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Abstract

Article History Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder that
affects communication, social interaction, and behavior in children. This
study analyzes children's behavioral profiles using K-Modes Clustering
based on indication scores derived from seven ASD-related behavioral
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Low Indication (22%), Medium Indication (44%), and High Indication
(34%). Association analysis shows the strongest relationship between
speech ability and repetitive movements (Cramer's V = 0.548). These
results indicate that K-Modes Clustering can serve as an initial
exploratory approach for grouping observed behavioral indicator
patterns, though the findings cannot yet be interpreted as diagnostic or
clinical conclusions. This exploratory approach supports mapping the
level of ASD-related behavioral indications to aid early, nonclinical
screening in educational settings.
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1. INTRODUCTION

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder that affects an individual’s
communication skills, social interactions, and behavioral patterns. The characteristics of ASD are generally
manifested through difficulties in making eye contact, responding to name calls, interacting with the social
environment, and the emergence of repetitive or stereotyped behaviors. The wide variety of symptoms causes
each child to exhibit different characteristics, so the identification process requires observing various
behavioral indicators [1]. Early identification of behavioral characteristics associated with ASD is crucial
because it can facilitate faster and more appropriate intervention. However, the initial identification process
often requires lengthy observation and the involvement of professionals, making it difficult to implement in
educational settings or for the general public. Various studies have shown that the use of machine learning
technology can facilitate behavioral analysis and support more objective decision-making based on available
data [2].

The development of data mining and machine learning has been widely utilized in ASD research. Han et
al. successfully identified behavioral and neuroanatomical features associated with ASD using a machine
learning approach to aid in the identification of characteristics in children with ASD [3]. Another study
conducted by Song et al. developed a machine learning-based model to aid behavioral problems in children
with ASD [5]. However, most of these studies rely on supervised, classlabeled models built from clinical or
genomic data, leaving a gap in exploratory, unsupervised approaches suited to small-scale, categorical,
teacher-observed behavioral datasets typically available in educational settings. This study addresses that gap
by applying a score-based K-Modes clustering approach to such data.

Most previous studies have used a supervised learning approach that requires class labels as the learning
target. However, behavioral data for children with ASD are often categorical and do not always contain
complete diagnostic information, making class labels unavailable. This situation makes unsupervised
learning approaches a relevant alternative. One method that can be used is clustering, a technique for
grouping data based on the level of similarity in characteristics without requiring prior class labels [6].
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Clustering approaches have also been used in ASD research to uncover phenotypic and biologically related
subtypes [19], [20]. Given that the data used are predominantly categorical, the KModes Clustering method
was chosen because it is specifically designed to handle categorical data [7]. Compared with alternatives
such as K-Prototypes (which requires mixed numeric-categorical data), hierarchical clustering with Gower
distance (computationally costly to re-run across many seeds), or latent class analysis (which assumes an
underlying probabilistic model and needs larger samples for stable estimation), K-Modes offers a simpler,
distribution-free, and computationally efficient option well suited to a small, purely categorical dataset such
as the one used here. Through clustering, behavioral patterns with similar characteristics can be identified,
providing an initial overview of the child’s behavioral profile [8].

The choice of K-Modes Clustering was based on the characteristics of Autism Spectrum Disorder
(ASD) datasets, which are dominated by categorical attributes in the form of behavioral responses (e.g.,
Yes/No). According to Huang (1998), K-Modes is an extension of K-Means specifically designed for
categorical data by using the mode as the centroid and simple matching dissimilarity as a distance measure.
This approach allows objects with similar behavioral patterns to be grouped into the same cluster without
requiring categorical data to be transformed into numerical data, resulting in more accurate and easily
interpretable segmentation results [9]. The data used consisted of seven behavioral indicators: eye contact,
name response, speech ability, social interaction, repetitive movements, focus, and the ability to follow
simple instructions. In addition to the clustering process, this study also implemented an indication score
formation to aid interpretation of the clustering results, as well as an analysis of relationships between
features using Cramer’s V. Based on this background, this study aims to conduct an exploratory analysis of
the behavioral profiles of children with Autism Spectrum Disorder indicators using the K-Modes Clustering
algorithm based on indication scores. The results are expected to provide an overview of children's
behavioral patterns based on observed indicators and serve as an exploratory approach that can support the
initial screening process and mapping of children's behavioral profiles.

2. METHOD
2.1 Research Stages
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Figure 1. Flowchart of the K-Modes Clustering Analysis Process

1. Feature Selection
In this stage, seven behavioral indicators frequently used in observing ASD characteristics were
selected: eye contact, name response, speech ability, social interaction, repetitive movements, focus,
and simple instructions.

2. Data Preprocessing Preprocessing is performed to improve data quality before the clustering process.
The preprocessing stages include data cleaning, category standardization, handling missing values
using modes, and checking the distribution of categories for each variable. This stage aims to ensure
the data is ready for use in the clustering process.

3. Formation of Indication Scores Each behavioral category is assigned a score based on its level of
indication of ASD characteristics. The scores from all indicators are then summed to produce an
Indication Score variable. This indication-score layer is what distinguishes the proposed score-based
K-Modes approach from standard K-Modes clustering: rather than clustering solely on raw
categorical attributes, cluster interpretation is anchored to a quantitative severity ordering derived
from these scores, allowing the resulting clusters to be labeled and ranked (Low/Medium/High
Indication) in a more clinically meaningful way. The equation for the indication score is written as:

ACSSE | Purnomo and Syaharani: Behavioral Profiling of Children with ASD Using Score-Based K-Modes 2



Where: (SI) = Indication Score, (xi) = score on the first indicator, (n) = number of indications. The indication
score is used as the basis for interpreting clustering results.

4. Clustering Using K-Modes

The data clustering process was performed using the K-Modes algorithm. This algorithm is a

development of K-Means specifically designed for categorical data by replacing the mean with the

mode and using a matching dissimilarity measure [7]. K-Modes was chosen because all research
attributes are categorical. This algorithm is capable of grouping objects with similar characteristics

based on the mode value in each cluster [10]. The number of clusters used in this study was three (k

= 3). The determination of k = 3 was based on evaluation results using the Elbow method, which

showed an elbow point at k = 3, with a significant decrease in cost before the curve began to flatten.

Therefore, k = 3 was considered the optimal point, as adding clusters beyond this value did not

provide a significant reduction in cost. Clustering is necessary because it can objectively reveal

hidden patterns in multidimensional data without requiring prior class labels. This allows individuals
to be grouped based on overall similarities in behavioral characteristics, rather than on a single score

[11]. The following is a detailed explanation of each parameter:

a. Maximum Number of Iterations (max_iter) At each iteration, the algorithm examines all objects
and moves them to the most similar cluster, then updates the mode. The process stops when there
are no object movements (convergence) or when the maximum number of iterations is reached
(max_iter). A value of 100 is sufficient for most datasets.

b. Number of Initializations (n_init) Because the initial centroid selection is random, results can
vary between runs. With (n_init=10), the algorithm is run 10 times and the result with the lowest
cost is selected. This reduces the risk of getting stuck in a bad local solution.

c. Random Seed (random_state) The random state value of 42 is a common convention in data
science research and practice. However, this value can be replaced with other values as needed,
as long as the value is recorded and used consistently to ensure the reproducibility of
experimental results.

d. Final Cost Value Reported after training is complete. For example, if cost = 320, this means
there are a total of 320 attribute mismatches between all objects and their respective cluster
modes. The final cost value is used as an indicator to evaluate and compare the quality of
clustering results in each run and across different cluster number variations (k).

e. Dissimilarity Function (simple matching) Unlike K-Means, which uses Euclidean distance, K-
Modes calculates the number of mismatched attributes between an object and its cluster mode.
For instance, if there are five attributes and three of them differ, the dissimilarity value is 3.

5. Cluster Labeling

The clustering results were then analyzed using the average indication scores for each cluster. The

cluster with the lowest average score was labeled "Low Indication," the cluster with a medium score

was labeled "Moderate Indication," and the cluster with the highest average score was labeled "High

Indication."

6. Analysis of Relationships Between Features

Cramer's V analysis is used to determine the relationship between categorical variables. This method

measures the strength of the association between two categorical variables, with values ranging from

0 to 1. The Cramer's V value is calculated using Equation (2):

_/ X’
V= nk —1) @)

Where: (V) = Cramer's V, (y?) = Chi-Square value, (n) = sample size, and (k) = minimum number of
categories. The closer the value is to 1, the stronger the relationship between the variables.
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2.2 Dataset

This study utilizes a dataset of child behavior obtained through observations and teacher interviews
within an educational setting. The dataset comprises data on 50 children, covering seven behavioral
indicators associated with Autism Spectrum Disorder (ASD) characteristics: eye contact, response to name,
speech ability, social interaction, repetitive movements, focus, and the ability to follow simple instructions.
As all attributes are categorical, a clustering method capable of handling non-numerical data is required.

Table 1. Data Attributes

No Attribute Type Category/Scale
1 |Eye contact when being| Categorical | Yes, No
spoken to
2 | Respone when their name is| Categorical | Fast, Slow, Unresponsive
called
3 | Speaking ability Categorical | Smooth, Limited
4 | Social interaction Categorical | Good, Needs Improvement
5 | Repetitive Movement Categorical | Yes, No
6 | A child's ability to focus Categorical | Good, Needs Improvement
7 | Understanding simple | Categorical | Yes, No
instructions

2.3 Evaluation of Results

The evaluation was conducted using several approaches. First, a descriptive analysis of cluster profiles was
performed by identifying the mode of each feature within each cluster based on the KModes centroid results
[13]. Second, an indication score was calculated for each object— representing the number of attributes
indicating ASD—and then averaged per cluster to measure relative severity levels across groups. Third,
cluster stability validation was carried out using the Adjusted Rand Index (ARI) by comparing clustering
results across various random seeds, where an ARI value close to 1 indicates high result consistency [14].
Fourth, relationships between features were analyzed using Cramer's V to measure the strength of association
between categorical variables [15]. The clustering results were then interpreted to characterize the children's
behavioral profiles based on ASD-related indicators, as shown in the following table.

Table 2. Cluster profile

Feature Cluster 0 (Moderate | Cluster 1 (High | Cluster 2 (Low
Indication) Indication) Indication)

Eye contact Yes No Yes

Name response Fast Slow Fast

Speaking ability Fluent Limited Limited

Social interaction Good Not enough Good

Repetitive movement Yes Yes No

Focus Not enough Not enough Good

Simple instructions Yes Yes Yes

ARI Validation 0.7466 0.7466 0.7466

3. RESULTS AND DISCUSSION

3.1 K-Modes Clustering Results

The clustering process was conducted using the K-Modes algorithm with three clusters (k = 3). The
selection of three clusters aimed to group children's behavioral profiles into categories representing different
levels of indication, based on previously established indication scores. The clustering process yielded three
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groups, which were subsequently labeled Low Indication, Moderate Indication, and High Indication. These
labels were assigned based on the average indication score of each cluster; the cluster with the lowest average
score was labeled Low Indication, while the cluster with the highest average score was labeled High
Indication.

Table 3. Distribution of Cluster Members

Clusters Cluster Label | Number of Data Points | Percentage

Cluster 0 Moderate 22 44%
Indication

Cluster 1 High 17 34%
Indication

Cluster 2 Low 11 22%
Indication

Total 50 100%

Based on Table 3, the majority of the data falls into the Moderate Indication cluster, comprising 22
children (44%). Furthermore, the High Indication cluster consists of 17 children (34%), while the Low
Indication cluster comprises 11 children (22%). These results indicate that the majority of children in the
dataset exhibit certain behavioral characteristics associated with ASD, yet do not show a predominance of
indicators across all observed aspects. On the other hand, the presence of a "High Indication" cluster reveals
a subgroup of children who display a greater number of ASD-related behavioral indicators compared to the
other groups. The distribution of cluster members is visualized using a bar chart to facilitate the interpretation
of the clustering results. The visualization shows that the "Moderate Indication" cluster has the largest
number of members compared to the other clusters.

3.2 Analysis of Relationships Between Features Using Cramer's V

Following the clustering process, an analysis of the relationships between features was conducted using
Cramer's V to determine the strength of association among the observed behavioral indicators. Based on the
Cramer's V calculations, several variable pairs were found to exhibit relatively strong relationships. The five
highest association values are presented in Table 4.

Table 4. Five Strongest Feature Relationships

Variable 1 Variable 2 Cramer’s V
Speaking Ability Repetitive Movement 0.548
Speaking Ability Social Interaction 0.480

Eye Contact Speaking Ability 0.453
Speaking Ability Focus 0.436
Name Response Speaking Ability 0.431

Based on Table 4, the strongest association was found between Speech Ability and Repetitive
Movements, with a Cramer's V value of 0.548. This value indicates a moderately strong categorical
association between the two variables. This study did not conduct accompanying chi-square significance
testing; given the modest sample size (n = 50), some category combinations may have small expected cell
counts, which is a caveat to bear in mind when interpreting association strength (see also Section 3.3).
Additionally, the Speech Ability variable showed relatively high associations with Social Interaction (0.480),
Eye Contact (0.453), Focus (0.436), and Response to Name (0.431). These findings demonstrate that the
aspect of communication is closely linked to various other behavioral indicators.

3.3 Discussion

The results of Cramer’s V analysis indicate that the Speech Ability variable has the strongest
relationship with several other behavioral indicators, particularly social interaction, name response, and
focus. This finding aligns with the ASD literature, which consistently identifies verbal communication
impairments as a core characteristic of autism spectrum disorder [16]. Children with speech impairments tend
to exhibit difficulties in responding to their names and establishing functional social interactions, making
speech ability a central indicator in the development of behavioral profiles in this study. The findings of this
study have practical implications for teachers and educational staff in school settings.

The resulting cluster profiles can be used as initial references to identify children requiring further
attention, particularly those in the High Indication group who exhibit multiple behavioral indicators related to
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ASD simultaneously. This clustering-based approach does not require a clinical diagnostic label, making it a
simple and practical initial screening instrument for teachers through daily behavioral observations [17]. The
use of K-Modes is considered appropriate because all the attributes used are categorical, allowing the
clustering process to be performed without complex numerical transformations [7].

This algorithm preserves the original meaning of the data categories, making the clustering results easier
to interpret. However, K-Modes has several weaknesses, including sensitivity to the initial centroid selection
and the need to manually determine the number of clusters before the clustering process [18]. Furthermore,
this algorithm does not consider weighting between attributes, so each behavioral indicator is treated equally,
even though the indicators may differ in clinical significance.

This study has several limitations that require consideration. First, the sample size was relatively small
(50 children), so caution is needed when generalizing the clustering results to a broader population. Second,
the data were obtained through teacher observations and interviews, which introduces the potential for
subjective bias in the behavioral indicators. Third, this study was exploratory in nature and was not intended
as a clinical diagnostic tool for ASD, but rather as an initial mapping of children’s behavioral profiles based
on indicators observed in educational settings. Fourth, the reported cluster percentages and Cramer's V value
were not accompanied by formal statistical significance testing or confidence intervals, so these estimates
should be interpreted as descriptive rather than as precise population parameters. Fifth, this study did not
include a baseline comparison against a simpler approach, such as directly ranking or binning children by
raw indication score without clustering; such a comparison would help clarify the specific added value of the
K-Modes clustering step and is recommended for future work.

Future research is recommended to use a larger dataset and involve clinical validation by professionals.
Future research is recommended to expand the sample size so that the clustering results are more
representative of the population of children with diverse ASD characteristics. Furthermore, the use of
standardized observation instruments can reduce the potential for subjective bias in data collection. Model
development can be improved by incorporating attribute weighting based on the clinical significance of each
indicator, as well as involving validation from professionals such as psychologists or therapists to strengthen
the interpretation of the grouping results.

4. CONCLUSION

This study aims to conduct an exploratory analysis of children's behavioral profiles based on seven
indicators related to Autism Spectrum Disorder (ASD) using the K-Modes Clustering algorithm. The results
of the study produced three groups of behavioral profiles, namely Low Indication (22%), Medium Indication
(44%), and High Indication (34%), which indicates that most children in the dataset have several behavioral
characteristics related to ASD with varying degrees of indication. Cramer's V analysis revealed that speech
ability is the variable most closely related to other behavioral indicators, with the highest value found in the
relationship between speech ability and repetitive movements of 0.548. This study has limitations in the
relatively small number of samples and data sourced from teacher observations that potentially contain
subjective bias, so the clustering results cannot be generalized widely and are not intended as a clinical
diagnostic tool.
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