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Abstract: Clustering is essential in big data analytics, especially for partitioning high-dimensional socioeconomic
datasets to support interpretation and policy decisions. While K-Means is widely used for its simplicity and scalability,
its strong sensitivity to initial centroid selection often leads to unstable results and slower convergence. Previous hybrid
approaches, such as Agglomerative-K-Means, attempted to address this issue by using hierarchical clustering for
centroid initialization; however, these methods rely on bottom-up merging, which can produce suboptimal initial
partitions and increase computational overhead for larger datasets. To overcome these limitations, this study proposes a
hybrid divisive-K-Means (DHC) model that employs top-down hierarchical splitting to generate more coherent initial
centroids before refinement with K-Means. Using a multidimensional poverty dataset from Central Java Province
provided by the Indonesian Central Bureau of Statistics (BPS), the performance of DHC was evaluated against standard

K-Means and Agglomerative-K-Means. The assessment included execution time, convergence iterations, and cluster
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validity indices (Silhouette, Davies-Bouldin, and Calinski-Harabasz). Experimental results demonstrate that DHC
reduces execution time by up to 97% and requires 40% fewer iterations than standard K-Means, while achieving
comparable or improved cluster quality (e.g., CH Index increasing from 14.3 to 15.8). These findings indicate that the
DHC model offers a more efficient and stable clustering solution for large-scale socioeconomic data analysis.
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Figure 1 Hybrid DHC Framework
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Table 1 Poverty Dataset of Central Java Province

1 TS BT VR Hih 46

=200 @) @ ® @ ® ® @ ®
Cilacap 10.68 17.76 95.28 9537 39.54 3225 38.96 65.66 93.88
Banyumas 11.95 15.25 95.91 99.59 38.05 14.93 37 64.03 91.56
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Purbalingga 14.18 18.45 93.87 94.77 32.05 19.04 39.89 63.98 94.16
Banja:negar 14.71 17.16 92.92 94.64 31.97 30.73 46.34 60.84 93.58
Kebumen 15.71 15.66 94.87 99.47 30.77 27.6 4891 60.04 98.35
Purworejo 10.87 12.13 95.81 99.1 29.43 27.71 46.77 61.92 99.12
Wonosobo 15.28 18.71 93.03 90.08 29.42 36.45 4791 62.52 93.8
Magelang 10.83 14.37 93.72 93.99 28.79 3091 46.64 58.05 92.61
Boyolali 9.63 14.66 92.77 96.26 27.31 26.84 45.55 62.1 92.53
Klaten 12.04 12.48 94.27 99.99 33.43 15.52 34.19 59.1 98.13
Sukoharjo 7.47 8.98 95.51 99.98 33.48 9.37 28.03 61.1 98.33
Wonogiri 10.71 17.74 92.43 97.04 31.67 32.66 45.75 62.08 100
Karanganyar 9.59 10.21 94.07 98.73 33.08 15.82 31.95 60.37 97.57
Sragen 12.41 16.46 89.79 94.21 29.3 28.29 43.75 58.4 100
Grobogan 11.43 11.94 94.16 97.02 29.01 32.72 50.28 65.68 93.7
Blora 11.42 19.89 88.56 97.04 27.15 38.94 54.74 62.39 94.14
Rembang 14.02 14.43 94.97 99.17 32.1 26.66 39.26 62.21 90.74
Pati 9.17 14.79 94.01 97.6 35.00 24.02 41.45 61.83 98.52
Kudus 7.23 8.56 95.91 99.99 30.57 6.97 25.66 59.43 98.63
Jepara 6.09 11.22 96.26 98.91 34.26 10.35 30.53 63.59 94.14
Demak 11.89 11.26 95.92 98.25 31.19 17.75 33.42 60.82 93.74
Semarang 6.96 13.79 95.67 96.31 27.95 17.57 36.81 59.28 96.33
Temanggung 8.67 16.77 96.07 95.78 25.9 41.51 52.68 63.3 95.02
Kendal 9.35 16.38 95.47 97.38 34.39 19.57 349 62.06 93.35
Batang 8.73 18.08 93.59 93.13 29.7 20.25 39.19 63.95 94.73
Pekalongan 8.95 159 93.47 96.3 30.66 11.22 33.75 62.29 92.22
Pemalang 14.92 20.99 89.27 88.85 36.45 20.83 41.04 63.14 91.26
Tegal 6.81 19.21 93.62 99.93 40.85 12.52 30 63.63 95.19
Brebes 15.6 24.72 92.37 97.18 34.61 27.02 43.56 62.27 91.15
Magelang i 5.94 2.88 99.43 99.81 41.72 0.5 24.18 59.22 76.86
Surakarta 7 8.31 427 98.33 99.96 38.38 NA 23.52 56.58 78.06
Salatiga i 4.57 441 98.63 99.02 32.05 2.75 25.4 55.24 100.00
Semarang i 4.03 5.86 97.88 99.98 34.29 0.71 21.06 55.39 94.99
Pekalongan
. 6.71 8.47 98.69 96.52 31.37 1.67 25.6 62.7 83.97
Tegal T 7.64 13.54 97.94 98.56 36.7 4.47 23.94 60.63 94.61
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Figure 2 First 35 Data Points of Clustering Results
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