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ABSTRACT

This study compares six machine-learning models for predicting per-capita CO2 emissions
in a panel of 118 countries over 2000–2020 and uses SHAP to examine the fitted XG-
Boost model. The test sample comprises 2019–2020. XGBoost achieved the lowest test
RMSE (0.475) and highest R2 (0.324), indicating limited to moderate predictive fit. GDP
per capita had the largest means absolute SHAP value (0.2821), followed by the country
effect (0.0361). Renewable-energy associations differed across observations and should
not be interpreted as a uniform emissions reduction. Country profiles and four descriptive
clusters illustrate possible areas for policy review; SHAP contributions are predictive asso-
ciations, not causal effects or evaluated policy impacts.
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Research Highlights

• Across 118 countries over 2000–2020, XGBoost shows the best reported test performance among six mod-
els.

• GDP per capita was the largest global XGBoost SHAP predictor with other factors including renewable
energy showing differennce.

• Country and four-cluster profiles can guide further investigation, but incomplete explained variation and the
observational design preclude causal policy conclusions.

• Future work should incorporate additional energy and policy inputs and evaluate proposed interventions with
designs suited to causal questions.

1. Introduction

Climate change threatens human health, economic
development, and ecosystems [1, 2]. The Paris Agree-
ment and Sustainable Development Goal (SDG) 13 moti-
vate better evidence about variation in national emissions
[2, 3]. This paper analyzes reported country-year CO2 ob-
servations to compare predictive methods and describe
model associations; it does not estimate the impact of
climate policies. The IEA’s assessment of energy-related
CO2 emissions provides context for national energy and
emissions trajectories [4].

Machine-learning models can represent nonlinear
predictive associations among economic, institutional, and
energy indicators. Random Forest [5], XGBoost [6], and
CatBoost [7] can be interpreted using SHapley Additive
exPlanations (SHAP), which allocate individual predictions
among model inputs [8]. Those allocations are conditional
on a fitted model and do not identify causal effects. Given
the test R2 of 0.324, the analysis offers an exploratory
account of predictive patterns. Reviews of explainable AI
describe its concepts, taxonomies, and challenges for re-
sponsible use [9].

This study compares six machine-learning models
and interprets the best-performing model using SHAP for
118 countries over 2000–2020. It reports no Method of Mo-
ments Quantile Regression (MM-QR) or feasible general-
ized least squares (FGLS) estimates. The analysis sup-
ports descriptive country comparisons and predictive in-
terpretation, not causal policy effects.

2. Literature Review

2.1. Climate Change and Carbon Emissions

The environmental Kuznets curve (EKC) is a hypothe-
sis that the relationship between income and environmen-
tal pressures may change with development [10, 11]. Its
shape and interpretation depend on the pollutant, sample,
specification, and identification strategy. This study does
not test a causal EKC; it evaluates income as one pre-
dictor of a reported CO2 measure. Prior work on emis-
sion modelling should be compared by outcome defini-
tion, study population, validation design, and treatment of

confounding before drawing policy conclusions. Costantini
et al. compared multivariate regression and random-forest
approaches to national CO2 forecasting across 117 coun-
tries [12]. Butt et al. combined panel econometrics with
ANN, random-forest, and LSTM models for total CO2 emis-
sions in China, India, and the United States over 1992–
2022; their outcome and validation design differ from the
per-capita target and 118-country panel considered here
[13].

2.2. Renewable Energy and Sustainable Development

Energy transition and trade are discussed in climate-
policy research, but neither the existence nor the size of an
intervention effect can be inferred from an observational
model explanation. Renewable share and trade openness
are model inputs here. The corresponding SHAP values
show how those inputs contribute to predictions in this fit-
ted model, with direction and magnitude varying across
observations. Related research includes a cross-sectoral
review of China’s renewable-energy and energy-efficiency
policies [14], an ARDL and machine-learning analysis of
investment and emissions in China [15], and a study of
governance, green finance, and mitigation technologies in
European industrial economies [16]. Earlier work exam-
ined China’s energy and carbon-emissions outlook to 2050
[17]. Butt et al. studied trade openness, energy intensity,
technological innovation, and per-capita CO2 in 40 Belt
and Road Initiative countries over 2010–2022 using quan-
tile methods [18]. Their separate China study examined
ecological footprint over 1990–2021 using an ML-ARCH
framework; ecological footprint is a broader environmental
indicator and is not interchangeable with CO2 emissions
[19]. Energy-transition research emphasizes the joint roles
of renewable energy, energy efficiency, and electrification
[20], while the IPCC assesses mitigation options across
sectors and development contexts [21].

2.3. Explainable Artificial Intelligence and Machine Learning

Random Forest and gradient-boosted trees can cap-
ture nonlinear prediction patterns [5, 22]; interpretation
tools such as SHAP describe how model inputs contribute
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to fitted predictions [8, 23]. SHAP explanations depend on
feature dependence, background data, and the chosen im-
plementation [24]. They do not resolve confounding or es-
tablish that changing a predictor would change emissions
by the SHAP amount [25]. Work on climate-policy classi-
fication likewise requires transparent category definitions
and validation of any country assignment. Hamad et al.
applied an optimized explainable-AI approach to environ-
mental education and pollution, illustrating a related appli-
cation outside national CO2 prediction [26].

2.4. Research Gap

The specific contribution is a chronological six-model
comparison for a reported 118-country panel, global and
local XGBoost SHAP descriptions, and exploratory clus-
ter profiles. The study does not estimate economet-
ric or causal policy effects. Its novelty lies in bringing
these descriptive analyses together for the stated sample,
not in introducing a new learning algorithm or validated
intervention-selection method.

3. Methodology

3.1. Research Framework

The workflow assembles country-year observations,
prepares predictors, compares six regression models on
a chronological split, explains XGBoost predictions using
SHAP, and summarizes country and cluster profiles. Re-
ported associations concern model predictions rather than
causal emissions drivers.

SHAP explanations are used to describe global and
country-level contributions to predictions. The results pre-
sented below do not report partial-dependence or LIME
estimates; the methodological claims are limited accord-
ingly.

3.2. Data Collection

The reported analysis uses 2478 observations from
118 countries over 2000–2020 (21 years per country). Per-

capita CO2 emissions are the target. Predictors are GDP
per capita, renewable-energy share, industrial share, ur-
banization, trade openness, governance, year, and coun-
try. Table 1 lists the variables used in the reported mod-
els. The original source extracts, variable definitions, and
any rescaling of the emissions target should be checked
against the analysis data before submission. GDP per
capita is shown in source-data units: the currency, price
year, and purchasing-power adjustment are not docu-
mented in the supplied files. The definitions and denom-
inators for renewable share, industrial share, trade open-
ness, governance, and per-capita CO2 must be verified
from the source extract before the table can support cross-
country comparisons.

3.3. Data Preprocessing and Feature Engineering

The data are described as a balanced panel. The sup-
plied manuscript does not specify whether missing entries
were imputed, how any imputation was fitted within the
chronological split, or whether continuous predictors were
standardized for each model. It also does not document
tuning grids, cross-validation folds, or the precise encod-
ing of country. These details must be retrieved from the
analysis code; they cannot be reconstructed from the re-
ported results. “Country effect” below denotes the model
input representing country identity, not an estimated fixed
effect. Figure 1 uses logarithmic display axes where la-
belled; the manuscript does not establish whether the un-
derlying model inputs were transformed. The reported split
implies 2006 training observations, 236 validation obser-
vations, and 236 test observations if the panel is complete
in every year. Do not claim leakage-free imputation or scal-
ing until the pipeline demonstrates that all fitted transfor-
mations use training data only and that validation and test
years are transformed with the fitted training parameters.
Software versions and random seeds are also unavailable.
Validation design should account for temporal and country-
level dependence [27].

Table 1. Variables and data sources.

Variable Source

CO2 emissions per capita, reported target World Development Indicators (WDI)

GDP per capita World Bank (WDI)

Renewable-energy share International Energy Agency (IEA)

Industrial share Source to verify from analysis dataset

Urbanization rate World Development Indicators (WDI)

Trade openness World Development Indicators (WDI)

Governance index Worldwide Governance Indicators (WGI)

Year and country identity Panel identifiers
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Figure 1. Proposed Explainable Artificial Intelligence (XAI) Framework for Country-Specific Climate Mitigation and Sus-
tainable Development Pathways.

3.4. Machine Learning Models

Six regression models were compared:

• Random Forest (RF) [5]

• XGBoost, or Extreme Gradient Boosting [6]

• CatBoost [7]

• LightGBM [28]

• Elastic Net [29]

• ANNs, or artificial neural networks [30]

The reported splits are training (2000–2016), valida-
tion (2017–2018), and test (2019–2020), with 236 test ob-
servations. The available manuscript does not document
a reproducible hyperparameter search or cross-validation
protocol; these must be supplied from the training code
before any tuning claim is made. A chronological split by
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itself does not establish whether validation, model selec-
tion, and test evaluation were implemented without leak-
age. The original script must document the fit order and
the untouched final test sample. The suitability of cross-
validation for time-series prediction depends on the model
and error structure; results for purely autoregressive mod-
els cannot be assumed to apply to this country panel [31].

3.5. Model Evaluation

Four commonly used regression measures are used
to assess the model’s performance:

• RMSE, or root mean square error

• MAE, or mean absolute error

• MAPE, or mean absolute percentage error

• Coefficient of Determination (R2)

Root mean square error (RMSE), mean absolute er-
ror (MAE), mean absolute percentage error (MAPE), and
R2 summarize the reported held-out predictions. MAPE
is especially unstable when actual outcomes approach
zero [32]. Performance should also be compared with sim-
ple training-set mean, previous-year, or other prespecified
baselines; those benchmark results have not been sup-
plied and cannot be inferred.

3.6. Explainable Artificial Intelligence

The best-performing reported test model, XGBoost,
was interpreted using SHAP.

The available results include global mean absolute
SHAP values and local contributions. SHAP contributions
sum with the model baseline to the prediction on the ex-
planation scale [8]. The background distribution and treat-
ment of correlated predictors [24] require confirmation
from the analysis code.

Global interpretation:

• Global importance is summarized by the average ab-
solute SHAP contribution of each input across the
explained observations.

• No partial-dependence plot (PDP) analysis is re-
ported as a separate validated result.

SHAP magnitude describes contribution to predicted
values rather than physical emission shares or causal ef-
fects [8, 25].

Local interpretation:
Country profiles summarize SHAP contributions for

selected observations and regions.

• A local contribution percentage can be defined as
100 × |SHAP value for input j|/sum over included in-
puts of |SHAP value| for the same prediction. The
supplied materials do not document whether the ex-
isting percentage tables use this formula, which ob-
servations were aggregated, or how the baseline and
residual categories were handled; verify these calcu-
lations before submission.

• No Local Interpretable Model-agnostic Explanations
(LIME) estimates are reported.

These analyses describe variation in model predic-
tions; they do not determine which mitigation policy would
be effective.

3.7. Country-Specific Climate Mitigation Pathways

Illustrative countries and a regional group are used to
describe model contributions. Table 2 lists evaluated inputs
alongside policy topics requiring independent evidence.
The existing profiles do not quantify policy outcomes.

Country-level SHAP contributions describe the fitted
model and cannot by themselves determine effective in-
terventions. Policy examples in Table 2 require separate
sectoral and causal evidence [2, 21].

3.8. Specific contribution and scope

This paper compares six regression models on a
chronological holdout and illustrates global, local, and
cluster-level predictive summaries. The following state-
ments should be read within that scope.

1. The study compares six specified models on the re-
ported panel.

2. XGBoost SHAP supplies the reported global and lo-
cal model explanations; standalone PDP and LIME
analyses are not presented.

3. Country and cluster profiles organize exploratory,
literature-informed policy questions; they are not
evaluated intervention pathways.

4. The proposed use is descriptive decision support rel-
evant to climate-action discussions, subject to limited
predictive fit and incomplete methodological records.

Table 2. Illustrative country-level predictors and literature-informed mitigation topics.

Country Main Variables Evaluated

African economies Renewable energy, governance, urbanization

China Industrialization, GDP

Germany Renewable energy transition, industrial share

United States GDP, trade openness, governance, country identity
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4. Results and Discussion

Results from 2478 country-year observations for 118
countries (2000–2020) are summarized below. The target
is the reported per-capita CO2 measure. The model inputs
are GDP per capita, renewable-energy share, industrial
share, urbanization, trade openness, governance, year,
and country identity. The split is chronological: training
2000–2016, validation 2017–2018, and test 2019–2020
(236 observations). The original data must be checked
to identify the target unit or scaling before the numerical
emissions values can be interpreted physically.

4.1. Descriptive Statistics

Table 3 summarizes the main characteristics of the
dataset. The target values in Table 3 (maximum 2.734)
do not establish conventional tonnes of CO2 per person
without a verified source unit or scaling factor. The ta-
ble is therefore presented in the units of the supplied
analysis; confirm the target construction against the raw
dataset. The correlation matrix and Table 4 summarize
pooled Pearson associations only. Near-zero pooled cor-
relations involving governance and urbanization need not
imply zero within-country or nonlinear associations; cod-
ing and scaling must also be verified before substantive
interpretation.

The global distribution of per capita emissions (118
nations, 2000–2020) is depicted in Figure 2. Significant

cross-country variation in economic development and en-
vironmental performance is shown by the descriptive
statistics. Renewable energy, urbanization, trade open-
ness, governance, and industrial structure all show sig-
nificant variance throughout the sample, as do GDP per
capita and per-capita CO2 emissions. The application of
nonlinear machine-learning models and country-specific
interpretation are supported by this diversity.

4.2. Correlation Analysis

Figure 3 presents the Pearson correlation matrix for
the study variables.

Table 4 gives pooled Pearson correlations between
each predictor and the reported emissions target. GDP per
capita has the largest positive pooled correlation (0.250).
The other listed correlations are small in this dataset.
Pooled correlations should not be interpreted as causal
effects or evidence of the absence of within-country as-
sociations.

4.3. Machine-Learning Model Performance

Random Forest, XGBoost, CatBoost, LightGBM,
Elastic Net, and an artificial neural network were the six
machine-learning models that were compared. RMSE,
MAE, MAPE, and R2 were used to evaluate performance
on the unseen 2019–2020 test sample. The out-of-sample
machine learning performance is displayed in Table 5.

Figure 4 shows out-of-sample RMSE by model.

Table 3. Descriptive statistics.

Variable Mean Standard Deviation Minimum Maximum
CO2 emissions target (unit and scaling unverified) 0.880 0.559 0.100 2.734

GDP per capita 31,765.67 23,606.35 1,012.37 256,164.01
Renewable-energy share (%) 20.01 9.87 0.00 53.85

Industrial share (%) 30.40 9.98 5.00 60.00
Urbanization rate (%) 59.73 14.96 20.00 95.00
Trade openness (%) 69.97 19.98 20.00 136.02
Governance index 0.011 1.021 −3.299 3.544

Note: Statistics for the CO2 emissions target are reported as supplied in the analysis. Its source unit, per-capita
construction, and any transformation or scaling have not been verified; these values should therefore not be inter-
preted as tonnes of CO2 per person. Verification against the raw dataset and preprocessing code is required before
substantive interpretation.

Table 4. Correlations with per-capita CO2 emissions.

Predictor Correlation with CO2 Emissions
GDP per capita 0.250

Renewable-energy share 0.015
Industrial share −0.000

Urbanization rate −0.044
Trade openness −0.026

Governance index −0.006
Year 0.005
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Table 5 reports the numerical test-set model compar-
isons: XGBoost RMSE 0.475, MAE 0.383, R2 0.324; Cat-
Boost RMSE 0.479, MAE 0.386, R2 0.315. The test R2 of
0.324 indicates substantial unexplained variation. Figure 5
must be regenerated from these same test predictions if
its labels disagree with Table 5. Large MAPE values, es-

pecially with small target values, also limit its usefulness
for model comparison.

4.4. Actual and Predicted Emissions

Figure 6 compares observed per-capita emissions
with the predictions generated by XGBoost.

Figure 2. Global distribution of per-capita CO2 emissions (118 countries, 2000–2020).

Figure 3. Correlation matrix of study variables.

Table 5. Out-of-sample machine-learning performance.

Model RMSE MAE MAPE (%) R2

XGBoost 0.475 0.383 121.84 0.324
CatBoost 0.479 0.386 118.35 0.315

Random Forest 0.492 0.406 145.92 0.275
LightGBM 0.496 0.398 122.75 0.263

Neural Network 0.525 0.426 147.18 0.177
Elastic Net 0.668 0.507 220.86 −0.334
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Figure 4. Test-set RMSE by model.

Figure 5. Test-set R2 by model.

Figure 6. Actual versus predicted emissions from XG-
Boost.

Although predicted values are more concentrated
around the sample means, they often follow the observed
emissions trend, which results in greater errors for extreme
observations. Overall, the model is more appropriate as a
decision-support tool than an exact emissions-accounting
system and works well for normal emission levels.

4.5. Residual Analysis

Figure 7 presents the distribution of the XGBoost
residuals, defined as actual emissions minus predicted
emissions.

The residuals appear approximately centered in the
plotted sample, but visual inspection alone does not rule
out systematic subgroup errors. Omitted energy-system
and sectoral variables may contribute to residual variation.
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Figure 7. Test sample residual distribution.

4.6. Global SHAP Results

XGBoost was chosen for explainable-artificial-
intelligence analysis since it had the best overall test re-
sults. The mean absolute SHAP values were used to cal-
culate global relevance. Global SHAP feature relevance is
displayed in Table 6.

Table 6 ranks average absolute XGBoost SHAP con-
tributions. GDP per capita ranks first and country identity
second; the latter may encode stable differences between
countries, but its construction is undocumented. A model
refit without country identity is needed to assess whether
performance and feature rankings depend on it; this com-
parison is not available.

4.7. SHAP Beeswarm Results

Figure 8 shows the distribution and direction of SHAP
values for the numerical predictors.

Figure 8. Global SHAP feature importance.

Figure 9 shows both positive and negative SHAP
contributions for several predictors. In particular, the
renewable-energy pattern should be described as hetero-
geneous; a positive SHAP value means a higher predic-
tion relative to the model baseline for that observation and
does not imply a causal increase in emissions.

Figure 9. SHAP beeswarm plot.

4.8. Regional and Country-Level Explanations

Local SHAP profiles were reported for the United
States, China, Germany, and a group of African coun-
tries. The tabulated percentages should represent shares
of absolute model contributions only after their denomina-
tor and aggregation rule are confirmed. They are not na-
tional shares of CO2 emissions or causal effects.

Figure 10 depicts associations in the fitted XGBoost
model. GDP per capita shows a nonlinear predicted pat-
tern, while the renewable-energy panel includes observa-
tions with slightly positive contributions as well as nega-
tive ones. Thus the plot does not support a general claim
that higher renewable share lowers predictions in every
country. Neither plot establishes a causal Environmental
Kuznets Curve or the effect of increasing renewable gen-
eration.
4.8.1. Africa

The available test-period observations for the 25
African nations included in the dataset were used to com-
pute the African regional profile. The main factors influ-
encing the test-period projections for Africa are displayed
in Table 7.

Table 6. Global SHAP features importance.

Rank Predictor Mean Absolute SHAP Value
1 GDP per capita 0.2821
2 Country effect 0.0361
3 Governance index 0.0271
4 Urbanization rate 0.0234
5 Renewable-energy share 0.0223
6 Trade openness 0.0191
7 Industrial share 0.0178
8 Year 0.0143
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Figure 10. SHAP dependence plots for GDP per capita and renewable energy.

Table 7. Principal drivers of the African emission profile.

Predictor Mean Direction Share of Local Explanation (%)

GDP per capita Reduces prediction relative to global baseline 67.36

Country effect Reduces prediction 6.79

Urbanization Slight increases prediction 4.96

Governance Approximately neutral on average 4.92

Renewable-energy share Slight increases prediction 4.74

Industrial share Reduces prediction 4.41

Other features (combined) Not reported 6.82

Africa’s local emission driver profile is depicted in Fig-
ure 11. Africa’s primary predictor is GDP per capita, and a
negative SHAP effect indicates the region’s comparatively
low-income levels rather than a causative decrease in
emissions. Smaller, nation-specific contributions are made
by urbanization, governance, and renewable energy. The
results indicate that in order to achieve low-carbon eco-
nomic growth without repeating development routes that
rely heavily on fossil fuels, Africa should prioritize renew-
able energy, sustainable urbanization, greater governance,
and climate finance.

Figure 11. Local emission-driver profile: Africa.
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4.8.2. China

Table 8 show principal drivers of China test-period
predictions.

China’s local emission driver profile is depicted in Fig-
ure 12. China’s emissions are primarily predicted by GDP
per capita, which reflects the impact of industrial activ-
ity and economic growth. While urbanization raises antici-
pated emissions, renewable energy and governance lower
them. These results imply that low-carbon urban growth,
clean manufacturing, renewable electrification, and indus-
trial efficiency should be given top priority in China’s miti-
gation strategy.

Figure 12. Local emission-driver profile: China.

4.8.3. Germany

Table 9 show principal drivers of Germany test-period
predictions.

Germany’s local emission driver profile is displayed
in Figure 13. Although its negative SHAP effect suggests
lower anticipated emissions than other high-income na-
tions, GDP per capita is Germany’s primary predictor.
Emissions are increased by industrial activity, although this
effect is partially counteracted by trade openness, gover-
nance, and national characteristics. These results are in
favor of policies that favor energy storage, green hydro-
gen, industrial electrification, renewable energy integra-
tion, and ongoing transportation and manufacturing decar-
bonization.

Figure 13. Local emission-driver profile: Germany.

Table 8. Principal drivers of China’s test-period predictions.

Predictor Mean Direction Share of Local Explanation (%)

GDP per capita Increases prediction 77.30
Renewable-energy share Reduces prediction 6.95

Year Increases prediction 4.83

Urbanization Increases prediction 3.84

Governance Reduces prediction 3.48

Trade openness Slightly increases prediction 1.49

Other features (combined) Not reported 2.11

Table 9. Principal drivers of Germany’s test-period predictions.

Predictor Mean Direction Share of Local Explanation (%)

GDP per capita Reduces prediction on average 64.73
Industrial share Increases prediction 7.16

Country effect Reduces prediction 6.46

Urbanization Mixed, slightly positive average 5.90

Governance Reduces prediction 5.08

Trade openness Reduces prediction 4.09

Other features (combined) Not reported 6.58
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4.8.4. United States

Table 10 summarizes model contributions to United
States test-period predictions.

The United States’ local emission driver profile is
displayed in Figure 14. Trade openness, governance,
country-specific characteristics, and industrial structure
are the next most important predictors of U.S. emissions
after GDP per capita. The positive effect points to other un-
noticed factors including energy use, transportation, and
consumption habits. These results emphasize the need
for vehicle electrification, building efficiency, renewable en-
ergy expansion, electricity-grid decarbonization, and im-
proved coordination of climate policies.

Figure 14. Local emission-predictor profile for the United
States.

4.9. Cluster Analysis

The manuscript reports K-means grouping of country-
level indicator averages into four clusters. The choice of K-
means, k = 4, feature scaling, random initialization, and
cluster stability are not documented. Results should be

considered exploratory until the authors report standard-
ized inputs, candidate-k diagnostics (such as silhouette
scores), random seeds, and assignment stability across
reruns. Principal-component analysis (PCA) is a visual-
ization or dimension-reduction step, not independent con-
firmation of cluster validity. PCA is a variance-preserving
projection rather than a clustering validation test [33]. Sil-
houette analysis can assess cluster cohesion and separa-
tion [34], while k-means++ provides a documented seed-
ing approach that could be considered in a reproducible
rerun [35]; neither procedure is claimed to have been im-
plemented in the reported analysis.

Figure 15 is a descriptive projection. Apparent sepa-
ration in two principal components does not validate the
number of clusters. The explained variance and assign-
ments must agree with Figure 16 and Table 11 before sub-
stantive interpretation.

Figures 15 and 16 should show the same final four-
cluster solution, PCA variance, and memberships as Ta-
ble 11. Conflicting plotted labels cannot be resolved with-
out the PCA and K-means outputs.

Table 11 reports mean CO2 of 1.117 in the 36-
country high-emitter group and 1.006 in the 29-country
established-emitter group. The 23-country group called
“emerging economies” has a lower reported mean (0.625)
than the 30-country “lower-emission transition” group
(0.667). These labels are descriptive and potentially mis-
leading; the assignments and definitions should be verified
against the source data before giving the groups substan-
tive names.

4.10. Exploratory Cluster Profiles and Policy Questions

Table 12 presents illustrative policy questions by clus-
ter. These topics were not estimated as intervention ef-
fects.

The reported groups are descriptive. Policy sugges-
tions reflect interpretation and external policy reasoning
rather than a documented mapping from a SHAP value
or K-means label to an optimal action. The current results
cannot rank the expected benefits of the interventions.

Table 10. Principal drivers of United States test-period predictions.

Predictor Mean Direction Share of Local Explanation (%)

GDP per capita Increases prediction 36.12

Trade openness Increases prediction 21.27

Governance Mixed, positive average 13.66

Country effect Increases prediction 10.92

Industrial share Increases prediction 8.83

Urbanization Increases prediction 3.50

Other features (combined) Not reported 5.70
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Figure 15. PCA-based clustering of 118 countries according to climate and development indicators. Note: This PCA
visualization is descriptive.

Figure 16. Country clusters in principal-component space.
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Table 11. Characteristics of the four country clusters.

Cluster Countries Mean
CO2

Mean GDP
per Capita

Renewable
Energy (%)

Industry
(%)

Urbanization
(%)

Trade
(%) Governance

High emitters 36 1.117 49,940.50 20.60 29.96 60.34 71.52 −0.166

Established emitters 29 1.006 38,528.92 20.18 31.01 57.12 66.59 0.206

Emerging economies 23 0.625 14,675.01 19.14 31.97 63.91 68.84 −0.017

transition economies 30 0.667 16,520.90 19.80 29.13 58.31 72.25 0.057

Figure 17. Conceptual mapping from model inputs to possible climate-policy questions. Note: This conceptual mapping
links model predictors to literature-informed policy topics; flow widths should not be presented as estimated policy ef-
fects. The reported global importance analysis uses XGBoost SHAP, not Random Forest importance. The manuscript
does not document a numerical rule for Sankey widths.

Figure 17 presents an author-proposed mapping be-
tween model inputs and policy topics. These links are con-
ceptual and do not represent measured intervention ef-
fects, causal links, or calibrated priority weights.

Figure 18 illustrates proposed country-specific discus-
sion topics. The current materials do not establish how
each country was assigned a dominant category; no ge-
ographic pattern in the map should be presented as a val-
idated model output until its assignment rule and country
labels are audited.

4.11. Robustness and Limitations of the Results

The test R2 of 0.324 indicates substantial unexplained
variation. SHAP values describe predictions, not interven-
tion effects or physical shares of emissions. Country iden-
tity may capture unmeasured factors, and the original code
is needed to confirm its encoding, missing-data handling,
tuning, target units, plot values, and cluster assignments.
Energy mix, transport, carbon pricing, and related policy
variables are not model inputs. Accordingly, the profiles
and suggested policies are hypotheses for further assess-
ment rather than evaluated mitigation pathways.
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Table 12. Illustrative “Recommended climate pathways by country cluster by reported cluster”.

Cluster Principal Challenge Recommended Climate Pathway

High emitters High income, consumption, and
emission levels

Rapid fossil fuel retirement, renewable-energy
expansion, carbon pricing, transport

electrification, and industrial decarbonization

Established emitters Stronger governance but persistent
emissions

Strengthen policy implementation, phase out
fossil-fuel subsidies, improve building efficiency,

and accelerate clean innovation

Emerging economies Risk of industrial and urban carbon
lock-in

Finance clean electricity, sustainable cities,
public transport, efficient industry, and resilient

infrastructure

Lower-emission
transition economies

Maintaining lower emissions during
development

Expand decentralized renewables, energy
access, green investment, efficient infrastructure,

and climate resilience

Figure 18. Global distribution of dominant climate-mitigation priorities across 118 countries. Note: This map displays
proposed priorities, not measured intervention effects. A reproducible per-country assignment would require a stated
rule mapping the largest relevant absolute local XGBoost SHAP contribution to one of the displayed policy categories,
including tie handling and variables with no direct policy equivalent. That rule and the underlying country-level assign-
ments are not provided in the manuscript and must be verified before treating the map as a computed result.

5. Discussion

This study developed an integrated machine-learning
and explainable AI framework to predict the reported CO2

emissions target across 118 countries between 2000 and
2020. XGBoost achieved the highest predictive perfor-
mance among the evaluated models. Global SHAP anal-
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ysis summarized the contributions of GDP per capita,
governance, renewable-energy share, urbanization, trade
openness, industrial share, country effects, and Year, with
their relative importance reported in Table 6. These contri-
butions describe model predictions rather than causal ef-
fects. The observed cross-country variation suggests that
mitigation priorities should be assessed in their national
contexts.

5.1. Why Countries Differ in Their Emission Pathways

The findings show significant cross-national variation
in the factors influencing carbon emissions. Despite being
the most important global predictor, GDP per capita has
different regional contributions. Due to limited industrializa-
tion and energy access, lower GDP is linked to lower an-
ticipated emissions in Africa. Economic expansion contin-
ues to be China’s primary engine, with emissions partially
countered by governance and renewable energy. While
the United States shows additional nation-specific vari-
ables relating to energy use and consumption patterns,
Germany benefits from governance and structural factors
that limit industrial emissions. The need for distinct, as op-
posed to homogeneous, climate mitigation methods is fur-
ther supported by cluster analysis.

5.2. Policy Implications

These model profiles can help organize country-level
policy discussions, subject to the modest test fit. Sug-
gestions concerning carbon pricing, finance, storage, and
sector-specific technologies come from broader policy lit-
erature and require independent evaluation; they are not
effects estimated by this model [16, 20, 21].

5.3. Explainable AI versus Black-Box AI

SHAP makes model predictions more interpretable
by attributing predictions to inputs under the fitted model
[8, 23]. These contributions are associations and can re-
flect correlated predictors; they do not identify causal emis-
sion drivers or intervention effects [24, 25].

5.4. Alignment with the Sustainable Development Goals

The proposed framework can inform country-specific
mitigation planning relevant to SDG 13 (Climate Action).
Its analysis of renewable energy, industrial structure, ur-
banization, governance, and trade also has potential rele-
vance to SDGs 7, 9, 11, 12, 16, and 17. These connections
indicate areas where the findings may inform policy discus-
sion; they do not demonstrate that the framework delivers
measurable progress toward these goals.

5.5. Comparison with Previous Studies

Previous studies address related questions using dif-
ferent outcomes and designs. Costantini et al. examined
national CO2 forecasting [12], while Butt et al. combined
econometrics and machine learning for total emissions in
three large economies [13]. Their Belt and Road study ex-

amined heterogeneity across the per-capita emissions dis-
tribution [18], and their China study considered ecological
footprint rather than CO2 [19]. Wang et al. studied invest-
ment and emissions in China [15], and Li et al. examined
governance, finance, and mitigation technologies in Euro-
pean industrial economies [16]. These studies motivate at-
tention to energy systems, trade, institutions, and national
context, but differences in outcomes, samples, and valida-
tion prevent direct performance comparisons. The present
SHAP patterns describe fitted predictions and do not con-
firm causal mechanisms or intervention effects estimated
or discussed elsewhere.

5.6. Contribution of the Study

By comparing several machine-learning models, us-
ing SHAP to explain national and global emission causes,
combining country-level profile with cluster analysis, and
highlighting the necessity of development-sensitive mitiga-
tion methods, this study makes a significant contribution.
The suggested framework offers a clear decision-support
tool for sustainable development and climate policy.

5.7. Future Research

Future work should document and rerun preprocess-
ing and tuning, validate target units and figure values, com-
pare country-cluster stability, and test policy hypotheses
using suitable sectoral and causal evidence. Additional in-
puts could include energy mix, transport, carbon pricing,
and technological innovation.

6. Policy Implications

The descriptive profiles suggest topics for country-
specific policy assessment. Because the model explains
only part of held-out variation and does not estimate in-
terventions, the recommendations below draw on broader
climate-policy reasoning; they should be assessed against
local sectoral evidence before implementation [2, 21].

6.1. Renewable-Energy Investment Priorities

Climate policy may prioritize renewable energy in light
of national energy systems and independent evidence
[14, 20]. Electricity access, grid capacity, fossil-fuel dis-
placement, and equity should be evaluated locally. The fit-
ted renewable-energy association is heterogeneous and
cannot establish the effect of a renewable investment.

6.2. Carbon Pricing

The institutional and economic circumstances of the
country should be considered when setting carbon prices.
While emerging economies can take incremental, sector-
specific measures, high-income economies should bolster
carbon levies or emissions-trading schemes. Carbon pric-
ing should be paired with fossil fuel subsidy reform, assis-
tance for disadvantaged populations, investment in clean
technologies, and open reinvestment of earnings in re-
newable energy, public transportation, industrial modern-
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ization, and climate adaptation to guarantee efficacy and
public acceptance [21].

6.3. Green Finance

To prevent carbon-intensive development, emerging
economies need green finance. Green bonds, conces-
sional financing, blended financing, and climate risk dis-
closure should all be increased by governments. While
China, Germany, and the US should employ green finance
to speed up industrial decarbonization, renewable energy,
and low-carbon infrastructure, lower-income nations, es-
pecially those in Africa, need affordable funding. To avoid
greenwashing, transparent green-finance norms are also
required [16, 21].

6.4. Energy Transition

Decoupling economic growth from the use of fossil
fuels through low-carbon technology, electrification, en-
ergy efficiency, renewable energy, and grid modernization
should be the main goals of energy transition strategies. To
prevent carbon lock-in, emerging economies should give
priority to clean infrastructure. They should also ensure
a fair transition by supporting workers and improving en-
ergy security with a variety of renewable energy sources
[20, 21].

6.5. Climate Adaptation

Since many nations are more at risk from heatwaves,
droughts, floods, and water stress, climate adaptation
should be used in conjunction with mitigation. Climate-
resilient agriculture, water management, resilient infras-
tructure, sustainable urban design, and localized risk as-
sessments are among the top priorities. Long-term sus-
tainable development can be supported and resilience
strengthened by integrating adaptation with public infras-
tructure and renewable energy [2].

6.6. Governance Reforms

The impact of governance varied between each na-
tion, making it a significant secondary predictor. There-
fore, stronger institutions, efficient implementation, trans-
parent climate finance, and strict environmental legislation
should be the top prioritize for climate policy. International
technical and financial help should be provided for gov-
ernance changes in lower-income economies. By offering
clear, nation-specific insights to support policy review, ex-
plainable AI can further improve decision-making.

6.7. Region- and Country-Specific Priorities

Table 13 shows the Priority policy actions for selected
regions and countries.

The policy packages should not be interpreted as mu-
tually exclusive. Rather, they identify areas that deserve
relatively greater attention based on the observed regional
and national profiles.

6.8. Alignment with Sustainable Development

Beyond reducing emissions, climate policies should
help other SDGs. SDGs 7, 9, 11, 12, 13, 16, and 17 are
influenced by renewable energy, green industrialization,
sustainable cities, governance change, and international
cooperation. An integrated strategy should manage any
trade-offs while striking a balance between institutional re-
sponsibility, social justice, economic viability, and environ-
mental efficacy [2, 21].

6.9. Role of Explainable AI in Policymaking

Explainable AI can help prioritize questions for fur-
ther policy evaluation by displaying which inputs influence
a fitted prediction. Policy choices about renewable energy,
carbon pricing, green finance, adaptation, and governance
require independent evidence and local feasibility assess-
ment. The present analysis does not test their impacts
[8, 25].

Table 13. Priority policy actions for selected regions and countries.

Region or Country Main Challenge Identified Priority Policy Actions

Africa Development needs and risk of future
carbon lock-in

Decentralized renewables, energy access, green
industrialization, adaptation finance, resilient

infrastructure, and governance capacity

China Emission pressure associated with
economic and urban expansion

Renewable substitution, coal reduction, industrial
efficiency, storage, grid modernization, and

low-carbon cities

Germany Remaining industrial and infrastructure
emissions

Industrial electrification, building renovation,
energy storage, green hydrogen, and stronger

sectoral implementation

United States High-income, infrastructure, trade, and
country-specific emission pressures

Grid decarbonization, electric mobility, building
efficiency, renewable transmission, carbon

pricing, and federal–state coordination
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7. Conclusions

Across 118 countries over 2000–2020, XGBoost had
the best reported test performance among six models
(RMSE 0.475; R2 0.324). GDP per capita was the largest
global XGBoost SHAP predictor. Other contributions, in-
cluding renewable energy, differed across observations.
Country and four-cluster profiles can guide further inves-
tigation, but incomplete explained variation and the ob-
servational design preclude causal policy conclusions. Fu-
ture work should incorporate additional energy and policy
inputs and evaluate proposed interventions with designs
suited to causal questions.
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