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Introduction 

Southeast Asia (SEA), as one of the most dynamic and diverse regions in the world, offers a 
compelling case for analyzing the intersection of agricultural development, environmental 
sustainability, and economic performance [1,2]. With over 655 million people and significant 
contributions to global food supply chains, particularly rice, palm oil, and aquaculture, the region 
faces growing challenges in balancing productivity with environmental stewardship [3,4]. Its 
varied geography, socio-economic structures, and institutional capacities result in highly diverse 
agricultural practices and environmental outcomes across countries [5–7]. 

Agriculture in Southeast Asia contributes substantially to national gross domestic product 
(GDP) and rural employment, particularly in lower-income countries [8]. However, the sector is 
also a significant source of greenhouse gas (GHG) emissions, particularly methane (CH4) from 
rice cultivation and nitrous oxide (N₂O) from livestock and synthetic fertilizer use [9–11]. The 
increasing use of agrochemicals, including pesticides and nitrogen-based fertilizers, has further 
intensified environmental concerns related to input-driven emissions. Growing attention to 
climate change and food system sustainability has brought urgency to understanding how 
agricultural inputs and outputs affect environmental outcomes [12,13]. Yet, regional 
assessments remain limited and are often constrained to single-country studies or national 
averages that obscure important cross-country patterns [14,15]. 
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Abstract 

Agrochemical use, GHG emissions, and gross domestic product (GDP) vary widely across Southeast 
Asia, making the region suitable for cluster-based sustainability analysis. This study applies 
hierarchical clustering analysis (HCA) to classify nine Southeast Asian countries using four 
standardized indicators: pesticide use, nitrogen fertilizer use, GHG emissions, and GDP. Exploratory 
data analysis reveals significant disparities, with Brunei and Indonesia emerging as outliers due to 
exceptionally high input intensity and emissions, respectively. HCA identifies four distinct clusters: (1) 
low-input, low-emission economies (Cambodia, Laos, Myanmar); (2) moderately intensive systems 
(Malaysia, Thailand, the Philippines, Vietnam); (3) a high-pesticide profile (Brunei); and (4) a high-
emission, high-output outlier (Indonesia). Principal Component Analysis confirms the cluster structure 
and highlights variation in emission efficiency. The findings show that similar agroecological contexts 
can yield divergent environmental outcomes, emphasizing the role of policy and technology. This 
study provides the first region-wide, data-driven typology of agricultural sustainability in Southeast 
Asia using HCA. 
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In this context, this study conducts a comparative analysis of Southeast Asian countries using 
four key agricultural indicators: pesticide use, nitrogen fertilizer application, GHG emissions, and 
GDP. These variables were selected to reflect both environmental pressures (inputs and 
emissions) and economic outputs, providing a multidimensional view of agricultural 
sustainability. Pesticide and fertilizer use indicate the intensity of agricultural input use, which 
has implications for environmental degradation and indirect emissions [16,17]. GHG emissions 
directly reflect contributions to climate change, while GDP serves as a proxy for the sector’s 
economic performance and productivity [18]. 

By integrating these indicators, this research moves beyond simple reporting of emissions or 
productivity to explore how different countries balance agricultural output with environmental 
impacts. The concept of emissions intensity, often defined as emissions per unit of economic 
output, is extended here to include a broader mix of input-output variables, offering a more 
nuanced assessment of sustainability [19–22]. 

To identify patterns and groupings among countries, we use machine learning, a subset of 
artificial intelligence that enables computers to identify structures or make predictions based on 
data [23,24]. Machine learning methods are broadly categorized into supervised and 
unsupervised techniques [25–27]. In this study, we apply hierarchical clustering analysis (HCA), 
an unsupervised machine learning technique well suited for small to medium-sized datasets. 
HCA does not require a predetermined number of groups and produces a nested structure of 
clusters, allowing for the visualization of relationships at multiple scales through dendrograms 
[28–30]. This method has proven useful in regionalization and environmental classification 
studies [31]. 

We hypothesize that countries sharing similar agricultural profiles, such as intensive rice 
cultivation, high fertilizer use, or low GDP, may cluster together and reveal shared structural 
challenges or opportunities for collaboration. For instance, countries with high input use and 
low GDP might benefit from targeted interventions to improve efficiency, while those achieving 
higher output with lower environmental intensity may offer models for sustainable agricultural 
practices [32–34]. 

Cluster memberships may also reflect surprising alignments. Countries with similar geographies 
may differ in cluster placement due to policy divergence or differences in technology adoption, 
while others with distinct ecosystems may cluster due to similar agricultural systems or 
development strategies [35,36]. These patterns can inform more tailored policy approaches 
rather than one size fits all solutions. 

Ultimately, this study aims to fill a critical gap in regional agricultural sustainability analysis by 
offering a data driven classification of Southeast Asian countries based on four complementary 
indicators. The results can support regionally differentiated strategies, promote knowledge 
exchange, and guide policy actions aligned with climate targets under frameworks such as the 
Paris Agreement [37]. To our knowledge, this study use hierarchical clustering to classify 
countries in Southeast Asia based on a combined assessment of pesticide use, fertilizer use, 
GHG emissions, and GDP. This approach offers a holistic view of agriculture’s dual role in food 
security and climate mitigation. 

Materials and Methods 

Data 

The dataset comprises values from nine Southeast Asian (SEA) countries: Brunei, Cambodia, 
Indonesia, Laos, Malaysia, Myanmar, the Philippines, Thailand, and Vietnam. Four key indicators 
used for the clustering analysis are presented in Table 1. The data are from the year 2021, 
selected to ensure temporal consistency across SEA countries and to reflect the most recent 
pre-pandemic trends in agricultural and environmental performance. Other SEA countries, such 
as Singapore and Timor-Leste, are excluded due to the unavailability or incompleteness of 
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consistent data across the selected indicators. To ensure the robustness and comparability of 
the analysis, only countries with complete and reliable data were included. 

Table 1. Variable description. 

Variable Unit Description Source 
Pesticide Use Kilograms per 

hectare 
Measures the intensity of chemical inputs in 
agricultural production. Higher values may indicate 
more intensive farming practices. 

OWID 
[38] 

Nitrogen Fertilizer 
Use 

Kilograms per 
hectare 

Represents the level of nitrogen-based nutrient 
inputs, which are critical for crop yield but may also 
contribute to environmental degradation. 

OWID 
[39] 

Greenhouse Gas 
(GHG) Emissions 

Metric tons Denotes total emissions from agricultural sources, 
serving as a proxy for the sector’s environmental 
footprint and sustainability performance. 

OWID 
[40] 

Gross Domestic 
Product (GDP) 

Constant 
2015 US 
dollars 

Reflects the overall economic output and 
development level of a country, adjusted for 
inflation to ensure temporal comparability. 

WDI 
[41] 

The selection of pesticide use, nitrogen fertilizer use, GHG emissions, and GDP for the cluster 
analysis reflects their importance in representing key aspects of agricultural practices, 
environmental impact, and economic development in Southeast Asia. Many countries in the 
region rely heavily on agriculture, with rising input use indicating intensification. GHG emissions 
capture the environmental effects of these practices, while GDP provides insight into each 
country's development level and ability to invest in sustainability. These variables together 
allow for a balanced assessment of regional differences and support informed policy planning. 

All data were standardized prior to clustering by removing the mean and scaling to unit variance 
(z-score normalization). This preprocessing ensures that each feature contributes equally to the 
distance calculations in the clustering algorithm, regardless of its original scale or unit. Without 
standardization, variables with larger numerical ranges such as GDP or GHG emissions could 
dominate the clustering outcome, biasing the analysis. Standardizing the features allows the 
algorithm to identify clusters based on relative patterns across all variables rather than absolute 
magnitudes. 

Exploratory Data Analysis 

Exploratory data analysis (EDA) was performed to gain an initial understanding of the dataset's 
structure, distribution, and inter-variable relationships. The analysis began with the computation 
of descriptive statistics for each of the four variables: pesticide use, nitrogen fertilizer use, GHG 
emissions, and GDP. Measures such as the mean, standard deviation, minimum, and maximum 
provided insight into the central tendencies and spread of each variable across the nine 
Southeast Asian countries. These statistics revealed significant variation, particularly in GHG 
emissions and GDP, where countries like Indonesia and Brunei exhibited notably higher values 
compared to others. 

To investigate potential relationships between variables, a correlation matrix was generated 
[42,43]. This matrix visually represented the strength and direction of pairwise correlations 
among the features. For instance, a moderate positive correlation was observed between 
fertilizer use and GHG emissions, suggesting that increased agricultural input may be associated 
with higher environmental impact. Conversely, GDP showed weaker correlations with input-
related variables, indicating that economic performance in the region may not be directly aligned 
with agricultural intensity. Identifying such patterns is crucial, as it informs the interpretation of 
clustering results and supports the hypothesis that countries with similar agricultural or 
economic profiles may cluster together. 

In addition to statistical summaries and correlation analysis, the distributions of each variable 
were visualized using histograms overlaid with kernel density estimation (KDE) curves [44]. 
These plots highlighted non-normal distributions and the presence of skewness in several 
variables, particularly GHG emissions and GDP, which showed right-skewed behavior due to a 
few high-performing outliers. Boxplots were also employed to further explore the distribution 
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and detect outliers. This visualization confirmed the disparities observed in the numerical 
summaries, reinforcing the importance of standardization prior to clustering. The combination of 
these EDA techniques provided a comprehensive view of the data landscape, laying the 
groundwork for meaningful and unbiased clustering analysis [45]. 

Hierarchical Clustering Analysis 

To identify groups of countries with similar profiles in terms of agricultural inputs, greenhouse 
gas emissions, and economic output, hierarchical clustering analysis (HCA) was employed. 
Specifically, an agglomerative approach was used, where each country initially represents its 
own cluster, and clusters are iteratively merged based on similarity until a single cluster 
encompassing all observations is formed [46]. 

The similarity between countries was measured using Euclidean distance, which captures the 
straight-line distance between points in multidimensional space. Euclidean distance is 
particularly appropriate when variables are standardized, as in this study, to ensure equal 
weight across different feature scales [47]. 

The Ward linkage method was chosen to determine how clusters are merged at each step. 
Ward's method minimizes the total within-cluster variance, resulting in compact and spherical 
clusters. This method tends to produce more balanced and interpretable cluster structures 
compared to other linkage strategies such as single or complete linkage, which may be sensitive 
to outliers or generate elongated clusters [48]. 

The output of the clustering process was visualized using a dendrogram, which displays the 
hierarchical arrangement of the clusters and assists in determining an appropriate number of 
final groupings based on the linkage distances [49]. By cutting the dendrogram at various 
heights, different cluster solutions can be explored and compared, allowing for flexibility in 
interpretation and selection of the most meaningful segmentation of countries. 

Results and Discussion 

Exploratory Data Analysis Results 

Table 2 presents the descriptive statistics for the four variables analyzed across nine Southeast 
Asian countries. The data reveal substantial variability in all indicators, underscoring the diverse 
agricultural practices, environmental impacts, and economic scales within the region. 

Pesticide use shows the highest relative dispersion, with a mean of 6.44 kg/ha and a standard 
deviation of 10.49 kg/ha. The wide range, from as low as 0.14 kg/ha to as high as 33.91 kg/ha, 
indicates vastly different agricultural chemical intensities, likely reflecting variations in crop 
types, farming technologies, and regulatory practices. Similarly, fertilizer use varies notably, 
though it is more centered around the mean of 53.95 kg/ha, with an interquartile range (IQR) 
spanning from 26.47 to 64.02 kg/ha. 

Greenhouse gas (GHG) emissions also show a highly skewed distribution, with a mean of 
approximately 401 million tons but a standard deviation that exceeds this average. The 
minimum value is around 17.6 million tons, while the maximum reaches nearly 1.65 billion tons, 
indicating that countries like Indonesia dominate regional emissions, likely due to land use 
change and extensive agricultural activity. 

GDP values exhibit a similarly wide spread, ranging from $13.2 billion to over $1 trillion, with a 
mean of nearly $300 billion. This disparity reflects the heterogeneity in national economic 
structures and development stages across the region. The high standard deviation suggests that 
economic powerhouses like Indonesia and Malaysia heavily influence regional averages. 
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Table 2. Descriptive statistics of key variables. 

Statistic Pesticides Fertilizer GHG GDP 
Mean 6.436 53.947 401,463,444 299,790,900,000 
Std 10.488 35.603 499,453,470 336,504,400,000 
Min. 0.14 22.68 17,570,880 13,215,630,000 
25% 0.94 26.47 86,967,704 32,909,180,000 
50% 3.64 55.38 269,455,600 332,245,600,000 
75% 5.29 64.02 421,066,850 378,998,600,000 
Max. 33.91 134.22 1,648,610,000 1,065,709,000,000 

The Pearson correlation matrix among the four variables is presented in Figure 1. The strongest 
positive correlation is observed between GHG emissions and GDP (r = 0.96), indicating a near-
linear relationship. This suggests that countries with higher economic output also tend to have 
significantly higher greenhouse gas emissions, likely due to more intensive and industrialized 
agricultural practices. A moderate positive correlation is also found between fertilizer use and 
GDP (r = 0.49), and between fertilizer use and GHG emissions (r = 0.43). These relationships 
imply that nitrogen input is moderately associated with both environmental and economic 
outcomes, possibly reflecting increased crop productivity and greater environmental impact 
from synthetic input use. In contrast, pesticide use shows weak and negative correlations with 
the other variables. Its correlation with GDP (r = -0.21) and GHG emissions (r = -0.18) suggests 
that higher pesticide input is not a clear indicator of economic scale or environmental burden in 
this dataset. This may reflect variation in crop types, pest management strategies, or reporting 
accuracy across the sampled countries. 

 

Figure 1. Correlation matrix. 

Histograms overlaid with kernel density estimation (KDE) curves are used in Figure 2 to 
illustrate the distributions of the four variables. These plots highlight the presence of right-
skewed distributions in all variables, indicating that most countries cluster at lower values, with 
a few high-value outliers. Pesticide use is concentrated below 10 kg/ha, with a single extreme 
value above 30 kg/ha pulling the distribution sharply to the right. This suggests that most 
Southeast Asian countries apply relatively modest levels of pesticides, but at least one country, 
likely Brunei, uses a significantly higher amount. Fertilizer use also displays right skewness, 
though to a lesser extent. Most values lie between 20 and 70 kg/ha, but one country exceeds 
130 kg/ha, contributing to the long tail. This indicates heterogeneous nitrogen application 
intensity across the region. GHG emissions also exhibit a pronounced long tail, with most 
countries emitting fewer than 500 million tons and one or two countries far exceeding this level. 
The distribution confirms the presence of strong outliers, such as Indonesia, which dominates 
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regional emissions due to its large-scale agricultural sector and land use changes. GDP exhibits 
a similar pattern, with most countries falling well below $400 billion, while a few reach beyond 
that, including one with GDP over $1 trillion. This long-tail distribution underscores the wide 
economic disparity among the countries analyzed. These non-normal distributions further justify 
the need for feature standardization prior to clustering, as raw scale differences would 
otherwise dominate distance calculations. 

 

Figure 2. Histograms with kernel density estimation curves for pesticide use, fertilizer use, GHG emissions. 

Figure 3 presents boxplots for Pesticides, Fertilizer, GHG emissions, and GDP, visually 
emphasizing the skewed distributions and presence of outliers observed in the previous figure. 
All variables exhibit right-skewness, with medians clustered near the lower quartiles and one 
or more extreme values extending the upper whiskers. Notably, pesticide and fertilizer use show 
compact interquartile ranges, while single high outliers indicate disproportionately high usage 
in certain countries. Similarly, GHG emissions and GDP display substantial outliers, reflecting 
the dominance of a few countries, such as Indonesia and Singapore in regional emissions and 
economic output. These patterns reinforce the need for normalization before clustering to 
prevent outliers and scale disparities from biasing the analysis. 

 

Figure 3. Boxplots of pesticide use, fertilizer use, greenhouse gas (GHG) emissions, and GDP across nine 
Southeast Asian countries. 

Hierarchical Clustering Results 

The results of the hierarchical clustering analysis are visualized in Figure 4, which displays the 
dendrogram generated using Ward's linkage method and Euclidean distance on the 
standardized dataset. The dendrogram illustrates the step-by-step merging of clusters based 
on similarity and reveals the overall structure of relationships among the nine Southeast Asian 
countries. 
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Figure 4. Dendrogram illustrating the hierarchical clustering of nine Southeast Asian countries. 

At the lowest levels of the dendrogram, the Philippines, Malaysia, and Thailand form a tight 
cluster, indicating a high degree of similarity in terms of pesticide and fertilizer use, GHG 
emissions, and GDP. These countries are likely to share common agricultural intensification 
patterns and similar stages of economic development. Closely linked to this group is Vietnam, 
suggesting a moderate similarity, perhaps due to its rising economic status and evolving 
agricultural sector. 

A second cluster comprises Cambodia, Laos, and Myanmar, which merge at a very low linkage 
distance, reflecting near-identical profiles across the analyzed indicators. This grouping likely 
represents countries with lower GDPs, modest agricultural input use, and relatively low GHG 
emissions, suggesting more traditional and less industrialized farming systems. 

At a higher linkage distance, Brunei and Indonesia emerge as distinct from the rest of the 
countries. Brunei, while economically affluent, appears as a clear outlier due to its extremely 
high pesticide use despite its small scale. Indonesia, on the other hand, is separated from all 
other countries early in the clustering process, reflecting its dominant values across several 
variables, particularly GHG emissions and GDP. This outlier status aligns with Indonesia's large 
agricultural footprint and economic scale relative to its neighbors. 

To better visualize the clustering structure and validate the results of the hierarchical analysis, 
a Principal Component Analysis (PCA) was conducted and plotted in Figure 5. This scatter plot 
projects the nine Southeast Asian countries onto the first two principal components (PC-1 and 
PC-2), which together capture the majority of variance in the standardized dataset. Each country 
is colored according to its assigned cluster from the hierarchical analysis, and decision 
boundaries between clusters are overlaid for clarity. 
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Figure 5. Principal Component Analysis (PCA) plot showing the distribution of Southeast Asian countries 
based on the first two principal components. 

The PCA visualization confirms the distinctions suggested by the dendrogram. Cluster 1, 
comprising Cambodia, Laos, and Myanmar, appears tightly grouped in the lower-left quadrant, 
indicating highly similar profiles with lower agricultural inputs, emissions, and GDP. Cluster 2, 
which includes Malaysia, the Philippines, Thailand, and Vietnam, forms a more spread-out group 
in the center-right region of the plot. This suggests shared yet somewhat varied characteristics 
typical of emerging economies with moderate to high agricultural and economic activity. 

Notably, Brunei and Indonesia are located far from the central clusters, reinforcing their status 
as outliers. Brunei, placed in Cluster 3, is positioned in the upper-left quadrant, likely due to its 
disproportionately high pesticide use relative to its small size and moderate emissions. In 
contrast, Indonesia, which forms Cluster 4 by itself, is positioned far to the right along PC-1, 
reflecting its exceptionally high GHG emissions and GDP. These extreme values cause it to 
stand apart from all other countries. 

Figure 6 presents a geographic visualization of the clustering results, mapping the nine 
Southeast Asian countries according to their assigned clusters. This spatial representation 
complements the statistical findings and provides a clearer context for interpreting regional 
similarities and differences. Cluster 1, consisting of Cambodia, Laos, and Myanmar, includes 
countries that are geographically contiguous in mainland Southeast Asia. Their close proximity 
likely contributes to shared socioeconomic and environmental characteristics, such as low GDP, 
limited agricultural input use, and minimal greenhouse gas emissions, which reflect traditional 
and less industrialized farming systems. Cluster 2 encompasses Malaysia, the Philippines, 
Thailand, and Vietnam, countries that are more geographically dispersed but maintain relatively 
close economic ties and similar levels of agricultural intensification. Their positioning suggests 
moderate to high input use and economic activity typical of emerging economies undergoing 
rapid transformation. Brunei, assigned to Cluster 3, is geographically and statistically distinct, 
located on the northern coast of Borneo and characterized by its small population size and 
disproportionately high pesticide use. Indonesia, forming Cluster 4 alone, is the largest and most 
diverse country in the region, both geographically and economically. Its separation from other 
countries reflects its dominant values across several indicators, particularly greenhouse gas 
emissions and GDP. Overall, the spatial distribution of clusters highlights the role of geographic 
and economic context in shaping agricultural and environmental profiles across Southeast Asia, 
reinforcing the patterns observed in both the dendrogram and the principal component analysis. 
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Figure 6. Cluster visualization based on the findings. 

Conclusions 

This study reveals significant diversity in the environmental and economic dimensions of 
agriculture across Southeast Asia. Through hierarchical clustering analysis of nine countries, 
four distinct groupings emerged: (1) low-input, low-emission economies; (2) moderately 
intensive agricultural systems; (3) unique high-input outliers; and (4) high-output, high-emission 
systems. Indonesia and Brunei stood out due to their exceptional emission levels and pesticide 
use, respectively, while countries like Cambodia, Laos, and Myanmar reflected more traditional, 
lower-impact agricultural profiles. 

The findings emphasize that agricultural sustainability in the region is highly uneven, shaped by 
both structural and policy-related factors. Countries with similar geographies do not always 
share similar emission intensities or input profiles, highlighting the importance of context-
specific strategies. Rather than relying on generalized policies, targeted interventions tailored 
to the characteristics of each cluster are needed to enhance productivity without compromising 
environmental goals. This analysis provides a clearer basis for regional cooperation and policy 
alignment in advancing low-emission, climate-resilient agricultural systems in Southeast Asia. 
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