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Abstract

Detecting Autism Spectrum Disorder (ASD) using Eye Tracking (ET) datasets is a challenging task and has been a long-
standing problem. Recently, there has been a trend of developing ASD diagnosis models based on machine learning (ML),
especially deep learning techniques. In this paper, we show that these existing methods still struggle to make accurate diag-
noses in few-shot learning (FSL) settings, where the data available for training is limited in amount and imbalanced in nature.
To address this challenge, we propose a model, named ConASD, for effective diagnosis of ASD under the FSL setting. The
proposed model is a two-stage framework: it first trains an encoder for ET images using supervised contrastive learning, fol-
lowed by fine-tuning a classifier for final diagnosis. With the contrastive learning strategy, the pre-trained encoder can better
capture the discriminative features of the eye-tracking images, even with limited training data, and ultimately leads to better
diagnosis accuracy and better generalization to unseen data. We evaluate the proposed ConASD model using two real-world
ET datasets. The results demonstrate that ConASD outperforms existing approaches, particularly in few-shot scenarios, by
up-to 7% improvement in terms of F1 scores. The results in this paper highlight the potential of using contrastive learning
as a powerful tool, particularly in real-world medical scenarios where class imbalance is frequent and the data is limited.
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1 Introduction that early detection of ASD can significantly benefit children

and families with improved outcomes in language skills,

Autism Spectrum Disorder (ASD) is a neurodevelopmental
condition affecting brain function, which causes differences
in social communication and interaction. Studies [1] show
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adaptive behaviour, and educational support. However, the
process of diagnosing ASD continues to be a difficult task
that requires the use of cognitive assessments and compre-
hensive clinical evaluations.

Recently, computer-aided technologies started to play a
crucial role in assisting ASD diagnosis, including magnetic
resonance imaging, electroencephalography, and Eye Track-
ing (ET) [2]. In this paper, we focus on the ET technique, a
non-invasive method that involves capturing, tracking, and
measuring the movements of the eyes or the exact focus
point, known as the point of gaze, where a person’s eyes are
fixed within a visual scene [3].

Understanding and making decisions based on ET
scanpaths is non-trivial, requiring extensive expertise of
domain knowledge. Figure 1 presents some example scan-
paths of Typically Developing (TD) children and children
with ASD symptoms. Scanpaths of children with ASD are
generally less focused, with randomness in eye movements
and less fixation on focus points. However, measuring the
fixation of eye movements from scanpaths is challenging as
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Fig. 1 Vizualization of scan-
paths of TD and ASD partici-
pants. Top: easy classification
case; Bottom: hard classification
case. Left: participants without
ASD (i.e., TD); Right: par-
ticipants diagnosed with ASD
(sourced from [16])

participants’ focus points can vary drastically due to their
own interests and experiment contexts, as shown in Fig. 1.
Many studies seek machine learning (ML) aided techniques
to extract useful features from scanpaths for assistive ASD
diagnosis. For instance, in [4-7], ET data from both ASD
and TD individuals is labeled by domain experts. Then a
classifier is trained to identify new data accurately. Unsu-
pervised learning techniques have been explored to identify
ASD without the requirement for labeled data. They dis-
cern patterns or clusters within the ET data autonomously,
uncovering hidden structures, such as ASD subtypes, that
may not be readily apparent through conventional supervised
ML methods [8-11].

Despite significant research effort in leveraging ML mod-
els for detecting ASD through ET techniques, there are still
remaining limitations [4, 12, 13]. First, data-driven tech-
niques such as ML models, especially DL models usually
require a large-scale of high-quality training data. This is not
readily available in ASD research, as data collection faces
privacy issues [4, 12—15]. Thus, there has been increasing
interest in tackling the scenario of Few Shot Learning (FSL),
which aims at enhancing model performance when training
data is extremely limited. Second, achieving high detection
accuracy is challenging with ET scanpaths, as scanpaths of
ASD children have only minor visual differences compared
to those of TD children, as shown in Fig. 1.

Most existing works on analyzing ET scanpaths for
ASD diagnosis mainly formulate the problem as an image
classification task. A deep learning (DL) model, e.g.,

@ Springer

convolutional neural networks, takes images of scanpaths
as input and learns to label the image into ASD or TD [17,
18]. Although promising results are obtained, the scenario of
FSL is overlooked by literature. This, however, is crucial for
ASD research, where high-quality training data is expensive
to obtain.

This paper addresses the challenge of data limitation in
model development for ET-based ASD diagnosis. In par-
ticular, we focus on the loss function for model training.
We observe that the traditional Cross-Entropy (CE) loss for
training a classifier is suboptimal for FSL as it is accuracy-
oriented [19]. In ASD ET images, when the data available
for training is limited, CE cannot guide a model to encode
instances into tight and well-separated clusters. Inspired by
the recent success of contrastive learning, we incorporate
contrastive loss in model training [20, 21]. With this, the
model is guided to refine feature embeddings by attracting
similar (intra-class) pairs and repelling dissimilar (inter-
class) pairs, effectively addressing the issue of CE loss
[22]. We conduct extensive experiments on two real-world
datasets. The results show that the incorporation of contras-
tive learning leads to significant improvements in predicting
accuracy, especially when the number of training samples
is limited. We also visualize the learned latent embeddings
within the model, which also demonstrates the high-quality
of the clusters formed by contrastive learning.

The rest of this paper is structured as follows. Sec-
tion 2 discusses existing DL models in ASD detection. In
Sect. 3, we present our proposed method for ASD detection.
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Section 4 presents the experimental results with discussions
on our empirical findings. Section 5 concludes this paper.

2 Related works

This section reviews related works from three perspectives:
(1) ML based eye tracking for ASD diagnosis, (2) Contras-
tive learning applied to ASD diagnosis, and (3) FSL in ASD
diagnosis.

2.1 ML based eye tracking for ASD diagnosis

Diagnosing ASD can be challenging, as there are no defini-
tive pathological or radiological examination tools. Early
signs of ASD may include behaviors such as avoiding eye
contact and progressively develop more observable signs
such as diminished focus on social cues, distinctive eye
movement, and shorter fixation duration [23, 24]. Thus,
researchers are exploring these eye movement anomalies to
develop a theoretical framework for ASD screening through
ET [5, 12, 13, 25], and use ET as an effective screening tool
during the diagnosis.

There exist several studies that incorporate ML models to
analyze scanpaths from eye tracking for assistive ASD diag-
nosis [26]. Elbattah et al. [13] aim at feature extraction over
scanpaths to differentiate children with ASD with various
severity of symptoms. They present a comparative analysis
of four feature extraction techniques, namely principal com-
ponent analysis, t-distributed stochastic neighbour embed-
ding (t-SNE), and auto-encoders, with results showing the
superiority of auto-encoders. In addition to unsupervised
learning, several other studies formulate the problem as a
classification task, i.e., determining if scanpaths are sampled
from ASD or TD children. For instance, Ahuja et al. [27]
propose a pipeline for analyzing scanpaths of TD and ASD
children as they watch four short video clips. Five features
are extracted from each clip. The features extracted from
different clips are integrated and then fed to a support vector
machine model for classification.

Recent advancements in this domain have shown a shift
from classical ML techniques to deep models. Carette
et al. [15] show that artificial neural networks can achieve
high classification accuracy in identifying ASD and TD chil-
dren. Atyabi et al. [18] develop spatial eye and allow the dif-
ferentiation of ET scanpaths images of individuals with ASD
and TD individuals using convolutional neural networks. A
comparative study further demonstrates that hybrid models
combining DL and ML outperformed standalone ML and
DL models. In Ahmed et al. [17], a hybrid model of Con-
volutional Neural Networks (CNNs) for deep feature map
extraction and support vector machines for feature classifica-
tion for ASD diagnosis were employed.

2.2 Contrastive learning for ASD diagnosis

Contrastive learning has gained wide success in vari-
ous domains over the past few years, including computer
vision [20, 21], natural language processing [28, 29], and
many more. In particular, the Supervised Contrastive Learn-
ing (SCL), proposed by [21], extends the framework of self-
CL to the setting of supervised learning. During training,
a predictive model (usually consisting of an input encoder
and a classification layer) is guided to pull the feature rep-
resentation of a data instance in the latent space close to the
representations of its positive instances (e.g., those instances
from the same class) while pushing it away from its negative
instances (e.g., those instances from other classes). Studies
have shown that SCL generates more effective representa-
tions compared to the case where CE loss is solely for model
training [21, 30]. There are limited works that incorporate
contrastive learning for ASD detection. Rani et al. [31] adapt
contrastive learning to extract discriminative features from
action video clips recorded. In Auriau et al. [32], SCL loss
is applied to structural Magnetic Resonance Imaging data
to distinguish ASD from other mental disorders, showing
that SCL loss effectively identified structural abnormalities
and achieved superior performance compared to CE loss.
However, there exist no studies that incorporate contrastive
learning for analyzing ET scanpaths to assist ASD detection.

2.3 Few shot learning in ASD diagnosis

In medical domains such as ASD research, obtaining high-
quality data at large scale is usually challenging due to
privacy issues and the requirement of domain expertise in
the process of data collection. This challenges data-driven
techniques such as DL models, whose effectiveness is heav-
ily reliant on the quantity and quality of their training data.
Thus, investigation into the scenario of FSL, i.e., only lim-
ited data instances are available for training has attracted
attention. The Zhang et al. work [33] studies the facial
expressions in an hour-long video recording from an Autism
Diagnostic Observation Schedule interview. Their proposed
model addresses the challenge of FSL by employing the
scene-level information fusion [33]. Similarly, Dhinagar
et al. [34] propose a joint learning framework that integrates
multiple sites using MRI scans collected from 38 imaging
sites as a part of the Autism Brain Imaging Data Exchange.
The results demonstrated that the model can be adapted to
unseen sites by fine-tuning under an FSL setting.

The study by Wang et al. [35] introduced a few-shot
learning framework that integrates a Siamese Neural Net-
work with a wide and deep architecture for an ASD screen-
ing dataset. This model was compared with other baselines
to demonstrate its ability to effectively capture both linear
and nonlinear relationships from a limited number of ASD
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samples. Similarly, Fawzy et al. [36] developed a model
combining MobileNetV2 with two-way shot learning to
diagnose ASD using children’s facial images. The training
set included four samples each of ASD and TD children’s
faces. The results indicated improved model performance
when using cosine similarity over Euclidean distance, as
cosine similarity effectively manages the high-dimensional
feature space of human faces [37].

A recent study by Bennett et al. [38] introduced the
SMOTE_FSL algorithm for diagnosing ASD in few-shot
learning settings. This algorithm integrates machine learning
techniques to effectively learn from limited data. While the
original SMOTE algorithm [39] is widely used to address
class imbalance, this study developed a custom variation
tailored for FSL scenarios. The proposed SMOTE_FSL
was compared with state-of-the-art deep learning methods
in similar FSL contexts, including Autoencoders (AE), Vari-
ational Autoencoders (VAE), and Generative Adversarial
Networks (GANs). All models were evaluated using two
digital health sensor datasets collected via robots and wear-
able devices.

In this paper, we propose to use SCL to address the chal-
lenge of FSL in ASD detection. Our methods differ from
the above methods, as, to the best of our knowledge, no
prior study has applied SCL in an FSL setting to ASD ET
scanpaths.

3 Methodology

In this study, we focus on the task of ASD detection using
ET scanpaths. Our aim is to propose a DL model capable of
effectively extracting discriminative features from ET scan-
paths for ASD diagnosis. In particular, we address the chal-
lenge of limited data availability, a common issue in ASD
research. To overcome this, we propose a framework based
on contrastive learning, which optimizes the embeddings of
input ET images within a deep latent space.

Figure 2 illustrates the overall framework proposed for
ASD detection. The framework consists of two stages: (1)
Training of the encoder; and (2) Training of the classifier.
We describe each step in detail below.

Training of the encoder. Given a set of images of ET
scanpaths D, represents the few-shot training samples,
where k < N and N is the total number of scanpaths in the
training set. D, = {x;,y;},;.._n, Where x; represents the
input features (e.g., pixel vectors) of an ET scanpath, y; is
the corresponding ground-truth label. This stage trains an
encoder capable of extracting discriminative features from
x;. Specifically, the encoder learns a mapping function that
transforms x; into f;, where f; encodes the key features of x;,
enabling it to be effectively distinguished from other samples
with significantly different characteristics.
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Inspired by [21], we leverage contrastive learning for
training the encoder. Specifically, we employ ResNet-50 as
the backbone network for encoding input images, denoted as
Enc(-). ResNet-50 consists of 50 CNN layers with residual
learning, designed to address the vanishing gradient prob-
lem. Given an input image x;, a random image augmentation
technique-chosen from a predefined set of operations such as
rotation, cropping, and flipping-is applied, resulting in an aug-
mented version of the image x:. Both the original image and
its augmented images are then encoded using the backbone
network (e.g., f; = Enc(x;)). The encodings are subsequently
passed through a projection head, Proj(-), consisting of a single
linear projection layer. The projection head generates lower-
dimensional feature representation, denoted as z; = Proj(f;).

During training, the model, comprising the backbone
encoder and the projection head, is optimized using super-
vised contrastive learning [21]. Specifically, for a given anchor
sample x;, all augmented versions of x; and samples from the
same class as x; are considered positive instances w.r.t. x;,
while all other samples are treated as negative instances. The
training objective is to encourage the model to draw the anchor
sample closer to its positive instances in the latent space, while
simultaneously pushing it farther from its negative instances.

The supervised contrastive loss function for the anchor
sample is defined as:

exp(sim(z; - z,) /7)

P S S ,
"= e & o Y L exp(sim(z; - 2,)/7)

pEP()

ey

where z;, Zp and z, represent the latent representations of the
anchor sample, a positive instance, and a negative instance,
respectively. The function sim(-) computes the cosine simi-
larity between two feature vectors, and 7 is a temperature
hyper-parameter that controls the sharpness of the distribu-
tion. The operator| - | denotes the cardinality of a set. The set
of indices of positive samples with regard to the ith sample
in a mini-batch is indicated by P;, and the set of indices in
the mini-batch that do not include i is indicated by A.

Training of the classifier. Following the first stage, the
classifier is constructed by utilizing the trained encoder while
discarding the projection head. A multi-layer perceptron clas-
sification layer is added on top of Enc(-). During this stage,
the classifier and the encoder are fine-tuned simultaneously to
classify input samples, employing the traditional CE loss as
the objective function:

N
L == log P(x;,,), ©)

where P(x;, y;) denotes the probability of correctly classify-
ing x; as y;.

Figure 3 compares the baseline model, which uses a
binary classifier trained with CE loss, to the proposed
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Fig.2 a An overview of the a)
proposed ConASD framework

using ET scanpaths. Aug(-):
Augmentation; Enc(-): Back-

bone encoder; Proj(-): Projec-

tion head. b Illustration shows

how SCL is computed given

an ET scanpath from ASD par-

ticipant is treated as a positive

instance z,,, while scanpath from
different class (e.g., TD par-
ticipant) is considered negative
instance z,, for a given anchor
sample z;, within the ConASD
framework

b)

positive instance (zp)

- ]
4
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4
4
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7
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itive i anchor (z;
positive instance (zp)

minimize distance

ConASD model. Both models operate under a FSL setting.
ConASD uses SCL loss to optimize feature embeddings: the
encoder output f; = Enc(x;) is passed through the projection
head Proj(-) to obtain z;. Here, z; corresponds to the positive
sample derived from an augmented version of the input, i.e.,
x; = Aug(x;). After training, the classifier predicts the label
¥;> which is compared with the ground truth y,.

4 Experiments

This section presents our numerical experiments. We begin
by describing the two datasets used in our study, followed by
an outline of the baselines and experimental settings. Lastly,
we present and analyze the results.

Stage 1: Supervised Contrastive Learning

—> Enc() —

|
|
—> —> t
ResNet-50 - . |
|
SCL Loss |
Shared
\ | Activations
\
______________ Al
\
\
————————— \
| \
| 1
| 1
| 1
Label : ASD/TD | |
|
I
I
]
]
anchor (z;) negative instance (z,) /

learning

maximize distance

4.1 Datasets

The two datasets used in this study comprise ET based-
images of children with ASD. They were selected to tackle
a common limitation in medical research: datasets are often
small due to the high cost of annotation, which poses chal-
lenges for effective model development.

Dataset 1. The first dataset was collected by [16]. ET
experiments were conducted using an SMI Red-M eye
tracker with a 60Hz sampling rate and a 17-inch monitor.
Participants were seated 60-cm from the monitor in a quiet
room with physical barriers to minimize distractions. Videos
and other stimuli were employed to analyze eye activity from
different perspectives. The experiments lasted approximately
5 min, during which participants’ eye contact and focus were
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Fig.3 a A comparison of the
baseline method a using binary
cross-entropy loss (Eq. 2), and b
The proposed model (ConASD)
that use supervised contrastive
loss (Eq. 1). Enc(-): Backbone
encoder; Aug(-): Augmentation;
Proj(+): Projection head

CE loss
e N\
Yi Yi

T A

f

Xi

t p |

a) Baseline model with
Cross Entropy (CE)

closely monitored. A total of 25 ET experiments generated
a dataset containing over 2 million records.

In ET, scanpaths are visual representations of gaze behav-
ior, comprising sequences of fixations and saccades. Fixa-
tions denote brief moments of stationary gaze, while sac-
cades represent rapid scanning movements. The collected
ET scanpaths were converted into an image-based format by
encoding gaze dynamics using color gradients. This process
produced an image dataset of 547 images, including 328
images from TD participants and 219 individuals diagnosed
with ASD. In Fig. 1, we illustrate four scanpath vizualisa-
tions: two from ASD participants and the other from TD
children.

Dataset 2 The second dataset, consisting of eye move-
ments of children with ASD-including scanpaths and fixa-
tion maps - was introduced in [40]. The data was collected
from 14 ASD and 14 TD participants, capturing their gaze
behavior in response to 300 natural scene images. Research-
ers used eye tracker called Tobii TX300, participants were
seated 65-cm from the screen in a quiet, controlled envi-
ronment to minimize distractions and ensure high-quality
recordings. For the ASD group, all fixation points from par-
ticipants diagnosed with ASD are combined into a binary
map, where each fixation location is assigned a value of
1 and all other areas are set to 0. This process results in a
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b) Proposed method (ConASD)

group-level fixation map representing ASD visual attention.
A similar method is applied to the fixation data from TD
participants to produce their corresponding fixation map.

To improve visualization and interpretability, both binary
fixation maps are smoothed using a Gaussian kernel, result-
ing in Fixation Density Maps, also referred to as visual
attention maps. These maps capture the spatial distribution
of gaze concentration across the visual field. The spread of
the Gaussian kernel-reflecting the extent of visual attention-
is typically defined by the standard deviation in degrees of
visual angle. In Fig. 4, an example of a natural scene image
viewed in the experiment is shown, along with two asso-
ciated fixation maps: one for ASD children and the other
representing TD children.

4.2 Baselines and settings

The evaluation is conducted for two ET datasets in the
context of FSL with different training size scenarios. We
evaluate the performance of our proposed method, Con-
ASD, in comparison with four machine learning classi-
fication algorithms: Decision Tree (DT), Support Vector
Machine (SVM), Logistic Regression (LR), and Ada-
Boost, as well as a CNN trained with CE loss. The Con-
ASD and CE approaches use a ResNet-50 as the backbone
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Fig.4 Example of natural scene
viewed to children (top), Bot-
tom Left: fixation maps from
TD children, Bottom Right:
ASD children (sourced from
[401)

for encoding input images. We select the ResNet-50 archi-
tecture over ResNet-101 based on the model results pre-
sented in Table 1. The results demonstrate that ResNet-50
delivers more stable and reliable accuracy with different
training sizes and datasets.

The implementation is carried out using PyTorch,
and experiments are conducted on a workstation
equipped with an NVIDIA T4 GPU. Both datasets are
split into training, testing, and validation sets following
a 70%/20%/10% ratio. To simulate the FSL setting, we
randomly sample training data, ensuring balanced data-
sets by selecting an equal number of samples (shots) from
both the ASD and TD classes. Model optimization is per-
formed using the Adam optimizer with a learning rate of
1073 and a weight decay of 10™*. All models are trained
for 100 epochs across all experimental runs.

4.3 Performance results

As outlined above, we trained the ET datasets on our pro-
posed method ConASD based on contrastive learning and
traditional methods which utilized CE loss under FSL set-
tings. The comparative analysis of performance between
two approaches shows notable observations, as presented
in Table 2. In most experimental settings, with different
training data and algorithms. The overall findings show that
as the number of data size increases in few-shot examples,
ConASD outperforms CE in terms of accuracy, precision,
recall, and F1-score.

The results indicate that in scenarios with smaller FSL
settings (e.g., 10 or 20 samples), CE occasionally achieves
marginally higher accuracy. In some settings, SVM and LR
show occasional improvements in precision and recall. How-
ever, ConASD demonstrates greater robustness and balance
between precision and recall, resulting in higher F1-scores,
which underlines its efficacy in handling limited training

Table 1 Performance
comparison of ResNet-50 and

Training Size ResNet-50

ResNet-101

ResNet-101 on two datasets

Dataset 1 Acc

Dataset 2 Acc Dataset 1 Acc Dataset 2 Acc

with varying training sizes.

10shot 0.6055
20shot 0.6514
50shot 0.6697
100shot 0.6881
200shot 0.7328
Full Dataset 0.6973

0.4500 0.6514 0.5250
0.5750 0.6394 0.5417
0.6167 0.4404 0.4833
0.6667 0.5963 0.5667
0.7083 0.5963 0.5666
0.7667 0.6147 0.6500

Bolded values indicate the highest accuracy achieved for each training size across the two architectures

(ResNet-50, ResNet-101)
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Table 2 Performance comparison of some ML baselines, ResNet-50+CE and ConASD in ASD detection across varying training data sizes — 10,

20, 50, 100, and 200, including results on the full dataset

Train Algorithm Dataset 1 Dataset 2

size Accuracy Precision Recall F1 Accuracy Precision Recall F1

10 DT 0.6239 0.6138 0.5561 0.5835 0.6083 0.6086 0.6083 0.6085
SVM 0.6055 0.8009 0.5114 0.6242 0.5583 0.5622 0.5583 0.5603
LR 0.6055 0.8009 0.5114 0.6242 0.5500 0.5521 0.5500 0.5510
AdaBoost 0.5872 0.5329 0.5143 0.5234 0.6000 0.6004 0.6000 0.6002
ResNet-50+CE 0.6605 0.7643 0.5834 0.6617 0.4750 0.3862 0.4750 0.4260
Proposed ConASD 0.6055 0.6372 0.5638 0.6088 0.4500 0.4301 0.4500 0.4398

20 DT 0.6055 0.5815 0.5738 0.5776 0.5583 0.5604 0.5583 0.5593
SVM 0.6147 0.6798 0.5264 0.5933 0.5083 0.7521 0.5083 0.6066
LR 0.5963 0.5491 0.5037 0.5254 0.4917 0.2479 0.4917 0.3296
AdaBoost 0.5780 0.5284 0.5177 0.5230 0.5667 0.5670 0.5667 0.5668
ResNet-50+CE 0.6606 0.6334 0.5862 0.6088 0.6750 0.6867 0.6750 0.6808
Proposed ConASD 0.6514 0.6734 0.5921 0.6301 0.5750 0.5760 0.5750 0.5755

50 DT 0.6239 0.6025 0.5928 0.5976 0.4500 0.4498 0.4500 0.4499
SVM 0.6697 0.7030 0.6056 0.6507 0.5250 0.5252 0.5250 0.5251
LR 0.6606 0.7644 0.5832 0.6616 0.5250 0.5252 0.5250 0.5251
AdaBoost 0.6697 0.7030 0.6056 0.6507 0.5167 0.7542 0.5167 0.6132
ResNet-50+CE 0.5872 0.6609 0.6276 0.6497 0.6083 0.6478 0.6083 0.6274
Proposed ConASD 0.6697 0.6873 0.6199 0.6519 0.6167 0.6178 0.6167 0.6173

100 DT 0.5413 0.5168 0.5163 0.5165 0.5583 0.5585 0.5583 0.5584
SVM 0.6606 0.6911 0.5942 0.6390 0.6083 0.6204 0.6083 0.6143
LR 0.6697 0.7192 0.6019 0.6553 0.5417 0.5522 0.5416 0.5468
AdaBoost 0.6881 0.7121 0.6319 0.6696 0.6167 0.6389 0.6167 0.6276
ResNet-50+CE 0.6606 0.5604 0.5547 0.5575 0.6167 0.6178 0.6167 0.6173
Proposed ConASD 0.6881 0.7947 0.6298 0.7027 0.6667 0.6794 0.6667 0.6730

200 DT 0.7064 0.6946 0.6878 0.6912 0.5666 0.5667 0.5666 0.5666
SVM 0.7300 0.7247 0.7145 0.7196 0.6333 0.6347 0.6333 0.6340
LR 0.7300 0.7264 0.7108 0.7185 0.6167 0.6234 0.6167 0.6200
AdaBoost 0.7248 0.7150 0.7178 0.7164 0.7000 0.7002 0.7000 0.7001
ResNet-50+CE 0.6789 0.6341 0.6233 0.6287 0.6333 0.6389 0.6333 0.6361
Proposed ConASD 0.7328 0.7208 0.7298 0.7253 0.7083 0.7089 0.7083 0.7086

Full DT 0.6147 0.5895 0.5741 0.5817 0.6500 0.6515 0.6500 0.6508

dataset
SVM 0.6514 0.6390 0.6049 0.6215 0.6583 0.6594 0.6583 0.6589
LR 0.6514 0.6508 0.5939 0.6210 0.6500 0.6500 0.6500 0.6500
AdaBoost 0.6514 0.6353 0.6306 0.6329 0.7083 0.7084 0.7083 0.7084
ResNet-50+CE 0.6584 0.6348 0.6247 0.6297 0.6917 0.6961 0.6916 0.6938
Proposed ConASD 0.6973 0.6508 0.5939 0.6210 0.7667 0.7694 0.7667 0.7680

The bolded results represent the best performance for each training size

dataset scenarios. Similarly, For the second dataset, Con-
ASD demonstrates marginal improvements.

In addition, the results show that as the training data-
set size increases, e.g., 100, 200 samples or the full data-
set, the difference between ConASD and other baselines
more clear. ConASD achieves higher performance met-
ric confirming its ability to generalize to unseen data. In

@ Springer

particular, with the largest dataset sizes, ConASD main-
tains consistently increased accuracy & F1 scores due to
utilising contrastive learning, which improves feature rep-
resentation in ET datasets. Thus, our findings demonstrate
ConASD’s effectiveness in FSL scenarios by maintaining a
balanced trade-off between precision and recall, leading to
improved F1 scores across various dataset configurations.
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Fig.5 t-SNE vizualization of embeddings learned by CE and ConASD

4.4 Vizualization results

Figure 5 illustrates the t-SNE vizualization of embeddings
learned by CE approach and our proposed method, Con-
ASD, based on a dataset split of 70% training, 20% testing,
and 10% validation, with the number of training samples
set to 200 and the batch size set to 16. The yellow learned
embeddings represent the ASD cluster, while embeddings in
purple represent the TD cluster. A poor separation between
the TD and ASD classes was indicated by scattered, overlap-
ping clusters of the t-SNE vizualisation of CE approach. In
contrast, ConASD produces compact, well-separated clus-
ters, highlighting its ability to effectively capture distinct
class representations. These findings are consistent with the
quantitative results in Table 2, where ConASD outperforms
CE in accuracy, F1-score and precision across most few-shot
scenarios.

5 Conclusion

In this paper, we study the detection of autism spectrum
disorder (ASD) through eye tracking (ET) images using
deep learning models. In particular, we focus on the sce-
nario where the training data is limited, which is common
in ASD research where high-quality data is expensive to
acquire. To address this challenge, we propose to use con-
trastive learning for extracting useful features from ET
images for ASD diagnosis. We conduct experiments on
two real-world datasets. The results confirm the advantages
of ConASD in classifying ET’s scanpaths for ASD and TD
in FSL settings. Our framework, ConASD, consistently
outperforms traditional ML baselines and CE approach for
full dataset and most FSL scenarios. Such advantages are

also confirmed by t-SNE vizualisations results, showing
that ConASD generated more compacted, well-separated
clusters, while CE produced scattered, overlapping clus-
ters. This highlights the ability of contrastive learning in
generating distinct and meaningful feature representations
of visuals, which aligns with its superior quantitative per-
formance. Overall, ConASD shows an effectiveness, espe-
cially in data-limited scenarios, addressing the challenges
of similar cases in real-world medical data.

The proposed framework, ConASD, has few limitations.
Firstly, contrastive learning relies on data augmentation,
which may not be applicable to all types of ET data. Sec-
ondly, SCL requires a pre-training phase, making it more
complex and costly compared to simpler methods like
AdaBoost. Additionally, while the SCL is based on ResNet
encodings, other architectures might be more effective. We
plan to study these aspects in our future work.
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