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Sub-district socio-economic data on family welfare from BKKBN is high-
dimensional and multivariate. The data pattern is highly complex with a positive
asymmetric (right-skewed) distribution. This study aims to implement the Self-
Organizing Maps (SOM) algorithm to cluster these welfare characteristics,
mathematically evaluate model performance to eliminate bias, and visualize the
tabular results into a spatial digital map. A 2x2 SOM model optimized using Optuna
was used to group family welfare characteristics in West Java for the 2022-2025
period. Optimization results identified the best hyperparameter combinations
(learning rate 0.7074-0.9574, sigma 0.1167-0.2668, and 7,000-20,000 iterations).
The evaluation demonstrated reliable performance with Quantization Error ranging
from 2.4659-3.4776, Topographic Error between 0.0000-0.0647, and Silhouette
Score consistently above 0.50. GeoJSON integration successfully mapped 4 welfare
hierarchies, confirming the dominance of prosperous regions in the eastern, southern,

and western areas.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Family well-being is the foundation of socio-economic
resilience and regional development success [30], [35].
Consequently, Indonesia's National Population and Family
Planning Board (BKKBN) continually monitors national
family data to map regional welfare [44]. West Java faces
complex socio-economic challenges, ranking second
nationally in its total poor population despite moderate
poverty percentages [20]. Previous panel regression (2017—
2021) demonstrated that Population Size, GRDP, Life
Expectancy, Mean Years of Schooling, and Unemployment
explained 98.03% of the province's poverty variation [42].
This study extends this analysis to the 20222025 period to
evaluate whether these variables consistently affect poverty
across West Java's 27 regencies/cities.

Understanding BKKBN data requires effective clustering
techniques [10]. This study utilizes sub-district (kecamatan)
level data to capture detailed spatial disparities better than
macro-level (regency/city) analysis, while avoiding the
statistical instability of micro-level (village) data. To handle
the complex multidimensionality of this data, we utilize the

Self-Organizing Map (SOM), an Atrtificial Neural Network-
based unsupervised algorithm proven effective for socio-
economic spatial clustering without requiring specific
distributional assumptions [6], [16].

Previous studies have demonstrated SOM's reliability in
socio-economic clustering by utilizing the Silhouette Score
(SS) to determine optimal clusters for issues such as family
planning [27], poverty [2], public welfare [58], and health
indicators [26]. However, these prior studies relied on
manual, inefficient hyperparameter tuning which risks bias.
To address this gap, our research applies Bayesian
Optimization via the Optuna library to intelligently discover
the optimal SOM architecture. Model performance is then
objectively evaluated using Quantization Error (QE),
Topographic Error (TE), and the Silhouette Score.

Finally, because tabular outputs fail to capture spatial
dependencies, this study integrates the clustering results into
digital choropleth maps. By combining Optuna-optimized
SOM with spatial visualization, this research contributes a
more objective, valid, and intuitive methodology for mapping
family welfare distribution and regional connectivity.

http://jurnal.polibatam.ac.id/index.php/JAIC


mailto:zulfan.arridlo@widyatama.ac.id
mailto:ai.rosita@widyatama.ac.id
mailto:dedahningrum@upi.edu
https://creativecommons.org/licenses/by-sa/4.0/

JAIC

e-1SSN: 2548-6861

4683

Several prior studies have demonstrated the effectiveness
of the Self-Organizing Maps (SOM) algorithm in evaluating
multidimensional socio-economic, health, and demographic
data across various Indonesian provinces. For instance, in
examining poverty factors across Maluku and West Nusa
Tenggara (NTB), researchers utilized a hexagonal SOM to
analyze 11 multidimensional indicators. Validated by
multiple internal indices, this approach successfully identified
three regional typologies ranging from developed urban
centers to severely underdeveloped regions lacking basic
infrastructure [2]. Similarly, SOM was applied to map public
welfare in West Sumatra based on 10 socio-economic
variables. Utilizing Min-Max scaling and internal matrix
validation, the algorithm accurately categorized areas into
high-welfare urban centers, medium-welfare regions, and
low-welfare areas burdened by high poverty and
unemployment [43].

Furthermore, SOM's adaptability extends to specific health
and demographic challenges. In West Java, a SOM combined
with Ward's hierarchical clustering evaluated seven health
and socio-economic variables, producing a validated two-
cluster model that sharply divided regions with excellent
socio-health environments from those facing severe stunting,
low birth weight, and poverty challenges requiring targeted
interventions [26]. Lastly, at the sub-district level in NTB, a
comparative study utilized SOM to map unmet family
planning needs. The model optimally grouped areas into three
distinct clusters based on specific barriers—such as
geographical distance, medical resource scarcity, and couples'
ignorance, with the latter identified as the dominant obstacle
across the province [27].

Il. METHOD

Adopting the CRISP-DM framework, this research
structures the data mining process into six iterative stages,
spanning from Business Understanding and Data
Understanding through Data Preparation, Modeling,
Evaluation, and final Deployment [22]. The clustering
implementation utilizes the Self Organizing Maps (SOM)
model, an unsupervised learning artificial neural network
structured in a lattice grid that functions to reduce the
dimensionality of multivariate data into a two dimensional
map representation [33][37]. To mathematically verify the
model's reliability, the evaluation relies on three primary
metrics: Quantization Error (QE) to assess the geometric
proximity precision between input data vectors and the Best
Matching Unit (BMU) [41][25], Topographic Error (TE) to
evaluate how well the original topological structure is
preserved on the grid lattice without distortion [40][3][7], and
the Silhouette Score to validate cluster separation quality
based on internal cohesion and intercluster distance [17][38].

A. CRISP DM Method

perating as a continuous lifecycle, the CRISP-DM
framework partitions the data mining process into six
structured stages [4]. This approach begins with Business

Understanding to convert organizational goals into actionable
data mining objectives, which is sequentially followed by
Data Understanding to collect, profile, and assess the quality
of the source data. During Data Preparation, raw data is
cleaned and consolidated into a finalized dataset ready for
analysis [19]. The process then advances to the Modeling
phase, where diverse analytical algorithms are deployed and
fine-tuned. Upon completion, the Evaluation phase is carried
out to verify that the model's performance perfectly
corresponds with the predetermined business targets. Lastly,
the cycle ends with Deployment, where the developed model
is integrated and validated within a live operational
environment [19]. Guided by this methodology, the
comprehensive workflow established for this study is
presented in Figure 1.

B. Business Understanding

In the business understanding stage as the beginning of the
CRISP-DM framework, an in-depth study of the background,
problems, objectives, and previous literature is carried out to
understand the variations in regional socio-economic
independence. Through clustering models, multivariate data
challenges will be addressed objectively.
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Figure 1. Research Stages

C. Data Understanding

To operationalize the theoretical constructs of family
prosperity [6], economic resilience [8], and public welfare
[31], [1], this study utilizes a dataset grounded in established
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socioeconomic parameters [4]. The data uses spatial
identifiers for regional mapping and normalizes subdistrict
figures using the total number of household heads as a
baseline. The core analysis relies on 15 numerical attributes
structured into eight paired indicators that contrast ideal
societal conditions with vulnerable ones. These dualities
measure a household's capacity to secure material and
macroeconomic needs against systemic vulnerabilities and
infrastructure gaps [4]. Furthermore, the pairs evaluate long-
term independence by contrasting nutritional adequacy with
chronic health burdens [1], educational continuity with
dropout rates to address poverty cycles, and digital literacy
with technological exclusion as a vital component of modern
social resilience. By examining these opposing variables, the
approach moves beyond absolute welfare metrics to diagnose
specific vulnerability gaps and structural inequities across
subdistricts [4].

The selection of socioeconomic indicators for this study is
strongly supported by prior regional research across
Indonesia. For example, welfare clustering studies in
Kalimantan utilized macroeconomic and human development
metrics, including Gross Regional Domestic Product
(GRDP), Mean and Expected Years of Schooling (MYS,
EYS), Life Expectancy, and overall poverty rates. Similarly,
research in Papua Province expanded this framework by
integrating morbidity rates, Labor Force Participation Rates
(LFPR), per capita food expenditure, access to decent
drinking water, and the receipt of social assistance. On a
national scale, a DBSCAN clustering analysis of 38 provinces
reinforced the critical role of broad education, employment,
and health data in assessing poverty factors. Finally,
highlighting the modern dimensions of social resilience,
recent studies underscore the significant relationship between
regional poverty levels and the proportion of internet usage,
validating digital access as a vital indicator for targeted
welfare development.

D. Data Preparation

Following the data understanding stage, data preparation
begins with automated web scraping of BKKBN data and its
integration with subdistrict GeoJSON spatial files from Open
Data Jabar. GeoJSON serves as a lightweight vector format
for WebGIS systems [9][29], organizing spatial geometries
(Polygons) and non-spatial attributes into FeatureCollection
structures [24][23]. After standardizing attribute names, the
data undergoes Z-score Normalization (Standard Scaling) to
produce a centered distribution with a variance of one
[34][15], [34][12]. This normalization, mathematically
defined in Equation 1 [12], is critical for distance-based
clustering algorithms. Without it, variables with massive
absolute values (like total households) would dominate
distance metrics (e.g., Euclidean distance) and mask crucial
smaller-scale socio-economic disparities, such as rare
illnesses [34][12], [15]. By scaling all features uniformly, the
algorithm  avoids  geometric  distortion, accelerates
convergence, and ensures the resulting clusters represent true

structural welfare gaps rather than mere population volume
[12]. The stage concludes with a visual parameter distribution
analysis using boxplots to objectively detect quartiles,
medians, and outliers before feeding the data into the model.

E. Modeling

The modeling process is executed using Python, an open-
source language favored for its readable syntax, automated
memory management, and robust data mining libraries such
as Pandas and NumPy [32], [28], [14], [5]. The core
methodology employs the Self-Organizing Maps (SOM)
algorithm, a fully connected two-dimensional neural network
trained iteratively via distance, neighborhood, and weight
updating functions [21]. This is implemented through
MiniSom, a lightweight and memory-efficient library that
conducts unsupervised clustering by pulling similar data
toward a Best Matching Unit (BMU) using a Gaussian
neighborhood function [36], [11], [45]. The training process
is governed by key parameters, including grid dimensions,
input length, sigma, initial learning rate, iterations, toroidal
topology, and a random seed for reproducibility [11], [45].
Following training, a Unified Distance Matrix (U-Matrix) is
utilized to visually identify cluster structures and boundaries
through color gradations that represent Euclidean distances
between neuron weights [46], [18]. Finally, cluster profiling
is performed via an inverse transform procedure to revert Z-
scores back to their original nominal values, enabling the
mean computation of variables to objectively analyze and
compare the unique socio-economic characteristics of each
subdistrict group.

F. Evaluation

Following the training of the Self-Organizing Maps (SOM)
algorithm, the evaluation stage objectively measures the
network's performance, precision, and validity using three key
metrics. First, Quantization Error (QE) evaluates mapping
precision and average distortion by calculating the average
Euclidean distance between the original input vectors and
their corresponding Best Matching Unit (BMU) [41], [30],
[25]. Mathematically defined in Equation 2, a QE value
approaching zero indicates that the model accurately
replicates original data characteristics with minimal
dimensionality reduction distortion [25], [30]. Second,
Topographic Error (TE) measures the network's topological
quality and spatial continuity to ensure the high-dimensional
structure is preserved without overfitting [40], [3]. Defined in
Equation 3, TE calculates the proportion of data where the
first and second BMUs are not adjacent; a value near zero
signifies an ideal topology where socio-economically similar
regions map to adjacent clusters [40], [7], [30]. Finally, the
Silhouette Score (Equation 4) assesses the separation quality
and structural solidity of the regional groups by comparing
internal cluster cohesion to external distinctiveness [17], [38],
[39]. Ranging from -1 to +1, scores approaching +1 confirm
dense, well-separated clusters, while lower values indicate
overlapping boundaries or clustering errors [13].
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G. Deployment

Following the validation of the Self Organizing Maps
(SOM) model, the research workflow enters the final
deployment stage to implement the socioeconomic welfare
clustering results into a practical format through a two step
process. First, the two dimensional horizontal (Cluster X) and
vertical (Cluster Y) coordinate outputs are extracted for each
subdistrict in West Java Province and combined to form a
unique cluster identity label (cluster_id). Second, these
tabular results are integrated into an interactive digital
choropleth map using a GeoJSON spatial file format, which
is a lightweight text based open standard for transmitting
geospatial vector data [9][29]. The West Java Province
GeoJSON file containing polygon geometry elements of
administrative boundaries [23] is matched with the subdistrict
dataset, integrating the spatial and non spatial properties
within the FeatureCollection structure [24]. This integration
directly maps the cluster_id labels as the regional coloring
parameters, producing both a macro visualization of the entire
province and a micro visualization per regency or city for a
localized analysis of regional characteristics.

I1l. RESULTS AND DISCUSSION

In alignment with the chosen research methodology, this
study advances through the sequential phases of Business
Understanding, Data Understanding, Data Preparation,
Modeling, Evaluation, and Deployment. The processed data
is subsequently utilized as input vectors to train the Self-
Organizing Map (SOM) model.

A. Business Understanding

The dataset's multivariate and high-dimensional nature
complicates pattern identification when relying solely on
conventional statistical methods. Exploratory findings reveal
that all parameters exhibit a right-skewed distribution with
massive outliers, highlighting a stark population disparity
where a minority faces disproportionately high vulnerability
compared to the average majority. To address this complex
data structure, Self-Organizing Maps (SOM) are utilized as an
effective solution. SOM uniquely processes high-dimensional
data and maintains information integrity despite the presence
of extreme values, thereby generating a fairer, more accurate,
and highly representative depiction of the population.

B. Data Understanding

The second stage of the research is data understanding,
where the process to be conducted is the identification of data
requirements. Based on the insights gained from dataset
utilization in prior research. The dataset comprises 14
numerical attributes  structured into seven paired
socioeconomic dimensions that systematically contrast ideal
household conditions against wvulnerable ones. These
dimensions evaluate economic stability through Income
Source Ownership, comparing stable streams against informal
or unstable labor [17], [19], [23], and Financial Asset
Ownership, contrasting the possession of productive

buffering assets with a total lack of savings [17], [19]. Basic
living standards are measured via Nutritional Fulfillment,
weighing adequate daily diets against food insecurity [16],
[23], alongside Housing Conditions, which compare
structurally sound homes with substandard or temporary
shelters [18], [23]. Furthermore, the framework assesses long-
term human development and social resilience by contrasting
Compulsory Education continuity with dropout rates for
children aged 7-18 [18], [23], comparing healthy households
against those burdened by chronic illnesses or disabilities
[16], [19], [23], and evaluating Family Digital Literacy by
measuring active internet usage against technological
exclusion [18], [23]. In alignment with the data understanding
phase, the identification of specific data requirements is
crucial to translate theoretical family prosperity dimensions
into measurable analytical variables. The data utilized in this
study is secondary data, specifically the Data on the Number
of Families According to the Independence Dimension,
sourced from the Ministry of Population and Family
Development (Kemendukbangga). The dataset was obtained
in .xlsx format, covering the period from 2022 to 2025, and
comprises a total of 618 data rows representing the units of
analysis under investigation.

C. Data Preparation

This stage requires several data processing preparations,
which will be elaborated upon in the subsequent subsections.

1) Data Collection

The collected data are obtained from the official website of
the Ministry of Population and Family Development /
BKKBN via https://siga.bkkbn.go.id/. The data utilized
encompass all subdistricts in West Java Province for the
period from 2022 to 2025. The data regarding the number of
families according to the dimensions of independence (Table
2) consist of 15 variables, and these 15 variables can be
observed in Table 1.

TABLE 1
RESEARCH VARIABLES AND DESCRIPTIONS
. L Unit of
Variable Description Measurement

X1 Households with at least one member | Number of
having a stable income source for basic | households
needs in the last 6 months (YES)

X2 Households with no members having a | Number of
stable income source for basic needs in | households
the last 6 months (NO)

X3 All family members consumed a diverse | Number of
diet (staples, vegetables/fruits, side | households
dishes) 2 times daily in the last 6 months
(YES)

X4 Not all family members consumed a | Number of
diverse diet (staples, vegetables/fruits, | households
side dishes) 2 times daily in the last 6
months (NO)

Xs The family resides in a habitable and | Number of
decent housing unit (YES) households
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X The family resides in an inadequate or | Number of
indecent housing unit (NO) households

X7 The household owns productive or | Number of
valuable assets (YES) households

Xs The household does not own any valuable | Number of
assets (NO) households

X No school-aged members (7-18 years) | Number of
dropped out of primary to senior high | households
school education (YES)

Xio At least one school-aged member (7-18 | Number of
years) dropped out of primary to senior | households
high school education (NO)

X1 No school-aged children (7-18 years) | Number of
reside in the household (NOT | households
APPLICABLE)

Xiz Presence of a family member with a | Number of
disability or a severe illness (disrupting | households
activities for >= 4 consecutive days) in the
past month (YES)

Xi3 Absence of family members with | Number of
disabilities or severe illnesses in the past | households
month (NO)

X4 At least one family member actively | Number of
accessed digital information via the | households
internet in the last 6 months (YES)

Xis No family members accessed digital | Number of
information via the internet in the last 6 | households
months (NO)

2) Data Transformation

To ensure objective comparison across regions with
varying data ranges, this study applies Z-score Normalization
to transform original values into standard deviation units,
creating a distribution with a mean of zero and a standard
deviation of one. This transformation eliminates measurement
unit differences and is specifically chosen over Min-Max
scaling because it preserves critical socioeconomic outliers—
such as localized spikes in illness or school dropouts—
without compressing essential variations. Furthermore, by
placing all wvariables on a uniform scale, Z-score
Normalization prevents attributes with large absolute
population volumes from dominating distance-based
clustering algorithms. This ensures that the resulting clusters
accurately reflect genuine structural wvulnerabilities and
socioeconomic gaps rather than being skewed by regional
population sizes.
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Figure 2. Data Transformation Results for 2024 Periode

3) Parameter Distribution

To map fundamental data characteristics and dispersion
patterns prior to machine learning modeling, a variable
distribution analysis was conducted using a Ridge Plot
(Faceted Density Plot). This visualization enables the
simultaneous evaluation of distribution shape, skewness, and
multimodality across all variables. The ridge plots for the 15
welfare indicators from 2022 to 2025 (Figures 3-6)
consistently reveal a right-skewed distribution, with peak
densities concentrated within the Z-score range of -1 to O.
Furthermore, the persistent presence of extended curve tails
in the positive range (Z-score > 2) across all four years
highlights stable regional disparities and natural positive
outliers. This pattern indicates that while the majority of sub-
districts hover around the population mean, a minority of
developed or urban regions significantly exceed average
socioeconomic levels. The stability of these structural
inequalities throughout the 2022—2025 period underscores the
critical necessity of the subsequent clustering stage to
precisely map and categorize these distinct regional
characteristics.

D. Modeling

Modeling is conducted by utilizing the Self Organizing
Maps (SOM) algorithm, an unsupervised learning technique
based on artificial neural networks to simultaneously reduce
data dimensionality and perform topological clustering.

1) Model Configuration

The training process utilized Bayesian Optimization
(Optuna) to efficiently evaluate hyperparameter combinations
in determining the optimal SOM model architecture.
Optimization was performed over a parameter search space
encompassing the number of iterations, sigma, learning rate,
and SOM grid node dimensions.

Optimization History Plot

Hyperparameter Importances

<_ﬂ!5
" x_n -
" d_“g

02 03
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Figure 3. Optuna Result 2022

Based on the 2022 Optuna optimization results across 500
trials, Bayesian Optimization efficiently escaped local optima
to identify the best hyperparameter configuration. The
objective function (Silhouette Score) progressed from an
initial 0.23 to a plateau of 0.41 at trial 40, surged to 0.49 at
trial 90, and ultimately peaked and stabilized above 0.51 at
trial 240. Furthermore, hyperparameter importance analysis
revealed that the neighborhood radius (sigma) was the
primary determinant of clustering quality, holding a 36%
importance level. This was followed by the horizontal grid
dimension (grid_x) at 23%, vertical grid dimension (grid_y)
at 18%, and learning rate at 15%. Conversely, the number of
training iterations had the least impact (8%), demonstrating
that the SOM's topological structure for the 2022 dataset is
primarily governed by neighborhood radius and grid
resolution rather than training duration.

Optimization History Plot

Figure 4. Optuna Result 2023

Based on the 2023 Optuna optimization results, the
hyperparameter search demonstrated rapid and efficient
convergence within approximately 300 trials. The objective
value (Silhouette Score) quickly surged from 0.21 to over
0.49 before trial 20, peaking above 0.525 around trial 35, and
remaining stable until the search concluded. This indicates
that Bayesian Optimization precisely identified the optimal
parameter region very early in the execution. Furthermore,
hyperparameter importance analysis revealed that the
learning rate was the most dominant factor (29%) influencing
the SOM model's performance. This was closely followed by
the vertical grid dimension (grid_y) at 28% and the horizontal
grid dimension (grid_x) at 23%. Conversely, the
neighborhood radius (sigma) and the number of training
iterations had minimal impacts of 13% and 7%, respectively.
Thus, the successful formation of optimal clusters for the
2023 dataset relied heavily on the weight update rate (learning
rate) and the spatial grid dimensions.

Optimization History Plot

Figure 5. Optuna Result 2024

Based on the 2024 Optuna optimization results, the
hyperparameter search demonstrated rapid and significant
performance improvements within 300 trials. The objective
value (Silhouette Score) started at 0.21, surged past early
plateaus to reach 0.525 around trial 45, and ultimately peaked
and stabilized above 0.53 at trial 120, successfully achieving
the model's goodness-of-fit threshold. Furthermore,
hyperparameter importance analysis revealed that the spatial
dimensions of the SOM map absolutely dominated the
clustering quality, jointly accounting for 84% of the overall
influence (horizontal grid x at 47% and vertical grid y at
37%).

Optimization History Plot

Figure 6. Optuna Result 2025

Based on the 2025 Optuna optimization results across 500
trials, the hyperparameter search demonstrated progressive
and stable convergence. The objective value (Silhouette
Score) began at 0.14, climbed steadily through early plateaus,
and sharply surpassed 0.52 around trial 60, maintaining this
global optimum consistently until the experiment concluded.
Furthermore, hyperparameter importance analysis revealed
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that spatial grid dimensions predominantly controlled the
SOM clustering quality. The vertical dimension (grid_y)
contributed the most at 31%, followed closely by the
horizontal dimension (grid_x) at 28%.

2) Self-Organizing Maps (SOM) Model

After obtaining the optimal model configuration, the
subsequent stage is to execute the Self Organizing Maps
(SOM) model by utilizing the MiniSom Python library. This
execution involves the model training process, through both
random training and topical training methods, to ensure that
each neuron on the map adapts well to the data structure. The
results of the execution using MiniSom will subsequently
serve as the primary foundation for analyzing the U Matrix
(Unified Distance Matrix) and visually mapping the cluster
distribution.

3) U-Matrix Visualization

Once the Self Organizing Maps (SOM) model is
established, the subsequent process is feature mapping
visualization. The constructed model is utilized to map all
observation data into a two dimensional grid (2D grid) to
observe data dispersion through U Matrix (Unified Distance
Matrix) visualization for identifying cluster boundaries.

Figure 7. U-Matrix Visualization

The U-Matrix visualizations for the 2022-2025 period
consistently display a 2 x 2 grid architecture containing four
distinct cluster nodes, illustrating the distance relationships
and separation between neurons across all four years. The
color gradients, ranging from lighter shades for lower inter-
node distances to darker tones for higher distances, delineate
the boundaries between clusters with achieved Silhouette
Scores ranging between 0.5163 and 0.5324. Specifically, the
maps for 2022, 2024, and 2025 exhibit prominent dark
regions—uparticularly in the upper-left quadrants—indicating
substantial dissimilarity or clear cluster separation in those
zones, whereas the 2023 map displays a pronounced high-
distance boundary concentrated in the bottom-right quadrant.
These distinct distance profiles confirm that the optimal SOM
models successfully capture structural variations and

boundaries within the socio-economic welfare dataset across
the consecutive yearly evaluations.

4) Cluster Profiling

A cluster profiling analysis of the SOM mapping (2022—
2025) categorized regions based on BKKBN socio-economic
basic needs indicators. In 2022, the population was
predominantly concentrated in Cluster 1_0 (61.65%), which
represented Welfare Level 1, characterized by extreme
prosperity, habitable housing (X_5), asset ownership (X_7),
and optimal health (X_13). The remaining groups included
Cluster 0_0 (Level 2), which showed economic independence
(X_1, X 3) but lacked digital access (X_14); Cluster 0_1
(Level 3), which faced child education vulnerabilities (X_10);
and Cluster 1_1 (3.07%, Level 4), a highly deprived group
suffering from unsuitable housing (X_6), lack of assets (X_8),
and digital isolation (X_15). In 2023, the distribution shifted
significantly: Cluster 1_1 (72.49%) became the new Welfare
Level 1, driven by high food (X_3) and housing (X 5)
fulfillment. Meanwhile, Cluster 0_0 (Level 2) maintained
stable basic and educational indicators (X_9), Cluster 1_0
(Level 3) experienced health and disability cost burdens
(X_12), and Cluster 0_1 (0.16%, Level 4) emerged as an
extreme minority failing to meet basic needs (X_2, X 4,
X_6).

In 2024, the clustering pattern stabilized, with Cluster 0_0
(71.36%) acting as Welfare Level 1, dominating in daily
income (X_1), assets (X_7), and digital literacy (X_14).
Cluster 1_0 represented a stable Level 2 (though vulnerable
to food price fluctuations), Cluster 0_1 (Level 3) faced
declining housing quality (X_6) and limited education
continuity (X_10), and Cluster 1 1 (0.16%, Level 4) suffered
the heaviest socio-economic deficits. By 2025, the data
distribution dispersed further. Cluster 1_0 (62.94%) formed
Welfare Level 1, demonstrating optimal social, economic,
and health conditions. Cluster 0_1 (Level 2) showed strong
income fulfillment (X_1) but required nutritional
improvements (X_4). Notably, the model successfully
isolated vulnerable populations requiring priority social
intervention: Cluster 0_0 (Level 3), burdened by high rates of
illness or disability (X_12), and Cluster 1_1 (Level 4), which
faced critical deprivation characterized by uninhabitable
housing (X_6) and a complete lack of assets (X_8).

E. Evaluation

Based on the results of the previous discussion, the values
for Quantization Error (QE), Topographic Error (TE), and the
Silhouette Score have been determined. This section will
discuss the details of those results.

1) Quantization Error

The evaluation of the Self-Organizing Maps (SOM) model
starts with the analysis of the Quantization Error (QE) to
assess the precision of the weight vector mapping.
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Figure 8. Quantization Error

The mapping accuracy and precision of the Self-
Organizing Maps (SOM) model were evaluated using the
Quantization Error (QE) metric, which demonstrated strong
stability with values ranging from 2.4659 to 3.4776
throughout the 2022-2025 period. The QE improved from
3.0268 in 2022 to its lowest points in 2023 (2.4744) and 2024
(2.4659), indicating that the SOM neurons optimally
represented socio-economic variations with minimal data
deviation. Although the error rate increased to 3.4776 in
2025—a rise reflecting the more dispersed clustering and
higher socio-economic data complexity of that year—the
overall QE consistently remained below 3.5. This confirms
that the Optuna-optimized SOM architecture accurately,
consistently, and reliably compresses multidimensional
BKKBN population data without losing essential core
characteristics.

2) Topographic Error
The downward trend of this topological error is closely
monitored throughout the training iterations to ensure the

geometric stability of the neural network, with its
visualization clearly presented in Figure 20.
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Figure 9. Topographic Error

Spatial continuity was evaluated using the Topographic
Error (TE) metric, which demonstrated superior performance

in preserving neighborhood relationships within the network.
In 2022 and 2023, the model achieved a perfect TE score of
0.0000, indicating that the first and second Best Matching
Units (BMUs) were perfectly adjacent on the grid with zero
spatial distortion. Following a minor fluctuation to 0.0002
(0.02%) in 2024 due to increased data dynamics, the TE
successfully returned to 0.0000 in 2025. Ultimately, these
near-zero TE values, combined with previously established
stable QE results, confirm that the Optuna-optimized SOM
architecture achieves exceptionally high precision, accuracy,
and consistency in compressing multidimensional BKKBN
data without losing fundamental population characteristics.

3) Silhouette Score

This test serves as a final confirmation to ensure that the
mathematical regional division has formed solid and non
overlapping group structures, with the graph of the resulting
clustering Silhouette Score presented in Figure 21.
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Figure 10. Silhouette Score

Based on the testing results for the 2022 to 2025 period,
the SOM model consistently demonstrated a very stable
Silhouette Score well above the moderate threshold (0.50). In
2022, the score was recorded at 0.5123, then increased in
2023 to 0.5312, and remained extremely stable in 2024 at
0.5284. Entering 2025, the score was recorded at 0.5195. The
consistency of scores remaining within the range of 0.51 to
0.54 throughout the four years of observation indicates that
the formation of the 4 welfare groups (2 x 2 grid) possesses
a well-defined clustering structure. The distance among
members within the same cluster is relatively tight, while the
boundaries separating the clusters are clearly defined. This
confirms that the SOM-based clustering of BKKBN socio-
economic indicators is not only precise in terms of topology
and quantization error, but also yields a welfare level
segmentation that is significantly separated and statistically
meaningful.

F. Deployment

The geospatial visualizations from 2022 to 2025 reveal a
significant aggregate improvement in regional socio-
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economic conditions. In 2022, the province was
predominantly dominated by Welfare Level 2 across the
central, eastern, and southern regions, with optimal Level 1
areas concentrated strictly around urban economic corridors.
However, from 2023 to 2025, a major shift occurred as
Welfare Level 1 overwhelmingly expanded to cover nearly
the entire eastern, southern, northern, and western territories.
Consequently, Welfare Level 2 transitioned into a buffer zone
sporadically distributed across the central and western areas.

Despite the widespread dominance of high welfare
achievements, the SOM model consistently and precisely
isolated vulnerable regions requiring targeted government
attention. Throughout the four-year period, Welfare Level 3
remained specifically clustered in the north-western corridors
(bordering Bogor, Bekasi, and Karawang). Most importantly,
Welfare Level 4 remained persistently isolated within a
specific south-central pocket of West Java. This highly stable
mapping confirms the red-labeled south-central area as the
absolute top-priority target for intensive and sustainable
BKKBN  family  welfare  program interventions,
demonstrating the SOM architecture's effectiveness in
tracking welfare gradations and identifying target regions
without spatial distortion.

1VV. CONCLUSION

The clustering of sub-district BKKBN socio-economic
data (2022-2025) was successfully executed using an
Optuna-optimized 2x2 Self-Organizing Maps (SOM)
architecture. The model demonstrated exceptional stability
and precision, validated by strong evaluation metrics:
Quantization Error (2.4659-3.4776), Topographic Error
(0.0000-0.0647), and a Silhouette Score consistently above
0.50. When transformed into a 4-tier geospatial map of West
Java, the results confirmed widespread high welfare across
most  regions while accurately isolating critical
vulnerabilities. Specifically, the map pinpointed a moderate-
risk zone in the northwest (Yellow) and a highly vulnerable,
top-priority zone in the south-central region (Red), providing
clear targets for government interventions.
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