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Abstract

The Sustainable Development Goals (SDGs) are global objectives adopted by countries
worldwide to achieve sustainable development by 2030 and consist of 17 goals and 169 spe-
cific targets. Among them, SDG 15 (Life on Land) aims to conserve terrestrial ecosystems
and promote their sustainable use. Successful implementation of SDG 15 requires con-
tinuous management of terrestrial ecosystems and positive forest transitions. However,
systematic analyses examining the role of green official development assistance (ODA),
which supports environmental improvement in developing countries, remain limited. Ac-
cordingly, this study investigates the role that green ODA can play in forest transitions.
Focusing on green ODA provided to developing countries between 2010 and 2023, this
study employed shapley additive explanations (SHAP), an explainable artificial intelligence
(XAI) technique, to predict its influence on SDG 15 implementation scores and to analyze
the contributions of economic, environmental, and social indicators. In addition, a SHAP
value-based decomposition and a gap index were calculated to examine the contribution of
green ODA relative to its input. The results indicate that the overall contribution of green
ODA to SDG 15 implementation in developing countries is relatively limited. However,
statistically significant effects were observed in country groups with higher levels of SDG
15 implementation performance. In contrast, the effects were weakened or constrained in
some country groups with lower levels of SDG 15 implementation. These findings suggest
that green ODA may function as a transition accelerator that facilitates positive forest
transitions in countries with stronger capacities for implementing SDG 15. Strengthening
and improving the existing limitations of green ODA could enhance its role and enable it to
contribute more effectively to sustainable development and the conservation of terrestrial
ecosystems in developing countries.

Keywords: green official development; sustainable development goals; SDG 15 (life on
land); machine learning; explainable artificial intelligence; Shapley additive explanations;
forest transition theory

1. Introduction
The SDGs are global goals presented by the United Nations (UN) in 2015 to promote

universal actions to eradicate poverty in each country by 2030, protect the earth, and ensure
peace and prosperity for all people [1]. The agenda for the SDGs is defined across 17
goals and 169 specific targets to be practiced at the global and national levels [2]. Although
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SDGs have been pursued, most countries have not achieved their targets [3,4]. Outcomes
have been uneven between targets, with some targets for the SDGs having been achieved
at a high level. Meanwhile, others remain at a low level [4,5]. Trade-offs are continually
being identified, where achieving certain targets hinders performance for other targets [4,6].
According to the UN Sustainable Development Report 2024, 16% of SDGs worldwide fol-
lowed the normal trajectory. Most of the other targets were stagnant or declined since 2020.
Climate and environment-related targets (SDGs 7, 11, 13, 14, 15) are strongly lagging. This
suggests that climate change is a persistent threat to achieving SDG targets worldwide [7].

This study aimed to focus on SDGs in the environmental sector, and on SDG 15, which
is related to the conservation and sustainable use of land ecosystems. SDG 15 is defined
as “Protect, restore and promote sustainable use of terrestrial ecosystems, sustainably
manage forests, combat desertification, and halt and reverse land degradation and halt
biodiversity loss” [8]. This provides important ecosystem services, such as carbon storage
and sequestration, clean water, primary production, moisture, soil fertility, and erosion
control [9]. SDG 15 has been highlighted as an approach that could strongly contribute
to the response to climate change [10]. Therefore, working toward the SDG 15 targets is
important for environmental protection and global sustainable development, as well as a
means of effectively responding to climate change.

However, the effects of climate change and human activity have led to a steep increase
in the frequency and severity of disasters worldwide [11,12]. The resulting ecosystem
damage and land desolation are making it more difficult to achieve SDG 15. Developing
countries are suffering the most because shortages and limitations in financial, technological,
and institutional capabilities leave them unable to fix the damage caused by climate change
and disasters without external aid [12]. This adds to the importance of ODA, a system of
international development cooperation providing governmental funds and technology to
promote economic development and welfare in developing countries [13].

Due to growing concerns about climate change-related damage among the sectors
supported by ODA, focus has shifted toward green ODA, which aims to improve the climate
change response, sustainable development, and biodiversity in developing countries [14].
The classification standards for green ODA use the full names from the statistical system of
the Organization for Economic Cooperation and Development’s Development Assistance
Committee (OECD DAC). Here, for each sector, purpose codes are combined with a policy
marker system. The Aid to Environment and the Rio markers are examples of these systems.
Environmental markers are scored when the purpose of bilateral ODA is to improve the
environment in developing countries. The Rio markers are scored when the purpose
of bilateral ODA corresponds to at least one of the aims of the three Rio conventions:
climate change mitigation and adaptation, biodiversity improvement, and prevention of
desertification [15]. Therefore, green ODA is a resource that can stimulate improvements to
the environment and ecosystem restoration in developing countries and play an important
role in accelerating the achievement of SDGs.

In this context, the role of green ODA is closely related to the Forest Transition Theory
(FTT) proposed by Mather [16,17]. FTT suggests that as economic development, industrial-
ization, and urbanization progress, a country’s net forest area follows a U-shaped pattern,
shifting from long-term decline to a stage of net increase. According to this theory, forest
transition occurs through two primary pathways: the economic development pathway and
the forest scarcity pathway [18]. Research on FTT has continued to evolve, and more re-
cently, Lambin et al. [19] proposed three additional pathways for forest transition alongside
the two traditional pathways: the state forest policy pathway, the globalization pathway,
and the smallholder tree-based land-use intensification pathway. Among these, the state
forest policy pathway emphasizes that internal and external governmental interventions,
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such as national and regional policies, function as key drivers shaping forest transition [20].
In this context, support mechanisms involving cross-border financial flows, such as inter-
national forest restoration commitments and restoration projects, have been expanding.
Therefore, this study aims to examine the role that green ODA plays in the implementation
of SDG 15, which is closely linked to forest transition and terrestrial ecosystem conservation
in developing countries. However, to the best of available knowledge, no studies have
examined the relationship between green ODA and SDG 15 performance in developing
countries. Therefore, the purpose of this study is to explore the relationship between green
ODA and SDG 15 performance in developing countries while accounting for economic,
social, and environmental indices. The ODA amounts granted to each developing country
between 2010 and 2023 were compiled, and data for selected economic, environmental,
and social indices were obtained from existing sources. A predictive model was developed
based on the SDG performance scores of each developing country. Shapley additive ex-
planations (SHAP), an explainable artificial intelligence (XAI) technique, was employed to
examine how ODA and indices from several sectors are associated with SDG attainment
and to analyze the relative importance and patterns of green ODA within the model.

2. Literature Review
2.1. ODA and SDG

Previous studies analyzing the effects of ODA on SDG performance have reported
extremely varied results. The effectiveness of ODA increases in the presence of stable
institutions and governance. Lopes et al. [21] showed that the scale of ODA increases
substantially in countries with political stability, legal transparency, and a high level of
democratic institutions. This can lead to improvements in SDGs. The effects of ODA are
related to the quality of institutions in the recipient country. SDG outcomes are also more
likely to improve when the quality of institutions is higher. Barkat et al. [22] also found
that the level of governance in each country interacts significantly with ODA, reflecting
that ODA contributes more effectively to achieving SDG targets when institutional quality
and governance indices are high.

The significant effects of ODA are limited to specific SDG sectors. Mattews [23] ana-
lyzed data from 2015 to 2019 from 32 countries in sub-Saharan Africa and reported that
FDI significantly improved SDG scores. Meanwhile, ODA did not show a consistent effect
on the SDGs. However, ODA did show some positive effects for environmental targets
(SDGs 13, 14, 15). Iacobuţă et al. [24] reported that climate-related ODA made positive
contributions to climate and environment-related sectors, such as energy and urban, rural,
aquatic, and land ecosystems (SDGs 7, 11, 2, 6, 15). However, the effects were limited for the
SDGs related to society, economics, and inequality (8, 9, 12, 1, 5, 10). Conversely, Guerrero
et al. [25] analyzed SDG performance outcomes in 146 recipient countries and noted that
ODA had positive effects on the improvement in SDG indices in approximately two-thirds
of the countries. However, the effects were relatively small for environment-related SDGs
(14, 15). On the other hand, some studies report that ODA may have a negative impact
on SDG 15. The results of a SAC model analysis suggest that although the effects of ODA
on the SDGs are diverse and heterogeneous, ODA can exert a negative impact on SDG 15.
Environmental goals are often sidelined by short-term development priorities, and when
governance and infrastructure in recipient countries are weak, the likelihood of forest loss
increases. As a result, larger volumes of ODA are associated with lower environmental
sustainability and weaker institutional performance [26,27].

Studies analyzing the effects of other forms of aid, apart from ODA, on forests have
also not shown consistent trends. He et al. [28] claimed that agricultural aid in Sierra Leone
could have negative effects on forest growth, contrary to its original aims of reducing
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poverty and improving productivity. Forms of aid that account for governance, society,
and the environment have tended to contribute to conservation or mitigate forest damage.
McCarthy et al. [29] found that environmental aid somewhat contributed to the construction
of policies and institutions. However, the correlation with actual conservation outcomes,
such as increasing forest area, expanding protected areas, and reducing CO2, was weak
and not statistically significant.

In summary, the effects of ODA on SDG performance tend to be greater when the
governance and institutional capabilities of the recipient country are stronger. ODA is only
effective for certain SDG sectors. ODA has a positive effect on SDGs in the environmental
sector, but there are also studies where the effects are relatively small. Other forms of aid
also did not show consistent effects on environmental conservation and, in some cases, have
led to negative outcomes, such as forest damage. The reasons why the effects of ODA show
different patterns are complex. Climate shocks may reduce the efficiency of external re-
sources such as FDI and ODA [30]. In addition, differences in the governments, institutions,
and implementing systems of development agencies responsible for ODA across countries
may lead to variations in the efficiency and consistency of aid implementation [31]. Some
studies also argue that political influence over aid allocation can undermine its effective-
ness, particularly when the recipient country has a weak macroeconomic foundation [27].
Ultimately, the effects of ODA may manifest in diverse ways in the implementation of the
SDGs due to external factors such as national and regional contexts, policy environments,
and governance. Previous studies suggest that the relationship between ODA and SDG
performance is not uniform and that the role of environmental-targeted ODA may vary
depending on countries’ structural conditions and stages of development.

2.2. Factors Affecting SDG 15: Life on Land

The primary target of SDG 15 is the conservation of land ecosystems, but this can
also affect various economic, environmental, and social indices. One of the most important
factors affecting SDG 15 is water. Marine ecosystems, freshwater, and aquatic resources
are closely related to SDG 15. Regarding SDG 15, natural habitats play an important role
in marine ecosystems and in ensuring sustainable food production [32]. Land ecosystems
and water form the basis for all biological systems on earth. Therefore, adherence to SDG
15 is related to the conservation of freshwater ecosystems [9]. Sustainable management
of aquatic resources is highlighted as an essential aspect of SDG 15 and other SDGs [33].
Renewable energy consumption is also closely related to land ecosystems. Conversion to
and the use of environmentally friendly energy prevent forest damage and loss of forest
cover and are an important means of achieving decarbonization at the national level and in
industry [34]. Agriculture and SDG 15 have a relationship involving trade-offs and synergy.
The expansion of agriculture is a key factor in deforestation. Increasing food production can
aid in alleviating poverty and congenital anomalies. However, in the long-term, agriculture
can cause deforestation, resulting in problems such as soil erosion, depletion of aquatic
resources, and collapse of ecosystem services, which can threaten food security. Therefore,
although agricultural production and SDG 15 can conflict, the trade-offs between these
two targets can be mitigated. Their synergy can be improved by considering methods of
landscape-level management, such as making agricultural production more efficient and
using sustainable methods of production [35].

Human well-being is related to the land ecosystems in SDG 15 in various ways.
Conservation and management of land ecosystems can have positive effects on the health
and economic stability of residents and can aid in improving human health and reducing the
rate of congenital anomalies [32]. However, the targets for SDG 15 have also been criticized
as only highlighting ecological concerns. The current SDG 15 is focused on protecting

https://doi.org/10.3390/f17040412

https://doi.org/10.3390/f17040412


Forests 2026, 17, 412 5 of 20

biodiversity and strict management of protected areas, indicating that human factors such
as the rights, poverty, and livelihoods of residents are not sufficiently reflected [36]. Owing
to these limitations, although SDG 15 is closely related to human well-being, negative
correlations or trade-offs with socioeconomic SDGs, such as poverty and food security,
have been reported in some cases [6,37]. Human health and well-being could have positive
effects on SDG performance only when combined with socioeconomic development [38]. In
the ideal scenario, human welfare and restoration of the land ecosystem could be achieved
simultaneously, given sufficient social and economic conditions. However, in realistic
scenarios, the rate of ecosystem restoration is slow. Therefore, conservation policies that do
not account for social factors can lead to problems such as population migration and more
severe inequality. SDG 15 also plays an important role in terms of social infrastructure. In
resilience planning, which is one strategy for climate change adaptation, SDG 15 is a key
area for improving sustainability and resilience, including recovery of local communities,
reducing climate vulnerability, and improving response capabilities [39].

Although the main target of SDG 15 is land ecosystem conservation, it is affected by a
combination of various factors, including environmental factors such as water, renewable
energy, and agriculture, as well as social factors such as human health and social infras-
tructure. Because these factors can generate both synergy and trade-offs depending on the
circumstances, SDG 15 performance should be considered in relation to various economic,
environmental, and social factors.

3. Materials and Methods
3.1. Research Framework

This study examines the relative contribution pattern of green ODA to predicted SDG
15 scores in developing countries by applying SHAP analysis within an XAI framework. The
independent, dependent, and control variables used in the modeling were selected based on
the prior literature. Countries with five or more missing observations were excluded from
the analysis, and the remaining missing values were imputed using linear interpolation. In
addition, a one-period lag was applied to green ODA. A total of 90 countries were analyzed
using four tree-based ensemble machine learning models (i.e., Random Forest, CatBoost,
XGBoost, and LightGBM). Based on evaluation metrics, CatBoost showed the highest
predictive performance with relatively low overfitting and was therefore selected as the
final model, and SHAP values for each variable were subsequently analyzed. Furthermore,
the derived SHAP values were used to conduct a decomposition analysis to identify factors
contributing to the predicted score gap between countries with high and low SDG 15
scores. In addition, a gap index was calculated using bootstrap resampling to capture the
difference between green ODA allocation shares and SHAP-based contribution shares,
thereby allowing a more detailed examination of the relative contribution of green ODA
within the predictive modeling framework. The overall research design is illustrated in
Figure 1.

Figure 1. Cont.
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Figure 1. Research Framework (Adapted from Mather, 1990 [16]; Lambin et al., 2018 [19]).

3.2. Explanation of Variables

This study constructed a country–year panel dataset covering the period from 2010 to
2023. The independent variable was the green ODA received by each developing country
during this period, and the dependent variable was the SDG 15 performance score for
each country in the corresponding year. The green ODA amount was obtained from data
provided by the OECD Statistics Credit Reporting System (CRS). The SDG 15 performance
score was derived from open-source data provided in the Sustainable Development Re-
port. Because past aid is plausibly exogenous to future macroeconomic outcomes [40],
a one-year lag (GODAt−1) was applied to the green ODA variable to alleviate potential
reverse causality, short-term simultaneity, and endogeneity.

Control variables were selected with reference to previous studies to account for po-
tential confounding factors that affect the relationship between green ODA and SDG 15.
Control variables were broadly divided into three types, namely, economic, environmental,
and social variables. For economic factors, in addition to green ODA, control variables
of foreign direct investment (FDI), gross domestic product (GDP) per capita (GDPPCAP),
and population (POP) were selected. For environmental factors, crop production (CROP),
level of water stress (WS), protected areas representativeness index (PARI), renewable
energy consumption (REC), and tree cover loss (TCL) were selected as the control variables.
For social factors, government quality index (GQI), planetary pressure-adjusted human
development index (PHDI), and vulnerability index (VUL) were selected as the control
variables. For GQI, the six Worldwide Governance Indicators (WDI, 2025)—(1) Control
of Corruption, (2) Government Effectiveness, (3) Regulatory Quality, (4) Political Stability,
(5) Rule of Law, and (6) Voice and Accountability—were integrated into a single index
through principal component analysis (PCA; [22]). PHDI is an index that reflects planetary
pressures, based on the total amount of CO2 emissions and the material footprint, alongside
the existing human development index (HDI; UNDP, 2025). It was included in the analysis
to examine both the burden on the environment and the social level of developing countries.
VUL was selected as an index reflecting the vulnerability of developing countries to climate
change. The 90 recipient countries were classified according to the CRS income categories:
more advanced developing countries and territories (MADCTs), upper-middle-income
countries and territories (UMICs), lower-middle-income countries and territories (LMICs),
low-income countries (LICs), and least developed countries (LDCs). During data prepro-
cessing, MADCTs and LIC countries were excluded due to limited observations and data
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consistency issues. Consequently, the final analytical sample consisted only of LMICs,
UMICs, and LDCs. For analytical clarity, these countries were regrouped into three income
categories, i.e., high (UMICs), middle (LMICs), and low (LDCs), which were included as a
categorical variable in the analysis. Information on the variables and their data sources is
provided in Appendix A.

3.3. Description of Methods

XAI refers to methods that enable the decisions and predictions of AI models to be
explained. For existing machine learning and deep learning models, it is difficult to explain
the internal decision-making processes leading up to the calculation of predicted results.
This leads to the problem of “black boxes,” where it is difficult to understand or trust the
results and the process of AI models [41]. The aim of XAI is to convert these models to gray
boxes by integrating interpretability, thereby enabling users to understand the model’s
predictions and to elucidate the rationale underlying the model’s predictions. There are
several types of XAI models. SHAP is an XAI technique for understanding the process of
machine learning model predictions using a concept based on game theory [42]. Based on
the concept of Shapley values from game theory, each of the variables is treated as a player.
To determine the importance of each characteristic, SHAP quantifies the contribution of
each input variable to the model’s predictions, and the prediction results are explained as
the sum of the SHAP values of each input variable [43]. The SHAP values are defined as
follows (Equation (1)).

ϕi = ∑
S⊆N\{i}

|S|!(|N|−|S|−1 )!
|N|! [v(S ∪ {i})− v(S)] (1)

where N is the set of all variables used in the prediction and S is the subset of variables
in N excluding i. Here, |N| and |S| denote the number of variables in each set. v(S) is the
contribution calculated for variables in S, and v(S ∪ {i}) is the contribution when i is added
to S. The SHAP value (ϕi) for variable i is calculated as the weighted average across all
combinations of the difference in contribution when i is included in the model predictions
and when it is not included.

In this study, four types of tree-based ensemble machine learning models were used,
namely, Random Forest, XGBoost, LightGBM, and Catboost. The TreeSHAP algorithm
by Lundberg et al. [44] was chosen, as this shows strong compatibility with tree-based
models. Along with the application of lagged independent variables, the train and test
datasets were split in chronological order to prevent time leakage and overfitting. To
optimize the model’s hyperparameters, multiple experiments were conducted using rolling
cross-validation across various ranges of the random search method. Regression prediction
performance indices (MSE, RMSE, MAE, R2) were used to test the models. The Catboost
model, which showed the best performance, was selected. Using the XAI method of SHAP
with this model, the effects of factors on SDG 15 attainment by developing countries
were analyzed.

To investigate the contribution of green ODA, two additional approaches were de-
signed based on the calculated SHAP values. Countries were categorized into high- and
low-performing groups according to the median SDG 15 performance score. The contribu-
tions of variables to the performance gap between the two groups were analyzed using
a decomposition approach. To this end, the derived SHAP values were applied to the
Blinder–Oaxaca decomposition method [45,46], as shown in Equation (2).

YA − YB = ∑
k

(
ϕ A,k − ϕB,k

)
(2)
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where ϕA,k and ϕB,k denote the mean SHAP values representing the contribution of variable
k to the predicted outcomes for high- and low-performing countries, respectively. Accord-
ingly, the difference in mean predicted SDG 15 performance between the two groups is
expressed as the sum of differences in mean SHAP contributions across variables. This
approach is grounded in the additive property of SHAP values, whereby the sum of
variable-level contributions equals the difference between the predicted value and the
baseline expectation. Leveraging this property, the Blinder–Oaxaca framework is extended
to nonlinear machine learning models by decomposing group-level prediction gaps into
differences in mean SHAP contributions.

The gap index was calculated to examine the effects of green ODA relative to the
amounts invested. This index was calculated using the difference between the relative
allocation of green ODA to each country (GODAt−1 share) and the actual contribution to
SDG 15 (SHAP share; Equation (3)).

GAP index =
∑i∈g |SHAP i(GODAt−1)|

∑i|SHAPi(GODAt−1)|
−

∑i∈g GODAi, t−1

∑i GODAi,t−1
(3)

This index is defined as the difference between a given country g’s relative contribution
to the model-predicted SDG 15 score, measured by its share of absolute SHAP values (SHAP
share), and its share of total green ODA allocation (GODAt−1 share). A positive value
indicates that the country’s SHAP-based contribution share exceeds its allocation share,
whereas a negative value indicates that the contribution share falls below the allocation
share. In addition, bootstrap resampling was conducted to estimate confidence intervals
and assess the statistical uncertainty of the gap index.

4. Results
4.1. Descriptive Analysis

When the ODA amounts received by the 90 countries from 2010 to 2023 and the total
green ODA amount were examined, the total ODA increased persistently throughout
the period (Figure 2). ODA increased 1.9-fold from approximately 180,076 million USD
in 2010 to 342,313 million USD in 2023. Green ODA also increased from approximately
40,250 million USD in 2010 to 59,342 million USD in 2023, but the annual variance was
relatively large. During the COVID-19 pandemic in 2019–2021, green ODA decreased. This
is potentially because the pandemic caused a steep increase in healthcare support, leading
to a relative decrease in ODA allocation to other sectors [47]. Green ODA decreased from
approximately 43,000 million USD in the previous year to 35,564 million USD in 2019. This
decrease persisted in 2020 and 2021, with green ODA around 40,000 million USD in both
years, which was lower than that in 2018, and there was a small increase in green ODA
after 2021. The share of ODA constituted by green ODA also increased up to 34.9% by 2018,
suddenly decreased to approximately 13% during the pandemic (2019–2021), and then
partially recovered to 16%–17% in 2022 and 2023.

The total proportion of ODA and green ODA received by developing countries also
showed substantial differences (Figure 3a). The proportion of green ODA relative to total
ODA was approximately 20.9%, indicating that green ODA was one-fifth of the total aid,
accounting for a small portion of all aid. For the five sectors constituting green ODA, that is,
environment, biodiversity, desertification, climate change adaptation, and climate change
mitigation, ODA in the environment sector had a high proportion of all green ODA, at 85%.
This was followed by climate change mitigation (39.1%), climate change adaptation (24.8%),
biodiversity (13.6%), and desertification (3.9%) (Figure 3b). The relatively high contribution
to environmental markers among ODA sub-sectors should be understood not simply as an
uneven distribution of resources but as a statistical phenomenon caused by the structure of
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the OECD DAC marker system. Note that these sectors are not mutually exclusive, and a
single project may be categorized into multiple sectors, reflecting the overlapping nature of
the Rio markers. The Rio markers are evaluated for each purpose, and thus can be scored
multiple times when an individual project contributes to several environmental purposes,
such as climate change mitigation and adaptation, biodiversity, and the prevention of
desertification. Meanwhile, environmental markers are policy markers that encompass
broader environmental purposes. The guidelines of the EU and some donor organizations
specify environmental markers to be logically consistent with the Rio markers. For example,
environmental marker scores cannot be lower than the highest Rio marker score assigned to
a given project [48]. Therefore, projects scored on multiple Rio markers could also include
a high proportion of environmental markers. The contribution of each marker type in
Figure 3b reflects the structure of the DAC marker system, which is designed to enable
individual projects to contribute to multiple environmental purposes.

Figure 2. Annual total ODA (USD million, constant 2023 prices), green ODA (USD million, constant
2023 prices), and green ODA ratio (%) for 90 recipient countries. Bars represent annual total ODA
and green ODA amounts, while the line indicates the proportion of green ODA relative to total ODA.

Figure 3. Comparison of ODA and green ODA ratios and the sub-sector proportions of green ODA
during 2010–2023. (a) represents the ratio of green ODA within total ODA, while (b) shows the
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proportional distribution of green ODA across its five sub-sectors. Rio markers, that is, biodiversity,
desertification, climate change adaptation, and climate change mitigation, may be assigned simultane-
ously when a project targets multiple environmental objectives. Therefore, the sub-sector proportions
account for multiple tagging and do not imply non-overlapping budget allocations due to inherent
double counting.

4.2. Results of Machine Learning and SHAP

The predictive performance of the four machine learning models is presented in
Table 1. Overall, all models demonstrated relatively high explanatory power; however,
clear differences emerged when evaluated on the test dataset. In particular, CatBoost
achieved the highest predictive performance on the test set, with the highest R2 (0.7961),
indicating superior predictive performance on the test dataset compared with the other
models. In contrast, Random Forest and LightGBM showed high goodness of fit on the
training data but exhibited substantially larger errors on the test dataset, suggesting reduced
generalization performance and signs of overfitting. XGBoost also demonstrated extremely
high performance on the training set, but its performance declined on the test dataset,
likewise indicating overfitting. Accordingly, CatBoost, which exhibited the best overall
performance on the test dataset, was selected as the final model for the SHAP analysis.

Table 1. Comparison of predictive accuracy of the tree-based ensemble models (Random Forest,
XGBoost, LightGBM, and Catboost).

Model Data MSE RMSE MAE R2

Random Forest
Train 0.654128 0.942316 0.3845216 0.995554

Test 28.64155 5.35178 3.706742 0.778021

XGBoost
Train 0.014984 0.122408 0.087414 0.999897

Test 28.86782 5.372878 3.760497 0.776267

LightGBM
Train 0.000451 0.021242 0.016406 0.999997

Test 31.82395 5.641272 3.914547 0.753356

CatBoost
Train 0.717959 0.847325 0.637756 0.995083

Test 30.17866 5.493511 3.910795 0.796108

The SHAP analysis results indicate that the five variables with the largest mean
absolute SHAP values for SDG 15 implementation scores in developing countries were
WS (2.11), TCL (2.10), POP (1.89), PARI (1.84), and PHDI (1.59). In contrast, the variables
with the smallest mean absolute SHAP values were GODAt−1 (0.31), CROP (0.38), REC
(0.74), and GQI (0.83) (Figure 4a). WS, POP, and PHDI were predominantly associated
with negative (−) contributions to SDG 15 performance, whereas TCL and PARI were
associated with positive (+) contributions. GODAt−1 showed the smallest mean absolute
SHAP value and exhibited a very small negative (−) contribution. CROP was associated
with positive (+) contributions. In contrast, REC and GQI did not exhibit a clear directional
pattern in their contributions. GDPPCAP, VUL, and FDI were also associated with negative
(−) contributions, while INCOME, similar to REC and GQI, showed a mixed distribution
without a clear contribution pattern (Figure 4b).
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Figure 4. SHAP plots showing the SHAP values of all variables. (a) Bars represent the mean absolute
SHAP values for each variable, indicating their contribution to the model prediction of SDG 15 scores.
Variables with larger bars have greater influence on the model’s output. (b) SHAP summary plot.
Positive SHAP values (>0) indicate that a given variable contributes to increasing the predicted SDG
15 score above the baseline for that observation. Meanwhile, negative SHAP values (<0) indicate that
the variable contributes to lowering the predicted SDG 15 score below the baseline level.

4.3. SHAP-Based Decomposition and Green ODA Efficiency Gap Index

In the SHAP-based decomposition analysis, the factors showing the largest differences
in mean SHAP contributions between countries with high SDG 15 performance scores and
those with low scores were WS (2.64), POP (2.41), PARI (2.22), TCL (2.02), and PHDI (1.36)
(Table 2; Figure 5). By contrast, GODAt−1 (0.26) exhibited a relatively small difference in
mean SHAP contribution, indicating a comparatively modest role within the SHAP-based
decomposition of the SDG 15 performance gap.

Figure 5. SHAP-based decomposition of the SDG 15 performance gap. The decomposition value for
each variable represents the difference between the total SHAP contributions of the high-performance
and low-performance groups, showing how each factor contributes to the SDG 15 performance gap.
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Table 2. SHAP-based decomposition of the SDG 15 performance groups.

Variables High-Performance
Group

Low-Performance
Group Decomposition

WS 1.217385 −1.432575 2.649960

POP 1.131460 −1.284066 2.415526

PARI 1.244352 −0.980628 2.224980

TCL 0.856347 −1.171914 2.028261

PHDI 0.593242 −0.773430 1.366672

GDPPCAP 0.564808 −0.579690 1.144498

FDI 0.482196 −0.521998 1.004194

GQI 0.437297 −0.558879 0.996177

INCOME 0.673367 −0.278784 0.952151

REC 0.225121 −0.574419 0.799539

VUL 0.421897 −0.111311 0.533208

GODAt−1 0.166534 −0.100221 0.266755

CROP 0.170291 −0.081846 0.252137
Notes: FDI, GDPPCAP, INCOME, POP, CROP, WS, PARI, REC, TCL, GQI, PHDI, and VUL mean foreign direct
investment, GDP per capita, income, population, crop production, water stress, protected areas representativeness
index, renewable energy consumption, TCL, governance quality index, planetary pressure-adjusted human
development index, and vulnerability, respectively.

To examine the contribution of green ODA relative to its allocation share, the gap index
between countries with high and low SDG performance scores was calculated across three
income categories at the country level, and 95% confidence intervals were estimated using boot-
strap resampling (Table 3; Figure 6). The results show that green ODA exhibited statistically
significant positive (+) contributions in the high-income–high-performance (HH) and low-
income–high-performance (LH) groups. In contrast, the middle-income–low-performance
(ML) group showed a statistically significant negative (−) contribution and recorded the lowest
value. Meanwhile, the high-income–low-performance (HL) and low-income–low-performance
(LL) groups displayed positive (+) gap index values, but these were not statistically signifi-
cant. The middle-income–high-performance (MH) group showed a negative (−) gap index;
however, this result was also not statistically significant.

Table 3. Summary of the green ODA gap index by income–performance group (bootstrap 95%
confidence intervals).

Income–Performance Group GODAt−1 Share SHAP Share Gap Index CI 95%

HH 0.043416125 0.0873696921 0.0440362194 [0.014, 0.075]

HL 0.2031212168 0.2427261279 0.0366531718 [−0.028, 0.098]

MH 0.1709497443 0.1419282724 −0.0301114001 [−0.093, 0.030]

ML 0.3637620623 0.2299333692 −0.1284229755 [−0.219, −0.025]

LH 0.1139159453 0.1849198655 0.0691713312 [0.011, 0.133]

LL 0.1048349063 0.1131226729 0.0086736533 [−0.042, 0.052]
Notes: HH, HL, MH, ML, LH, and LL mean high-income–high-performance group, high-income–low-performance
group, middle-income–high-performance group, middle-income–low-performance group, low-income–high-
performance group, and low-income–low-performance group, respectively. Statistical significance is determined
when the 95% confidence interval does not include zero.
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Figure 6. Green ODA GAP index by income–performance group. The gap index reflects the difference
between each group’s share of SHAP-based contributions to SDG 15 and its share of total green
ODA input, where ODA input is measured as a one-period lagged variable (GODAt−1). A gap index
value > 0 indicates that the group’s relative contribution is higher than would be expected based on
its level of ODA input, whereas a value < 0 indicates that the contribution is lower relative to the level
of input. Error bars represent bootstrap 95% confidence intervals. * indicates statistical significance at
the 95% confidence level.

5. Discussion
This study analyzed the contribution of green ODA to SDG 15 implementation in

developing countries worldwide using a SHAP-based machine learning predictive model,
one of the XAI techniques. First, green ODA showed an overall low level of contribution
to SDG 15 implementation in developing countries. In the SHAP-based machine learning
prediction, the SHAP value of green ODA was found to have the lowest contribution
among the variables affecting SDG 15 implementation and exhibited a very small negative
(−) contribution. The decomposition results also indicated that the influence of green ODA
was limited, and SDG 15 performance tended to be more strongly determined by other
environmental, social, and economic variables within each country. These findings suggest
that green ODA is unlikely to directly contribute to SDG 15 implementation within the
forest transition pathway. Instead, the results of the gap index calculation showed that the
effects of green ODA were more pronounced in high-performing countries with higher
SDG 15 scores. Excluding middle-income countries, high-performing countries in SDG 15
implementation (HH and LH) both exhibited statistically significant positive (+) gap indices.
In contrast, the ML group showed a statistically significant negative (−) gap index. These
findings are consistent with previous studies suggesting that ODA may exert negative
effects on SDG outcomes under certain conditions [27]. In particular, the negative gap
index observed in lower-performing country groups is consistent with previous findings
suggesting that when forest-related governance is weak, the effects of ODA may even
contribute to forest loss rather than improve forest conservation outcomes [26,27].

Along with POP, environmental variables directly related to terrestrial ecosystems (i.e.,
WS, TCL, and PARI) were identified as the most influential factors within the model. These
findings are consistent with previous studies suggesting that, in addition to forest protection
rates and biodiversity, the management of water resources and marine ecosystems is also
closely related to SDG 15 performance [9,32]. Notably, PHDI exhibited a negative (−) SHAP
contribution to the SDG 15 score. This implies that even when environmental conservation
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efforts accompany improvements in human quality of life, such improvements do not
necessarily lead to enhanced conservation and development of terrestrial ecosystems. These
findings are consistent with previous critiques suggesting that SDG 15 does not fully reflect
the concept of human-centered conservation and that trade-offs with socioeconomic factors
are not adequately captured [6,37,38]. In addition, previous studies have suggested that the
effects of ODA tend to become stronger when interacting with governance indicators [21,22].
However, in the present study, both GODA and GQI showed relatively low SHAP values,
making it difficult to identify a meaningful interaction effect between these two variables.

Taken together, these results suggest that although green ODA may not function as a
direct driving factor of SDG 15 implementation, it may still serve as an “accelerator” of forest
transition in countries where SDG 15 implementation performance has already reached
a certain level. In practice, the international aid system and aid allocation mechanisms
play an important role in addressing climate change in recipient countries, and bilateral
and multilateral ODA have been identified as one of the key channels in this process [49].
In particular, within international forest governance, ODA functions not through direct
regulation or market mechanisms but rather as a capacity-building channel. In other words,
rather than directly and independently stopping deforestation, ODA contributes to forest
conservation by strengthening capacity building and influencing domestic and international
policies and stakeholders [50]. This is consistent with other studies suggesting that even
when ODA is provided, economic incentives and market mechanisms often remain the
dominant drivers, while ODA plays a complementary role by supporting or establishing
institutional systems.

For green ODA to further expand its role as an accelerator within the state policy
pathway of forest transition, several considerations should be addressed. First, the allo-
cation of green ODA should be aligned with the actual forest-related policy goals and
priorities of recipient countries. In practice, funding directly related to forests accounts for
only a very small proportion of total ODA, and persistent concerns have been raised about
imbalances in resource allocation across forest-related sectors [50]. Therefore, it is neces-
sary to strengthen and align forest-related goals through international forest governance
and related initiatives. Second, the scale of green ODA required for managing terrestrial
ecosystems should be expanded. According to Emerton et al. [51], although the number of
protected areas increased by approximately 50% over the past decade, related international
aid did not increase and instead showed stagnant or declining trends. Furthermore, the
global biodiversity finance gap is estimated to exceed USD 700 billion per year, while
current annual investment is only about USD 112 billion. This substantial financing gap
has been identified as a major barrier to advancing biodiversity conservation [52]. In this
study as well, green ODA accounted for a relatively small proportion of total ODA and has
shown a declining trend since the COVID-19 pandemic (Figure 2). Finally, it is necessary
to improve stakeholders’ understanding of environmental and Rio marker systems used
during the classification stage of green ODA project design. Since ODA data are collected
through a self-reporting method, there remains the possibility of overestimation, underesti-
mation, or labeling errors [18,53–57]. In fact, inconsistencies in Rio marker coding within
climate aid classification have been continuously raised as a concern [53]. Such issues may
create substantial difficulties in accurately tracking and monitoring the scale, status, and
financial flows of green ODA. If these improvements are taken into account, green ODA is
expected to further strengthen its function as an accelerator of forest transition, contributing
more effectively to international forest governance as well as to sustainable development
and the conservation of terrestrial ecosystems in developing countries in accordance with
its original objectives.

https://doi.org/10.3390/f17040412

https://doi.org/10.3390/f17040412


Forests 2026, 17, 412 15 of 20

6. Limitations
This study is significant in that it analyzed the relationship between green ODA

and SDG 15 performance using an XAI-based predictive model. Nevertheless, several
limitations should be acknowledged.

First, data availability at the country level was limited. In particular, it was difficult
to obtain sufficient indicators related to forest conditions. In addition, SDG performance
scores may contain measurement inconsistencies due to differences in reporting standards
and indicator construction. Due to these missing values and data constraints, this study
included only 90 out of the 166 countries that received green ODA in the analysis. Second,
green ODA projects may contain marker classification errors during the design and catego-
rization stages. Environmental and Rio markers may be missing or incorrectly classified,
which may lead to underestimation of the actual scale of green ODA and difficulties in
accurately tracing financial flows and outcomes. Therefore, improving the accuracy and
consistency of marker classification among stakeholders involved in project implementa-
tion is essential. Third, the marker-based definition of green ODA encompasses diverse
environmental sectors and may involve overlapping classifications, making it difficult to
clearly isolate projects that directly target forest conservation and restoration under SDG
15. Future research could refine this distinction more precisely. For example, studies could
focus on countries participating in REDD+ programs or compare the effects across different
stages of REDD+ implementation. Furthermore, if sufficiently disaggregated data become
available, future research could examine heterogeneity in the effectiveness of green ODA
according to donor types and institutional characteristics. For instance, differences between
bilateral aid, multilateral aid, and climate or environmental funds could be compared.
Considering variations in donor priorities, project design approaches, and monitoring sys-
tems would further deepen the understanding of how green ODA operates across different
contexts. Finally, this study is based on a predictive modeling framework and does not
establish causal identification. While SHAP values allow the interpretation of the relative
contribution of variables within the model, they do not imply causal effects. Future studies
employing quasi-experimental methods or causal inference approaches would help clarify
the direction and magnitude of causal relationships.

7. Conclusions
The results of this study indicate that green official development assistance makes

a very limited contribution to sustainable development goal 15 implementation scores
compared with environmental variables directly related to terrestrial ecosystems. However,
additional analyses show that the contribution of green official development assistance
relative to its allocation becomes statistically significant in countries with higher levels
of Sustainable Development Goal 15 implementation. These findings suggest that green
official development assistance may function as an accelerator of transition, supporting
forest transition processes in countries that already demonstrate higher levels of Sustainable
Development Goal 15 performance. To further enhance the role of green official devel-
opment assistance, it is necessary to strengthen forest-related initiatives across countries
along the forest transition pathway and to improve the alignment between forest-related
policy goals and aid allocation. In addition, long-term financial planning and an expansion
of funding for terrestrial ecosystem management are required, along with improvements
in the accuracy of green official development assistance classification and stakeholders’
understanding of the marker system. If these structural and institutional conditions are
reinforced, green official development assistance is expected to more effectively support
terrestrial ecosystem conservation and Sustainable Development Goal 15 implementation
in developing countries as an accelerator of transition.
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Appendix A

Table A1. Sources and explanation of data.

Type Variable (Unit) Explanation Source (Link)

Independent variable
Green ODA
(USD million,
constant 2023 prices)

The amount of official
development aid marked with
the Environment marker or
Rio marker as a principal or
significant objective.

OECD Statistics CRS

Dependent variable SDG15

The SDG scores are
retroactively calculated across
time using the same indicator
set with a range of 0–100.

Sustainable
Development Report

Control variables

FDI
(current US$)

FDI (net inflows) refers to
direct investment equity flows
in the reporting economy.

World Bank
(https://data.worldbank.org/)
accessed on 15 January 2025.

GDPcap
(current US$ per capita)

GDP divided by
midyear population.

INCOME
(unitless)

Income group is
operationalized as a
categorical variable with the
following coding scheme:
• 0 = High-income

(UMICs);
• 1 = Middle-income

(LMICs);
• 2 = Low-income (LDCs).

POP
(capita)

Total population based on the
de facto definition of
population, which counts all
residents regardless of legal
status or citizenship.

CROP
(unitless)

The commodities covered in
the computation of indices of
agricultural production are all
crops and livestock products
originating in each country.
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Table A1. Cont.

Type Variable (Unit) Explanation Source (Link)

Control variables

WS
(%)

Freshwater withdrawal as a
proportion of available
freshwater resources is the
ratio between total freshwater
withdrawn by all major
sectors and total renewable
freshwater resources, after
considering environmental
water requirements.

World Bank
(https://data.worldbank.org/)
accessed on 15 January 2025.

PARI
(unitless)

It measures how well
terrestrial protected areas
represent the ecological
diversity of a country, with a
range of 0–100.

EPI
(https://epi.yale.edu/epi-
results/2020/component/par)
accessed on 15 January 2025.

REC
(%)

It is the share of renewable
energy in total final energy
consumption, with a range
of 0–100.

World Bank
(https://data.worldbank.org/)
accessed on 15 January 2025.

TCL
(%)

The average annual loss in
forest area over the past
five years, divided by the total
extent of forest area in the year
2000, with a range of 0–100. A
higher TCL value indicates a
lower level of tree cover loss.

GQI
(unitless)

The six Worldwide
Governance
Indicators—(1) Control of
Corruption, (2) Government
Effectiveness, (3) Regulatory
Quality, (4) Political Stability,
(5) Rule of Law, and (6) Voice
and Accountability—were
integrated into a single index
through PCA.

PHDI
(unitless)

It is the level of human
development adjusted by
carbon dioxide emissions per
person (production-based)
and material footprint per
capita to account for the
excessive human pressure on
the planet, with a range of 0–1.

UNDP
(https://hdr.undp.org/data-
center/documentation-and-
downloads)
accessed on 15 January 2025.
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Table A1. Cont.

Type Variable (Unit) Explanation Source (Link)

Control variables VUL
(unitless)

Vulnerability through a
country’s exposure, sensitivity,
and capacity to adapt to the
negative effects of climate
change by considering
six life-supporting sectors, that
is, food, water, health,
ecosystem service, human
habitat, and infrastructure.
The range is 0–1, and a lower
value indicates
less vulnerability.

ND-GAIN Index:
Vulnerability Index

Notes: FDI, GDPPCAP, INCOME, POP, CROP, WS, PARI, REC, TCL, GQI, PHDI, and VUL mean foreign direct
investment, GDP per capita, income, population, crop production, water stress, protected area representativeness
index, renewable energy consumption, TCL, governance quality index, planetary pressure-adjusted human
development index, and vulnerability, respectively.
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