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Abstract: Effective management of freshwater resources in agriculture is essential for ensuring sustainable
economic development and environmental resilience, particularly in transitional economies such as Azerbaijan.
Over the period 2000-2021, agricultural land area in Azerbaijan exhibited a steady increase, while the sector’s
contribution to GDP declined, indicating structural transformation and potential inefficiencies in resource
utilization. This study investigates the nonlinear effects of agricultural land use and agricultural value added on
freshwater withdrawals using an interpretable machine learning framework. Specifically, Extreme Gradient
Boosting (XGBoost) is employed to model complex relationships, while Shapley Additive Explanations (SHAP)
quantify feature importance and elucidate threshold and asymmetric effects. The analysis draws on annual country-
level data integrating national and international statistics to ensure temporal consistency and comparability. Results
indicate that agricultural land area constitutes the dominant driver of freshwater withdrawals, contributing 57% of
the model’s predictive gain, whereas agricultural value added accounts for 43%. SHAP dependence plots reveal
pronounced nonlinearities: moderate land expansion exacerbates freshwater stress, whereas allocations beyond a
critical threshold mitigate pressure, reflecting potential efficiency gains at scale. Agricultural value added exhibits
a U-shaped relationship, wherein both low and high productivity levels are associated with increased freshwater
use, while intermediate productivity generates the greatest negative impact. The XGBoost model achieves
substantial predictive performance (Coefficient of Determination (R =0.78, Root Mean Squared Error (RMSE)
=0.806, Mean Absolute Percentage Error (MAPE) = 0.86%), demonstrating its capacity to capture heterogeneous,
nonlinear dynamics that linear models fail to detect. The robustness of the model was further assessed using Leave-
One-Out Cross-Validation (LOOCYV) to evaluate its out-of-sample predictive performance and mitigate potential
overfitting arising from the limited sample size. These findings underscore the necessity of adaptive water
management strategies that incorporate scale-dependent effects and productivity heterogeneity. Policies
optimizing land allocation and promoting efficient agricultural practices can enhance water-use efficiency while
sustaining sectoral output. The study highlights the value of interpretable machine learning in advancing empirical
understanding of the water—agriculture nexus under conditions of structural economic change.

Keywords: Sustainabiliy; Agriculture; Freshwater; Land; Agricultural value added; Machine learning; XGBoost;
SHAP analysis

1. Introduction

Freshwater resources are vital for sustaining agricultural productivity, ensuring food security, supporting
industrial and economic development, and maintaining ecological balance by preserving biodiversity and the
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integrity of natural ecosystems (Khondoker et al., 2023). Although agricultural land area has grown over the past
two decades, the sector’s declining contribution to GDP highlights inefficiencies and underscores the need to
understand the complex interactions between land allocation, productivity, and water demand (Niftiyev, 2020).

Water resources management has emerged as a critical global challenge, as climate change—induced pressures
on freshwater availability increasingly threaten environmental sustainability and socioeconomic stability.
Recognized as a national strategic priority in many countries, water governance is formally embedded in
Sustainable Development Goal 6 of the United Nations Sustainable Development Goals, which emphasizes the
efficient, sustainable, and inclusive management of water resources (United Nations, 2015). In this context,
Azerbaijan faces acute water stress, with a long-term average Water Exploitation Index exceeding 52.7% and
peaking at 78% in 2019, while agriculture and irrigation dominate water use, accounting for over 90% of total
withdrawals. Moreover, between 2000 and 2019, total water abstraction increased by 15% despite a 30.4%
reduction in renewable water resources, intensifying reliance on surface water and resulting in a fourfold expansion
in groundwater utilization (METEQ, 2022). Agriculture represents the largest global demand on freshwater
resources, utilizing nearly 70% of the world’s total freshwater withdrawals, which underscores its central role in
water resource management and the critical need for sustainable irrigation practices (Azertag, 2023).

Efficient utilization of agricultural land is essential for sustainable food security and rural development, yet in
Azerbaijan, substantial gaps between potential and actual land productivity persist due to ecological degradation,
institutional fragmentation, and outdated management systems. Although 59.2% of Azerbaijan's territory is
classified as agricultural land, only 30% to 65% of its productive potential is realized, with the greatest spatial
disparities occurring in the Kura—Araz lowland and foothill plains, where salinization, erosion, and inadequate
irrigation limit crop yields (CEIC, 2021; Valiyev et al., 2025). A core principle of sustainable development is
adherence to environmental regulations alongside the efficient utilization of natural resources. In this context, the
strategic development of the agricultural sector is particularly significant, as its performance is directly contingent
on the availability of freshwater resources. While the study of water use in agriculture is globally important,
empirical research in Azerbaijan remains limited.

The analysis is based on a limited set of variables due to data availability constraints, so it does not fully capture
all key drivers of freshwater withdrawals such as climate, population, technology, and governance factors.
Therefore, the results should be understood as conditional relationships rather than complete causal effects, and
future studies could improve robustness by including these additional determinants.

Traditional linear econometric techniques, including OLS (Ordinary Least Squares) and ARDL (Autoregressive
Distributed Lag), are constrained in their ability to capture nonlinear interactions and heterogeneous effects,
whereas interpretable machine learning approaches provide a powerful alternative for modeling complex
relationships. This study utilizes an Al-driven machine learning framework to examine the nonlinear influences
of agricultural land use and value added on freshwater withdrawals, uncovering threshold behaviors and
quantifying the relative contribution of key factors, thereby offering actionable insights for evidence-based water
management amid structural economic transformation.

2. Literature Review

Previous research has underscored the critical interconnection between agricultural management, water resource
utilization, and food security. Sarwar (2025) highlighted the significance of agricultural value-added and the
strategic management of water reservoirs in strengthening food security in the United States, demonstrating that
economic growth, land-use practices, and technological innovations collectively supported a stable food supply.
In a complementary study, Eslamifar et al. (2024) applied system dynamics modeling to assess a fallowing strategy
in the Mesilla—Rincon Valley, revealing that temporarily leaving cropland fallow markedly reduced surface and
groundwater withdrawals for cotton, alfalfa/hay, and Chile, with only marginal reductions in agricultural income.
Similarly, Li et al. (2020) proposed a comprehensive optimization framework for allocating agricultural water and
land under uncertainty, effectively reconciling economic, environmental, and social objectives while accounting
for non-linearities and fuzzy uncertainties to facilitate sustainable resource management. Collectively, these
studies demonstrated that the integration of economic, environmental, and technological strategies with deliberate
water and land-use planning is essential for advancing sustainability and conserving resources without
substantially undermining agricultural productivity.

In recent years, Al-driven machine learning approaches have become increasingly central to environmental and
resource management research, offering advanced capabilities to capture complex, nonlinear, and threshold
interactions among ecological, climatic, and anthropogenic factors. Studies in China have demonstrated the
effectiveness of these approaches in diverse contexts: Zhou et al. (2024) revealed that land use changes,
particularly the conversion of cropland to construction land, along with variations in rainfall and sunshine duration,
significantly influenced habitat quality, soil retention, water yield, and carbon fixation in the Karst region, with
Extreme Gradient Boosting—Shapley Additive Explanations (XGBoost-SHAP) models identifying critical
nonlinear and threshold effects to inform ecological conservation strategies. Similarly, Li et al. (2025) applied the
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same interpretable machine learning framework to assess seasonal water quality in Tai Lake Basin, highlighting
dissolved oxygen, total phosphorus, permanganate index (CODwn,), and ammonia nitrogen as key determinants
with distinct seasonal impacts, offering actionable guidance for freshwater management. Complementing these
ecosystem-focused studies, Wu et al. (2025) demonstrated that environmental regulation significantly enhanced
urban ecological resilience in the Yangtze River Delta once regulatory intensity exceeded 0.8%, with additional
synergistic effects from industrial structure, urbanization, and public investment, and XGBoost-SHAP effectively
elucidated the nonlinear and interactive mechanisms underlying these outcomes. Collectively, these findings
underscore the growing value of interpretable machine learning in capturing the complex dynamics of ecosystem
services, water quality, and urban resilience, providing robust empirical evidence to guide sustainable resource
management and policy development across diverse environmental contexts in China.

Recent studies highlighted the use of machine learning and explainable Al to analyze complex interactions
between human activities, climate variability, and water or ecosystem resources, providing actionable insights for
sustainable management. Applications included assessing groundwater drought responses, long-term river
discharge, and dietary water footprints, with key drivers such as land use, climate teleconnections, socioeconomic
factors, and demographic attributes identified to guide targeted interventions (Banda et al., 2025; Huang et al.,
2025; Poursaeid, 2025). Nevertheless, the application of machine learning—based modeling to the analysis of water
management and sustainable agricultural systems in Azerbaijan has remained largely underexplored, indicating a
notable gap in the existing literature. Accordingly, this article sought to bridge this gap by applying advanced
machine learning techniques to examine the complex interrelationships among water resources, agricultural
activities, and environmental factors within the Azerbaijani context.

3. Data and Methodology
3.1 Data Formation

The study employs annual country-level data for Azerbaijan spanning 2000-2021, integrating both national
statistics and international indicators to ensure consistency, coverage, and comparability over time. The dataset
links freshwater withdrawals in agriculture with measures of agricultural land area and sectoral value added,
facilitating an examination of the interplay between physical land expansion, economic performance, and water
use dynamics throughout the study period.

The variables and their measurement are as follows:

o Dependent variable: Freshwater withdrawals (FR_WATER) in agriculture. This represents the total annual
volume of freshwater extracted for agricultural purposes and serves as the primary outcome for prediction
and interpretation of sector-level water use trends.

e Independent variable: Agricultural land use (AGR_LAND). Defined as the proportion of total land area
designated for agriculture, this series exhibits low variability and approximates a normal distribution,
indicating relative structural stability in land utilization over time.

e Independent variable: Agricultural value added (AGR_VA). Capturing the sectoral contribution of
agriculture, forestry, and fishing, AGR_VA is measured either in national currency or constant-price 2015
USD, depending on data harmonization. The series is right-skewed with higher dispersion than
AGR_LAND, reflecting greater volatility in sectoral performance. AGR_VA is measured in constant prices
to ensure temporal comparability and to eliminate distortions arising from inflationary pressures and price-
level fluctuations over the study period (2000-2021). This adjustment allows for a more consistent
assessment of real sectoral performance and its relationship with freshwater withdrawals.

The dataset primarily draws on the World Bank (World Bank Group, 2025) and the State Statistical Committee
of the Republic of Azerbaijan (SSCRA, 2025), combining these sources to ensure comprehensive coverage and
cross-temporal comparability of agricultural and water-use indicators.

The analysis is constrained by a small sample size of 22 annual observations, which limits the suitability of
machine learning methods for strong predictive performance. Accordingly, XGBoost is used mainly to identify
nonlinear patterns within the observed data, and the results are interpreted cautiously without extending them to
broad out-of-sample generalizations.

Figure 1 illustrates the temporal trends in agricultural land use, freshwater withdrawals, and sectoral GDP
contribution. The analysis indicates a steady increase in agricultural land area alongside a fluctuating but overall
rising dependence on freshwater, reflecting intensifying resource utilization over the twenty-year period. In
contrast, the declining share of agriculture, forestry, and fishing in total GDP highlights a structural transformation,
where sectoral value-added has contracted despite continued physical expansion in agricultural activities.

Although the STROBE reporting checklist is not formally applied in this study, the reporting of data sources,
variable construction, and data preprocessing procedures is aligned with its core principles of transparency and
reproducibility (Von Elm et al., 2007). This approach ensures that the process of dataset construction is clearly
documented and can be readily traced. As a result, methodological transparency is strengthened, enhancing the
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overall clarity and credibility of the observational econometric and machine learning framework employed.
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Figure 1. Trends in agricultural land use, freshwater withdrawals, and sectoral contribution to GDP (2000-

2021)

3.2. Methods

This study adopts a machine learning framework to investigate the nonlinear impacts of AGR_LAND and
AGR_VA on freshwater withdrawals within Azerbaijan’s agricultural sector. The modeling strategy combines
XGBoost with SHAP. XGBoost, introduced by Chen & Guestrin (2016), is a scalable, regularized gradient
boosting algorithm known for its high predictive performance, while SHAP, developed by Lundberg & Lee (2017),

provides consistent and locally accurate feature attributions based on cooperative game theory principles.
The analysis follows a structured workflow:

e Data preprocessing: The dataset undergoes cleaning, normalization, and imputation to address missing

values and ensure data quality.

e Model training: AGR_LAND and AGR_VA are used as input features, while FR_WATER is defined as

the target variable for model training.

e Performance evaluation: Model performance is assessed using standard metrics, including Root Mean
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Squared Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R¥, and Mean
Absolute Percentage Error (MAPE).

e Model interpretation: SHAP values are computed to quantify the relative importance of predictors and to

visualize their nonlinear effects through summary and dependence plots.

This approach enables a rigorous, data-driven assessment of how land use patterns and sectoral performance
influence agricultural water demand, capturing both linear and nonlinear interactions. The XGBoost algorithm
seeks to minimize a regularized objective function that integrates both the model’s training loss and a complexity
penalty, thereby controlling overfitting. Formally, this objective can be expressed as:

0bj(6) = T4 9) + Tt (i) ()
2(f) =T + (5) Alwl|* 0

In this context, I(y;,¥;) represents the loss function for the i observation, f, denotes the k decision tree in the
ensemble, T is the total number of leaves within a tree, and www is the vector of weights assigned to each leaf.
The parameters y and 4 serve as regularization terms that penalize model complexity to reduce overfitting. SHAP
values are based on Shapley’s cooperative game theory (Shapley, 1953) and adapted for machine learning to
quantify the contribution of each feature to individual predictions. For a given feature iii, the SHAP value is
calculated as:
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where, M denotes the total number of features in the dataset, S represents a subset of features that excludes the i
feature, and f(S) corresponds to the model’s prediction when only the features in subset S are used.

SHAP values are computed for interpretability purposes using the full dataset. They are not used for predictive
validation, which is instead conducted using LOOCV (Leave-One-Out Cross-Validation). LOOCV is applied to
evaluate the out-of-sample predictive performance of the XGBoost model given the limited sample size. This
approach ensures that each observation was sequentially used as a validation point, thereby providing a robust
assessment of model stability and reducing the risk of overfitting in a small-sample setting.

4, Results

The correlation results in Table 1 reveal a strong negative relationship between agricultural land use and
agricultural value added, indicating that increases in cultivated land are associated with lower productivity
intensity during the study period. This marked interdependence points to underlying structural trade-offs and
underscores the suitability of nonlinear modeling frameworks, as conventional linear specifications may be
inadequate for capturing such complex dynamics.

Table 1. Covariance and correlation matrix (20002021, n = 22)

Variables AGR_LAND AGR VA
Panel A: Covariance
AGR_LAND 0.018172 —0.368897
AGR_VA —0.368897 11.80199
Panel B: Correlation
AGR_LAND 1.000000 —0.796583
AGR_VA —0.796583 1.000000
Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA)

Table 2 indicates that the XGBoost model exhibits robust predictive capability, accounting for nearly 78% of
the variability in freshwater resources. The model’s low RMSE and MAE values reflect minimal prediction error,
while a MAPE below 1% underscores both high accuracy and stability. Notably, achieving an R=»f approximately
0.78 with only two predictors and 22 observations highlights the model’s remarkable explanatory power within
this dataset.

Table 3 and Figure 2 present the feature importance analysis, quantifying the relative contribution of each
agricultural variable to the model’s predictive performance. The results demonstrate that agricultural land area is
the most influential predictor of the target outcome, surpassing agricultural value added in terms of information
gain during the decision-tree splitting process.
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Table 2. Model performance

Metric  Value Interpretation
RMSE 0.806 Low prediction error relative to the scale of freshwater
MAE  0.780 Stable average absolute deviation
R= 0.783  Strong explanatory power for a nonlinear machine learning model
MAPE  0.86% Excellent predictive accuracy

Note: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Coefficient of Determination (RS, Mean Absolute Percentage Error (MAPE)

Table 3. Feature importance

Variable Gain  Frequency
AGR_LAND 0.569 0.490
AGR_VA 0.431 0.510
Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA)

agr_land

agr_va

w
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Figure 2. Feature importance of predictors in the XGBoost test dataset
Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA); Extreme Gradient Boosting (XGBoost)
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Figure 3. SHAP summary plot of agricultural predictors on freshwater resources
Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA); Shapley Additive Explanations (SHAP)
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Figure 3 presents the SHAP summary plot, showing that both AGR_VA and AGR_LAND have substantial and
roughly comparable impacts on the predicted freshwater resources. AGR_VA exhibits a slightly higher mean
absolute SHAP value, indicating marginally greater overall importance. The color gradient illustrates that higher
values of both variables are generally associated with positive SHAP contributions, suggesting that increases in
agricultural value added and land area tend to elevate the model’s predicted freshwater withdrawals. The spread
of SHAP values around zero highlights heterogeneous and nonlinear effects, indicating that the influence of
agricultural activity on freshwater resources varies across observations rather than being uniform. The SHAP
summary plot represents global feature attribution across the full dataset rather than a train—test split.

Figure 4 presents the SHAP dependence plots for AGR_LAND and AGR_VA, revealing pronounced nonlinear
relationships with freshwater resources. For AGR_LAND, moderate land area is initially associated with a
decrease in predicted freshwater withdrawals, whereas values beyond a threshold correspond to positive effects,
indicating potential land-use tipping points. This pattern suggests that limited agricultural expansion may intensify
pressure on freshwater systems, while larger land allocations may enhance water outcomes, possibly through more
efficient management. The dependence plot for AGR_VA exhibits a U-shaped relationship, with both low and
high levels contributing positively to freshwater resources, whereas intermediate productivity levels produce the
most negative impact. These nonlinear trajectories emphasize the complex adjustment mechanisms in the water—
agriculture nexus, highlighting the limitations of linear models in capturing threshold and rebound effects.

o
.

SHAP value for agr_land

576
agr_land

)

SHAP value for agr_va

50 75 10.0 125 15.0
agr_va

Figure 4. Nonlinear effects of agricultural land use and agricultural value added on model outcomes: A Shapley

Additive Explanations (SHAP)-based dependence analysis
Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA)
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Feature importance analysis demonstrates that agricultural land use represents the primary driver of freshwater
resource predictions, with agricultural value added remaining influential but secondary. The high frequency of
both variables across decision trees indicates their consistent contribution to model performance. SHAP summary
results further reveal that variations in AGR_LAND exert the strongest global effect on freshwater withdrawals,
while AGR_VA provides a secondary yet notable impact, with the dispersion of SHAP values highlighting
heterogeneous and nonlinear effects across observations. Dependence plots show that AGR_LAND follows a
smooth nonlinear trajectory, suggesting diminishing marginal effects beyond specific land-use thresholds, whereas
AGR_VA exhibits a weaker, asymmetric relationship, indicating that increases in agricultural productivity do not
uniformly translate into enhanced freshwater availability. These nonlinear and observation-specific effects
underscore the limitations of traditional linear approaches, such as OLS or ARDL, which cannot capture threshold
behavior or variable-specific heterogeneity. Overall, the XGBoost-SHAP framework provides a nuanced
understanding of the water—agriculture nexus, revealing complex dynamics that linear models are unable to detect.

The LOOCYV results in Table 4 show that the XGBoost model achieves a moderate-to-strong out-of-sample
performance, with an R=f 0.663, indicating that about 66% of the variation in freshwater withdrawal is explained
by agricultural land and agricultural value added. The relatively low RMSE (1.003) and MAE (0.853) suggest that
prediction errors are small and consistent across all leave-one-out iterations. Overall, these findings indicate that
the model is stable and not driven by individual yearly observations, supporting the robustness of the estimated
nonlinear relationships.

In Figure 5, The scatter plot exhibits a pronounced positive linear relationship between the observed and
predicted values, indicating that the model adequately explains a substantial proportion of the variability in
freshwater withdrawal (R=2= 0.663). The clustering of observations around the implicit 45-degree identity line
further suggests a satisfactory level of model consistency. This pattern implies that the explanatory variables retain
meaningful predictive capacity beyond the estimation sample.

Table 4. Leave-One-Out Cross-Validation (LOOCV) performance of Extreme Gradient Boosting (XGBoost)
model

Metric  Value Interpretation
RMSE 1.003 Average prediction error in original units of freshwater withdrawals
MAE  0.853 Mean absolute deviation between observed and predicted values
R=2  0.663 Proportion of variance explained in out-of-sample prediction
Note: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R¥
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Figure 5. Actual vs. predicted values
Note: freshwater withdrawals (FR_WATER)

In Figure 6, the line chart presents the temporal pattern of absolute errors, indicating that the residuals are
randomly distributed over time rather than exhibiting systematic bias or a discernible temporal trend. The
noticeable decline in error variability in the period 2011-2021 further suggests a greater stabilization of the
underlying relationship between agricultural indicators and water consumption during the later part of the sample
period.
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Figure 6. Leave-One-Out Cross-Validation (LOOCV) error by year

To complement the machine learning analysis, a traditional econometric framework is also applied to ensure
robustness and provide broader empirical validation. Table 5 indicates that FR_WATER and AGR_LAND are
non-stationary in levels but become stationary after first differencing, implying that both variables are integrated
of order I(1), while AGR_VA is stationary at level (1(0)). Table 6 further confirms the existence of a stable long-
run relationship among the variables, as the ARDL bounds test F-statistic (6.7066) exceeds the upper critical values
at the 1% significance level, providing strong evidence of cointegration.

Table 5. Augmented Dickey-Fuller unit root test results

Variable Level (t-stat) Level (p-value) First Difference (t-stat) First Difference (p-value)
FR_WATER -1.035 0.720 —3.260 0.031

AGR_VA —4.031 0.005 - -
AGR_LAND -1.291 0.613 —4.830 0.001

Note: agricultural land use (AGR_LAND); agricultural value added (AGR_VA); freshwater withdrawals (FR_WATER)

Table 6. ARDL bounds cointegration test and long-run estimation results

Panel Variable / Statistic Coefficient Std. Error t-Statistic Prob. Interpretation
F-Statistic 6.7066 B B - Cointegration
Confirmed
Critical Value 10% - - -
A. Bounds Test 10) / 1(1) 2.915/3.695
for Cointegration Critical Value 5% - - -
10) / 1(1) 3.538/4.428
Critical Value 1% - -
1(0) / 1(1) 5.155/6.265
B. Long-Run AGR_LAND 46699 2.7739 16835  0.105  Fositivebut
Coefficients Insignificant
Constant -176.7952 160.7049 -1.1001 0.2866 -
C. Adjustment . . ) Negative
Parameter AGR_VA(-1) 0.2455 0.1521 1.6143 0.1249 Adjustment Speed

Note: Bounds test critical values are based on Narayan (2005). The F-statistic exceeds the upper bound critical value at the 1% significance
level, confirming long-run cointegration. Long-run coefficients are derived from the conditional error correction representation of the ARDL
(Autoregressive Distributed Lag) model. Agricultural land use (AGR_LAND); agricultural value added (AGR_VA)

Figure 7 presents the Cumulative Sum of Recursive Residuals (CUSUM) and CUSUM of squares stability tests
for the estimated model, with both test statistics remaining within the 5% critical boundaries over the entire sample
period. These findings suggest that the model coefficients are stable across time and that no meaningful structural
breaks or parameter instability are detected during the study period.
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Figure 7. The Cumulative Sum of Recursive Residuals (CUSUM) and CUSUM of squares diagnostic plots

The comparative results in Table 7 indicate that the ARDL model achieves lower in-sample error (RMSE =
0.536; MAE = 0.410), reflecting its efficiency in capturing linear relationships under small-sample econometric
assumptions. In contrast, XGBoost produces higher error values but is designed to capture nonlinear and threshold
effects, making both approaches complementary rather than directly comparable in terms of predictive superiority.

Hyperparameter tuning reported in Table 8 was carried out through a grid-search procedure integrated with 5-
fold cross-validation within the XGBoost framework. Model selection was based on minimizing the RMSE across
validation folds. The best-performing specification was obtained with a learning rate of 0.05, a maximum tree
depth of 2, and 97 boosting rounds. Both subsampling and column sampling ratios were fixed at 0.8, while L2
regularization and the split penalty parameter were retained at their default levels to ensure model robustness given
the limited sample size.

Table 7. Comparative model performance: ARDL vs XGBoost

Metric ARDL XGBoost
RMSE 0.536 0.806
MAE 0.410 0.780

Model Type  Linear econometric (ARDL)  Nonlinear machine learning (XGBoost)
Key Strength Efficient linear inference Captures nonlinear and threshold effects
Limitation Misses nonlinear structure  Higher in-sample error in small samples
Note: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Autoregressive Distributed Lag (ARDL), Extreme Gradient Boosting (XGBoost)
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Table 8. Optimized hyperparameters of Extreme Gradient Boosting (XGBoost) model

Hyperparameter Value

n_estimators (nrounds) 97

learning_rate (eta) 0.05
max_depth 2
subsample 0.8
colsample_bytree 0.8
min_child_weight 1
gamma 0

objective reg:squarederror

5. Discussion

The results reveal a complex, nonlinear interplay between agricultural expansion, sectoral productivity, and
freshwater withdrawals in Azerbaijan. While agricultural land use has remained relatively stable, the declining
share of agriculture in GDP reflects ongoing structural transformation, suggesting that physical expansion does
not necessarily yield proportional economic gains. The pronounced negative correlation between land area and
value added highlights trade-offs in productivity intensity, consistent with prior evidence on resource-use
efficiency in transitional economies. The XGBoost-SHAP framework proves effective in capturing these
nonlinear dynamics, achieving robust predictive performance even with limited data. Feature importance analysis
identifies agricultural land as the principal driver of freshwater withdrawals, whereas SHAP dependence plots
reveal threshold and rebound effects. Specifically, moderate land expansion exacerbates water stress, while larger
allocations appear to alleviate pressure, potentially reflecting efficiency gains at scale. Agricultural value added
exhibits a U-shaped relationship, in which both low and high productivity levels are associated with increased
water use, whereas intermediate productivity intensifies water stress. These heterogeneous, nonlinear effects
would likely remain obscured under conventional linear models, underscoring the methodological advantage of
machine learning for resource—economic analyses.

Hybrid and optimization-enhanced machine learning frameworks, particularly those combining boosting
algorithms with metaheuristic or physics-inspired optimization methods, improve robustness, reduce
hyperparameter sensitivity, and enhance generalization in small-sample settings, as evidenced in recent
engineering applications such as strain and deformation prediction models. In parallel, physics-informed and
domain-guided learning approaches strengthen interpretability by embedding system-specific knowledge from
fields such as irrigation mechanics, land productivity, and hydrological processes, thereby improving both
predictive reliability and structural consistency. Within this context, the present study aligns with emerging hybrid
ML paradigms and suggests that integrating XGBoost-SHAP with optimization and domain-constrained learning
could further enhance robustness, reduce uncertainty, and improve policy relevance in water—agriculture
sustainability assessments.

The XGBoost-SHAP framework suggests that future freshwater withdrawals in Azerbaijan’s agricultural sector
are shaped by complex, nonlinear, and threshold-dependent relationships between land expansion and agricultural
value added. While moderate increases in cultivated land tend to intensify water stress, expansion beyond a certain
threshold can reduce pressure, indicating potential efficiency improvements through economies of scale, enhanced
irrigation infrastructure, and integrated water management (Grafton et al., 2018). Likewise, agricultural value
added demonstrates a U-shaped relationship with water use: both low and high productivity levels are associated
with increased freshwater consumption, whereas intermediate productivity exacerbates water stress, underscoring
the asymmetric and heterogeneous dynamics of resource—productivity interactions. The nonlinear dynamics
observed indicate that traditional linear econometric approaches are inadequate for capturing tipping points and
rebound effects within water—agriculture systems, particularly in transitional economies experiencing structural
change. The significant role of agricultural land in driving freshwater withdrawals highlights the necessity of
policy measures that enhance land-use efficiency, such as land consolidation initiatives and reforms to irrigation
pricing, which can internalize scarcity costs and promote optimal water utilization without limiting agricultural
output (Djanibekov et al., 2012). Furthermore, given the U-shaped relationship between productivity and water
use, targeted support for water-saving technologies, such as drip irrigation and precision farming, is essential, as
mere productivity growth does not automatically translate into reduced water consumption (Ward & Pulido-
Velazquez, 2008). The identified U-shaped relationship between agricultural value added and freshwater
withdrawals can be understood through the framework of the Jevons Paradox. This concept posits that gains in
resource-use efficiency may unintentionally lead to higher overall consumption as a result of expansion and
rebound effects (Alcott, 2005). In the case of Azerbaijan, improvements in agricultural productivity at more
advanced stages of development may encourage further intensification of production and expansion of cultivated
land, thereby increasing aggregate water demand despite efficiency gains. This perspective offers a theoretical
explanation for the nonlinear and asymmetric patterns observed in the SHAP-based analysis.
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Overall, the study provides empirical support for Azerbaijan’s ongoing national water and agricultural reforms
and aligns with international commitments. By integrating interpretable machine learning with policy-relevant
scenario analysis, the research demonstrates how Al-driven decision-support tools can translate complex,
nonlinear relationships into actionable policy recommendations, enhancing both the targeting and effectiveness of
sustainable water management strategies under conditions of climatic and structural uncertainty. The findings
suggest that agricultural water management cannot be adequately captured by linear trends alone. Nonlinear
thresholds and asymmetric responses underscore the need for adaptive policies that account for scale effects and
productivity heterogeneity. By integrating Al-driven predictive modeling with interpretable analytical frameworks,
this study advances the empirical understanding of the water—agriculture nexus under conditions of structural
economic change. Agricultural land emerges as the dominant determinant of freshwater withdrawals, while
agricultural value added exerts nonlinear, U-shaped effects.

SHAP values should be interpreted as model-derived, associative contributions rather than causal impacts. As
a result, the detected nonlinearities and threshold effects reflect patterns learned within the dataset and describe
how the model behaves under given conditions.

The LOOCYV results, along with the diagnostic plots, indicated that the XGBoost model demonstrated
satisfactory out-of-sample predictive performance, with relatively low error metrics and a stable fit between
observed and predicted values. The absence of systematic patterns in the residuals further suggested that the
estimated nonlinear relationships were not primarily driven by individual annual observations or structural bias.

These findings align with comparable studies employing XGBoost—SHAP to investigate land—water interactions.
Du et al. (2025) examined ecosystem service trade-offs in ecologically sensitive regions, demonstrating that land-
use expansion produces nonlinear effects with thresholds beyond which resource efficiency improves. This pattern
is mirrored in Azerbaijan, where moderate land expansion increases water stress, while larger allocations can
mitigate impacts through efficiency gains. Additionally, the nonlinear relationship between freshwater
withdrawals and agricultural land use can be partly attributed to soil salinization, a prevalent constraint in irrigated
areas such as the Kura—Araz lowland. Increasing salinity levels reduce soil productivity, which in turn requires
higher irrigation inputs to sustain agricultural yields. As a result, water demand tends to rise even under conditions
of efficiency improvements or stable land expansion. This environmental constraint supports the view that land
expansion, in isolation, does not necessarily lead to efficiency gains and may instead contribute to greater water
stress in the presence of soil degradation. Similarly, Zhao et al. (2025) analyzed cropland water-use efficiency in
Xinjiang, identifying heterogeneous nonlinear relationships between productivity and water efficiency, where both
low and high productivity levels were associated with improved outcomes, whereas intermediate productivity
heightened stress. Collectively, these parallels suggest that nonlinear thresholds and rebound effects are a pervasive
phenomenon in agricultural water management, reinforcing the generalizability of the present findings and
highlighting the advantages of interpretable machine learning over traditional linear econometric approaches.

6. Conclusion

The findings indicate that the relationship between agricultural activity and freshwater resources is characterized
by nonlinear and heterogeneous dynamics. The correlation analysis reveals a strong negative association between
agricultural land use and agricultural value added, pointing to structural trade-offs in the agricultural system during
the study period. This interdependence suggests that changes in land expansion and productivity intensity interact
in complex ways, motivating the application of modern, nonlinear modeling techniques. In this context, the
XGBoost framework demonstrates robust predictive performance, explaining nearly 78% of the variation in
freshwater resources with a limited number of predictors and observations, which highlights its effectiveness in
capturing complex adjustment processes. The feature importance results show that agricultural land use represents
the dominant contributor to freshwater resource predictions, while agricultural value added remains a consistently
influential secondary factor. SHAP-based interpretation further refines these insights by revealing non-monotonic
and threshold-dependent effects. The dependence patterns indicate that moderate levels of land expansion and
intermediate productivity intensities are associated with negative freshwater outcomes, whereas higher land
allocations and extreme productivity levels tend to exert more favorable effects. The empirical evidence supported
the robustness of the model in capturing the relationship between agricultural indicators and freshwater withdrawal,
with acceptable predictive accuracy under LOOCV validation. However, these findings were still interpreted with
caution given the limited sample size, while recognizing the model’s potential for providing reliable initial
inference in a data-constrained context. These results reflect the presence of tipping points and asymmetric
responses within the water—agriculture nexus, emphasizing that the impacts of agricultural activity vary across
observations rather than remaining constant. From a policy perspective, the evidence suggests that land-use and
agricultural productivity policies should be designed with greater sensitivity to nonlinear effects. Agricultural
expansion strategies should prioritize efficiency and water-conscious land management, particularly at stages
where freshwater pressure intensifies. Likewise, productivity-enhancing measures should be aligned with
investments in water-saving technologies and sustainable practices. Looking ahead, future research should enlarge
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the scope of analysis by extending the time horizon, increasing the number of explanatory variables, and applying
this modern modeling framework across regions. Such extensions would strengthen policy relevance and support
more effective strategies for sustainable water and agricultural management. Nevertheless, it is acknowledged that
the exclusion of climatic and institutional variables and the limited sample size impose constraints on causal
interpretation and external generalization, suggesting that future studies should adopt multi-factor and higher-
frequency datasets to further validate and extend these findings.
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