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Abstract 

 

The clustering, one of statistical analysis, can be used for understanding population 

patterns and as a basis for more targeted policy making. In this ecological study, we 

explored the population dynamics across 23 districts/cities in Aceh Province. The study 

used the Aceh Population Development Profile Year 2022 data, focusing on the total 

population, in-migrants, out-migrants, fertility, and maternal mortality as variables. The 

study employed descriptive statistics to ascertain the data distribution, followed by the 

Shapiro-Wilk test to evaluate normality, which is crucial for selecting the appropriate 

statistical methods. The Spearman test was used to determine correlations between the 

total population and the variable as indicators. Probabilistic Fuzzy C-Means (PFCM) 

method is used for clustering. To optimize clustering, the silhouette coefficient was 

calculated using the Euclidean Distance and the elbow method, with the results analyzed 

using R-4.3.2 software. This study's design and methods aim to provide a nuanced 

understanding of demographic patterns for targeted policy-making and regional 

development in Aceh, Indonesia. Based on the data normality test results, only fertility (p-

value = 0.45), while the other variables are not normally distributed. Spearman test was 

used, and the results showed that only in-migrants (p-value = 1.78 x 10-6) and out-

migrants (p-value = 2.30 x 10-6) correlated to the Aceh Province population. Using the 

population variable and the two variables associated with it, it was found that 4 is the best 

optimum number of clusters, where clusters 1, 2, 3, and 4 consist of three districts/city, 

nine districts/city, four districts/city and seven districts/city respectively. 
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1. Introduction 

The population of Indonesia has continued to increase 

annually. These differences are particularly evident when 

comparing urban and rural areas and between major 

islands such as Java, Sumatra, Kalimantan, and other 

regions. Factors such as internal migration, economic 

growth, government policies, and natural conditions play 

a role in shaping the country's complex population 

patterns. According to data from the United Nations, 

Indonesia had a population of 277 million people by the 

year 2023, ranking among the top three countries with 

the highest population in the world [1]. 

Aceh Province, located at the western tip of Indonesia, 

experiences unique population dynamics influenced by 

migration, immigration, birth rates, and mortality. The 

population of Aceh's 23 districts/cities shows variations 

that reflect diverse socio-economic, cultural, and 

geographical conditions. Based on data from the 

Statistics of Aceh Province (BPS Aceh) in 2023, Aceh 

Province ranks 13th in terms of population size in 

Indonesia, with a total of 5,407,855 individuals residing 

across its various districts and cities [2]. A comprehensive 

analysis of these population dynamics is important for 

more effective and sustainable regional development 

planning. 

In the literature, clustering methods such as K-means and 

Hierarchical Clustering have been widely used for 

demographic analysis. In the literature, clustering 

methods such as K-means have been widely used for 

demographic analysis. Some of the studies applied the K-

Means method as a clustering technique on the socio-

economic distribution of the community based on 

demographic population [3]. A study in DKI Jakarta was 

also conducted to analyze population density clustering 

[4]. Furthermore, K-means is also applied as a clustering 

method for clustering population migration data of each 

sub-district in the Rembang Regency [5].  

Another clustering research is the application of Time 

Series Clustering in Poverty Clustering in Indonesia [6]. 

This study is one of Hierarchical Clustering. Although 

many studies have applied K-Means and Hierarchical 

Clustering, both methods have limitations in handling 

uncertainty and ambiguity in population data [7, 8]. 

Although many population studies have been conducted 

using clustering methods, there are still few that focus on 

clustering that considers calculation factors that have 

uncertainty values for districts/cities based on population 

indicators. Fuzzy clustering can be an alternative in 

clustering analysis [9], especially for population data in 

Aceh Province. This clustering is important for 

understanding population patterns and as a basis for 

more targeted policy-making. In addition, not many 

studies have examined the correlation between 

population indicators such as migration, immigration, 

birth rates, and maternal mortality rates to population 

growth in depth. 

There is a gap in a study that specifically examines the 

population in Aceh Province, which is more flexible in 

handling data uncertainty. Furthermore, previous studies 

tend to focus on descriptive analyses of the population 

without comprehensively examining the correlation 

between various demographic indicators, especially in 

the context of Aceh, which has unique social and cultural 

dynamics. 

This study introduces a new approach using the 

Probabilistic Fuzzy C-means (PFCM) method to cluster 

districts in Aceh based on population indicators. PFCM is 

one of the fuzzy clustering methods. The reason for using 

PFCM in this study is that PFCM is an advanced clustering 

technique that offers a nuanced approach to grouping 

data by allowing each point to belong to multiple clusters 

with varying degrees of membership. This method 

acknowledges the real-world ambiguity and overlap 

between categories, providing a more flexible and 

representative model of complex datasets than 

traditional hard clustering. PFCM's fuzzy approach is 

especially useful when data points are not distinctly 

separable into single categories. 

Moreover, PFCM enhances robustness to outliers and 

noise by incorporating a probabilistic membership 

function, which can assign lower significance to data 

points that do not fit well into any cluster, thus preserving 

the integrity of the clustering structure. Its ability to 

handle diverse cluster shapes and sizes also makes it 

suitable for a wide array of data types and structures, 

making it a powerful tool for revealing subtle patterns 

and relationships within the data. In addition, this study 

also integrates correlation analysis to explore the 

relationships between population indicators, providing 

new insights into population dynamics in Aceh. 

This study also aims to explore the relationship between 

population indicators such as In-migrants, out-migrants, 

fertility and maternal mortality to population growth in 

the hope of providing recommendations that can be used 

in population policy-making and regional development. 

Furthermore, this study aims to identify and analyze 

clusters of districts/cities in Aceh based on population 

indicators using the PFCM method, providing a more 

comprehensive picture of population dynamics in Aceh 

Province. 
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2. Materials and Methods 

2.1. Study Design 

This study adopted an ecological study design, with 23 

districts/cities in Aceh Province as the object of study. The 

ecological approach was used to analyze the clustering of 

23 districts/cities in Aceh Province based on population 

indicators. An ecological study design in population data 

is a type of research methodology that examines the 

relationships between various factors at a group or 

population level rather than focusing on individuals. This 

approach is useful for understanding broad trends and 

patterns in public health, epidemiology, and social 

sciences [10, 11]. 

2.2. Variables and Data Source 

In addition to the total population of each district/city in 

Aceh Province, the variables In-migrants, Out-migrants, 

Fertility, and Maternal mortality were used as population 

indicators. The data on each variable in this study is 

sourced from the Aceh Population Development Profile 

Year 2022 published by the Aceh Population Registration 

Office [12]. 

In demographic terms, population refers to the total 

number of people inhabiting a specific area or region at 

a given time. It encompasses all individuals living in that 

area, regardless of age, gender, ethnicity, or any other 

characteristic. Population studies often include analyses 

of various factors such as age distribution, birth and 

death rates, migration patterns, and other aspects that 

influence the size and characteristics of the population. 

In-migrants are individuals who enter a specific 

geographical area, region, or country from another place. 

This migration can be internal (within the same country) 

or international (from a different country). In-migrants 

contribute to the population growth of the area they 

move to and are a key factor in demographic changes. 

Their movement is often influenced by factors like 

employment opportunities, education, better living 

conditions, or escaping unfavorable conditions in their 

place of origin 

Out-migrants are individuals who leave a specific 

geographical area, region, or country to move to another 

place. Like in-migrants, this migration can be either within 

the same country or to a different country. Out-migration 

results in a decrease in the population of the area being 

left and is influenced by various factors, including 

economic, social, political, or environmental reasons. 

Fertility in demographic terms refers to the natural 

capability of producing offspring. More specifically, it 

often refers to the number of children born or the 

childbearing patterns among a population. The Total 

Fertility Rate (TFR) is a common measure, representing 

the average number of children a woman would have 

during her childbearing years (usually considered to be 

ages 15-49). 

Maternal mortality refers to the death of a woman during 

pregnancy, childbirth, or within a specific period (usually 

six weeks) after the end of a pregnancy, from causes 

related to or aggravated by the pregnancy or its 

management, but not from accidental or incidental 

causes. The Maternal Mortality Ratio (MMR) is a key 

measure, indicating the number of maternal deaths per 

100,000 live births, which is used to assess the risk 

associated with pregnancy and childbirth in different 

regions and populations. 

2.3. Statistical Methods 

To assess the data, the study computed descriptive 

statistics, such as minimum, mean, and maximum values. 

To further assess the data distribution, the study also 

computed the standard deviation. Descriptive statistics 

analysis gives a quick overview of the data distribution by 

assisting in identifying patterns, trends, and significant 

statistics [13–15]. 

Using the Shapiro-Wilk test, the study performed a 

normality test at the inferential statistics step. Particularly 

in the distribution's tails, the Shapiro-Wilk test has a 

tendency to be more sensitive to departures from 

normality [16–18]. Because of this, even with a small 

sample size, it is an excellent option if you are worried 

about finding departures from normalcy. In statistics, 

testing for data normality aims to determine if the data 

has a normal distribution [19–21]. The significance of the 

study lies in the fact that many statistical techniques 

presume a normal distribution and the accuracy of the 

analysis results is increased if this assumption is satisfied 

[22, 23]. Additionally, normality testing enables the 

researcher to select the most suitable statistical 

approach and assists in identifying outliers that could 

influence the study results. Thus, the conclusions are 

more credible, and the data are easier to explain [24–26]. 

Depending on how well the data's normal distribution 

was performed, either the Pearson or Spearman tests 

were employed to evaluate the relationship between the 

total population of each district/city and the population 

indicators included in this investigation. Finding the 

association between two or more variables is the goal of 

the statistical correlation test [27–29]. Correlation tests 

determine how closely changes in one variable are 

related to changes in another [30–32]. It contributes to 

our understanding of whether there is no correlation at 

all, a positive correlation (one variable increases when 
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the other does, too), or a negative correlation (one 

variable increases when the other decreases). Using 

correlation testing, finding potential links between the 

variables offers valuable insights into data analysis that 

can be used for planning, decision-making, or additional 

research [33]. 

Furthermore, this study uses PFCM for clustering 

analysis. PFCM is flexible in handling ambiguous or 

overlapping data. Unlike traditional clustering, which 

restricts data to a single group, PFCM allows objects to 

belong to multiple clusters with varying degrees of 

membership. This adaptability is invaluable when data 

division is not clear-cut, making PFCM suitable for 

dynamic or evolving datasets in fields like bioinformatics, 

image analysis, and social research. 

The application of PFCM in this context fills a 

methodological gap by offering a more nuanced 

clustering approach suitable for demographic data and 

contributes to a more informed and region-specific 

policy-making process. As regional development 

increasingly seeks precision and personalization in its 

strategies, techniques like PFCM could become 

indispensable in the toolkit of demographers and urban 

planners alike. 

In the clustering process, effective optimization plays a 

crucial role. To assess the quality of clustering, the 

silhouette coefficient is used, which involves measuring 

the distance between data points. This measurement 

typically employs the Euclidean Distance formula. 

However, it's important to note that the silhouette 

coefficient and the elbow method serve different 

purposes. While the silhouette coefficient evaluates the 

consistency within clusters of data, the elbow method is 

used to determine the optimal number of clusters by 

identifying a point where increasing the number of 

clusters no longer provides significant value in terms of 

variance. 

These values are utilized to determine whether a 

silhouette coefficient value is good or not can be 

assessed using the Kaufman and Rousseeuw table, as 

shown in Table 1 [34]. The visualization output of the 

PFCM will be displayed in cluster plots and thematic 

maps. 

Table 1. Interpretation of silhouette coefficient. 

Silhouette Coefficient Interpretation 

0.71 – 1.00 Strong clusters 

0.51 – 0.70 Clusters deemed appropriate 

0.26 – 0.50 Weak Cluster 

≤ 0.25 Cannot be considered a Cluster 

 

Further, R-4.3.2 software will be used to analyze the data 

according to the study objectives. Using R software for 

data analysis offers statistical methods, enhanced 

performance, and broad community support, making it a 

robust and efficient choice for modern data analysis 

needs [35, 36].  

3. Results and Discussion 

Based on the statistical analysis shown in Table 2, The 

range of population sizes is quite broad, indicating 

significant variation in the sizes of the areas or groups 

being studied. The mean population of 232,517 suggests 

that most areas fall closer to the smaller end of the scale, 

as this mean is much closer to the minimum than the 

maximum. The standard deviation (SD) of 142,17 is quite 

high, reinforcing the idea of a large variance. 

In-migrant numbers are with a minimum of 253 and a 

maximum of 7,439. The mean of 2,920 indicates a 

moderate level of in-migration on average. However, the 

relatively low standard deviation of 1,95 compared to the 

mean suggests that the in-migration numbers do not vary 

as widely as the population figures. 

For out-migrants, there is a significant range between the 

minimum (2,237) and maximum (29,906) out-migrants, 

indicating diverse migration patterns across the areas 

studied. The mean of 11,188, paired with a standard 

deviation of 7,780, suggests considerable variability but 

less extreme than in the population variable. 

Further, the fertility rates range from 58 to 79, with a 

mean of 68 and a low standard deviation of 6. This 

narrow range and low standard deviation indicate that 

fertility rates are relatively consistent across the areas  

studied. For maternal mortality data, the range from 2 to 

28, with a mean of 10 and a standard deviation of 7, 

indicates variability but not as extreme as seen in some 

of the other variables, and the data is relatively low 

numbers. 

Based on the results of Shapiro-Wilk normality tests, each 

variable (Population, In-migrants, Out-migrants, Fertility, 

Maternal Mortality) is accompanied by a W statistic and a 

p-value. The W statistic closer to 1 indicates a more 

normal distribution. The p-value helps decide whether 

the distribution significantly deviates from normality, 

with a common threshold being 0.05. Here, in-migrants 

(W = 0.9166; p-value = 0.0565) and Fertility (W = 0.9595; 

p-value = 0.4527) show the normal distribution because 

their values are well above 0.05, suggesting their 

distribution is not significantly different from normal. 

In contrast, other variables, notably Population, Out-

migrants, and Maternal Mortality, have lower W values 
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Table 2. Summary statistics of variables.

No. Variable Unit 
Central Tendency dan 

Dispersion 
District/City Value 

1 Population People Min Sabang 42,696 

Max North Aceh 600,163 

Mean - 232,517 

SD - 142,17 

2 In-migrants People Min Sabang 253 

Max Aceh Besar 7,439 

Mean - 2,92 

SD - 1,95 

3 Out-migrants People Min Sabang 2,237 

Max Banda Aceh 29,906 

Mean - 11,188 

SD - 7,780 

4 Fertility Ratio Min Nagan Raya 58 

Max Aceh Jaya 79 

Mean - 68 

SD - 6 

5 Maternal 

mortality 

Ratio Min Central Aceh and Subulussalam 2 

Max Bireuen 28 

Mean - 10 

SD - 7 

Table 3. Result of normality test and correlation test. 

No. Variable 
Normality test Correlation test 

W p-value r p-value 

1 Population 0.889 0.015 - - 

2 In-migrants 0.916 0.056* 0.846 1.78 x 10-6* 

3 Out-migrants 0.884 0.012 0.864 2.30 x 10-6* 

4 Fertility 0.959 0.452 0.364 0.09 

5 Maternal mortality 0.913 0.048 0.162 0.46 

Note:(*) = significant at 5% significance level. 

 

and p-values below 0.05, indicating their distributions 

significantly deviate from normality. This suggests that 

the data for these variables might be skewed or have 

outliers, while in-migrants and fertility data appear to be 

more normally distributed. The complete information 

can be seen in Table 3. 

The data normality test analysis results direct the study 

to test the data using the Spearman test. This is because 

the population variable as the key variable is not normally 

distributed. The Spearman correlation test results reveal 

a statistically significant and strong positive correlation 

between population size and both in-migrants (r = 0.846; 

p-value = 1.78x10-6) and out-migrants (r = 0.864; p-value 

= 2.30 x 10-6), indicating that areas with larger populations 

tend to have higher numbers of both incoming and 

outgoing individuals. However, the correlations between 

population and fertility (r = 0.364; p-value = 0.09) and 

population and maternal mortality (r=0.162; p-value = 

0.46) are much weaker and not statistically significant, 

with p-values exceeding the conventional significance 

level. 

This suggests that while migration patterns are closely 

linked to population size, fertility, and maternal mortality 

rates do not show a strong direct relationship with the 

size of the population. The complete visualization and 

tabulation of the Spearman test results can be seen in 

Figure 1 and Table 2. 

Further, effective optimization in clusters is essential. The 

graph in Figure 2 plots the total within the sum of squares 

(WSS) against the number of clusters k. This type of plot 

is often called an "elbow graph" because you look for an 

"elbow" where the rate of decrease sharply changes. This 

point is likely indicative of the optimal number of clusters. 

In our graph, the elbow appears to be at the point where 

the number of clusters k equals 4. After this point, the 

decrease in WSS begins to level off, suggesting that 
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Figure 1. Pairs panel chart of Spearman correlation test. 

 

Figure 2. Optimum number cluster using elbow method. 

 

additional clusters do not significantly improve the 

partitioning. Therefore, according to this method, the 

optimal number of clusters for the dataset would be 4.  

Based on the result of PFCM, there are four clusters 

identified, as indicated by the four colors and the legend 

on the right side of the plot (Figure 3). Each cluster 

appears to contain different districts of Aceh, with the 

numbers corresponding to the list you provided. The x-

axis (Dim1) and y-axis (Dim2) represent the two principal 

components extracted from the data, which means that 

the plot is likely a result of a dimensionality reduction 

technique applied to visualize the clusters in two 

dimensions. The percentages (e.g., 69.6%) indicate how 

much of the variance in the data is captured by each 

principal component. 

The spread of the clusters indicates the variance within 

each cluster. For example, cluster 1 (light blue) contains 

Aceh Besar (6), North Aceh (8), and Banda Aceh (9) is very 

tightly clustered, which might suggest that this district is 

quite distinct from the others in terms of the variables 

measured. 

Cluster 2 (grey) contains somewhat spread-out districts 

but still forms a distinct group. This includes districts like 

Aceh Tamiang (16), Bireuen (11), and Pidie (7). Cluster 3 

(yellow) has a larger spread and includes districts such as 

West Aceh (5), Southwest Aceh (12), and Bener Meriah 

(17). Cluster 4 (pink) is elongated and seems to contain 

districts that are quite spread out, including Gayo Lues 

(13), Aceh Jaya (14), and Sabang (20). The positioning of 

the clusters relative to each other can also give insights 
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Figure 3. Cluster plot of PFCM result. 

 

Figure 4. Thematic map of PFCM result. 

Table 4. District/city based on the result of PFCM clustering. 

Cluster District/City 

1 Aceh Besar, North Aceh, and Banda Aceh 

2 
South Aceh, Southeast Aceh, Central Aceh, West Aceh, Nagan Raya, Bener Meriah, Pidie Jaya, 

Lhokseumawe, and Langsa 

3 East Aceh, Bireuen, Aceh Tamiang, and Pidie 

4 Simeulue, Aceh Singkil, Gayo Lues, Aceh Jaya, Sabang, Southwest Aceh and Subulussalam 

 

into the similarities and differences between the clusters. 

For example, clusters 3 and 4 are closer to each other 

than clusters 1 or 2, which might suggest that the districts 

in clusters 3 and 4 are more similar to each other than 

those in clusters 1 or 2. A complete explanation of the 

clustering results can be seen in Table 4 and visualization 

of the thematic maps can be seen in Figure 4. 

This study has introduced PFCM clustering to analyze 

demographic data in Aceh Province, enhancing the 

understanding of population dynamics with a novel 

approach that embraces the inherent uncertainty of 

demographic data. The PFCM's capacity to handle 

ambiguity in membership allocation has allowed us to 

discern the underlying structure in population data that 
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traditional hard clustering methods could have 

oversimplified or misrepresented. Our findings echo the 

sentiments of previous works that highlight the 

limitations of crisp clustering techniques when applied to 

complex, real-world datasets [37, 38]. 

Our results have significant implications for regional 

development policy and resource allocation. For 

instance, the tight clustering of districts such as Aceh 

Besar, Aceh Utara, and Banda Aceh (Cluster 1) suggests a 

commonality in population for demographic trends that 

could be attributed to their geographical proximity and 

socio-economic interactions. These insights corroborate 

the research conducted by [39], who found geographical 

factors to play a pivotal role in shaping demographic 

patterns within regions. Moreover, the distinction 

between Cluster 4 (including Simeulue, Aceh Singkil, Gayo 

Lues, Aceh Jaya, Sabang, and Subulussalam) and the 

others could indicate unique demography, warranting 

tailored policy interventions [40, 41]. 

Based on the results, a more impactful approach for this 

study would be to provide specific recommendations 

tailored to the unique demographic characteristics of 

each cluster. For the closely clustered districts of Aceh 

Besar, Aceh Utara, and Banda Aceh, policy 

recommendations should focus on leveraging their 

geographical proximity and socio-economic interactions 

to maximize regional development. Strategies could 

include integrated infrastructure projects or shared 

educational and employment initiatives. Conversely, for 

Cluster 4, which includes Simeulue, Aceh Singkil, Gayo 

Lues, Aceh Jaya, Sabang, and Subulussalam, the distinct 

demography suggests the need for customized policy 

interventions. This could involve developing localized 

resource allocation plans or specialized social programs 

that address the unique needs and challenges of these 

areas. By providing such targeted recommendations, the 

study can offer more practical and effective guidance for 

regional development and resource allocation. 

However, this study has its limitations. The choice of 

variables, while comprehensive, might only capture part 

of the spectrum of factors influencing population 

clustering. Future studies could expand the dataset to 

include socio-demographic variables such as education 

levels, employment rates, and infrastructure quality, 

which have been shown to impact demographic 

population [42–44]. Additionally, while PFCM has 

provided a robust framework for clustering, the 

interpretability of fuzzy clusters remains a challenge, 

requiring decision-makers to navigate the probabilistic 

nature of the memberships when translating findings 

into policies [45, 46]. Future directions of this study 

include expanding the dataset to incorporate socio-

demographic factors like education, employment rates, 

and infrastructure quality, and improving the 

interpretability of fuzzy clusters in the Possibilistic Fuzzy 

C-Means framework to aid in policy-making. 

4. Conclusions 

The study's findings revealed significant correlations 

between population size and both in-migrants and out-

migrants, indicating that areas with larger populations 

tend to have higher numbers of both incoming and 

outgoing individuals. However, the correlations between 

population size and indicators like fertility and maternal 

mortality were weaker and insignificant. This suggests 

that while migration patterns are closely linked to 

population size, fertility, and maternal mortality rates do 

not have a strong direct relationship with the size of the 

population. The PFCM method identified four distinct 

clusters of districts/cities in Aceh, each showing unique 

demographic characteristics. This clustering provides a 

nuanced understanding of demographic patterns and 

can serve as a basis for more targeted and effective 

policy-making and regional development in Aceh 

Province. 
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