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Vision-Based Approach for Autism Diagnosis Using Eye Tracking based on Machine
Learning and Deep Learning
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Abstract: Although the early diagnosis of autism spectrum disorder (ASD) is highly sought, it is still a
challenging task that requires a battery of cognitive tests and hours of clinical exams to be properly accomplished.
ASD may manifest itself in various ways, which makes diagnosing it even more challenging. However, although
diagnostic tests are generally devised by specialists, human mistakes are still possible. Computer-assisted
technologies can be quite useful in this respect for aiding in the selection procedure. The use of eye tracking as a
crucial component of ASD screening evaluation based on the distinctive characteristics of the eye gaze is continued
in this article. This research adds to the growing body of evidence that eye tracking technologies may help in ASD
screening. Eye tracking, visualization, using machine learning and deep learning are part of the suggested solution.
Eye-tracking scan paths were first converted into a visual representation in the form of a series of pictures. After
that, an image classification job was taught to a convolutional neural network. The findings of the experiments
showed that using a visual representation simplified the diagnostic process while also achieving excellent accuracy.
The convolutional neural network model, in particular, can attain promising classification accuracy. This shows that
visuals are capable of encoding information about gaze movements and its underlying dynamics. Based on the
greatest information coefficient, we examined potential relationships between autism severity and eye movement
dynamics. The results demonstrate that using the great potential in combining eye tracking, visualization, machine
learning, and deep learning to create an impartial tool to help in ASD screening. Generally, the approach we
propose may be used to identify various diseases, including neurodevelopmental problems.
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1. Introduction

Autism spectrum disorders (ASD) are a complex
neurodevelopmental illness characterized by difficulty
in social communication and interaction, as well as
repetitive behavior patterns in children and adults. In
early infancy, these symptoms begin manifesting
themselves,  affecting  social interaction and
communication as well as academic performance and
adaptive development [1]. Regarding social and
interpersonal communication, children with autism
spectrum disorder (ASD) have challenges, as well as
hurdles in verbal and nonverbal communication. They
also have a propensity to engage in repeated behavior.
Children, on the other hand, exhibit various symptoms
and severity of the condition. Two children with the
same diagnosis may have vastly different talents and
capabilities than one another. According to the Centers
for Disease Control and Prevention (CDC), around one
in every 68 children in the United States is presently
diagnosed with autism spectrum disorder (ASD). The
occurrence of this disease has grown tenfold in the last
40 years. This increase is mostly due to improvements
in diagnostic quality, more public knowledge, and the
extension of diagnostic criteria, although it is possible
that the prevalence of the disease may rise because of
these factors as well [2]. Studies have also shown that
the prevalence of autism in males is four to five times
higher than that in girls. According to current
estimates, one in every 42 males has been diagnosed
with autism, compared to one in every 189 girls.
Autism spectrum disorder is thought to be caused by a
combination of factors that are currently unknown.
Autism spectrum disorder (ASD) is associated with
variations in Dbrain development function. Brain
imaging using various technologies has shown
abnormalities in brain shape and structure, as well as
changes in brain activity and connection patterns,
between children with autism spectrum disorder (ASD)
and typically developing children [3]. Although there
are established associations between particular
genomes and ASD, it is difficult to pinpoint a single
genetic etiology for the disorder. In certain
circumstances, the likelihood of developing ASD is
inherited. For example, if there is a kid with autism in a
household, the likelihood of a child being born with
autism in the future is as high as 20 percent, further
demonstrating the hereditary foundation of this
condition. The genetic model linked with autism
spectrum disorder (ASD) is, on the other hand, very
intricate. Numerous genes may be implicated, and
many of them have a distinct association with autism
spectrum disorder; however, many of them may also be
associated with other disorders. According to family

studies, relatives of children with ASD may have
symptoms that are similar to their child's, such as
delayed language development or social difficulties.
Nonetheless, they do not exhibit all the signs of ASD
[4]. ASD is sometimes linked to a novel gene mutation
that does not pass down through the family, and it may
also be linked to the parents' age at the time of
diagnosis. As a result, the genetic basis of autism
spectrum disorder (ASD) is neither specific nor
consistent. Recently, it has been noted that ASDs
represent the extreme superior of a pattern of socio-
emotional and communication behaviors that
continually contribute to the broader public. Because
certain autistic behaviors are moderately to highly
heritable, children who have both parents’ high score
on autistic behaviors are more likely to be autistic
themselves [5]. According to this study, ASDs are
phenotypes of severe autistic behavior, and autistic
behaviors may serve as genetic risk factors for the
disorder development. In this regard, the importance of
genetic effects in the development of autism spectrum
disorder (ASD) has been demonstrated in twins and
relatives, with concordance for the monozygotic in the
range of 60-80 percent and estimations of heritability
superior to higher than 90 percent being discovered. In
the case of ASDs, the probability of recurrence is
estimated to be 67 percent, which implies a significant
increase in risk of siblings compared to the general
population. Genetics, on the other hand, is not only
applicable to autism, but also to more subtle
characteristics  connected with  cognitive  and
socioemotional abnormalities comparable to autism.
For those who have autism spectrum disorders, reading
facial expressions and deciphering emotions may be
tough tasks. However, the reason for this is not due to
the brain's capacity to encode neural signals, as has
long been assumed, but rather due to difficulties in
interpreting information. The research is the product of
an extensive analytical effort that included the use of
machine learning methods [6]. It might aid in the
examination of the technique used to assist persons
with ASD in learning to understand the emotions of
other people.

2. Literature Review

Numerous studies attempted to use eye tracking for
the investigation and analysis of ASD [7]. based on eye
tracking research, revealed fascinating physiological
components. Individuals who fell on different points on
the autism spectrum had varied eye movements during
face-to-face encounters. Particularly, it was shown that
people with high levels of autistic characteristics had
shorter and fewer saccades overall. Their findings
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demonstrated that, compared with other groups,
significantly greater time was spent fixating on
dynamic geometric images in those with ASD. The
eye-tracking technology attracted particular attention in
ASD-related applications since abnormalities of eye
gazing have often been considered as the distinguishing
hallmark of autism in general. Numerous studies that
examined eye movements in response to verbal or
visual cues as indicators may be found in the
psychological literature [8]. Numerous studies have
attempted to use eye-tracking technologies in the
context of autism considering this. [9] worked on
analyzing the face-focused eye movements during
discussions. The six major facial regions, according to
their analysis, were the nose, left eye, right eye, mouth,
jaw, and outside the face. This was done on people with
fragile X syndrome (FXS), a developmental disorder.
Because of discrepancies found between the two
patient groups, male and female patients with FXS
were split into two groups. The categorization of
female and male patients with FXS, according to the
set of classification models that were tested, is
different, their results could achieve excellent
prediction accuracy of 86% and 91% [10]. Individuals
with strong or low autism features had varied eye
movements during  face-to-face interactions.
Particularly, people with high levels of autistic
characteristics exhibited shorter and fewer saccades.
Another research employed eye-tracking to determine
kids with ASD based on the length of fixation and
quantity of saccades [11]. According to their findings,
compared to other diagnostic categories, participants
with ASD spent noticeably more time fixating on
dynamic geometric pictures [12]. Similar to this, long-
term research examined newborns' patterns of eye
fixation between the ages of 2 and 6 months. They
showed that infants with an ASD diagnosis had a mean
drop of eye fixation, which was not observed in infants
without an ASD. Additionally, research revealed that
eye-tracking has a significant potential to be an
objective technique for measuring the risk of autism
and determining the degree of symptoms [13]. They
showed excellent diagnostic precision in this area. Eye-
tracking methods are still being used in this work to
investigate and assess ASD. The methods we used to
visualize the eye tracking data are described in the
sections that follow.

3. Dataset Description

There were 547 photos in the output dataset.
Particularly, 219 photographs for the TS class and 328
images for the non-ASD class. By using common
picture augmentation methods, the dataset may be
increased to multiples of its present size. This might be
helpful for creating machine learning apps, for
instance. 640x480 pixels were chosen as the default
picture size. The dataset is divided into two major files,
which are labeled as follows: | Images and (ii)

Metadata. Two subfolders called TC Images (i.e. Non-
ASD) and TS Images are located in the Images folder
(i.e., ASD-Diagnosed). Some metadata files are also
present. The main participant attributes are contained in
a single metadata file called Metadata Participants.csv
(e.g., gender, age, CARS). A unigque ID was also given
to each participant. A few samples of metadata are
shown in Table 2. The mapping of picture files to
participants is kept up to date using two additional
metadata files. Some instances are given in Table 3 in
this respect. The metadata are given in a single JSON-
formatted file for increased use. The Figshare data
repository makes the dataset available to the general
audience. Direct downloads of the photos and their
associated metadata are available at
https://figshare.com/s/5d4f93395cc49d01e2bd.

4. Preprocessing and Augmentation

A selection of image processing methods were first
used as follows. First, as much of the white backdrop
as possible was cut off. The Open CV library was used
to implement the cropping [14]. Second, every picture
was uniformly shrunk to 256x256 size. Additionally,
data augmentation was used to improve the dataset's
size and the variety of photos. A common strategy to
improve model generalization and lower the danger of
overfitting is augmentation. Most of the research on
machine learning and deep learning suggested that
augmentation  enhanced the  performance of
categorization models [15] with five artificial samples.
A seemingly random sequence of picture changes,
including rotation and shearing, was used to construct
the synthetic samples. The Keras library, which has
built-in functions for that purpose, greatly improved the
installation of data augmentation, the synthetic set was
only introduced to the train data during the model
training A selection of images and video situations that
were specifically created to drive eye movement across
the screen were used in the eye-tracking trials.
Approximately 60 centimeters separated the
participants' seats from the monitor. To prevent visual
distractions, physical barriers were also put up around
the screen. To enable analysis of the ocular activity
from various angles and levels, the movies' content and
length changed. We took advantage of additional
stimuli that the SMI Experiment Center Software
offered. The Stimuli includes a range of forms that are
frequently used in eye-tracking studies. For instance,
static face or object stimuli, cartoons, and other joint
attention stimuli, as well as dynamic and static realistic
settings with and without a receptive language. Some
videos also had live presenters. Generally, the
presenter's job was to draw participants' attention to
objects around the display area that may be visible or
unseen. Typically, eye-tracking studies lasted five
minutes. Regarding the quality of their eye contact with
the presenter and their level of attention to other
components, the participants were observed. A five-
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point calibration system was used. The calibration
technique was followed by a series of verification
processes. To create the final dataset, 25 eye-tracking
studies were conducted. Many CSV files containing
more than 2M records made up the dataset.

5. Our Approach

The output of an eye-tracking system is high-
dimensional and raw, and it frequently includes several
variables that describe eye movements and gaze
location. Finding a feature representation appropriate
for creating machine learning and deep learning models
is, therefore, a key difficulty. In this way, the goal of
our strategy was to provide a visual representation of
eye-tracking data. The main concept was to graphically
represent the gaze activity by condensing long-tailed
eye-tracking data into a group of graphics. The
prediction issue might be tackled as an image
classification challenge in this way. Additionally, the
visual representation served as a link to enable the
employment of high-performing models that had been
previously trained on big picture datasets. The models
were trained on a large number of images within
several algorithms of machine learning and deep
learning, and, each time, they obtained highly accurate
diagnosis results.

5.1. Visualization of Eye-Tracking Records

The methodology's main concept is to create a
visual depiction of the dynamics of eye motion. In this
section, we'll go over how these visual patterns were
created from the eye-tracking data. In more detail, an
image is created as follows:

A. A line is drawn for each change in position.
[x(®), y()] to [x(t+1), y(t+1)], where t designates a
certain moment in the experiment;

B. The dynamics of eye movements were depicted
by the color shift that occurred across the line. Based
on the velocity, acceleration, and jerk at each instant,
the RGB values were adjusted (t). The maximum value
for each value was set at one-fourth of the screen's
diagonal. With this cap, photographs depicted fixation
as cyan and saccade as yellow or white (white denoting
extremely quick movements, surpassing the cap). The y
origin was at the bottom of the screen, so the images
created were vertically mirrored. The eye motion was
modeled using three color gradients. For instance, the
velocity values range from low (black) to high (red)
(i.e., high). In this way, darker red values eventually
converge at greater velocity levels. Using green and
blue gradients, respectively, acceleration and jerk were
represented using the same principle as shown in Fig.
1. Constraining photographs to include nearly the same
amount of information was another problem of
concern. As a result, we decided on a certain number of
points to be drawn (i.e., a threshold limit). The goal
was to set the threshold high enough to adequately
capture the pattern of eye activity. However, too high

numbers might increase the likelihood of crowded
representations. In this regard, many experiments were
carried out to determine the ideal threshold limit value.
Images were drawn with fewer lines when the limit
was placed at 100-150, which appeared to make it
difficult to distinguish between the two participant
groups. We finally settled on 200 as the upper limit
since it essentially established an appropriate balance
to represent the essential aspects of eye movements.
Examples of visualization are shown in Fig. 2 and 3,
respectively, for people with and without ASD. In both
situations, the figures might be used to show the
participants' scattered vision. The person with an ASD
diagnosis had a propensity to stare near the bottom of
the screen, which is where the eye-tracking device was
situated. Python was used to implement the data
transformation procedure in its entirety. The Matplotlib
library [16] created the visuals. It is remarkable that the
SMI RED's internal software may generate photos that
are quite similar. Such visual routes can be used by
specialists to help with the diagnosis, such as
psychologists.

veiocity

Acceleration

Jerk

Fig. 1 The eye motions are represented by colour gradients

Fig. 2 A person with an ASD diagnosis [7]

Fig. 3 A person without autism [7]
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5.2. Machine Learning (ML) Model

By using machine learning the following models for
training and test the dataset
'XGB','LGBM','LR',DT","NB","RF","KNN","SVM".

5.2.1. XGB Algorithm

The gradient boosting framework is used by the
open-source software library XGB to develop optimal
distributed gradient boosting machine learning
algorithms. By using this model, the result was of high
accuracy.

5.2.2. LGBM Algorithm

A gradient boosting system called Light GBM uses
tree-based learning techniques. It has the following
benefits and is dispersed and effective in design.

5.2.3. LR Algorithm

A linear relationship between continuous variables
is modeled by linear regression. Two factors are
considered in basic linear regression: the predictor or
independent variable (x) and the response or dependent
variable (y).

5.2.4. DT Algorithm

A common technique in data mining is decision tree
learning. The objective is to build a model that uses
many input variables to forecast the value of a target
variable.

5.2.5. NB Algorithm

Naive Bayes is a straightforward method for
building classifiers. These models assign class labels to
problem cases, which are represented as vectors of
feature values, and the class labels are chosen from a
finite set. For training such classifiers, there is not just
one technique, but rather a family of algorithms built
on the premise that, given the class variable, the value
of one feature is independent of the value of every
other feature.

5.2.6. RF Algorithm

Supervised machine learning algorithms like
random forest are frequently employed in classification
and regression issues. On various samples, it constructs
decision trees and uses their average for classification
and majority vote for regression.

5.2.7. SVM Algorithm

A supervised machine learning approach called
"Support Vector Machine” (SVM) can be applied to
classification or regression problems. However,
classification issues are where it is most frequently
used. When using the SVM algorithm, each data point
is represented as a point in n-dimensional space (where
n is the number of features you have), with each
feature's value being the value of a certain coordinate.

Next, we perform classification by identifying the
hyper-plane that effectively distinguishes the two
classes (look at the below shapshot)

All these models were used for training dataset and
testing. The results were very close and of high
accuracy (Table 1 and Fig. 4.1-4.3), except the
algorithm LR (linear regression). The results showing
less than the other algorithms are in Table 2 and Fig.
5.1-5.3.

Table 1 Performance analysis of the models

accuracy P
N precision recall fl-score support
=100.0
[+] 1.00 1.00 1.00 306
1 1.00 1.00 1.00 204
acocuracy 1.00 510
1.00 1.00
masro 1.00 510
avg
i 1.00 100
weighted 1.00 510
avg

prediction vs original

Fig. 4.1 Performance analysis of the models (ML model)

prediction vs original

RMSE MSE  MAE precision recal R2 accuracy

Fig. 4.2 Performance analysis of the models (ML model)

Refined Confusion Matrix

150

True

100

Predicted

Fig. 4.3 Performance analysis of the models (ML model)
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Table 2 Performance analysis of the LR models

accuracy =

02.94117647058523 precision recall fl-score support
-2 0.00 0.00 0.00 0
-1 0.00 0.00 0.00 0
0 1.00 0.38 0.94 306
1.0 0.92 1.00 0.96 204
accuracy 0.93 510
macro ayg 048 047 0.47 510
. X J 510
weighted avg 097 093 095

prediction vs original

RMSE MSE MAE precisior

(
reca R2  accuracy

Fig. 5.1 Performance analysis of the LR model

prediction vs original

. l
Fue False

Fig. 5.2 Performance analysis of the models (LR model)

True

2
Predicted

Refined Confusion Matrix

- 250
x
- 200
TS
150
100
50
204
-0
v]

Fig. 5.3 Performance analysis of the LR model

5.3. Deep Learning Models - CNN Algorithms

Artificial neural networks have been widely used in
machine learning for a while, but their popularity
recently experienced a surge after it was discovered
that deep networks, which have many layers, are
capable of solving various real-world problems with
accuracy levels that rival those of other machine
learning techniques. Deep learning has become a
significant area of R&D during the past decade.
Convolutional neural networks (CNN) have achieved
very good results in image analysis. The term
designates a subset of neural networks with a particular
network architecture, where each "hidden layer"
typically consists of two separate layers: the first stage
is the result of a local convolution of the preceding
layer (the kernel has trainable weights), and the second
stage is a "max-pooling stage," where the number of
units is typical (Fig. 6) [17].

image patch hidden layer 1 hidden layer 2 final layer
1 layer 4 feature maps 8 feature maps 4 class units
36x36 28x28 14x14 10x10 5x5

convolution max convolution max convolution
(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8)

Fig. 6 CNN algorithm stages

The results using this algorithm showed high
accuracy results, as shown in Table 3 and Fig. 7.1-7.3.

Table 3 Performance analysis of the CNN models

aceuracy precision recall fl-score support
= 100.0
0 1.00 1.00 1.00 505
1 1.00 1.00 1.00 345
accuracy 1.00 850
macro 1.00 1.00 1.00 850
Avg
weighted 1.00 1.00 1.00 850
Avg

prediction vs original

MSE  MAE precision recall R2 accuracy

RMSE

Fig. 7.1 Performance analysis of the CNN model
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prediction vs original

Fig. 7.2 Performance analysis of the CNN model

Refined Confusion Matrix

- 500

True

Predicted
Fig. 7.3 Performance analysis of the CNN model

6. Dataset Validation

In this section, we will present some simple
machine learning and Deep Learning examples to show
how the visualization technique and dataset may both
be used. We created a straightforward binary
classification model for differentiating between the two
participant classes using the image dataset. The
objective was to develop a binary classifier that, using
eye-tracking data, could determine whether a subject
belonged to the ASD or Non-ASD group. In the
beginning, the photos were shrunk to lessen the
complexity of the dataset. All photographs were
specifically scaled to 100x100 proportions. Since most
photographs had a significant amount of free space at
their original sizes, it was anticipated that little
information would be lost during the resizing. For
further simplification, photos were then changed into a
gray scale format. Once more, it helped decrease the
dimensionality from 100x100x3 to 100x100x1. A
conventional  logistic  regression  model  was

subsequently trained. On the basis of 10-fold cross
validation, we attained AUC 0.99 (Fig. 8). The
promising classification accuracy, albeit using a simple
model, strongly supports the validity of the visual-
based representation. In other words, the pictures that
were produced had a strong ability to convey
information about eye-motion dynamics. Since the
missing temporal information prevents the photographs
from being restored to their original format, this may
be used as a stand-in for the validation of our approach
and the dataset.

09
08
0.7-
06-

0.5

Irue Positive Rate

04+

03

02-

0.1

00 T T T T T T
00 01 02 03 04 05 06 07 08 09 1

Falea Pacitiva Rata

Fig. 8 The classification model's ROC curve

7. Limitations

1-  Video examples Given that video situations are
sometimes extremely brief, it should be viewed as a
restriction. Longer scenarios may have enabled a more
detailed visual representation of the ASD behavior;

2- Another restriction to note is the generated
dataset's relatively small size. To generate more
synthetic sample data, however, commonly used
methods (such as augmentation and generative
adversarial nets) [18] can be used successfully.

8. Conclusions

The fundamental patterns of ASD behavior were
successfully captured by the eye-tracking records
visualization approach. A straightforward logistic
regression model's promising prediction accuracy
clearly showed the relevance and validity of our
technique. To aid in the diagnosis of ASD, more
advanced prediction models can be developed.
Additionally, it is thought that using the available
dataset to study ASD will be possible. By using image
analysis techniques with machine learning and deep
learning in this regard, additional research might use
the dataset. In a larger sense, the article provided yet
another use for how eye-tracking might be put to use to
help with developmental problem identification.
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