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Abstract 

Clustering is a fundamental technique in data analysis, particularly for exploring patterns in large-scale datasets. While K-Means is widely used 

for its simplicity and efficiency, its performance is highly sensitive to centroid initialization, which can affect both clustering quality and 

convergence speed. Hierarchical clustering methods, such as agglomerative and divisive approaches, provide more structured and deterministic 

initialization but incur higher computational cost. This study evaluates two hybrid models—Agglomerative K-Means and Divisive K-Means—

where hierarchical clustering is used to initialize centroids, followed by K-Means refinement. This approach aims to reduce the limitations of 

random initialization while improving clustering stability and efficiency in large-scale data environments. Experiments on poverty data from 

Central Java Province show that hybrid methods accelerate K-Means convergence: Agglomerative K-Means reduced iterations to 2 (from 3 in 

standard K-Means), while Divisive K-Means converged in 1 iteration. Silhouette, Davies–Bouldin, and Calinski–Harabasz indices indicate that 

Agglomerative K-Means achieves the most compact and well-separated clusters, whereas Divisive K-Means performed worse than standard K-

Means. Execution time measured only during the K-Means refinement phase shows that hybrids converge faster (Agglomerative: 2.04 ms; 

Divisive: 1.91 ms; K-Means: 116.68 ms), though this does not account for the hierarchical initialization cost. These findings provide practical 

insights into the trade-offs between clustering quality and computational efficiency when applying hybrid clustering methods. Overall, these 

results demonstrate that hybrid approaches can improve clustering stability and convergence efficiency, with Agglomerative K-Means providing 

the best balance between cluster quality and computational performance. 

Keywords: Clustering, K-Means, Hybrid Hierarchical–Partitioning, Execution Time, Centroid Optimization 

1. Introduction   

In the era of big data, the rapid growth in the volume, variety, and complexity of data has posed significant challenges 

for data analysis techniques. One of the most widely used approaches to address these challenges is clustering, an 

unsupervised learning method that aims to uncover hidden structures and patterns in large, complex, and often 

unlabeled datasets. Clustering plays a crucial role in various domains, including healthcare, marketing, financial 

analytics, and socio-economic analysis, where accurate data segmentation is essential for informed decision making 

and policy development [1], [2], [3], [4], [5]. 

Among existing clustering techniques, K-Means has become one of the most popular algorithms due to its simplicity, 

scalability, and computational efficiency. It is particularly suitable for large datasets, making it a common choice in 

big data applications [6], [7], [8], [9]. However, despite these advantages, K-Means suffers from a critical limitation: 

its dependence on random centroid initialization. This limitation often leads to unstable clustering results, sensitivity 

to initial conditions, and convergence to local minima, especially when dealing with high-dimensional or complex 

datasets [6], [10], [11], [12], [13]. 

To address these challenges, researchers have proposed various improvements and alternative approaches. One 

promising direction is the integration of hierarchical clustering with partitioning methods, forming hybrid clustering 

techniques. These approaches aim to combine the strengths of hierarchical methods such as their ability to capture 
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global data structure with the efficiency of partitioning algorithms like K-Means [14], [15], [16], [17], [18]. By using 

hierarchical clustering to generate more representative initial centroids, hybrid methods can improve clustering stability 

and reduce sensitivity to random initialization [19], [20], [21], [22]. 

However, despite the increasing adoption of hybrid clustering techniques, several issues remain unresolved. In 

particular, the trade-off between improved centroid initialization and additional computational overhead introduced by 

hierarchical processing has not been fully explored [15], [18], [23]. Furthermore, limited studies have provided a direct 

comparison between different hierarchical–partitioning strategies, such as agglomerative and divisive approaches, 

especially in terms of clustering efficiency and execution time [16], [20], [24]. 

Therefore, this study aims to compare the performance of standard K-Means with two hybrid approaches: 

Agglomerative K-Means and Divisive K-Means. The comparison focuses on execution time as a key performance 

metric, while also considering convergence behavior and clustering efficiency. By analyzing these methods, this 

research seeks to provide insights into the effectiveness of hierarchical-based centroid initialization and its impact on 

computational performance in large-scale data environments [7], [9], [25]. Consequently, the sensitivity of K-Means 

to initialization remains a significant challenge, particularly in big data environments where efficiency and robustness 

are equally important [13], [25], [26], [27], [28]. 

2. Literature Review  

2.1. Theoretical Background of Clustering Methods 

Clustering is a fundamental technique in unsupervised learning that aims to group data objects based on 

similarity, such that objects within the same cluster are more similar to each other than to those in different 
clusters [6], [7], [8], [9]. In the context of big data, clustering plays a crucial role in extracting meaningful patterns 

from large, complex, and often unlabeled datasets across various domains, including healthcare, marketing, and 

financial analytics [1], [2], [3], [4], [5]. 

Among various clustering techniques, K-Means has been widely adopted due to its simplicity, scalability, and 

computational efficiency [10], [11], [12], [13]. The algorithm partitions data into k clusters by minimizing intra-cluster 

variance, typically measured using the sum of squared errors. Despite its advantages, K-Means is highly sensitive to 

the initial placement of centroids, which are usually selected randomly. This limitation often leads to unstable clustering 

results and convergence to local minima, particularly in high-dimensional or complex datasets [10],  [14], [15], [16], 

[17], [18]. 

Hierarchical clustering provides an alternative approach by constructing a nested hierarchy of clusters, typically 

represented in the form of a dendrogram [3], [6], [7], [9], [29]. This method does not require predefined cluster numbers 

and offers a global view of data structure. Agglomerative (bottom-up) and divisive (top-down) strategies are the two 

main types of hierarchical clustering. Although hierarchical methods provide better interpretability and more stable 

clustering structures, they suffer from high computational complexity, making them less suitable for large-scale 

datasets [2],  [30], [31], [32], [33]. 

2.2. Literature on Hybrid Hierarchical-Partitioning Clustering 

Recent studies have explored hybrid clustering approaches that integrate hierarchical and partitioning methods to 

overcome the limitations of individual techniques [34], [35], [36], [37], [38], [39], [40], [41], [42], [43]. In general, 

these approaches utilize hierarchical clustering to generate more representative initial centroids, which are subsequently 

refined using efficient partitioning algorithms such as K-Means. 

This hybridization has been shown to improve clustering stability, reduce sensitivity to random initialization, and 

enhance overall clustering quality [25], [34], [40], [44], [45]. By leveraging the global structural insight of hierarchical 

clustering and the computational efficiency of K-Means, hybrid methods achieve a balance between accuracy and 

scalability, which is essential in big data environments. To assess these improvements, various cluster validity indices 

are commonly employed, including Silhouette Score, Davies–Bouldin Index, and Calinski–Harabasz Index, which 

measure cluster cohesion and separation [46]. 

Several variations of hybrid clustering have been proposed in the literature. For instance, agglomerative-based 

initialization methods generate initial clusters using bottom-up merging strategies, which are then refined using K-

Means to optimize centroid positions. Conversely, divisive-based approaches employ a top-down splitting strategy to 
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form initial clusters before applying partitioning refinement. These complementary strategies allow hybrid methods to 

capture both global and local data structures more effectively [27], [34], [38]. 

However, not all hybrid approaches are equally effective for large-scale structured data. Density-based hybrid methods, 

while capable of identifying arbitrarily shaped clusters, often require complex parameter tuning and may perform 

poorly in high-dimensional or heterogeneous datasets [3], [8]. In contrast, hierarchical–partitioning hybrids based on 

agglomerative and divisive strategies provide more deterministic and structure-preserving initialization processes, 

making them more suitable for structured datasets such as socio-economic or regional data [27], [34], [38]. 

3. Methodology   

3.1. Dataset 

This study employs the poverty dataset of Central Java Province obtained from the Indonesian Central Bureau of 

Statistics (BPS) in 2024 (table 1) [47]. The dataset consists of records from 35 districts and municipalities within the 

province and includes nine socio-economic indicators representing multidimensional aspects of poverty. 

Table 1. Employs the poverty dataset of Central Java Province 

This dataset was selected because it represents a real-world case of high-dimensional, imbalanced, and unlabeled socio-

economic data that requires accurate clustering to support regional poverty reduction policies and resource allocation 

[2], [5], [47]. In addition to its multidimensional nature, preliminary analysis indicates that the dataset exhibits 

heterogeneous distributions across variables, where certain regions show significantly higher values in indicators such 

as poverty rate, agricultural employment, and informal sector participation. This suggests the presence of clusters with 

varying densities and potentially imbalanced sizes, rather than perfectly uniform or spherical group structures. 

In addition to the regional dataset, supplementary testing was conducted using benchmark datasets from the UCI 

Machine Learning Repository to ensure the generalizability of the proposed methods across different domains [11], 

[48]. Benchmark datasets are widely used to evaluate clustering algorithms under standardized conditions, allowing 

validation of consistency, accuracy, and adaptability [10], [12]. 

Before performing clustering, data preprocessing was conducted to handle missing or incomplete values. The dataset 

contained several entries with “NA” (Not Applicable), particularly in socio-economic indicators such as employment 

data. Rather than deleting records with missing values, which may lead to the loss of meaningful information and 

distortion of data distribution, this study applied imputation techniques to replace missing entries with estimated values 

derived from existing data patterns [49], [50], [51], [52]. 

Such characteristics are particularly relevant when applying K-Means, which assumes clusters to be spherical and 

relatively balanced in size due to its reliance on distance-based partitioning [10], [11]. In datasets like this, where socio-

economic disparities vary significantly across regions, K-Means may produce suboptimal clustering results, such as 

biased centroid placement or improper grouping of regions with distinct profiles [10], [53]. This limitation motivates 

the need for more robust initialization strategies, such as those provided by hierarchical-based hybrid methods. 

Regency 

Percentage 

of poor 

population 

(%) 

Did 

Not/Have 

Not 

Completed 

Primary 

School (>15 

Years Old) 

Literacy 

Rate (15–

55 Years 

Old) 

Scol 

Participation 

Rate (13–15 

Years Old) 

Not 

Employed 

(>15 

Years 

Old) 

Employed 

in the 

Agricultural 

Sector (>15 

Years Old) 

Employed 

in the 

Informal 

Sector 

(>15 

Years 

Old) 

Per Capita 

Monthly 

Expenditure 

on Food 

Commodities 

Using 

Private/ 

Shared 

Toilet 

Cilacap 10.68 17.76 95.28 95.37 39.54 32.25 38.96 65.66 93.88 

Banyumas 11.95 15.25 95.91 99.59 38.05 14.93 37 64.03 91.56 

Purbalingga 14.18 18.45 93.87 94.77 32.05 19.04 39.89 63.98 94.16 

⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ 

Semarang  City 4.03 5.86 97.88 99.98 34.29 0.71 21.06 55.39 94.99 

Pekalongan  City 6.71 8.47 98.69 96.52 31.37 1.67 25.6 62.7 83.97 

Tegal  City 7.64 13.54 97.94 98.56 36.7 4.47 23.94 60.63 94.61 
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Moreover, the dataset reflects structured regional relationships, where geographically or economically similar districts 

may form natural groupings. This makes it well-suited for hierarchical clustering approaches, which can capture such 

global structures more effectively than purely partitioning-based methods [27], [34]. Therefore, the combination of 

hierarchical and partitioning techniques is particularly appropriate for this type of data. 

Specifically, missing values were imputed using the mean of the corresponding variable, a widely adopted statistical 

method in unsupervised learning tasks [49], [51]. The choice of mean imputation in this study is motivated by several 

considerations. First, the dataset consists of numerical socio-economic indicators where the mean provides a simple 

yet effective representation of central tendency without introducing additional model complexity. Second, clustering 

algorithms such as K-Means rely on distance calculations, making mean imputation particularly suitable as it preserves 

the geometric structure of the data and avoids biasing cluster centroids [10], [53]. Third, compared to more complex 

imputation techniques, mean imputation offers lower computational cost, which is essential in the context of big data 

processing and scalability [50], [51]. 

Moreover, preliminary data inspection indicated that the proportion of missing values in the dataset was relatively 

small and randomly distributed, reducing the risk of systematic bias when applying mean substitution [49], [52]. In 

such conditions, mean imputation has been shown to provide stable and reliable results without significantly affecting 

clustering performance. Therefore, this approach ensures that the dataset remains complete, consistent, and suitable for 

subsequent clustering analysis while maintaining computational efficiency and methodological simplicity.  

3.2. Methods 

This section outlines the methodology, the hybrid hierarchical–partitioning approach, as illustrated in the flowchart in 

Figure 1. 

 

Figure 1. The hybrid hierarchical–partitioning flowchart 

The K-Means algorithm is one of the most widely used partitioning methods in cluster analysis due to its simplicity 

and computational efficiency. Originally introduced by MacQueen (1967) [14], the algorithm aims to partition a dataset 

into k non-overlapping clusters such that objects within the same cluster are more similar to each other than to those in 

different clusters. The clustering process is based on minimizing the Within-Cluster Sum of Squared Errors (SSE), 

which serves as the objective function [11], [48]. The pseudocode of K-Means involves the following steps [10], [48]: 
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Algorithm 1. Standard K-Means Clustering 

Input: Dataset X, number of clusters k 

Output: Cluster labels 

1. Initialize k centroids randomly 

2. Repeat until convergence: 

a. Assign each data point to the nearest centroid 

b. Update centroids as the mean of assigned points 

3. Return final cluster labels 

The pseudocode above summarizes the iterative procedure of the standard K-Means algorithm, highlighting the two 

main phases: cluster assignment and centroid update. This process continues until convergence is achieved, ensuring 

that the final clusters minimize intra-cluster variance while maximizing separation between clusters. 

Despite its efficiency, the performance of K-Means is strongly influenced by the initial centroid selection. Random 

initialization may result in poor clustering solutions, convergence to local minima, or instability across multiple runs 

[10], [16], [17]. This issue is especially pronounced in high-dimensional or large datasets, where suboptimal 

initialization can lead to longer execution times and reduced clustering quality [13], [53]. Various studies have 

confirmed that K-Means may require several iterations before stabilizing, and the final solution can vary significantly 

depending on the initial seeds [22], [25]. 

To mitigate these limitations, several improvements to the standard K-Means have been proposed, including K-

Means++ [12], [23] and other advanced centroid initialization methods such as Adaptive initialization method for K-

Means algorithm (AIMK) [20] and K-Means NANI: An improved clustering algorithm for optimal seed selection [21], 

which introduce probabilistic or geometry-aware initialization schemes to select centroids more strategically. However, 

even with such enhancements, K-Means remains sensitive to initialization and is less effective when clusters are non-

spherical or imbalanced in size and density [1], [5], [11]. 

For these reasons, K-Means is often used as a baseline method in clustering research, against which new methods or 

hybrid approaches are evaluated [11], [27], [38]. In this study, standard K-Means serves as the benchmark for 

comparison with hybrid hierarchical–partitioning models, where the hierarchical stage is employed to improve centroid 

initialization and reduce the weaknesses inherent in the traditional algorithm [37], [42]. The Agglomerative 

Hierarchical + K-Means (AHC–KMeans) method is a hybrid clustering approach that combines the strengths 

of agglomerative hierarchical clustering and K-Means. It is designed to address one of the primary limitations 

of K-Means, namely the random initialization of centroids, which often leads to unstable clustering results 

and convergence to local minimum [14], [34], [38]. 

In the agglomerative hierarchical stage, the clustering process begins by treating each data point as an individual cluster. 

The algorithm then iteratively merges clusters based on a predefined linkage criterion until the desired number of 

clusters is achieved, forming a hierarchical structure known as a dendrogram [7], [9]. In this study, the agglomerative 

clustering is implemented using the Ward linkage method with Euclidean distance, as provided by the Agglomerative 

Clustering algorithm in scikit-learn. Ward’s linkage minimizes the total within-cluster variance during each merging 

step, resulting in compact and relatively spherical clusters. 

The selection of Ward’s method is particularly important in this hybrid framework. Compared to other linkage 

strategies, such as single linkage (which is prone to chaining effects and noise sensitivity) and complete linkage (which 

may produce overly tight clusters), Ward’s linkage provides a balanced clustering structure with improved cohesion 

and separation. Moreover, its objective function is consistent with the variance-minimization principle used in K-

Means, making it highly compatible for centroid initialization [29], [48]. 

Once the hierarchical clustering process produces k clusters, the centroid of each cluster is computed as the mean of its 

member data points. These centroids serve as deterministic initial seeds for the K-Means algorithm, replacing the 

conventional random initialization. This hierarchical-based initialization significantly reduces randomness and 

improves the stability of the clustering process, minimizing the risk of convergence to poor local minima and enhancing 

clustering consistency [15], [18], [35]. 

With these improved initial centroids, the K-Means algorithm is subsequently applied to refine cluster assignments. 

Since the centroids are already positioned near representative regions of the data space, the algorithm starts from a 
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more informed initialization. This leads to faster convergence, as fewer iterations are required to reach stability. 

Additionally, the reduced iteration count contributes to lower computational time while improving the robustness and 

reproducibility of the final clustering results [10], [11], [28]. 

The hybrid hierarchical–partitioning approach offers several advantages over traditional clustering techniques. First, it 

produces more stable and reproducible centroids by eliminating randomness in the initialization phase [38], [41]. 

Second, it enables faster convergence during the K-Means stage due to better initial centroid placement [7], [27]. Third, 

it generally improves clustering quality, as indicated by higher Silhouette scores and lower Davies–Bouldin Index 

(DBI) values, reflecting stronger intra-cluster cohesion and clearer inter-cluster separation [11], [46]. 

Despite these advantages, the AHC–KMeans method also has certain limitations. The hierarchical stage introduces 

additional computational overhead, as constructing the dendrogram requires significant time and memory resources 

[2], [6]. This limitation becomes more pronounced for large datasets due to the inherent complexity of agglomerative 

clustering [3], [30]. However, in structured datasets such as socio-economic data, the improved initialization provided 

by Ward-based hierarchical clustering often outweighs the additional cost, resulting in more accurate and stable 

clustering outcomes, particularly for high-dimensional or non-uniform data distributions [32], [36], [39]. 

Algorithm 2. Hybrid Agglomerative–KMeans Clustering 

Input: Dataset X, number of clusters k 

Output: Cluster labels 

1. Apply Agglomerative Hierarchical Clustering to dataset X  

2. Merge data points iteratively until k clusters are formed  

3. Compute initial centroids as the mean of data points in each cluster  

4. Initialize K-Means using the computed centroids  

5. Repeat until convergence: 

a. Assign each data point to the nearest centroid 

b. Update centroids as the mean of assigned points  

6. Return final cluster labels  

The pseudocode above describes a hybrid clustering approach in which agglomerative hierarchical clustering is first 

used to generate structured initial clusters. These clusters are then used to compute deterministic initial centroids for 

K-Means, reducing the randomness of initialization and improving convergence stability and clustering quality. 

The Divisive Hierarchical + K-Means (DHC–KMeans) method is a hybrid clustering approach that combines divisive 

hierarchical clustering with K-Means. Unlike the agglomerative method, which starts from individual points and 

merges them step by step, the divisive approach follows a top-down strategy by initially treating the entire dataset as a 

single cluster and recursively partitioning it into smaller sub-clusters until the desired number of clusters (k) is reached 

[7], [9], [34]. 

This approach differs from conventional divisive hierarchical clustering, where splits are often determined using global 

dissimilarity measures or dimensionality reduction techniques such as PCA [29], [54]. While those methods can capture 

global data structures more explicitly, they typically introduce higher computational complexity. In contrast, the K-

Means-based splitting strategy adopted in this study offers a practical balance between clustering accuracy and 

computational efficiency, particularly for high-dimensional datasets. 

In this study, the divisive hierarchical stage is implemented using a recursive binary splitting strategy based on K-

Means partitioning, rather than relying on traditional dissimilarity-based or projection-based methods. Specifically, at 

each iteration, the largest cluster (in terms of the number of data points) is selected and divided into two sub-clusters 

using the K-Means algorithm with k = 2 and Euclidean distance. This splitting process is repeated iteratively until the 

predefined number of clusters (k) is achieved. The use of K-Means as the splitting mechanism ensures that each 

partition is determined by minimizing intra-cluster variance, providing a computationally efficient and scalable 

alternative to more complex strategies such as exhaustive dissimilarity evaluation or Principal Component Analysis 

(PCA)-based splitting [10], [22], [55]. 

After the recursive splitting process produces k clusters, the centroid of each cluster is computed as the mean of its 

member data points. These centroids represent the central positions of their respective clusters and are used as 
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deterministic initial seeds for the subsequent K-Means refinement stage [17], [19], [35]. By deriving centroids from 

the hierarchical division, the initialization becomes more structured and less dependent on random selection, thereby 

improving clustering stability and reproducibility. 

In the final stage, the K-Means algorithm is applied using the centroids obtained from the divisive hierarchical stage 

as initial seeds. Since these centroids already capture the underlying structure of the dataset, the algorithm converges 

more rapidly and requires fewer iterations compared to standard K-Means with random initialization [10], [22], [55]. 

This refinement process enhances the precision of cluster boundaries and improves overall clustering accuracy and 

consistency across multiple runs. 

The integration of divisive hierarchical clustering with K-Means offers several advantages. First, the top-down splitting 

strategy enables early identification of globally significant cluster structures, resulting in more representative initial 

centroids [7], [38]. Second, the use of K-Means-based splitting ensures computational efficiency while maintaining 

consistency with the variance-minimization objective of the final clustering stage. Third, the hybrid approach reduces 

convergence time and improves clustering stability by providing well-informed initial conditions [11], [37], [39]. 

Despite these advantages, the DHC–KMeans method also has certain limitations. The recursive splitting process 

introduces additional computational overhead, particularly as the number of clusters increases [2], [6], [9]. Moreover, 

although the splitting process is efficient, it inherits some limitations of K-Means, such as sensitivity to data distribution 

and a tendency to favor spherical cluster shapes [13], [30]. Nevertheless, this hybrid framework is specifically designed 

to address the primary weakness of standard K-Means—its sensitivity to random centroid initialization—while 

maintaining a balance between computational efficiency and clustering performance [36], [38], [44]. 

Algorithm 3. Hybrid Divisive–KMeans Clustering 

Input: Dataset X, number of clusters k 

Output: Cluster labels 

1. Initialize dataset X as a single cluster  

2. While the number of clusters is less than k: 

a. Select the largest cluster 

b. Split the selected cluster into two sub-clusters using K-Means ( k=2 )  

3. Compute centroids of the resulting kkk clusters  

4. Initialize K-Means using the computed centroids  

5. Repeat until convergence: 

a. Assign each data point to the nearest centroid 

b. Update centroids as the mean of assigned points  

6. Return final cluster labels  

The pseudocode above outlines a top-down hybrid clustering strategy, where divisive hierarchical clustering is 

performed through recursive partitioning. The resulting clusters provide structured initial centroids for the K-Means 

refinement stage, enabling faster convergence and improved clustering consistency compared to random initialization. 

3.3. Evaluation Metrics 

To comprehensively assess clustering performance, this study applies three categories of evaluation metrics: execution 

time, convergence iterations, and cluster validity indices. These metrics capture not only computational efficiency but 

also the stability and quality of clustering results, which are essential for evaluating clustering algorithms in big data 

environments [5], [10], [11], [25]. 

Execution time refers to the total amount of time taken by each clustering algorithm to complete the clustering process, 

measured in seconds. In this study, execution time was recorded using Python’s built-in time function, which captures 

the duration from the initialization of the algorithm to its convergence. This metric directly evaluates computational 

efficiency, which is particularly critical in the context of big data analysis, where clustering methods must be both 

accurate and scalable [5], [7], [27]. Hybrid approaches, such as Agglomerative K-Means and Divisive K-Means, are 

expected to reduce overall computation time by improving centroid initialization, which leads to faster convergence 

despite the additional hierarchical overhead [25], [37], [42]. Previous studies have demonstrated that such hybrid 
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hierarchical–partitioning methods can achieve a balance between accuracy and efficiency, outperforming traditional 

K-Means in large-scale datasets [36], [39].  

Convergence iterations represent the number of refinement steps K-Means requires to stabilize after centroid 

initialization. A lower number of iterations indicates that centroids were initialized closer to optimal positions, leading 

to faster convergence and reduced computational load [15], [17], [19]. In standard K-Means, poor centroid initialization 

can lead to multiple redundant iterations, increasing both execution time and the risk of suboptimal clustering [10], 

[11], [14]. In contrast, hybrid methods such as hierarchical-based or metaheuristic-assisted centroid initialization 

improve convergence by providing better starting centroids, thereby accelerating the stabilization process [18], [22], 

[23], [25]. This metric is essential for comparing the efficiency and stability between conventional and hybrid clustering 

algorithms, as it highlights the role of initialization in the optimization of clustering performance [17], [24], [35]. 

To evaluate the quality of the resulting clusters, three internal validation indices are employed: Silhouette Coefficient, 

Davies–Bouldin Index (DBI), and Calinski–Harabasz Index (CH Index). These indices measure cluster cohesion, 

separation, and variance structure to provide a comprehensive evaluation of clustering quality [28], [46], [48]. 

 

The Silhouette Coefficient is one of the most widely used internal validation indices for clustering evaluation. It 

provides a quantitative measure of how well each data point fits within its assigned cluster compared to other clusters. 

The index combines two key aspects of clustering quality: cohesion (the degree of similarity between a data point and 

other points in the same cluster) and separation (the degree of dissimilarity between a data point and points in the 

nearest neighboring cluster). For each data point i, the Silhouette value s(i) is defined as: 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max⁡{𝑎(𝑖), 𝑏(𝑖)}
 (1) 

The Silhouette Coefficient is a widely used metric for evaluating the quality and validity of clustering results. It 

measures how similar an object is to its own cluster compared to other clusters, thereby assessing both cluster cohesion 

and separation. In this metric, a(i) represents the average distance between a data point i and all other points within the 

same cluster, which reflects the degree of cohesion. Meanwhile, b(i) denotes the minimum average distance between 

the point i and all points belonging to other clusters, representing the separation between clusters. The Silhouette 

Coefficient value ranges from –1 to +1. A value close to +1 indicates that the data point is well-matched to its own 

cluster and poorly matched to neighboring clusters, implying a well-defined cluster structure. A value near 0 suggests 

that the point lies on the boundary between clusters, while a value approaching –1 indicates that the point may have 

been incorrectly assigned to a cluster [48]. 

High Silhouette scores suggest compact and well-separated clusters, while low scores indicate overlap or weak structure 

[46], [48]. This metric is frequently used in comparative studies of clustering algorithms to evaluate the effectiveness 

of initialization and the optimal number of clusters [11], [25], [28]. The Davies–Bouldin Index (DBI) is an internal 

cluster validity metric that evaluates the average similarity between clusters by considering both the compactness 

within clusters and the separation between clusters. It was first introduced by Davies and Bouldin (1979) and has since 

been widely used for assessing clustering quality in unsupervised learning. 

For each cluster i, the DBI is calculated as the average of the maximum similarity values between cluster i and all other 

clusters j. The similarity measure is defined as the ratio between the within-cluster scatter (how compact the cluster is) 

and the distance between cluster centroids (how far apart two clusters are). Mathematically, the DBI is expressed as: 

𝐷𝐵𝐼 =
1

𝑘
∑max

𝑗≠𝑖
(
𝑆𝑖 + 𝑆𝑗

𝑀𝑖𝑗

)

𝑘

𝑖=1

 (2) 

In the context of the Davies–Bouldin Index (DBI), several key parameters are used to quantify the compactness and 

separation of clusters. Here, k denotes the total number of clusters formed during the clustering process. The term Sᵢ 

represents the average distance between all data points within cluster i and its corresponding centroid, which measures 

the intra-cluster compactness or cohesion. Meanwhile, Mᵢⱼ refers to the distance between the centroids of clusters i and 

j, capturing the inter-cluster separation or distinctiveness between clusters. Together, these components form the basis 

for calculating the DBI, where lower index values indicate better clustering performance characterized by tighter 

clusters and greater separation between them. Lower DBI values indicate better clustering compact clusters and high 

separation [28], [48]. The DBI is particularly effective for imbalanced or variable-density datasets, making it a suitable 

index for evaluating hybrid clustering algorithms in big data analysis [5], [25], [46]. 
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The Calinski–Harabasz Index (CH Index), also referred to as the Variance Ratio Criterion (VRC), is an internal 

clustering validation metric that evaluates the quality of a clustering structure based on the ratio of between-cluster 

dispersion to within-cluster dispersion. It was first proposed by Caliński and Harabasz (1974) and has since been widely 

adopted as a reliable measure for determining the optimal number of clusters in unsupervised learning. Mathematically, 

the CH Index is defined as: 

𝐶𝐻(𝑘) =
𝑇𝑟(𝐵𝑘)

𝑇𝑟(𝑊𝑘)
𝑥
𝑁 − 𝑘

𝑘 − 1
 (3) 

In the formulation of the Calinski–Harabasz (CH) Index, several key parameters are used to evaluate the balance 

between cluster compactness and separation. Here, N denotes the total number of data points in the dataset, while k 

represents the number of clusters generated by the clustering algorithm. The term Tr(Bₖ) refers to the trace of the 

between-cluster dispersion matrix, which quantifies the variance of cluster centroids relative to the overall mean of the 

dataset reflecting the degree of cluster separation. Meanwhile, Tr(Wₖ) denotes the trace of the within-cluster dispersion 

matrix, representing the variance of data points within each cluster and thus measuring cluster compactness. The ratio 

between these two measures serves as the foundation of the CH Index, where a higher value indicates better-defined 

clusters characterized by strong separation and internal cohesion. 

A higher CH Index value indicates better clustering quality, as it reflects clusters that are well-separated from each 

other (high between-cluster variance) and internally compact (low within-cluster variance). Unlike the Davies–Bouldin 

Index (DBI), where lower values are preferred, the CH Index favors higher values as a sign of optimal partitioning 

[25], [48]. Higher CH values indicate better clustering, signifying high inter-cluster variance and low intra-cluster 

variance [28], [46]. The CH Index is widely applied for model selection to determine the optimal number of clusters, 

complementing the Silhouette and DBI metrics [11], [28], [46]. Prior studies have confirmed its effectiveness in hybrid 

hierarchical–partitioning clustering, especially for medium to large-scale datasets, due to its sensitivity to both 

compactness and separation [25], [36], [41]. 

When combined with the Silhouette Coefficient and the Davies–Bouldin Index (DBI), the Calinski–Harabasz (CH) 

Index offers a comprehensive perspective for evaluating clustering performance from multiple dimensions. In addition 

to these validity indices, several complementary metrics are also considered to provide a more holistic assessment. 

Execution Time measures the computational efficiency of the algorithm, indicating how effectively the method handles 

data processing within a given runtime [7], [25], [27], [39]. Convergence Iterations reflect the effectiveness of centroid 

initialization and the overall algorithmic stability, where fewer iterations typically imply faster and more reliable 

convergence [15], [17], [18], [22]. Finally, the Cluster Validity Indices including Silhouette, DBI, and CH jointly assess 

the clustering accuracy and structural quality of the resulting partitions, ensuring that clusters are both cohesive and 

well-separated [11], [28], [46], [48]. This integrated evaluation framework ensures a balanced and objective 

comparison between standard K-Means and hybrid approaches, revealing the trade-offs between efficiency, stability, 

and cluster quality [5], [10], [11], [25], [28]. 

4. Results and Discussion 

4.1. Execution Time Comparison 

Table 2 presents the 35 data points of the clustering results show the assigned cluster labels for each method: K-Means 

predominantly assigns most points to cluster 2, with some points in clusters 0 and 1; Agglomerative K-Means shows 

more variation across clusters 0, 1, and 2; while Divisive K-Means produces a pattern very similar to Agglomerative 

K-Means, indicating comparable cluster assignments between the two hybrid approaches. 

Table 2. 35 data points of clustering results 

Method Regency Cluster Assignment 

Kmeans : 2 2 2 0 2 2 0 0 2 2 1 2 2 0 2 0 2 2 1 1 2 2 2 2 2 2 0 2 0 1 1 1 1 1 1 

Agglomerative-Kmeans : 2 2 1 1 1 2 1 1 1 2 2 1 2 1 1 1 2 2 0 2 2 2 1 2 1 2 1 2 1 0 0 0 0 0 0 

Divisive-Kmeans : 2 2 1 1 1 2 1 1 1 2 2 1 2 1 1 1 2 2 0 2 2 2 1 2 1 2 1 2 1 0 0 0 0 0 0 

Table 3 presents the execution time of the three clustering methods: standard K-Means, Agglomerative K-Means, and 

Divisive K-Means. The results are reported in seconds and represent the average of multiple experimental runs to 

reduce the effect of random variations. All experiments were conducted on a personal computer equipped with an Intel 
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Core i5-1035G1 CPU and 8 GB of RAM. Figure 2 presents the clustering results in the form of a geographic cluster 

map, illustrating the spatial distribution of clusters across districts and municipalities in Central Java Province for three 

different methods: standard K-Means, Hybrid Agglomerative–KMeans, and Hybrid Divisive–KMeans. 

Each subfigure in figure 2 represents a different clustering approach, where regions are color-coded into three clusters 

(Cluster 0, Cluster 1, and Cluster 2). The map visualization allows for intuitive interpretation of how each method 

groups regions based on socio-economic similarity. In the K-Means result, cluster assignments appear more scattered 

and less spatially coherent, indicating sensitivity to random centroid initialization. Some neighboring regions are 

assigned to different clusters, suggesting weaker structural consistency. 

In contrast, the Hybrid Agglomerative–KMeans method produces more spatially consistent clusters, where 

geographically adjacent regions tend to belong to the same cluster. This indicates that hierarchical initialization helps 

capture the underlying structure of the data more effectively, leading to improved cluster stability and cohesion. 

Similarly, the Hybrid Divisive–KMeans method shows a more balanced distribution of clusters across the region. The 

clusters appear more structured compared to standard K-Means, although slight fragmentation is still observed in 

certain areas. This reflects the influence of the recursive splitting mechanism, which captures global data structure but 

may still be affected by local variations. 

Overall, the cluster map visualization in figure 2 demonstrates that hybrid hierarchical–partitioning approaches produce 

more interpretable and spatially meaningful clustering patterns compared to standard K-Means. This visual evidence 

supports the quantitative evaluation results, particularly in terms of improved clustering stability and efficiency. 

Table 3. Execution time comparison of clustering methods 

Method 
Execution 

Time (ms) 

Iterations to 

Convergence 

Silhouette 

Score 
DBI CH Index 

Standard K-Means 116.68 3 0.1903 1.4189 15.4015 

Agglomerative K-Means (AHC) 2.04 2 0.2189 1.3275 15.5569 

Divisive K-Means (DHC) 1.91 1 0.1436 1.6802 11.9842 

 

 

Figure 2. the result of the hybrid clustering 

From the table 3, it can be observed that both hybrid approaches (AHC–KMeans and DHC–KMeans) required fewer 

iterations to converge compared to the standard K-Means. The reduced number of iterations translated into lower 

execution times, despite the additional overhead introduced by the hierarchical initialization phase. Moreover, the 

hybrid methods achieved slightly better Silhouette Scores and lower Davies–Bouldin Index values, indicating improved 

cluster quality. In addition, the Calinski–Harabasz (CH) Index values for the hybrid methods were notably higher than 

those of the standard K-Means. Since a higher CH Index reflects clusters that are both compact and well-separated, 

this further confirms that the hybrid approaches produced more reliable and well-defined clustering structures. Taken 

together, these results demonstrate that the integration of hierarchical initialization with K-Means not only improves 

computational efficiency but also enhances the overall quality and stability of the clustering results. 
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4.2. Cluster Characteristics Analysis 

The Cluster Characteristics Analysis aims to provide a detailed interpretation of the clustering results by examining the 

unique socio-economic features represented in each cluster. This analysis helps to understand how regions with similar 

attributes are grouped together and reveals the underlying patterns that distinguish one cluster from another. The results 

of the Cluster Characteristics Analysis are presented in figure 2. 

The clustering results obtained using the K-Means method reveal distinct socio-economic characteristics across the 

three identified clusters. Each cluster represents regions with similar poverty, education, employment, and living 

condition profiles, enabling a clearer interpretation of regional socio-economic patterns. 

Cluster 0 – Moderate-Poverty Rural Regions. Cluster 0 is characterized by a relatively high average poverty rate of 

12.44%, accompanied by a high proportion of individuals who did not complete primary education (17.54%) and a 

relatively low literacy rate (92.67%). The school participation rate is also lower (94.96%) compared to other clusters. 

In terms of employment, this cluster shows strong dependence on the agricultural sector (29.56%) and a high proportion 

of informal workers (46.16%). The average per capita food expenditure is moderate (62.05), while toilet usage remains 

relatively high (94.64%). These quantitative indicators confirm that Cluster 0 represents rural regions with moderate-

to-high poverty levels and limited educational attainment, such as Banjarnegara, Wonosobo, and Grobogan. 

Cluster 1 – Urbanized and High-Literacy Areas. Cluster 1 exhibits the most favorable socio-economic conditions, with 

the lowest poverty rate (6.35%) and the lowest proportion of individuals without primary education (6.86%). This 

cluster also has the highest literacy rate (98.12%) and school participation rate (99.12%), indicating strong educational 

outcomes. Agricultural employment is very low (5.24%), while informal employment is also relatively low (24.19%). 

Despite having slightly lower per capita food expenditure (58.46), toilet usage remains high (89.59%). These metrics 

indicate that Cluster 1 represents urban and economically advanced regions, such as Semarang City, Salatiga City, and 

Magelang City. 

Cluster 2 – Transitional Semi-Urban Areas. Cluster 2 represents an intermediate group, with a moderate poverty rate 

(9.70%) and a moderate proportion of individuals without primary education (13.84%). The literacy rate (95.02%) and 

school participation rate (98.33%) are higher than Cluster 0 but lower than Cluster 1. Employment characteristics show 

a balanced structure, with moderate agricultural employment (18.23%) and informal sector participation (35.50%). Per 

capita expenditure (61.99) and toilet usage (95.20%) indicate relatively stable living conditions. Thus, this cluster can 

be interpreted as semi-urban regions undergoing economic transition, such as Banyumas, Klaten, and Kendal. A 

detailed comparison of socio-economic indicators for each cluster is provided in table 4. 

Table 4. Comparison of Socio-Economic Indicators K-Means Clusters 

Indicator Cluster 0 Cluster 1 Cluster 2 

Poverty Rate 12.44 6.35 9.70 

No Primary Education 17.54 6.86 13.84 

Literacy Rate 92.67 98.12 95.02 

School Participation 94.96 99.12 98.33 

Agricultural Employment 29.56 5.24 18.23 

Informal Employment 46.16 24.19 35.50 

Food Expenditure 62.05 58.46 61.99 

Toilet Usage 94.64 89.59 95.20 

The clustering results obtained using the Hybrid Agglomerative-KMeans method reveal distinct socio-economic 

characteristics across the three identified clusters. Each cluster represents regions with similar poverty, education, 

employment, and living condition profiles, enabling a clearer interpretation of regional socio-economic patterns. 

Cluster 0 – Urban Core Group. Cluster 0 demonstrates the lowest poverty rate (5.91%) and the lowest percentage of 

individuals without primary education (5.18%). It also has the highest literacy rate (98.59%) and school participation 

rate (99.06%). Agricultural employment is minimal (5.05%), and informal sector participation is relatively low 

(23.95%). However, this cluster shows slightly lower toilet usage (86.78%) compared to others, despite having a lower 
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per capita expenditure (57.83). Overall, these indicators confirm that Cluster 0 represents urban core regions with 

strong educational attainment and diversified economies, such as Salatiga City and Semarang City. 

Cluster 1 – Rural-Agrarian Cluster. Cluster 1 has the highest poverty rate (12.34%) and the highest proportion of 

individuals without primary education (17.18%), along with the lowest literacy rate (92.88%). It also shows strong 

reliance on agriculture (29.43%) and the highest informal employment rate (46.20%). Interestingly, this cluster records 

the highest per capita food expenditure (62.04), but this does not offset its structural disadvantages. These quantitative 

findings indicate that Cluster 1 represents rural and agriculturally dependent regions with lower socio-economic 

conditions, such as Banjarnegara, Kebumen, and Wonosobo. 

Cluster 2 – Emerging Semi-Urban Cluster. Cluster 2 exhibits moderate poverty levels (9.32%) and a moderate 

percentage of individuals without primary education (13.58%). The literacy rate (95.22%) and school participation rate 

(98.40%) suggest relatively good educational access. Employment indicators show moderate agricultural (15.93%) and 

informal sector participation (33.32%), reflecting a diversified economic structure. Per capita expenditure (61.74) and 

toilet usage (95.13%) are also relatively high. Therefore, this cluster can be interpreted as emerging semi-urban regions 

transitioning toward more developed economic structures, such as Banyumas, Demak, and Rembang. 

A detailed comparison of socio-economic indicators for each cluster is provided in table 5. 

Table 5. Comparison of Socio-Economic Indicators Hybrid Agglomerative-KMeans Clusters 

Indicator Cluster 0 Cluster 1 Cluster 2 

Poverty Rate 5.91 12.34 9.32 

No Primary Education 5.18 17.18 13.58 

Literacy Rate 98.59 92.88 95.22 

School Participation 99.06 95.05 98.40 

Agricultural Employment 5.05 29.43 15.93 

Informal Employment 23.95 46.20 33.32 

Food Expenditure 57.83 62.04 61.74 

Toilet Usage 86.78 94.94 95.13 

The clustering results obtained using the Hybrid Divisive-KMeans method reveal distinct socio-economic 

characteristics across the three identified clusters. Each cluster represents regions with similar poverty, education, 

employment, and living condition profiles, enabling a clearer interpretation of regional socio-economic patterns. 

Cluster 0 – Developed Urban Centers. Cluster 0 shows relatively low poverty (7.97%) and lower educational 

deprivation (10.75%), with a high literacy rate (96.29%) and school participation (98.78%). Agricultural employment 

is relatively low (10.66%), and informal sector participation is also moderate (29.41%). Per capita expenditure (60.32) 

and toilet usage (92.80%) indicate relatively good living standards. These metrics suggest that Cluster 0 represents 

developed urban or semi-urban regions with relatively strong socio-economic conditions. 

Cluster 1 – Middle-Class Transition Regions. Cluster 1 has a moderate poverty rate (10.95%) and moderate educational 

attainment, with literacy at 94.33%. Agricultural employment remains relatively high (29.38%), and informal sector 

participation is also high (45.04%). Per capita expenditure (62.44) and toilet usage (95.38%) are relatively high, 

indicating improving living conditions. This cluster reflects regions undergoing economic transition with mixed rural–

urban characteristics. 

Cluster 2 – High-Poverty Agrarian Regions. Cluster 2 exhibits the highest poverty rate (14.07%) and the highest 

proportion of individuals without primary education (19.48%), along with the lowest literacy rate (91.40%). It also 

shows high dependence on agriculture (28.76%) and the informal sector (45.32%). Although per capita expenditure 

(61.93) is relatively similar to other clusters, the overall socio-economic indicators suggest structural disadvantages. 

Thus, Cluster 2 represents high-poverty rural regions with limited educational attainment and strong dependence on 

traditional economic sectors, such as Banjarnegara, Purbalingga, and Brebes. A detailed comparison of socio-economic 

indicators for each cluster is provided in table 6. 
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Table 6. Comparison of Socio-Economic Indicators Hybrid Divisive-KMeans Clusters 

Indicator Cluster 0 Cluster 1 Cluster 2 

Poverty Rate 7.97 10.95 14.07 

No Primary Education 10.75 15.30 19.48 

Literacy Rate 96.29 94.33 91.40 

School Participation 98.78 96.72 93.82 

Agricultural Employment 10.66 29.38 28.76 

Informal Employment 29.41 45.04 45.32 

Food Expenditure 60.32 62.44 61.93 

Toilet Usage 92.80 95.38 94.01 

4.3. Discussion 

The experimental results demonstrate that employing hierarchical clustering techniques to initialize centroids prior to 

executing K-Means substantially improves clustering performance. By selecting more representative initial centroids, 

the hybrid approach reduced the number of convergence iterations and lowered overall execution time. While the 

hierarchical phase introduces additional computational overhead due to dendrogram construction, this cost is offset by 

the reduced refinement steps required in K-Means. These results indicate that hierarchical initialization enhances 

clustering efficiency, stability, and convergence speed. 

The observed improvements are consistent with prior studies emphasizing the importance of centroid initialization. 

Osei-Bryson [38] showed that hybrid hierarchical–K-Means models produce more consistent results than conventional 

K-Means [14]. Cabrera [15] and Khan [17] confirmed that advanced initialization strategies reduce iterations and 

accelerate convergence. Akhter et al. [37] demonstrated that an O(N log N) hybrid merging approach balances 

initialization cost and clustering efficiency. Chen et al. [27] reported that hierarchical–partitioning combinations are 

particularly advantageous for large-scale datasets, as the reduced iteration count compensates for dendrogram 

computation. Similarly, Ikotun et al. [11] and Das and Mitra [46] found that hybrid initialization improves cluster 

compactness and separation, reflected in higher Silhouette and lower Davies–Bouldin scores. While Bai et al. [1] and 

Solano and Berlanga [36] highlighted hybrid approaches’ ability to handle non-spherical data structures, Zhang et al. 

[30] and Salehi et al. [40] cautioned about memory and scalability challenges in extremely large datasets. 

Overall, the current experiments confirm that hierarchical initialization enhances K-Means performance by stabilizing 

clustering outcomes and improving computational efficiency. The findings reinforce the conclusions of fast hybrid 

methods [37], [39] and advanced centroid optimization strategies [17], [19], demonstrating that intelligent centroid 

selection remains a critical factor in hybrid clustering frameworks. 

The results highlight a trade-off between clustering quality and execution time. Standard K-Means is computationally 

efficient for small datasets but may converge slowly or produce unstable clusters for larger, complex datasets. Hybrid 

approaches mitigate these issues by combining the global structure capture of hierarchical clustering with K-Means’ 

refinement efficiency, improving both cluster validity and execution speed. 

However, the dendrogram construction in hierarchical clustering can become a bottleneck for extremely large datasets. 

Future research could explore optimization strategies, such as parallelized hierarchical methods, approximate 

dendrogram construction, or hybrid centroid selection algorithms, to enhance scalability without sacrificing cluster 

quality. Additionally, further investigation into the applicability of hybrid methods for high-dimensional or non-

spherical data could extend their practical utility. 

This study is subject to several limitations related to the dataset, scalability, and algorithmic assumptions. First, the 

dataset used in this research consists of socio-economic data from Central Java, which can be categorized as a medium-

sized dataset and may not fully represent more complex, large-scale, or high-dimensional data environments. 

Additionally, the dataset is primarily numerical and relatively well-structured, which may favor clustering performance 

compared to more heterogeneous or unstructured data. From a scalability perspective, although the hybrid hierarchical–

K-Means approach improves clustering quality and stability, the hierarchical stage introduces additional computational 

overhead, particularly in terms of time and memory complexity, which may limit its applicability to very large datasets. 
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Furthermore, the proposed method relies on several assumptions, including the use of Euclidean distance as the 

similarity metric, the expectation that clusters are relatively compact and spherical in shape (as required by K-Means), 

and a predefined number of clusters (k). These assumptions may not always hold in real-world scenarios with irregular 

cluster shapes or unknown cluster structures. Therefore, caution should be exercised when applying this method to 

large-scale, high-dimensional, or highly complex datasets, and further optimization or adaptation may be necessary to 

ensure its practical effectiveness. 

5. Conclusion 

This study compared the performance of standard K-Means with two hybrid approaches, namely Agglomerative K-

Means and Divisive K-Means. The experimeintelntal results demonstrate that both hybrid methods outperform standard 

K-Means in terms of centroid stability and convergence behavior. By utilizing hierarchical clustering to determine 

initial centroids, the hybrids reduce sensitivity to random initialization and achieve more consistent clustering 

outcomes. In terms of execution time, the hybrid approaches also provide advantages, particularly for medium and 

large-scale datasets. Although hierarchical initialization introduces an initial overhead, this cost is compensated by 

faster convergence during the K-Means refinement phase, resulting in improved overall computational efficiency. 

Overall, the results confirm that integrating hierarchical initialization with K-Means enhances clustering performance 

and stability. Future work could focus on exploring variations of hierarchical initialization techniques or optimization 

strategies within the hybrid framework to further improve efficiency and scalability, while remaining consistent with 

the methods and analyses presented in this study. 
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