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Abstract  
This study investigates regional development patterns in West Java 
Province by examining the relationships among population density, the 
Human Development Index (HDI), and life expectancy, while also 
identifying regional characteristics through K-means clustering 
analysis. The study aims to provide a comprehensive overview of these 
indicators, evaluate their linear relationships, and classify districts and 
municipalities according to their development profiles. A quantitative 
research approach was employed, utilizing descriptive statistics, 
Pearson’s correlation analysis, and K-means clustering. Secondary data 
were obtained from official government publications. The findings 
reveal a strong positive correlation between population density and 
HDI, as well as between population density and life expectancy. The 
clustering analysis identified two distinct groups: highly urbanized and 
densely populated areas characterized by higher HDI scores and longer 
life expectancy, and less densely populated districts exhibiting 
comparatively lower levels of human development. These results 
underscore persistent disparities in regional development between 
urban and non-urban areas in West Java, which are associated with 
unequal access to education, healthcare services, and infrastructure. 
The study provides empirical evidence that can support regional 
governments in designing more targeted and equitable development 
policies tailored to the specific characteristics and needs of each 
cluster. 
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1 | INTRODUCTION 
Regional development is a crucial aspect for improving public welfare and achieving an equitable quality of life. 

However, West Java Province, as the most populous region in Indonesia (with more than 49 million residents), faces 

significant challenges related to development disparities across its districts and cities (BPS West Java Province, 2023). 

While major urban areas have experienced rapid infrastructure growth, many regions, particularly inland and rural 

areas, still face limited access to basic services (Surtiadi & Sunsun, 2017). To map these dynamics, macro indicators 

such as population density, the Human Development Index (HDI), and life expectancy serve as key variables for a 

comprehensive evaluation of development quality. Research on regional development dynamics has been widely 

conducted, particularly on clustering regions based on economic and social indicators (Rocha et al., 2020). 

Previous studies in West Java have focused on regional clustering using single development indicators, 

particularly the Human Development Index (HDI), or village-level development measures (Irsyifa Mayzela Afnan et 

al., 2024). These studies have successfully identified regional disparities and provided useful classifications for 

policymaking. However, most existing studies emphasize classification outcomes without examining the statistical 

relationships among demographic and human development indicators. In addition, previous research generally 

relies on a single development dimension, limiting a comprehensive understanding of regional development 

dynamics (Fitrianigsih & Dwi Kartikasari, 2024). Consequently, there remains a lack of empirical evidence regarding 

how population density relates to human development achievements and health outcomes across districts and cities 

in West Java. Addressing this gap is important because effective regional development policies require not only 

regional categorization but also an understanding of the interactions among key development indicators (Fratesi & 

Perucca, 2019). 

Although previous studies have successfully identified regional disparities and classified districts and cities 

based on development indicators, several limitations remain (Sawicki & Flynn, 1996). Most studies focus primarily 

on a single development dimension, particularly the Human Development Index (HDI), while limited attention has 

been given to examining the interrelationships between demographic characteristics and human development 

outcomes. Furthermore, existing studies generally emphasize regional classification results without first 

investigating the statistical relationships among key development indicators. Consequently, there is still limited 

empirical evidence regarding how population density relates to HDI and life expectancy across districts and cities in 

West Java (Hendajany & Riyadi, 2022).  

Addressing this gap is important because understanding both the relationships among development 

indicators and regional typologies can provide a stronger evidence base for designing more targeted and effective 

development policies (Avdiushchenko & Zając, 2019). Therefore, this study contributes to the literature by 

integrating Pearson correlation analysis and K-Means clustering to simultaneously examine development 

relationships and regional development patterns in West Java. In addition, no studies have explicitly examined the 

linear relationships between population density and HDI and life expectancy before clustering, even though 

population density plays an important role in determining the efficiency of public service delivery and the pressure 

on infrastructure (Maulu et al., 2021) 

Prior to clustering, all variables were standardized using Z-score normalization to eliminate scale differences 

among variables (Moeller, 2025). The optimal number of clusters was determined using the Elbow Method by 

evaluating the Within-Cluster Sum of Squares (WCSS) across several cluster solutions. The results indicated that k = 

2 provided the most interpretable grouping structure and represented the point where additional clusters produced 

only marginal reductions in WCSS. Therefore, two clusters were selected for the final K-Means analysis. 

The urgency of this research lies in the need for an integrated understanding of the relational patterns 

among development indicators (population density, HDI, and life expectancy) and the simultaneous mapping of 

regional characteristics (Man et al., 2021). Formulating effective development policies requires a data foundation 
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that not only reveals the status of development (clustering) but also identifies the driving and inhibiting factors 

(correlation). 

The novelty of this study lies in the integration of Pearson correlation analysis and K-Means clustering within 

a single analytical framework. Unlike previous studies that primarily focused on regional classification using a single 

development indicator, this research simultaneously examines the relationships among population density, HDI, and 

life expectancy before identifying regional development typologies (Long et al., 2020). By combining relationship 

analysis and regional classification, this study provides a more comprehensive understanding of both the 

determinants and patterns of regional development disparities in West Java. The findings offer practical insights for 

local governments in designing more targeted and evidence-based development policies (Arnold et al., 2024) 

2 | LITERATURE REVIEW 

2.1 | Regional Development and Growth Pole Theory 
Regional development is inherently a dynamic and interactive process aimed at enhancing societal welfare 

sustainably through the strategic integration of economic, social, and demographic dimensions (Adamowicz, 2023). 

Theoretically, development should progress equitably across all geographical spaces. In empirical reality, however, 

economic growth and capital accumulation exhibit highly uneven distributions, thereby creating sharp spatial 

polarizations between advanced urban centers and relatively lagging rural peripheries. This structural disparity is 

frequently triggered by variations in natural resource endowments, disparate levels of accessibility, and the skewed 

concentration of infrastructural investments. 

Developmental polarization can be profoundly analyzed through the lens of Growth Pole Theory, originally 

conceptualized by François Perroux (Torre, 2025). The theory posits that development does not appear everywhere 

simultaneously; rather, it concentrates at specific points or "growth poles" possessing dominant economic 

agglomeration forces. These growth poles are characterized by the presence of large-scale industries, technological 

innovations, and expansive labor markets capable of drawing production factors from surrounding regions. In the 

context of West Java, major urban centers like Bandung City and Bekasi City act as growth poles that heavily absorb 

migration inflows and capital. 

Furthermore, the impact of a growth pole on its surrounding hinterlands is elucidated by the Core-Periphery 

Theory (Liang, 2024). This framework partitions geographical space into an advanced "core" that dominates 

economically, and a dependent "periphery." Ideally, the core generates positive spread effects (or spillover effects) 

through technology transfer, demand for raw materials, and employment opportunities in the periphery. However, 

if the centrifugal pull of the center is overly dominant, backwash effects occur instead—whereby capital and skilled 

labor are drained from the periphery to the core, subsequently widening the developmental gap. 

In West Java Province, this core-periphery dichotomy is visibly manifested in the spatial division between 

the Northern-Western and Southern-Eastern regions. The northern and western corridors, directly contiguous with 

the Jabodetabek megapolitan area, have rapidly developed as industrial cores and primary economic hubs. 

Conversely, the southern and eastern regencies, characterized by rugged topography, limited transportation 

infrastructure, and dispersed settlements, tend to remain isolated and occupy a peripheral status. Consequently, 

spatial disparities in developmental achievements at the district and city levels become an inevitable geographical 

outcome (Priatama et al., 2022). 
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2.2 | The Interrelationship Between Population Density, HDI, and Life Expectancy 
Population density serves as a crucial demographic indicator depicting human concentration within a 

specific spatial unit. Within regional planning discourse, population density is not merely perceived as a social 

burden but also as an asset that catalyzes efficiency in public service delivery. When population is concentrated in 

specific areas (urbanization), governments can minimize per capita costs required to construct essential public 

infrastructure. A dense population base establishes a robust market that incentivizes both public and private sectors 

to provide high-quality educational and healthcare facilities (Fabre & Straub, 2023). 

The nexus between population density and the quality of human capital is directly reflected in the 

achievements of the Human Development Index (HDI). The HDI is a composite indicator encompassing the 

dimensions of a long and healthy life, knowledge, and a decent standard of living. In densely populated urban areas, 

access to reputable schools, higher education institutions, vocational training centers, and modern economic 

opportunities is far more abundant than in sparsely populated regions. This resource allocation efficiency in high-

density areas triggers improvements in school enrollment rates and per capita income, which consequently elevates 

the overall HDI score significantly (Sari & Tiwari, 2024). 

Beyond the educational and economic dimensions, a well-managed population density also exhibits a 

positive linear correlation with Life Expectancy (LE). Life expectancy reflects the public health status, which is heavily 

influenced by environmental quality, nutritional adequacy, and the accessibility of medical services. Regions with 

high population concentrations typically possess vastly superior healthcare infrastructure, such as Type-A referral 

hospitals, medical specialists, and structured sanitation programs. Rapid and close access to emergency medical 

facilities in dense urban settings acts as a primary determinant for higher life expectancy among local populations. 

Meticulous urban planning and sufficient environmental carrying capacity are mandatory to sustain this 

positive relationship, as it is not entirely absolute. If population growth in dense areas is unmatched by infrastructure 

expansion, these regions risk facing threats of congestion, pollution, slums, and severe strain on basic service 

networks a phenomenon known as urban diseconomies of agglomeration. Therefore, a robust positive correlation 

among population density, HDI, and life expectancy indicates that a region is still operating in a phase where 

agglomeration economies significantly outweigh the corresponding congestion costs (Sun & Abdullah, 2025). 

In the macro context of West Java, the interaction of these three variables produces a unique pattern of 

disparity. Highly dense cities demonstrate absolute dominance in HDI components and life expectancy due to 

mature urban ecosystems. Meanwhile, expansive regencies with low population densities face formidable 

challenges characterized by a high-cost economy and high-cost delivery of public services. Dispersed settlements in 

rural and remote areas render the distribution of educational facilities and health clinics inefficient, thereby 

hindering the acceleration of overall quality of life. 

2.3 | Application of K-Means Clustering in Regional Disparity Analysis 
Objective mapping and classification of regional characteristics represent the foundational steps required for 

policymakers to address regional disparities effectively. A highly prominent and effective multivariate statistical tool 

utilized for this purpose is the non-hierarchical K-Means Clustering technique. This method operates by partitioning 

a set of observations into a predetermined number of clusters (k), where each data point is assigned to the cluster 

with the nearest center (centroid) (Karthikeyan, 2020). 

The operational mechanism of the K-Means algorithm centers on minimizing within-cluster variance and 

maximizing between-cluster variance. Through an iterative approach, the algorithm computes the Euclidean 

distance from each data object to the centroids, updates the centroid positions based on the mean of the newly 

assigned members, and repeats this process until convergence is reached. The primary advantage of this method 

lies in its computational efficiency when handling multivariate datasets, enabling it to detect latent similarity 

patterns across regions rapidly and accurately (Guo et al., 2022). 
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Prior to executing the K-Means algorithm, a critical data preprocessing stage must be undertaken, namely 

data normalization or standardization. Given that regional development indicators such as population density, HDI, 

and life expectancy possess highly divergent measurement units and scale ranges, direct cluster analysis without 

transformation would yield biased groupings. The application of Z-score standardization serves to transform all 

variables into a uniform scale with a mean of zero and a standard deviation of one. This ensures that every variable 

contributes an equitable and balanced weight during the inter-object distance calculation. 

The primary challenge in applying K-Means lies in determining the most appropriate and representative 

number of clusters (k). Empirical testing is conducted using the Elbow Method to mitigate researcher subjectivity. 

This method evaluates the Within-Cluster Sum of Squares (WCSS) representing the total squared internal 

distances—across various values of k. As the number of clusters increases, the WCSS value naturally declines. The 

optimal k point is identified at the segment of the graph that forms a sharp angle or inflection resembling an "elbow," 

where adding more clusters beyond this point no longer yields a significant reduction in WCSS (Oti et al., 2021). 

In regional development studies, the implementation of K-Means clustering functions not merely as a 

technical mathematical apparatus but also carries profound policy interpretation value. The clustering results 

simplify the complexity of spatial data into easily interpretable regional typologies, thereby allowing governments 

to identify priority areas for intervention. Integrating correlation analysis to scrutinize inter-variable relationships 

with K-Means clustering to examine actual spatial groupings establishes a rigorous, evidence-based policy 

framework for formulating targeted regional development strategies. 

3 | METHODS 

3.1 | Research Design 
This study employs a quantitative research approach to examine the relationship between population density, 

human development, and health outcomes across districts and cities in West Java Province. Quantitative methods 

are particularly suitable for identifying statistical relationships among variables and generating objective evidence 

that can support regional development planning and policy formulation (Kusumastuti et al., 2020). 

To achieve the research objectives, this study integrates two analytical techniques: Pearson correlation 

analysis and K-Means clustering. Pearson correlation is used to assess the strength and direction of the linear 

relationships between Population Density (PD), Human Development Index (HDI), and Life Expectancy (LE). This 

method enables the identification of whether regions with higher population concentrations tend to exhibit better 

human development outcomes and longer life expectancy. 

In addition, K-Means clustering is employed to classify districts and cities into several groups based on 

similarities in their demographic and human development characteristics. As an unsupervised machine learning 

technique, K-Means facilitates the identification of natural groupings within the data without requiring predefined 

categories. The resulting clusters provide a clearer understanding of regional disparities and enable the identification 

of areas that share similar development profiles (Guo et al., 2022). 

3.2 | Data Sources and Variables 
This study utilises secondary data obtained from the West Java Provincial Government Work Plan (RKPD Jawa Barat) 

2025 and official statistical publications issued by the Indonesian Central Bureau of Statistics (Badan Pusat 

Statistik/BPS). The dataset comprises observations from all districts and cities in West Java Province, making the 

study population identical to the sample through the application of a total sampling technique (BPS Provinsi Jawa 

Barat, 2025). 

Three variables were selected to represent demographic conditions and human development outcomes. 

Population Density (PD) was used to measure the concentration of population within a specific area and was 
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expressed as the number of inhabitants per square kilometre. The Human Development Index (HDI) was employed 

as a composite indicator reflecting achievements in education, health, and living standards. Life Expectancy (LE) was 

used to represent the average expected lifespan of the population and served as an indicator of regional health 

conditions. 

The selection of these variables was based on theoretical and empirical considerations suggesting that 

population concentration may influence both human development achievements and public health outcomes. By 

integrating demographic and development indicators, this study seeks to provide a comprehensive assessment of 

regional disparities across districts and cities in West Java (Singh, 2021). 

3.3 | Pearson Correlation Analysis 

Pearson correlation analysis was employed to examine the strength and direction of the linear relationships among 

the selected variables. This statistical technique is widely used to measure the degree of association between 

continuous variables and is represented by the correlation coefficient (r), which ranges from −1 to +1. Positive values 

indicate a direct relationship, whereas negative values indicate an inverse relationship. Values closer to zero suggest 

weaker associations between variables (Kusumastuti et al., 2020). 

In this study, the correlation analysis focused on two primary relationships: Population Density and Human 

Development Index, as well as Population Density and Life Expectancy. These relationships were examined to 

determine whether districts and cities with higher population concentrations tend to exhibit better human 

development outcomes and higher levels of public health. 

The statistical significance of the correlation coefficients was evaluated to ensure that the observed 

relationships were not attributable to random variation. The results of the correlation analysis provide preliminary 

insights into the extent to which demographic concentration is associated with development and health indicators 

across West Java (Saccenti et al., 2020). 

3.4 | K-Means Clustering Analysis 
Following the correlation analysis, K-Means clustering was applied to classify districts and cities into groups based 

on similarities in Population Density, Human Development Index, and Life Expectancy. K-Means is a partition-based 

clustering algorithm that aims to group observations into clusters while minimising variation within clusters and 

maximising differences between clusters. Prior to clustering, all variables were standardised using z-score 

transformation to eliminate differences in measurement scales and ensure that each variable contributed equally 

to the clustering process. Standardisation is essential because Population Density, HDI, and Life Expectancy are 

measured using different units and numerical ranges (Guo et al., 2022). 

The clustering procedure involved determining the optimal number of clusters, assigning observations to 

the nearest centroid based on Euclidean distance, and iteratively recalculating centroid positions until stable cluster 

memberships were obtained. The resulting clusters were then interpreted according to their centroid values and 

overall characteristics to identify patterns of regional development and demographic concentration. The 

combination of K-Means clustering and Pearson correlation enables a comprehensive analysis by simultaneously 

examining statistical relationships among variables and identifying groups of districts and cities with similar 

development profiles. All statistical analyses and clustering procedures were conducted using Google Colab (Python) 

and IBM SPSS Statistics (Kenger et al., 2023). 
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4 | RESULTS AND DISCUSSION 

4.1 | Descriptive Statistics 

The data used in this study consist of three main variables: population density, the Human Development Index (HDI), 

and life expectancy across 27 districts and cities in West Java Province. Descriptive statistics provide an initial 

overview of each variable’s distribution before proceeding with the correlation and clustering analyses. 

Table 1. Descriptive Statistics Results. 

Variable N Minimum Maximum Mean Std. Deviation 

Population Density 
(People/km2) 

27 392 15421 3856.96 4575.144 

Human 
Development 
Index (HDI) 

27 68.18 83.29 74.1119 4.34493 

Life Expectancy 
(years) 

27 70.19 75.79 73.0022 1.40876 

Valid N (listwise) 27     

 

Table 1 presents the descriptive statistics, the population density variable ranges from 392 to 15,421 

people/km², with a mean (average) of 3,856.96 people/km². This wide range indicates a substantial imbalance in 

population distribution across West Java, with specific areas, particularly urban regions, exhibiting extremely high 

population concentrations, while others show significantly lower densities. The standard deviation of 4,575.144 

further underscores the considerable variation in population distribution across regions. 

The Human Development Index (HDI) ranges from 68.18 to 83.29, with an average of 74.11. The standard 

deviation of 4.34493 suggests a noticeable disparity in human development achievements across regions, though 

the variation is smaller than that observed in population density. Overall, the average HDI indicates that most regions 

in West Java fall into the high human development category according to the BPS classification (Badan Pusat Statistik, 

2024). 

For the life expectancy variable, the minimum recorded value is 70.19 years, the maximum is 75.79 years, 

and the average is 73.00 years. The standard deviation of 1.40876 indicates that differences in health levels across 

regions are relatively moderate compared to those of the other variables. This implies that access to healthcare 

services is relatively evenly distributed, although minor disparities remain among districts and cities (Xu et al., 2022). 

The descriptive statistics reveal substantial variation in population density across districts and cities in West Java, 

while HDI and life expectancy show relatively smaller variations. These differences indicate the presence of regional 

development disparities and provide a basis for further correlation and clustering analyses (Majumder et al., 2022). 

4.2 | Pearson Correlation Test Results 
The Pearson correlation analysis between population density and the Human Development Index (HDI) shows a 

strong, statistically significant relationship with a correlation coefficient of 0.904. This positive correlation indicates 

that higher population density is associated with higher HDI values. The significance level of p < 0.001 confirms that 

the relationship is statistically significant at the 99% confidence level. With 27 observations, these findings suggest 

that highly populated, typically urban areas tend to have better access to education, healthcare, and economic 

opportunities, thereby contributing to higher HDI scores in West Java (Arya Pramaditya et al., 2024). 
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Table 2. Pearson correlation results for population density, HDI, and life expectancy. 

Description Pearson Correlation Sig. (2-tailed) N 

Relationship Between Population 

Density and HDI 
0.904 <0.001 27 

Relationship Between Population 

Density and Life Expectancy 
0.714 <0.001 27 

 

Meanwhile, the Pearson correlation analysis between population density and life expectancy shows a strong 

positive relationship (r = 0.714). This means that regions with higher population density tend to have higher life 

expectancy. The p-value of <0.001 also indicates statistical significance at the 99% confidence level (Table 2). Based 

on 27 observations, this finding suggests that densely populated and urbanized areas, which generally have better 

access to healthcare services, hospitals, and public facilities, tend to experience higher life expectancy than less 

populated regions (Galvani-Townsend et al., 2022). 

The strong positive correlations between population density and HDI (r = 0.904, p < 0.001) and between 

population density and life expectancy (r = 0.714, p < 0.001) across 27 regions in West Java align with real-world 

conditions. Urban areas such as Bandung City, with population densities exceeding 15,000 people/km², benefit from 

greater access to healthcare, education, and economic infrastructure, which supports improvements in both HDI 

and life expectancy. Data from BPS reports that West Java’s HDI reached 74.24 in 2023, with an average life 

expectancy of 73.8 years (BPS Jawa Barat, 2024). In highly populated areas such as Bekasi City, life expectancy is 

among the highest (75.79 years). Other studies also confirm the link between urbanization and improvements in 

HDI and life expectancy, driven by more efficient allocation of public resources in densely populated regions 

(Mohamad Amin et al., 2024; Nguea, 2023; Shao & Kong, 2024). The correlation value of 0.904 is consistent with 

existing literature and the province’s urbanization trend, which has increased by 1.26% per year. 

4.3 | K-Means Clustering Results 
The clustering analysis using the three variables, population density, HDI, and life expectancy, shows that the regions 

in West Java form two main groups with notably different characteristics (Table 3). The first cluster (Cluster 0) is 

dominated by regions with relatively low population density, averaging approximately 1,352 people per square 

kilometer. Areas in this cluster also exhibit lower human development outcomes, as reflected in the average HDI 

value of 71.97. In addition, their life expectancy falls within the moderate range, with an average of 72.48 years. 

Table 3. Cluster Statistics Results 

Cluster 
Population density HDI 

Life Expectancy 

(years) 
Cluster 

mean median std mean median std mean median std mean median std 

0 1352.0 1026.0 883.02 71.97 71.62 2.23 72.48 72.51 1.12 0.0 0.0 0.0 

1 11014.0 10123.0 2749.45 80.22 79.69 2.70 74.50 74.50 1.04 1.0 1.0 0.0 
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On the other hand, the second cluster (Cluster 1) represents regions with very high population density, 

averaging 11,014 people per square kilometer. Interestingly, regions in this cluster demonstrate better human 

development performance. This is indicated by their higher HDI of 80.22 and a longer life expectancy of 74.50 years. 

Fig. 1. PCA plot results. 

The differences in characteristics between the two clusters become more apparent through the 2D PCA 

visualization in Fig. 1 In the plot, the regions in Cluster 0 appear tightly grouped on one side of the diagram, indicating 

substantial similarity among the areas within this cluster. In contrast, the regions in Cluster 1 are more widely 

dispersed on the opposite side, reflecting significant differences in population density, HDI, and life expectancy. 

The PCA visualization further confirms the effectiveness of the clustering process by showing a clear 

separation between the two clusters within the reduced-dimensional space. This separation indicates that the 

selected variables population density, HDI, and life expectancy are capable of distinguishing regions with different 

development characteristics. The limited overlap between clusters suggests that the K-Means algorithm successfully 

identified distinct regional development patterns in West Java. Furthermore, the distribution of observations in the 

PCA plot demonstrates that variations in population density are closely associated with differences in human 

development outcomes, supporting the results of the correlation analysis. 

This pattern directly supports the correlation findings, which show strong relationships between population 

density and both HDI and life expectancy. In other words, regions with higher population density tend to exhibit 

better human development outcomes (Bille et al., 2023). The clustering results naturally group regions by these 

characteristics, reinforcing the interpretation that population density is a key variable in explaining variation in 

human development across West Java (Pravitasari et al., 2021). 

These findings are also consistent with field conditions. Highly populated cities typically have better access 

to educational services, healthcare, infrastructure, and economic opportunities (Fitrah Maharani et al., 2025). This 

contributes to improved quality of life, which is reflected in higher HDI and life expectancy values. Meanwhile, larger, 

less densely populated districts face challenges in ensuring equitable public service delivery, resulting in slower 
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human development progress (Dick-Sagoe, 2020). This further strengthens the conclusion that population density 

is one of the main determinants of human development disparities across regions in West Java. 

Thus, regional grouping through clustering methods serves not only as a technical analytical result but also 

reinforces and validates the correlation findings that higher population density is associated with better human 

development outcomes (Pravitasari et al., 2021). This demonstrates that population density plays a crucial role in 

illustrating both the inequalities and the development potential of regions in West Java (Wedi & Fathurrahman, 

2025). 

4.4 | Pearson Correlation and K-Means Clustering for Regional Development 

The results of the correlation test and K-Means analysis provide a comprehensive overview of how population 

distribution dynamics influence the quality of human development in West Java. The strong correlations between 

population density and both the Human Development Index (HDI) and life expectancy (LE) indicate that areas with 

higher population density tend to have greater access to education, healthcare, and socio-economic infrastructure 

(Chen et al., 2023). When these correlations are linked with the K-Means output, patterns of development inequality 

become increasingly evident: major urban cities such as Bandung, Bekasi, Depok, and Cimahi are grouped within 

clusters characterized by higher human development achievements, whereas regencies such as Cianjur, Garut, 

Kuningan, and Sukabumi fall into clusters with relatively lower performance. 

This pattern reflects on-the-ground conditions, showing that development in West Java remains spatially 

centralized(Saksono, 18 C.E.). Rapid growth occurs in urban and metropolitan areas, while larger, less densely 

populated regions experience slower development. (Dick-Sagoe, 2020) highlights that urban regions benefit from 

better public service infrastructure due to concentrated economic activity and service provision. Meanwhile, Naisy 

(2025) emphasizes that many regencies face challenges in delivering education and health services due to dispersed 

settlements, complex geographical conditions, and limited fiscal capacity (Madubun, 2024). These empirical findings 

reinforce the clustering results, suggesting that spatial isolation and low population density contribute to the lower 

levels of human development in regency areas. 

The correlation and clustering results are also relevant to West Java’s strategic development, especially the 

disparities between the North–South and West–East regions. The northern and western parts, closely connected to 

industrial zones and the Greater Jakarta area, show significantly higher human development outcomes. In contrast, 

the southern region, characterized by hilly topography and distant settlements, experiences slower development. 

This structural disparity is reflected in the clustering results, where southern and eastern regions tend to be grouped 

into clusters with lower HDI–LE values. 

These findings can also be interpreted through the perspective of regional development theories, 

particularly Growth Pole Theory and Core–Periphery Theory (Madubun, 2024). Growth Pole Theory suggests that 

development tends to concentrate in specific growth centers where economic activities, infrastructure, and 

investment are highly concentrated. In the context of West Java, major urban areas such as Bandung, Bekasi, and 

Depok function as growth poles that attract resources and generate development spillover effects. Meanwhile, 

Core–Periphery Theory explains that regions located closer to economic centers tend to experience more rapid 

development than peripheral regions. This perspective helps explain why districts located in southern and eastern 

West Java, which generally have lower accessibility and weaker economic integration, are grouped into clusters with 

lower HDI and life expectancy values. Therefore, the observed disparities are not merely demographic differences 

but also reflect uneven spatial distribution of development opportunities and public resources. 

These cluster categories provide an important insight for policymakers: regional disparities are not merely 

statistical differences but reflect challenges in accessibility, local economic structure, public service quality, spatial 

connectivity, and fiscal capacity. Therefore, the K-Means grouping can serve as a basis for formulating more precise 

development interventions, such as improving healthcare facilities, equalizing education services, accelerating 
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transportation and road infrastructure, and strengthening local economic sectors based on regional potential 

(Gharehbaghi et al., 2020). 

Overall, the integration of correlation and clustering results confirms that population density is not merely 

a demographic figure but a key indicator of the pace of regional development. Leveraging these findings enables the 

West Java Provincial Government to establish more targeted development priorities, reduce city–regency 

disparities, and promote more inclusive and equitable development across the province. 

5 | CONCLUSION 

The results of the correlation analysis and K-Means clustering demonstrate that regional development in West Java 

Province continues to face persistent spatial disparities, primarily characterized by a structural divide between 

advanced urban centers and lagging regencies. Highly urbanized regions exhibit a strong, mutually reinforcing nexus 

of high population density, superior Human Development Index (HDI) scores, and longer Life Expectancy (LE), 

whereas less-developed areas form a distinct peripheral cluster marked by lower socio-demographic outcomes. This 

concentration of development in specific urban agglomerations confirms the prevailing core-periphery dynamics 

within the province, where the northern and western economic corridors heavily outperform the southern and 

eastern rural zones. Consequently, utilizing correlation results to understand the interdependencies among these 

key macro indicators, combined with clustering typologies to map regional profiles, establishes a rigorous empirical 

foundation for designing more precise and targeted regional equalization policies. 

Addressing these deep-rooted interregional disparities requires local governments to transition from 

uniform approaches toward highly differentiated, evidence-based development strategies that prioritize the 

underserved peripheral cluster. A fundamental policy instrument involves strengthening fiscal equalization 

mechanisms to bridge the fiscal capacity gap among local governments, thereby ensuring that less-developed 

regencies can provide standardized public services comparable to advanced urban areas. In the education sector, 

strategic interventions must focus on rectifying the uneven distribution of human capital by implementing robust 

teacher redistribution policies, enhancing welfare incentives for educators in remote areas, and expanding rural 

educational infrastructure. Concurrently, accelerating investments in primary healthcare facilities and critical 

transportation networks is imperative to overcome geographic isolation, improve access to vital services, and foster 

long-term inclusive economic integration across all regions in West Java. 

Future research could substantially enrich these empirical findings by incorporating a broader spectrum of 

socio-economic variables to capture the multidimensional nature of regional disparities. Integrating macro 

indicators such as absolute poverty rates, gross regional domestic product (GRDP) growth, direct healthcare 

accessibility indexes, and digital infrastructure quality would provide a more comprehensive diagnostic of regional 

performance. Furthermore, subsequent studies should explore the application of alternative non-hierarchical 

clustering techniques, hierarchical algorithms, or advanced spatial econometrics—such as exploratory spatial data 

analysis (ESDA) and spatial autoregressive models to uncover deeper spatial patterns, localized spillover effects, and 

temporal dynamics in regional development. 
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