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Abstract
Abnormal fixational eye movements are frequently observed in
individuals with Parkinson’s disease (PD). While these involuntary
movements have the potential to serve as objective indicators for
early-stage PD screening, the specific role of microsaccades has
yet to be validated using computational methods such as machine
learning. In this study, we combine explainable AI (XAI) techniques
with end-to-end classification to evaluate the contribution of mi-
crosaccades in differentiating early-stage PD from healthy controls
using data from a simple fixation task. An attention mechanism is
employed to analyze raw binocular eye position data, while inte-
grated gradients are used to identify the most influential samples
in the model’s decision-making process. Experimental results show
that it is feasible to distinguish early-stage PD based on raw eye
tracking data. Importantly, visualizing integrated gradients across
eye position over time indicates that microsaccades play a key
role in classification, underscoring their potential as discriminative
features for early-stage PD screening.

CCS Concepts
• Applied computing → Health informatics; • Computing
methodologies→ Knowledge representation and reasoning.
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1 Introduction
Eyemovements abnormalities are commonly observed symptoms in
early-stage Parkinson’s Disease (PD) [Turcano et al. 2019]. Among
the various types of eye-tracking data, fixational eye movements
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are affected by PD because of the increased gaze instability dur-
ing fixation attempts. Fixational eye movements are involuntary,
small-scale movements that occur when the eyes are fixated on a
target, playing a crucial role in maintaining visual acuity by prevent-
ing sensory adaptation, counteracting visual fading, and ensuring
continuous perception [Martinez-Conde 2006]. Microsaccades, the
largest subtype of fixational eye movements, occur approximately
1–2 times per second, with amplitudes typically around 1 degree
[Martinez-Conde et al. 2009]. These small, involuntary movements,
while subtle, reveal insights into underlying neurological activity
and share a common oculomotor generator with large saccades.
Research has shown that PD patients exhibit a higher frequency
and increased amplitude of microsaccades [Alexander et al. 2018].
This pattern underscores the potential of microsaccade analysis
as an objective and non-invasive tool for the early detection and
monitoring of PD. However, limited research has been conducted
on microsaccade analysis using computational methods such as
machine learning, leaving a gap in fully understanding their role
in diagnostic of PD.

End-to-end eye-tracking analysis utilizing deep learning net-
works, which directly process raw data instead of relying on human-
crafted features, has gained growing attention in recent years
[Hoppe and Bulling 2016; Lohr and Komogortsev 2022; Zemblys
et al. 2019]. This methodology has been widely adopted and devel-
oped for event detection [Krishnamoorthy et al. 2021; Wang et al.
2025; Zemblys et al. 2019] and biometric identification [Lohr and
Komogortsev 2022; Makowski et al. 2021; Raju et al. 2024], achiev-
ing impressive performance with good generalization ability on
different datasets. Meanwhile, there has been a recent surge in its
use within medical domains [Deng et al. 2022; Sriram et al. 2023;
Uribarri et al. 2023]. However, the "black-box" nature of deep learn-
ing poses a significant barrier to its adoption in real-world clinical
settings. To address this limitation, pioneers in the field have in-
creasingly employed Explainable AI (XAI) techniques to provide
interpretable explanations alongside model predictions [de Belen
et al. 2021; Krakowczyk et al. 2023a]. XAI explains model decisions
by linking them to input features and visualizing learned patterns.
Visualization is relatively straightforward with image or video data,
as the input can be directly displayed. However, with limited studies
applying XAI to eye movement data, intuitive and clear visualiza-
tions remain rare. Moreover, to the best of our knowledge, no prior
research has utilized XAI to illustrate the role of microsaccades in
classifying early-stage PD.

To address the aforementioned challenges, this study aims to
answer the following research questions: (1) Can end-to-end clas-
sification with eye-tracking position data effectively discriminate
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between early-stage PD and HC? (2) Can XAI techniques explain
the role of microsaccades in the classification process? To this end,
we employ a multi-head self-attention network to analyze raw
eye-tracking position data and classify the learned features into
early-stage PD or HC using a feed-forward network. Integrated
Gradients, one of the most effective XAI methods, is utilized to com-
pute attribution maps by integrating gradients from the input to
a baseline. The visualization comparing the attribution maps with
the raw eye-tracking position data provides an intuitive demonstra-
tion of the contribution of microsaccades to the decision-making
process. The main contributions of this study are as follows:

• We investigate a novel approach using computational meth-
ods, specifically XAI, to validate the contribution of microsac-
cades in distinguishing early-stage PD from HC. This work
advances the adoption of explainable deep learning models
in clinical settings.

• An end-to-end classification framework, based on the multi-
head self-attentionmechanism, is applied directly to 4-dimensional
eye-tracking position data, eliminating the biases associated
with hand-crafted features.

• The visualization of attribution maps alongside raw data
provides an intuitive understanding of how microsaccades
influence the decision-making process, paving the way for
broader applications of XAI in eye movement analysis.

2 Methodology
2.1 Method Overview
Figure 1 illustrates the overall structure of our proposed method.
The input consists of 4-dimensional time-series eye-tracking posi-
tion data, representing the horizontal and vertical positions of both
eyes. A non-overlapping sliding window is applied to the input data
to segment it into patches, which are then fed into the attention
network. Each patch undergoes position encoding, and a classifica-
tion token is appended before being processed by the multi-head
self-attention mechanism. This mechanism enables the model to
interpret the input data from multiple perspectives, capturing both
global and local dependencies. The extracted features are passed
through a feed-forward network, which serves as the classifier to
determine whether the data belongs to the PD or HC group. After
the model is trained, integrated gradients are computed for the
corresponding classification target. Finally, the resulting attribu-
tion map is compared with the input data to assess whether the
most significant contributions to the classification originate from
microsaccades.

We define raw eye tracking position data as𝑋 = (𝑥1, 𝑥2, ..., 𝑥𝑁 ) ∈
R𝑁×𝐷 , where N represents the sample size and D denotes the data
dimension, which is 4, corresponding to the horizontal and vertical
positions of both the left and right eyes. After applying the slid-
ing window, the data can be represented as 𝑋𝑝 = (𝑥1𝑝 , 𝑥2𝑝 , ..., 𝑥𝐵𝑝 ) ∈
R𝐵×𝑇×𝐷 where B is equal to N divided by T, and T denotes the time
window.

2.2 End-to-End Classification
A common challenge in applying deep learning to medical datasets
is their relatively small size. This limitation increases the risk of

overfitting, making it crucial to explore simple yet efficient net-
works for medical applications. To address this, our study employs
a single-layer multi-head attention mechanism to extract features
directly from the raw eye-tracking data. Meanwhile, to further
alleviate overfitting, we utilize a cosine annealing scheduler to
dynamically adjust the learning rate during optimization. Addition-
ally, weight decay is applied to regularize the model by penalizing
large weights, helping to improve generalization. Early stopping is
also implemented, terminating training if the testing loss does not
decrease for 10 consecutive epochs.

To preserve the temporal information of time series data, position
embeddings are added element-wise to the input patches. Addition-
ally, a learnable classification token, shown as CLS in Figure 1,
is concatenated to the input sequence and serves as the standard
approach in classification [Devlin 2018]. Among various methods
for computing attention weights, the scaled dot-product attention
has become one of the most popular approaches, largely due to
the widespread adoption of the Transformer model [Vaswani 2017].
The attention is computed as following:

𝑄 = 𝑋𝑊𝑞,𝑊𝑞 ∈ R𝐷×𝑑𝑘 (1)

𝐾 = 𝑋𝑊𝑘 ,𝑊𝑞 ∈ R𝐷×𝑑𝑘 (2)

𝑉 = 𝑋𝑊𝑣,𝑊𝑞 ∈ R𝐷×𝑑𝑣 (3)

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾,𝑉 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑄𝐾
𝑇√︁
𝑑𝑘

)𝑉 . (4)

Multi-head self-attention with ℎ heads is the linear transforma-
tion of concatenation of ℎ scaled dot-product attention as follows:

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑 (𝑄,𝐾,𝑉 ) = 𝐶𝑜𝑛𝑐𝑎𝑡 (ℎ𝑒𝑎𝑑1, ..., ℎ𝑒𝑎𝑑ℎ)𝑊

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖 ,𝑉𝑊
𝑉
𝑖 ),

(5)

where𝑊 is the linear transformation matrix after concatenation,
𝑊
𝑄

𝑖
,𝑊𝐾

𝑖
,𝑊𝑉

𝑖
transform𝑄 , 𝐾 ,𝑉 to different head, correspondingly.

The primary advantage of multi-head attention over single-head
attention is its ability to capture different aspects of relationships
between samples and enhances the model’s generalization capabili-
ties by reducing the risk of overfitting. Eye-tracking position data
inherently contains information from both temporal and spatial
domains. By employing multi-head attention, the model can effec-
tively learn representations from these distinct domains, enabling
a more comprehensive understanding of the data.

After extracting the featureswithmulti-head self-attentionmech-
anism, a fully connected feed-forward network serves as the classi-
fier, discriminating between PD and HC. The cross entropy loss is
used as the classifier loss:

L = −
∑︁
𝑖

𝑦𝑖𝑙𝑜𝑔𝑦
′
𝑖 , (6)

where 𝑦𝑖 is the ground truth for input 𝑥𝑝 , while 𝑦′𝑖 is the predicted
label.
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Figure 1: The overall structure of end-to-end classification and the comparison between raw data and attribution map

2.3 Explainable AI Method
In medical applications such as the early diagnosis of PD, inter-
pretability of the model’s learned features is crucial. Furthermore,
no prior study has demonstrated the role of microsaccades using
computational methods like XAI. To address this, we utilize Inte-
grated Gradients (IG) [Sundararajan et al. 2017] for attributing the
output of the attention-based classifier to its input features. By com-
paring the attribution map with the raw eye-tracking data, we aim
to demonstrate that the samples contributing most significantly to
the model’s predictions originate from microsaccades. IG is chosen
due to its superior performance compared to other gradient-based
approaches [Qi et al. 2019], as well as its demonstrated effectiveness
in analyzing eye-tracking data [Krakowczyk et al. 2023b,a].

IG computes the integral of the gradients along a path from a
baseline input to the actual input. Formally, the attention-based
classifier is represented as a function 𝐹 , while 𝑥 ′ ∈ 𝑅𝐵×𝑇×𝐷 denotes
the baseline input. For the eye-tracking time-series data, we set the
baseline to a zero embedding vector, ensuring a neutral reference
point for feature attribution. Specifically, a straightline path from
the baseline to the input is considered, and gradients are computed
and cumulated at all points along the path. [Sundararajan et al.
2017] illustrated that IG satisfies a completeness axiom which the
integrated gradients for all samples add up to the difference between
the output of 𝐹 at the input 𝑥 and the baseline 𝑥 ′, based on the fact
that 𝐹 is differentiable almost everywhere.

3 Experiments
3.1 Dataset
In this study, we utilize the dataset collected by Tsitsi et al. [Tsitsi
et al. 2021], comprising 50 patients with PD and 43 age-matched
healthy controls (HC). The PD cohort primarily consists of individ-
uals in the early stages of the disease, characterized by unilateral or
mild-to-moderate symptoms, with a median disease duration of 2
years. Eye movements were recorded using the Tobii Pro Spectrum
system without a chinrest, operating at a 1200 Hz sampling rate.
During data collection, participants were instructed to fixate on a 6
mm diameter black dot positioned at the center of a bright white

screen, performing a simple fixation task. The fixation target re-
mained visible for 15 seconds, followed by a 5-second blank interval
in each trial. Participants completed a total of eight successive trials
within 3 minutes, making the task brief and minimally demand-
ing. In total, the dataset includes 400 trials for the PD group (6000
seconds) and 344 trials for the HC group (5160 seconds).

3.2 Data Preprocessing
To address missing values, outliers, and noise introduced by the eye
tracker, and to enhance the quality and efficiency of subsequent
end-to-end classification, we implement a four-step preprocessing
pipeline on data from all 93 participants after converting the eye-
tracking position data to degrees.

• Invalid trials were excluded based on two criteria: (1) the trial
duration was less than 1000 ms, or (2) more than 70% of the
samples in the trial were missing. After this, 44 trials from
PD group and 35 trials from HC group have been removed.

• Blink detection and removal were performed by identifying
successive missing values in the eye-tracking data. Blinks
typically result in an average data loss of approximately 200
ms, while eyelid closure and reopening significantly impact
eye movement signals [Collewijn et al. 1985]. To account for
these effects, we removed consecutive missing data segments
of 200 ms, along with an additional 300 ms of data before and
after each blink, to ensure the elimination of any residual
signal distortion associated with the blink event.

• After removing blinks, the remaining missing samples were
filled using linear interpolation to prevent errors during
smoothing and classification.

• The datawere smoothed using a low-pass filter with a Bartlett
window of 20 ms. This preprocessing step reduced noise, re-
sulting in a cleaner and smoother dataset compared to the
original raw data.

3.3 Implementation Details
Considering the size of our dataset, separating training, validat-
ing and testing datasets would lead to limited data samples in all
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datasets. Therefore, we use five-fold cross-validation where each
fold grantees to have almost equal numbers of PD and HC subjects.

Tuned hyper-parameters include the choice of optimizer, the
learning rate, the weight decay of optimizer, non-overlapping time-
window, number of heads in the multi-head self-attention mech-
anism. The selected tuning ranges and final values for the model
parameters are presented in Table 1. We implement our proposed
method using Python 3.11.5 and PyTorch 2.5.1 with CUDA 12.4, IG
is implemented with Captum library [Kokhlikyan et al. 2020]. All
code is running on one NVIDIA GeForce RTX 4080 SUPER GPU.

3.4 Classification Results
Classifying early-stage PD and age-matched HC using raw eye-
tracking position data collected during a simple fixation task is
challenging. Our primary goal is to demonstrate that raw posi-
tional eye-tracking data possess discriminative power for distin-
guishing between early-stage PD and HC. To evaluate the classifica-
tion results, we calculate accuracy, F1 score, and receiver operating
characteristic (ROC). In addition to sample-level performance ob-
tained directly from the model, we apply hard voting to aggregate
predictions for all samples belonging to a single subject, yielding
subject-level predictions and corresponding performance metrics.
Table 2 shows that the attention-based classifier achieves above-
chance accuracy, demonstrating its ability to discriminate between
early-stage PD and HC. Compared to the chance level (50% accu-
racy), the accuracy improvement is statistically significant at the
sample level ((𝑝 < 0.001)), but not at the subject level. Fold three
achieves the highest subject-level accuracy and F1 score, both ex-
ceeding 70% and statistically significant(𝑝 < 0.001 on the sample
level, 𝑝 = 0.039 on the subject level). On average, subject-level per-
formance surpasses sample-level results, achieving approximately
65% accuracy and 62% F1 score. A permutation test is conducted,
in which labels are randomly assigned to each sample, yielding
an average accuracy of 52.33% over 100 iterations. Although our
classification performance is only moderate in absolute terms, the
accuracy remains statistically significant compared to the permuta-
tion test (𝑝 < 0.001).

Figure 2: Mean Receiver Operating Characteristic (ROC)
curve for early-stage Parkinson’s disease classification. The
left panel illustrates the five-fold cross-validation perfor-
mance of the attention network, while the right panel com-
pares different classification methods.

a b

c d

Figure 3: Comparison between attribution map and raw posi-
tional eye-tracking data over 5s. The red dashed lines indicate
the alignment between microsaccades and the samples that
contribute most to the classification results. (a) and (b) rep-
resent two PD subjects, while (c) and (d) represent two HC
subjects.

Figure 2 presents the ROC curves for each fold of the cross-
validation process of our proposed method (left) and a comparison
among different classification approaches (right). The mean ROC
curve of the attention network achieves an AUC of 0.62 ± 0.03,
indicating moderate classification performance. Although the pri-
mary objective of this work is to introduce the novel application of
XAI in highlighting the role of microsaccades in PD classification,
we also compare the performance of our attention network with
a standard LSTM model and Multilayer Perceptron (MLP) trained
on traditional feature-based data. The AUC comparison, presented
in the right panel of Figure 2, indicates comparable performance
across different methods. Future work will focus on enhancing the
performance of the end-to-end algorithm on our dataset.

3.5 Contribution of Microsaccades
Figure 3 visualizes the comparison between the attribution map and
raw positional eye-tracking data. In each sub-figure, the three plots
(from top to bottom) respectively represent the attribution map, the
left eye’s horizontal position, and the right eye’s horizontal position.
The X-axis represents the number of samples, with 1200 samples
corresponding to 1 second due to the 1200 Hz sampling rate. The
Y-axis represents the actual values without normalization. The red
dashed lines highlight the alignment between microsaccades and
the samples contributing most to the classification results. For the
attribution map, higher values indicate greater contributions to
the classification, with positive values representing contributions
toward the target class and negative values representing contri-
butions against it. In general, the highest positive values in the
attribution map correspond to samples associated with microsac-
cades, illustrating that microsaccades play a crucial role in the
decision-making process. Quantitatively, the Pearson correlation
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Table 1: Tuning ranges and final values of hyperparameters

Optimizer Learning Rate Time Window Num Heads Weight Decay
Options AdamW, Adam, RMSprop 1e-6 to 1e-1 120,240,360,480,600 1 to 6 1e-12 to 1e-2
Final Value RMSprop 8e-3 360 4 1e-4

Table 2: Accuracy and F1 score (%) for each fold and their overall average across all folds, reported at both sample-Level and
subject-Level

Fold 0 Fold 1 Fold 2 Fold 3 Fold 4 Avg.
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc F1

Sample Level 60.80 65.13 56.11 40.38 61.11 63.70 62.69 62.04 60.04 52.52 60.15 58.48
Subject Level 57.14 60.87 61.90 42.86 66.67 69.57 71.43 72.73 66.67 63.16 64.76 61.84

coefficient (𝑟 ) between the average IG scores, calculated from the
start to the end of a microsaccade, and peak velocity (𝑟 = 0.49), as
well as the correlation between IG scores and amplitude (𝑟 = 0.55),
demonstrate that the subject shown in Figure 3(a) exhibits a correla-
tion between the average IG score and the microsaccade features of
peak velocity and amplitude. However, given the moderate classifi-
cation performance, not all microsaccades contribute positively to
feature extraction. For instance, some microsaccades around sample
1800 in Figure 3(a) and sample 1000 in Figure 3(b) do not exhibit
a positive role. Despite these limitations, this study demonstrates,
from a computational perspective using XAI, that microsaccades
are important in distinguishing between early-stage PD and HC
during a fixation task.

4 Conclusion and Discussion
In this paper, we propose a computational method to visualize the
contribution of microsaccades in classifying early-stage PD from
raw positional eye-tracking data. A multi-head self-attention net-
work is employed to extract features from positional eye-tracking
data, followed by a fully connected network to classify these fea-
tures into PD andHC. Additionally, the IntegratedGradientsmethod
is utilized to compute the attribution map of the trained model,
highlighting the importance of learned features in the decision-
making process. The visualization comparing the attribution map
with the raw data reveals that microsaccades play a crucial role
in the classification, as the most positively contributing samples
are predominantly associated with microsaccades. Our proposed
method provides the first computational evidence of microsaccades’
significance in classifying early-stage PD and has the potential to
be extended to other medical applications, promoting more trans-
parent and explainable deep learning approaches.

Since this study involves clinical data, it was conducted under
the approval of an ethics committee and in compliance with es-
tablished ethical guidelines. To ensure participant privacy, all data
were anonymized and associated only with subject numbers, rather
than names or any personally identifiable information of the pa-
tients or healthy controls. Furthermore, no personal information
was accessible to the researchers at any stage of the study. This strict
anonymization process safeguards the privacy and confidentiality
of all participants, aligning with ethical standards for handling
sensitive clinical data.

5 Limitation and Future Work
Future work will focus on addressing several limitations to enhance
model performance. Data scarcity, a prevalent challenge in medi-
cal applications, likely contributed to the moderate classification
performance observed. We propose exploring data augmentation
techniques to expand our dataset. Regarding data preprocessing,
the current approach of removing 300ms before and after blinks
presents a theoretical risk of eliminating microsaccades. We intend
to conduct validation experiments to ensure that our interpola-
tion methods preserve microsaccade dynamics. Model architecture
represents another significant avenue for improvement, as our cur-
rent model was not specifically optimized for eye-tracking data
and likely suffered from subject variance. Additionally, we plan
to validate our methodology across multiple datasets to mitigate
variability and reduce potential sample bias inherent to individual
datasets.
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