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Abstract 
Welfare is a condition where society is free from deviant behavior, poverty, ignorance, and fear, 

thus allowing individuals to obtain a safe and peaceful life. East Java is among the provinces in 

Indonesia that recorded the highest incidence of poverty from 2013 to 2022; however, it has also 

demonstrated a consistent decline in the number of individuals living in poverty during this period. 

This study aims at applying the Fuzzy-Possibilistic Product Partition c-Means (FPPPCM), which 

combines the probabilistic approach of Fuzzy c-Means and the possibilistic approach of Possibilistic 

c-Means, and is effective in handling outliers, to clustering the welfare levels of regencies and cities 

in East Java. The exploration is based on the data of the Badan Pusat Statistik (BPS) for 2024. Based 

on clustering the welfare levels, the following are the end results of the study: Cluster 1 (low 

population, high education/life expectancy but low labor participation and high poverty line, i.e. 

Kediri City) may find aid in programs that work on the issues like job creation, affordable housing, 

and family planning outreach to reduce inequality. Cluster 2 (medium population, low 

education/expenditure but high labor participation/home ownership, i.e. Pacitan) could promote 

vocational training, poverty reduction through SME support, and give education to the workforce. 

Cluster 3 (high population, low life expectancy, medium indicators but high family planning, i.e. 

Lamongan) should focus on improvement of the healthcare infrastructure, the health of the mother 

and child, and creation of industrial jobs for the local people. 

Keywords: Clustering, FPPPCM, Welfare. 

 

 

1.  INTRODUCTION 
Welfare is a condition where society is free from deviant behavior, poverty, ignorance, and fear, 

thus allowing individuals to obtain a safe and peaceful life [28]. In addition to having an impact on 

people's quality of life, this condition also shows how far a community has come socially and 

economically [29]. Thus, welfare becomes an important indicator in assessing the success of 
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development in a region [23]. However, to achieve this condition, monitoring and analysis of various 

welfare indicators in a region are required [20].  

East Java is among the provinces in Indonesia that recorded the highest incidence of poverty 

from 2013 to 2022; however, it has also demonstrated a consistent decline in the number of 

individuals living in poverty during this period [13]. This shows that local government efforts to 

reduce poverty rates have yielded positive results [31]. Nevertheless, welfare in East Java still shows 

disparities that need further examination [15]. To view the welfare mapping of regencies/cities in 

East Java, clustering is used [32]. 

The process of clustering involves putting data into groups based on shared characteristics, 

whereas data that don't share any commonalities will be put in separate groups [7]. Clustering is part 

of machine learning in statistics and is also called unsupervised learning, where it does not require 

label or target/response variables (𝑦) and only uses explanatory variables (𝑥) [12]. Clustering 

algorithms are those that organize data into categories based on their similarities or dissimilarities, 

such as distance between data points in a dataset [1]. Proximity or similarity between datums is 

calculated using certain distance measures. Several types of distance measures can be used, with the 

simplest and most widely used being the Euclidean distance [16]. 

Clustering aims to minimize differences within a cluster [5]. The application of clustering 

techniques is useful in several pattern-analysis explorations, groupings, and decision-making 

processes, including image segmentation, image improvement, word recognition, and medical 

diagnosis [16], [34]. Hierarchical and partitional clustering are the two main categories of grouping 

or clustering [7], [9], [11]. Each category of clustering has different principles, affecting the 

grouping process and producing diverse outputs [1]. 

Hierarchical clustering arranges clusters in a hierarchical structure or dendrogram. This method 

is divided into two main techniques, namely agglomerative, which merges the two closest groups at 

each iteration, and divisive, which splits the entire dataset into smaller clusters [8]. Its ability to 

eliminate the need for early input, such as the number of clusters that must be decided, is one of its 

benefits [4]. However, this method has disadvantages, such as difficulty in clearly determining the 

final cluster results [19] and higher complexity, making it less ideal for use on large datasets. On the 

other hand, partition algorithms are more favorable when it comes to large datasets [6].  

By identifying the centroids of each cluster, partitional clustering organizes clusters with the 

goal of reducing the distance between the data and each cluster's centroid [1], [7], [12]. A distinctive 

feature of partitioning is its capability to handle very large data sets, that this property gives it an 

edge over hierarchical clustering techniques, for it takes long to compute visitations necessary to 

create a dendrogram in hierarchical clustering [23]. The basic idea behind the method is to minimize 

the distance between the data points and the centroid of the cluster in either fuzzy c-means (FCM) 

or k-means algorithm [26].  

When dealing with overlap, the FCM method has shown itself to be more stable than hierarchical 

clusters and self-organizing maps (SOM) [20]. The FCM method also produces clusters of higher 

quality than the k-means technique [27]. This algorithm also has good capabilities in detecting 

clusters and accurately placing cluster centers [25]. However, FCM is not without drawbacks; the 

most significant being its sensitivity to outliers [33]. Data points that deviate significantly from the 

bulk of other data points are known as outliers [2]. 

The issue of FCM ' sensitivity to noise and outliers can be resolved by the possibilistic c-means 

algorithm (PCM) [17]. The main aim of any possibilistic approach is to assign membership values 

relating to the typicality typical to the given data point for a specific cluster or in some cases evaluate 

whether the point really belongs to that cluster. The most significant distinction between PCM and 

FCM is the use of parameter estimation Ω related to an M-estimator [14]. The PCM approach, on 

the other hand, may prove disadvantageous in that it leads to coincidental clusters where the data 

distinctions are not so readily evident [22]. 
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Szilágyi introduced the fuzzy-possibilistic product partition c-means (FPPPCM) algorithm, 

which applies blind speaker clustering. This method involves analyzing audio data (e.g., speech 

signals) to group speakers into clusters without prior knowledge of speaker identities or labels. These 

approaches identify patterns in speaker characteristics (e.g., pitch, spectral features, or prosody) by 

assigning data points to clusters based on similarity, where membership degrees are determined as 

the product of probabilistic and possibilistic frameworks [30]. This innovative method can preserve 

or even increase accuracy in data without outliers by removing the impact of distant outliers [10]. 

Therefore, this study uses the FPPPCM for clustering the welfare of regencies/cities in East Java in 

2023. 

2. FPPPCM 
An approach called FPPPCM was created to remove outliers' impact on fuzzy and possibilistic 

clustering techniques. This program uses a multiplicative strategy to integrate probabilistic and 

possibilistic approaches [30].  

The objective function of the FPPPCM algorithm, as suggested by Szilágyi, is expressed as 

follows. Fuzzy and possibilistic elements are included in the algorithm's objective function to 

enhance clustering outcomes. One way to formulate the objective function is: 

𝐽𝐹𝑃𝑃𝑃𝐶𝑀(𝐗; 𝐕,𝐔, 𝐓) = ∑∑𝑢𝑖𝑗
𝑚

𝑛

𝑖=1

𝑘

𝑗=1

[𝑡𝑖𝑗
𝑛𝑑2(𝑥𝑖⃗⃗⃗  , 𝑣𝑗⃗⃗⃗  + Ω𝑗(1 − 𝑡𝑖𝑗)

𝜂]. (2.1) 

with: 

• 𝑢𝑖𝑗 is the degree of data membership against 𝑥𝑖 to cluster 𝑐𝑗in the fuzzy partition 𝑈. 

• 𝑡𝑖𝑗  is the possibilistic typicality value of data 𝑥𝑖 to cluster 𝑐𝑗 in the possibilistic partition 𝑈. 

• 𝑚 is the exponential weight of the fuzzy partition, usually 𝑚 = 2 

• 𝜂 is the exponential weight of the possibilistic partition, usually 𝜂 = 2 

• ‖𝑥𝑖 − 𝑣𝑗‖ is the Euclidean distance between data 𝑥𝑖 and centroid 𝑣𝑗. 

• 𝑣𝑗 is the centroid of 𝑐𝑗. 

• 𝑘 is the number of clusters. 

• 𝑛 is the number of data in the dataset. 

The parameter 𝑚 is a key indicator of the degree of fuzziness of the partition, where a higher 

parameter m (for instance 𝑚>2) will lead to more overlap of the clusters which suit the case of 

datasets with overlapping clusters inherent in the data, whereas a low value (e.g., 𝑚 ≈1.5) gives clear 

clusters for well-separated data [17], [25]. Conversely, the possibilistic parameter 𝜂 that affects the 

cluster compactness positively will make the cluster more compact, i.e., smaller values of 𝜂 (e.g., 

𝜂 <2) lead to the elimination of the deviation element, by means of the emphasis on zero membership 

probabilities so that the robustness becomes more evident in noisy datasets [10], [33]. 

The degree of membership of the probabilistic fuzzy part of the objective function 𝐽𝐹𝑃𝑃𝑃𝐶𝑀 is 

updated with the equation: 

𝑢𝑖𝑗 =
[𝑡𝑖𝑗

𝑛𝑑2(𝑥𝑖⃗⃗⃗  , 𝑣𝑗⃗⃗⃗  ) + Ω𝑗(1 − 𝑡𝑖𝑗)
𝜂]

−1/(𝑚−1)

[∑ 𝑡𝑖𝑙
𝑛𝑘

𝑙=1 𝑑2(𝑥𝑖⃗⃗⃗  , 𝑣𝑗⃗⃗⃗  ) + Ω𝑗(1 − 𝑡𝑖𝑗)
𝜂]

−1/(𝑚−1)
; 1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑘 (2.2) 
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The typicality degree in the possibilistic part of the objective function 𝐽𝐹𝑃𝑃𝑃𝐶𝑀 is calculated as follows: 

𝑡𝑖𝑗 = [1 + (
𝑑2(𝑥𝑖⃗⃗⃗  , 𝑣𝑗⃗⃗⃗  )

Ω𝑗

)

1/(𝜂−1)

]

−1

; 1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑘 (2.3) 

Ω⃗⃗  is called the possibilistic penalty term, which functions to control the variance of the clusters [10]. 

Ω⃗⃗ = 𝐾
∑ 𝑢𝑖𝑗

𝑚𝑛
𝑖=1 𝑑2(𝑥𝑖⃗⃗ , 𝑣𝑗⃗⃗⃗  )

∑ 𝑢𝑖𝑗
𝑚𝑛

𝑖=1

; 1 ≤ 𝑗 ≤ 𝑘 (2.4) 

where 𝐾 is a coefficient, 𝐾 ∈ (0,∞), usually chosen the number 1. 

The update equation for cluster prototypes is as follows:  

v 𝑗 =
∑ 𝑢𝑖𝑗

𝑚𝑛
𝑖=1 𝑡𝑖𝑗

𝜂  x 𝑖

∑ 𝑢𝑖𝑗
𝑚𝑛

𝑖=1 𝑡𝑖𝑗
𝜂 ; 1 ≤ 𝑗 ≤ 𝑘 (2.5) 

 

3.  RESEARCH METHODS 
3.1 Data and Variables 

Badan Pusat Statistik (BPS) provided the secondary data used in this study. The information 

was extracted from the "Jawa Timur dalam Angka 2024" BPS publications [3]. This research utilizes 

data from 38 regencies using 8 variables as the basis for grouping regencies/cities according to 

welfare indicators. The 8 variables were selected based on the publication by BPS on the indicators 

of people's welfare in East Java. Table 3.1 lists these Variables. 

Table 3.1. Research Variables 
Variable Indicator Scale 

𝑋1 Population Size (thousand people) Ratio 

𝑋2 Life Expectancy (Years) Ratio 

𝑋3 Expected Years of Schooling (Years) Ratio 

𝑋4 Labor Force Participation Rate (%) Ratio 

𝑋5 Adjusted Real Per Capita Expenditure (thousand 

rupiah) 

Ratio 

𝑋6 Household Ownership Distribution (own) Ratio 

𝑋7 Poverty Line (rupiah/capita/month) Ratio 

𝑋8 Number of Active Family Planning Participants Ratio 

The type of data to be processed is called a data structure. Cluster analysis is the data structure 

that is employed. Table 3.2 displays the entire data structure. 

Table 3.2. Data Structure 
𝑖 𝑋1 𝑋2 ⋯ 𝑋8 

Pacitan (𝑖 = 1) 588,6 72,86 ⋯ 68.517 

Ponorogo (𝑖 = 2) 962,9 73,55 ⋯ 92.659 

⋮ ⋮ ⋮ ⋱ ⋮ 
Batu City (𝑖 = 38) 222,7 73,29 ⋯ 23.541 

 

3.2 Analysis Stages 
The following stages were employed in this study: 

1. Perform a descriptive analysis of the East Java province's welfare indicators in 2023. 



758 

JURNAL MATEMATIKA, STATISTIKA DAN KOMPUTASI 
Amanatullah Pandu Zenklinov, Alicia Arifin 

 

 
2. Perform cluster analysis using the FPPPCM algorithm with Euclidean distance, parameters 

𝑚 = 2, 𝜂 = 2, 𝐾 = 1, and the number of clusters is 3, to cluster regencies/cities. The reason 

for specifying the number of clusters as 3 has been that the cost was significantly reduced 

by that number due to the inertia (a measure of within-cluster variance) which was rapidly 

decreasing up to 3 clusters, hence signifying that the grouping of regencies/cities into 

clusters by welfare indicators in East Java was effective. As the cost continued to decrease 

in smaller amounts with the addition of clusters, it meant that the new clusters would only 

increase the model complexity but not with equivalent gains in interpretability or result 

quality [18]. 

3. Using the clustering results, describe the features of the East Javan regencies' and cities' 

welfare clusters.  

4.  RESULTS AND DISCUSSION 
 Community welfare reflects the success of regional development. To obtain an overview of 

community welfare, boxplot visualization is used to facilitate identification of patterns and outliers 

for each indicator in East Java. Figure 4.1 displays the welfare indicators boxplot. 

Figure 4.1. Boxplots of welfare indicators 

  

  

 

Continued Figure 4.1. Boxplots of welfare indicators 
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 Based on the collection of boxplots in Figure 4.1, East Java has a population range of 137,400 

to 2,922,000 people, with an average of 1,100,380 people. The population has 3 regencies/cities with 

outliers above the maximum value. Life expectancy ranges from 67.6 to 74.91 years, with an average 

of 72.42 years. Expected years of schooling range from 11.97 to 15.77 years, with an average of 

13.52 years. Expected years of schooling have one outlier regency/city above the maximum value. 

The labor force participation rate ranges from 66.89% to 81.64%, with an average of 73.16%. 

Adjusted real per capita expenditure ranges from Rp 9,363,000 to Rp 18,977,000, with an average 

expenditure of Rp 12,287,050. Adjusted real per capita expenditure has one outlier regency/city 

above the maximum value. The percentage of home ownership ranges from 64.64% to 98.89%, with 

an average of 90.49%. The poverty line ranges from Rp 352,606 to Rp 718,370 per month per capita, 

with an average of Rp 487,879.08 per month per capita. The poverty line has 3 regencies/cities with 

outliers below the minimum value. The number of active family planning participants ranges from 

12,879 to 328,452 people, with an average of 118,063.16 people. The number of active family 

planning participants has 2 outlier regencies/cities above the maximum value. 

 Based on their shared characteristics, areas are grouped into multiple clusters using descriptive 

analysis. Table 4.1 shows how the FPPPCM algorithm was used to group welfare in East Java 

regencies. 

Table 4.1. Welfare Clustering of East Java Regencies/Cities 

Cluster 1 Cluster 2 Cluster 3 

Kediri City Pacitan Kediri Pasuruan 

Blitar City Ponorogo Malang Sidoarjo 

Malang City Trenggalek Bojonegoro Mojokerto 

Probolinggo City Tulungagung Tuban Jombang 
 

Continued Table 4.1. Welfare Clustering of East Java Regencies/Cities 

Cluster 1 Cluster 2 Cluster 3  

Pasuruan City Blitar Lamongan Nganjuk 

Mojokerto City Lumajang Gresik City of Surabaya 

Madiun City Madiun Bangkalan  

Batu City Magetan Sumenep  

 Ngawi Jember  

 Sampang Banyuwangi  

 Pamekasan Bondowoso  

 Situbondo Probolinggo  
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 Cluster characteristics are distinctive features or properties that describe a cluster. The 

characteristics of the FPPPCM clusters can be seen in Table 4.2. 

Table 4.2. Characteristics of East Java Regency/City cluster 
Cluster 𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 𝑿𝟕 𝑿𝟖 

1 410,58 73,47 14,50 72,15 14.615,97 80,66 600.964,27 36.270,99 

2 985,37 72,30 13,13 74,76 10.918,59 94,70 417.992,46 105.254,89 

3 1.491,97 71,95 13,28 72,48 12.201,17 92,86 483.131,95 171.941,84 

 Based on Table 4.2, it was found that Cluster 1 has a low population, high life expectancy, high 

expected years of schooling, low labor force participation rate, high adjusted real per capita 

expenditure, low percentage of home ownership, high poverty line, and low number of active family 

planning participants. Cluster 2 has a medium population, medium life expectancy, low expected 

years of schooling, high labor force participation rate, low adjusted real per capita expenditure, high 

percentage of home ownership, low poverty line, and medium number of active family planning 

participants. Cluster 3 has a high population, low life expectancy, medium expected years of 

schooling, medium labor force participation rate, medium adjusted real per capita expenditure, 

medium percentage of home ownership, medium poverty line, and high number of active family 

planning participants. 

5.  CONCLUSION 
1. There are 3 indicators that do not have outliers, namely Life Expectancy, Labor Force 

Participation Rate, and Poverty Line. The remaining 5 indicators that have outliers include 

Population Size, Expected Years of Schooling, Adjusted Real Per Capita Expenditure, 

Home Ownership Status, and Number of Active Family Planning Participants.  

2. There are 8 cities that belong to Cluster 1, 12 regencies that belong to Cluster 2, and the 

remaining 18 regencies/cities fall into Cluster 3. Cluster 1 has the highest values for Life 

Expectancy, Expected Years of Schooling, Adjusted Real Per Capita Expenditure, and 

Poverty Line indicators. Cluster 2 has the highest values for Labor Force Participation Rate 

and Percentage of Home Ownership indicators. Finally, Cluster 3 has the highest values for 

Population Size and Number of Active Family Planning Participants indicators. 

3. From the findings of the clusters, the local authorities can make use of them to prepare 

policies based on the need of the people. Cluster 1 (low population, high education/life 

expectancy but low labor participation and high poverty line) may find aid in programs that 

work on the issues like job creation, affordable housing, and family planning outreach to 

reduce inequality. Cluster 2 (medium population, low education/expenditure but high labor 

participation/home ownership) could promote vocational training, poverty reduction 

through SME support, and give education to the workforce. Cluster 3 (high population, low 

life expectancy, medium indicators but high family planning) should focus on improvement 

of the healthcare infrastructure, the health of the mother and child, and creation of industrial 

jobs for the local people. This will help them in reducing the overcrowding and improving 

the living standards. This kind of approach ensures that resources are distributed efficiently 

and allows for the realization of different economic ends in each cluster. 
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