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ABSTRACT

Introduction: this study aimed to develop a systematic methodology for classifying recipient countries using
machine learning, with the premise that tailoring mid- to long-term ODA strategies to country characteristics
is essential. Additionally, it sought to propose ODA policy directions considering the unique attributes of
classified developing countries.

Methods: the research analyzed 166 countries, including both developed and developing nations, using
SDG scores and GDP per capita as key indicators. Machine learning techniques, specifically neural network
analysis and decision tree analysis, were employed for classification.

Results: the analysis resulted in the classification of the 166 countries into 12 distinct groups, with seven
nodes representing developing countries. Each group exhibited unique characteristics that informed the
development of country-specific ODA strategies

Conclusions: this study successfully developed a systematic classification methodology for recipient countries
using machine learning. The resulting classification and proposed ODA strategies for each group provide
a foundation for more targeted and effective ODA policies. This approach enables policymakers to tailor
their strategies to the specific needs and characteristics of different developing country groups, potentially
improving the impact and efficiency of ODA efforts.

Keywords: Country Classification Methodology; Machine Learning; Neural Network Analysis; Decision Tree
Analysis.

RESUMEN

Introduccion: este estudio pretendia desarrollar una metodologia sistematica para clasificar a los paises
receptores utilizando el aprendizaje automatico, con la premisa de que es esencial adaptar las estrategias
de AOD a medio y largo plazo a las caracteristicas de cada pais. Ademas, pretendia proponer orientaciones
politicas para la AOD teniendo en cuenta los atributos Unicos de los paises en desarrollo clasificados.
Métodos: la investigacion analizo 166 paises, tanto desarrollados como en desarrollo, utilizando como
indicadores clave las puntuaciones de los ODS y el PIB per capita. Para la clasificacion se emplearon técnicas
de aprendizaje automatico, concretamente el analisis de redes neuronales y el analisis de arboles de decision.
Resultados: el analisis dio como resultado la clasificacion de los 166 paises en 12 grupos distintos, con
siete nodos que representaban a los paises en desarrollo. Cada grupo presentaba caracteristicas Unicas que
sirvieron de base para el desarrollo de estrategias de AOD especificas para cada pais.

Conclusiones: este estudio ha desarrollado con éxito una metodologia de clasificacion sistematica de los
paises receptores mediante aprendizaje automatico. La clasificacion resultante y las estrategias de AOD
propuestas para cada grupo sientan las bases de unas politicas de AOD mas especificas y eficaces. Este
enfoque permite a los responsables politicos adaptar sus estrategias a las necesidades y caracteristicas
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especificas de los distintos grupos de paises en desarrollo, mejorando potencialmente el impacto y la eficacia
de los esfuerzos de AOD.

Palabras clave: Metodologia de Clasificacion de Paises; Aprendizaje Automatico; Analisis de Redes Neuronales;
Analisis de Arboles de Decision.

INTRODUCTION

The importance of Official Development Assistance (ODA) to developing countries has been strongly
emphasized in the international community from the perspective of sustainable development and poverty
alleviation. The Sustainable Development Goals (SDGs), which aim to be achieved by 2030, underscore the
necessity of international solidarity and cooperation, aiming for global coexistence and prosperity through
mutual support among nations. However, as each developing country exhibits unique social, economic, and
environmental characteristics, uniform ODA strategies are unlikely to yield significant results. Thus, tailored
support strategies that align with the individual characteristics of each country are required, which necessitates
effective methods for classifying countries.:23

Systematically categorizing developing countries to establish ODA strategies suited to their unique traits can
significantly contribute to the efficient allocation of ODA resources. Particularly, the SDGs encompass various
social and economic challenges faced by individual nations, resulting in differing priorities across countries.
In this context, SDG data serves as a crucial criterion for country classification and is essential for designing
strategies aimed at sustainable development in developing countries. Moreover, GDP, which reflects a country’s
economic and living standards, is a key dependent variable for assessing poverty reduction and economic
growth—the ultimate goals of ODA. Combining SDG and GDP per capita data for analysis is thus valuable for
systematically understanding the impact of ODA policies on the economic development of target countries.

This study aims to analyze countries, including both developing and developed nations, using SDG and
GDP per capita data and propose ODA strategies tailored to the characteristics of each country group. To this
end, machine learning techniques such as Neural Network Analysis and Decision Tree Analysis are employed
to identify SDG factors influencing GDP and to explore the impact of their combinations on economic growth
in detail. Ultimately, the study extracts developing countries separately to propose ODA strategy directions
tailored to their characteristics, aiming to establish more effective and goal-oriented ODA strategies.

Previous studies have often analyzed ODA effectiveness using simple statistical methods such as regression
analysis.®% However, such approaches fail to adequately capture the complex interactions among independent
variables and have limitations in multidimensional analysis. Therefore, this study employs machine learning
techniques such as Neural Network Analysis and Decision Tree Analysis. Neural Network Analysis enables the
identification of complex, nonlinear relationships and a deeper exploration of the interactions among various
SDG factors affecting GDP. In addition, Decision Tree Analysis visually elucidates the conditions and patterns
that determine the impact of each SDG factor on GDP, providing useful insights for country classification and
strategy formulation.

Thus, this study seeks to deeply explore the relationship between SDGs and GDP through machine learning
techniques, emphasizing the importance of country classification in setting ODA strategies for developing
countries. Based on this, the study aims to propose strategic directions for ODA in developing countries, offering
a foundation for more targeted and effective ODA policies in the future.

THEORETICAL DISCUSSION ON ODA STRATEGY FORMULATION BASED ON COUNTRY CLASSIFICATION AND
FOREIGN CASE STUDIES
The Significance of ODA Strategy Formulation Based on Country Classification

Formulating ODA policies based on country classification holds significant value for the efficient and effective
utilization of international aid resources. Developing countries exhibit diverse economic, social, and political
environments,” and providing aid in a standardized manner without reflecting these differences can limit the
effectiveness of assistance.® Therefore, strategic aid policies that incorporate the unique characteristics of
recipient countries are essential. The significance and importance of ODA policy formulation based on country
classification can be summarized as follows:

Efficient Resource Allocation

Optimization of Resources: By designing tailored aid policies based on country classification, it becomes
possible to optimize limited ODA resources and focus them on areas where they are most needed.” For
instance, distinct aid strategies are required for low-income countries suffering from severe poverty and for
middle-income countries with a growing middle class. Such classification allows for setting goals aligned with
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each country’s stage of development, thereby enhancing the efficiency of resource allocation.
Avoiding Duplication and Maximizing Impact: Country classification helps prevent overlapping aid efforts and
enables concentrated investment in critical areas, thereby maximizing the effectiveness of assistance.”

Enhancing Effectiveness Through Tailored ODA Strategy Design

Tailored Strategies Based on Country Characteristics: Since each country has unique social and economic
structures and developmental challenges, classification enables the formulation of aid strategies that align
with the specific needs and circumstances of individual countries. For example, countries with weak healthcare
systems may require enhanced support in health-related areas, while those with low agricultural productivity
might benefit from aid focused on improving agricultural outputs.

Increased Aid Effectiveness: A tailored approach based on classification ensures that aid meets the actual
needs of recipient countries, thereby increasing its effectiveness and significantly improving the likelihood of
achieving its objectives. This approach also contributes to the achievement of the Sustainable Development
Goals (SDGs), such as poverty alleviation, education, and health.

Improving Policy Consistency and Sustainability

Consistent ODA Strategies: Country classification supports maintaining policy consistency and generating
sustainable outcomes. By providing ODA that considers each country’s economic and political stability and
institutional characteristics, it helps establish a foundation for long-term self-reliance.

Building Long-term Partnerships: Aid tailored through country classification contributes to creating a basis
for self-reliance in recipient countries, enabling sustainable development even after the cessation of aid. This
approach fosters long-term partnerships and strengthens the capacity of developing countries to sustain their
own development.

Establishing a Performance Evaluation and Feedback System

Facilitating Performance Evaluation: Formulating ODA strategies based on country classification allows for
more systematic performance evaluation of aid effectiveness. By setting goals and indicators tailored to the
characteristics of each country, the outcomes of aid policies can be clearly assessed, and feedback can be used
to refine and improve future policies.

Data-driven Decision-making: Country classification enables the analysis of each nation’s developmental
status based on data, facilitating the design of policies aligned with their specific needs. This data-driven
approach enhances the precision of decision-making, increases the likelihood of successful aid, and serves as a
valuable reference for future strategy development.

Strengthening International Responsibility and Contribution to Development Goals

Contributing to International Development Goals: Country classification facilitates more targeted
contributions to achieving global Sustainable Development Goals (SDGs). By implementing ODA policies aligned
with the specific objectives of each nation, it supports the efficient attainment of international goals such as
poverty reduction, hunger eradication, and quality education.

Providing Responsible Aid: establishing policies through country classification underscores the donor country’s
responsibility to the international community while promoting the self-reliance and development of recipient
countries. This approach lays the foundation for strengthening global solidarity and cooperation.

Thus, formulating ODA policies based on country classification plays a crucial role in maximizing resource
allocation efficiency, supporting the self-reliance and development of recipient countries through tailored
approaches, and enhancing the sustainability and international responsibility of aid.

Case Studies of Advanced Donor Countries

Advanced donor countries, such as Japan, Sweden, and Germany, provide efficient aid tailored to the
characteristics of recipient countries through ODA strategies based on country classification. These nations
contribute to achieving international development goals by formulating customized ODA strategies that consider
the economic and social characteristics of recipient countries.

Japan

Japan adopts a strategic approach in its ODA policies by classifying recipient countries into middle-income
and low-income categories based on their economic and social development levels.®'9 This classification allows
Japan to deliver differentiated aid, focusing particularly on infrastructure development and human resource
development in Asia. Depending on the developmental level of the recipient country, Japan provides either
financial assistance or technical support to meet specific needs.

From a strategic perspective, Japan supports middle-income countries by helping them establish self-reliance
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through technology transfer and economic cooperation, while prioritizing basic infrastructure and improved
living standards in low-income countries by focusing on areas such as healthcare and education. Through these
tailored support measures, Japan strengthens its economic and political partnerships, particularly within Asia,
while aiming for the self-reliance of recipient countries.

Sweden

Sweden prioritizes its aid based on social values such as human rights, democracy, and gender equality,
focusing on supporting environmental and social stability. Recipient countries are classified according to their
levels of democracy and respect for human rights, enabling Sweden to provide ODA aimed at improving these
social values in the respective countries.("1?

Sweden’s key strategies include providing resources necessary for protecting human rights and establishing
democratic institutions, particularly in low-income countries such as those in Africa. It also actively promotes
programs for environmental sustainability. This approach reflects Sweden’s commitment to human rights
and environmental protection as core values, contributing to the long-term and sustainable development of
recipient countries.

Germany

Germany classifies recipient countries based on their economic level, political stability, and social
development status, providing multidimensional support tailored to these factors.>' Germany primarily
offers customized aid strategies in sectors such as healthcare, education, and the environment to developing
and low-income countries in regions like Africa, the Middle East, and Asia.

Germany’s key strategies focus on addressing global challenges such as resource sustainability, environmental
protection, and climate change. By reflecting the economic levels and social needs of each country in its
support, Germany maximizes the effectiveness of its aid. Additionally, Germany facilitates self-reliance in
developing countries through initiatives like technology transfer and supports green energy transitions in the
energy sector to achieve long-term development goals.

Review of Previous Studies
Major previous studies emphasizing the necessity of classifying developing countries and proposing
differentiated ODA strategies tailored to each type can be categorized as follows:

Studies Focused on Economic Levels and Growth Potential

Burnside & Dollar®: this study argues that macroeconomic policies in developing countries significantly
influence the effectiveness of ODA. It classifies recipient countries based on economic stability and growth
potential, suggesting that concentrating ODA resources on countries with high growth potential can maximize
aid effectiveness.

Clemens, Radelet & Bhavnani®: these researchers emphasize the need to differentiate between countries
capable of achieving short-term economic growth and those aiming for long-term self-reliance. They conclude
that focusing ODA resources on countries with promising short-term growth prospects is advantageous for
improving aid performance.

Studies Focused on Social and Institutional Stability and Governance Levels

Collier & Dollar®: this study highlights the importance of classifying recipient countries based on governance
and institutional stability to maximize the efficiency of ODA in reducing poverty. It argues that politically stable
countries with low levels of corruption can utilize ODA resources more efficiently, yielding greater outcomes.

Hansen & Tarp"®: this research claims that the performance of ODA is heavily influenced by the political
environment and governance level of recipient countries. It emphasizes the necessity of distinguishing between
countries with high social and institutional stability and those without, advocating for tailored support strategies
for more stable nations.

Studies Focused on Poverty Levels and Humanitarian Needs

Sachs!®: this study emphasizes the need for intensive aid to countries with high poverty rates or urgent
humanitarian needs. Sachs argues that providing essential infrastructure and resources for basic living should
be prioritized, particularly in regions like Africa, to break the cycle of poverty.

Alesina & Dollar": these researchers highlight the importance of aligning ODA with the poverty levels
of recipient countries. They stress that for countries with high poverty rates, aid should primarily focus on
improving basic living conditions and supporting essential needs.
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Studies Focused on Environmental Sustainability and Climate Change Adaptation

Bourguignon & Sundberg?: this study argues that environmental sustainability should be a critical criterion
in ODA strategies. It advocates for identifying countries with high environmental vulnerability and providing
tailored aid focused on environmental protection and climate change adaptation.

Easterly & Pfutze”: these researchers emphasize the necessity of long-term, sustainable ODA for
countries vulnerable to climate change. They underscore the importance of customized aid for nations where
environmental factors play a significant role in their development challenges.

Limitations of Previous Studies and Features of This Research

While previous studies have provided important indicators for formulating ODA policies, they also exhibit
several limitations. This research addresses these shortcomings by employing machine learning techniques,
offering more sophisticated and data-driven strategic insights."®'® The limitations of existing studies are
outlined as follows:

First, a focus on analyzing the effects of individual variables. Previous studies often independently analyze
the impact of a single SDG or isolated indicators on ODA outcomes, lacking consideration of the interactions
between variables. For instance, economic growth, institutional stability, and environmental factors are
frequently treated separately, limiting the comprehensive understanding of how SDGs collectively influence GDP.
This fragmented approach fails to reflect the complex interconnections among SDGs in real-world scenarios. %21

Second, reliance on standardized statistical methods. Many studies depend on traditional statistical
techniques such as regression analysis, which struggle to detect nonlinear relationships or complex interactions.
These methods are inadequate for capturing the interdependencies among various SDG indicators, thereby
limiting their ability to reflect the multifaceted nature of development challenges.

Third, lack of data-driven approaches for differentiated strategies by country. Previous research often derives
conclusions through case studies focused on specific regions or groups of countries, making generalization
difficult and limiting the development of tailored strategies for individual countries.” To incorporate diverse
indicators across nations and refine country-specific strategies, more advanced data analysis methods are
needed, which traditional approaches fail to adequately provide.

Fourth, insufficient actionable insights for policy formulation.Previous studies frequently stop at simple
correlation analyses, which are insufficient for generating concrete, practical insights necessary for policy
development. They fail to identify complex SDG patterns or critical combinations of variables, resulting in
limited applicability for setting detailed policy directions.

By addressing these limitations, this research employs advanced machine learning techniques to explore the
intricate relationships among SDGs and their impact on GDP. This approach enables the generation of actionable
insights and the development of tailored, data-driven ODA strategies for individual countries.

On the other hand, this research distinguishes itself from previous studies by offering the following
advantages:

First, the ability to analyze nonlinear relationships and interactions among.?>2% This study initially employs
neural network analysis to investigate the complex nonlinear relationships between SDG indicators and GDP per
capita. Neural network analysis is a model capable of reflecting the interactions among diverse independent
variables, allowing it to detect nonlinear patterns in the relationship between SDGs and GDP. By complementing
the limitations of traditional statistical methods, this approach enables a comprehensive analysis of the
collective impact of SDG indicators on GDP.

Second, the extraction of key variables to enhance policy.??> From the results of neural network analysis,
the SDG indicators that have the most significant impact on GDP per capita are identified. Based on these
findings, a secondary decision tree analysis is conducted to further elucidate specific patterns associated
with key SDG indicators. This process visualizes the critical variables influencing GDP, presenting them in an
accessible manner and providing clear indicators that can be used to formulate tailored strategies for individual
countries.

Third, the exploration of condition-based patterns through decision tree.??" Decision tree analysis is
particularly effective for identifying conditional patterns in how specific SDG indicators influence GDP. It
identifies combinations of SDG indicators that exert the greatest impact on GDP, offering detailed insights into
the relationships among variables. This analysis provides actionable information essential for policy formulation,
enabling the development of tailored strategies suited to the unique circumstances of each country.

Fourth, the capability for data-driven, sophisticated country classification and tailored strategy proposals.
The machine learning techniques employed in this study enable data-driven and nuanced country classification
that incorporates a wide range of SDG. 22 This approach provides a robust basis for formulating differentiated
ODA strategies tailored to the characteristics of individual countries. Compared to traditional studies, the
machine learning-based approach offers clear evidence for developing strategies specific to each country’s
needs.
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By deeply analyzing the patterns through which SDG indicators influence GDP per capita, this study overcomes
the limitations of previous research and enables the formulation of more sophisticated, data-centric ODA
strategies. Leveraging machine learning techniques, this study excels in identifying nonlinear relationships,
uncovering condition-based patterns, and conducting data-driven country classifications, ultimately contributing
to the establishment of concrete policy directions tailored to the unique characteristics of each country.

METHOD

This study leverages machine learning techniques to identify key SDG variables influencing the per capita
GDP of 166.6%31:30 The goal is to provide actionable insights for the formulation of tailored ODA strategies. The
analysis uses country-specific scores for 17 SDGs from the 2023 SDGs Report as independent variables and GDP
per capita as the dependent variable.

Scope of Analysis

The study targets 166 countries worldwide, encompassing both developed and developing nations. This
broad scope allows for a comprehensive analysis of the economic, social, and environmental interactions
reflected in the SDG indicators across countries. The primary focus is to contribute practically to ODA strategy
formulation for developing countries.

Variables
1. Independent Variables: The 17 SDG scores provided in the 2023 SDGs Report are used as measures of
SDG performance for each country. These indicators reflect various economic, social, and environmental
factors, and exploring their influence on GDP per capita is a central objective of this research.
2. Dependent Variable: GDP per capita is set as the economic performance measure, allowing the study to
analyze how country-specific SDG performance impacts economic growth and self-reliance.

Analysis Methods
This study employs a two-step analysis process, sequentially applying neural network analysis and decision
tree analysis (using the CRT method), two prominent machine learning techniques. 3%

Step 1: Identifying Key Variables through Neural Network Analysis

Neural network analysis is first conducted to explore the nonlinear relationships between the 17 SDG
indicators and GDP per capita. This method is particularly advantageous for detecting multidimensional and
nonlinear patterns, enabling a comprehensive analysis of the complex impacts of SDG indicators on GDP. The
analysis identifies the SDG indicators that have the most significant impact on GDP. These key variables are
then selected for use in the subsequent decision tree analysis. The primary goal of neural network analysis is
to understand the nonlinear influence of each SDG indicator on GDP, thereby constructing an optimal set of
independent variables for decision tree analysis.®>

Step 2: Exploring Patterns and Interactions through Decision Tree Analysis (CRT Method)

Using the key variables identified in the neural network analysis, decision tree analysis (specifically the CRT,
or Classification and Regression Tree method) is applied. The CRT method is effective in uncovering conditional
interaction patterns among major SDG indicators and their impact on GDP per capita. Decision tree analysis
visualizes the conditional patterns, showing how combinations of specific SDG indicators influence GDP. This
step predicts GDP levels based on country-specific SDG combinations and identifies critical areas requiring
policy interventions. The primary objective of decision tree analysis is to derive conditional interaction formulas
between SDGs and GDP, providing a concrete and tailored foundation for strategies that promote economic
growth in developing countries. ¢6:37:38,39

This two-step approach leverages the strengths of both methods: neural network analysis identifies significant
variables, while decision tree analysis elucidates conditional patterns and relationships. Together, they enable
the formulation of nuanced, data-driven ODA strategies tailored to the unique needs of individual countries.

RESULTS
Descriptive Statistics

The Sustainable Development Goals (SDGs), adopted by the United Nations General Assembly in 2015,
represent a shared global agenda comprising 17 goals and 169 targets to be achieved by 2030. These goals aim
to enhance economic, social, and environmental sustainability while addressing various global issues such as
poverty eradication and human rights promotion. Below is a summary table outlining the 17 SDGs and their key
details.
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This foundational understanding of the SDGs serves as the basis for analyzing their impact on GDP per capita

across 166 countries.
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Neural Network Analysis Results

A neural network analysis was conducted with the 17 SDG variables as independent variables and GDP per
capita as the dependent variable. Neural Network Analysis, a method in artificial intelligence and machine
learning, mimics the structure of the human brain to learn and predict patterns in data. Key concepts include
neurons, layers, weights, activation functions, and backpropagation. Neural networks use these components to
interact and learn patterns from input data, enabling predictions on new data.

The diagram below visualizes the neural network analysis results, illustrating the relationships between
each SDG indicator and GDP per capita.

e Input Layer: Represented by boxes labeled SDG1 through SDG17 on the left, these denote the SDG
indicators fed into the neural network as independent variables. Each indicator independently influences
the model as an input variable.

e Hidden Layers: Located in the middle are two hidden layer nodes (H(1:1), H(1:2)), which process
the information received from the input layer and learn patterns. Each hidden layer node computes
values using the inputs and their associated weights, applying an activation function. This enables the
neural network to learn complex correlations.

e Connections (Arrows): The arrows indicate the connections between input variables and hidden
layer nodes. Each connection is assigned a unique weight, reflecting its influence on the network’s
learning process.

rlnr-n-w- |

R A TR T SRR PR T
= S W e

Note: Hidden Layer Activation Function: Bipolar Tangent
Figure 1. Neural Network Structure Derived from Analysis Results
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On the right side, GDP per capita represents the final prediction output of the neural network, synthesizing
information from all input variables and hidden layers. The neural network learns how each SDG indicator
impacts GDP per capita to produce this final prediction. This neural network structure serves as a model that
analyzes and predicts the influence of each SDG indicator on GDP per capita. The hidden layers process the
complex patterns from the input layer, ultimately estimating the value of GDP per capita.

The table below presents the results of the neural network analysis, showing the impact (weights) of each
SDG indicator on the hidden layers and the output layer. These weights indicate how each indicator contributes
to the final predicted value, GDP per capita.

In the hidden layers, H(1:1) and H(1:2) have bias values of 0,687 and -0,761, respectively. Bias is a constant
that enhances the flexibility of the model, influencing the activation of the neural network. The output layer
also includes a bias value of 0,426, which affects the model’s final output value.

In summary, the variables that significantly influence GDP per capita in the table are the SDG indicators
with high absolute weight values connected to the hidden layer nodes (H(1:1), H(1:2)). Specifically, since the
weights connecting H(1:1) and H(1:2) to the output layer are -0,643 and 0,542, respectively, the SDG indicators
linked to these hidden layer nodes can be considered crucial for GDP per capita.

The table below illustrates the importance of the independent variables. Based on the “Importance”
and “Normalized Importance” values of each indicator, it is possible to identify which SDG indicators have a
significant impact on GDP per capita.

In the figure below, Importance represents the relative influence of each SDG indicator on GDP per capita
as a numerical value. A higher value indicates that the corresponding SDG indicator has a greater impact on
GDP per capita. Normalized Importance converts these importance values into percentages ranging from 0 %
to 100 %.
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The normalization is based on the variable with the greatest impact, SDG 13, which is set as the reference
point (100 %), with the influence of the other variables displayed relative to it.
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Note: The y-axis represents the SDG numbers, while the x-axis represents the importance (weights)
Figure 2. Normalized Importance of Independent Variables

As shown in the figure above, SDG 13 has a normalized importance of 100 %, making it the variable with
the highest impact among all SDG indicators. This indicates that SDG 13 has a stronger relationship with GDP
per capita compared to other variables. SDG 16, with a normalized importance of 66,3 %, is the second most
influential variable, suggesting a significant correlation with GDP per capita.

SDG 1, SDG 3, and SDG 12 have normalized importance values of 44,6 %, 39,9 %, and 55,5 %, respectively,
and are also considered relatively important variables influencing GDP per capita.
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The graph visually represents the normalized importance of each variable. SDG 13 is shown as the longest
bar, intuitively indicating its larger impact on GDP per capita compared to other SDG indicators. Following this,
SDG 16, SDG 12, SDG 1, and SDG 3 appear as variables with relatively high influence.

Decision Tree Analysis Results
The figure below presents the results of the decision tree analysis performed using the top seven most

important variables identified in the neural network analysis as independent variables.
The root node (topmost node) contains the entire dataset and displays basic statistics, such as the mean
GDP per capita and variance. This node serves as the starting point for the subsequent classification process.
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Figure 3. Decision Tree Analysis Results

At each node, branching occurs based on specific SDG indicator values. For instance, the first split divides
the data based on whether a certain SDG indicator value is less than or equal to 6 553 or exceeds it. These
splits aim to more accurately predict GDP per capita by segmenting the data according to SDG indicator values.

The final nodes of each branch are leaf nodes, which display the mean GDP per capita and its corresponding
variance for data satisfying the given conditions. A leaf node represents the predicted range of GDP per capita.
For example, if a leaf node shows a GDP per capita value of 1 500, it means that the average GDP per capita
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for countries meeting those conditions is approximately 1 500.

This decision tree intuitively demonstrates how SDG indicators influence GDP per capita. The predicted GDP
per capita varies based on SDG indicator values, allowing for a better understanding of the relative importance
of each indicator. Branching conditions at higher-level nodes significantly impact GDP per capita predictions
and can be used to classify high-income and low-income countries based on SDG indicator criteria.

Additionally, the figure below illustrates the distribution of GDP per capita across percentiles. The y-axis
represents GDP per capita values corresponding to each percentile (ranging from 0 to 100). The graph shows a
declining trend from the upper left to the lower right, indicating a decrease in GDP per capita as percentiles
decrease.

This pattern suggests that countries in higher percentiles (wealthier countries) have higher GDP per capita,
whereas countries in lower percentiles (low-income countries) have lower GDP per capita.
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Note: the y-axis represents the average GDP per capita, while the x-axis denotes the percentiles.
Figure 4. Distribution of GDP Per Capita by Percentile

The graph visually represents the distribution of GDP per capita across countries, showing the economic
disparity between high-income and low-income nations when segmented by percentiles. The significant
difference in GDP per capita among higher-income countries indicates that a small number of wealthy nations
significantly raise the overall average GDP per capita.

The table below summarizes the distribution and average GDP per capita of each group corresponding to
the leaf nodes in the decision tree analysis. As shown, Node 5 and Node 6 have the highest average GDP per
capita, at 78,526,4923 and 40,961,0588, respectively. This suggests that the conditions defining these groups
likely correspond to countries with high GDP per capita.

Meanwhile, the average GDP per capita for Node 21 is 754,8000, indicating a very low level. This suggests
that the conditions defining this group may be associated with countries that have low GDP per capita.

Among all the data, Node 13 accounts for the largest proportion at 18,1 %, with an average GDP per capita
of 5 371,2167.

The countries included in each node are organized in the table 6.

Among the countries listed in the table, those classified as developing countries receiving aid primarily
belong to groups below Node 11. Specifically, they are countries corresponding to Nodes 11, 17, 18, 19, 20, 22,
and 21.
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Node 20 Kyrgyzstan, Uzbekistan, Bolivia, Philippines, 2 413 SDG 3 is less than 88 533, SDG 12 is greater
Bangladesh, India, Laos, Zimbabwe, Papua New than 78 251, greater than 89 766, and
Guinea, Republic of Congo, Angola greater than 91 583, while SDG 13 is less
than 96 367.
Node 22 Tajikistan, Nepal, Cote d’lvoire, Senegal, Ghana, 1584 SDG 3 is less than 88 533, SDG 12 is greater
Kenya, Myanmar, Pakistan, Gambia, Syria, Mauritania, than 78 251 and greater than 89 766, SDG
Cameroon, Benin, Guinea, Nigeria, Comoros 13 is greater than 96 367, and SDG 1 is
greater than 49 286.
Node 21 Sao Tomé and Principe, Rwanda, Mali, Tanzania, 754 SDG 3 is less than 88 533, SDG 12 is greater
Malawi, Togo, Sierra Leone, Uganda, Lesotho, than 78 251 and greater than 89 766, SDG
Ethiopia, Zambia, Burundi, Mozambique, Haiti, 13 is greater than 96 367, and SDG 1 is less
Burkina Faso, Madagascar, Liberia, Afghanistan, than 49 286.
Democratic Republic of Congo, Sudan, Niger,
Somalia, Yemen, Chad, Central African Republic,
South Sudan
CONCLUSION

As mentioned above, the analysis using the same indicators for both developed and developing countries
reveals that developing countries predominantly belong to groups below Node 11. Specifically, they are
classified under Nodes 11, 17, 18, 19, 20, 22, and 21, comprising 7 out of the total 12 nodes. Considering the
characteristics of these countries, the following ODA strategy directions are proposed:

Node 11 Countries

SDG 3 is less than 88,533, SDG 12 is less than 78,251, SDG 12 is greater than 67,635, and SDG 3 is less than
80,036. Countries in Node 11 have intermediate capabilities in health, welfare, and sustainable consumption
and production, indicating the need for targeted support to improve these areas. Therefore, an ODA strategy
focusing on improving access to basic health services, introducing eco-friendly technologies, and enhancing
resource efficiency is appropriate. This will help raise health standards and promote the sustainable use of
resources.

Node 17 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251, SDG 12 is less than 89,766, SDG 3 is less than
78,633, and SDG 13 is less than 87,516. Countries in Node 17 exhibit moderate capabilities in health,
sustainable production, and climate change adaptation, suggesting that further support is needed in these
areas. Therefore, an ODA strategy focused on expanding basic health infrastructure, introducing eco-friendly
production methods, and strengthening climate change resilience is appropriate. This will help these countries
achieve more sustainable development and improve their capacity to adapt to environmental challenges.

Node 18 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251, SDG 12 is less than 89,766, SDG 3 is less than
78,633, and SDG 13 is greater than 87,516. Countries in Node 18 have relatively high capabilities in climate
change adaptation, but improvements are needed in health services and resource-efficient consumption and
production systems. Therefore, an ODA strategy should focus on expanding basic health services, introducing
sustainable resource management and production methods, while also maintaining progress in climate change
adaptation and strengthening their role as international leaders in this area. This approach will help these
countries sustain their achievements and continue to lead in global climate action.

Node 19 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251 and greater than 89,766, SDG 13 is less than
96,367, and SDG 12 is less than 91,583. Countries in Node 19 have moderate capabilities in health services and
climate change adaptation, but improvements can be made based on relatively well-established sustainable
consumption and production systems. Therefore, an ODA strategy focusing on expanding health infrastructure,
supporting sustainable consumption and production, and enhancing climate change resilience is appropriate.
This will help improve health levels while promoting sustainable development.

Node 20 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251 and greater than 89,766, SDG 13 is less than
96,367, and SDG 12 is greater than 91,583. Countries in Node 20 have already established robust sustainable
consumption and production systems; however, additional support is needed in health services and climate
change adaptation. Therefore, an ODA strategy focusing on enhancing access to health services, maintaining
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sustainable resource management systems, and expanding climate change adaptation capacities is appropriate.
This approach will help improve both health outcomes and environmental sustainability simultaneously.

Node 22 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251 and greater than 89,766, SDG 13 is greater than
96,367, and SDG 1 is greater than 49,286. Countries in Node 22 have relatively good performance in poverty
alleviation and climate change adaptation. However, they require intensive support to improve access to health
services and maintain sustainable consumption and production systems. Therefore, an ODA strategy focusing on
expanding health infrastructure, strengthening sustainable consumption and production systems, maintaining
climate change resilience, and continuing efforts to alleviate poverty is appropriate. This approach will promote
sustainable development across the country.

Node 21 Countries

SDG 3 is less than 88,533, SDG 12 is greater than 78,251 and greater than 89,766, SDG 13 is greater than
96,367, and SDG 1 is less than 49,286. Countries in Node 21 have relatively good performance in climate
change adaptation and sustainable production systems, but improvements are needed in poverty reduction and
health levels. Therefore, an ODA strategy focused on enhancing access to health services, expanding poverty
reduction programs, maintaining sustainable consumption and production systems, and sustaining climate
change adaptation capabilities is suitable. This strategy will contribute to fostering sustainable development
across the country.
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