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Abstract 
Crime is a multidimensional social phenomenon that is closely 
associated with regional socioeconomic conditions. This study aims to 
classify the 34 provinces of Indonesia based on combined crime and 
socioeconomic indicators using the K-Means clustering method to 
support evidence-based public policy formulation. The analysis utilised 
secondary data obtained from the Indonesian Central Bureau of 
Statistics (BPS), comprising three crime indicators—narcotics-related 
crimes, theft, and physical violence—and three socioeconomic 
indicators: the Open Unemployment Rate (OUR), Gross Regional 
Domestic Product (GRDP), and the Human Development Index (HDI). 
Prior to clustering, all variables were standardised, and the optimal 
number of clusters was determined using the Elbow and Silhouette 
methods, which identified a two-cluster solution (K = 2). The results 
revealed substantial disparities in crime and socioeconomic 
characteristics across provinces. Cluster 1, consisting of DKI Jakarta, 
North Sumatra, West Java, and East Java, exhibited higher levels of 
crime, economic activity, and unemployment. In contrast, Cluster 0 
comprised the remaining provinces and was characterised by lower 
crime rates and less intensive socioeconomic dynamics. The findings 
indicate that provinces with higher unemployment and greater 
economic concentration tend to experience higher crime rates, 
supporting strain theory and previous empirical studies. This study 
contributes to the literature by integrating multiple crime and 
socioeconomic indicators within an unsupervised machine learning 
framework to identify provincial typologies that can inform 
differentiated, place-based policies for crime prevention and regional 
development in Indonesia. 
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1 | INTRODUCTION 
Crime is an important social indicator that reflects the effectiveness of public policies in maintaining social welfare, 

public security, and societal stability (Tumalavičius et al., 2017). Persistent disparities in crime rates across regions 

in Indonesia indicate that crime is not solely an issue of individual behavior but is closely associated with broader 

socioeconomic conditions (Sugiharti et al., 2022, 2023; Widyastaman & Hartono, 2022). Provinces with limited 

economic opportunities, high levels of social inequality, and inadequate access to public services tend to experience 

greater vulnerability to various forms of crime. Consequently, understanding the relationship between crime and 

socioeconomic conditions is essential for developing evidence-based policies that promote equitable and 

sustainable development. 

Studies have consistently demonstrated that socioeconomic factors such as poverty, unemployment, and 

limited economic opportunities contribute to increased crime rates by generating economic pressure, uncertainty, 

and social exclusion (Sugiharti et al., 2022, 2023). These conditions may encourage individuals to adopt deviant 

behaviors as coping mechanisms or survival strategies in response to structural constraints (Vadera et al., 2013). 

Therefore, crime should be viewed not only as a legal or moral issue but also as a manifestation of socioeconomic 

inequality and the limited effectiveness of public policies in ensuring inclusive welfare distribution. 

The relationship between socioeconomic conditions and crime has long been explained through strain 

theory. Individuals may experience psychological strain when they encounter barriers to achieving socially accepted 

goals through legitimate means (Ross, 2017; Van Laar et al., 2019). When access to economic resources and 

opportunities is restricted, some individuals may resort to alternative pathways outside established social norms, 

including criminal activities. This theoretical perspective suggests that crime emerges not merely from individual 

choices but also from structural inequalities embedded within society. 

Variations in crime rates, including narcotics-related offenses, theft, and physical violence, are influenced by 

multiple socioeconomic factors (Anozi & Novianda, 2023; Cao et al., 2026; Contreras & Hipp, 2020). Unemployment 

is widely recognized as a significant determinant of economically motivated crimes because it increases financial 

insecurity and reduces access to legitimate sources of income. Individuals facing prolonged unemployment may 

become more susceptible to engaging in theft or participating in illicit activities, including drug distribution and 

abuse, either as a source of income or as a coping mechanism for economic stress. 

In addition, Gross Regional Domestic Product (GRDP) reflects the economic capacity and productivity of a 

region and is closely associated with crime patterns (Santos et al., 2024). Regions characterized by low GRDP often 

experience limited economic activity, fewer employment opportunities, and wider income disparities, creating 

conditions conducive to property crimes such as theft. Economic deprivation may also contribute to aggressive 

forms of crime, including physical violence, as a consequence of prolonged social stress and frustration (Coccia, 

2018; Wong, 2021). Meanwhile, the Human Development Index (HDI), which encompasses indicators of education, 

health, and living standards, provides insight into the quality of human capital within a region (Dasic et al., 2020; 

Rao & Min, 2018). Provinces with lower HDI levels frequently encounter challenges related to educational 

attainment, healthcare access, and overall quality of life, increasing the risk of criminal behavior. Limited educational 

opportunities may contribute to impulsive and violent behavior, while inadequate access to health services and 

rehabilitation programs may exacerbate drug-related crimes. 

Although previous studies have extensively examined the influence of individual socioeconomic variables 

on crime rates, most have focused on linear relationships or isolated determinants (Contreras & Hipp, 2020; Santos 

et al., 2024; Van Laar et al., 2019). Relatively few studies have adopted a multidimensional perspective that 

simultaneously considers multiple crime indicators and socioeconomic characteristics to identify regional patterns 

of vulnerability. Furthermore, existing research in Indonesia has predominantly emphasized explanatory analyses, 
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while the use of unsupervised machine learning approaches for crime mapping and policy formulation remains 

limited. 

To address this gap, this study employs the K-Means clustering method to classify Indonesian provinces 

based on a combination of crime indicators and socioeconomic variables, including unemployment rates, GRDP, and 

HDI. Unlike previous studies that primarily investigate causal relationships between individual variables, this study 

focuses on identifying latent patterns and similarities among provinces through data-driven clustering. The novelty 

of this study lies in three key aspects. First, it integrates multiple crime dimensions—namely narcotics offenses, 

theft, and physical violence—with key socioeconomic indicators within a single analytical framework. Second, it 

applies an unsupervised machine learning approach to generate evidence-based provincial typologies that capture 

the heterogeneity of crime and socioeconomic conditions across Indonesia. Third, it translates the resulting clusters 

into actionable policy insights by proposing differentiated intervention strategies tailored to the specific 

characteristics of each provincial group. 

Accordingly, this study aims to examine the relationship between socioeconomic indicators and variations 

in crime rates across Indonesian provinces, classify provinces into two clusters based on combined crime and 

socioeconomic indicators, and identify the distinguishing characteristics of each cluster. The findings are expected 

to provide a more comprehensive understanding of regional crime patterns and serve as a foundation for developing 

targeted and context-specific public policies to reduce crime and improve social welfare in Indonesia. 

2 | LITERATURE REVIEW 

2.1 | Crime and Socioeconomic Conditions 
Crime refers to actions that violate established legal norms and social values, thereby disrupting social order and 

community well-being (Sloane & Choi, 2016). Beyond its legal dimension, crime represents a complex social 

phenomenon that is closely associated with various structural and socioeconomic problems. High crime rates often 

indicate deficiencies in social welfare, unequal access to economic opportunities, and ineffective public policies 

aimed at promoting social inclusion (Kidd, 2017). 

In Indonesia, crime remains a persistent public concern due to its adverse consequences for public safety, 

economic development, and social stability (Purnomo et al., 2023). The occurrence of criminal activities is influenced 

not only by individual characteristics but also by broader contextual factors, including poverty, unemployment, 

income inequality, educational attainment, and regional economic performance. Consequently, understanding 

crime requires a multidimensional perspective that considers the interaction between socioeconomic conditions 

and criminal behaviour. 

Previous studies have demonstrated that socioeconomic deprivation increases the likelihood of criminal 

activity by generating financial pressure, social exclusion, and limited access to legitimate economic opportunities 

(DeMarco et al., 2021; Koku, 2015; Reiman & Leighton, 2020). Unemployment, for example, reduces individuals' 

income-generating capacity and may increase incentives to engage in economically motivated crimes. Similarly, 

disparities in income distribution and inadequate access to education and healthcare can weaken social cohesion 

and increase vulnerability to deviant behaviour. 

2.2 | Theoretical Foundation 

Social Disorganisation Theory 
The Social Disorganisation Theory explains that crime rates tend to be higher in communities characterised by 

socioeconomic disadvantage, residential instability, and weak social institutions (Kubrin, 2009). According to this 

theory, structural conditions such as poverty, population mobility, and social inequality reduce a community's 

capacity to exercise informal social control, thereby increasing the likelihood of criminal behaviour. 
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Social disorganisation occurs when community networks, shared values, and collective efficacy are 

weakened, resulting in diminished social cohesion and reduced ability to regulate individual behaviour (Kingston et 

al., 2009). In areas experiencing economic hardship, residents often have limited resources and lower levels of 

community participation, which can create an environment conducive to crime (Benjumea Mejia et al., 2024). 

This theoretical perspective is particularly relevant to the Indonesian context, where substantial disparities 

in socioeconomic development exist across provinces. Differences in employment opportunities, income levels, 

educational attainment, and quality of public services may contribute to variations in crime rates among regions 

(Sugiharti et al., 2022; Trisnawati & Khoirunurrofik, 2019). Therefore, Social Disorganisation Theory provides a useful 

framework for understanding how regional socioeconomic conditions shape crime patterns and can inform the 

formulation of targeted public policies. 

Cluster Theory 
Cluster theory emphasises that geographical areas or economic entities tend to form groups based on similarities in 

structural characteristics, economic activities, and patterns of interaction (McCann, 2019). Clusters emerge through 

the concentration of economic resources, shared development characteristics, and common institutional 

environments. 

Within the context of regional analysis, the cluster approach facilitates the identification of groups of regions 

with similar socioeconomic profiles and development challenges (Majumder et al., 2022; Scaramuzzino et al., 2019). 

Regions sharing comparable characteristics often exhibit similar behavioural patterns and policy needs. 

Consequently, cluster analysis can serve as an effective tool for supporting evidence-based policymaking by enabling 

governments to design interventions that are tailored to the specific characteristics of each group. 

2.3 | Empirical Studies on Socioeconomic Factors and Crime 
Numerous empirical studies have investigated the relationship between socioeconomic factors and crime in 

Indonesia. Most of these studies have employed econometric approaches to examine the influence of individual 

socioeconomic indicators on crime rates. Existing studies consistently demonstrate that socioeconomic conditions 

play a substantial role in shaping regional crime patterns. However, most prior research has focused primarily on 

estimating causal relationships among variables using regression-based approaches. 

Sugiharti et al. (2022) analysed the relationship between economic indicators and crime rates in five 

Indonesian provinces with the highest crime rates—DKI Jakarta, North Sumatra, East Java, South Sulawesi, and West 

Java—during the period 2010–2019 using panel data analysis. Their findings revealed that unemployment rates, 

income inequality, and population density positively and significantly affect crime rates. These results suggest that 

increasing economic inequality and limited employment opportunities contribute to higher levels of criminal 

activity. 

Similarly, Amelia & Ridwan (2024) employed a Random Effects Model (REM) to examine the effects of 

socioeconomic factors on crime rates across one municipality and nine districts in Bengkulu Province from 2018 to 

2022. Their findings indicated that education levels, unemployment, and income inequality significantly influence 

crime rates, whereas poverty does not exhibit a significant effect. Higher levels of education were associated with 

lower crime rates, while increases in unemployment and income inequality corresponded with higher levels of 

criminal activity. 

Using a Fixed Effects Model (FEM), Trisnawati & Khoirunurrofik (2019) investigated the relationship between 

socioeconomic factors and crime rates across 32 Indonesian provinces. The study found that educational attainment 

has a negative and significant effect on crime, whereas unemployment has a positive and significant effect. Economic 

growth and poverty, however, did not significantly influence crime rates. These findings indicate that improvements 

in educational outcomes and labour market conditions are essential components of crime prevention strategies. 
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2.4 | K-Means Clustering in Crime and Regional Analysis 
K-Means clustering is an unsupervised machine learning method that partitions observations into homogeneous 

groups based on similarities among multiple variables. The method aims to minimise within-cluster variation while 

maximising differences between clusters, thereby facilitating the identification of underlying patterns in complex 

datasets. 

Hapsari & Widodo (2017) applied the K-Means algorithm to classify crime vulnerability across 34 provinces 

in Indonesia using police-reported crime data. Their findings demonstrated that Indonesian provinces could be 

grouped into distinct clusters based on similarities in crime characteristics. The study highlighted the effectiveness 

of K-Means clustering in identifying spatial patterns of crime and supporting regional crime mapping. Nevertheless, 

the analysis did not incorporate socioeconomic variables that may contribute to variations in crime rates. 

Uzcategui-Salazar & Lillo (2022) utilised K-Means clustering to group regions according to a range of 

socioeconomic indicators. Their findings showed that the method effectively identifies patterns of similarity among 

regions and provides useful information for policy planning and resource allocation. However, the study did not 

include crime indicators as part of the clustering process. 

These studies demonstrate the utility of K-Means clustering for regional analysis. However, previous 

applications have generally focused either on crime indicators or on socioeconomic variables separately, limiting 

their ability to capture the multidimensional nature of crime. 

2.5 | Research Gap and Novelty 
Despite extensive research on the relationship between socioeconomic factors and crime in Indonesia, several gaps 

remain in the existing literature. First, most previous studies have relied on regression-based approaches to examine 

the influence of individual socioeconomic variables on crime rates, with limited attention to identifying latent 

patterns among regions. Second, prior studies employing K-Means clustering have typically focused exclusively on 

either crime indicators or socioeconomic characteristics, without integrating both dimensions within a unified 

analytical framework. As a result, the heterogeneity of provincial conditions and the interaction between crime and 

socioeconomic factors remain insufficiently explored. Third, existing studies often concentrate on specific provinces 

or regions, limiting the generalisability of their findings at the national level. 

This study addresses these limitations by applying the K-Means clustering method to classify all provinces 

in Indonesia based on a combination of crime indicators and socioeconomic variables. Specifically, the analysis 

integrates narcotics-related crimes, theft, and physical violence with key socioeconomic indicators, including 

unemployment rates, Gross Regional Domestic Product (GRDP), and the Human Development Index (HDI). 

The novelty of this study lies in three main contributions. First, it adopts a multidimensional approach by 

simultaneously incorporating crime and socioeconomic indicators into the clustering process. Second, it applies an 

unsupervised machine learning technique to identify hidden patterns and provincial typologies that may not be 

captured through conventional regression models. Third, it generates evidence-based cluster classifications that can 

support the formulation of more targeted, equitable, and context-specific public policies for crime prevention and 

regional development in Indonesia. 

3 | METHODS 
This study employed a quantitative descriptive research design using a cluster analysis approach based on the K-

Means algorithm. The quantitative approach facilitates the systematic and objective collection, processing, and 

analysis of numerical data to explain and describe patterns related to specific phenomena (Taherdoost, 2022). In 

the context of this study, the K-Means clustering method was utilised to classify Indonesian provinces according to 

similarities in crime rates and socioeconomic conditions. This approach enables the identification of homogeneous 
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groups of provinces that share comparable characteristics, thereby providing a foundation for evidence-based public 

policy formulation. 

3.1 | Data Mining 

Data mining refers to the systematic process of extracting meaningful information, patterns, and hidden 

relationships from large datasets. Rather than merely summarising existing data, data mining aims to generate new 

knowledge that may not be readily observable through conventional analytical techniques. Within the framework 

of Knowledge Discovery in Databases (KDD), data mining encompasses a series of interrelated stages, including data 

collection, data preprocessing, pattern identification, and knowledge interpretation (Shu & Ye, 2023). 

The application of data mining techniques in regional socioeconomic studies offers substantial advantages 

in identifying complex relationships among variables and revealing underlying patterns that can support policy 

development. In this study, data mining was employed to identify provincial groupings based on similarities in crime 

and socioeconomic indicators. 

3.2 | Clustering 

Clustering is an unsupervised learning technique that partitions a set of observations into several groups based on 

the degree of similarity among their attributes. Observations with similar characteristics are assigned to the same 

cluster, whereas observations with distinct characteristics are placed in different clusters. Unlike supervised 

classification methods, clustering does not require predefined labels or categories, allowing natural structures 

within the data to emerge (Ali et al., 2019). 

In regional studies, clustering analysis is particularly useful for identifying groups of regions with similar 

socioeconomic and crime characteristics. The resulting clusters can facilitate comparative analysis and provide 

insights into regional disparities that may require differentiated policy interventions. 

3.3 | K-Means Algorithm 

K-Means is one of the most widely used partition-based clustering algorithms within the unsupervised learning 

paradigm. The algorithm aims to divide observations into a predetermined number of clusters by minimising the 

within-cluster sum of squares while maximising the separation between clusters (Chaudhry et al., 2023). 

The K-Means algorithm operates iteratively by assigning each observation to the nearest cluster centroid 

based on a distance measure, typically Euclidean distance. After all observations are assigned, the centroid of each 

cluster is recalculated according to the mean values of the variables within the cluster. This process continues until 

the cluster assignments stabilise and no further significant changes occur. 

In this study, K-Means clustering was selected due to its computational efficiency, simplicity of 

implementation, and ability to identify homogeneous provincial groups based on multidimensional socioeconomic 

and crime indicators. 

3.4 | Data Sources 
This study utilised secondary data obtained from the Indonesian Central Bureau of Statistics (Badan Pusat 

Statistik/BPS). The population consisted of all 34 provinces in Indonesia. A total sampling technique was employed, 

whereby all provinces with complete data for the selected variables were included in the analysis. 

The dataset comprised three crime indicators, namely narcotics-related crimes, theft, and physical violence, 

along with three socioeconomic indicators: the Open Unemployment Rate (OUR), Gross Regional Domestic Product 

(GRDP), and the Human Development Index (HDI). These variables were selected based on theoretical 

considerations and empirical evidence indicating their relevance to regional crime patterns. 

Crime indicators represent the prevalence of criminal activities within each province, while socioeconomic 

indicators capture dimensions of economic performance, labour market conditions, and human development. The 
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integration of these variables enables a comprehensive analysis of the relationship between crime and 

socioeconomic conditions across Indonesian provinces. 

3.5 | Data Analysis Stages 

The analytical process followed several sequential stages. First, all variables were standardised using z-score 

transformation to eliminate differences in measurement scales and prevent variables with larger numerical values 

from exerting disproportionate influence during the clustering process. 

Second, the optimal number of clusters was determined using cluster validation techniques, including the 

Elbow Method and the Silhouette Method. The evaluation results indicated that a two-cluster solution (K = 2) 

provided the most appropriate balance between cluster compactness and separation. Third, the K-Means algorithm 

was applied to classify provinces into two groups based on similarities in crime and socioeconomic indicators. The 

clustering process was conducted iteratively until the cluster centroids converged and stable group assignments 

were obtained. 

Finally, the resulting clusters were interpreted by examining the centroid values and characteristic profiles 

of each group. Provinces assigned to Cluster 1 were characterised by relatively higher crime rates and were generally 

associated with densely populated regions and major economic centres. In contrast, provinces included in Cluster 0 

exhibited lower crime rates and were typically characterised by lower population density and less intensive 

socioeconomic activity compared with provinces in Cluster 1. 

3.6 | Dataset 
The dataset used in this study consisted of provincial-level observations that integrated crime and socioeconomic 

indicators for all 34 provinces in Indonesia. Each observation represented a province and included six variables 

derived from average values over the selected observation period. 

The three crime variables comprised narcotics-related crimes, theft, and physical violence, while the 

socioeconomic variables included the Open Unemployment Rate (OUR), Gross Regional Domestic Product (GRDP), 

and the Human Development Index (HDI). These variables collectively provided a multidimensional representation 

of provincial characteristics and served as the basis for the K-Means clustering analysis. Table 1 presents the 

structure of the dataset used in this study, including the variables, measurement units, and data sources. 

Table 1. Variables and data sources used in the K-means clustering analysis. 

Province Narcotics Theft Physical Violence OUR (%) GRDP HDI 
DKI Jakarta 5,252 22582 7855 6.53 3443026 83.55 
North Sumatra 5,308 22377 10381 5.89 1050995 75.13 
West Java 2,411 14443 6581 7.44 2625226 74.24 
South Sulawesi 2,583 9678 3767 4.33 652648 74.60 
East Java 5,036 10562 6792 4.88 2953547 74.65 
South Sumatra 1,991 6614 3767 4.11 629169 73.18 
Lampung 1,446 5284 2222 4.23 448851 72.48 
Riau 1,596 5320 2041 4.23 1026472 74.95 
Central Java 1,995 3213 1504 5.13 1695622 73.39 
DI Yogyakarta 631 1163 765 3.69 180696 81.09 
Aceh 1,476 2878 1651 6.03 227018 74.70 
North Sulawesi 201 1772 10381 6.10 171969 75.04 
East Nusa Tenggara 45 2526 5242 3.14 128523 68.40 
West Sumatra 1,274 2600 2490 5.94 312769 75.64 
Banten 775 1869 844 7.52 814122 75.77 
Central Sulawesi 547 2465 2025 2.95 347139 71.66 
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Jambi 739 1854 1275 4.53 293780 73.73 
Papua 216 5557 2657 2.67 81731.7  63.01 
Bali 829 1299 833 2.69 274358 78.01 
Bengkulu 416 1552 1042 3.42 96583.1  74.30 
Riau Islands 366 950 917 6.80 331645 79.08 
West Kalimantan 826 1687 600 5.05 274469 70.47 
South Kalimantan 1535 1406 773 4.31 269192 74.66 
West Nusa Tenggara 708 2095 1019 2.80 166395 72.37 
East Kalimantan 645 1382 1024 5.31 843571 78.20 
West Papua 114 2420 1565 5.38 61576.4 67.47 
Southeast Sulawesi 382 740 415 3.15 176180 72.94 
Central Kalimantan 645 964 415 4.10 208783 73.73 
Gorontalo 109 355 1453 3.06 51366.7 71.25 
Maluku 151 973 1931 6.31 58487.8 72.75 
West Sulawesi 265 401 447 2.27 58572.1 69.80 
Bangka  413 509 277 4.56 102527 74.09 
North Maluku 137 243 1030 4.31 85143.1 70.98 
North Kalimantan 294 343 336 4.01 147279 72.88 

Source: Indonesian Central Bureau of Statistics (Badan Pusat Statistik/BPS) (2025). 

4 | RESULTS AND DISCUSSION 

4.1 | Cluster Distribution of Indonesian Provinces 
The K-Means clustering analysis classified the 34 provinces in Indonesia into two distinct groups based on similarities 

in crime and socioeconomic indicators (Table 2). The optimal number of clusters (K = 2) was determined using the 

Elbow and Silhouette methods, which indicated that a two-cluster solution provided the best balance between 

cluster compactness and cluster separation. This classification reveals the existence of substantial heterogeneity in 

provincial characteristics and highlights the need for differentiated policy approaches to address regional disparities. 

Table 2. Distribution of Indonesian provinces by K-Means cluster. 

Province Narcotics Theft Physical Violence OUR (%) GRDP HDI Cluster 

DKI Jakarta 5,252 22582 7855 6.53 3443026 83.55 1 
North Sumatra 5,308 22377 10381 5.89 1050995 75.13 1 
West Java 2,411 14443 6581 7.44 2625226 74.24 1 
South Sulawesi 2,583 9678 3767 4.33 652648 74.60 0 
East Java 5,036 10562 6792 4.88 2953547 74.65 1 
South Sumatra 1,991 6614 3767 4.11 629169 73.18 0 
Lampung 1,446 5284 2222 4.23 448851 72.48 0 
Riau 1,596 5320 2041 4.23 1026472 74.95 0 
Central Java 1,995 3213 1504 5.13 1695622 73.39 0 
DI Yogyakarta 631 1163 765 3.69 180696 81.09 0 
Aceh 1,476 2878 1651 6.03 227018 74.70 0 
North Sulawesi 201 1772 10381 6.10 171969 75.04 0 
East Nusa Tenggara 45 2526 5242 3.14 128523 68.40 0 
West Sumatra 1,274 2600 2490 5.94 312769 75.64 0 
Banten 775 1869 844 7.52 814122 75.77 0 
Central Sulawesi 547 2465 2025 2.95 347139 71.66 0 
Jambi 739 1854 1275 4.53 293780 73.73 0 
Papua 216 5557 2657 2.67 81731.7  63.01 0 
Bali 829 1299 833 2.69 274358 78.01 0 
Bengkulu 416 1552 1042 3.42 96583.1  74.30 0 
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Riau Islands 366 950 917 6.80 331645 79.08 0 
West Kalimantan 826 1687 600 5.05 274469 70.47 0 
South Kalimantan 1535 1406 773 4.31 269192 74.66 0 
West Nusa Tenggara 708 2095 1019 2.80 166395 72.37 0 
East Kalimantan 645 1382 1024 5.31 843571 78.20 0 
West Papua 114 2420 1565 5.38 61576.4 67.47 0 
Southeast Sulawesi 382 740 415 3.15 176180 72.94 0 
Central Kalimantan 645 964 415 4.10 208783 73.73 0 
Gorontalo 109 355 1453 3.06 51366.7 71.25 0 
Maluku 151 973 1931 6.31 58487.8 72.75 0 
West Sulawesi 265 401 447 2.27 58572.1 69.80 0 
Bangka  413 509 277 4.56 102527 74.09 0 
North Maluku 137 243 1030 4.31 85143.1 70.98 0 
North Kalimantan 294 343 336 4.01 147279 72.88 0 

Source: Indonesian Central Bureau of Statistics (Badan Pusat Statistik/BPS) (2025). Note: The identified clusters represent 

groups of provinces with similar crime patterns and socioeconomic characteristics and provide a basis for differentiated public 

policy interventions. 

The clustering results show that Cluster 1 consists of four provinces, namely DKI Jakarta, North Sumatra, 

West Java, and East Java. These provinces are characterised by high levels of economic activity, large populations, 

rapid urbanisation, and intensive population mobility. In contrast, the remaining 30 provinces are grouped into 

Cluster 0, which generally comprises regions with lower levels of urbanisation, smaller populations, and less 

concentrated economic activity. 

The distribution of provinces across the two clusters indicates that crime patterns in Indonesia are not 

randomly distributed but tend to concentrate in economically strategic regions. This finding suggests that provinces 

functioning as national economic centres face more complex social challenges than other regions (Sparrow et al., 

2020; Yeh & Chen, 2020). Therefore, understanding the characteristics of each cluster is essential for developing 

targeted interventions that reflect the specific needs and vulnerabilities of different provincial groups. 

Fig. 1 illustrates the geographical distribution of the two clusters across Indonesia. The map shows that 

provinces included in Cluster 1 are concentrated in highly urbanised areas, whereas provinces in Cluster 0 are more 

geographically dispersed. This spatial pattern further emphasises the relationship between urbanisation, economic 

concentration, and crime vulnerability. 

 

Fig. 1. Spatial Distribution of Crime and Socioeconomic Clusters Across Indonesian Provinces. Note: The figure illustrates the 
provincial distribution of the two clusters identified through K-Means clustering based on combined crime and socioeconomic 

indicators. 
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4.2 | Crime Characteristics Across Clusters 
The comparison of crime indicators between clusters reveals significant differences in the incidence of narcotics-

related crimes, theft, and physical violence. Table 3 presents the average values of crime indicators for each cluster, 

demonstrating that Cluster 1 consistently records substantially higher crime rates than Cluster 0 across all crime 

categories. 

Table 3. Average crime indicators by cluster across Indonesian provinces. 

Crime Rate 

Indicators Cluster 0 Cluster 1 

Narcotics 778.33 4,501.75 
Theft 2,337.07 17,491 
Physical Violence 1,823.6 7,902.25 

Note: Values represent the mean number of narcotics-related crimes, theft cases, and physical violence incidents for each 

cluster. 

The average number of narcotics-related offences in Cluster 1 reaches 4,501.75 cases, which is considerably 

higher than the average of 778.33 cases observed in Cluster 0. Similarly, the average number of theft cases in Cluster 

1 is 17,491 cases, while Cluster 0 records an average of 2,337.07 cases. Physical violence also exhibits a pronounced 

disparity, with Cluster 1 reporting an average of 7,902.25 cases compared with 1,823.60 cases in Cluster 0. 

These findings indicate that provinces characterised by high levels of economic activity and urbanisation 

tend to experience greater exposure to crime. Higher population density and increased social interaction create 

more opportunities for criminal behaviour and may weaken informal social control mechanisms. Moreover, large 

urban centres often attract migrants seeking economic opportunities, leading to increased competition for resources 

and employment, which can contribute to social tensions and criminal activity. The substantial differences in crime 

rates between the two clusters demonstrate that crime is a multidimensional phenomenon influenced by broader 

structural conditions rather than solely by individual factors. Consequently, crime prevention strategies should 

address the socioeconomic contexts in which criminal activities occur. 

4.3 | Socioeconomic Characteristics Across Clusters 
Table 4 summarises the average socioeconomic indicators for each cluster, including the Open Unemployment Rate 

(OUR), Gross Regional Domestic Product (GRDP), and the Human Development Index (HDI). The results indicate 

clear disparities between the two clusters, reflecting differences in economic performance, labour market 

conditions, and human development. 

Table 4. Average socioeconomic indicators by cluster across Indonesian provinces. 

Socio-Economic Rate 

Indicators Cluster 0 Cluster 1 

OUR 4.4 6.18 
GRDP 340,555 2,581,999 
HDI 73.35 76.89 

Note: OUR refers to the Open Unemployment Rate (%), GRDP refers to Gross Regional Domestic Product, and HDI refers to the 

Human Development Index. 

Provinces in Cluster 1 generally exhibit higher GRDP values than those in Cluster 0, indicating that these 

provinces serve as major economic centres within Indonesia. In addition, Cluster 1 records relatively higher HDI 

values, reflecting better access to education, healthcare, and public services. Despite these favourable conditions, 

Cluster 1 also demonstrates higher unemployment rates than Cluster 0. 
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The coexistence of high GRDP, high HDI, and high unemployment rates suggests that economic growth and 

improvements in human development do not necessarily translate into equitable employment opportunities (Hung 

et al., 2026). Rapid economic expansion in metropolitan areas may attract large numbers of migrants, increasing 

labour market competition and creating disparities in income distribution (Heider et al., 2020; Rodríguez-Pose & 

Storper, 2020). Consequently, some individuals may experience economic insecurity despite residing in economically 

advanced regions. These findings highlight the complexity of the relationship between socioeconomic development 

and crime. While higher levels of economic development are generally associated with improved living standards, 

they may also generate social pressures and inequalities that increase vulnerability to criminal behaviour. 

4.4 | Relationship between Crime and Socioeconomic Factors 
The clustering results suggest that unemployment is one of the most important socioeconomic factors associated 

with crime patterns across Indonesian provinces. Provinces characterised by higher unemployment rates tend to 

exhibit higher incidences of theft and other economically motivated crimes. This finding supports previous studies 

that identify unemployment as a significant predictor of criminal activity. 

From a theoretical perspective, the results are consistent with strain theory, which argues that limited access 

to legitimate economic opportunities can generate frustration and social pressure, thereby increasing the likelihood 

of criminal behaviour (Kingston et al., 2009). Individuals who experience economic hardship and face barriers to 

achieving socially accepted goals may resort to alternative means, including illegal activities, to satisfy their needs 

(Nassar & Elsayed, 2018). The relationship between GRDP and crime appears more complex (Purnomo et al., 2023; 

Widyastaman & Hartono, 2022). Although provinces in Cluster 1 demonstrate stronger economic performance, they 

also record significantly higher crime rates. This finding suggests that economic growth alone is insufficient to reduce 

crime. The benefits of economic growth may not be evenly distributed, resulting in persistent inequalities and social 

exclusion within economically advanced regions. 

Similarly, the positive association between HDI and crime indicates that improvements in education, health, 

and living standards do not automatically guarantee lower crime rates (Anser et al., 2020; de Almeida et al., 2021; 

Zaman et al., 2019). In densely populated urban areas, the effects of social complexity, population mobility, and 

inequality may outweigh the protective effects of human development. Consequently, crime should be understood 

as a multidimensional phenomenon shaped by the interaction between socioeconomic conditions and urbanisation 

processes. The findings also support Social Disorganisation Theory, which emphasises that rapid urbanisation, 

residential mobility, and weakened social cohesion can reduce informal social control and increase opportunities for 

criminal behaviour (Kubrin, 2009). Therefore, effective crime prevention policies should consider both 

socioeconomic development and community-level social dynamics. 

4.5 Policy Implications 
The identification of two distinct provincial clusters highlights the importance of adopting differentiated and place-

based approaches to crime prevention. The substantial variation in crime and socioeconomic characteristics across 

provinces suggests that uniform national policies may be insufficient to address the diverse challenges faced by 

different regions. 

For provinces included in Cluster 1, policy interventions should prioritise the reduction of socioeconomic 

pressures associated with rapid urbanisation and high population density. In addition to strengthening law 

enforcement and public security measures, governments should implement programmes aimed at expanding 

employment opportunities, improving workforce skills, and reducing income inequality. Comprehensive strategies 

for narcotics prevention, rehabilitation, and community-based crime prevention are also essential in these regions. 

For provinces in Cluster 0, policy priorities should focus on maintaining social cohesion and preventing future 

increases in crime rates. Investments in education, healthcare, local economic development, and employment 

generation can strengthen social resilience and reduce long-term vulnerability to criminal activity. Enhancing 
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institutional capacity and improving access to public services are also critical for sustaining positive development 

outcomes. 

The findings suggest that effective crime prevention requires an integrated approach that addresses both 

the immediate manifestations of crime and the underlying socioeconomic factors that contribute to criminal 

behaviour. Tailoring policies to the specific characteristics of each cluster can improve the efficiency and 

effectiveness of public interventions. 

4.6 Limitations and Future Research 
Several limitations should be considered when interpreting the findings of this study. First, the analysis relies 

exclusively on secondary data obtained from the Indonesian Central Bureau of Statistics (BPS). Although these data 

provide comprehensive coverage of all provinces, they may not fully capture the complexity of crime and its 

underlying determinants. 

Second, this study incorporates a limited number of socioeconomic variables, namely unemployment, 

GRDP, and HDI. Other factors that may influence crime patterns, such as income inequality, population density, law 

enforcement capacity, social capital, and migration dynamics, were not included due to data limitations. 

Consequently, the resulting clusters may not reflect the full range of factors associated with regional crime 

variations. Third, the use of a two-cluster solution, although supported by the Elbow and Silhouette methods, may 

oversimplify the diversity of provincial characteristics across Indonesia. Future studies could explore alternative 

clustering solutions or compare different clustering algorithms, such as hierarchical clustering, DBSCAN, or Gaussian 

mixture models, to examine the robustness of the findings. 

This study does not explicitly consider spatial relationships among provinces. Given that crime patterns may 

be influenced by geographical proximity and interregional interactions, future research should incorporate spatial 

analytical techniques to investigate the geographic dimensions of crime and socioeconomic disparities in Indonesia. 

5 | CONCLUSION 

This study successfully grouped 34 provinces in Indonesia into two clusters based on crime characteristics and 

socioeconomic conditions using the K-Means Clustering method. Cluster 1 consists of metropolitan provinces with 

high crime rates such as DKI Jakarta, West Java, and East Java, while Cluster 0 includes provinces with lower crime 

rates such as Banten, Jambi, and West Papua. The main findings show that high GRDP and HDI do not automatically 

correlate with low crime rates. In fact, provinces with high economic development tend to experience higher crime 

rates due to the complexity of urbanization, population density, and social pressures. The open unemployment rate 

(OUR) has been proven to be the most consistent factor influencing crime, especially economically motivated crimes, 

in line with strain theory and social disorganization. 

This study makes an important contribution by simultaneously integrating socioeconomic and crime 

variables, resulting in a more comprehensive mapping than previous studies. The clustering results emphasize the 

importance of differentiated place-based policy approaches: Cluster 1 requires multidimensional interventions 

including job creation programs, drug rehabilitation, and strengthening Crime Prevention Through Environmental 

Design (CPTED), while Cluster 0 requires prevention strategies that focus on maintaining social stability and local 

economic development. 

Although providing a strong empirical foundation, this study has limitations related to its reliance on 

secondary data, the selection of K=2 which potentially simplifies regional heterogeneity, and the absence of spatial 

analysis. Future research should integrate spatial analysis to capture geographic autocorrelation, explore a greater 

number of clusters, and include contextual variables such as law enforcement effectiveness and social cohesion. 

Thus, this study contributes to the development of science while offering practical recommendations for the 



63|   THUFAILAH 

 

 

formulation of more targeted, evidence-based, and contextual public policies in an effort to realize a safer and more 

prosperous Indonesia. 
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