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Climate change, as a fundamental challenge of the present century, has made it
inevitable for urban and regional policymakers to revise adaptation strategies
and develop accurate prediction tools by affecting water resources in arid
regions. Qanats, as strategic and vital infrastructures for water supply in
settlements of Iran's arid regions, are currently facing threats due to declining
groundwater levels, which doubles the need for applying artificial intelligence-
based decision support systems. The present study aims to strengthen the
foundations of water resources management planning by evaluating the
performance of the XGBoost machine learning model in predicting the discharge
of ganats in the Qaen Plain. To this end, 12-year data on ganat discharge (2007—
2018), climatic variables (precipitation and temperature), and elevation were
used. After preprocessing, the data were split into training (70%) and testing
(30%) sets, and the model hyperparameters were tuned using
RandomizedSearchCV with RMSE as the optimization objective. The evaluation
results showed that XGBoost, with R* = 0.88 and NS = 0.76 in the testing phase,
has high reliability for use in hydrological analyses. Based on sensitivity
analysis, the optimal combination of hyperparameters was n_estimators=500,
max_depth=6, learning_rate=0.08, and min_child_weight=4. However, it was
observed that the model suffers from poor performance in predicting discharges
exceeding 20 L/s due to the RMSE loss function and data imbalance. The
findings of this study, while confirming the effectiveness of machine learning
models in smartening water management, emphasize the need for caution in
policymaking based on extreme flow predictions and provide an operational
framework for enhancing the resilience of traditional water infrastructures
against climate change.

Cite this article: Fouladi Nasrabad, M.; Farzaneh, M. R. & Zeraati Neyshabouri, S. (2026). The Application of Artificial
Intelligence in Developing a Local Climate Change Adaptation Strategy for Qanats: Evaluating the
Performance of XGBoost in Estimating the Discharge of Qaen Qanats. Urban Development Policy Making,
3 (3), 455-469. DOI: http//doi.org/10.22034/judpm.2026.579182.1096

© Authors retain the copyright and full publishing rights.
DOI: http//doi.org/10.22034/judpm.2026.579182.1096

Introduction

Climate change has emerged as one of the most pressing challenges of the twenty-first century,
exerting significant pressure on water resources in arid and semi-arid regions. Qanats, as historic and
strategic water-supply infrastructures in Iran's dry regions, are increasingly threatened by declining
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groundwater levels, underscoring the need for artificial intelligence-based decision-support systems in
water resources management. While previous studies have applied various machine learning
techniques to ganat and groundwater discharge prediction, the application of XGBoost specifically for
ganat discharge estimation in arid regions such as Qaen has received limited attention. This study
therefore aims to evaluate the performance of the XGBoost algorithm in predicting the discharge of
ganats in the Qaen Plain, Iran, as a basis for developing a localized climate change adaptation strategy
for traditional water infrastructure.

Materials and Methods

This study used 12 years of ganat discharge data (2007-2018) along with climatic variables
(precipitation and temperature) and elevation as a spatial parameter for the Qaen Plain in South
Khorasan Province. After data collection, a preprocessing stage was carried out, including outlier
detection and removal using the interquartile range (IQR) method, and data scaling through min-max
normalization and Z-score standardization. The dataset was then divided chronologically into training
(70%) and testing (30%) subsets using a temporal split to prevent information leakage and to
realistically simulate prediction conditions. The XGBoost model was trained with hyperparameters
optimized through RandomizedSearchCV using RMSE as the objective function. Model performance
was assessed using RMSE, R?, Nash-Sutcliffe Efficiency (NSE), and Kling-Gupta Efficiency (KGE).
In addition, a sensitivity analysis of the key hyperparameters (n_estimators, max_depth, learning_rate,
and min_child_weight) was conducted using a five-fold temporal cross-validation approach.

Results

The results indicated that XGBoost achieved high predictive accuracy, with R2 values of 0.875 and
0.881, NSE values of 0.757 and 0.764, and KGE values of 0.749 and 0.747 for the training and testing
phases, respectively, while RMSE increased only slightly from 2.905 in training to 3.058 in testing,
reflecting good model stability and generalizability. Statistical visualizations (swarm, scatter, ECDF,
and violin plots) showed that the model performed very well for mid-range discharge values (0-20
L/s) but tended to underestimate extreme discharge values (above 20 L/s), a limitation attributed to the
RMSE-based loss function and an imbalance in the training data toward moderate flow values.
Sensitivity analysis identified the optimal hyperparameter configuration as n_estimators = 500,
max_depth between 4 and 6, learning_rate up to approximately 0.4, and min_child_weight showing
high sensitivity without reaching a clear optimum within the tested range, suggesting that further
tuning toward higher values may still improve performance.

Discussion and Conclusion

The findings confirm that XGBoost is a reliable and effective tool for predicting ganat discharge under
arid climatic conditions, supporting its use in smart, data-driven water resources management and the
design of local climate change adaptation strategies. At the same time, the model's reduced accuracy in
predicting extreme discharge events highlights the need for caution when using such predictions as a
sole basis for policymaking related to flow extremes, which are expected to become more frequent
under climate change. To address this limitation, future studies are recommended to explore
alternative loss functions such as MAE or Huber loss, to enrich training datasets with more
observations of high- and low-flow events, and to consider hybrid approaches combining XGBoost
with models such as LightGBM or deep learning architectures. Incorporating additional explanatory
variables, including water quality, land use, and drought indices, could further enhance model
performance. Overall, this study positions the ganat not merely as a traditional engineering structure
but as a strategic and intelligent component of climate resilience, demonstrating how the integration of
advanced machine learning tools with indigenous water management knowledge can support the
sustainable management of arid-region water resources.
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