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Abstract 

This study proposes an Improved K-Means (IKM) algorithm to enhance the clustering of Thailand’s 

multidimensional poverty data. The framework integrates Principal Component Analysis (PCA) for 

dimensionality reduction, the Elbow Method for optimal cluster selection, and Density Peak 

Clustering (DPC) for centroid initialization within an automated workflow. Provincial-level data 

from the National Statistical Office (NSO) for 2019, covering all 76 provinces, were analyzed.  

The performance of IKM was compared with standard K-Means and Gaussian Mixture Models 

(GMM) using the Silhouette coefficient as the internal validation metric. IKM achieved the highest 

Silhouette scores in six of seven indicators, indicating superior cluster compactness and separation. 

To verify robustness, the framework was further evaluated using district-level data from the Thai 

People Map and Analytics Platform (TPMAP). Paired bootstrap and paired permutation tests 

confirmed that the observed improvements were statistically significant rather than attributable to 

random variation. For example, comparison with Hierarchical Clustering using 2,000 bootstrap 

resamples produced a 95% confidence interval excluding zero, while both statistical tests yielded  

p-values below 0.05. Comparable results were obtained for comparisons with K-Means and GMM, 

confirming the consistency and statistical reliability of IKM. Overall, the proposed framework 

delivers more accurate, stable, and interpretable clustering, effectively capturing multidimensional 

socioeconomic disparities across Thailand. These findings provide a rigorous analytical basis for 

evidence-based, spatially targeted poverty reduction policies and offer a scalable framework for 

future district-level and longitudinal analyses. 
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Introduction 

Poverty is a complex, multidimensional, and 

spatially heterogeneous issue that perpetuates cycles 

of deprivation across individuals, households, and 

communities by restricting access to basic 

necessities, education, healthcare, and economic 

opportunities. The Multidimensional Poverty Index 

(MPI), developed by the Oxford Poverty and 

Human Development Initiative (OPHI) in 

collaboration with the United Nations Development 

Programme (UNDP), broadens the traditional 

income-based approach to include three key 

dimensions: health, education, and standard of 

living. These dimensions capture deprivations 

related to nutrition, child mortality, schooling, 

sanitation, housing, and household assets (OPHI and 

UNDP, 2023). Numerous studies have highlighted  

the multidimensional nature of poverty and  

its association with structural inequalities. For 

example, Mohanty et al. (2017) showed that 

increased investment in healthcare and broader 

access to health insurance can mitigate both 

catastrophic health expenditures and 

multidimensional poverty. Pinilla-Roncancio et al. 

(2020) found that people with disabilities 

experience higher levels and greater intensity of 

multidimensional poverty. Fonta et al. (2020) 

examined the determinants of child poverty in 

Burkina Faso. In Thailand, Wiraphanphong (2020) 

analyzed multidimensional poverty using the Thai 

People Map and Analytics Platform (TPMAP), 

while Alkire et al. (2021) simulated the short-term 

effects of the COVID-19 pandemic and projected  

a 3.6–9.9-year setback in global poverty reduction 

across 70 countries. These studies collectively 

emphasize the importance of adopting 

multidimensional and spatially sensitive approaches 

to poverty analysis. 

Thailand has made significant progress in 

reducing its MPI score through evidence-based 

poverty alleviation programs and area-based 

development strategies. TPMAP, developed 

collaboratively by government agencies, allows 

policymakers to design interventions that meet  

the specific needs of individuals and households  

at provincial, district, and subdistrict levels. 

Nevertheless, analyzing and interpreting 

multidimensional data remains a major challenge 

because existing methods often fail to capture  

the interconnections among education, health,  

and economic variables. Although the National 

Statistical Office (NSO) collects extensive poverty-

related data covering these dimensions, there has 

been little or no comprehensive clustering analysis 

of this dataset. Addressing this analytical gap can  

 

 
enhance Thailand’s capacity to design targeted and 

region-specific poverty alleviation policies. 

This study aims to fill that gap by proposing  

an Improved K-Means (IKM) clustering framework 

that integrates Principal Component Analysis 

(PCA) for dimensionality reduction, the Elbow 

method for determining the optimal number of 

clusters, and Density Peak Clustering (DPC) for 

improving centroid initialization. Traditional  

K-Means is known to be sensitive to random 

initialization and less effective with high-

dimensional data. The proposed hybrid IKM 

approach improves initialization, speeds up 

convergence, and provides more interpretable 

clusters. By applying the IKM algorithm to  

the 2019 NSO provincial dataset, which covers all  

76 provinces, this research identifies 

multidimensional poverty patterns and their 

regional distributions across Thailand. 

The choice of 2019 (B.E. 2562) data is 

deliberate and based on methodological 

considerations. The outbreak of COVID-19 in early 

2020 caused widespread disruptions to field surveys 

and delayed statistical data collection nationwide. 

Several socioeconomic indicators were postponed, 

partially collected, or not yet resumed, leading to 

inconsistencies in later datasets. Therefore, the 2019 

data is considered the most complete, consistent, 

and reliable baseline available before the pandemic 

shock. Using this dataset provides a robust 

foundation for spatial clustering and policy-oriented 

analysis under normal socioeconomic conditions. 

Accordingly, this study seeks to answer  

the following research questions: 

RQ1. Does the hybrid IKM approach improve 

clustering quality compared with traditional  

K-Means (KM) and Gaussian Mixture Models 

(GMM)? 

RQ2. What spatial and regional patterns 

emerge from the resulting clusters, and how do they 

relate to provincial poverty rates (PPP)? 

RQ3. What additional economic value does 

IKM offer compared with simple income-based 

provincial classification? 

RQ4. How are the different dimensions of 

poverty interconnected within clusters, and what 

implications do these relationships have for  

area-based poverty reduction policies in Thailand? 

Through these objectives, this research 

contributes a replicable methodological framework, 

an empirical analysis of Thailand’s multidimensional 

poverty landscape, and practical insights for 

evidence-based policy formulation and regional 

development planning. 
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Traditional K-Means Clustering 

The K-Means (KM) algorithm, introduced by 

MacQueen in 1967 (MacQueen, 1967) and later 

improved by Lloyd in 1982 (Lloyd, 1982), is  

a widely used technique for clustering data.  

Its simplicity and efficiency make it a fundamental 

tool for many applications related to poverty data. 

For instance, during the COVID-1 9  pandemic,  

it can forecast and plan growth rates, supply  

chain disruptions, and governmental decisions 

(Nikolopoulos et al., 2021). It has also been used  

to identify poverty patterns across Indonesia’s 

provinces (Sano and Nindito, 2016) and clusters  

of children’s social mobility opportunities for public 

health applications (Zelasky et al., 2023).  

The concept of traditional KM is summarized  

as Algorithm 1. 

 
Algorithm 1 The traditional K-Means algorithm. 
Require: 

  1: -Set of data points 𝑿 = {𝒙𝟏, 𝒙𝟐, 𝒙𝟑, … 𝒙𝑵} 
  2: -Number of clusters 𝑲. 
Ensure: 

  3: -Set of clusters 𝑪 = {𝑪𝟏, 𝑪𝟐, 𝑪𝟑, … 𝑪𝑲}, where 𝑪𝒊 

contains the data points assigned to the 𝒊-th 

cluster. 

  4: -Set of cluster centroids 𝑼 = {𝝁𝟏, 𝝁𝟐, 𝝁𝟑, … 𝝁𝑲}. 

  5: Initialization step: 

  6:   Create the set of initial centroids 𝑼 =
{𝝁𝟏, 𝝁𝟐, 𝝁𝟑, … 𝝁𝑲} by selecting 𝑲 data points 

randomly from the dataset. 

  7: Assignment step: 

  8: for 𝒊 =  𝟏 to 𝑵 do 

  9:       for 𝒋 =  𝟏 to 𝑲 do 

  10:           𝒅𝒊𝒋 = ‖𝒙𝒊 − 𝝁𝒋‖   

▷ Distance between 𝒙𝒊 and 𝝁𝒋. 

  11:     end for 
  12: end for 

  13: Update step: 

  14: for 𝒋 =  𝟏 to 𝑲 do 

  15: 𝝁𝒋 =
𝟏

|𝑺𝒋|
∑ 𝒙𝒊𝒙𝒊∈𝑺𝒋

            ▷ 𝑺𝒋 is the set of data 

points assigned to 

cluster 𝒋 and ‖𝑺𝒋‖ is 

the number of data 

points in 𝑺𝒋. 

  16: end for 
  17: Convergence: 

  18:    Repeat steps 2 and 3 until convergence (the 

centroids stop changing significantly between 
iterations or until a maximum number of 

iterations is reached). 

 

Here, we suppose that x_i is in  

M-dimensional space and ‖.‖ is the Euclidean norm. 

As depicted in algorithm 1  mentioned above,  

the traditional KM manifests various weaknesses 

that can impede its effectiveness in specific 

contexts. Recently, a comprehensive review of  

KM was presented (Ikotun et al., 2023), discussing 

open issues and challenges faced by this algorithm 

and its variants. The review focused on two primary 

challenges: high data dimensionality and  

the initialization step. The high dimensionality of  

the data presents a significant challenge, making 

it difficult for KM to manage large datasets with 

diverse attributes effectively. 

Furthermore, the initialization problem, which 

involves accurately determining the number of 

clusters and locating initial centroids, significantly 

impacts the algorithm’s performance. As mentioned, 

this study employs Principal Component Analysis 

(PCA) to reduce the dimensionality of the high-

dimensional MPI dataset, thereby transforming  

it into a lower-dimensional space. Subsequently,  

the Elbow and Density Peak clustering (DPC) 

techniques are integrated to enhance the 

performance of KM. This approach represents  

an improved version of the KM clustering algorithm 

optimized to handle high-dimensional poverty 

datasets more effectively. 

Improved K-Means Clustering 

Incorporating Dimensionality Reduction 
Principal Component Analysis (PCA) 

(Hotelling, 1933) is a technique that reduces  

the dimensionality of high-dimensional datasets 

while retaining substantial variability. It is used  

in various fields, such as image compression 

(Clausen and Wechsler, 2000), face recognition 

(Gottumukkal and Asari, 2004), finance, and 

economics (Yu et al., 2014; Zhou et al., 2020;  

He et al., 2021). This technique starts with 

standardizing the dataset. Then, the covariance 

matrix is calculated, and Eigen decomposition is 

performed to find eigenvectors and eigenvalues. 

These eigenvectors are sorted in descending order 

based on their eigenvalues to identify the principal 

components. Users can select a subset of these 

components to create a transformation matrix, 

which is then used to project the original data onto 

the chosen dimensions. The resulting dataset is  

a lower-dimensional version that retains the most 

significant variations fromthe original data. PCA 

was used to reduce dimensionality before clustering. 

 

Improving Initialization Process 
 

Elbow Method 

As previously discussed, the performance of 

KM is impacted by its initialization process. Fixing 

the number of clusters, denoted by K, may result in 

inaccurate or suboptimal results. It is preferable to 

use an adaptive approach to determine the optimal 

value of K to address this problem. This study 

implements the Elbow method to determine  

the optimal number of clusters in Algorithm 1.  
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This method involves plotting the within-cluster 

sum of squares (WCSS) against the number of 

clusters and identifying the point at which the 

decrease in WCSS slows down significantly. This 

point is known as the “elbow” and represents  

the optimal number of clusters. Adding more 

clusters beyond this point does not lead to  

a significant reduction in WCSS. The Elbow 

Method offers a straightforward yet practical 

approach to determining the optimal number of 

clusters, facilitating the interpretation and 

evaluation of clustering results. The algorithm  

for the standard Elbow method is shown in 

Algorithm 2. 

 
Algorithm 2 The standard Elbow method. 

  1: Compute the Within-Cluster Sum of Squares 

(WCSS) for each value of 𝒌: 

𝑾𝑪𝑺𝑺(𝒌) = ∑ ∑ ‖𝒙 − 𝝁𝒊‖
𝟐

𝒙∈𝑪𝒊

𝒌

𝒊=𝟏

 

       where 𝒙 represents a data point in the cluster 𝑪𝒊. 

  2: Plot WCSS against the number of clusters 𝒌: 

  3:        Plot the number of clusters 𝒌 against the 

corresponding WCSS values. 

  4: Identify the “Elbow” point: 

  5:     Look for the point in the plot where the rate of 

decrease in WCSS starts to slow down 

significantly. This point represents the optimal 

number of clusters. 

  6:  Select optimal number of clusters: 

  7:         Choose the number of clusters corresponding 

to the “Elbow” point as the optimal number of 

clusters 𝑲 for the dataset. 

 

As shown in Algorithm 2, the Elbow method 

provides a simple, visual, and objective approach  

to determining the optimal number of clusters 𝐾 in 

a dataset, thereby reducing subjectivity and offering 

a time-efficient solution for clustering analysis. 

 

Density Peak Clustering 

As discussed in the Traditional K-Means 

Clustering section, the initial centroid for each 

cluster is selected randomly in the traditional K-

Means approach. However, an unsuitable initial 

centroid may reduce the efficiency of the K-Means 

algorithm. Therefore, selecting the initial centroids 

more appropriately and accurately, rather than 

randomly, is considered a better approach. 

Various approaches have been proposed  

for optimizing the initial centroids of the K-Means 

algorithm. These approaches include cluster center 

initialization (Khan and Ahmad, 2004), partition-

optimization initialization (Maitra, 2009), heuristic 

method (Mahmud et al., 2012), and density  

peak clustering (Rodriguez and Laio, 2014).  

Some comparisons and discussions on other 

distance-based initialization approaches have also 

been discussed (Aldahdooh and Ashour, 2013).  

The density peak clustering (DPC) algorithm is  

the most powerful and widely used method for 

improving the initialization process of KM.  

The concept of the standard DPC identifies cluster 

centers with higher density than surrounding points 

and a greater distance from points with higher 

densities. It provides an intuitive way to determine 

the optimal number of clusters and identifies and 

excludes outliers. The approach is versatile and can 

identify clusters regardless of their shape and  

the dimensionality of the space. The summarized 

algorithm for DPC is Algorithm 3. 

 
Algorithm 3 Density Peak Clustering (DPC). 

  1: Compute pairwise distances between data 

points: 

  2: for 𝒊 =  𝟏 to 𝑵 do 

  3:      for 𝒋 to 𝑵 do 

  4:             𝒅̂𝒊𝒋 = ‖𝒙𝒊 − 𝒙𝒋‖ 

  5:      end for 

  6: end for 

  7: Compute local density for each data point: 

  8: for 𝒊 =  𝟏 to 𝑵 do 

  9:      𝝆𝒊 = ∑ 𝒆
−

𝒅̂𝒊𝒋
𝟐

𝝈𝟐                                   

           ▷ Gaussian kernel density estimation 

  10: end for 

  11: Compute distance to nearest neighbor with 

higher density: 

  12: for 𝒊 =  𝟏 to 𝑵 do 

  13:       Find nearest neighbor 𝒋 with higher 

density 𝝆𝒋 

  14:        𝜹𝒊 = 𝐦𝐢𝐧(𝒅̂𝒊𝒋)                                           

▷ Distance to nearest neighbor with higher 

density 

  15: end for 

  16: Identify density peaks: 

  17: Identify density peaks as points with high 

values of 𝝆 and 𝜹 

  18: Assign each data point to its nearest density 

peak: 

  19: for 𝒊 =  𝟏 to 𝑵 do 

  20:       Find nearest density peak 𝒋 

  21:       Assign data point 𝒊 to cluster associated 

with density peak 𝒋 

  22: end for 

  23: Post-processing (optional): 

  24:       Perform post-processing steps such as 

merging clusters or removing noise points 

  25: Output clusters: 

  26: Output final clusters 

 

For an improved K-Means (IKM) algorithm, 

dimensionality reduction is employed to facilitate 

better initialization using the PCA method. Then 

the Elbow method is applied to find the optimal 

number of clusters. DPC is used to set accurate 
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initial centroids before performing standard KM 

clustering. The concept of IKM is summarized  

as a flowchart in Figure 1. 

Theoretical Justification and Contribution 

This study integrates Principal Component Analysis 

(PCA) and Density Peak Clustering (DPC) into  

the traditional K-Means (KM) framework to 

enhance its applicability to high-dimensional 

poverty data. The theoretical justification for 

combining these techniques is as follows: 

 

High Dimensionality Reduction: Poverty 

data from the NSO consists of numerous 

socioeconomic indicators across various  

dimensions (education, health, economy). High 

dimensionality poses a challenge for traditional 

KM, as it increases computational complexity  

and reduces the interpretability of clusters. PCA 

helps by transforming correlated features into 

uncorrelated principal components while retaining 

maximum variance, thereby mitigating the “curse  

of dimensionality.” 

 

Robust Initialization via DPC: The accuracy 

and stability of KM heavily depend on the choice of 

initial centroids. Traditional random initialization 

may lead to suboptimal local minima. DPC 

addresses this by selecting initial centroids based on 

local density and relative distance, making it more 

resilient to irregular cluster shapes or non-convex 

distributions, which are common in real-world 

poverty data. 

 

Improved Convergence and Interpretability: 

Combining PCA with DPC prior to KM enables 

faster convergence due to better initialization and 

lower feature complexity. This hybrid strategy 

enhances intra-cluster compactness and inter-cluster 

separability, yielding clearer and more policy-

relevant clustering outcomes. 

 

Key Contributions of This Study include: 

1. A hybrid clustering algorithm that integrates 

PCA, the Elbow method, and DPC to improve  

the robustness and accuracy of poverty data 

analysis. 

2. A comparative evaluation of traditional  

KM and Improved K-Means (IKM) using Silhouette 

Scores across multiple dimensions. 

3. A novel application of IKM to Thailand’s 

NSO and TPMAP poverty datasets, revealing 

spatial inequalities and priority areas for policy 

intervention. 

Poverty Data Clustering 

This section provides the results of a data clustering 

analysis on poverty data collected in Thailand in 

2019 by the National Statistical Office (NSO) 

through a census process covering 76 provinces, 

i.e., N = 76. The 2019 dataset was selected as  

it constitutes the most recent and reliable source  

of nationally representative data prior to the onset  

of the COVID-19 pandemic. The pandemic 

substantially hindered subsequent data collection 

efforts, particularly field-based surveys, due to 

widespread public health restrictions and 

containment measures. Therefore, the 2019 data 

provides a robust baseline for evaluating poverty 

conditions under normal, pre-pandemic circumstances 

and is well-suited for conducting comparative 

analyses at the provincial level. The Thai province’s 

name orders the data point for each dataset. Figure 2 

 
 

 

Figure 1. Flowchart of IKM algorithm 
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shows the map of Thailand with 6 sub regions and 

its sub region information. Note that Bangkok is  

the capital of Thailand, located in the Central part of 

the country. Prior to clustering, the data was cleaned 

to remove outliers, imputed where missing using 

the provincial median, and normalized to zero  

mean and unit variance for fair dimensional 

comparison. 

Table 1 displays the global MPI, TPMAP,  

and NSO indicators. Note that the global MPI 

defines the first three dimensions; NSO defines  

the fourth dimension, and TPMAP determines the 

fifth and sixth dimensions. Note that the poverty  

data collected by TPMAP and NSO are different 

poverty datasets. The Ministry of Interior of 

Thailand supervises the TPMAP, whereas the NSO 

is supervised by the Ministry of Digital Economy 

and Society of Thailand. 

This study aims to cluster and analyze  

the relationship between the percentages of poor 

people (PPP) and various datasets, encompassing 

dimensions such as Education, Health, Economy, 

Income, and Access to Government Services. 

Figures 3-6 show the distribution of the collected 

datasets corresponding to those dimensions 

collected by NSO. 

Figures 3-5 display standardized distributions 

for education (EDU1, EDU2), health (HAL1, 

HAL2) and economy (ECM1–3). EDU1 has a right-

tail with 7 high values, while EDU2 is broader  

but without flagged outliers. HAL1 is tightly 

concentrated near the upper range (mortality share), 

HAL2 is wider. Among economy variables, ECM3 

(expenses-to-income) shows the widest spread, 

 
 

 

Figure 2. Map of Thailand with 6 sub regions 

(Mahikul et al., 2022) 

Table 1.  Compared mean Silhouette scores of all seven indicators that were clustered using the KM algorithm, 

GMM algorithm, and the IKM algorithm 

 

Dimensions 
K-Means  

(Mean Silhouette ± SD, 95% CI) 

GMM  

(Mean Silhouette ± SD, 95% CI) 

IKM  

(Mean Silhouette ± SD, 95% CI) 

EDU1 0.277 ± 0.021 [0.236, 0.314] 0.262 ± 0.019 [0.226, 0.298]    0.277 ± 0.021 [0.239, 0.314] 
EDU2 0.237 ± 0.025 [0.190, 0.282] 0.272 ± 0.020 [0.234, 0.308] 0.274 ± 0.022 [0.231, 0.313] 

HAL1 0.322 ± 0.028 [0.276, 0.371] 0.272 ± 0.031 [0.218, 0.330]    0.485 ± 0.042 [0.412, 0.552] 

HAL2 0.284 ± 0.019 [0.249, 0.317] 0.262 ± 0.017 [0.230, 0.293]    0.284 ± 0.020 [0.249, 0.318] 
ECM1 0.613 ± 0.031 [0.562, 0.668] 0.527 ± 0.036 [0.458, 0.592]    0.613 ± 0.029 [0.568, 0.662] 

ECM2 0.267 ± 0.027 [0.222, 0.310] 0.362 ± 0.033 [0.301, 0.422]    0.276 ± 0.028 [0.232, 0.323] 

ECM3 0.270 ± 0.025 [0.224, 0.314] -0.022 ± 0.017 [-0.051, 0.010] 0.277 ± 0.024 [0.232, 0.318] 

 

 
 

Figure 3. Distribution of the Education dataset 

 

 

 
 

Figure 4. Distribution of Health dataset 
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indicating heterogeneous household budget pressure 

across provinces. Figure 6 shows PPP with mean  

≈ 1% and a compact core once winsorized. 

Improved K-Means Clustering without 

PCA 

Case of Education Datasets 

For the first case, two datasets, including  

the percentage of workers without education 

(EDU1) and the percentage of workers with less 

than primary education (EDU2), are taken to cluster 

analysis and analyzed. As shown in Figure 3,  

the mean of EDU1 is less than 5%, and that of EDU2 

is less than 20%. EDU1 has 7 outliers, while EDU2 

has none. Without considering outliers, EDU2 has  

a greater distribution range than EDU1. To apply  

the IKM clustering, the initial number of clusters  

is input as k = 8. Figure 7 shows the relationship 

between K and the WCSS of the Elbow method 

defined in Equation (1). The optimized number of 

clusters, as determined by IKM, is K = 3. 

The summary of the obtained clustering for the 

EDU1 dataset is shown in Figure 8. 

For this EDU1 dataset, we detected seven 

high-side outliers and applied winsorization without 

removing any records. Using the Elbow method,  

the optimal number of clusters was determined to be 

K = 3. Cluster 1 (n = 57; approximately 75%) 

represents provinces with low EDU1 values and low 

PPP. Cluster 2 consists of provinces with moderate 

EDU1 and slightly higher PPP, while Cluster 3 

contains provinces with high EDU1 levels. 

Spatially, most provinces in the Northeast belong to 

Cluster 1, which is consistent with the region’s 

historically low proportion of workers with no 

education but still a non-negligible level of poverty. 

This pattern suggests that other factors such as 

health and economic conditions play an important 

role. 

 

Case of Health Datasets 

The Health datasets include the percentage of 

deaths from various diseases (HAL1) and the 

percentage of fetal abnormalities occurring during 

the perinatal period (HAL2). As shown in Figure 3, 

the mean of HAL1 is about 86%, whereas that of 

HAL2 is close to 50%. A few outliers appeared in 

HAL1 only.  

Figure 9 shows the clustering of the HAL1 

dataset. The data points are scattered along the range 

of the PPP dataset axis. The highest density 

appeared at the top of HAL1 (a). The optimized 

number of clusters is still 𝐾 = 3. Clusters 1-3 are 

identified as the highest, middle, and lowest HAL1 

clusters, respectively. The biggest and smallest 

clusters are Cluster 1 and Cluster 3, respectively (b). 

Those are the same for each sub region (c). 

 

 
 

Figure 5. Distribution of Economy dataset 

 

 

 
 

Figure 6. Distribution of Poor people datasets 

 
 

Figure 7. The relationship between the number of 

clusters and the calculated WCSS of  

the Elbow method during clustering for  

the EDU1 dataset 
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Case of Economy Datasets 

 
 

 

Figure 8.  Summary of data clustering to EDU1: the scatter plot of EDU1 versus the percentage of poor people 

(a), the number of provinces classified in each cluster (b), the number of provinces for each cluster in 

each sub region (c), and the geographic clustering (d) 

 

 

 
 

 

Figure 9.  Summary of data clustering to HAL1: the scatter plot of HAL1 versus the percentage of poor people 

(a), the number of provinces classified in each cluster (b), the number of provinces for each cluster in 

each sub region (c), and the geographic clustering (d) 
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Case of Economy Datasets 

For the Economy case, the percentage of Gross 

Provincial Product (GPP) per person (ECM1),  

the employment rate (ECM2), and the percentage of 

expenses to income (ECM3) are considered.  

As shown in Figure 3, the mean of ECM1, ECM2, 

and ECM3 is approximately 1.5%, 99%, and 80%, 

respectively. Out of the three, ECM3 has the widest 

distribution range. The optimized value of K for this 

dataset is consistent with the values obtained in 

previous cases.  

As shown in Figure 10(a), the higher data 

density is around the lower part of ECM1. Clusters 

1-3 are identified as the high-poor and low-ECM1, 

low-poor and low-ECM1, and low-poor and high-

ECM1 clusters, respectively. Cluster 2 is the largest 

cluster, larger than Clusters 1 and 3, which merge 

(b). In addition, Cluster 2 is the largest cluster for all 

sub regions except the Eastern one (c). Note that all 

provinces in the Northern and Western regions are 

classified as Cluster 2 only. Note that the largest 

clustered area of the provinces not classified into 

Cluster 2 is located in parts of the lower Northeast, 

Central, and Upper Eastern regions. The size of this 

area is nearly the same as the HAL2 case. 

To demonstrate the effectiveness of the IKM 

algorithm, the researcher compared the clustering 

performance using Silhouette Scores across all 

seven indicators, employing three methods:  

the classical K-Means, the IKM, and the Gaussian 

Mixture Model (GMM). The GMM algorithm, 

based on probabilistic modeling, assumes that data 

points are generated from a mixture of several 

Gaussian distributions, allowing for more flexibility 

in capturing overlapping and non-spherical cluster 

structures. This comparison enables a more 

comprehensive evaluation of the clustering quality, 

particularly in the context of multidimensional 

poverty indicators. 

Bootstrap resampling (Efron and Tibshirani, 

1993) (B = 2,000) was conducted for each 

dimension to quantify uncertainty in Silhouette 

scores. The IKM algorithm yielded the highest 

stability and mean performance across most 

dimensions, particularly in HAL1 (0.485±0.042, 

95% CI [0.412, 0.552]), confirming its robustness in 

handling multidimensional health and education 

indicators. Confidence intervals for K-Means and 

GMM partially overlap with IKM in simpler 

dimensions (EDU1–ECM1), but IKM consistently 

achieved higher or comparable upper bounds across 

all domains. 

A sensitivity analysis was performed to 

evaluate the robustness of the clustering structure 

 
 

 

Figure 10.  Summary of data clustering to ECM1: the scatter plot of ECM1 versus the percentage of poor people 

(a), the number of provinces classified in each cluster (b), the number of provinces for each cluster in 

each sub region (c), and the geographic clustering (d) 
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under different K values (K = 2, 3, and 4). The IKM 

algorithm achieved the highest mean Silhouette at  

K = 3 (0.355), compared with K = 2 (0.323) and  

K = 4 (0.329). This confirms that the three-cluster 

configuration provides the most compact and  

well-separated partition of the data, indicating that  

K = 3 reflects a genuine structure rather than  

an initialization artifact or Elbow Method bias. 

Cluster consistency between IKM and  

K-Means was quantitatively evaluated using  
Adjusted Rand Index (ARI) (Hubert and Arabie, 

1985) and Normalized Mutual Information (NMI) 

(Strehl and Ghosh, 2002). The overall mean ARI 

was 0.84, and the mean NMI was 0.88, indicating 

strong structural agreement between the two 

methods despite differences in cluster compactness. 

These results confirm that IKM not only achieves 

higher Silhouette-based cohesion and separation but 

also preserves clustering interpretability aligned 

with the K-Means baseline. 

 

Improved K-Means Clustering with PCA 

We apply PCA to the 7 standardized NSO 

indicators and retain the first two principal 

components (PC1, PC2) explaining 88.69% of  

total variance. PC signs indicate direction relative  

to component axes; negative scores simply 

denote an opposite loading pattern. Loadings 

(|weight|≥[0.30]) typically show PC1 aligned  

with education & economic pressure (EDU1/ 

EDU2/ECM3) and PC2 aligned with health & 

output (HAL1/HAL2/ECM1, ECM2) Elbow again 

yields K = 3. 

Cluster A (low PC1): lower education 

deprivation & lighter expense pressure. 

Cluster B (high PC1, mid PC2): 

education/expense pressure pockets. 

Cluster C (high PC2): health-related 

deprivation and/or low GPP per head. 

Geographically, PC1 and PC2 clusters are 

adjacent (Figure 11), and 18 provinces recur  

as vulnerable across both PCs-signaling robust 

cross-indicator disadvantage. 

As shown in Figure 12(a), the biggest cluster, 

Cluster 1, is located around the lower part of  

the PCA-DIM1 axis. In contrast, the PCA-DIM2 is 

distributed evenly. As shown in Figure 12, the size 

of Clusters 1 and 2 is nearly the same for the PCA-

DIM2 dataset. 

Considering each sub region in Figure 12(c-d), 

the number of provinces for each cluster for  

the PCA-DIM2 is more distributed than that of  

the PCA-DIM1. 

When examining the geographical clustering 

in Figure 13, it is observed that the distributions for 

PCA-DIM1 (a) and PCA-DIM2 (b) are nearby. 

Principal Component Analysis (PCA) was 

applied to seven standardized NSO indicators 

(EDU1, EDU2, HAL1, HAL2, ECM1, ECM2,  

and ECM3) to reduce dimensional redundancy and  

identify latent relationships among socioeconomic 

variables. The first two principal components (PC1 

and PC2) together explained 88.69% of the total 

variance (PC1 = 50.80%, PC2 = 37.89%), exceeding 

the conventional 80% threshold that ensures 

minimal information loss after dimensionality 

reduction. The loading matrix revealed that PC1 was 

dominated by strong loadings on ECM2 (+0.977) 

and ECM1 (−0.970), indicating an underlying 

dimension associated with educational and 

economic pressure, whereas PC2 exhibited high 

absolute loadings on HAL1 (−0.995) and HAL2 

(+0.995), corresponding to health and output 

performance. These quantitative relationships 

substantiate the interpretation of PC1 as 

representing education–expense deprivation and 

PC2 as reflecting health-related deprivation. Based 

on the Elbow method, the optimal number of 

 
 

Figure 11. The scatter plot of PCA-DIM1 (a) and PCA-DIM2 (b) datasets 



 

 

030390-11 Suranaree J. Sci. Technol. Vol. 33 No. 3; May - June 2026 

clusters was determined as K = 3. The resulting 

groups can be characterized as follows: Cluster  

A (low PC1) corresponds to provinces with lower 

education deprivation and moderate expense 

pressure; Cluster B (high PC1, mid PC2) captures 

pockets of economic and educational stress;  

and Cluster C (high PC2) comprises provinces 

experiencing health-related deprivation and low 

GPP per capita. Geographically, PC1- and PC2-

based clusters appear contiguous, with eighteen 

provinces recurrently identified as vulnerable across 

both components, indicating a robust and consistent 

pattern of multidimensional compound disadvantage 

across Thailand’s provincial landscape. 

 
 

Figure 12. The number of provinces classified in each cluster for PCA-DIM1 (a) and PCA-DIM2 (b) datasets 

 

 

 

 
 

 

Figure 13. The geographic clustering of the PCA-DIM1 (a), PCA-DIM2 (b) and joint PCA-DIM1 and  

PCA-DIM2 (c) 
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TPMAP Datasets Clustering 

To validate the robustness and reliability of the 

Improved K-Means (IKM) algorithm, the researcher 

applied it to the clustering of multidimensional 

poverty data from the Thai People Map and 

Analytics Platform (TPMAP). This dataset, curated 

and maintained by government agencies, reflects 

well-structured and systematically categorized 

dimensions of deprivation across provinces in 

Thailand. Specifically, TPMAP defines poverty 

using five principal dimensions: (1) Education 

(TPEDU), (2) Health (TPHAL), (3) Income 

(TPINC), (4) Living conditions (TPLIV), and (5) 

Accessibility to public services (TPACC). Each 

dimension consists of multiple indicators designed 

to capture various facets of deprivation.  

By leveraging TPMAP’s credibility and 

comprehensive coverage, the experiment offers  

a rigorous and policy-relevant testing ground  

for evaluating the performance of the IKM 

algorithm. 

 As shown in Figure 14, the clustering results 

based on the TPMAP dataset categorized Thailand’s 

provinces into two distinct groups: Cluster 1 with  

15 provinces and Cluster 2 with 61 provinces. 

Provinces assigned to Cluster 1 demonstrated 

comparatively higher mean values across key 

indicators, most notably in dimensions related to 

healthcare and income. On the other hand, Cluster 

2, which included the majority of provinces, 

reflected lower average scores across most 

indicators. Spatially, provinces in Cluster 1 were 

largely concentrated in the northwestern and 

southeastern regions of the country, whereas those 

in Cluster 2 were more widely distributed across all 

geographic areas. These patterns highlight the 

ongoing regional inequalities in development 

outcomes among Thai provinces. 

As shown in Figure 15, through the analysis of 

the quality of life dimension within the TPMAP 

dataset, Thai provinces were grouped into two 

principal clusters: Cluster 1, comprising 15 

provinces, and Cluster 2, comprising 61 provinces. 

Provinces in Cluster 1 were characterized by lower 

overall quality of life indicators and a greater 

concentration of impoverished populations.  

concentration of impoverished populations.  

In contrast, Cluster 2 represented provinces with 

relatively better living conditions and lower levels 

of poverty. Spatial patterns revealed that provinces 

in Cluster 1 were predominantly located in specific 

 
 

Figure 14. Summary of data clustering to TPHAL: the scatter plot of TPHAL versus the percentage of poor 

people (a), the number of provinces classified in each cluster (b), the number of provinces for each 

cluster in each sub region (c), and the geographic clustering (d) 



 

 

030390-13 Suranaree J. Sci. Technol. Vol. 33 No. 3; May - June 2026 

areas of the Northeastern, Northern, and Southern 

 
 

Figure 15. Summary of data clustering to TPLIV: the scatter plot of TPLIV versus the percentage of poor people 

(a), the number of provinces classified in each cluster (b), the number of provinces for each cluster in 

each sub region (c), and the geographic clustering (d) 

 

 

 
 

Figure 16.  Summary of data clustering to TPEDU: the scatter plot of TPEDU versus the percentage of poor 

people (a), the number of provinces classified in each cluster (b), the number of provinces for each 

cluster in each sub region (c), and the geographic clustering (d) 
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areas of the Northeastern, Northern, and Southern 

regions, indicating critical zones where strategic, 

regionally tailored development efforts are urgently 

needed to enhance quality of life. 

As shown in Figure 16, the TPMAP-based 

cluster analysis on education classified provinces 

into three groups: Cluster 1 (52 provinces) with low 

educational access and high poverty; Cluster 3  

(20 provinces) with better educational access and 

lower poverty; and Cluster 2 (4 provinces) at  

a moderate level. Spatially, Cluster 3 is concentrated 

in the North and South, while Cluster 1 spans  

all regions. These patterns highlight provincial 

disparities and the need for targeted educational 

policies. 

As shown in Figure 17, the TPMAP-based 

income clustering grouped provinces into three 

clusters: Cluster 1 (23 provinces) with low income 

and high poverty, Cluster 2 (46 provinces) with 

moderate levels and Cluster 3 (8 provinces) with 

high income and low poverty. Geographically, 

Cluster 1 is concentrated in the northwest and parts 

of the central region, while Cluster 3 is scattered 

across the North, West, and South. These results 

reveal significant income disparities and inform  

the need for targeted provincial policy interventions. 

As shown in Figure 18, cluster analysis on  

the TPMAP accessibility dimension identified three 

clusters: Cluster 1 (8 provinces), characterized by 

poor access to basic services and high poverty; 

Cluster 2 (25 provinces), with moderate conditions; 

and Cluster 3 (43 provinces), exhibiting better 

accessibility and lower poverty. Geospatially, 

Cluster 1 is concentrated in parts of the North, 

Northeast, and South. These disparities underscore 

the need for targeted interventions to improve 

service access in underserved regions. 

 To evaluate its performance, the IKM 

algorithm was compared with three widely used 

clustering methods: the original K-Means, the 

Gaussian Mixture Model (GMM), and Hierarchical 

Clustering. The comparison employed a single 

internal validity metric, the Silhouette coefficient, 

which measures the compactness and separability of 

clusters. Experimental results revealed that IKM 

consistently achieved higher Silhouette scores than 

K-Means, GMM, and Hierarchical Clustering 

across all tested datasets. This finding indicates that 

IKM can form more distinct cluster boundaries and 

effectively reduce overlap between groups, 

particularly in complex socioeconomic data. 

To confirm that the observed performance 

differences were statistically significant rather than 

due to random variation, both paired bootstrap and 

paired permutation tests were performed using  

the Silhouette coefficient as the evaluation  

metric. For example, when comparing IKM with 

Hierarchical Clustering, the bootstrap test with 

 
 

Figure 17.  Summary of data clustering to TPINC: the scatter plot of TPINC versus the percentage of poor 

people (a), the number of provinces classified in each cluster (b), the number of provinces for each 

cluster in each sub region (c), and the geographic clustering (d) 
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2,000 resamples produced a 95 percent confidence 

interval for the mean difference (Δ = IKM − HCL) 

of [0.1003, 0.1835], with a mean Δ = 0.1438 and 

p<0.001. The permutation test with 2,000 label 

swaps yielded a two-sided p-value of approximately 

0.001. Since the 95 percent confidence interval did 

not include zero and both tests showed p<0.05,  

the superiority of IKM over Hierarchical Clustering 

was statistically significant at the 5 percent level. 

Similar results were obtained in comparisons  

with K-Means and GMM, confirming that the 

improvements in clustering quality were consistent 

and reliable. 

In conclusion, the IKM algorithm represents  

a significant methodological and statistical 

advancement through its integrated optimization of 

dimensionality reduction, cluster-number selection, 

and centroid initialization. Comparative analyses 

with K-Means, GMM, and Hierarchical Clustering 

demonstrate that IKM provides more accurate, 

stable, and statistically validated clustering 

performance, indicating a substantial improvement 

in both methodology and analytical robustness. 

The analysis in this study was conducted 

primarily at the provincial level because this scale 

provides comprehensive and consistent data 

coverage for all 76 provinces, aligning with the 

policy and budgetary frameworks of national  

and regional development planning. However,  

the authors acknowledge that provincial aggregates 

may conceal substantial within-province 

heterogeneity. 

To assess this effect, an analysis of variance 

based on TPMAP district-level poverty data 

revealed that approximately 38.5% of the total 

variance was attributable to differences between 

provinces, while 61.5% originated within provinces. 

This indicates that local disparities are significant 

and should be examined in greater detail. 

 
 

Figure 18.  Summary of data clustering to TPACC: the scatter plot of TPACC versus the percentage of poor 

people (a), the number of provinces classified in each cluster (b), the number of provinces for each 

cluster in each sub region (c), and the geographic clustering (d) 

 

 

 

Table 2.  Comparative policy targeting performance of the IKM algorithm and income-only baselines 
 

Clustering Method TP FP FN TN Precision Recall F1-score 

IKM 25 5 10 36 0.83 0.71 0.76 

Income-only (B1/B2) 20 10 15 31 0.67 0.57 0.62 
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Accordingly, future extensions of the IKM 

model will incorporate district-level data to better 

capture intra-provincial inequalities and enhance  

the precision of poverty-targeting policies. 

Economic value added relative to 

income-only baselines 

To quantitatively assess the policy value added by 

the IKM algorithm, we compared its performance 

with income-only provincial groupings (B1: GPP- 
per-capita terciles; B2: TPINC terciles). Poverty 

classifications from the TPMAP database served as 

ground truth for 76 provinces under equal coverage 

conditions, as shown in Table 2. 
IKM achieved substantially higher precision 

(0.83) and recall (0.71) than the income-only 

baselines, indicating fewer false positives (leakage) 

and fewer false negatives (under-coverage).  
The resulting F1-score (0.76) confirms a more 

balanced and accurate targeting performance. 

To evaluate resource efficiency under constant 

coverage, the Targeting Efficiency Ratio (TER) 

derived following Good (2005) was defined as 

 

𝑇𝐸𝑅 =
RecallIKM

RecallIncome

=
0.71

0.57
= 1.25 

 
showing that IKM correctly identifies ≈ 25 % more 

genuinely vulnerable provinces than income-only 

targeting under the same budget constraint. 

Similarly, the Precision Ratio (0.83 / 0.67 ≈ 1.24) 

demonstrates lower leakage and better cost-

effectiveness. 

A simple policy simulation was conducted to 

estimate the net economic benefit of switching from 

income-only to IKM-based targeting. Assuming  
a fixed budget 𝐵 = 100  units per province and  
a social benefit of 𝑉𝑇𝑃 = 150  units for each true 

vulnerable province (while FP yields no benefit), the 

net benefit is 

 
𝑁𝐵 = 𝑇𝑃(𝑉𝑇𝑃 − 𝐵) − (𝐹𝑃)𝐵.  

 
Hence,  

 
𝑁𝐵𝐼𝐾𝑀 = 25(150 − 100) − 5(100) = 750 

 

and 

 

𝑁𝐵𝐼𝑛𝑐𝑜𝑚𝑒 = 20(150 − 100) − 10(100) = 0. 

 

The incremental net benefit (ΔNB = +750 

units) indicates that IKM delivers a markedly higher 

policy return under the same fiscal allocation. 

Sensitivity analysis across plausible ranges of 

𝑉𝑇𝑃 and 𝐵 preserves the positive ΔNB sign. 

Notably, IKM correctly identified provinces 

such as Ubon Ratchathani, Kalasin, and Pattani, 

where multidimensional deprivation in health and 

education persists despite mid-level incomes, 

thereby demonstrating tangible economic and 

policy value beyond conventional income-based 

classification. 

To assess the consistency of clustering 

outcomes between the TPMAP and NSO datasets, 

an independent analysis was conducted using  
the Improved K-Means (IKM) algorithm. Both 

datasets were normalized to ensure direct 

comparability. The results showed that the NSO 

dataset yielded an optimal number of clusters at  

K = 3, while the TPMAP dataset produced  

an optimal range of K = 2 to 3. This difference 

primarily results from variations in the indicator 

composition used to define poverty. The TPMAP 

dataset includes five dimensions consisting of 

income, health, education, access to public services, 

and living conditions. In contrast, the NSO dataset 

covers three core structural dimensions, namely 

education, health, and household economy. 

The broader dimensional coverage of TPMAP 

introduces a greater degree of variable overlap, 

particularly between income and access-to-services 

indicators. This overlap tends to merge medium and 

high groups into a single cluster, which in turn 

reduces the number of distinct clusters compared 

with NSO. A comparison using an Overlap Matrix 

revealed that 58 provinces (approximately 76%) 

were classified into the same clusters across both 

datasets, while 18 provinces (approximately 24%) 

differed in classification. Most of these provinces 

are transitional areas such as Kalasin, Ubon 

Ratchathani, and Pattani. 

These results indicate that both datasets exhibit 

a high degree of spatial consistency in identifying 

vulnerable regions. The differences observed mainly 

arise from data granularity and indicator weighting 

rather than methodological inconsistency. Overall, 

the findings confirm that the IKM model provides  

a stable and reliable analytical framework for 

identifying policy-relevant vulnerable areas across 

Thailand. 

Discussion 

The IKM algorithm demonstrated superior 

performance and interpretability compared with 

traditional K-Means and Gaussian Mixture Model 

(GMM) in analyzing Thailand’s multidimensional 
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poverty data. By integrating PCA, the Elbow 

Method, and DPC into a unified framework, IKM 

effectively reduces initialization bias and enhances 

the identification of complex socioeconomic 

structures. 

To empirically validate the concept of 

compound disadvantage, interaction terms among 

education, health, and economic indicators were 

analyzed. The interaction between Education × 

Health was statistically significant (p<0.05), 

suggesting that provinces experiencing 

simultaneous deprivations in these dimensions 

suffer disproportionately higher economic 

vulnerability. This finding confirms that poverty in 

Thailand arises from cumulative and interrelated 

disadvantages rather than from a single factor. 

The PCA results provide quantitative support 

for this interpretation. The first principal component 

(PC1), representing education and expense 

deprivation, explained 50.80 percent of the total 

variance, while the second component (PC2), 

representing health and output deprivation, 

explained 37.89 percent. Together, they account for 

88.69 percent of the total variance, which exceeds 

the conventional threshold of 80 percent used to 

ensure minimal information loss after 

dimensionality reduction. The loading matrix 

indicates that PC1 was primarily influenced by 

ECM2 (+0.977) and ECM1 (−0.970), whereas PC2 

was strongly associated with HAL1 (−0.995) and 

HAL2 (+0.995). These quantitative loadings 

support the interpretation that PC1 captures 

educational and financial stress, while PC2 reflects 

health-related deprivation and productivity 

variation. 

From a policy perspective, the IKM-based 

cluster classification provides a framework for 

developing targeted and evidence-based 

interventions for specific groups of provinces: 

• Cluster A (low PC1): Provinces with low 

education deprivation and moderate expense 

pressure should prioritize vocational training 

programs, household debt restructuring, and youth 

entrepreneurship initiatives to prevent the 

recurrence of poverty. 

• Cluster B (high PC1 and moderate PC2): 

Provinces facing both educational and financial 

burdens should implement adult literacy initiatives, 

foundational skill development, and community-

based microcredit programs to address 

intergenerational poverty. 

• Cluster C (high PC2): Provinces 

characterized by health deprivation and low GPP 

per capita should prioritize health-related 

interventions such as mobile clinics, 

noncommunicable disease screening, and the 

expansion of rural healthcare infrastructure. 

These cluster-tailored policy measures 

highlight the ability of IKM to support 

geographically precise and data-driven poverty 

reduction strategies. 

In terms of computational complexity, IKM 

requires approximately 1.3 times more processing 

time than traditional K-Means (0.84 sec per iteration 

compared with 0.65 sec) due to the DPC 

initialization and bootstrap-based stability 

validation. Nevertheless, it remains significantly 

faster than GMM (2.1 seconds per iteration, roughly 

3.2 times slower). This computational trade-off  

is justified by the algorithm’s higher internal 

validity, as demonstrated by the Silhouette mean of 

0.355, ARI of 0.84, and NMI of 0.88, confirming 

that IKM achieves strong cohesion, separation,  

and structural consistency across clusters. 

In summary, this discussion advances  

the understanding of multidimensional poverty in 

three key ways. First, it provides empirical evidence 

for the compound disadvantage mechanism through 

quantitative interaction analysis. Second, it develops 

policy interventions tailored to specific clusters 

based on measurable socioeconomic characteristics. 

Third, it evaluates the computational efficiency of 

IKM relative to benchmark algorithms. 

Overall, IKM represents an analytical 

framework that combines statistical rigor, spatial 

interpretability, and policy relevance, offering  

a robust foundation for evidence-based and 

geographically targeted poverty reduction in 

Thailand. 

Conclusions 

This work introduces a novel hybrid clustering 

framework tailored for Thailand’s complex 

multidimensional poverty data. By integrating PCA, 

the Elbow method, and DPC with K-Means, we 

achieved more accurate, meaningful, and reliable 

clusters than is possible with standard techniques. 

The IKM algorithm’s superior performance 

empowers policymakers to identify and prioritize 

vulnerable regions with greater confidence, 

supporting evidence-based poverty alleviation 

strategies. 

An IKM framework offers robust and 

interpretable clustering of Thailand’s 

multidimensional poverty at the provincial level.  

It performs better than alternative methods in 

several indicators and is at least comparable in most 

others. Most importantly, it adds clear economic 

value beyond income-only classification by 

revealing non-income deprivations that influence 

poverty risk. The approach is directly applicable to 

area-based policy design and can be readily 
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extended to microdata and time-series analysis as 

those datasets become available.  
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