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Abstract
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1. INTRODUCTION

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by deficits in
social communication, repetitive behaviors, and rigid behavioral patterns [1]. The prevalence of ASD
continues to rise globally; the WHO reported that 1 in 127 people were diagnosed with ASD in 2021
[2], while the CDC reported that 1 in 36 children in the United States were diagnosed in 2023 [3]. This
makes ASD one of the global health priorities requiring targeted treatment and intervention.

ASD is not a uniform condition; each individual has a unique combination of challenges in the
domains of communication, social interaction, sensory sensitivity, or repetitive behaviors [1]. Various
learning technologies have proven effective as interventions, including Augmentative and Alternative
Communication (AAC), serious games, social robots, sensory apps, and video modeling. However,
selecting the right technology depends heavily on the individual’s specific behavioral profile; a
technology that is effective for one profile may not necessarily be optimal for another [4].

A number of studies have applied machine learning to public ASD datasets to support the
diagnostic process, but all of them have focused on binary classification (ASD/Non-ASD). Dheyaa and
Dheyaa [5] compared seven algorithms with accuracies of up to 97%; Aldrees et al. [6] integrated the
Synthetic Minority Oversampling Technique (SMOTE) and SHapley Additive exPlanations (SHAP) to
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address class imbalance; and Abdelwahab et al. [7] evaluated six models in a pediatric population. The
datasets used in these studies contain ten information-rich AQ-10 behavioral items, but none of them
utilize them to recommend technology-based interventions tailored to individual behavioral profiles.

This study proposes a sofi-scoring-based knowledge-based labeling approach to construct five
technology recommendation labels: AAC, Serious Game, Social Robot, Sensory App, and Video
Modeling from the AQ-10 behavioral profiles in a combined dataset from the UCI ML Repository
(ID=419) [8] and Kaggle A/l Ages Combined [9], comprising a total of 5,505 instances. Labeling rules
were derived from verified clinical literature by mapping each AQ-10 behavioral domain to the most
clinically relevant technology. Seven machine learning algorithms were then trained and compared on
this labeled dataset, using SHAP analysis [10] to validate that the patterns learned by the models are
consistent with the clinical evidence underlying the labeling process.

This study aims to develop a learning technology recommendation system for individuals with
ASD based on the AQ-10 behavioral profile, with three main contributions: (1) a knowledge-based
labeling methodology as a bridge between behavioral data and technology recommendations; (2) a
systematic comparison of seven machine learning algorithms in the context of multi-class classification
for ASD technology recommendations; and (3) SHAP analysis to validate the consistency of model
patterns with clinical evidence. The resulting system is designed as a decision-support tool for
practitioners and therapists, not as a substitute for comprehensive clinical assessment.

2. METHOD
2.1 Research Workflow

This study consists of several main stages conducted systematically, as shown in Figure 1. The
stages begin with the collection of the ASD public dataset, followed by preprocessing and knowledge-
based labeling to construct technology recommendation labels, then the training and evaluation of seven
machine learning algorithms, and finally an explainability analysis using SHAP.
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Figure 1. Research Workflow
2.2 Dataset

This study uses two public datasets that were combined into a single integrated dataset: the UCI
Machine Learning Repository (ID=419), which contains 292 ASD screening instances for children [8],
licensed under CC BY 4.0; and the Kaggle A/l Ages Combined dataset [9], which covers age groups
ranging from toddlers to adults and contains 6,075 instances. Differences in column names across
sources were resolved through standardization prior to merging.

The data cleaning process includes investigating missing values, removing duplicates, imputing
numeric features (A1-A10, age) with the median and categorical features (gender, jaundice, family asd)
with the mode, and validating the final results. The final dataset consists of 5,505 instances with 14 input
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features: ten binary AQ-10 behavioral items (A1-A10), one continuous numeric feature (age, range 1.5—
80 years), and three binary categorical features (gender, jaundice, family asd). A summary of the dataset
is presented in Table 1.

Table 1. Dataset Summary

Description Details
Source UCI ML Repository (ID=419) + Kaggle All Ages Combined
Total Instances (after cleaning) 5,505
Input Features 14 (A1-A10, age, gender, jaundice, family asd)
Age Range 1.5-80 years
Original Dataset Label Binary diagnosis (ASD / Non-ASD)
Constructed Labels 5 technology recommendation classes

2.3 Knowledge-Based Labeling

Since public ASD datasets only provide binary diagnostic labels, this study developed a sofi-
scoring, knowledge-based labeling approach to construct labels for machine learning models. AQ-10
consists of ten items grouped into four domains: communication (Al, A2), social (A3, A4, AS),
repetitive (A6, A7), and sensory (A8, A9, A10) [11]. The mapping of domains to recommended
technologies is presented in Table 2.

Table 2. Mapping of AQ-10 Domains to Learning Technologies

Technology Primary Domain AQ-10 Items Clinical References
AAC Communication Al, A2 [12][13]
Serious Game Repetitive A6, A7 [14][15]
Social Robot Social A3,A4,A5 [16][17]
Sensory App/ VR Sensory A8, A9, A10 [18][19]
Video Modeling Mixed Al-A10 [20] [21]

The labeling mechanism calculates a score for each domain, normalizes it to the range [0,1],
and then calculates a composite score for each technology based on the domain weights from the
literature; the final label is the technology with the highest composite score. The soft scoring approach
was chosen due to the high heterogeneity of ASD profiles; a single individual may have difficulties in
more than one domain, so a binary hard threshold would result in overly rigid labeling [1] [22].

The labeling results yielded a five-class distribution as shown in Figure 2: Video Modeling
1,691 instances (30.7%), Sensory App 1,212 (22.0%), Serious Game 1,033 (18.8%), Social Robot 793
(14.4%), and AAC 776 (14.1%). The dominance of Video Modeling is clinically reasonable because it
encompasses mixed behavioral profiles from all domains. Validation via boxplots of domain score
distributions (Figure 3) confirms that each class consistently exhibits distinct domain profiles, consistent
with the underlying clinical literature.
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Figure 2. Distribution of Technology Recommendation Labels
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Figure 3. Distribution of Domain Scores by Technology Category
2.4 Data Split and Class Imbalance Handling

The dataset was split using an 80:20 stratified split, resulting in 4,404 training instances and
1,101 test instances, with class proportions preserved in both subsets. The split was performed before
oversampling to prevent data leakage, a condition in which information from the test data indirectly
influences the training process, which can lead to invalid performance estimates [23] .

The training data exhibited class imbalance with a ratio of 0.459, so it was addressed using
SMOTE, which generates synthetic samples through linear interpolation between minority instances and
their neighbors in the feature space [24]. Mathematically, synthetic samples x,,,,, are generated using
the following equation:

Xpew = Xi + A X (xzi - xi) (1)

Where x; is an instance of the minority class, x,; is one of the k-nearest neighbors x; , and 4 is
a random value in the range 0 to 1 [24]. After SMOTE, the training data increased to 6,765 instances
with a balanced distribution (1,353 instances per class), while the test data remained unchanged so that
it continued to reflect the original distribution. After SMOTE, all input features were normalized using
StandardScaler to ensure each feature has a mean of 0 and a standard deviation of 1 [25]. Normalization
was applied by fitting the model to the training data and transforming both the training and test data,
rather than fitting the model to the entire dataset to prevent statistical information from leaking from the
test data into the training process.

2.5 Machine Learning Algorithms

This study compares seven machine learning algorithms representing three groups of
approaches: decision tree-based (ensemble and single), function-based, and distance-based. All
algorithms were trained on SMOTE-processed training data and evaluated on unmodified test data using
the Scikit-learn implementation with default parameters as the initial configuration [25]. A summary of
each algorithm’s characteristics is presented in Table 3.

Table 3. Summary of Machine Learning Algorithms

Algorithm Group Key Characteristics Reference
Gradient Ensemble Builds trees sequentially, correcting errors from [26]
Boosting (GB) Boosting previous trees through gradient optimization;

robust against nonlinear interactions
Random Forest Ensemble Building trees in parallel on random subsets; [27]
(RF) bagging resists  overfitting and produces feature

importance estimates
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Support Vector Function- Finds the optimal hyperplane with maximum [28]

Machine (SVM)  based margin; effective on high-dimensional data using
the one-vs-rest strategy
Logistic Function- A linear model with a sigmoid function; serves as [28]
Regression (LR) based a robust and easily interpretable baseline
Decision  Tree Single tree Splits data recursively based on information gain; [28]
D7) transparent but prone to overfitting without
pruning
K-Nearest Distance- Classification based on voting among the k nearest [28]
Neighbors based neighbors; a lazy learner that is sensitive to feature
(KNN) scale
Naive Bayes Probability- Applies Bayes’ theorem under the assumption of [28]
(NB) based feature independence; computationally efficient

2.6 Model Evaluation

Model performance evaluation was conducted using four complementary approaches:
evaluation on test data, cross-validation, hyperparameter tuning, and SHAP-based explainability
analysis.

2.6.1 Evaluation Metrics

The primary metrics used are accuracy and macro-averaged Fl-score. Accuracy measures the
proportion of correct predictions relative to all test data instances, formulated as:

TP +TN @)
TP + TN + FP + FN

Accuracy =

For multi-class classification, the macro-averaged Fl-score is used as the primary metric
because it calculates the F1-score for each class independently and then averages them, thereby giving
equal weight to each class without being affected by distribution imbalances [29]. The F1-score is the
harmonic mean of precision and recall:

Precision = L 3)
" TP +FP
TP 4)
Recall = TP-l-—FN
_ 2 X Precision X Recall ®))

Precision + Recall

1% (6)
Flpacro = Ez F1
k=1

Where K is the number of classes (K = 5 in this study) and F1, is the F1-score for the class k
[29].

2.6.2 Cross-Validation
To measure the stability and generalization of the model more robustly, /0-fold stratified cross-

validation was performed on all seven algorithms. The data was stratified into 10 folds; the model was
trained on 9 folds and tested on 1 fold in turn, and then the mean and standard deviation of the accuracy
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were reported. A low standard deviation indicates a stable model that is not sensitive to variations in
data partitioning [30].

2.6.3 Hyperparameter Tuning

Hyperparameter tuning was performed on the two best models, Random Forest and Gradient
Boosting, using GridSearchCV with 5-fold cross-validation. These two models were selected based on
their status as the top-performing models in the test data evaluation (Table 3); therefore, tuning was
focused on the models most likely to yield significant improvements.

For Random Forest, the grid parameters include n_estimators € {100, 200, 300}, max_depth €
{5, 8, 10, 15}, max_features € {sgrt, log2}, min_samples_split € {5, 10, 15}, and min_samples_leaf €
{3, 5, 8}, resulting in 216 combinations. For Gradient Boosting, the parameter grid includes
n_estimators € {100, 200, 300}, max_depth € {3, 5, 7}, learning_rate € {0.05, 0.1, 0.2}, subsample €
{0.8, 1.0}, and max features € {sgrt}, resulting in 108 combinations. GridSearchCV was chosen
because exhaustive search in a well-defined parameter space is more reliable than random search for
moderate grid sizes [25].

2.6.4 SHAP Explainability

To understand the contribution of each feature to the model’s prediction, we used SHapley
Additive exPlanations (SHAP), developed by Lundberg and Lee [10]. SHAP measures the marginal
contribution of each feature to the prediction by calculating the Shapley value from cooperative game
theory. The SHAP value ¢; for the feature i is formulated as:

ISITAFI=1S|-1) , (7
¢ = Y [F(S U~ )]
SSR\{i}

Where F is the set of all features, S is a subset of features excluding the featurei , and f(S) is
the model’s prediction using the feature subset S. SHAP was applied to a tuned Random Forest model
using TreeExplainer, which is optimized for tree-based models and thus capable of calculating SHAP
values exactly with polynomial complexity [31]. The SHAP analysis was conducted at two levels: global
feature importance to examine the average contribution of each feature overall, and per-class SHAP
values to understand which features most influence the predictions for each technology class.

3. RESULTS AND DISCUSSION
3.1 Model Performance Comparison

Seven machine learning algorithms were evaluated on a test dataset of 1,101 unmodified
instances. The complete evaluation results are presented in Table 4.

Table 4. Performance Comparison of 7 Machine Learning Models

Model Accuracy F1- Precision- Recall- Train Overfitting
Macro Macro Macro Accuracy Gap

Gradient 95.46% 95.53% 95.91% 95.21% 95.93% 0.0048
Boosting
Random 91.19% 90.89% 91.90% 90.28% 95.28% 0.0409
Forest
SVM 89.74% 89.54% 89.57% 89.55% 93.29% 0.0355
ACSSE | Periasamy and Julian: Knowledge-Based Label Construction and Machine Learning Classification for 6
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Logistic 88.83%  88.18% 88.23% 88.20% 89.37% 0.0054

Regression

Decision Tree  88.65%  88.39% 88.36% 88.47% 93.27% 0.0463
KNN 79.84%  79.56% 79.36% 80.55% 91.19% 0.1135
Naive Bayes 74.75%  74.71% 74.31% 75.82% 78.82% 0.0407

Gradient Boosting ranked highest with an accuracy of 95.46% and an FI-macro of 95.53%,
followed by Random Forest (91.19%) and SVM (89.74%). Five of the seven models exceeded the 85%
threshold set as the minimum performance threshold for the multiclass classification task [28], while
KNN (79.84%) and Naive Bayes (74.75%) fell below that threshold. In terms of generalization, Gradient
Boosting also showed the smallest overfit gap (0.0048), indicating a stable model that does not merely
memorize the training data [26]. Meanwhile, KNN had the highest overfit gap (0.1135) due to its
sensitivity as a lazy learner to the data distribution [28]. Logistic Regression is worth noting: although
its accuracy is lower than that of SVM and Random Forest, its overfit gap is only 0.0054, nearly on par
with Gradient Boosting, demonstrating high consistency despite its simple model [25].

3.2 Overfitting Analysis

Overfitting was detected by comparing the training accuracy and test accuracy of each model,
as shown in Figure 4. Gradient Boosting and Logistic Regression exhibited the smallest overfit gaps
(0.0048 and 0.0054), indicating good generalization, while KNN recorded the largest gap (0.1135) due
to its sensitivity as a lazy learner [28]. Overall, none of the models experienced severe overfitting, and
the exclusive application of SMOTE to the training data proved effective in preventing information

leakage [23].
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Figure 4. Comparison of Train vs. Test Accuracy for Overfitting Detection
3.3 Cross-Validation
The results of the 10-fold stratified cross-validation are presented in Table 5. Gradient Boosting
once again ranked first with a CV accuracy of 94.68% =+ 0.79%, followed by Random Forest at 92.42%
+ 0.73%. These results are consistent with the evaluation on the test set, confirming that Gradient
Boosting’s performance is not a coincidence resulting from a specific data partition but rather reflects
the model’s true capability [30].

Table 5. Results of 10-Fold Stratified Cross-Validation

Model CV Accuracy Std Dev
Gradient Boosting 94.68% +0.79%
Random Forest 92.42% +0.73%
SVM 90.85% +0.85%
Decision Tree 89.80% +1.10%
Logistic Regression 89.02% +0.59%
KNN 85.82% +0.71%
Naive Bayes 78.79% +1.19%
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The standard deviation of all models falls within a narrow range (0.59% to 1.19%), indicating
good stability across all folds. Logistic Regression has the lowest standard deviation (+0.59%),
consistent with its small overfit gap. It should be noted that the CV result for KNN (85.82%) is higher
than its fest accuracy (79.84%) because CV was run on SMOTE-balanced training data, while the test
data still reflects the original unbalanced distribution; KNN’s high overfit gap (0.1135) indicates that
this model is sensitive to the composition of the data used [28].

3.4 Confusion Matrix Analysis

The confusion matrices for the two best models are shown in Figure 5. Gradient Boosting
exhibits high diagonal values across all classes, with the highest error occurring in the Sensory App
class, which was predicted as Video Modeling, a pattern that can be clinically explained because these
two classes have the greatest domain overlap. Random Forest shows more errors, particularly in the
Sensory App and Social Robot classes, which are often predicted as Serious Game and Video Modeling,
confirming that Gradient Boosting is superior at distinguishing classes with clinical overlap.

Confusion Matrix — Gradient Boosting Confusion Matrix — Random Forest
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Figure 5. Confusion Matrix of the Top 2 Best Models
3.5 Hyperparameter Tuning for Random Forest and Gradient Boosting

Hyperparameter tuning was performed on the two best models using GridSearchCV with 216
parameter combinations for Random Forest and 108 combinations for Gradient Boosting, each with 5-
fold cross-validation. The tuning results are presented in Table 6.

Table 6. Hyperparameter Tuning Results for Random Forest and Gradient Boosting

Configuration Accuracy F1-Macro Overfit Gap
Random Forest (default) 91.19% 90.89% 0.0409
Random Forest (tuned) 93.19% 92.90% 0.0415
Gradient Boosting (default) 95.46% 95.53% 0.0048
Gradient Boosting (tuned) 96.73% 96.54% 0.0247

The tuned Random Forest achieved an accuracy of 93.19% and an F1-macro of 92.90%, an
increase of 2.00 percentage points from the baseline of 91.19%. The optimal parameters found were
max_depth=15, max_features=sqrt, min_samples leaf=3, min samples_split=5, and n_estimators=300.
The overfit gap increased slightly from 0.0409 to 0.0415, but remained in the good fit category[27] .
Tuned Gradient Boosting achieved an accuracy of 96.73% and an F1-macro of 96.54%, an increase of
1.27 percentage points from the baseline of 95.46%. The optimal parameters found were
learning_rate=0.1, max_depth=5, max_features=sqrt, n_estimators=200, and subsample=0.8. Although
the overfit gap increased from 0.0048 to 0.0247, this value is still well below the threshold for significant
overfitting and remains in the good fit category [25]. This increase in the overfit gap is a natural
consequence of parameter optimization, which encourages the model to further explore patterns in the
training data; however, the model’s generalization capability remains intact, as reflected in the high test
accuracy.
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Overall, Gradient Boosting emerged as the best-performing model in this study, with an
accuracy of 96.73% and an Fl-macro of 96.54%, confirming that the boosting mechanism, which
gradually corrects the errors of previous models, provides a consistent advantage even after the
parameter optimization process for both models [26].

3.6 SHAP Analysis
3.6.1 Global Feature Importance

SHAP analysis was applied to the tuned Random Forest model (93.19%) as a simpler ensemble
representation, with a performance difference of about two percentage points from Gradient Boosting
(95.46%), ensuring that the identified dominant feature patterns remain representative.

The five features with the highest SHAP contributions, in order, are A1 (0.0703), A2 (0.0607),
A7(0.0563), A6 (0.0556), and A9 (0.0488). The dominance of A1-A2 is consistent with the role of the
communication domain as the primary classifier for AAC, while A6—A7 (repetitive) and A9 (sensory)
follow next. The demographic features gender, family asd, and jaundice show contributions below
0.005, confirming that recommendations are more strongly determined by the AQ-10 behavioral profile
than by demographic characteristics [11]. A comparison with impurity-based importance showed
consistency for Al, A2, A7, and A6, with the only notable difference being the “age” feature, which
was overestimated in RF importance compared to SHAP [29].

Feature Importance (SHAP) Feature Importance (Random Forest)

w00 0.01 00z no3 0.04 005 .06 o.o7 000 oz .04 006 0.0 010 01z 0.14
Mean [SHAP value Feature Importance Score

Figure 6. Feature Importance Comparison: SHAP vs. Random Forest
3.6.2 SHAP by Technology Class

The SHAP analysis by class, as shown in Figure 7, reveals distinct patterns of dominant features
for each class, consistent with the knowledge-based labeling design. The AAC class is dominated by Al
and A2 (communication), the Serious Game class by A6 and A7 (repetitive), and the Social Robot class
by A3, A4, and AS (social); all three indicate that high values on key domain features (red dots) drive
predictions toward the corresponding class. The Sensory App class exhibits a different pattern: A9, A8,
and A10 (sensory) actually drive predictions toward this class when their values are low (red dots),
rather than high, indicating that the sensory profile in this dataset is characterized by low scores on these
items. The Video Modeling class has a combination of features from various domains (A2, Al, A9,
A10, A6), consistent with its characteristics as a mixed behavioral profile class. Across all classes, the
demographic features gender, family asd, and jaundice consistently ranked at the bottom, confirming
the global SHAP findings in subsection 3.6.1 that model decisions are dominated by the AQ-10
behavioral profile rather than demographic characteristics.
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3.7 Discussion

The performance of the tuned Gradient Boosting model (accuracy 96.73%, overfit gap 0.0247)
is explained by the boosting mechanism, which iteratively corrects residual errors, making it effective
on datasets with predominantly binary features and overlapping class boundaries [26]. Random Forest
is more susceptible to ambiguities in similar domain profiles, as seen in the classification errors for
Social Robot — Serious Game and Sensory App — Video Modeling in the confusion matrix. This
advantage also confirms that the soft scoring mechanism, which preserves the ambiguity of mixed
profiles in the Video Modeling label, is successfully represented statistically by the model.

SHAP findings indicate that the AQ-10 behavioral signal is strong enough to distinguish
technology profiles without domain-specific information being explicitly included as an additional
feature [10], meaning that labels constructed through knowledge-based labeling are statistically
significant and can be learned by the model. In practical terms, this system has the potential to serve as
an initial decision-support tool for therapists prior to in-depth clinical assessments. A direct comparison
with Dheyaa and Dheyaa [5] or Abdelwahab et al. [7] is not possible due to fundamental differences in
task objectives: previous studies addressed binary diagnostic classification, whereas this study addresses
multi-class technology recommendation classification using self-constructed labels.

The study’s limitations include labels that have not been validated by ASD practitioners, a
dataset from an international population that limits local representation, and SHAP analysis that does
not yet include Gradient Boosting. Further research is recommended to involve clinical validation, the
development of local datasets, and the expansion of explainability analysis on the best model.

4. CONCLUSION

This study successfully constructed five technology recommendation labels; AAC, Serious Games,
Social Robots, Sensory App, and Video Modeling from AQ-10 behavioral profiles using a soft-scoring-
based knowledge-based labeling approach on a public ASD dataset that had previously been used only
for binary diagnostic classification. Of the seven algorithms compared across 5,505 instances, tuned
Gradient Boosting achieved the best performance with an accuracy of 96.73%, an F'1-macro of 96.54%,
and a CV accuracy of 94.68% = 0.79% with an overfit gap of 0.0247, indicating good generalization
ability. SHAP analysis confirmed that the model’s prediction patterns were consistent with the
knowledge-based labeling design, indicating that the AQ-10 behavioral signals were strong enough to
statistically distinguish technology profiles. Limitations of the study include labels that have not been
validated by ASD practitioners, a dataset from an international population, and SHAP analysis that does
not yet include Gradient Boosting; future research is recommended to involve clinical validation, the
development of local datasets, and the expansion of explainability for the best-performing model.
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