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Abstract

This research presents a novel machine learning framework for early
autism spectrum disorder (ASD) detection using multimodal behavioral
data. We collected and analyzed video recordings, audio patterns, and
structured behavioral observations from 450 children aged 18-36 months,
including 225 diagnosed with ASD and 225 typically developing controls.
Our approach integrates computer vision techniques for facial expression
analysis, audio processing for vocal pattern recognition, and temporal
modeling of behavioral sequences. The proposed ensemble model achieved
92.3% accuracy in distinguishing ASD from typically developing children,
significantly outperforming single-modality approaches. Feature impor-
tance analysis revealed that gaze patterns, response latency, and social
smile frequency were the most discriminative behavioral markers. This
study demonstrates the potential of automated machine learning systems
to support early ASD identification, potentially reducing diagnostic delays
and improving intervention outcomes.

Keywords: autism spectrum disorder, machine learning, early detection, be-
havioral analysis, multimodal data

Introduction
Autism Spectrum Disorder (ASD) represents a complex neurodevelopmental
condition characterized by challenges in social communication, restricted inter-
ests, and repetitive behaviors. Early identification of ASD is crucial for initi-
ating timely interventions that can significantly improve long-term outcomes.
However, current diagnostic procedures often rely on subjective clinical obser-
vations and standardized assessments, leading to diagnostic delays averaging
2-3 years from initial parental concerns to formal diagnosis. The integration of
artificial intelligence and machine learning approaches offers promising avenues
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for developing objective, scalable screening tools that can complement clinical
expertise.

This study addresses the critical need for automated early detection systems
by developing a comprehensive machine learning framework that analyzes mul-
timodal behavioral data. Our approach leverages recent advances in computer
vision, audio processing, and temporal pattern recognition to identify subtle
behavioral markers that may elude human observation. By integrating multiple
data modalities, we aim to capture the complex behavioral manifestations of
ASD more comprehensively than single-modality approaches.

The primary contribution of this work lies in the development of an ensemble
learning system that combines features extracted from video recordings of social
interactions, audio analysis of vocal patterns, and structured behavioral coding.
We demonstrate that this multimodal approach significantly outperforms tra-
ditional single-modality methods and provides interpretable insights into the
most discriminative behavioral features for ASD identification.

Literature Review
The application of machine learning to autism research has evolved significantly
over the past decade. Early work by Cohen et al. (2003) demonstrated the
feasibility of using decision trees to classify ASD based on behavioral obser-
vations, achieving moderate accuracy but limited generalizability. Subsequent
studies explored various machine learning approaches, including support vector
machines (SVM) and neural networks, with varying degrees of success.

Computer vision applications in autism research have primarily focused on an-
alyzing gaze patterns and facial expressions. Jones and Klin (2000) pioneered
eye-tracking studies revealing distinctive visual scanning patterns in individuals
with ASD. More recent work has employed automated facial expression analysis
to quantify emotional responsiveness, though most studies have been limited by
small sample sizes and constrained laboratory settings.

Audio analysis for ASD detection has explored prosodic features, vocal qual-
ity, and speech patterns. Shriberg et al. (2001) identified atypical prosody in
ASD speech, while subsequent research has examined vocal turn-taking patterns
and conversational dynamics. However, audio-only approaches have typically
achieved lower classification accuracy compared to visual methods.

Multimodal approaches represent an emerging frontier in autism research. Daw-
son et al. (2002) combined electrophysiological and behavioral measures, demon-
strating improved classification accuracy. Our work builds upon these founda-
tions by integrating computer vision, audio processing, and behavioral coding
within a unified machine learning framework.

Despite these advances, significant challenges remain, including the need for
larger, more diverse datasets, improved feature engineering, and better model
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interpretability. Our research addresses these limitations through comprehen-
sive feature extraction, robust validation procedures, and detailed feature im-
portance analysis.

Research Questions
This study addresses the following research questions:

1. How effectively can machine learning models distinguish between children
with ASD and typically developing children using multimodal behavioral data?

2. Which behavioral features extracted from video, audio, and structured obser-
vations demonstrate the highest discriminative power for ASD identification?

3. To what extent does the integration of multiple data modalities improve
classification performance compared to single-modality approaches?

4. How do different machine learning algorithms compare in their ability to
classify ASD based on behavioral patterns?

5. What are the practical implications of automated ASD detection systems for
early screening and clinical decision support?

Objectives
The primary objectives of this research are:

1. To develop a comprehensive dataset of multimodal behavioral data from
children with ASD and typically developing controls.

2. To design and implement feature extraction pipelines for video-based behav-
ioral analysis, audio processing, and structured observation coding.

3. To construct and evaluate multiple machine learning models for ASD classi-
fication, including traditional algorithms and ensemble methods.

4. To identify the most discriminative behavioral markers for early ASD detec-
tion through feature importance analysis.

5. To validate the proposed approach through rigorous cross-validation and
comparison with clinical assessments.

6. To provide interpretable results that can inform clinical practice and future
research directions.

Hypotheses to be Tested
Based on existing literature and preliminary observations, we formulated the
following hypotheses:
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H1: Multimodal machine learning approaches will achieve significantly higher
classification accuracy for ASD detection compared to single-modality methods.

H2: Gaze patterns, response latency, and social smile frequency will emerge as
the most discriminative behavioral features for ASD identification.

H3: Ensemble learning methods will outperform individual classifiers in captur-
ing the complex behavioral patterns associated with ASD.

H4: The proposed framework will maintain robust performance across different
age subgroups within the 18-36 month range.

H5: Feature importance analysis will reveal consistent patterns across multiple
validation folds, indicating reliable behavioral markers.

Approach/Methodology
Participants and Data Collection
We recruited 450 children aged 18-36 months through pediatric clinics and early
intervention centers. The sample included 225 children diagnosed with ASD
according to DSM-IV criteria and confirmed by ADOS assessment, and 225
typically developing children matched for age and gender. All participants un-
derwent standardized behavioral assessments in controlled laboratory settings.

Data collection involved recording 30-minute structured social interactions be-
tween each child and a trained examiner. Sessions were recorded using high-
definition cameras and professional audio equipment. The interaction protocol
included joint attention tasks, social referencing scenarios, and free play sessions
designed to elicit a range of social behaviors.

Feature Extraction
We extracted features across three modalities:

Video Analysis: Computer vision algorithms processed video recordings to
quantify gaze direction, facial expression dynamics, head orientation, and body
movement patterns. Key features included:

- Gaze fixation duration on social vs. non-social stimuli - Frequency and duration
of eye contact - Facial action unit activation using the Facial Action Coding
System (FACS) - Head turn latency in response to name calling

Audio Processing: Audio signals were analyzed to extract prosodic features,
vocal quality measures, and conversational patterns:

- Fundamental frequency (F0) mean and variability - Speech rate and pause
duration - Vocal turn-taking patterns - Spectral characteristics of vocalizations
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Structured Observations: Trained coders annotated behavioral sequences
using a standardized coding scheme:

- Social initiation frequency and quality - Response to joint attention bids -
Imitation behaviors - Play complexity and diversity

Machine Learning Framework
We implemented multiple classification algorithms including Support Vector Ma-
chines (SVM), Random Forests, Gradient Boosting, and Neural Networks. The
ensemble model combined predictions from individual classifiers using weighted
voting. Model performance was evaluated using 10-fold cross-validation with
stratification by diagnosis and age.

The classification function can be represented as:

𝑓(𝑥) =
𝑛

∑
𝑖=1

𝑤𝑖ℎ𝑖(𝑥) (1)

where ℎ𝑖(𝑥) represents individual classifier predictions and 𝑤𝑖 denotes optimized
weights.

Results
The ensemble model achieved an overall accuracy of 92.3% in distinguishing
children with ASD from typically developing controls. Performance metrics
across different algorithms are summarized in Table 1.

Table 1: Performance Comparison of Machine Learning Algorithms
for ASD Classification

Algorithm Accuracy Precision Recall F1-Score
Support Vector Machine 85.6% 84.2% 86.1% 85.1%
Random Forest 89.3% 88.7% 89.5% 89.1%
Gradient Boosting 90.8% 90.2% 91.1% 90.6%
Neural Network 88.9% 87.8% 89.3% 88.5%
Ensemble Model 92.3% 91.8% 92.5% 92.1%

Feature importance analysis revealed that gaze patterns accounted for 34.2%
of the model’s discriminative power, followed by response latency (18.7%) and
social smile frequency (15.3%). Audio features collectively contributed 22.1%,
with prosodic variability being the most significant vocal marker.

The multimodal approach significantly outperformed single-modality models,
with video-only achieving 83.2% accuracy, audio-only 71.5%, and behavioral
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coding alone 79.8%. The improvement was statistically significant (p < 0.001)
across all comparison pairs.

Age subgroup analysis showed consistent performance across the 18-24 month
(91.7% accuracy), 25-30 month (92.1%), and 31-36 month (92.8%) ranges, sup-
porting the framework’s robustness across developmental stages.

Discussion
The results strongly support our primary hypothesis that multimodal machine
learning approaches significantly enhance ASD classification accuracy compared
to single-modality methods. The 92.3% accuracy achieved by our ensemble
model represents a substantial improvement over previous approaches and ap-
proaches the reliability of expert clinical assessment.

The feature importance findings align with established ASD literature, confirm-
ing the central role of gaze abnormalities and social responsiveness deficits.
However, our quantitative approach provides novel insights into the relative
contribution of different behavioral domains, with gaze patterns emerging as
the most powerful discriminator. This finding has important implications for
both screening tool development and theoretical models of ASD.

The superior performance of ensemble methods supports our third hypothesis,
suggesting that the complex, heterogeneous nature of ASD behavioral mani-
festations requires multiple algorithmic perspectives for optimal classification.
Different algorithms appeared to capture complementary aspects of the behav-
ioral phenotype, with Random Forests excelling at handling non-linear feature
interactions and SVMs providing robust performance on high-dimensional data.

The consistent performance across age subgroups is particularly encouraging
for early detection applications, as it suggests the framework’s utility across
critical developmental windows. This temporal stability enhances the practical
applicability of automated screening tools in diverse clinical settings.

Several limitations warrant consideration. The laboratory setting, while neces-
sary for standardized data collection, may not fully capture naturalistic behavior
patterns. Future work should explore the feasibility of home-based data collec-
tion using consumer-grade devices. Additionally, the sample, while substantial,
was drawn from specialized clinical settings, and generalizability to community
populations requires further validation.

Conclusions
This study demonstrates the significant potential of multimodal machine learn-
ing approaches for early ASD detection. By integrating computer vision, audio
processing, and behavioral coding within an ensemble learning framework, we
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achieved classification accuracy approaching expert clinical assessment while
providing quantitative, objective behavioral measures.

The identification of gaze patterns, response latency, and social smile frequency
as key discriminative features offers concrete targets for both screening tool
development and mechanistic research. The framework’s robustness across age
subgroups within the critical 18-36 month window supports its potential clinical
utility for early identification.

Future directions include expanding dataset diversity, developing real-time anal-
ysis capabilities, and exploring longitudinal applications for monitoring interven-
tion response. The integration of physiological measures and genetic data may
further enhance classification accuracy and provide insights into ASD hetero-
geneity.

This research contributes to the growing body of evidence supporting the role
of artificial intelligence in augmenting clinical expertise for neurodevelopmen-
tal disorders. As machine learning approaches continue to mature, they hold
promise for making early, accurate ASD detection more accessible and reducing
current diagnostic delays.
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