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Abstract: 

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder in which early identification and 

proper assessment can make a great difference. The use of machine learning techniques for classifying 

and detecting ASD has become one of the hotspots in the medical field. However, it is still challenging to 

develop highly performing but also interpretable predictive models. This study proposes an explainable 

hybrid machine learning framework for ASD screening using behavioral and demographic information. 

The study utilizes a publicly available ASD screening dataset containing 704 records and 21 original 

attributes. After duplicate removal, missing-value handling, feature processing, and data quality 

assessment, 699 records were retained for modeling. Logistic Regression, Support Vector Machine, 

Random Forest, and XGBoost were evaluated, followed by hyperparameter optimization of XGBoost 

using Optuna. An ablation study was conducted to investigate the contribution of behavioral and 

demographic feature groups. The XGBoost model demonstrated exceptional performance, achieving an 

accuracy of 97.86%, precision of 94.74%, recall of 97.30%, and an impressive F1-score of 96%. The area 

under the ROC curve (ROC-AUC) came up to 99.84%, while the area under the precision-recall curve 

(PR-AUC) reached 99.59%. Besides, the model’s Brier score was only 0.0167, which indicates 

outstanding calibration. The most informative behavioral features according to the SHAP analysis are A9, 

A6, A5, A7, and A4. Local SHAP explanations and counterfactual analysis were utilized to generate 

instance-specific interpretations of the model’s predictions. The results indicate that behavioral screening 

responses offer significantly better predictive insights than demographic characteristics in this dataset. 

The suggested framework can thus function as a clear computational method for ASD screening, while 

clinical evaluation continues to be crucial for diagnosis. 

Key words: Autism Spectrum Disorder, ASD Screening, Machine Learning, XGBoost, Explainable 

Artificial Intelligence, SHAP, Counterfactual Explanation, Behavioral Features, Demographic Features, 

Healthcare AI. 

1. Introduction 

Autism Spectrum Disorder, or ASD, is a 

condition that affects how a person develops. It 

often involves trouble with social 

communication. It can also include limited or 

repetitive patterns of actions. Catching it sooner 

can help people get better support. To screen and 

assess ASD, a person usually goes through more 

than one step [1]. This can include questions to 

fill out for screening, plus questionnaires. There 

may also be tests and other evaluations. 

Specialists can be involved to review the results. 

More health and behavior data are now 

available. That has opened doors for machine 
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learning in tasks tied to screening. These models 

can look at many signals at once. They can learn 

how features relate to what happens in the 

screening results. For autism research, survey 

answers are a key source. They reflect aspects of 

social and behavior function [2]. Other details 

can also matter. Demographic and situational 

factors can add more context about the person 

being evaluated. Still, good accuracy alone does 

not solve the main issue. In health settings, it is 

not enough to label a case correctly. People also 

need to know why the model gave that result. 

This is especially true if the output will be used 

to guide more checks. 

Researchers have tried several machine learning 

approaches for classifying ASD screening 

results. Logistic Regression is often used 

because it is straightforward and easy to explain. 

Support Vector Machines and some ensemble 

approaches can model harder patterns in the 

data. Methods based on trees, like XGBoost, can 

work well when feature relationships are not 

linear [3]. Model selection matters a lot. Tuning 

hyperparameters can change the results in a 

noticeable way. For that reason, it helps to test 

more than one model [4]. After that, the chosen 

model should be optimized. This is a better way 

to judge how well the predictions will hold up. 

A key issue is whether people can understand 

what the model is doing. Some XAI tools help 

show why a prediction happened [5]. For 

instance, SHAP can point to how much each 

input feature pushes the output. It can also show 

this across many cases and for a single case. 

There are also counterfactual explanations. 

These look for small changes to the input that 

would lead to a different prediction. When you 

use both kinds of explanations, the system can 

feel clearer. That is often better than just 

showing the final class. 

Some earlier work suggests that machine 

learning can help with ASD screening. Still, 

there is a gap. Many teams do not put all key 

steps in one place [6]. Those steps include 

careful preprocessing, testing models side by 

side, tuning hyperparameters, checking feature 

groups, and also producing predictions that can 

be explained. It also matters to ask a specific 

question. If the behavioral measures are already 

strong, does adding demographics help in a real 

way? In other words, do demographic details 

add extra predictive power, or do they mostly 

add noise. For this reason, the study looks at 

behavioral data on its own. It also looks at 

demographic data on its own. Then it tests both 

together. After that, it uses explainability 

methods to show how the final model reaches its 

outputs. 

This work has several goals. First, it aims to 

build a machine learning system that can explain 

its results for ASD screening [7]. Next, it will 

test more than one classification method and see 

how they compare. Then, it will tune the best 

model to get stronger results. It will also look at 

how much different sets of inputs matter, like 

behavioral features and demographic features. 

After that, it will show both broad model 

reasoning and person-level insights. It will do 

this with SHAP and counterfactual analysis. The 

plan is meant for use as a computer based 

screening tool. It should help guide follow up 

evaluation. It is not meant to take the place of a 

clinician’s judgment for diagnosis. 

2. Related Work 

People have looked more and more at machine 

learning for ASD checks and for predicting 

whether someone may have Autism Spectrum 

Disorder. With machine learning, systems can 

spot links in data made from behavior, basic 

demographics, and clinical records. This matters 

because the connections between a person’s 

traits and ASD results may not be clear at first. 

In past work, teams tried several common 

models. They used Logistic Regression, Support 
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Vector Machine, Decision Tree, Random Forest, 

and methods that boost results. Across these 

studies, the findings are fairly consistent. 

Machine learning can reach useful prediction 

levels for ASD screening. This is especially true 

when answers from behavioral questionnaires 

are used as features. 

2.1 Machine Learning for ASD Screening 

Some research has looked at supervised machine 

learning for ASD classification. Earlier work has 

used both standard statistics and common ML 

methods with questionnaire style data [8]. The 

goal is to tell apart people who show ASD 

screening signals from those who do not. 

Logistic Regression shows up a lot. People pick 

it for being simple and for giving results that are 

easier to read. Support Vector Machine is used 

too, mainly when the links between inputs and 

the class are not that neat. Random Forest and 

other tree methods are also common. They can 

work with curves in the data and with links 

between variables. This means they do not rely 

on many strong claims about how the data must 

be distributed. 

People keep returning to ensemble learning 

since mixing several decision models often leads 

to more steady classification results. In Random 

Forest, many decision trees vote together. 

Boosting works in a different way [9]. It trains a 

new model step by step, trying to fix mistakes 

made earlier. XGBoost is a common boosting 

approach. It has shown good results on many 

types of classification tasks. In practice, it can 

learn patterns that are not linear [10]. It also can 

capture links between input variables. 

Regularization can reduce the risk of overfitting. 

Even so, you cannot be sure of the final 

numbers. What you see can shift if the dataset 

changes. It also depends on the features you 

pick. The way you prepare the inputs matters 

too. The model setup matters as well. 

2.2 Behavioral and Demographic features 

in ASD prediction 

Behavior traits are a key clue in ASD checks. 

Most screening forms are set up with items 

about how a person handles social situations. 

They also ask about how someone talks or 

listens. Other questions focus on noticing social 

signals [11]. Some items look at routines or 

repeated habits. Answers on these forms are 

often yes or no, or they fit into set groups. That 

kind of data can be used right away in common 

machine learning tasks. A number of papers 

have said that scores from these behavior lists 

can help predict outcomes. The reason is that the 

questions are tied to what the screen is trying to 

find. 

ASD prediction work often includes 

demographic and setting details too. Researchers 

may use age, sex, race, family history, and other 

personal background items. These can help 

describe someone before any test results [12]. 

Still, what these factors predict is not the same 

across studies. One dataset may show a link 

between a demographic trait and the outcome. 

Another dataset may show almost no added 

value once behavior data is included. Because of 

that, it helps to group features during model 

building. Feature-group analysis matters when 

making an ASD screen. 

When you mix behavior data with demographic 

data, you have to ask if it truly helps the 

prediction. Just adding more variables does not 

mean the model will get better. Some variables 

bring noise or repeat what is already known, and 

they can make the model harder to generalize. 

Because of that, it can help to test behavior 

features on their own and then test demographic 

features on their own. This way, you can see 

which part of the data is doing most of the work 

for the predictions. 
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We looked at this problem using an ablation test 

with three setups. First, we used only behavioral 

features. Next, we used only demographic 

features. Then we used behavioral features plus 

demographic data. This way, we can see how 

much each feature set helps, instead of just 

treating every variable as equally important. 

2.3 Explainable AI for Healthcare 

Prediction 

Some machine learning models do well at 

classification tasks. Still, it is not always easy to 

see what led the model to one specific result. 

This problem shows up more when the model 

uses nonlinear ensembles. In medicine, the issue 

is even more serious. Clinicians and staff often 

need to know what pushed the prediction in that 

direction [13]. They ask for that context before 

they act on the output during the next review 

step. 

SHapley Additive exPlanations (SHAP) is one 

of the commonly used model explanation 

approaches. It assigns contribution values to 

individual features based on their influence on a 

particular prediction. SHAP can provide both 

global and local explanations [14]. Global 

explanations can be used to identify the features 

that have the greatest overall influence on a 

model, while local explanations can show why a 

particular individual was classified into a 

specific class. This distinction is useful in ASD 

screening because it allows researchers to 

examine both general behavioral patterns 

learned by the model and the reasoning behind 

individual predictions. 

Counterfactual explanations can add to 

interpretability. Rather than just listing why a 

model chose its current output, they ask what 

would need to change in the input to get a 

different result. In a two-class ASD screening 

system, this means you can look for a close set 

of behavior answers that would flip the model 

from class A to class B. These outputs can help 

people make sense of what the model is doing. 

Explainability is therefore particularly relevant 

when developing machine learning systems for 

ASD screening. A model that provides both 

accurate predictions and understandable 

explanations can offer more useful information 

for researchers and screening-support 

applications than a model that only produces a 

classification label. 

2.4 Research Gap 

A lot of work mainly reports how well a model 

can label cases. Many papers also test only a 

small set of methods and do not look closely at 

which feature groups drive the final result. On 

top of that, models like boosting can be hard to 

read. Without extra tools, it is not clear why the 

model makes a specific call. So, we need 

methods that judge prediction quality and show 

what parts of the input matter. We also need 

explanations at the level of each person. 

Another issue is that people often mix behavior 

data with demographic data. They do not always 

check if the demographic part adds real 

predictive value. A feature group ablation test 

can help here. It checks behavioral data alone 

first. Then it checks demographic data alone. 

After that, it tests the two together. This can 

show what drives the model. It can reveal 

whether performance mostly comes from the 

behavioral screening answers. It can also show if 

demographic data adds extra useful signal. 

This work fills the gaps noted earlier. We build 

one machine learning setup. It ties together 

behavior data and demographic cues. We then 

compare multiple classification results. We also 

run ablation checks to see what matters most. 

For clarity, we add an explainability step. For 

explanations, we use SHAP. It helps show both 

overall patterns and case by case drivers. We 

also use counterfactual testing. This gives a 
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second view of why a model makes a specific 

call for a person. With this design, the study 

checks more than prediction accuracy. It also 

looks at which features push the ASD screening 

output. In addition, we test how one person’s 

predicted result can shift when the input values 

change. 

3. Materials and Methods 

3.1 Dataset Description 

The study uses the UCI Autism Screening Adult 

dataset, which contains behavioral responses and 

demographic information collected for ASD 

screening. The original dataset contains 704 

records and 21 variables, including ten 

behavioral screening items (A1–A10), 

demographic attributes, and the ASD class label. 

Once the dataset was cleaned, we removed 

duplicated rows. We also removed rows with 

ages that were illogical, such as obviously 

incorrect figures. Upon completion, we 

possessed 699 records to utilize. If a category 

lacked a value, we left the row unchanged. We 

marked that absent section as Unknown. In the 

result column, 0 was assigned for non-ASD. For 

ASD, we utilized 1. Ultimately, there were 512 

entries classified as non-ASD. A total of 187 

records were classified as ASD. 

3.2 Data Preprocessing and Feature 

representation 

The ten behavioral variables (A1–A10) were 

retained as binary features because they 

represent the responses to the ASD screening 

questions. Demographic and contextual 

variables included age, gender, ethnicity, history 

of jaundice, family history of autism, country of 

residence, and relation of the respondent. 

The result variable was excluded from model 

training because it is directly derived from the 

A1–A10 responses and could introduce 

redundant information. Similarly, variables with 

little or no useful variation were excluded. 

Categorical variables were encoded using one-

hot encoding, while numerical variables were 

retained in their appropriate form. 

The behavioral score, calculated as the sum of 

A1–A10, was used for descriptive analysis to 

examine differences between the ASD and non-

ASD groups, but it was not treated as an 

additional independent predictor. 

3.3 Exploratory and Statistical Analysis 

Exploratory analysis was performed to examine 

class distribution and the relationship between 

behavioral and demographic variables and the 

ASD outcome. The behavioral score 

distributions were compared between the two 

classes using the Mann–Whitney U test. Chi-

square tests were used to assess associations 

between individual behavioral responses and 

ASD status. 

For categorical demographic variables, Cramér’s 

V was used to measure the strength of 

association with the target variable. These 

analyses provided an initial understanding of 

which variables contained useful predictive 

information before model development. 

3.4 Machine Learning and Optimization 

Four machine learning algorithms were 

evaluated: Logistic Regression, Support Vector 

Machine (SVM), Random Forest, and XGBoost. 

The data were divided into training and testing 

sets using an 80:20 stratified split, preserving the 

class distribution in both subsets. 

XGBoost was subsequently optimized using 

Optuna-based hyperparameter optimization with 

cross-validation and F1-score as the 

optimization objective. The optimized XGBoost 

model was selected as the final predictive model 

based on its held-out test performance. 
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An ablation analysis was also conducted using 

three feature configurations: behavioral features 

only, demographic features only, and behavioral 

plus demographic features. This analysis was 

used to determine the relative contribution of the 

two feature groups. 

3.5 Explainability and Performance 

Evaluation 

Model predictions were analyzed using SHAP 

(SHapley Additive exPlanations) to identify 

globally important behavioral features and to 

explain individual predictions. Counterfactual 

analysis was additionally used to determine the 

minimal feature changes that could alter a model 

prediction. These explanations were treated as 

model-level interpretations rather than clinical 

recommendations. 

Model performance was evaluated using 

accuracy, precision, recall, F1-score, ROC-

AUC, and PR-AUC. A confusion matrix was 

used to examine classification errors, while 

calibration and bootstrap confidence intervals 

were used to provide additional assessment of 

model reliability. 

4. Proposed Framework 

The proposed framework is designed to provide 

an interpretable machine learning approach for 

ASD screening using behavioral responses and 

demographic information. Rather than relying 

on a single classification algorithm, the 

framework evaluates multiple machine learning 

models, identifies the most effective predictive 

configuration, and integrates explainability 

techniques to make the resulting predictions 

easier to understand.

 

4.1 Framework Overview 

 

Figure 1: Proposed Explainable Machine Learning Framework for ASD Screening 
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The framework consists of four main stages: 

data preparation, feature analysis, predictive 

modeling, and explainability. Behavioral and 

demographic information is first cleaned and 

transformed into a suitable representation for 

machine learning. Exploratory and statistical 

analyses are then performed to understand the 

relationship between the input variables and 

ASD status. 

Four classification models—Logistic 

Regression, SVM, Random Forest, and 

XGBoost—are trained and compared. XGBoost 

is further optimized using Optuna to obtain a 

suitable set of hyperparameters. An ablation 

analysis is performed to determine whether 

demographic information provides additional 

predictive value beyond the behavioral screening 

responses. 

4.2 Feature Analysis and Model 

Development 

The framework treats the ten behavioral 

screening responses as the primary predictive 

information. Demographic variables are 

analyzed separately and together with the 

behavioral variables to measure their 

contribution to the classification task. 

The candidate models are trained using the same 

training and testing strategy to enable a 

consistent comparison. After model evaluation, 

the optimized XGBoost classifier is selected as 

the final predictive engine because it provides 

the strongest overall performance on the 

independent test set. Although a probability-

based hybrid combination of multiple models 

was also investigated, it was not retained as the 

final model because its test performance did not 

improve over optimized XGBoost. 

4.3 Explainability Module 

An explainability layer is integrated after model 

development to examine how the final XGBoost 

model reaches its predictions. SHAP is used for 

both global and local interpretation. Global 

explanations identify the behavioral variables 

that contribute most strongly to the model, while 

local explanations show how individual feature 

values influence a particular prediction. 

A counterfactual explanation component is also 

included. It searches for minimal changes in the 

input behavioral responses that can change the 

model's predicted class. This provides an 

additional perspective on model behavior and 

helps illustrate the sensitivity of individual 

predictions. 

5. Experimental Results 

5.1 Dataset and Behavioral Analysis 

After preprocessing, the final dataset contained 

699 records, including 512 non-ASD cases and 

187 ASD cases. This corresponds to 73.25% 

non-ASD and 26.75% ASD samples. 
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Figure 2: Distribution of ASD and Non-ASD Classes in the Dataset 

The two groups did not show the same results. 

For the group without ASD, the mean score was 

3.63. For the ASD group, the mean was 8.25, 

which was higher. We then used a Mann-

Whitney U test. That test suggested a noticeable 

gap between the groups. 

Among the ten behavioral screening items, A9, 

A6, A5, A4, and A3 showed the strongest 

associations with the ASD outcome based on the 

chi-square analysis. These results indicate that 

the individual behavioral responses contain 

considerably stronger predictive information 

than the demographic variables. 

5.2 Comparision of Machine Learning 

Models 

Four classification algorithms were evaluated on 

the independent test set. The results are 

presented in Table 1. 

Model Accuracy Precision Recall F1-Score ROC-AUC PR-AUC 

Logistic Regression 95.71% 100.00% 83.78% 91.18% 99.82% 99.49% 

SVM 92.14% 90.63% 78.38% 84.06% 98.98% 97.06% 

Random Forest 92.14% 93.33% 75.68% 83.58% 98.62% 96.50% 

Optimized XGBoost 97.86% 94.74% 97.30% 96.00% 99.84% 99.59% 

 

Table 1: Performance Comparison of the Evaluated Machine Learning Models 
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Figure 3: Receiver Operating Characteristic (ROC) Curves of the Evaluated Models 

The tuned XGBoost setup did best on the test 

set. About 97.86% of the test cases were labeled 

right. The F1-score came out to 96.00%. Recall 

was 97.30%, which means most ASD cases were 

caught. The ROC-AUC reached 99.84%. The 

PR-AUC was 99.59%. Together, these scores 

suggest the classes are separated well. 

 

Figure 4: Precision–Recall Curves of the Evaluated Models 

Logistic Regression also performed strongly, 

particularly in precision and ROC-AUC, 

showing that the behavioral screening variables 

contain highly discriminative information even 

for a relatively simple linear classifier. However, 

optimized XGBoost provided a better balance 

between precision and recall on the independent 

test set. 
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5.3 Optimized XGBoost Performance 

The model correctly identified 101 non-ASD 

and 36 ASD cases, with only two false positives 

and one false negative. The resulting specificity 

was 98.06%, while ASD recall was 97.30%. 

 

Figure 5: Confusion Matrix of the Optimized XGBoost Model 

In the bootstrap pass, the discrimination stayed 

about the same. The ROC AUC 95% band 

moved from 0.9947 to 1.0000. The PR AUC 

95% band was 0.9855 through 1.0000. The Brier 

score came out to 0.0167. Overall, the predicted 

probabilities matched the observed pattern pretty 

well. 

5.4 Ablation Analysis 

To examine the contribution of different 

information sources, three feature configurations 

were evaluated, it is clearly mentioned in Table 

2. 

Feature Configuration Accuracy Precision Recall F1-Score ROC-AUC PR-AUC 

Behavioral Only 97.86% 94.74% 97.30% 96.00% 99.92% 99.80% 

Demographic Only 74.29% 52.00% 35.14% 41.94% 65.59% 47.18% 

Behavioral + Demographic 97.86% 94.74% 97.30% 96.00% 99.84% 99.59% 

 

Table 2: Ablation Analysis of Behavioral and Demographic Feature Configurations 

The ablation run shows that behavior cues drive 

most of the prediction. When we used only 

demographic data, the results dropped a lot. 

Then we tried adding demographics on top of 

the behavior inputs, and nothing really got 

better. Accuracy stayed about the same, and so 

did precision, recall, and F1-score. So the last 

model leans mainly on the behavior screening 

answers. Demographics still help for simple 

checks and to make sense of what is in the 

dataset. 
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5.5 Model Calibration 

Model calibration was evaluated by comparing 

the predicted probabilities with the observed 

proportions of ASD cases. The calibration 

curves provide an additional assessment of 

whether the probability estimates generated by 

the models are consistent with the actual 

outcomes. A model whose calibration curve 

remains close to the diagonal reference line 

provides more reliable probability estimates. 

 

Figure 6: Calibration Curves of the Evaluated Machine Learning Models 

The calibration results go along with the earlier 

discrimination scores. ROC-AUC and PR-AUC 

show how well the models tell ASD apart from 

non-ASD. Calibration, instead, checks whether 

the predicted probabilities match what actually 

happens. For the best XGBoost model, the Brier 

score was 0.0167. That value points to a small 

average error in its probability forecasts on the 

test set. 

5.6 Explainability Results 

SHAP analysis was applied to the final 

XGBoost model to examine feature importance. 

The most influential behavioral variables were 

A9, A6, A5, A7, and A4, followed by A3, A2, 

A8, A10, and A1. 
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Figure 7: Global SHAP Feature Importance of the Optimized XGBoost Model 

The SHAP results were generally consistent 

with the statistical analysis, particularly for A9, 

A6, A5, A4, and A3. Higher behavioral response 

values generally contributed toward the ASD 

prediction, while lower values tended to 

contribute toward the non-ASD prediction. 

However, these contributions represent the 

behavior of the trained model and should not be 

interpreted as causal or clinical effects. 

5.7 Counterfactual Analysis 

Counterfactual explanations were used to 

examine how small changes in behavioral 

responses could alter individual predictions. For 

one ASD instance, changing a single behavioral 

response was sufficient to move the model 

prediction toward the non-ASD class. For a 

selected non-ASD instance, three behavioral 

changes were required to obtain an ASD 

prediction. 

These examples demonstrate that the model can 

provide not only a predicted class but also an 

indication of how sensitive that prediction is to 

changes in the input pattern. Counterfactual 

results are intended to explain model behavior 

and are not clinical recommendations. 

6. Discussion 

In the study, the experiments show that machine 

learning can spot signals linked to ASD 

screening answers in the dataset used. Four 

models were tested. The best results came from 

the tuned XGBoost setup on the separate test set. 

It reached 97.86% accuracy and a 96.00% F1-

score. The ROC-AUC and PR-AUC were also 

high. That suggests the model separated ASD 

from non-ASD cases in a strong way. 

The research indicated that behavioral screening 

tools are crucial for accurate prediction. When 

the model utilized solely the behavioral inputs, it 

achieved identical outcomes to the model that 

included demographic information as well. The 

measurements aligned in terms of accuracy, 

precision, recall, and the F1-score. However, the 

model that depended solely on demographics 

performed significantly worse. In general, the 
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findings indicate that behavioral responses are 

the primary source of predictive signal within 

this dataset. The demographic characteristics 

appear to contribute only a minimal amount, if at 

all, beyond what the behavioral information 

already encompasses. 

The statistical analysis and SHAP results 

showed similar patterns in feature importance. 

Variables such as A9, A6, A5, A4, and A3 

consistently appeared among the most 

informative behavioral features. This agreement 

between statistical analysis and model-based 

explanation provides additional support for the 

observed feature patterns. However, these 

findings should be interpreted as associations 

learned from the dataset rather than evidence 

that individual behavioral responses 

independently cause ASD. 

The performance of optimized XGBoost also 

indicates the benefit of systematic 

hyperparameter optimization. Although Logistic 

Regression performed strongly and achieved 

very high discrimination, XGBoost provided a 

better balance between precision and recall on 

the independent test set. The confusion matrix 

showed only two false-positive and one false-

negative prediction, demonstrating the model's 

strong classification performance on the 

available test samples. 

The explainability component adds an important 

dimension to the predictive framework. SHAP 

provides both global and individual-level 

interpretations, allowing the contribution of each 

behavioral variable to be examined. 

Counterfactual analysis provides a 

complementary perspective by showing how 

changes in input responses can influence the 

model's predicted class. Together, these methods 

make the model's decision process more 

transparent than a prediction-only approach. 

The calibration analysis and low Brier score 

further support the usefulness of the model's 

probability estimates. This is relevant for a 

screening-support system because probability 

information can provide more context than a 

simple binary prediction. Nevertheless, 

probability estimates obtained from this 

relatively small dataset should not be interpreted 

as clinical risk probabilities without validation 

on larger and independent populations. 

The results point to an explainable machine 

learning setup that uses mostly behavioral 

screening data. It can still do well at prediction 

and stays easier to interpret. In this work, the 

method is meant to help with screening, not to 

act as a full diagnostic tool. Before it could be 

used in real clinical settings, more tests are 

needed. These tests should use bigger data 

sources from different regions and data that has 

been clinically confirmed. 

7. Limitations 

The results come with a few limits. We used a 

small public dataset, so the findings may not 

hold up for other groups. We also tested the 

approach on a separate split, but we did not 

bring in outside clinical data to check it. When 

we looked at demographics, they did not add 

clear value compared with behavioral features. 

Any links we saw could be tied to quirks of this 

dataset. We should also be careful with SHAP 

and counterfactual outputs. They show how the 

model acts. They do not prove cause, and they 

are not meant as medical advice. For the next 

steps, we should use bigger and more varied 

datasets. We also need outside validation. And 

we should test the method on more than one type 

of population. 

8. Conclusion 

We built an explainable hybrid machine learning 

method for ASD screening using behavioral data 

and basic demographic details. We tested four 

International Journal of Engineering Science and Advanced Technology (IJESAT) Vol 26 Issue 09, September 2026

ISSN No: 2250-3676 www.ijesat.com Page 230 of 233



different machine learning models. The best 

results came from a tuned XGBoost model on 

the separate test set. It reached 97.86% accuracy, 

94.74% precision, 97.30% recall, and 96.00% 

F1-score. We also checked ROC-AUC and PR-

AUC. They were 99.84% and 99.59%, 

respectively. Next, we ran an ablation study. 

When behavioral screening responses were 

removed or limited, performance dropped more 

than when demographic variables were changed. 

In other words, behavior carried most of the 

useful signal. Demographic features added only 

a small amount of extra gain. We then used 

SHAP to see what mattered most. The SHAP 

results pointed to the key behavioral variables. 

They also made it easier to understand why the 

model reached its predictions. 

The results suggest that machine learning could 

help with ASD screening. The work also shows 

clear reasons for the model’s choices. This 

framework is meant to assist with screening 

only. It is not built to make a final diagnosis. 

You should also read the findings with care, 

since they depend on the dataset that was used. 

In the next phase, the goal should be to use 

bigger and more varied data. It will also help to 

test the method on outside groups. More checks 

on how steady the model is are needed. Only 

after that should anyone think about real use in 

clinics. 
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