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Abstract

Domestic violence and mental health problems remain critical public health concerns in Thailand, with an increasing
prevalence observed during economic crises and the COVID-19 pandemic. Despite their significant societal
impact, previous research has lacked in-depth analytical approaches utilizing data science to identify high-risk
populations. This study aims to classify high-risk Thai individuals vulnerable to mental health issues and domestic
violence by applying unsupervised machine learning techniques, specifically K-means, Hierarchical Clustering (HC),
and Gaussian Mixture Models (GMMs). Internal evaluation metrics, including the Silhouette Score, Calinski-Harabasz
Index, and Davies-Bouldin Index, were used to assess clustering performance. The dataset comprised 1,162 records

of domestic violence offenders obtained from the Digital Government Development Agency (DGA) in Thailand.
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The findings indicate that HC achieved the highest performance (Silhouette Score = 0.429, Calinski-Harabasz Index
= 61.790, and Davies-Bouldin Index = 1.034), effectively differentiating risk groups. The high-risk group was
predominantly characterized by middle-aged males with mental health issues, substance abuse, and economic stress.
This study demonstrates the potential of machine learning for identifying vulnerable populations. It provides insights

that can inform the development of targeted prevention strategies, early warning systems, and evidence-based

policymaking to mitigate domestic violence and promote sustainable mental well-being.

Keywords: Mental health, domestic violence, data clustering
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Table 1 Risk and Demographic Profiles

Factor Data Proportion

Female: 581 (50.04%), Male: 578
Gender »

(49.78%), Not specified: 2 (0.17%)
Age Average age: 38.32 years

Alcohol consumption: 788 (67.87%), No
Alcohol .

alcohol consumption: 378 (32.13%)

Drug use: 728 (62.70%), No drug use: 433
Drug Use

(37.30%)
Authoritative Present: 301 (25.93%), Not present: 860
Behavior (74.07%)

Present: 820 (70.63%), Not present: 341
Rage

(29.37%)

Present: 239 (20.59%), Not present: 922
Jealousy

(79.41%)

. Not divorced: 1,123 (96.73%), Divorced: 38

Divorce

(3.27%)

No health problems: 1,123 (96.73%),
Health problems: 38 (3.27%)

Health Problems

Mental Health No mental health problems: 975 (83.98%),

Problems Mental health problems: 186 (16.02%)
Gambling Not addicted: 1,135 (97.76%), Addicted: 26
Addiction (2.24%)

) No stress: 1,008 (86.82%), Economic
Economic Stress
stress: 153 (13.18%)
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Figure 2 WCSS and Silhouette Score by Number of
Clusters (k)
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Table 2 Comparative Characteristics of Risk Groups Identified by Clustering Techniques

Model Risk Age Alcohol Drugs Aggression Jealousy Mental Divorce Health Gambling Stress N

K-means Low 36.13 0.33 0.5 0.88 - - 0.96 0.94 - - 214
(Cluster0)
Medium 36.55 0.88 0.7 0.61 - - 0.97 0.98 - - 370
(Cluster1)
High 42.54 0.77 0.38 0.77 - - 0.92 1.0 - - 13
(Cluster2)

HC Low 30.53 0.63 0.53 0.47 - - 0.95 0.0 - - 19
(Cluster0)
Medium 36.59 0.68 0.63 0.72 - - 0.97 1.0 - - 565
(Cluster1)
High 42.54 0.77 0.38 0.77 - - 0.92 1.0 - - 13
(Cluster2)

GMMs  Low 29.3 0.65 0.65 0.74 1.0 0.75 1.0 0.95 1.0 0.98 285
(Cluster0)
Medium 33.29 0.8 0.75 0.74 1.0 0.92 0.94 1.0 0.95 0.66 189
(Cluster1)
High 37.52 0.61 0.53 0.68 0.0 0.93 1.0 0.96 0.98 092 123
(Cluster2)
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