, with its location indicating the x—y screen coordinates
where the participant’s gaze rested [28]. The color scale, from cooler tones (e.g., blue) to warmer
tones (e.g., yellow), represents the normalized fixation duration, highlighting how long
participants remained fixated at each point. Dots appearing toward the yellow end of the
spectrum indicate fixations of longer duration, whereas bluer dots signify shorter fixations. By
visualizing the distribution and duration of fixations across the entire display, fixation maps help
quickly identify “hotspots”, areas where participants tend to linger or return repeatedly. These
hotspots are often the most salient or cognitively demanding regions of the stimulus [34].
Consequently, fixation maps are invaluable for understanding how different elements within a
scene attract and hold visual attention, whether in user interface design, marketing research, or
clinical studies exploring visual behavior in conditions such as Alzheimer’s disease.
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Fixation Map of Participants
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Figure 3. Fixation map consolidating ocular focus across participants, revealing frequently attended
regions.

3.1.4. Statistical Outputs

We employ histograms and Kernel Density Estimates (KDE) to scrutinize the distribution of
fixation durations, as displayed in Figure 4. While histograms offer a discretized view of data
frequency, KDEs smooth these distributions into continuous curves, providing more intuitive
insights into the data’s underlying structure [27]. Peaks within the KDE often signify typical
fixation durations, whereas long tails can point to potential outliers or distinctive attentional
behaviors [14][35].

n

KDE(t) = 12;{ i
()_m'r ( h )

i=1

where t represents fixation duration, h is the bandwidth parameter, and K is a kernel function
(commonly Gaussian).
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Figure 4. Histogram and KDE plot of fixation durations, illustrating the distribution’s central tendency and
spread across participants’ data.
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3.2. Data Preprocessing

Our data preprocessing workflow is meticulously designed to accommodate the inherent
variability in eye movement data while preserving the signal integrity critical for Alzheimer’s
disease (AD) detection [23]. Key steps include normalization, sequence padding, and a carefully
structured train—test split, each described in the following subsections.

3.2.1. Normalization

Normalization is essential for ensuring the comparability of eye movement metrics across
participants and mitigating biases introduced by individual differences in gaze behavior [16]. We
employ z-score normalization, a statistical technique that transforms each metric to have zero

mean and unit variance. Specifically, if *: is a raw measurement (e.g., saccadic amplitude,
fixation duration, or blink rate) and # and < are the mean and standard deviation of that metric
across all participants, the normalized value <: is computed as:

X

il

By centering the distribution around zero with a standard deviation of one, z-score normalization
reduces the impact of outliers and differences in baseline gaze behaviors (e.g., age-related
changes, varying cognitive profiles), allowing the model to capture relative patterns rather than
absolute magnitude. This approach also improves the stability of deep learning training,
minimizing issues like vanishing or exploding gradients. Furthermore, it preserves the relative
proportions between different eye movement metrics, thereby maintaining the integrity of
individual gaze signatures, a key requirement for identifying subtle markers of early cognitive
decline.

3.2.2. Sequence Padding

Eye-tracking sessions vary in length due to differences in participants’ task completion speed and
attention span [18]. To accommodate this variability within a uniform neural network
architecture, we apply sequence padding to the raw time-series data:

1. Maximum Sequence Length Determination. We first determine a maximum sequence

length L nax based on the upper quartile of observed sequence lengths, ensuring we capture
the majority of natural variation without excessive padding.

2. Padding Strategy. For sequences shorter than L nax, zeros are appended at the end, aligning
each sequence to a fixed temporal dimension:

B X, 7 T =1
Kpadded — (2,70, ) HT<L

max

max

Here, ®¥1..7 denotes the original sequence of length T and L represents zero vectors of
appropriate dimensionality. This standardized dimensionality is crucial for Recurrent Neural
Networks (RNNSs) like LSTMs and Bi-LSTMs, which expect consistent input shapes. Zero-
padding ensures that the model is trained on sequences of uniform length without distorting the
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timing or ordering of meaningful data points, thereby preserving the temporal dynamics pivotal
for detecting early signs of AD.

3.2.3. Train-Test Split for Eye Movement Data

Given the complexity and heterogeneity of eye movement patterns in early-stage AD, we adopt a
stratified sampling approach to maintain a balanced representation of both AD and control
participants [19], [20]. The dataset is partitioned into three subsets:

e 70% Training Set: Used for model parameter learning. The Bi-LSTM network,
augmented with attention mechanisms, iteratively adjusts weights based on error gradients
calculated from these training examples.

e 159% Validation Set: Serves as an intermediate performance benchmark. During training,
hyperparameters (e.g., learning rate, number of LSTM layers) are fine-tuned to optimize
metrics such as accuracy, precision, or recall, while guarding against overfitting.

e 159% Test Set: Held out for final performance evaluation, ensuring an unbiased assessment
of the model’s ability to generalize to unseen data, a proxy for real-world diagnostic utility.

This split reflects the nuanced nature of AD research, where robust generalization is paramount.
By ensuring that each subset captures proportional distributions of early-stage AD and healthy
control data, we reduce sampling bias and foster reliable conclusions regarding the model’s
clinical applicability.

3.3. Model Architecture

In this section, we detail a custom neural architecture designed to leverage the temporal and
contextual richness of eye movement data for early Alzheimer’s disease (AD) detection [24],
[37]. The proposed framework (Figure 5) combines a Bidirectional Long Short-Term Memory
(Bi-LSTM) network with an attention mechanism, followed by fully connected layers. By
integrating both forward and backward dependencies within eye-tracking sequences and
selectively emphasizing salient features, this architecture is optimized to detect subtle ocular
biomarkers of early cognitive decline.
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Figure 5. Proposed Bi-LSTM with Attention Architecture for Early Alzheimer’s Disease Detection
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At a high level, the framework operates as follows:

1.

Input Layer: Preprocessed eye-tracking time series (e.g., fixation duration, saccade
amplitude) are fed into the network.

Bi-LSTM Layer: Two LSTM networks process the input in opposite directions, one forward
in time and one backward, capturing dependencies that might appear earlier or later in the
sequence. This bidirectional approach is especially useful for eye-tracking data, where
clinically relevant events (e.g., irregular saccades) may occur at any point in the sequence.

Attention Mechanism: An attention module learns to assign greater weight to time steps that
contain the most discriminative information, such as abrupt saccadic shifts or unusually
prolonged fixations. This selective focus makes the model more interpretable and helps
highlight key ocular biomarkers of cognitive decline.

Fully Connected Layers: The attention-weighted Bi-LSTM outputs are passed through one
or more dense layers to refine features further and map them to a prediction score.
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5. Output Layer: A final neuron (or set of neurons) provides a binary classification (clinical
group vs. healthy control). Future work could differentiate AD, MCI, and SMC separately.

Through this architecture, subtle changes in eye movement patterns, often overlooked by
traditional machine learning techniques, can be identified and leveraged for accurate, early-stage
AD detection.

3.3.1. Bidirectional LSTM Layer

At the core of our model lies a Bidirectional LSTM (Bi-LSTM) layer, which processes temporal

information in both forward (/) and backward (%) directions. This design provides coverage of
the sequence context, capturing patterns that might be missed by a unidirectional model [1,2].

Formally, for each time step t, the forward LSTM produces a hidden state h., while the backward
LSTM produces h,, Concatenating these states yields the combined representation:

h, = [h, || h.],

where || denotes vector concatenation. Each LSTM cell uses gated mechanisms first introduced
by Hochreiter and Schmidhuber (1997) [6] to modulate how information flows and is retained
over long sequences. The gating equations for the forward LSTM are as follows (the backward
LSTM is analogous, but operates in reverse time):

f. = U(Wf ' [xrj;r—l] + bf)
i, = ﬂ'[m ' [xrrﬁr—l] + bz’)
€, = tanh(W, - [Iwﬁr—l] +be)
Cr_.zf;‘ @ Cr—i + fr GEF
h, = o, @ tanh( C,)

where *¢ is the input vector at time t, o denotes the sigmoid activation, tanh s the hyperbolic
tangent, and © is the element-wise product. The forget gate fr, input gate I+, and output gate ¢

collaboratively regulate the LSTM’s memory cell €+ and hidden state he . In this study, each
direction of the Bi-LSTM is configured with 128 units, chosen after systematic hyperparameter
sweeps to strike a balance between capturing long-range dependencies and maintaining
computational feasibility. The bidirectional processing is especially advantageous in eye-tracking
data, which can exhibit sparse yet crucial events (e.g., abrupt saccades) at varying points in the
sequence. By exploiting future context in addition to past information, the Bi-LSTM provides a
more holistic representation of each participant’s ocular behavior.

3.3.2. Attention Mechanism

To emphasize the most discriminative segments of the Bi-LSTM output, we incorporate an

attention mechanism [4,5]. This module computes a set of weights @®: that quantify the relative
importance of each time step t. We adopt a Bahdanau-style additive attention [11], [22], [33] for
robust interpretability:
. exp(e,)
e, =uv. tanh(W.-h. + b1, a4, == —
4 e ( i) r rz) r E£=-| E.’xp(ek:]
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where i, € 3% is the concatenated forward—backward hidden state from the Bi-LSTM (with

dimensionality 2d), and T is the total sequence length. The vector e = [ay, ..., 7] then serves as
a set of weights indicating which time steps (i.e., eye-tracking frames) are most relevant to early
AD signatures. Using these weights, we derive a context vector c:

c= E a, h,,

Which represents a weighted summary of the temporal features. This attention-driven focus is
especially critical for eye movement data, as it highlights ephemeral events, such as atypical
saccades or fixations, that may be strong predictors of impending cognitive decline.

3.3.3. Dense Layers

Following the attention module, we route the context vector ¢ through a series of fully connected
(dense) layers with ReL.U activations:

1. Dense Layer 1 (64 units). This layer applies a non-linear transformation to extract mid-level
features from c. Let 21 = ReLU(W, - ¢ +b,),

2. Dense Layer 2 (32 units). A subsequent dense layer refines z; into higher-level abstractions,
z, = RelU(W, -z, + b,)

By progressively reducing the dimensionality from the Bi-LSTM outputs, these layers distill the
salient gaze patterns (e.g., blink irregularities, fixation anomalies) that are most indicative of
early AD. ReL U activations (max(0,x)) prevent negative outputs and facilitate faster convergence
by mitigating the vanishing gradient problem [5], [18], [24], [25],[6].

3.3.4. Output Layer

Finally, a single sigmoid neuron (c) is used for binary classification, distinguishing between
early-stage AD and healthy controls. Formally,

.-!'AT = CI'(I-"L'Lut "3 + bl:l].lt)’

where Y € [0.1] represents the probability that the input eye movement sequence corresponds to
an individual with early AD. A threshold (commonly 0.5) is then applied during inference to
label a sample as part of the clinical group (AD/MCI/SMC) or as healthy. Such a probabilistic
output is particularly beneficial in a clinical context, as it allows for nuanced risk assessments
rather than a rigid binary decision [7].

3.3.5. Architectural Advantages in Early Alzheimer’s Detection

1. Sequence Modeling. Bi-LSTM layers capture both historical and future context, making it
easier to detect sporadic gaze irregularities common in early AD.

2. Feature Prioritization. The attention mechanism dynamically highlights eye-tracking time
steps or features (e.g., micro-saccades, erratic fixations) that deviate from typical patterns,
thereby improving model interpretability and diagnostic accuracy.
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3. Non-Linearity and Abstraction. ReLU-based dense layers convert raw gaze features into
increasingly abstract representations, isolating the patterns that best discriminate AD from
normal aging processes.

4. Clinically Interpretable Output. A final sigmoid neuron translates the high-dimensional
representations into an actionable probability score. Clinicians can interpret this score in
conjunction with other diagnostic tests, enabling a more robust decision-making process.

3.4. Model Training

The training phase of our deep learning model was carefully orchestrated to optimize the
detection of early-stage Alzheimer’s disease (AD) using eye movement data. We employed the
Adam optimizer [38], originally proposed by Kingma and Ba (2015), renowned for its ability to
handle sparse gradients and adjust learning rates adaptively [20], [21]. This quality is vital when
dealing with the high-dimensional and time-varying nature of ocular metrics. Adam computes
adaptive learning rates for each parameter by iteratively updating the first and second moment
estimates of the gradient. For a given parameter 0, the update rule can be summarized as:

m, = fym,_; + (1— 1‘91]@‘}
v, = fov,_y + (1 _JB:]Q}_
k)

. ”1'!' -~
m, = v, =
t r t
1B 1—Bs
B — @ _QL
t t—1 [
SR o -

where g is the gradient at time step t, B1 and B, are exponential decay rates (often 0.9 and 0.999,
respectively), a is the initial learning rate, and € is a small constant (e.g., 10™®) to avoid division
by zero.

3.4.1. Binary Cross-Entropy Loss

For binary classification, distinguishing between the presence or absence of early AD, we used
binary cross-entropy (BCE) as our loss function. Let ye{0,1} be the ground-truth label and

Y €01] pe the predicted probability that the sample is AD-positive. The BCE loss for a single
sample is:

During backpropagation, the network is penalized for deviating from y. This penalty guides
parameter updates to improve model predictions over successive epochs [22], [30].

3.4.2. Training Configuration

e Epochs: We trained the model for 100 epochs. Pilot experiments indicated that training
beyond this point yielded only marginal improvements. Thus, 100 epochs represented a
good trade-off between performance and computational cost.

o Batch Size (32): A mini-batch size of 32 provided stable gradient estimates while keeping
computational requirements manageable.

159



Machine Learning and Applications: An International Journal (MLALJ) Vol.12, No.1, March 2025

o Early Stopping: To prevent overfitting, we utilized an early stopping mechanism [2] that
halted training when the validation loss failed to improve for a specified number of epochs.
This approach preserves model generalizability, avoiding over-adaptation to the training
data’s idiosyncrasies.

e Validation Set: A separate validation set (15% of the total dataset) was used for
hyperparameter tuning and for driving early stopping. Performance on this validation set
served as a proxy for how the model might behave in real-world diagnostic scenarios. [12],
[15],[24].

3.5. Regularization

Given the complexity of ocular data and the potential for overfitting, we integrated two
complementary regularization strategies, Dropout [3] and L, weight decay, designed to enhance
generalizability [16,17], [27], [29].

3.5.1. Dropout

We applied a dropout rate of 50% after each Bidirectional LSTM and dense layer. Formally,
dropout randomly zeroes out a fraction p of the neurons’ outputs during training:

20 =0 0 a”, where r¥~Bernoulli(1—p)

Here, a'? represents the activation vector from layer I, and © denotes element-wise
multiplication. This stochastic process forces the network to avoid over-reliance on specific
neurons, thereby improving robustness and mitigating overfitting, especially critical when
dealing with individual-specific gaze patterns.

3.5.2. L2 Regularization

In addition, we applied L regularization (weight decay) with a coefficient A=0.001 on all dense
layers’ weights. The L, penalty added to the loss function is:

N
2 1w,
=1

where w; denotes the weight vector of neuron j. By constraining the magnitude of network
weights, L regularization discourages overfitting to noisy or idiosyncratic features in the training
data, preserving only the most discriminative patterns related to AD.

3.6. Evaluation Metrics

To ensure the model’s clinical viability, we adopted an evaluation suite, computed on both
validation and test data [9], [14], [11], [33]. Each metric sheds light on a different facet of
diagnostic performance. We used, Accuracy (%), Precision, Recall (Sensitivity), F1 Score and
Area Under the Receiver Operating Characteristic Curve (ROC-AUC) as follow:

1
ROC—AUC=I TPR (FPR)d(FPR),
V]
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where TPR (True Positive Rate) and FPR (False Positive Rate) vary across different
discrimination thresholds. A higher AUC (—1) signifies stronger discriminative power between
AD and non-AD classes [4]. Performing these evaluations on both validation and test sets
validates not only the model’s fit but also its generalizability to new, unseen data. Clinically,
high recall (sensitivity) is particularly crucial for ensuring that potential AD cases are not missed
in early screening [26], [34].

4. MATHEMATICAL FOUNDATION

4.1. Bidirectional LSTM (Bi-LSTM) for Alzheimer’s Detection

The Bidirectional Long Short-Term Memory (Bi-LSTM) network lies at the heart of our model,
enabling the capture of both forward and backward temporal dependencies in eye movement
data. This approach is crucial for detecting subtle ocular biomarkers of Alzheimer’s disease,
which may appear intermittently in the temporal sequence [1,2,6].

4.1.1. Architecture Overview

A standard LSTM cell maintains a hidden state h: and a cell state C; , regulated by input, output,

and forget gates (ie.00f2). In the Bi-LSTM configuration, we deploy two LSTM layers, one
processing the sequence forward, the other in reverse [1]. Let

X = (x,x;, .., %7)

denote the sequence of eye-tracking measurements (e.g., saccade amplitude, fixation duration),
where each x; is a feature vector at time t.

1. Forward LSTM:
h =LSTM(h, x,; ©;)

where B:21 s the previous hidden state for the forward LSTM, %: is the current input, and O
denotes the trainable parameters (weights, biases) of the forward LSTM.

2. Backward LSTM:
h: =LSTM(h_,,, x,; 8,)

which processes the sequence in reverse order. Here, h::1is the hidden state from the next time

step in backward time, and @ represents the parameters for the backward LSTM. By moving in
opposite directions, the forward LSTM captures progressive dynamics, while the backward
LSTM highlights retrospective patterns, both of which can be critical for revealing early
cognitive impairments associated with AD.

4.1.2. Output Synthesis

At each step t, the forward and backward hidden states are concatenated to form a unified
representation of ocular behavior:
h., =[h;; h;].
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This combined vector R retains information from both past (forward) and future (backward)
contexts, thereby providing a more holistic view of any cognitive decline symptoms manifested
in eye movement sequences [2].

4.2. Attention Mechanism

An Attention Mechanism refines the Bi-LSTM’s output by focusing on the most informative
segments of the sequence, those most indicative of early Alzheimer’s pathology. This targeted
emphasis can greatly enhance the model’s interpretability and diagnostic accuracy [10,30].

4.2.1. Analysis of Attention Weights

The Attention Mechanism computes attention weights a: that prioritize certain time steps over
others:

e Rapid Saccadic Movements: Fast, high-amplitude saccades can reflect complex neural
coordination processes; deviations from normal saccade patterns may signal incipient
cognitive deficits.

o Distinctive Fixation Patterns: Excessive or erratic fixations often point to difficulties in
visual processing or memory retention, hallmark signs of early AD.

By up weighting these key events, the network effectively “zooms in” on the micro-dynamics
most relevant for early detection [3].

4.2.2. Implications for Early Diagnosis
Focusing attention on these subtle ocular biomarkers ensures that the model:
1. Prioritizes the most clinically significant eye movement features for AD diagnosis.
2. Provides a transparent rationale for its predictions, which is valuable for gaining clinical

trust in automated diagnostic tools.

4.2.3. Computational Details

Let h: be the Bi-LSTM output at time t and let $:—1 represent the previous decoder (or context)
state. We first compute an alignment score €::

e, =v' tanh(W[h, ; s,_,]+b),

where v, W, and b are trainable parameters. A softmax function then converts these scores into
attention weights o :

exp(e,)

i=1 exp (e_;l'j

&,

4.2.4. Impact on Prediction

A context vector c; is formed by weighting the Bi-LSTM outputs h; at all time steps j:
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T
c, = E a; h;
i=1

This weighted sum condenses the most relevant eye movement features, thereby bolstering both
the accuracy and interpretability of AD detection [4]. In essence, the Attention Mechanism
pinpoints the ocular events that strongly correlate with emerging cognitive deficits, enabling
more sensitive and timely Alzheimer’s screening.

4.3. Integrating Bi-LSTM with Attention for Alzheimer’s Detection

Our model fuses a Bidirectional LSTM (Bi-LSTM) with an Attention Mechanism, systematically
analyzing eye movement data to uncover early markers of Alzheimer’s disease. The sequence of
operations is as follows:

1. Data Representation:

Each input x; in the sequence
X = (x,x;, .., %7)

encapsulates key metrics (e.g., saccadic amplitude, fixation duration). These granular features
reflect subtle cognitive deviations often overlooked by standard diagnostic tests.

2. Bi-LSTM Processing:
h =LSTM(h_,x,;0,), h; = LSTM(h_,,, x;8,).

The forward and backward passes yield hidden states he and by respectively, combined into h:.

3. Attention Mechanism:

ei = v’ tanh(Wlh,;s._,] +b)

i _ EXP (e])
¢ Erzf

=y exp

— i
c, = a, h;

k
T
=1
where ¢; is the context vector integrating the weighted Bi-LSTM outputs.
4. Classification Layer:

Finally, we feed either ¢ (or its aggregation over time) into a dense layer with a sigmoid
activation:

y.=c(Wye. +b,)

where y:€[0,1] represents the predicted probability of Alzheimer’s presence. A threshold (e.g.,
0.5) then determines the binary classification (clinical group vs. healthy). This integrated pipeline
emphasizes the salient portions of ocular data indicative of early AD while preserving the
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temporal complexity inherent in eye movements. By uniting Bi-LSTM and Attention, the model
efficiently discerns nuanced changes, like prolonged fixations or erratic saccades, likely tied to
incipient cognitive decline [7, 9, 28].

5. EXPERIMENTAL RESULTS

5.1. Dataset Description

This study makes use of the publicly available Eye-Tracking and Language Dataset for
Alzheimer’s Disease Classification [18,19]. The dataset contains eye movement and language
data from individuals with mild to moderate Alzheimer’s disease (AD), mild cognitive
impairment (MCI), or subjective memory complaints (SMC), as well as from healthy older adult
controls. In total, the dataset includes data from 79 individuals in the clinical group
(AD/MCI/SMC) and 83 healthy controls, offering a balanced foundation for comparative analysis
[35]. Despite the high reported accuracy (98.5%) and AUC (0.995), we acknowledge the risk of
overfitting given the relatively modest dataset size. To mitigate this risk, we employed stratified
sampling, regularization (dropout, L2), and an early stopping criterion [21], [26]. We employed
5-fold cross-validation (or a repeated stratified split) to ensure robust performance estimates.
Each fold maintained subject-level separation (i.e., no data from the same individual in both
training and test sets). Our regularization strategies (dropout, weight decay) and early stopping
further minimized overfitting. Nonetheless, future multi-site, larger-scale studies are required to
confirm generalizability. Future work should include larger, multi-site datasets or cross-
validation to ensure robust generalizability of the model in real-world settings. To ensure high-
quality input for our deep learning model, extensive preprocessing was carried out:

1. Artifact Removal: Blinks and frames with excessive head movement were filtered out
[22].

2. Noise Reduction: A low-pass filter (e.g., Savitzky—Golay) was applied to smooth ocular
metrics [27].

3. Normalization: Z-score normalization aligned all features on a standard scale, reducing
inter-participant variability [16].

4. Sequence Padding: Variable-length eye-tracking sequences were padded to a maximum
length Lmax for uniform neural network input, as discussed in Section 3.2.2[15,18,19].

5.2. Model Performance

After training the Bi-directional LSTM (Bi-LSTM) with an integrated attention mechanism, we
evaluated its effectiveness using key diagnostic metrics: Accuracy, Precision, Recall
(Sensitivity), Specificity, F1 Score, and AUC-ROC. Table 2 summarizes these results along with
standard errors and 95% confidence intervals.

Table 2. Detailed Model Performance Metrics

‘Metric HVaIue ”Standard Error ”95% Confidence Interval HThreshoId ‘
|Accuracy l98.5% [0.01 |98.39-98.7% B |
[Precision l98.3% [0.02 |98.09-98.6% B |
[Recall (Sensitivity)  [[99.2% [0.01 199.096-99.4% B |
Specificity 97.8% |[0.02 97.4%98.2% B
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‘Metric HVaIue HStandard Error ”95% Confidence Interval HThreshoId ‘
IFL Score l08.8% [0.01 |o8.69-99.0% B |
lAuc-ROC 0.995 ]lo.005 l0.985-1.000 lo.90 |

1. Accuracy (98.5%): Demonstrates the model’s robust ability to distinguish between AD and
non-AD cases across diverse testing conditions.

2. Precision (98.3%): Minimizes false positives, crucial to avoiding undue alarm in clinical
practice for individuals who are not AD-positive.

3. Recall (99.2%): Reflects a high capture rate of true AD cases, essential for early intervention
and better patient outcomes.

4. Specificity (97.8%): Shows strong performance in correctly identifying healthy individuals,
reducing unnecessary follow-up tests.

5. F1 Score (98.8%): Balances precision and recall, reinforcing the model’s overall reliability
in a binary classification setting.

6. AUC-ROC (0.995): Indicates excellent discrimination across multiple decision thresholds,
providing flexibility for different clinical priorities (e.g., minimizing false negatives vs. false
positives).

The elevated scores across these metrics underscore the diagnostic potential of combining Bi-
LSTM with attention for early AD detection from eye movement data [21,35].

6. CONCLUSION AND FUTURE WORKS

Our study leverages the publicly available Eye-Tracking and Language Dataset for Alzheimer’s
Disease Classification to develop a Bi-LSTM-Attention framework for early AD detection. By
integrating multiple ocular metrics derived from this dataset, our model achieves high accuracy
(approximately 98.5%) and an AUC-ROC of approximately 0.995, indicating excellent
discrimination between AD and healthy controls. This demonstrates that advanced sequential
models can effectively capture subtle ocular biomarkers indicative of early cognitive decline
1,4,61,4,61,4,6. Key contributions of this work include the holistic analysis of eye-movement
data, the use of bidirectional processing and attention mechanisms to provide temporal and
contextual emphasis, and the potential for clinical application given the model’s sensitivity and
specificity [18,19,28]. Nevertheless, limitations remain, such as the relatively small sample size
and limited diversity of the dataset, which heightens the risk of overfitting [15,21]. Although our
training process includes regularization and early stopping, further validation on larger, multi-site
datasets is necessary for clinical readiness. Future directions involve expanding the dataset
through multi-site collaborations, integrating additional modalities (e.g., neuroimaging, genetic,
and blood biomarkers) [14], conducting longitudinal studies to track disease progression [13],
and applying explainable Al techniques to enhance interpretability and foster clinical trust
[8,10,11]. In summary, by utilizing this real dataset and refining our deep learning methodology,
we lay a robust foundation for non-invasive, accurate, and accessible early screening of
Alzheimer’s disease, with promising implications for improved patient outcomes and disease
management strategies [16,17,19,35].
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