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Abstract

This study presents a novel approach to classifying Autism Spectrum Disorder
(ASD) using eye-tracking data and advanced machine-learning techniques. The
study employed a comprehensive dataset of eye movements from 28 children, 14
with ASD and 14 typically developing (TD) controls, collected while viewing 300
natural scene images. This methodology encompassed traditional machine learning
algorithms (Logistic Regression, Random Forest, and Gradient Boosting) and deep
learning models (Convolutional Neural Network and a hybrid CNN-LSTM
architecture). The hybrid CNN-LSTM model achieved the highest accuracy of
99.89%, outperforming other approaches and comparable studies in literature.
Notably, even our simpler Logistic Regression model attained 99.37% accuracy,
demonstrating the robust discriminative power of eye-tracking data for ASD
classification. Our results suggest that integrating spatial and temporal patterns in
eye movements significantly enhances ASD detection accuracy. This study
contributes to the growing body of research on automated, data-driven approaches
to ASD diagnosis, potentially facilitating earlier and more accurate identification of
ASD in clinical settings.

Keywords: Autism Spectrum Disorder (ASD), Eye-tracking, Machine Learning,
Deep Learning, Convolutional Neural Network (CNN), Long Short-Term Memory
(LSTM), Classification.
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1. Introduction

Background Autism Spectrum Disorder (ASD) is a complex, heterogeneous
neurodevelopmental disorder that affects social communication and the presence of repetitive
behaviors with restricted interests. In the United States, in 2024, about 1 in every 33 children
are diagnosed with ASD (Children and Teens, Centers for Disease Control and Prevention),
demonstrating an urgent need to improve diagnostic and intervention approaches. Early
diagnosis and intervention are essential for achieving desired developmental outcomes and
improving overall quality of life [1]. Nevertheless, conventional diagnostic approaches can be
slow and rely on expertise that is not available in all settings, which also may introduce
subjectivity into the diagnoses, leading to possible delays. The majority of those with ASD
have a combination of symptoms and severity, which are characteristics influenced by other
neurological factors and environmental influences [2]. Progress in diagnostic technologies
and analytic approaches is core to our understanding of the behavioral and cognitive
underpinnings of ASD. Figure (1) shows the Disorder ASD pervasiveness rates from 2012 to
2024 [3].
Autism Prevalence Rates (2012 - 2024)
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Figure 1 : The Autism Spectrum Disorder (ASD) prevalence rates from 2012 to 2024 [3].

Recent interventions in artificial intelligence, particularly machine learning and deep
learning, have demonstrated great potential for detecting autism spectrum disorders across a
range of healthcare applications. Al technology has the potential to provide more objective,
reliable, and efficient diagnostic tools than traditional clinical judgment alone while reducing
the requirement for human subjective assessment and enhancing early detection and
intervention [4].

Using eye-tracking technology to examine social and attentional patterns in individuals
with autism is a promising area of research in this regard. Eye-tracking data provides a non-
invasive and objective view of visual attention, which is known to be influenced by neural
processes. These studies have provided evidence that individuals with autism exhibit unique
eye-movement patterns compared to individuals without autism, and these unique eye-
movement patterns could be analyzed for early detection of children with autism [5].
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This study presents a comprehensive evaluation framework for ASD classification using eye-
tracking data, combining traditional machine learning and advanced deep learning
approaches. Our key contributions are:

1. Development of a systematic data preparation pipeline that transforms raw eye-tracking
data through:

o Converting text-based eye-tracking records to structured CSV format

e Aggregating and merging ASD and TD datasets

e Implementing preprocessing steps, including data cleaning, one-hot encoding, and
feature scaling

o Establishing an 80-20 train-test split for robust model validation

2. Development of a systematic comparison between classical ML algorithms (logistic
regression, gradient boosting, and random forest classifiers) and sophisticated DL
architectures (CNN and hybrid CNN-LSTM models) for ASD detection [6].

3. Implementation of a robust evaluation methodology using multiple performance metrics
(accuracy, precision, recall, and F1-Score) to provide a thorough assessment of each model's
diagnostic capabilities.

4. Creation of a comparative analysis framework that identifies the most effective approach
for ASD classification through eye-tracking data, establishing a foundation for developing
reliable Al-based diagnostic tools.

2. Literature Review

Autism Spectrum Disorder (ASD) is a complex neuro-biological condition associated with
different range of symptoms and degrees. There has been significant research over the last
several decades that have been motivated to understand ASD better, how it impacts children
and adults with its diagnosis, and ways in which clinicians can help manage these patients.
This section presents a review of key findings that have shaped the current understanding of
ASD.

. Romuald et al [7]. Focused on 8-tol0-year-old children categorized into autism and
typical classes. Eye-tracking data, including saccadic movement information, was collected
while the children watched prerecorded movies of joint attention offerings. The data is split
into 75% training and 25% test sets. The neural network design consists of two LSTM hidden
layers with 20 nodes each, 7 input nodes, and 3 output nodes (class 1, class 2, and
undecided). The network achieved an average of 90% confidence, with the best result at 98%
(fitness 0.006), while Sensitivity was 75%, and specificity was 1.

. Ibrahim Abdulrab Ahmed et al [8]. Focused on effective learning and early autism
diagnosis using eye-tracking and artificial intelligence (AI). They employed three methods:
the first utilized neural networks (FFNNs and ANNs) with a hybrid feature classification
technique, achieving 99.8% accuracy. The second method involved deep feature map
extraction using pre-trained CNN models (GoogleNet: 93.6% accuracy, ResNet-18: 97.6%
accuracy). The third approach combined GoogleNet/ResNet-18 with SVM, achieving
excellent results. Generally, their paper showed the potential of Al-based eye-tracking for
accurately diagnosing autism in children, paving the way for improved learning strategies and
early intervention.

J Fawaz Waselallah Alsaade et al [9]. Developed a novel approach to identifying
distinctive facial traits in children with the disorder using social media data and biomedical
pictures. The system presented in the proposed research is based on DL and uses a flask
framework, a convolutional neural network, and transfer learning. 2,940 face photos from
Kaggle were classified using three pre-trained models (Xception, VGGI19, and
NASNETMobile). Utilizing evaluation parameters including accuracy, specificity, and
sensitivity, Xception outperformed VGGI19 (80%) and NASNETMobile (78%), with

1052



Darwish and Shihab Iraqi Journal of Science, 2026, Vol. 67, No. 2, pp: 1050-1068

Xception earning the greatest accuracy at 91%. Through the analysis of face features, this
promising study may assist communities and psychiatrists in the early detection of ASD.

. Praveena K N et al [10]. Based on the observer's fixation maps, this study seeks to
differentiate between usual developments (TD) and (ASD).300 training photos were collected
from 14 TD and 14 ASD children. 14 fixation maps are not present in all photos. The
suggested model was trained using images 1 through 110. Images 211-300 were utilized to
test and validate the model. From 300 ASD and 300 TD fixation maps, scaled down to
224x224 and transformed to grayscale, features were extracted using a CNN architecture. On
the validation dataset, the suggested model achieved 75.23% accuracy.

. Mujeeb Rahman Kanhirakadavath [11]. Eye-tracking data and machine learning were
used to screen autism with high accuracy. The process involved image preprocessing,
converting RGB to grayscale, and scaling images. Four different ML techniques were tried,
including three conventional methods and one DNN-based approach using the original ETSP
Image Dataset and an augmented dataset. The DNN-based model achieved a cross-validated
AUC of 78% on the initial dataset and 97% on the enhanced dataset. With just 59 trials in the
mini-batch dataset, the DNN model achieved 72.88% accuracy. The results suggest that the
proposed DNN model and ETSP images can aid in a quick, precise, and reliable diagnosis of
ASD when correlated with other screening tools.

. Amrutha S M et al [12]. Enhanced the autism diagnosis by automating it through
classification techniques. Using the datasets collected from online kaggle.com. Preprocessing
begins with removing the record containing the missing value. The second step is to eliminate
attributes that do not have benefits in classification. Represents the total number of autism
disorder patients and normal patients in dataset. There are 189 normal patient records and 515
autism patient records. They use different Machine Learning Algorithms such as Logistic
Regression(LR) Algorithm, Naive Bayes(NB) Algorithm, Decision Tree(DT) Algorithm, K-
Nearest Neighbor(KNN) Algorithms to predict Autism Spectrum Disorder. They found that
the Decision Tree achieved higher accuracy (100%), and KNN (97.73%), Naive Bayes
(96.59%), and Logistic Regression (99.37%) Natural Language Processing (NLP) were used.
Simulation results showed that the Naive Bayes classifier, KNN, Logistic Regression, and
Decision tree give the best results in terms of prediction accuracy and execution time.

. Mohammad-Parsa Hosseini et al [13]. Proposed a deep learning approach using the
MobileNet architecture coupled with two dense layers for feature extraction and image
classification. The study utilized a dataset from Kaggle consisting of 3,014 images,
partitioned into training, validation, and test subsets prior to model training. The introduced
deep convolutional neural network architecture attained a high classification accuracy of
94.6% 1in differentiating between typically developing children and those potentially
exhibiting autism spectrum disorder. The dataset comprised an equal number of images of
children with and without ASD, ensuring balanced class representation. Through this work,
the authors demonstrate the capability of deep learning techniques for automated image-
based screening and diagnosis of neurodevelopmental disorders from photographic data.
Further validation on expanded real-world datasets would be valuable future work to translate
these methods into clinical practice.

. Suman Raj et al [14]. Presented various machine learning methods, including Naive
Bayes, Support Vector Machine, Logistic Regression, K-Nearest Neighbors, Neural
Networks, and Convolutional Neural Networks, for Autism Spectrum Disorder (ASD)
prediction across age groups. Three non-clinical ASD datasets were rigorously evaluated: the
child, adult, and adolescent datasets. Convolutional Neural Networks (CNN) achieved the
highest accuracy rates of 99.53%, 98.30%, and 96.88% for ASD screening in adults, children,
and adolescents, respectively, after meticulous application of techniques and handling
missing values.
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. Kaushik Vakadkar et al [15]. The study presents various types of machine learning
techniques and uses large and open source ASD datasets to build an accurate model that
contains categorical, continuous, and binary attributes. Initially, the dataset had 1054
instances along with 18 attributes (including class variables). The researchers started by
preprocessing the dataset to remove noise and eliminate missing values and outliers. And
applied various ML techniques - Support Vector Machines, Random Forest Classifier, Naive
Bayes, Logistic Regression, and K-Nearest Neighbors. Among the assessed models, Logistic
Regression (LR) manifests the utmost accuracy within the dataset at 97.15%, and the (RFC)
achieved the least accuracy with 81.52%.

. Md Delowar Hossain et al [16]. The research aimed to enhance autism diagnosis by
automating it through classification techniques. Using ASD datasets of Toddlers, Child,
Adolescents, and Adults, Preprocessing begins with removing the record containing the
missing value. The second step is to eliminate attributes that do not have benefits in
classification. Firstly, they build the machine learning training model. They used k-fold
cross-validation to train the dataset, and for evaluation purposes, they applied 25
classification techniques. They found that 4 out of 25 classifiers, such as SMO, Logistic
Regression, Multi Class Classifier, and Multilayer perceptron (MLP), outperform others in
terms of accuracy. SMO SVM offers higher accuracy and lower errors in ASD detection.

. Talib et al [17]. Developed a fuzzy decision-making framework for prioritizing autism
patients with moderate emergency levels. Using a dataset of 538 autism patients, they
focused on 432 moderate cases. They implemented a multi-phase framework combining the
FWZIC method for criteria weighting and the VIKOR method for patient ranking. The study
evaluated 19 criteria, with verbal communication receiving the highest weight (0.07298),
followed by laughing for no reason (0.06666), nodding (0.06528), and patient movement at
home (0.06330). Four sensitivity analysis scenarios were conducted using different weight
allocations (60%:40%, 40%:60%, 70%:30%, and 30%:70%) to validate the framework's
effectiveness. The integrated approach successfully prioritized patients based on emergency
levels, though the authors recommended further validation on diverse datasets and extension
to other severity levels. The framework demonstrated practical utility for healthcare
professionals in optimizing resource allocation and intervention timing for ASD patients.

3. Dataset

This study uses a unique dataset to investigate the visual attention characteristics in
children with Autism Spectrum Disorder (ASD) relative to typically developing (TD)
children [18]. This open-access resource seeks to aid research in investigating and modeling
visual attention in ASD. This includes 300 photos of natural scenes, chosen from a wide
range to provide varied visual stimuli. In this study, 28 children (14 with ASD and the
remaining typically developing controls) were selected to represent a sample based on
specific diagnostic criteria. The dataset contains fixation maps and scan paths, revealing how
long participants looked at each piece of the images. The eye tracker that was used in this
research study is the Tobii T120, which provides information about the location and duration
of a fixation as well as pathing data (scan paths) where participants browsed through selected
scene photos. The sequence and duration of each fixation are available, allowing for a very
detailed temporal inspection of visual attention. This dataset was created under the hypothesis
that an ASD-specific visual attention model could be developed to assess gaze behavior in
children with TD and ASD. Insights derived from eye-tracking data can help in building
diagnostic tools that automatically detect an individual as ASD based on their gaze patterns
and pave the way for scalable early diagnosis and intervention, which has four columns:
index (idx), x-coordinate (x), y-coordinate (y) and duration the data is described as follows:
e Index (idx): This is a unique sequential number for each data point, the first one starting
at 0.

1054



Darwish and Shihab Iraqi Journal of Science, 2026, Vol. 67, No. 2, pp: 1050-1068

e X-coordinate (x): Position on the horizontal scale of the fixation point in pixels.

e Y-coordinate (y): The fixation point is placed on the screen in pixels based on its
vertical position.

e Duration: Represents in milliseconds the time duration for which the participant kept his
gaze fixed at position (X, y)

3. The Proposed System

ASD classification based on eye-tracking data is proposed using a multistage approach.
The raw text dataset is first converted into CSV format and aggregated by merging ASD and
TD data. It includes data cleaning, one-hot encoding for categorical variables, and feature
scaling in the preprocessing stage. Both machine learning and deep learning are used. The
training and testing datasets are then used to train and evaluate the conventional machine
learning models, which include Random Forest, Gradient Boosting, and Logistic Regression.
In contrast, the deep learning approach involves feature transformation into a format that can
be fed into convolutional neural networks and hybrid CNN-LSTM configurations. These
deep learning models are further trained using techniques to avoid overfitting, such as early
stopping and reducing the learning rate. The system assesses all models by utilizing metrics
including accuracy, precision, recall, and F1l-score, in addition to examining learning curves
and feature significance. These will classify the data into ASD or TD. This shows the
robustness of the system in handling diverse datasets and methodologies.
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Figure 2: the proposed system.

3.1 Data Preparation

Training the proposed system on raw data, "A Dataset of Eye Movements for Children
with Autism Spectrum Disorder," which is available online on Zenodo, requires a lot of data
manipulation and preparation. This dataset comprises eye movement data from children with
autism spectrum disorder (ASD) and typically developing (TD) controls, collected while
viewing 300 landscape photographs. The Tobii T120 eye tracker data contain fixation maps
and scan paths containing important information such as the index (idx), fixation length, and
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gaze point coordinates (X, y). Several steps were used to prepare the data before
preprocessing and training:

3.1.1 Data Organization

The scan paths are separated into two main folders. The first folder contains 300 scan
paths from children with ASD, stored as a text document, and the second folder contains 300
scan paths from children with ASD, also stored as a text document. Each scan path file
includes eye-tracking information such as index, X, y coordinates, and fixation duration.

3.1.2 Data Format Conversion
All files were converted from text documents to CSV format for easier data processing.
This conversion makes data processing and analysis easier in subsequent steps.

3.1.3 Data Merging

Data merging occurred in two stages: First, all TD scan paths are combined into one CSV
file, and tags and file names are added to maintain data integrity and traceability. In the
second step, all ASD scan paths were merged into another sheet, including class and file
names.

3.1.4 Final Dataset Creation

The final step involves collecting all the eye-tracking data into a unified comprehensive
dataset of TD and ASD. This unified dataset is used to analyze the system and train the
proposed model. This data preparation process aims to transform the raw eye tracking data
into a structured and analyzable format. The resulting dataset contains rich eye movement
patterns from children with ASD and ASD, allowing for intelligent analysis of visual
attention differences and the design of potential diagnostic tools.

ldx, x, y, duration

0,379.808,500 filename ldx x y duration label
1,123,808,500 0 TD.scanpath.1 0 349 541 49 TD
2,369,407 175

TD_scanpath_1 1 221 370 649 TD

3,397,286,416 -
4,571,622,208 |:> 2 TD.scanpath 1 2 214 439 491 10
5,430,277,316

6.429.203.400 3 TD_scanpath_1 41 1D
7,387,288,450 4 TD.scanpath.1 4 247 455 217 1D
8,497,721,300

Figure 3: A screenshot of the dataset collected from Tobii T120 before and after preparation.
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Began with a complete dataset compiled from 600 text files (300 ASD and 300 TD) and each
file contains from (100 to 150) scanpath records for the same child. After conversion to CSV
format and combination, it yielded a total of 63,627 eye-tracking records used for training
and testing.

3.2 Data Preprocessing

Preprocessing is important in the machine learning and deep learning pipeline, where the
data is prepared for model building and training. Data preprocessing is essential to ensure the
prediction process quality and accuracy. The first step involves removing outliers and
cleaning the data to address missing values and any inconsistencies within the dataset.
Median imputation effectively addressed missing values across all four features, including
filename, coordinates (X, y), and duration, this maintaining data integrity while ensuring
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completeness. The second step involves encoding the categorical features using one-hot
encoding, which converts them into a format suitable for our machine-learning models.
Datasets that include (ASD), as well as individuals with (TD), are then collected and
combined to create a comprehensive dataset. Data normalization is then applied to normalize
values measured at different scales into a common metric. These steps are essential for
obtaining improved results for most machine-learning applications. The final stage is to split
the dataset into 80% training and 20% testing sets before the classification phase to ensure
proper model evaluation on unseen data [19].

Table 1: Shows the preprocessing steps.
Step Discretion

Data cleaning Median addressed missing values across all four features

One-hot encoding Converting categorical variables into a format suitable for machine learning algorithm

Feature scaling Normalizing numerical features to ensure all variables are on a similar scale

3.3 Classification

This paper presents a comprehensive approach to developing a model capable of
predicting and classifying children with autism spectrum disorder using eye movement data
by employing a number of traditional machine learning algorithms and deep learning
techniques to achieve this goal [20].

3.3.1 Machine Learning Models

This study utilizes and compares the performance of three traditional machine learning
algorithms: Gradient Boosting Classifier, Logistic Regression, and Random Forest Classifier,
based on the strength of these models and their ability to handle complex, high-dimensional
data. The models are described in detail below:

3.3.1.1 Random Forest Classifier

Random Forest is an ensemble learning method that operates by constructing multiple
decision trees during training and outputting the class that is the mode of the classes
(classification) of the individual trees [21]. The algorithm of using Random Forest Classifier:

Algorithm 1: Random Forest Classifier

FORi=1 to n_trees DO
1. Bootstrap Sampling:
- Create Di by randomly sampling n samples with replacement from D
2. Tree Construction:
Initialize empty decision tree Ti
WHILE nodes can be split DO
a. Randomly select m_features from m available features
b. Find best split point among m_ features
c. Split node into left and right child nodes
d. Continue until min_samples or leaf node is reached
END WHILE
3. Add Ti to forest F
END FOR
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3.3.1.2 Gradient Boosting Classifier

Gradient Boosting is another ensemble technique that builds trees sequentially, where each
new tree corrects the errors of the previous ones [22]. The algorithm of using Gradient
Boosting Classifier:

Algorithm 2: Gradient Boosting Classifier

1. Initialize model with a constant value:
FO(x) = argmin X L(yi, y)
where L is the loss function
FOR m =1 to n_iterations DO
1. Compute pseudo-residuals:
rim = -[OL(yi, F(x1))/0F(xi)]
where F(xi) is the current prediction
2. Fit a weak learner (decision tree) hm(x) to pseudo-residuals
3. Compute multiplier ym:
ym = argmin X L(yi, Fm-1(x1) + v * hm(x1))
4. Update model:
Fm(x) = Fm-1(x) + n * ym * hm(x)
END FOR

3.3.1.3 Logistic Regression Classifier

Despite its name, Logistic Regression is a linear classification model rather than regression. It
estimates the probability of an instance belonging to a particular class [23]. The algorithm for
using the Logistic Regression Classifier:

Algorithm 3: Logistic Regression Classifier

1. Initialize parameters:
0 =100, 01, ..., Bm] with small random value// where 60 is bias term
REPEAT
1. Calculate hypothesis (sigmoid function):
h(x)=1/(1 +e"(-0™x))
2. Compute cost function:
J(0) = -(1/n) £ [y * log(h(x)) + (1-y) * log(1-h(x))]
3. Update parameters:
FOR j=0tom DO
0 = 0j - o * (1/n) * T (h(x) - y) * xj
END FOR
UNTIL (change in J(0) < ¢) OR (iterations > max_iter)

3.3.1.4 Model Selection Rationale Analysis

These models were selected for their complementary strengths:

1. Random Forest provides robust performance across various data types and can capture
non-linear relationships.

2. Gradient Boosting often achieves high accuracy and can handle complex patterns in the
data.

3. Logistic Regression, while simpler, provides easily interpretable results and often
performs well on high-dimensional data.

By comparing these diverse models, we aimed to gain a comprehensive understanding of the
predictive power of our eye-tracking data for ASD classification. The variation in their
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underlying algorithms allows us to explore different aspects of the data and potentially
uncover insights that might be missed by using a single approach [24].
3.3.2 Deep Learning Models

This study investigated deep learning methods for ASD classification using eye-tracking
data and standard machine-learning techniques. Constructed a hybrid CNN-LSTM model and
a Convolutional Neural Network (CNN) as separate deep learning architectures. These
models were selected because of their capacity to extract hierarchical features from raw data
automatically and identify patterns in eye movement trajectories that are both temporally and
spatially related [25].

The binary cross-entropy loss and Adam optimizer were used to train both models. Further
methods to avoid overfitting, including early stopping and learning rate reduction, were also
used. While the hybrid CNN-LSTM model captures both temporal and spatial patterns in eye
movements, the CNN architecture is highly effective at extracting pertinent features from raw
data. Based on our findings, both models demonstrated high accuracy, with the hybrid model
demonstrating superior performance due to its ability to model temporal dynamics. Table (2)
below shows the layers of each deep learning model used in the study:

Table 2: layers of each deep learning model used.

Nllfrlz:;r Layer Type CNN Model Hybrid CNN-LSTM Model
1 Input 1D Input Layer 1D Input Layer
2 Convolutional Convl1D (64 filters, kernel size 3) Conv1D (64 filters, kernel size 3)
3 Activation ReLU ReLU
4 Max Pooling MaxPooling1D (pool size 2) MaxPooling1D (pool size 2)
5 Convolutional | ConvlD (64 filters, kernel size 3) Conv1D (64 filters, kernel size 3)
6 Activation ReLU ReLU
7 Max Pooling MaxPooling1D (pool size 2) MaxPooling1D (pool size 2)
8 Flatten Flatten Flatten
9 Recurrent - LSTM (50 units)
10 Dense Dense (50 units) Dense (50 units)
11 Activation ReLU ReLU
12 Dropout Dropout Dropout
13 Output Dense (2 units) Dense (2 units)
14 Activation Softmax Softmax

This table includes a "Layer Number" column to show the sequence of layers in each
model. The CNN model has 13 layers in total, while the Hybrid CNN-LSTM model has 14
layers, with the additional LSTM layer being the key difference.

4. Results

In this study, we built and analyzed three different ways of identifying ASD using eye-
tracking data: standard machine learning models, a Convolutional Neural Network (CNN),
and a hybrid CNN-LSTM [24]. Each strategy yielded encouraging results, with deep learning
models performing particularly well.
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4.1 Traditional Machine Learning Models

This work evaluated three widely used machine learning algorithms: Random Forest
Classifier, Gradient Boosting Classifier, and Logistic Regression. These models were trained
and tested on the preprocessed eye-tracking dataset.

4.1.1 Logistic Regression: demonstrated the highest accuracy at 99.37%, outperforming both
Random Forest and Gradient Boosting. This is a surprising result, as Logistic Regression is
generally considered a simpler model than ensemble methods like Random Forest and
Gradient Boosting.

4.1.2 Random Forest: also performed exceptionally well, achieving an accuracy of 98.30%.
This high accuracy suggests that the ensemble of decision trees could capture complex
patterns in the eye-tracking data effectively.

4.1.3 Gradient Boosting: underperformed compared to the other two models, with an
accuracy of 73.75%. This result is contrary to what is often seen in practice, where Gradient

Boosting tends to perform very well on various tasks.

Table 3: Performance of Traditional Machine Learning Models

Model Accuracy
Logistic Regression 99.37%
Random Forest 98.30%
Gradient Boosting 73.75%

4.2 Convolutional Neural Network (CNN)

The CNN model demonstrated exceptional performance, achieving an accuracy of 99.70%
on the test set. This result surpasses the performance of the traditional machine learning
models, indicating that the CNN model was able to learn highly discriminative features from
the raw eye-tracking data automatically. The CNN's ability to capture spatial relationships in
the data appears to be particularly valuable for ASD classification. The high accuracy
suggests that there are distinct patterns in the eye movements of individuals with ASD that
convolutional filters can effectively detect.

4.3 Hybrid CNN-LSTM Model

The hybrid CNN-LSTM model further improved upon the standalone CNN's performance,
achieving an accuracy of 99.89%. This marginal but significant improvement suggests that
incorporating temporal information through the LSTM layer provides additional
discriminative power for ASD classification. The hybrid model's superior performance
indicates that both spatial patterns (captured by the CNN layers) and temporal sequences
(captured by the LSTM layer) in eye movements are important for accurate ASD
classification

Table 4 : Performance Comparison of All Models

Model Accuracy
Logistic Regression 99.37%
Random Forest 98.30%
Gradient Boosting 73.75%
CNN 99.70%
Hybrid CNN-LSTM 99.89%
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4.4 Comparison of Approaches

The results shown in Figure 5 indicate that all models performed exceptionally well.
However, the deep learning approaches, particularly the hybrid CNN-LSTM model,
demonstrated superior performance. The traditional machine learning models, while highly
accurate, were outperformed by the deep learning models. This suggests that the ability of
CNNs and LSTMs to automatically learn hierarchical features and temporal dependencies

provides an advantage in capturing the nuanced patterns in eye-tracking data that distinguish
ASD from TD individuals.

Accuracy
100.00%

90.00%
80.00%
70.00%
60.00%
S0.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Logistic Regression Random Forest Gradient Boosting CNN Hybrid CNN-LSTM

Figure S : a visual comparison of the accuracy achieved by each model

4.5 Model Evaluation Metrics
To provide a more comprehensive evaluation of our models, we calculated additional metrics,
including precision, recall, and F1-score for each approach. Table (5) presents these metrics:

Table 5 : Detailed Evaluation Metrics for All Models

Model Accuracy Precision Recall F1-Score
Logistic Regression 99.37% 0.972 0.971 0.971
Random Forest 98.30% 0.983 0.983 0.983
Gradient Boosting 73.75% 0.71 0.78 0.70
CNN 99.70% 0.997 0.997 0.9970
Hybrid CNN-LSTM 99.89% 0.999 0.999 0.998

4.6 Feature Importance
We analyzed feature importance for the traditional machine learning models to understand
which aspects of the eye-tracking data were most influential in classification decisions.
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Figure 6 : Top 4 Most Important Features.

Feature importance analysis revealed the relative impact of input variables on the model's
ASD detection. The features ranked by importance are: 1-Duration, 2-Y coordinate, 3-X
coordinate, 4- index (Idx). Duration emerged as the most critical feature, suggesting fixation
length strongly distinguishes between ASD and typically developing children. This aligns
with research indicating atypical gaze patterns in ASD. The next most important features
were Y and X coordinates representing spatial gaze information. Their prominence
underscores the value of eye-tracking data in ASD detection. While less important, the Index
still contributed to the model's decisions. This analysis validates eye-tracking data's
usefulness in ASD detection and guides future research. It highlights the need to focus on
fixation duration and spatial distribution of attention when developing diagnostic tools or
interventions for ASD.

4.7 Learning Curves

To assess model generalization and potential overfitting, this study analyzed the Area
Under the Curve curves (AUC) for traditional machine learning models and learning curves
for deep learning models.

4.7.1 ROC Curves for Traditional Machine Learning Models

The ROC curves in Figure (7) reveal:

o Random Forest and Logistic Regression: Both achieved perfect discrimination (AUC =
1.00), indicating excellent performance. This suggests highly effective decision boundaries
and strong separability of classes in the feature space.

e Gradient Boosting: Good performance with AUC of 0.83, aligning with its lower accuracy
than other models. This model, while effective, didn't capture the class distinctions as well as
the others.

e The near-perfect performance of Random Forest and Logistic Regression, while
impressive, raises concerns about potential overfitting, especially if the dataset is not fully
representative of the broader population.

1062



Darwish and Shihab Iraqi Journal of Science, 2026, Vol. 67, No. 2, pp: 1050-1068
Receiver Operating Characteristic
1.0 =
PR
-
s
-
g
Pt
0.8 | R
-
R
P
’/
.

@ -7
= 0.6 1 o
o -
& PR
o R
2 -

0.4 R

s
-
R
’/
R
o
0.2 | e
PR
.
PR Random Forest (area = 1.00)
- Gradient Boosting (area = 0.83)
,-" - Logistic Regression (area = 1.00)
0.0

0.4 0.6 0.8 1.0

False Positive Rate

Figure 7 : the ROC curves for our traditional machine learning models: Random Forest,
Gradient Boosting, and Logistic Regression.
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4.7.2 Learning Curves for Deep Learning Models

The CNN Model in Figure (8) shows:

e Accuracy: Rapid increase in the first few epochs, stabilizing around 99-100% for training
and test sets.

e Loss: Sharp decrease initially, stabilizing at very low values for both sets.

o  Close alignment of training and test metrics suggests good generalization.

Model accuracy Model loss
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— Test h o vﬁ«\/\v/\ — Test
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Figure 8 : CNN learning curves

The Hybrid CNN-LSTM Model in Figure (9):

. Accuracy: Similar pattern to CNN, with some fluctuations in test accuracy, likely due
to model complexity and batch randomness.

. Loss: Consistent decrease for both sets, with some fluctuations in test loss.

. Overall trend shows good convergence without clear signs of overfitting.
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Figure 9 : Hybrid CNN-LSTM learning curves

Both models demonstrate excellent learning patterns, with high accuracies and low losses on
training and test sets. The stability in later epochs indicates successful learning of
discriminative features from eye-tracking data.

4.8 Comparison with Other Studies

To contextualize our findings within the broader field of ASD classification using eye-
tracking data, this study is compared with several recent studies in literature. Figure (10)
provides a visual comparison of the classification accuracies achieved by our models and
those reported in other studies.

Colﬁparison of ASD Classification iccuracies Across Studies
3 ry
H

{

Accuracy (%)

Figure 10 : Comparison of ASD Classification Accuracies across Studies.
The hybrid CNN-LSTM model achieved an accuracy of 99.89%, comparable to the

highest accuracies reported in the literature. Notably, our model slightly outperformed the
neural network approach of Ibrahim Abdulrab Ahmed et al [8]. Which achieved 99.8%
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accuracy. Our logistic regression model (99.37% accuracy) also performed exceptionally
well, matching, or exceeding the performance of many deep learning approaches in other
studies.

It's important to note that Amrutha S M et al [11]. Reported 100% accuracy using a
Decision Tree model. While this result is impressive, it's crucial to consider potential
overfitting, especially given the perfect accuracy. While not achieving 100% accuracy, our
models demonstrate consistently high performance across different architectures, suggesting
robust and generalizable results.

Some studies, such as Praveena K N et al [10]. and Fawaz Waselallah Alsaade et al [9]
reported lower accuracy (75.23% and 91% respectively). This variability in results across
studies highlights the challenges in ASD classification and the potential impact of factors
such as dataset characteristics, preprocessing techniques, and model architecture. Similarly,
Talib et al [17] fuzzy decision-making framework achieved varying accuracies across
different weight allocation scenarios (60%:40%, 40%:60%, 70%:30%, and 30%:70%). Their
approach focused more on patient prioritization than pure classification, demonstrating how
different methodologies can address various aspects of ASD assessment. This variability in
results across studies highlights the challenges in ASD classification and the potential impact
of factors such as dataset characteristics, preprocessing techniques, and model architecture.
The study results are particularly encouraging as they demonstrate high accuracy across
multiple model types, from traditional machine learning approaches to advanced deep
learning architectures. This consistency suggests that the eye-tracking dataset used in this
research contains strong, reliable signals for ASD classification. These variations in
performance can largely be attributed to differences in data preparation approaches and
model architecture. Our hybrid approach, combined with comprehensive data preparation,
demonstrates the importance of sophisticated model architecture and careful data handling in
achieving reliable ASD classification. Table (6) compares our study's results
comprehensively with those reported in recent literature on ASD classification using eye-
tracking data.

Table 6 : Comparison of ASD Classification Accuracies across Studies

Study Method Accuracy
Our Study (best model) Hybrid CNN-LSTM 99.89
Romuald et al. [7] Neural Network with LSTM 98.00
Torahim Abdulrab Ahmed et al[8]. Neural Netwgf:szivgt:tgibﬁd Feature 99.80
Fawaz Waselallah Alsaade et al[9]. CNN with Transfer Learning (Xception) 91.00
Praveena K N et al[10]. CNN 75.23
Mujeeb Rahman Kanhirakadavath[11] DNN-based model 97.00
Amrutha S M et al[12]. Decision Tree 100.00
Amrutha S M et al[12]. Logistic Regression 99.37
Mohammad-Parsa Hosseini et al[13]. Deep CNN (MobileNet) 94.60

4.9 Model Prediction Using Unseen Data

To validate the model's performance and effectiveness in real-world applications, the
trained model was tested using data it had not been trained on before. New eye-tracking data
was used, which was a new scanpath of an individual with Autism Spectrum Disorder (ASD).
This data was continuously processed in the same way as the data the model was trained on
to obtain the best prediction result. The results were in figure (11) as follows:
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e RandomForest classifier: Consistently predicted ASD (0) for all cases in the new dataset,
indicating that the child is likely to have autism.

e Gradient Boosting classifier: Predicted a combination of ASD (0) and TD (1), with a slight
majority of TD predictions. This means that the child may not have autism.

e Logistic Regression classifier: Classified all eye movement data as ASD (0), indicating
that the patient is likely to have autism.

RandomForest classifier predictions for the new data:

I e T = = - < e = O = I
= O < = < T T < < < = I < = < < <
PboodooPOePOORBOOA]

Gradient Boosting classifier predictions for the new data:
1811111111111111@01016111110101111111
111112111199 1111111111112@@111111111
peeBlelll1llaealllal]

Logistic Regression classifier predictions for the new data:

BRI = O e e e - = < . e O = = I e
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Figure 11: Test the model on new unseen data for ASD child.

5. Conclusion and Future Work

This study demonstrates the significant potential of machine learning and deep learning
techniques in classifying ASD using eye-tracking data. Through a comprehensive approach
that employed both traditional and advanced models, we achieved exceptional results in
distinguishing between individuals with ASD and typically developing controls.

The hybrid CNN-LSTM model achieved the highest accuracy of 99.89%, showcasing the
power of integrating spatial and temporal features in eye movement analysis. Notably, even
our simpler logistic regression model attained 99.37% accuracy, highlighting the robust
discriminative power of eye-tracking data for ASD classification. These findings contribute
significantly to the growing research on automated, data-driven approaches to ASD
diagnosis.

The implications of this research are far-reaching, suggesting that automated analysis of
eye-tracking data could serve as a valuable tool for ASD screening and diagnosis. This
approach offers potential advantages, including increased objectivity, earlier detection, and
improved scalability of screening processes. However, limitations must be acknowledged.
The very high accuracies achieved warrant careful consideration of potential overfitting.
Additionally, the real-world applicability of these models in clinical settings requires further
investigation.

Future research should focus on external validation using diverse datasets, longitudinal
studies to understand developmental trajectories, and exploring multimodal approaches
combining eye-tracking with other biomarkers. Key challenges include standardizing data
collection across clinical settings and developing real-time processing capabilities. While
further research is necessary, our results provide strong evidence for the utility of machine
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learning in ASD classification using eye-tracking data. In conclusion, this study represents a
significant step forward in the intersection of machine learning, eye-tracking technology, and
ASD research, potentially paving the way for innovative neurodevelopmental disorder
diagnosis and management approaches.
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