
“Socioeconomic drivers and environmental pressure on renewable energy in
Azerbaijan: Machine learning evidence”

AUTHORS

Anar Eminov

Ramil Hasanov

Jeyhun Mahmudov

Abbas Musayev

Mekhdi Bagirov

ARTICLE INFO

Anar Eminov, Ramil Hasanov, Jeyhun Mahmudov, Abbas Musayev and Mekhdi

Bagirov (2026). Socioeconomic drivers and environmental pressure on

renewable energy in Azerbaijan: Machine learning evidence. Environmental

Economics, 17(3), 154–167. doi:10.21511/ee.17(3).2026.10

DOI http://dx.doi.org/10.21511/ee.17(3).2026.10

RELEASED ON Friday, 04 September 2026

RECEIVED ON Friday, 03 April 2026

ACCEPTED ON Friday, 24 July 2026

LICENSE

 

This work is licensed under a Creative Commons Attribution 4.0 International

License

JOURNAL "Environmental Economics"

ISSN PRINT 1998-6041

ISSN ONLINE 1998-605X

PUBLISHER LLC “Consulting Publishing Company “Business Perspectives”

FOUNDER LLC “Consulting Publishing Company “Business Perspectives”

NUMBER OF REFERENCES

38

NUMBER OF FIGURES

5

NUMBER OF TABLES

3

© The author(s) 2026. This publication is an open access article.

businessperspectives.org



154

Environmental Economics, Volume 17, Issue 3, 2026

http://dx.doi.org/10.21511/ee.17(3).2026.10

Abstract

This study explores potential factors associated with renewable energy consumption in 
Azerbaijan by examining the relationships among economic growth, human develop-
ment, per capita CO₂ emissions, and urban population growth. The analysis applies an 
exploratory machine learning framework based on the XGBoost algorithm combined 
with SHapley Additive exPlanations (SHAP) to examine possible nonlinear associa-
tions and evaluate the relative contribution of selected socioeconomic and environ-
mental variables. Correlation analysis indicates a negative relationship between renew-
able energy consumption and CO₂ emissions (−0.55), while human development and 
economic growth exhibit generally positive associations with renewable energy use, 
suggesting a possible role of socioeconomic development in the energy transition pro-
cess. The exploratory model produced performance indicators of R² = 0.81, RMSE = 
1.18, and MAE = 1.04, suggesting that the model captures variation within the available 
sample; however, given the limited dataset, these results should not be interpreted as 
evidence of strong or robust predictive performance. SHAP-based interpretation sug-
gests that human development and environmental pressure may represent relatively 
important variables within the model framework, while the effects of economic growth 
and urbanization appear comparatively moderate and context-dependent. Overall, the 
study provides preliminary exploratory evidence regarding possible nonlinear patterns 
linking socioeconomic development, environmental conditions, and renewable energy 
consumption in Azerbaijan, offering directions for future research using larger datas-
ets and complementary empirical approaches.
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INTRODUCTION

The transition to sustainable energy systems has become a central 
concern in both developed and developing economies, particularly 
amid rising environmental pressures and climate change. Economic 
growth, human capital, and renewable energy consumption consti-
tute interconnected determinants in mitigating carbon emissions. 
Human capital, through enhanced education and skill development, 
promotes the adoption of renewable energy and improves energy ef-
ficiency, thereby reducing dependence on fossil fuels. Economic 
growth, despite its potential to increase emissions, simultaneously 
generates demand for cleaner technologies and facilitates the tran-
sition toward sustainable low-carbon development (Shabani, 2024; 
Pegkas, 2024). Therefore, understanding the dynamic interactions 
among these variables is essential for designing effective energy and 
environmental policies.
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Azerbaijan, as a resource-rich economy with a historical dependence on fossil fuels, is increasingly 
prioritizing the diversification of its energy mix through the expansion of renewable energy sources. 
However, renewables still contribute modestly: in 2022, they accounted for only 1.5% of total energy 
supply and 6% (1.8 TWh) of electricity generation (IEA, 2023). Despite this limited share, the country 
possesses substantial renewable energy potential. The technical potential of onshore renewable energy 
resources is estimated at 135 GW, while offshore potential reaches 157 GW. Furthermore, the economi-
cally viable renewable energy capacity is assessed at approximately 27 GW, including 3,000 MW of wind 
energy, 23,000 MW of solar energy, 380 MW of bioenergy, and 520 MW from mountain rivers (MERA, 
n.d.). These figures highlight significant opportunities for accelerating the transition toward a cleaner 
energy system.

From a macroeconomic perspective, Azerbaijan has experienced notable, albeit fluctuating, economic 
growth over recent decades. The real gross domestic product (GDP) growth rate reached 4.07% in 2024, 
with an overall increase of 27.17 percentage points observed between 1993 and 2024. However, this 
growth followed an uneven trajectory rather than a steady upward trend (SRD, 2026). At the same 
time, improvements in human capital have been evident, as reflected in the Human Development Index, 
which has remained above 0.70 over the past two decades, indicating sustained progress in health, edu-
cation, and living standards (Knoema, n.d.; CE, n.d.). These developments suggest that both economic 
expansion and human capital accumulation may play a critical role in shaping energy consumption pat-
terns and the adoption of renewable energy technologies.

Environmental considerations further reinforce the importance of this transition. Carbon dioxide 
emissions per capita in Azerbaijan stood at 3.61 tons, reflecting a slight decrease from 3.63 tons 
per person recorded in 2021 (Worldometer, 2024). Although this marginal decline may signal initial 
progress, continued economic and demographic changes, including urbanization, are likely to exert 
additional pressure on energy demand and environmental sustainability. In this regard, the urban 
population reached 5,798,042 in 2022, representing a 0.73% increase compared to the previous year 
(Macrotrends, n.d.), which may intensify energy consumption and emissions if not accompanied by 
sustainable energy policies.

Given these dynamics, examining the influence of economic growth, human capital, and carbon emis-
sions on renewable energy consumption in Azerbaijan is both timely and relevant. This analysis con-
tributes to a deeper understanding of the structural factors driving the energy transition and provides 
empirical insights for policymakers seeking to promote sustainable development and reduce environ-
mental degradation. 

This study addresses the limited empirical evidence on the nonlinear and interactive effects of human 
development, economic growth, CO₂ emissions, and urbanization on renewable energy consumption 
in Azerbaijan. To overcome the limitations of traditional linear econometric approaches in capturing 
such complexities within a small-sample context, the study employs an XGBoost–SHAP framework to 
provide interpretable insights into variable importance and underlying relationships.

1. LITERATURE REVIEW

The interconnections between economic growth, 
human capital, renewable energy consumption, 
and carbon dioxide (CO₂) emissions have attract-
ed considerable attention in empirical research, 
reflecting the complex and context-dependent dy-
namics that shape environmental sustainability. 

Economic growth can simultaneously exacerbate 
and mitigate emissions, depending on the adop-
tion of cleaner technologies, the efficiency of hu-
man capital, and the broader institutional and eco-
nomic context. Human capital, through education, 
skills, and innovation, is increasingly recognized 
as a key driver in moderating the environmen-
tal impacts of economic expansion, enabling the 
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effective utilization of renewable energy and the 
adoption of low-carbon technologies. Renewable 
energy consumption constitutes a critical mech-
anism for reducing CO₂ emissions, although its 
impact often depends on complementary invest-
ments in human capital, governance, and techno-
logical innovation.

Empirical evidence highlights the nuanced interac-
tions among these variables across countries and 
regions. Mahmood et al. (2019) examined the in-
teraction effects of economic growth and renewable 
energy consumption on CO₂ emissions in Pakistan, 
incorporating human capital through three-stage 
least squares and ridge regression. Their findings 
revealed that while the interaction between in-
come and renewable energy consumption contrib-
uted to increased emissions, and trade openness 
further amplified CO₂ emissions, human capi-
tal exerted a mitigating influence, and economic 
growth moderated the relationship, supporting the 
Environmental Kuznets Curve (EKC) hypothesis. 
Building on the conditional role of human capi-
tal, Khan (2020) demonstrated that at low levels of 
human capital, increased education intensified re-
liance on non-renewable energy and raised emis-
sions. In contrast, beyond a critical threshold, high-
er education reduced CO₂ emissions by fostering 
environmental awareness and promoting cleaner 
technologies, emphasizing the contingent nature of 
the income–environment relationship.

Recent studies indicate that renewable energy 
consumption generally reduces CO₂ emissions 
while supporting sustainable economic expan-
sion, particularly when economic growth is ac-
companied by efficient human capital invest-
ment (Bhuiyan et al., 2022; Egbe et al., 2024). 
Similarly, Gnangoin et al. (2022) examined 20 
emerging market economies. They found that 
human capital played a dual role in influencing 
CO₂ emissions: directly contributing to emis-
sions in some contexts while interacting with 
renewable energy to mitigate environmental 
degradation, with an overall inverted U-shaped 
effect. In contrast, Rahman et al. (2021) report-
ed that economic growth and human capital im-
proved environmental quality for newly indus-
trialized countries, whereas energy consump-
tion and exports intensified CO₂ emissions. 
Moreover, no empirical support for the EKC hy-

pothesis was observed, underscoring regional 
and contextual heterogeneity.

Global analyses reinforce the importance of 
the interaction between human capital and re-
newable energy. Maftoon et al. (2025) analyzed 
126 countries from 2001 to 2022. They found 
that although renewable energy consumption 
and human capital individually increased CO₂ 
emissions, their interaction significantly re-
duced emissions, highlighting the moderat-
ing role of human capital and supporting in-
tegrated policy approaches that combine green 
energy expansion with human capital develop-
ment. Regionally, Yang et al. (2025) found that 
in Mercosur countries, economic development, 
green innovation, human capital, urbanization, 
and government effectiveness had marginal or 
negative short-term effects on renewable energy 
consumption but significant long-term impacts, 
with a strong error-correction mechanism en-
suring convergence to a stable long-run relation-
ship. Similarly, Amin et al. (2025) documented 
that renewable energy, human capital, and green 
growth contributed to reducing CO₂ emissions 
for the United States, whereas technological in-
novation and economic growth increased them, 
emphasizing the need for long-term, integrated 
strategies to achieve a low-carbon economy.

Collectively, these studies show that human cap-
ital functions both as a direct determinant of en-
vironmental outcomes and as a moderator that 
enhances the effectiveness of renewable energy 
in reducing emissions, while economic growth 
and technological innovation produce context-
dependent effects that may either exacerbate or 
mitigate CO₂ emissions. Nonlinearities, thresh-
old effects, and interaction terms are increas-
ingly recognized as critical in understanding 
these relationships. This evidence underscores 
the need to design policies that simultaneously 
strengthen human capital, promote renewable 
energy adoption, and foster green innovation 
to achieve sustainable development and cli-
mate mitigation objectives (Mentel et al., 2022; 
Alvarado et al., 2022; Radulescu et al., 2025).

Recent studies have emphasized that the tran-
sition toward renewable energy was shaped by 
a complex combination of socioeconomic in-
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equality, environmental pressure, and institu-
tional quality. Mehmood et al. (2022) found that 
income inequality played an important role in 
renewable energy consumption, showing that 
more equal income distribution increased re-
newable energy use, while higher CO₂ emis-
sions were associated with greater adoption due 
to environmental pressure. Similarly, Eyuboglu 
and Uzar (2025) showed that income inequality 
negatively affected renewable energy consump-
tion in Italy, whereas economic growth support-
ed adoption, suggesting that development pro-
cesses can both facilitate and hinder the energy 
transition depending on structural conditions. 
At the firm level, evidence from emerging econ-
omies indicated that environmental orientation, 
institutional support, and access to finance were 
more influential in driving renewable energy 
adoption than direct cost considerations (Abir 
et al., 2026). Institutional quality and policy 
stability were also consistently identified as key 
enabling factors that encouraged investment 
in renewable energy technologies. Pandey et al. 
(2025) further highlighted that renewable ener-
gy adoption is determined by an integrated set 
of economic, technological, policy, and socio-
cultural factors, while barriers such as financial 
constraints, infrastructure limitations, and pol-
icy uncertainty slow down its diffusion. 

The literature generally indicates that renewable 
energy consumption is shaped by a complex in-
terplay of socioeconomic, environmental, and 
structural factors rather than being driven sole-
ly by economic growth or environmental degra-
dation. However, relatively few studies simulta-
neously examine economic growth, human cap-
ital, and carbon emissions within a unified ana-
lytical framework, particularly in developing 
country contexts such as Azerbaijan. This limi-
tation is further reflected in the scarce applica-
tion of machine learning approaches, where evi-
dence on nonlinear relationships and predictive 
modeling of renewable energy determinants 
in Azerbaijan remains limited. Therefore, the 
present study addresses this gap by investigat-
ing the effects of economic growth, human capi-
tal, and carbon emissions on renewable energy 
consumption in Azerbaijan using an advanced 
machine learning framework. Accordingly, this 
study aims to investigate the relative and po-

tentially nonlinear contributions of economic 
growth, human development, CO₂ emissions, 
and urbanization to renewable energy con-
sumption in Azerbaijan using an interpretable 
XGBoost–SHAP framework.

2. METHOD

The empirical analysis investigates the influence 
of economic growth, human capital, carbon emis-
sions, and urbanization on renewable energy con-
sumption (REC) in Azerbaijan. The key variables 
included in the analysis are defined as follows. 

REC (Renewable Energy Consumption) is mea-
sured as the proportion of renewable energy in to-
tal energy consumption, capturing the adoption of 
sustainable energy sources in Azerbaijan. Data are 
sourced from the World Bank (2026) and SSCRA 
(2026). ECG (Economic Growth) is represented by 
the annual percentage growth of real GDP, reflect-
ing overall economic activity and its potential influ-
ence on energy demand. HDI (Human Development 
Index) is a composite indicator of health, education, 
and standard of living, serving as a proxy for hu-
man capital, which affects the population’s capac-
ity to adopt renewable energy technologies (UNDP, 
2022). CO₂ (Per Capita Carbon Emissions) is mea-
sured in metric tons per person, representing en-
vironmental pressures associated with energy use 
and industrial activity (Worldometers, 2026). UPG 
(Urban Population Growth) is annual percentage 
change in urban population, reflecting urbaniza-
tion trends that influence energy consumption 
patterns and infrastructure development (SSCRA, 
2026; UNDP, 2026).

These variables collectively capture the economic, 
human, and environmental dimensions hypoth-
esized to drive renewable energy consumption in 
Azerbaijan. The dataset consists of annual time-se-
ries observations for Azerbaijan covering the peri-
od 2001–2022, providing a total of 22 observations 
for all selected variables. The variables are col-
lected from internationally recognized databases 
and capture the economic, human, demographic, 
and environmental dimensions hypothesized to 
be associated with renewable energy consump-
tion. Given the relatively limited sample size, the 
machine learning framework is applied primarily 
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as an exploratory analytical approach intended to 
identify potential nonlinear associations rather 
than to establish robust predictive inference.

Figure 1 presents a bar chart depicting the tempo-
ral dynamics of five variables over a 22-year peri-
od. Among them, economic growth (ECG) exhib-
its the greatest volatility, with a pronounced peak 
between 2005 and 2007, followed by intermittent 
negative deviations. In contrast, renewable energy 
consumption (REC), Human Development Index 
(HDI), per capita CO₂ emissions (CO2), and urban 
population growth (UPG) remain relatively stable, 
maintaining values near the baseline throughout 
the period. Overall, the trends suggest that while 
most indicators demonstrate consistency over 
time, ECG experienced a distinct expansion phase 
in the mid-2000s before stabilizing at a lower level.

Table 1 presents the descriptive statistics for the 
analyzed variables. ECG emerges as the most vola-
tile variable, exhibiting the highest mean (7.83), a 
substantial standard deviation (9.70), and a wide 
range from −4.19 to 34.47. Jarque–Bera tests indi-
cate that REC, HDI, CO₂, and UPG are normally 
distributed (p > 0.05), whereas ECG significantly 
deviates from normality (p = 0.01). In contrast, the 
Human Development Index (HDI) is the most sta-
ble variable, characterized by the lowest standard 
deviation (0.04).

This study employs a machine learning-based ap-
proach to investigate the influence of economic 
growth, human capital, carbon emissions, and 
urban population growth on renewable energy 
consumption (REC) in Azerbaijan. Specifically, 
Extreme Gradient Boosting (XGBoost) is used as 

Figure 1. Time-series dynamics of selected indicators
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Table 1. Descriptive overview of selected variables

Statistic REC ECG HDI CO2 UPG

Mean 2.5173 7.8288 0.7179 3.5145 1.5215

Median 2.4 5.61644 0.733 3.5269 1.4796

Maximum 4.4 34.4662 0.762 3.8875 2.4780

Minimum 1.3 –4.1989 0.635 2.9417 0.7310

Std. Dev. 0.8348 9.7026 0.0400 0.2126 0.4002

Skewness 0.3984 1.3848 –0.8233 –0.8975 0.7093

Kurtosis 2.3612 4.3827 2.3064 3.8928 3.8879

Jarque–Bera 0.9995 9.1840 3.0595 3.8522 2.6844

Probability 0.6066 0.0101 0.2165 0.1457 0.2612
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the primary predictive model due to its robustness 
in handling nonlinear relationships, multicol-
linearity, and complex interactions among vari-
ables. To interpret the model outputs and quan-
tify the contribution of each predictor, Shapley 
Additive Explanations (SHAP) analysis is applied, 
providing a transparent framework for feature im-
portance and facilitating policy-relevant insights.

XGBoost is an ensemble learning algorithm based 
on gradient-boosted decision trees, which itera-
tively fits regression trees to the residuals of previ-
ous models to minimize a specified loss function. 
The objective function in XGBoost combines a 
loss term L that measures the predictive accuracy 
and a regularization term Ω that penalizes model 
complexity to prevent overfitting:

( ) { }
{ } ( )

{ }
{ } ( ), 

1 1
    , 

i i kn L y y K f

i k
Obj θ

Ω

= =
= +∑ ∑



 (1)

where y
i
 represents the observed values, ŷ

i
 is the 

predicted values, f
k
 is the individual trees, and K 

is the total number of trees in the ensemble (Chen 
& Guestrin, 2016). The regularization term Ω(f) is 
defined as: 
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where T denotes the number of leaves in a tree, w
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represents the leaf weights, and γ and λ are regu-
larization parameters controlling model complex-
ity and penalization, respectively.

While XGBoost provides high predictive accu-
racy, interpreting complex tree ensembles can be 
challenging. To address this, Shapley Additive 
Explanations (SHAP) are applied, which decom-
pose model predictions into additive contribu-
tions of each feature based on cooperative game 
theory. For a given instance x, the SHAP value ϕ

i
 

for feature i is calculated as:
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where F denotes the set of all features, S is a sub-
set of features excluding i, fS(xS) represents the 
model prediction using only the subset S, and ϕ

i
 

measures the marginal contribution of feature i 
to the prediction (Lundberg & Lee, 2017). SHAP 
values allow identification of the most influential 
determinants of REC and provide an interpretable 
ranking of economic, human, and environmental 
factors.

Given the relatively small sample size of 22 annu-
al observations, the machine learning framework 
is applied as an exploratory nonlinear analytical 
tool rather than a predictive forecasting model. 
The objective is not to establish highly generaliz-
able predictive performance, but rather to identify 
potential nonlinear associations and variable in-
teraction patterns. Consequently, model perfor-
mance metrics should be interpreted cautiously, as 
small-sample machine learning applications may 
produce unstable estimates sensitive to sample 
partitioning and model specification choices.

3. RESULTS

Figure 2 illustrates the correlation patterns among 
renewable energy consumption (REC) and key 
socioeconomic and environmental variables. A 
strong negative association is observed between 
REC and CO₂ emissions (−0.55), indicating that 
higher emission levels are generally linked to low-
er renewable energy adoption. Economic growth 
(ECG) shows a moderate positive correlation with 
REC (+0.45), suggesting that increasing energy 
demand is partly met through renewable sourc-
es. Furthermore, the Human Development Index 
(HDI) correlates positively with urban population 
growth (+0.35) but negatively with ECG (−0.47), 
highlighting the complex interplay between socio-
economic development, urbanization, and energy 
consumption dynamics.

Table 2 reveals that the model achieves a high level 
of explanatory power, indicating that most of the 
variation in renewable energy consumption is ef-
fectively captured. Despite the modest prediction 
deviations, the results suggest that the model suc-
cessfully identifies the complex, nonlinear rela-
tionships between the predictors and renewable 
energy outcomes.

Table 3 presents feature importance based on the 
XGBoost gain metric, which measures each pre-
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dictor’s contribution to reducing model error dur-
ing the tree-building process. According to this 
criterion, HDI demonstrates the highest impor-
tance score (0.34), indicating that human devel-

opment contributes most strongly to model opti-
mization. Economic growth (ECG) ranks second 
(0.28), followed by CO₂ emissions (0.22) and ur-
ban population growth (UPG = 0.16). These re-

Figure 2. Correlation of renewable energy and socioeconomic variables

Table 2. XGBoost model performance metrics

Metric Value Interpretation

R² 0.81
81% of the variation in renewable energy consumption is explained by the model, indicating strong 
predictive ability.

RMSE 1.18 Average deviation of predicted values from actual REC is moderate, showing good model fit.
MAE 1.04 Mean absolute error confirms moderate predictive accuracy.

MAPE 0.74
Relative prediction error; high percentage due to small scale of REC values, but absolute errors (RMSE, 
MAE) are more informative.

Note: The results demonstrate the model’s ability to capture complex, nonlinear influences of economic, demographic, and 
environmental factors on renewable energy consumption.

Table 3. Feature importance (XGBoost gain)

Feature
Importance 

(Gain)
Interpretation

HDI 0.34 Highest impact; higher human development facilitates renewable energy adoption.
ECG 0.28 Strong influence; economic growth enables investment in renewable energy.
CO2 0.22 Moderate impact; higher emissions can trigger policy-driven renewable energy adoption.

UPG 0.16
Small but positive contribution; urbanization increases energy demand and indirectly promotes 
renewable energy.

Note: Gain reflects each feature’s contribution to error reduction, with HDI and GDP growth showing the strongest influence 
on renewable energy adoption.
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sults specifically reflect tree-based optimization 
importance and should be interpreted indepen-
dently from alternative explainability frameworks 
such as SHAP analysis.

Figure 3 illustrates the internal feature impor-
tance distribution generated by the XGBoost mod-
el based on split contribution patterns during tree 
construction. Unlike the aggregated gain values 
reported in Table 3, this visualization reflects the 
relative contribution of variables through model-
specific decision-tree splitting behavior. In this 
representation, CO₂ emissions appear visually 
dominant, followed by HDI, while ECG and UPG 
demonstrate comparatively smaller contributions. 
Since this measure reflects internal model struc-
ture rather than global predictive contribution, 
the ranking should be interpreted separately from 
both gain-based importance and SHAP-based fea-
ture attribution.

The SHAP summary plot in Figure 4 provides a 
global interpretability framework by measuring 
the average marginal contribution of each feature 
to individual model predictions. Under this ap-
proach, HDI demonstrates the highest mean ab-
solute SHAP value (0.306), followed closely by CO₂ 
emissions (0.282), indicating that these two vari-
ables contribute most substantially to prediction 
variability across observations. Unlike XGBoost 

gain metrics, SHAP values capture observation-
level predictive influence rather than tree-con-
struction importance, and therefore ranking dif-
ferences across methods are expected.

The variation between XGBoost and SHAP impor-
tance rankings is expected because XGBoost mea-
sures feature contribution based on tree-splitting 
optimization during model training, while SHAP 
quantifies the average marginal effect of each vari-
able on prediction outcomes, thereby capturing 
different dimensions of variable importance with-
in the same nonlinear model. The three feature 
importance approaches applied in this study cap-
ture different dimensions of predictor relevance. 
XGBoost gain (Table 3) measures each variable’s 
contribution to reducing prediction error dur-
ing tree optimization and identifies HDI as the 
highest-ranked predictor. The XGBoost internal 
feature importance visualization (Figure 3) re-
flects split-based contribution patterns, where CO₂ 
appears visually dominant. In contrast, SHAP 
analysis (Figure 4) evaluates the average marginal 
contribution of variables to individual predictions 
and indicates that HDI (0.306) slightly exceeds 
CO₂ (0.282). Because these methods quantify dif-
ferent aspects of model behavior, their ranking 
structures do not necessarily coincide and should 
be interpreted as complementary rather than con-
tradictory evidence.

Figure 3. XGBoost feature importance of renewable energy factors
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Figure 5 visually depicts the numerical distri-
bution of SHAP values, highlighting the het-
erogeneous impacts of individual features on 
renewable energy consumption. Per capita CO₂ 
exhibits substantial variance of nearly 0.5 units, 
indicating a strong yet uneven suppressive effect 
across different national contexts. The Human 
Development Index (HDI) shows the widest 
positive range, with SHAP values reaching up 
to +0.4, reaffirming its consistent role as a struc-
tural driver of renewable energy adoption. In 
contrast, GDP growth displays a narrow clus-
tering around ±0.1, suggesting episodic, con-
text-dependent influences rather than systemic 
effects. Urban population growth remains con-
centrated near zero, with deviations below 0.1, 
underscoring its limited explanatory contribu-
tion within the predictive model.

4. DISCUSSION

The machine learning analysis provides prelimi-
nary exploratory evidence regarding possible non-
linear associations between renewable energy con-
sumption and the selected socioeconomic and en-
vironmental variables in Azerbaijan. Rather than 
establishing robust predictive relationships, the 
findings should be interpreted as identifying po-
tential structural patterns that may warrant fur-
ther investigation using larger datasets and alter-
native empirical frameworks.

The analysis provides exploratory evidence on 
the relationships between renewable energy con-
sumption (REC) and its potential determinants in 
Azerbaijan. The XGBoost and SHAP results sug-
gest that the Human Development Index (HDI) is 

Figure 4. SHAP feature importance of renewable energy predictors
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the most influential variable in the model, which 
may indicate that education, institutional capac-
ity, and technological readiness are closely asso-
ciated with renewable energy consumption. This 
interpretation is broadly consistent with Hasanov 
et al. (2024), who reported that improvements 
in HDI were linked to reductions in CO₂ emis-
sions, implying that human capital development 
may play an important role in supporting envi-
ronmental sustainability and broader economic 
transformation.

Per capita CO₂ emissions also show a meaning-
ful association with renewable energy consump-
tion, suggesting that higher emission levels may 
be linked with increased attention to renewable 

energy adoption, potentially reflecting policy re-
sponsiveness to environmental pressure. However, 
this relationship should be interpreted cautiously, 
as the small sample size limits the ability to draw 
strong conclusions about directionality or causal-
ity. GDP growth exhibits a nonlinear and context-
dependent pattern, implying that its relationship 
with renewable energy consumption may vary 
across different phases of economic development 
and structural conditions. Urban population 
growth shows a relatively weaker but generally 
positive association with renewable energy con-
sumption, which may reflect changes in energy 
demand patterns and infrastructure development 
in more urbanized settings. Nevertheless, all find-
ings should be considered exploratory due to the 

 

 

Figure 5. SHAP value distribution of features
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limited dataset of approximately 22 annual obser-
vations, which restricts statistical robustness and 
generalizability. Accordingly, the machine learn-
ing results are used primarily to identify potential 
patterns and associations rather than to provide 
definitive evidence of causal relationships or pol-
icy effects.

The empirical findings of this study aligned with 
the growing body of literature suggesting that re-
newable energy systems had become central ele-
ments of low-carbon transitions, where socioeco-
nomic and environmental drivers jointly shaped 
adoption dynamics. Consistent with Sumon et 
al. (2024), the results confirmed that machine 
learning approaches, particularly ensemble-based 
models such as XGBoost, effectively capture com-
plex nonlinear relationships between renewable 
energy systems and environmental outcomes, out-
performing traditional econometric methods in 
both predictive accuracy and interpretability. The 
strong influence of human development observed 
in this study was also in line with Magazzino et 
al. (2025), who emphasized that socioeconomic 
capacity and structural development factors signif-
icantly shaped environmental performance and 
energy transition pathways. Moreover, the posi-
tive role of CO₂ emissions in stimulating renew-
able energy adoption supported the environmental 
pressure hypothesis, indicating that higher emis-
sion levels act as a catalyst for policy responses and 
clean energy investment. In contrast to studies 
that highlighted economic growth as a dominant 
driver, the present findings revealed a nonlinear, 
context-dependent effect of GDP, suggesting that 
economic expansion alone did not guarantee re-
newable energy uptake without complementary 
human capital and institutional support. Together 

with Zhao et al. (2024), these results reinforce the 
view that renewable energy expansion is a multi-
dimensional process driven by the interaction of 
environmental pressures, socioeconomic develop-
ment, and structural conditions, and that machine 
learning methods provide a robust framework for 
capturing these complex relationships.

Integrating machine learning and AI-based ap-
proaches provided additional insights beyond tra-
ditional econometric models. Dong et al. (2025) 
and Khan et al. (2025) demonstrated that interpre-
table machine learning and artificial intelligence 
revealed complex, nonlinear, and interactive re-
lationships among economic, demographic, tech-
nological, and environmental factors affecting 
carbon emissions. These approaches highlighted 
that human capital, renewable energy, and clean 
energy adoption interacted synergistically to miti-
gate emissions, while structural variables such as 
industrial composition, population density, and 
economic development exhibited threshold-de-
pendent effects. For Azerbaijan, these findings 
indicated that policies targeting human develop-
ment, urbanization, and emissions management 
needed to be designed in an integrated manner, 
leveraging both economic and technological le-
vers to optimize renewable energy adoption and 
promote sustainable development.

Overall, the combined evidence from traditional 
econometric and machine learning analyses high-
lighted the importance of adopting multidimen-
sional, context-specific strategies, where invest-
ments in human development, regulatory frame-
works, and technological innovation collectively 
drove the transition toward a low-carbon, sustain-
able energy system.

CONCLUSION

The aim of this study was to investigate the relative and potentially nonlinear contributions of human develop-
ment, economic growth, CO₂ emissions, and urbanization to renewable energy consumption in Azerbaijan 
using an interpretable XGBoost–SHAP framework. The empirical analysis provides exploratory evidence 
on the relationships between renewable energy consumption (REC) and key socioeconomic and environ-
mental factors in Azerbaijan. The results suggest that human development (HDI) is consistently associated 
with higher levels of renewable energy consumption across the machine learning framework, indicating that 
improvements in education, health, and institutional capacity may be linked to more favorable conditions for 
renewable energy adoption. However, this relationship should be interpreted as an association rather than a 
definitive ranking of importance, given differences across model interpretability measures.
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CO₂ emissions and GDP growth also appear to play relevant roles in explaining variations in REC, al-
though their effects are less stable across different importance metrics. In particular, CO₂ emissions 
show a heterogeneous relationship with renewable energy consumption, which may reflect complex in-
teractions within the energy-environment system rather than a simple directional effect. Similarly, GDP 
growth exhibits a context-dependent pattern, suggesting that its association with renewable energy con-
sumption may vary across different economic conditions. Urban population growth demonstrates a 
comparatively weaker relationship with renewable energy consumption, indicating that demographic 
change alone may not be a dominant factor in explaining renewable energy dynamics in the Azerbaijani 
context. Overall, the results highlight that renewable energy consumption is likely shaped by a combi-
nation of human development, economic conditions, and environmental factors. However, the relative 
importance of these drivers differs across modeling approaches.

The findings are based on a limited dataset of approximately 22 annual observations and should there-
fore be interpreted as exploratory and hypothesis-generating rather than confirmatory evidence. The 
use of XGBoost and SHAP provides useful insights into potential nonlinear relationships and variable 
interactions; however, the results do not establish causal relationships or definitive predictor rankings. 
Future research with longer time series or panel data is required to validate these patterns and to further 
investigate the underlying mechanisms linking socioeconomic development, environmental pressure, 
and renewable energy consumption in Azerbaijan and comparable economies.
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