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 Tuberculosis (TB) is an infectious disease caused by Mycobacterium tuberculosis and 

remains a major public health problem in Indonesia, particularly in East Java Province. This 

study aims to group tuberculosis risk levels across 38 districts/cities in East Java Province 

based on health determinants using the Fuzzy Gustafson-Kessel (FGK) clustering method. 

The data were obtained from the Central Statistics Agency of East Java Province and the 

East Java Provincial Health Office in 2024, using four main variables: the number of 

Diabetes Mellitus (DM) patients, malnourished toddlers, Human Immunodeficiency Virus 

(HIV) patients, and productive-age active smokers. The FGK method was applied because 

it can form elliptical clusters through the Mahalanobis distance approach, making it suitable 

for data with non-homogeneous distribution characteristics. The optimal number of clusters 

was determined using the Modified Partition Coefficient (MPC). The results show that the 

four-cluster solution achieved the highest MPC value of 0,987 indicating good cluster 

partition quality. These four clusters represent tuberculosis risk groups categorized as low 

priority, medium priority, and high priority across districts/cities in East Java Province. The 

clustering results can serve as a basis for determining intervention priorities and supporting 

more targeted public health policy planning. 
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1. INTRODUCTION  

 
Tuberculosis (TB) is an infectious disease caused by Mycobacterium tuberculosis that primarily attacks the lungs 

but may also affect other organs. TB remains one of the major infectious diseases contributing to global morbidity and 

mortality. According to the World Health Organization (WHO), in 2023 there were approximately 10.8 million TB cases 

globally, with around 1.09 million deaths among people not infected with HIV[1]. Indonesia is one of the countries with 

the highest TB burden and ranks second after India, with approximately 1,090,000 TB cases and around 125,000 deaths 

annually, equivalent to approximately 14 deaths every hour [2]. This condition indicates that TB is still a serious public 

health problem requiring continuous control efforts.  

In Indonesia, the burden of TB is unevenly distributed across provinces. West Java Province has the highest number 

of TB cases, with 234,710 cases, followed by Central Java and East Java[3]. East Java Province is one of the regions with 

a high TB burden and population density of around 870 people/km². Based on data from the Central Statistics Agency of 

East Java Province, there were 84,628 TB cases in 2023, with a case detection rate of 91.20% and a treatment success rate 

of 88.5%. However, in 2024, the number of TB cases increased to 88,733 cases. TB treatment achievement is obtained by 

http://creativecommons.org/licenses/by-sa/4.0/
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dividing the number of TB cases detected, treated, and reported by the estimated number of TB incidents in the same 

year[4].The increase in TB cases, accompanied by a decrease in case detection and treatment success rates, indicates that 

TB control in East Java still faces substantial challenges[5]. Therefore, a more targeted and data-driven strategy is needed, 

particularly to identify districts and cities with different levels of TB risk. 

The vulnerability of a region to TB is closely related to the distribution of risk factors that weaken the immune 

system and increase exposure to infection. WHO states that TB is more easily transmitted to individuals with weakened 

immune systems, including people with diabetes mellitus, people living with HIV, malnourished toddlers, and smokers. 

Diabetes mellitus is one of the important risk factors because individuals with diabetes have a two to three times greater 

risk of developing TB infection. Hyperglycemia in people with diabetes can impair immune system function, making the 

body more susceptible to Mycobacterium tuberculosis infection [6] In addition, TB also affects children as a vulnerable 

population. Hyperglycemia in people with diabetes mellitus contributes to a decline in immune system function.  

In addition, TB also affects children as a vulnerable population. The Head of the Surabaya City Health Office 

reported that TB cases among children aged 1–14 years reached approximately 1,300 cases. This indicates that TB 

transmission does not only occur among adults but also affects children through household and community transmission[7]. 

Tuberculosis is not limited to adults but has also had a significant impact on children as a vulnerable population. The high 

number of TB cases in children indicates the potential for active transmission, both within the family and community. This 

situation also reflects suboptimal health and immune systems in some children, making them more susceptible to infectious 

diseases like tuberculosis[8]. Children exposed to TB are at risk of impaired growth and development, which may affect 

their quality of life in the future[9]. Even after successful TB treatment, children and adolescents may still experience 

respiratory problems and disability that can reduce their quality of life, ability to participate in activities, and growth 

potential[10]. 

 HIV infection is also strongly associated with TB incidence because it weakens the immune system and increases 

the risk of developing active TB. People living with HIV are approximately 30 times more likely to develop active TB 

compared to HIV-negative individuals. The interaction between HIV and TB can accelerate disease progression, as each 

infection worsens the clinical course of the other[11]. Research conducted by [12] Research shows that poor nutrition in 

toddlers contributes to an increased risk of tuberculosis. Toddlers with inadequate nutritional status have weaker immune 

systems, making them susceptible to Mycobacterium tuberculosis infection. Furthermore, research conducted by [8] 

Research shows that poor nutrition in toddlers contributes to an increased risk of tuberculosis. Toddlers with inadequate 

nutritional status have weaker immune systems, making them susceptible to Mycobacterium tuberculosis infection. 

Furthermore, research conducted by [7] proved that active smokers have a 118.774 times higher risk of suffering from 

tuberculosis.  

Another study also showed a positive and significant relationship between smoking habits and TB incidence, where 

smokers had a 3.81 times greater risk of developing TB compared to non-smokers[13] Smoking risk is particularly relevant 

in the productive age group, namely 15–64 years, because exposure to nicotine, carbon monoxide, and other harmful 

substances can impair oxygen supply, damage the respiratory tract, and weaken the immune system [14] Furthermore, the 

male population has also been reported as a significant variable influencing TB incidence, which may be related to 

behavioral factors, smoking prevalence, and higher exposure to outdoor activities [15].  

The high number of tuberculosis cases in East Java, if not promptly addressed, could potentially lead to a TB 

endemic. Therefore, grouping districts/cities based on disease factors that weaken the immune system is a strategic step in 

disease control efforts. The results of this analysis can help identify districts/cities with different risk levels, allowing for 

more targeted health intervention priorities. Thus, the district/city grouping strategy is expected to minimize the risk of 

tuberculosis transmission and prevent the spread of TB into an endemic condition. The grouping in this study focused on 

mapping data on diabetes mellitus sufferers, malnourished toddlers, HIV sufferers, and productive-age smokers to identify 

priority district/city areas for immediate treatment. Based on the description above, the research problem in this study is 

the increasing number of tuberculosis cases in East Java Province accompanied by a declining case detection rate and 

treatment success rate, while the distribution of TB risk factors varies across districts/cities, requiring a more targeted 

clustering approach[15]. The main purpose of clustering is to identify unseen patterns in data by grouping entities that have 

similar characteristics and separating entities that have different traits into other groups[16]. 

The research, conducted by [17] conducted a comparison of the Fuzzy C Means and Fuzzy Gustafson Kessel 

methods in determining tuberculosis risk clusters in East Java in 2021. The results of the study showed that the Fuzzy 

Gustafson Kessel method was superior in producing optimal clusters. However, the study only used data on Diabetes 

Mellitus (DM), HIV, and toddlers with poor nutritional status, without including the variable of active smokers. However, 

based on survey results and previous studies, active smokers are known to have a high vulnerability to tuberculosis 

transmission. Therefore, this study aims to complement previous studies by using the Fuzzy Gustafson Kessel method in 

grouping districts/cities in East Java Province based on more comprehensive tuberculosis risk factors. The Fuzzy Gustafson 

Kessel method is one of the soft clustering methods developed from the Fuzzy C Means method. In the Fuzzy C Means 

algorithm, distance calculations use Euclidean distances which produce spherical clusters[18].  

The formation of spherical clusters assumes that the data variance is the same in all directions and does not consider 

the correlation between variables. As a result, it is less than optimal if the data structure has an asymmetric distribution or 

different variances for each variable.This was reinforced by research conducted by [19] comparing the Fuzzy C Means and 

https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
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Fuzzy Gustafson Kessel methods in grouping provinces in Indonesia based on crime factors. The study concluded that the 

Fuzzy Gustafson Kessel method is the best method as indicated by the smaller standard deviation ratio value in the cluster, 

resulting in a more optimal grouping. Research conducted by[20] shows that the Fuzzy Gustafson-Kessel (FGK) method 

has superior capabilities in handling large-scale datasets. 

This is demonstrated by its ability to produce high-quality clusters by utilizing the Mahalanobis distance as a 

measure of closeness between data. Initialization of the parameters c (number of clusters) and m (fuzzy weight) is the initial 

step required before starting the analysis. The parameter c indicates the number of clusters to be formed, while the parameter 

m determines the level of fuzziness in the cluster division, the greater the value of m, the more spread the object's 

membership degree to the cluster. Evaluation of cluster results using MPC by calculating the membership degree value of 

each object to all formed clusters[21]. Research conducted by [22] successfully identified Pedestrian Traffic Behavior 

Patterns with validity discounting using MPC.The purpose of this study is to determine the tuberculosis risk cluster in each 

district/city in East Java using the Fuzzy Gustafson Kessel (FGK) method. The results of this analysis are to help identify 

districts/cities with different risk levels, thus enabling the determination of more targeted health intervention priorities. 

Thus, the district/city grouping strategy is expected to be able to minimize the risk of tuberculosis transmission and prevent 

the spread of TB to become an endemic condition. 

 

2. RESEARCH METHOD 

 
This research was conducted through several stages of data processing, starting with data preparation and continuing 

through the application of the methods used. All these stages are visualized in the research workflow in Figure 1, which 

systematically depicts the research process. 

 

 
 

Figure 1. Research Workflow 

(Source: Developed by the Author) 

 

The research workflow is illustrated in Figure 1. The process begins with data preprocessing, which aims to prepare 

the dataset before clustering analysis. This stage includes data collection, variable selection, descriptive statistical analysis, 

checking data completeness, and data standardization. Standardization is conducted to ensure that all variables are on a 

comparable scale, thereby preventing variables with larger numerical ranges from dominating the clustering process. The 

next stage is the cluster assumption test, which is carried out to ensure that the data are appropriate for clustering analysis. 

This stage includes multicollinearity testing using the Variance Inflation Factor (VIF) and sampling adequacy testing using 

the Kaiser-Meyer-Olkin (KMO) measure. The VIF test is used to detect high correlations among variables, while the KMO 

test is used to assess whether the correlation structure among variables is adequate for further analysis. Data that meet these 

assumptions can then be processed using the clustering method. 

After the assumption testing, the Fuzzy Gustafson-Kessel method is implemented. This stage begins with the 

initialization of parameters, including the number of clusters, fuzziness parameter, convergence threshold, maximum 

iteration, and initial membership matrix. The process continues by calculating the cluster centers based on the membership 

degree of each object. Furthermore, the covariance matrix for each cluster is computed to capture the variance and 

correlation structure of the data. The Mahalanobis distance is then calculated to measure the distance between each object 

and each cluster center. The membership matrix and cluster centers are updated repeatedly until the algorithm reaches 

convergence. 

The clustering results are then evaluated using the Modified Partition Coefficient (MPC). This evaluation is used to 

measure the clarity of the fuzzy partition and to determine the optimal clustering result. A higher MPC value indicates 

clearer cluster membership, while a lower value indicates more ambiguous membership. The final stage is the interpretation 

and visualization of the clustering results. Each cluster is interpreted based on the characteristics of tuberculosis risk factors, 

and the results are visualized through tables, plots, and maps to support the identification of priority areas for tuberculosis 

control in East Java Province. 

https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
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2.1 Dataset  

  The data used in this study are secondary data obtained from the Central Statistics Agency (BPS) and the 

East Java Provincial Health Office for the year 2024. The dataset consists of tuberculosis risk factor variables at the district/city 

level in East Java Province, including the number of diabetes mellitus cases, HIV cases, malnourished toddlers, active smokers, 

and other relevant variables used to support tuberculosis risk clustering analysis. 

 

2.2 Data Preprocessing  

 The data used is secondary data from the Central Statistics Agency (BPS) and the East Java Provincial Health 

Office (DINKES). Before the clustering process was carried out, data preprocessing was conducted to ensure that the dataset 

was ready for analysis. The preprocessing stage began with descriptive statistical analysis to identify the general characteristics 

of the data, including the minimum value, maximum value, mean, and standard deviation of each variable. This step was used 

to provide an initial overview of the distribution and variation of tuberculosis risk factor variables across districts/cities in East 

Java Province. Table 1 presents the description and data type of each variable used in this study. 

 

Table 1. Research Variable Data 

Variable Name Variable Data Types 

𝑿𝟏 Hiv People 

𝑿𝟐 Diabetes melitus People 

𝑿𝟑 Malnourished Toddlers People 

𝑿𝟒 Active Smokers Ages 15-24 People 

𝑿𝟓 Active Smokers Ages 25-34 People 

𝑿𝟔 Active Smokers Ages 35-44 People 

𝑿𝟕 Active Smokers Ages 45-55 People 

𝑿𝟖 Active Smokers Ages 55-64 People 

 (Source: Developed by the Author) 

 

In addition, the characteristics of the data were visualized in the form of a map to illustrate the spatial distribution 

of tuberculosis risk factors in East Java Province. This visualization provides a clearer understanding of regional differences 

before the clustering process is performed. Figure 2 presents the spatial representation of the data characteristics used in 

this study. After the descriptive analysis and spatial visualization, data standardization was conducted to transform all 

variables into a comparable scale. Standardization is necessary because the variables have different units of measurement 

and value ranges. Thus, this process ensures that each variable contributes proportionally to the clustering analysis and 

prevents variables with larger numerical values from dominating the model. 

 
Figure 2. Distribution Map of Data Characteristics 

(Source: Developed by the Author) 

 

https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
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 Figure 2 shows the spatial distribution of tuberculosis risk factor characteristics in East Java Province. The 

map provides an initial overview of regional variation based on the TB risk index, where darker blue indicates higher risk 

characteristics and lighter blue indicates lower risk characteristics. This visualization supports the preliminary 

understanding of spatial patterns before the clustering analysis is performed. 

 

2.3 Research Methods 

 This study uses the Fuzzy Gustafson Kessel method which applies the concept of fuzzy logic where a value is 

not absolutely true or false, but can be between the two. The fuzzy clustering method does not force each data point to enter 

a particular cluster, but rather provides a degree of membership in each cluster. The value of the degree of membership is 

in the range of 0 to 1[23]. Before cluster modeling is carried out, there are assumptions that must be met, namely a 

representative sample and the absence of multicollinearity. The representative sample test is carried out using Kaiser Meyer 

Olkin (KMO) if the KMO value is in the range of 0.5 to 1 indicating that the sample has represented the population. The 

formula is shown in equation (1). 

      

     KMO = 
∑ ∑ 𝑟𝑖𝑗

2𝑝
𝑗

𝑝
𝑖=1

∑ ∑ 𝑟𝑖𝑗
2𝑝

𝑗=1
𝑝
𝑖=1 + ∑ ∑ 𝑟𝑖𝑗

2𝑝
𝑗=1

𝑝
𝑖=1

           (1) 

 

 

 Then, a non-multicollinearity test is carried out to determine whether or not there is a correlation between 

independent variables using the Variance Inflation Factor (VIF). The model is said not to experience multicollinearity if 

the VIF value for each variable is less than 10 (VIF < 10) [24]. The non-multicollinearity test equation can be seen in 

equation (2). 

 

      VIF = 
1

1−𝑅𝑗
2                 (2) 

  

 Next, data standardization is performed using the Z-Score to equalize the scale between variables. This 

standardization is done by subtracting each data value from its average value, then dividing it by the standard deviation of 

each variable, so that the distance between data points can be measured proportionally. The results of this z-score are in the 

range of -2 to +2 z-score equation can be seen in equation (3). 

 

      Z = 
𝑥𝑖−𝑥̅

𝑠
             (3) 

 

 

 After all clustering assumptions have been met, the next step is to perform cluster modeling. The cluster 

modeling in this study uses the Fuzzy Gustafson-Kessel method, the application of which can be seen in the equation below. 

1. Initialize the initial parameters such as determining the number of initial clusters ( c≥ 2), fuzzifier value (fuzziness 

level) (m>1), maximum iteration (𝑡𝑚𝑎𝑥), smallest error (𝜀) and initial iterations ( t =1) 

2. Generating random numbers with matrix symbols 𝑼0. Functions of the matrix 𝑼0 This is a randomly selected 

membership with a value range of 0 to 1. Which is in accordance with the formula ∑ 𝜇𝑖𝑘
𝑚 = 1.  

 

    𝑼0 = [

𝜇11 … 𝜇1𝑐

⋮ ⋱ ⋮
𝜇1𝑛 … 𝜇𝑛𝑐

]          (4) 

 

3. Calculate the value of the kth cluster center (𝑣𝑘) on k = 1,2,…,c and j = 1,2,…,m with the equation (5).  

 

       𝑣𝑘𝑗 = 
∑ (𝜇𝑖𝑘)𝑚𝑥𝑖𝑗

𝑛
𝑖=1

∑ (𝜇𝑖𝑘)𝑚𝑛
𝑖=1

                  (5) 

 

4. Calculate the value of the covariance matrix in the cluster with the equation (6)  

 

    𝐹𝑖 = 
∑ (𝜇𝑖𝑘)𝑚((𝑋𝑖𝑗−𝑉𝑘𝑗)𝑇)(𝑋𝑖𝑗−𝑉𝑘𝑗)𝑇𝑛

𝑖=1

∑ (𝜇𝑖𝑘)𝑚𝑛
𝑖=1

        (6) 

  

5. Calculating the mahalanobis distance (𝐃𝑖𝑐𝑖 
2 )  

https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
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     𝐷𝑖𝑘𝐴𝑘
2  = (𝑋𝑖𝑗 − 𝑉𝑘𝑗)𝑇 [(𝜌𝐼det (𝐹𝑖)

1

𝑛𝐹1
−1] (𝑋𝑖𝑗 − 𝑣𝑘𝑗)             (7) 

6. Calculate the value of the objective function in the iteration - 𝑡  (𝑃𝑡) 

 

             𝐽𝑡 = ∑ ∑ (𝜇𝑖𝑘)𝑚𝑝
𝑗𝑖=1

𝐶
𝑘=1   × 𝐷 𝑖𝑘𝐴𝑘

2                       (8) 

 

7. Updating the value of the membership function, namely 𝑈𝑡+1 

                                            𝑈(𝑡+1)= [∑ (
𝐷𝑖𝑘

2

𝐷𝑖ℎ
2 )

1

𝑚−1
𝑐
ℎ=1 ]

−1

                                      (9) 

8. Repeat steps 3 to 7 until the objective function difference condition is met. |𝑃𝑡 - 𝑃𝑡−1| < 𝜀 and the iteration reaches the 

maximum limit (𝑡 >  𝑡𝑚𝑎𝑥) fulfilled. 

Evaluation of cluster results using MPC is a development of the Partition Coefficient (PC) validity index, which has 

a weakness, namely the value of the index experiences monotonic changes as the number of clusters increases. To overcome 

this weakness, the Modified Partition Coefficient (MPC) is an improvement because it can provide more accurate partition 

quality results without being affected by the number of clusters used. MPC measures the distance between the degree of 

membership and the cluster center. The MPC equation can be seen in the equation (10). 

 

                                                  MPC= 1 −
𝑐

𝑐−1
(1 − 𝑃𝐶)                  (10) 

 

9. With PC calculations using the equation (11) : 

 

                                                𝑃𝐶(𝑐) =
1

𝑝
∑ ∑ (𝜇𝑖𝑘)2 𝑐

 𝑘=1
𝑝 
 𝑖=1                      (11) 

 

10. Good quality clustering results are indicated by an MPC value close to 1 because the cluster separation is clearer. 

 

 

3. RESULTS AND DISCUSSION 
 

 The results of the discussion regarding descriptive statistics were conducted on each variable with a total of 38 

observations representing districts/cities in East Java Province. Descriptive statistics serve to provide an overview of the 

data characteristics. A summary of the descriptive statistics for all variables is presented in Table 2 below. 

 

3.1 Data Preparation  

The data preparation stage began with the collection of secondary data obtained from the Central Statistics Agency 

(BPS) and the East Java Provincial Health Office. The data used in this study consist of tuberculosis risk factor variables 

at the district/city level in East Java Province in 2024. One of the variables used in this study is the number of active smokers 

by age group. This variable was obtained through an estimation process using data from the National Socio-Economic 

Survey (Susenas). The percentage of the population who smoked in each age group was multiplied by the projected 

population data published by BPS for the corresponding year. Through this calculation, the estimated number of active 

smokers in each age group for every district/city in East Java Province was obtained. 

 

3.2 Preprocessing Data  

Data preprocessing was carried out to prepare the dataset before the clustering process. In this study, the preprocessing 

stage began with data standardization, because the variables used have different units of measurement and value ranges. For 

example, the number of HIV cases, diabetes mellitus cases, malnourished toddlers, and active smokers by age group have 

different numerical scales. Table 2 below is the result of the data standardization process. 

 

 

 

 

 

https://issn.lipi.go.id/terbit/detail/20220218051616231
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Table 2. Data standardization 

 (Source: Developed by the Author) 

 

The standardization process was conducted to transform all numerical variables into a comparable scale. The results 

show that each variable was converted into a standardized score with a mean close to 0 and a standard deviation of 1. 

Positive values indicate that the corresponding district/city has a variable value above the overall average, while negative 

values indicate a value below the average. For instance, the standardized values show relatively high scores for HIV, 

diabetes mellitus, malnourished toddlers, and active smokers in several districts/cities, indicating that these regions have 

higher tuberculosis risk factor characteristics compared to others. This process ensures that variables with larger numerical 

ranges, particularly active smoker variables, do not dominate the clustering process. Therefore, the standardized data are 

considered suitable for further clustering analysis using the Fuzzy Gustafson-Kessel method. 

 

3.3 VIF Assumption Test 

The results of the Z-score standardization for all 38 districts/cities in East Java Province are presented in Table 2. 

After the data standardization process, the next step is to test for multicollinearity using the Variance Inflation Factor (VIF). 

Multicollinearity testing is conducted to ensure that there is no high linear correlation between independent variables, which 

could affect the stability of the clustering results. A variable is declared free from multicollinearity if it has a VIF value of 

less than 10 [25]. The VIF calculation formula is shown in Equation (2), and the complete VIF test results for each variable 

are presented in Table 3.  

Table 3. Results of Non-Multicollinearity Test 

Variable VIF 

Hiv 3.43 

Diabetes mellitus 4.46 

Malnourished Toddlers 2.09 

Active Smokers Ages 15-24 2.25 

Active Smokers Ages 25-34 2.83 

Active Smokers Ages 35-44 3.94 

Active Smokers Ages 45-55 2.18 

Active Smokers Ages 55-64 1.36 

 (Source: Developed by the Author) 

 

Based on Table 3, the results of the multicollinearity test show that all variables have Variance Inflation Factor (VIF) 

values below 10, with the highest VIF value recorded for the Diabetes Mellitus variable at 4.46 and the lowest for the Active 

Smokers Ages 55–64 variable at 1.36. Since all VIF values are well below the threshold of 10, it can be concluded that 

there is no multicollinearity among the variables used in this study. This indicates that each variable contributes independent 

information to the analysis, so the clustering process can proceed to the next stage. 

 

3.4 KMO Assumption Test 

Subsequently, a sampling adequacy test was conducted for all variables using the Kaiser-Meyer-Olkin (KMO) 

measure. The KMO test is used to assess whether the correlation pattern between variables is suitable for further 

multivariate analysis. A KMO value greater than 0.5 indicates that the sampling adequacy assumption has been met and 

the data is appropriate for further analysis [26]. The KMO calculation formula is presented in Equation (1), and the KMO 

test results are shown in Table 4. 

 

 

 

No HIV Diabetes 

Melitus 

Malnourished 

Toddlers 

Active 

Smokers 

Ages 15-

24 

Active 

Smokers 

Ages 25-

34 

Active 

Smokers 

Ages 35-

44 

Active 

Smokers 

Ages 45-

55 

Active 

Smokers 

Ages 55-

64 

1 -1.04080 -0.634165 -0.750060 -0.406822 -0.27275 -0.09243 -0.01641 -0.64638 

2 -0.12730 -0.352569 -0.190157 -0.794286 -0.79552 0.069052 0.35721 1.06507 

3 -0.95074 -0.634262 -0.625806 -0.246430 -0.22858 -0.00045 -0.35629 -0.0708 

4 1.44237 -0.286163 0.008865 0.240757 0.33570 0.492954 0.50453 0.51057 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 
         

38 -1.02794 -0.757829 -0.994227 -0.810771 -0.48331 -0.58164 -0.89396 -0.48073 
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Table 4. Kaiser Mayer Olkin (KMO) Test 

Overall KMO value = 0.74 

Variable Overall KMO 

Hiv 0.71 

Diabetes mellitus 0.73 

Malnourished Toddlers 0.71 

Active Smokers Ages 15-24 0.64 

Active Smokers Ages 25-34 0.84 

Active Smokers Ages 35-44 0.77 

Active Smokers Ages 45-55 0.79 

Active Smokers Ages 55-64 0.48 

(Source: Developed by the Author) 

 

 Based on Table 4 regarding the statistical results of the sample adequacy test for each variable, the total overall 

KMO value was 0.74, which (0.7 ≥0.5) means it failed to reject 𝐻0 so that the sample used is sufficient to continue the 

cluster analysis process. After all clustering assumptions are met, the next step is to conduct the cluster analysis process 

using the Fuzzy Gustafson Kessel (FGK) method. 

 

3.5 Results of the Gustafson Kessel fuzzy modeling 

 After all clustering assumptions are met, the next step is to conduct the cluster analysis process using the Fuzzy 

Gustafson Kessel (FGK) method. In this study, the initial parameter initialization uses three clusters, from clusters 2 to 4, 

with the parameter m = 2,  t maximum = 1000,  𝜀 = 10−5. The next step was to calculate the cluster centers based on the 

membership degree of each object. After the cluster centers were obtained, the covariance matrix for each cluster was 

computed to capture the variance and correlation structure of the data. The Mahalanobis distance was then calculated to 

measure the distance between each object and each cluster center. This distance was used to update the membership values, 

where objects closer to a cluster center had higher membership degrees in that cluster.  

 The process was repeated iteratively by recalculating the cluster centers, covariance matrices, Mahalanobis 

distances, and membership values until convergence was achieved or the maximum number of iterations was reached. The 

results of the Fuzzy Gustafson-Kessel modeling with various combinations of 𝑐and 𝑚are presented in Table 5. Each model 

was validated using the Modified Partition Coefficient (MPC). MPC evaluates the quality of fuzzy clustering based on the 

membership degree of each object in the formed clusters. A higher MPC value indicates that the objects have more distinct 

membership in a particular cluster, while a lower MPC value indicates that the membership is more ambiguous. Thus, the 

optimal clustering model is selected based on the highest MPC value. 

 

Table 5. Cluster Result Output 

Number of clusters (𝑐) Weighting rank (𝑚) Iterations objective function MPC 

2 2 20 64.28679 0.785 

3 2 20 52.81224 0.987 

4 2 20 9.225466 0.632 

(Source: Developed by the Author) 

 

 Based on Table 5 presents the clustering results obtained from the Fuzzy Gustafson-Kessel (FGK) method for 

varying numbers of clusters (c = 2, 3, and 4), all using a fuzzy weighting parameter of m = 2. The evaluation of the optimal 

number of clusters is based on the Modified Partition Coefficient (MPC) value, where a higher MPC value closer to 1 

indicates a better and more distinct cluster partition. For c = 2, the algorithm converged after 20 iterations with an objective 

function value of 64.28679 and MPC value of 0.785. For c = 3, the algorithm converged faster at 20 iterations, producing 

an objective function value of  52.81224 and mpc value of 0.987. For c = 4, the algorithm converged at 20 iterations with 

an objective function value of  9.225466 and the MPC value of 0.632.  

 Based on these results, the configuration of four clusters three is determined as the optimal solution in this 

study, as it produces the highest MPC value of 0. 0.987, which is the closest to 1 among all tested configurations. An MPC 

value approaching 1 indicates that each district/city has a clearly dominant membership degree to one particular cluster, 

meaning the cluster boundaries are well-defined and the partition quality is high. Conversely, an MPC value close to 0 

would suggest high overlap between clusters, indicating unclear grouping. Therefore, the MPC value of 0.987 obtained in 

this study confirms that the four-cluster solution provides a clustering structure with high clarity, low inter-cluster overlap, 

and strong separation between cluster members. Figure 3 below presents the visualization of the clustering results for 𝑐 =
3 and 𝑚 = 2 using Principal Component Analysis (PCA). This visualization is used to illustrate the distribution pattern of 

districts/cities in East Java Province based on the formed clusters. 
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Figure 3. Visualization of cluster c =3, m =2 

(Source: Developed by the Author) 

 

 

 Based on Table 5, the Fuzzy Gustafson-Kessel (FGK) clustering results show that the three-cluster 

configuration (c=3) with m=2 produced the highest MPC value of 0.987. This indicates that the clustering structure has 

clear membership, low overlap among clusters, and good partition quality. Therefore, c=3 was selected as the optimal 

number of clusters in this study. Figure 3 presents the PCA visualization of the clustering results for c=3 and m=2. This 

visualization illustrates the distribution pattern of districts/cities in East Java Province based on the formed clusters. Each 

point represents a district/city, while different colors and shapes indicate different cluster memberships. The visualization 

shows that the FGK method is able to separate the data into three groups with relatively distinct patterns. Although several 

points appear close to one another or slightly overlap, this condition is reasonable in fuzzy clustering because each 

district/city has a degree of membership in every cluster. Overall, the PCA visualization supports the MPC validation 

results, indicating that the three-cluster solution provides a good representation of tuberculosis risk grouping in East Java 

Province. 

 

3.6 Cluster Interpretation  

 After the optimal cluster was determined using the Modified Partition Coefficient (MPC) validation, the next 

step was to perform cluster profiling. Cluster profiling aims to identify and describe the characteristics of each cluster based 

on the average value of the variables used in the study. Through this process, each cluster can be interpreted according to 

the dominant tuberculosis risk factors, such as HIV, diabetes mellitus, malnourished toddlers, and active smokers by age 

group.Cluster profiling is important because the clustering results only show the grouping of districts/cities, while the 

profile of each cluster explains the meaning and characteristics of the formed groups. Therefore, the profiling process helps 

determine which clusters have higher, moderate, or lower tuberculosis risk characteristics. The results of the cluster 

profiling are presented in Table 6 below. 

  Table 6. Average Profile of Variable Values for Each Cluster 

Variable Cluster 1 Cluster  2 Cluster 3 

Hiv 97.75 154.62 75.59 

Diabetes mellitus 29.34 43.92 13.45 

Malnourished Toddlers 4,550 5,196 1,786 

Active Smokers Ages 15-24 421,971 229,142 110,320 

Active Smokers Ages 25-34 546,169 577,742 171,070 

Active Smokers Ages 35-44 326,149 560,414 231,575 

Active Smokers Ages 45-55 489,959 398,922 219,877 

Active Smokers Ages 55-64 539,423 26,163 102,263 

(Source: Developed by the Author) 

 

 Based on Table 6, Cluster 2 is categorized as high priority because it has the highest average scores for several 

key tuberculosis risk variables: HIV (154.62%), diabetes mellitus (43.92%), malnutrition in children under five 
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(5,196.75%), active smokers aged 25–34 (577,742,543), and active smokers aged 35–44 (560,414,700). High scores for 

these risk factors indicate that areas in Cluster 2 have greater tuberculosis vulnerability characteristics than other clusters. 

 Cluster 1 is categorized as medium priority. This cluster has relatively high scores for several variables, 

particularly active smokers aged 15–24 (421,971,032), smokers aged 45–55 (489,959,713), and active smokers aged 55–

64 (539,423,485). Furthermore, the HIV, diabetes mellitus, and malnutrition rates in Cluster 1 are also at a moderate level. 

Therefore, this cluster exhibits significant risk characteristics, but not as high as Cluster 2 for key variables such as HIV, 

diabetes mellitus, and malnutrition in children. 

 Meanwhile, Cluster 3 is categorized as low priority because it has the lowest average scores for most 

tuberculosis risk variables. This cluster has an HIV score of 75.59, diabetes mellitus of 13.45, malnutrition in children of 

1,786.95, and active smoking rates in most age groups, which are lower than those in Clusters 1 and 2. Therefore, areas in 

Cluster 3 have relatively lower tuberculosis risk characteristics than the other clusters. Furthermore, Table 7 presents the 

grouping results of districts/cities into three clusters based on the highest membership degree. 

Table 7. Results of grouping regions based on district/city 

Regency/City Cluster  

Pacitan, Ponorogo, Trenggalek, Tulungagung, Lumajang, Bondowoso, 

Situbondo, Nganjuk, Madiun, Magetan, Ngawi, Lamongan, Pamekasan, 

Sumenep, Kota Kediri, Kota Blitar, Kota Malang, Kota Probolinggo, Kota 

Pasuruan, Kota Mojokerto, Kota Madiun, Kota Batu 

Cluster 3 

(Low Priority) 

Blitar, Kediri, Malang, Jember, Banyuwangi, Mojokerto, Bojonegoro, 

Bangkalan 

Cluster 1 

(Medium Priority) 

Probolinggo, Pasuruan, Sidoarjo, Jombang, Tuban, Gresik, Sampang, Kota 

Surabaya 

Cluster 2 

(High Priority) 

(Source: Developed by the Author) 

 

Based on Table 6, each cluster shows different characteristics of tuberculosis risk factors. Cluster 2 is categorized 

as the high-priority cluster because it has the highest average values for several key risk factors, including HIV, diabetes 

mellitus, malnourished toddlers, active smokers aged 25–34 years, and active smokers aged 35–44 years. These 

characteristics indicate that districts/cities in Cluster 2 have a higher vulnerability to tuberculosis and require more intensive 

intervention. 

Cluster 1 is categorized as the medium-priority cluster. This cluster has relatively high values in several smoking-

related variables, particularly active smokers aged 15–24 years, 45–55 years, and 55–64 years. Although the values of HIV, 

diabetes mellitus, and malnourished toddlers are lower than those in Cluster 2, Cluster 1 still shows moderate tuberculosis 

risk characteristics and therefore requires preventive monitoring. 

Meanwhile, Cluster 3 is categorized as the low-priority cluster because it has the lowest average values for most 

tuberculosis risk factor variables. This indicates that districts/cities in Cluster 3 have relatively lower tuberculosis risk 

characteristics compared to the other clusters. However, routine surveillance and health promotion are still needed to 

prevent an increase in risk. 

Based on the cluster profiling results, the priority classification can be summarized as follows: Cluster 2 represents 

the high-priority group, Cluster 1 represents the medium-priority group, and Cluster 3 represents the low-priority group. 

Furthermore, Table 7 presents the distribution of districts/cities in each cluster based on the highest membership degree. 

 

3.7 Map visualization 

After the clustering results, through visualization, the clustering results can be interpreted more easily, particularly in 

identifying the differences in regional characteristics and the distribution of districts/cities within each cluster. Figure 4 

presents the spatial distribution of tuberculosis risk clusters in East Java Province based on the Fuzzy Gustafson-Kessel 

clustering results. The map shows the grouping of districts/cities into three priority levels: high, medium, and low.  
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Figure 4. Cluster result visualization map 

(Source: Developed by the Author) 

 

The red color represents the high-priority cluster, the yellow color represents the medium-priority cluster, and the 

green color represents the low-priority cluster. The high-priority cluster, shown in red, consists of Probolinggo, Pasuruan, 

Sidoarjo, Jombang, Tuban, Gresik, Sampang, and Surabaya City. These areas are categorized as high priority because they 

have higher average values for several tuberculosis risk factors, such as HIV, diabetes mellitus, malnourished toddlers, and 

active smokers in productive age groups.  

The medium-priority cluster, shown in yellow, consists of Blitar, Kediri, Malang, Jember, Banyuwangi, Mojokerto, 

Bojonegoro, and Bangkalan. These areas have moderate tuberculosis risk characteristics, with relatively high values in 

several smoking-related variables but lower values than the high-priority cluster in some main risk factors.Meanwhile, the 

low-priority cluster, shown in green, consists of Pacitan, Ponorogo, Trenggalek, Tulungagung, Lumajang, Bondowoso, 

Situbondo, Nganjuk, Madiun, Magetan, Ngawi, Lamongan, Pamekasan, Sumenep, Kediri City, Blitar City, Malang City, 

Probolinggo City, Pasuruan City, Mojokerto City, Madiun City, and Batu City. These areas generally have lower average 

values for most tuberculosis risk factor variables compared to the other clusters. 

Overall, the map provides a clearer spatial representation of tuberculosis risk distribution across East Java Province. 

The visualization helps identify areas that require different levels of intervention priority. Regions in the red cluster require 

greater attention in tuberculosis control programs, while regions in the yellow cluster require preventive monitoring. The 

green cluster represents areas with relatively lower risk characteristics, although routine surveillance and prevention efforts 

are still needed.  

 

4. CONCLUSION 
  

This study found that tuberculosis risk in East Java Province can be grouped into three clusters based on health risk 

factors using the Fuzzy Gustafson-Kessel (FGK) method. The data were considered suitable for clustering analysis, as 

indicated by an overall KMO value of 0.74 and VIF values below 10, showing that the variables met the sampling adequacy 

requirement and did not indicate serious multicollinearity. The clustering evaluation showed that the three-cluster configuration 

(c = 3, m = 2)  produced the highest MPC value of 0.987, indicating a clear fuzzy partition, low overlap among clusters, and 

good cluster separation. This result confirms that the FGK method is able to form representative clusters for regional 

tuberculosis risk analysis in East Java Province. 

The main empirical finding shows that cluster 2 is the highest-priority cluster. This cluster consists of Probolinggo, 

Pasuruan, Sidoarjo, Jombang, Tuban, Gresik, Sampang, and Surabaya City. These areas have higher average values for several 

major tuberculosis risk factors, including HIV, diabetes mellitus, malnourished toddlers, and active smokers in productive age 

groups. Therefore, districts/cities in Cluster 2 should receive greater intervention priority through strengthened early TB case 

detection, routine screening for vulnerable groups, improved treatment coverage, and smoking prevention programs. 

Methodologically, this study contributes by applying the FGK method to tuberculosis risk clustering at the district/city 

level. The FGK method is appropriate for regional health data because it uses Mahalanobis distance and can adapt to differences 

in variance and covariance structure among variables. The use of MPC also provides an objective basis for determining the 
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optimal cluster configuration.The clustering results can support policymakers in designing more targeted tuberculosis control 

strategies in East Java Province.  

High-priority areas require intensive intervention, medium-priority areas require preventive monitoring, and low-

priority areas still require routine surveillance to prevent an increase in tuberculosis risk. However, this study is limited by the 

use of cross-sectional secondary data, so it cannot explain causal relationships or temporal changes in tuberculosis risk. Future 

research is recommended to include longitudinal data, socio-economic variables, environmental variables, and comparisons 

with other clustering methods to obtain more comprehensive and robust results. 
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