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A B S T R A C T

Study region: The Karun-Karkheh-Marzi-e-Gharb river basin complex, a strategically vital but data- 
scarce and human-regulated region in Western Iran characterized by semi-arid conditions and 
complex topography.
Study focus: This research evaluates future hydroclimatic shifts by integrating the Community 
Water Model (CWatM) with a dual-benchmark calibration framework. The study utilizes a 
computationally efficient strategy—reducing runtime by 55%—to enable a 30-member ensemble 
projection (General Circulation Models) without high-performance computing. To address 
anthropogenic non-stationarity and data constraints, the model was validated against both a 
naturalized benchmark (KGE=0.71) and regulated local observations (KGE=0.60). Furthermore, 
SHAP-based sensitivity analysis, validated by high-accuracy surrogate models, including XGBoost 
(R2=0.98, RMSE=0.04) and Linear Regression (R2 =0.95, RMSE=0.1), was employed to quantify 
the influence of physical and anthropogenic drivers on the basin's hydrological response.
New hydrological insights for the region: Projections reveal a consistent hydrograph transformation 
driven by thermal forcing across all scenarios. Warmer winters are projected to reduce snow 
storage, advancing peak flow timing toward late winter. Crucially, intensified evapotranspiration 
is found to outweigh precipitation variability, shifting the basin from a storage-controlled to an 
evaporation-dominated system. This leads to declining annual water yields and escalating late- 
century drought extremes. These findings provide a refined, physically-based projection that 
potentially extends beyond traditional national climatic reports, suggesting that regional water 
security should prioritize demand-side management and a transition from stationary allocation 
rules toward adaptive, climate-resilient strategies.
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1. Introduction

Effective water resource management is paramount for global sustainability as growing populations and escalating droughts place 
increasing pressure on all water balance components (Zhu et al., 2025). In this context, artificial intelligence (AI) and advanced 
modeling frameworks have proven to be powerful tools for modeling complex, non-linear hydrological processes (Chang et al., 2023; 
Granata, 2019). Recent advancements emphasize the integration of process-driven and data-driven models into hybrid systems to 
capture both physical and non-linear relationships more effectively (Zhu et al., 2025; Ayele and Yu, 2025). However, in anthropo
genically stressed environments, hydrological uncertainty is primarily driven by the inherent inaccuracies and lack of precision in 
observational records, which are often severely compromised by unquantified upstream regulations and non-naturalized water bal
ances (Samaniego et al., 2017; Du et al., 2016). In such regulated contexts, these data limitations typically overshadow the un
certainties arising from model structure and parameterization schemes (Samaniego et al., 2017; Beven, 2001).

The management of water resources is increasingly challenged by the combined impacts of climate change and anthropogenic 
regulations (Huntington, 2006; Dione et al., 2024). Human activities—including reservoir operations and groundwater abstrac
tion—have fundamentally modified the natural cycle, creating "non-naturalized" water balances (Du et al., 2016). In such 
human-regulated catchments, traditional modeling often fails to account for river-scale attributes like the degree of regulation and 
dam density, which are critical for accurate streamflow prediction (Tursun et al., 2024). Recent studies highlight that while machine 
learning models can help reconstruct naturalized flow in arid basins, their performance is heavily dependent on data quality and the 
ability to distinguish climate signals from human-induced alterations (Wang et al., 2025; Khan et al., 2023).

To address these complexities, modular modeling approaches like the Framework for Understanding Structural Errors (FUSE) and 
the Catchment Modelling Framework (CMF) offer flexibility in testing hydrologic hypotheses (Clark et al., 2015). However, while 
FUSE primarily diagnoses structural differences in natural systems (Clark et al., 2008) and CMF focuses on assembly-based model 
construction (Kraft et al., 2011), the Community Water Model (CWatM) was selected for this research. CWatM is uniquely suited for 
human-impacted environments, explicitly incorporating reservoir regulations and irrigation withdrawals directly into the 
rainfall-runoff process (Burek et al., 2019). Recent comparisons have shown that CWatM provides discharge estimations that align 
more closely with observations than many other global models, making it the most robust choice for modeling highly regulated basins 
(Burek et al., 2019).

Fig. 1. Location of the case study in Iran. (A) The country of Iran; (B) Digital Elevation Model and stream network of the study area, showing the 
hydrometry station and dams.
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The integrated Great Karun, Karkheh, and Marzi-e-Gharb basin complex was selected for this study due to its strategic importance 
for Iran's food and energy security and its status as a highly anthropogenically stressed system (Abdi-Dehkordi et al., 2024). To provide 
robust and actionable insights for this strategically vital region, this research introduces a multi-faceted modeling framework that 
addresses key gaps in regulated basin hydrology. As a pioneering effort for the Ministry of Energy and regional authorities, these 
insights provide the necessary documented background to navigate hydroclimatic volatility and guide strategic policy-making in the 
distant future. A core novelty of this study is the implementation of a dual-benchmark calibration strategy, which evaluates model 
performance against both local regulated observations (Mobs) and global naturalized GloFAS data (Mbench). This approach significantly 
enhances the reliability of climate impact assessments by accounting for the inherent uncertainties in human-altered flow records and 
observational data. To manage the immense computational demands of processing large-scale ensemble data, a high-performance 
execution framework was developed using a Rust-based environment, which significantly increased simulation speed and ensured 
superior computational performance on mid-range systems.

In addressing hydrological uncertainty, a multi-model ensemble of five General Circulation Models (GCMs) across various SSP 
scenarios is utilized to capture the range of future climatic forcing. By quantifying and presenting the minimum, maximum, and 
ensemble mean across daily, monthly, seasonal, and annual scales, the full spectrum of predictive uncertainty and the magnitude of 
extreme events are preserved. To enhance the transparency of this process, Explainable AI (XAI) via the SHAP method is briefly in
tegrated to identify the directional impact of calibrated parameters on model performance (Madhushani et al., 2024; Zhu et al., 2025; 
Zounemat-Kermani and Kheimi, 2026).

The ultimate objective of this study is to provide a validated, scalable framework for long-term water allocation and the identi
fication of extreme event trends (floods and droughts). By delivering high-accuracy projections of shifts in runoff timing and the 
intensification of hydroclimatic extremes, this research provides a scientific foundation for dynamic irrigation scheduling and strategic 
policy-making. These insights are designed to guide the Ministry of Energy and regional authorities in navigating the escalating 
volatility of the Karun-Karkheh-Marzi-e-Gharb basin complex throughout the 21st century.

2. Methodology

2.1. Case Study

The integrated Great Karun, Karkheh, and Marzi-e-Gharb basin complex (152,971 km2) was selected as the primary focus for 
streamflow projection due to its status as the most strategically vital hydrological system in Iran (Ghobadi et al., 2015). This region 
(Fig. 1) is the nation’s principal hub for water, food, and energy security, supporting approximately 9% of the country’s total irrigated 
land (0.6 Mha) and housing the majority of its hydropower capacity (Ghobadi et al., 2015). The basin is characterized by an excep
tionally high density of anthropogenic regulations, including massive multi-objective dam networks and intricate irrigation systems, 

Table 1 
Characteristics and Integration of Global Datasets Used in the CWatM.

Dataset Source Original spatial 
resolution

Elevation SRTM (Jarvis et al., 2008); Hydro 1k (Geological Survey Center for Earth Resources 
Observation and Science USGS, 2002)

3″, 1 km

Flow direction map DDM30 (Döll and Lehner, 2002); DRT (Wu et al., 2011) 30′
Lakes and reservoirs HydroLakes database (Messager et al., 2016; Lehner et al., 2011) Shapefile
Soil Harmonized World Soil Database 1.2 (HWSD) (Fao, ISRIC et al., 2012) 30″
Soil pedotransfer Rosetta3 (Zhang and Schaap, 2017) -
Groundwater GLHYMPS (Gleeson et al., 2011, 2014) (Huscroft et al., 2018) ​
Land cover Forest land cover (Hansen et al., 2013) 

Impervious area (Elvidge et al., 2007) 
Irrigated areas (Döll and Siebert, 2002) (Siebert et al., 2005,2010) 
Hyde 3.2 database (Klein Goldewijk et al., 2017)

1″ 
30″ 
5′ 
5′

Crop coefficient MIRCA2000 (Portmann et al., 2010) 5′
Albedo GlobAlbedo dataset (Muller et al., 2012) 3′
Discharge GRDC (GRDC, 2007) Station
Population and GDP Hyde 3.2 database (Klein Goldewijk et al., 2017) 

SSP Database at IIASA (Riahi et al., 2017) 
SSP population and GDP projections: 
Spatial disaggregation on 30 and 50 (Jones and O’Neill, 2016; Gao, 2017; Kummu 
et al., 2018; and Gidden et al., 2018)

And 5′ 
County 
7.5′, 30″

Livestock water demand Gridded livestock densities (Wint and Robinson, 2007; Steinfeld et al., 2006) 
Livestock per country (Fao, ISRIC et al., 2012)

5′

Industry water demand Gridded industrial water data (Šiklomanov, 1997) 5′
Domestic water demand domestic water withdrawal per capita (Fao, ISRIC et al., 2012; Gleick and Cooley, 

2009)
5′

Global Flood Awareness System (GloFAS) 
historical dataset

GloFAS (Grimaldi et al., 2022) 0.05′

Meteorological forcing GSWP3 (Kim et al., 2012) 30′
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which have fundamentally altered its natural flow regime (Marjanizadeh et al., 2010; Masih et al., 2011). Given its extreme hydro
climatic gradients—with elevations ranging from 5 to over 2900 m—accurate future discharge projections are essential for this region 
to balance flood risk management with increasing irrigation demands (Ahmad et al., 2009). The selection of this basin complex is 
justified by its status as the most anthropogenically stressed and economically significant watershed in the country, providing a critical 
environment for evaluating future water availability under extreme climatic and human-induced pressures.

2.2. Data acquisition and climate forcing

The CWatM framework integrates diverse global gridded datasets covering topography, land cover, soil properties, and socio
economic parameters to drive geographically detailed simulations (Table 1). Meteorological forcing is the primary driver for rainfall- 
runoff processes and evapotranspiration estimation. To ensure consistency, all ancillary inputs were systematically harmonized to 
match the spatial resolution of the primary climate variables.

2.2.1. Historical data and observational data
Historical climate forcing (1981–2019) was derived from the ISIMIP3b dataset at a 0.5◦ × 0.5◦ resolution. A statistical summary of 

this bias-corrected climate dataset (Cucchi et al., 2020) is provided in Table 2. For model calibration and validation, daily discharge 
records for the Ahvaz gauging station (2006–2016) were obtained from the Global Runoff Data Centre (GRDC) (GRDC, 2007). This 
station (Latitude: 31.33, Longitude: 48.68) serves as a critical observation point for the basin's outflow (Fig. 1).

2.2.2. Future projections and ensemble strategy
To quantify future hydrological shifts up to 2100, the model was forced with a multi-model ensemble of five GCMs from the 

ISIMIP3b (CMIP6) collection from 2015 to 2100, specifically GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1–2-HR, MRI-ESM2–0, and 
UKESM1–0-LL. The full details, including the model resolution and foundational references, are presented in Table 3. These models 
were selected for their structural independence and representative range of climate sensitivities, covering both low and high sensitivity 
to radiative forcing (Lange, 2019; 2021). The climate forcing encompasses three Shared Socioeconomic Pathways (SSPs) representing 
distinct global development trajectories: the sustainable, low-emission SSP1–2.6; the fragmented, high-challenge SSP3–7.0; and the 
high-emission SSP5–8.5 (Dione et al., 2024). This multi-model, multi-scenario approach ensures that the simulations capture the full 
spectrum of GCM and SSP variability inherent in future climate forcing. By utilizing the ISIMIP3b projections directly, the framework 
accounts for climate uncertainties while maintaining the internal consistency of the bias-corrected GCM outputs.

2.3. CWatM Model Architecture and Modules

The Community Water Model (CWatM) is a comprehensive, modular, and grid-based hydrological framework that incorporates the 
fundamental processes of surface and groundwater hydrology (Burek et al., 2019). Developed by the International Institute for Applied 
Systems Analysis (IIASA), the model measures water availability, anthropogenic water use, and the impact of water infra
structure—including reservoirs, groundwater pumping, and irrigation (Burek et al., 2019). CWatM integrates established concepts 
from the PCR-GLOBWB and LISFLOOD models, enabling an explicit representation of the complete hydrological cycle from snowmelt 
to groundwater storage (Burek et al., 2019).

For this study, the model was configured at a 0.5◦ spatial resolution with a daily temporal resolution, utilizing sub-daily time 
stepping for soil water dynamics and river routing to accurately capture flow behavior (Burek et al., 2019). While this resolution is 
coarse for detailed reservoir operational modeling—which also requires sensitive sub-daily operational data that is currently 
unavailable—it is highly suitable for the primary objectives of this study. This spatial scale is sufficient for basin-wide water allocation 
planning, identifying long-term trends in future extreme events, and large-scale irrigation scheduling, providing a suitable scientific 
basis for strategic regional policy-making. Fig. 2 provides a schematic representation of the processes in the CWatM model.

Table 2 
Statistical description of the climate variables for the historical period (1981–2019).

Parameter (Unit) Abbreviation Mean std Min Max Median

Near-Surface Relative Humidity(%) hurs 45.55 23.55 5.77 99.12 42.87
Near-Surface Specific Humidity(kgkg− 1) huss 0.005 0.002 0.0004 0.015 0.005

Precipitation(mmday− 1) pr 1.43 5.15 0 111 0

Snowfall Flux(mmday− 1) prsn 0.189 1.39 0 46 0
Surface Air Pressure(Pa) ps 89991.57 5959.24 80141.51 101444.64 90560.88
Surface Downwelling Longwave Radiation(Wm− 2) rlds 302.91 44.86 151.94 433.39 303.13
Surface Downwelling Shortwave Radiation(Wm− 2) rsds 230.30 84.30 10.30 364.20 240.00
Near-Surface Wind Speed(ms− 1) sfc Wind 2.40 0.99 0.53 11.17 2.20
Near-Surface Air Temperature(K) tas 290.18 10.90 251.74 314.92 290.20
Daily Maximum Near-Surface Air Temperature(K) tasmax 297.63 12.19 257.53 324.64 297.81
Daily Minimum Near-Surface Air Temperature(K) tasmin 282.26 9.44 244.56 306.69 282.36
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2.4. Computational optimization and execution strategy

To ensure numerical stability and computational efficiency in processing the multi-model ensemble, a robust execution pipeline 
was developed. This framework utilized the high-performance uv package manager to minimize execution overhead and optimize 
dependency resolution during the large-scale simulation phases. This optimization enabled the scalable execution of 2250 simulation 
years (5 GCMs across 3 SSPs) on standard infrastructure. For a detailed description of the computational environment and automation 
routines, please refer to the Supplementary Material.

2.5. Calibration and multi-criteria benchmarking strategy

The calibration of CWatM is essential to surmount uncertainties inherent in input datasets, parameterization schemes, and grid cell 
heterogeneity (Samaniego et al., 2017). This process is particularly crucial for basins under intense anthropogenic influence, where 
realistic simulations are required to support water security and infrastructure management. A significant challenge in such envi
ronments stems from the high uncertainty of observational records, as available discharge data are often subject to errors caused by 
numerous upstream dams and undocumented anthropogenic flow regulations. To address these limitations, a high-performance 
calibration pipeline was implemented using the NSGA-II evolutionary algorithm (Deb et al., 2002) within the DEAP framework 
(Fortin et al., 2012), leveraging parallel processing to ensure computational efficiency.

The Modified Kling-Gupta Efficiency (KGE') (Kling et al., 2012) was utilized as the single-objective function for the calibration. As 
shown in Eq. (1), KGE' provides a comprehensive performance assessment by calculating the Euclidean distance from the ideal point 
based on three integrated components (Kling et al., 2012; Gupta et al., 2009; Hrachowitz et al., 2013): the correlation coefficient (r), 
bias ratio (β), and variability ratio (γ): 

KGEʹ = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(r − 1)2
+ (β − 1)2

+ (γ − 1)2
√

(1) 

Table 3 
Characteristics of General Circulation Models (GCMs) Used in the ISIMIP3b Ensemble.

GCM Resolution Institute Nation Reference

GFDL-ESM4 1.0⁰ NOAA Geophysical Fluid Dynamics Laboratory USA (Dunne et al., 2020)
IPSL-CM6A-LR 2.0⁰ Institut Pierre Simon Laplace France (Boucher et al., 2020)
MPI-ESM1–2-HR 1.0⁰ Max-Planck Institute for Meteorology Germany (Mauritsen et al., 2019)
MRI-ESM2–0 1.0⁰ Meteorological Research Institute Japan (Yukimoto et al., 2019)
UKESM1–0-LL 2.0⁰ Met Office Hadley Centre UK (Sellar et al., 2019)

Fig. 2. Schematic illustrating the integrated hydrological and water use processes within the CWatM framework (Burek et al., 2019).
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In this formulation, the bias ratio (β) is defined as the ratio of the mean simulated runoff (μs) to the mean observed runoff (μ0), as 
expressed in Eq. (2): 

β =
μs

μ0
(2) 

The variability ratio (γ), according to Eq. (3), is calculated as the ratio of the coefficient of variation of the simulated runoff (CVs) to 
that of the observed runoff (CV0), which is further derived from their respective standard deviations (σ) and means (μ): 

γ =
CVs

CV0
=

σs/μs

σ0/μ0
(3) 

The calibration involved three consecutive stages with expanding population and pool sizes to ensure objective function conver
gence, totaling 5955 simulations. Specifically, the final optimization stage employed a general population size (µ) of 256, a pool size of 
6, and 128 runs per generation (λ) over 40 generations, which proved sufficient to yield stable parameter sets. All simulations were 
executed at a 30-arc-minute spatial resolution over a 20-year period (10 years of spin-up and 10 years for evaluation). These intensive 
computational tasks were performed on a 12-core machine, with each complete 20-year simulation taking approximately one hour to 
execute.

To further account for the limitations of local records in anthropogenically stressed basins, a two-stage best model selection was 
employed. This dual-criteria approach resulted in the identification of two distinct optimal parameter sets: the Observational Best 
Model (Mobs), selected based on the highest KGE' against local GRDC discharge observations, and the Benchmark Best Model (Mbench), 
identified by comparing all calibrated parameter sets against the Global Flood Awareness System (GloFAS) historical time series 
(produced by forcing the open-source LISFLOOD hydrological model with ERA5 reanalysis data). GloFAS serves as a validated global 
benchmark that compensates for potential localized observational errors (Hirpa et al., 2018). This dual selection process yielded two 
optimal parameter sets that were carried forward to the future projection phase, effectively accounting for the inherent limitations of 
local observational records.

2.6. Future projection and ensemble analysis framework

To assess future hydrological shifts, the two optimal parameter sets—Mobs and Mbench—were integrated with climate projections 
from five GCMs across three SSP scenarios, generating an ensemble of 30 unique transient simulations (2015–2100). To quantify the 
projection spread while minimizing the influence of individual model outliers, a collective ensemble-based approach was used. The 
Ensemble Mean for each period was calculated by averaging the annual means across the five GCMs. Similarly, the Ensemble 
Maximum and Minimum (representing the uncertainty envelope) were derived by averaging the respective annual extremes from each 
of the five ensemble members. This methodology ensures that the reported range reflects the collective internal variability and 
hydroclimatic volatility projected by the entire multi-model ensemble.

2.7. Global sensitivity analysis using machine learning interpretability

To evaluate the influence of the nine optimized parameters on the model's performance (KGE'), a formal global sensitivity analysis 
was conducted using a machine learning-based interpretability framework. This analysis utilized SHAP (SHapley Additive exPlana
tions) values to quantify the contribution of each parameter to the hydrological output. To comprehensively explore the parameter 
space, two distinct surrogate models were trained to emulate the relationship between the calibrated parameters and the final KGE' 
values: a high-performance XGBoost model and a Linear Regression model. This dual-modeling approach was selected to differentiate 
between the purely linear contributions of each parameter and the complex, non-linear interaction effects captured by the tree-based 
ensemble architecture of XGBoost.

The SHAP values were calculated across the entire ensemble of 5955 calibration runs, providing a robust measure of both the 
relative importance and the directional impact (positive or negative) of each parameter on model accuracy. By comparing the results 
from both the linear and non-linear surrogate models, the analysis determines whether the dominant sensitivities in 
anthropogenically-impacted basins are primarily linear or driven by non-linear interaction effects between soil, groundwater, and 
land-use parameters. This framework not only validates the calibration process but also provides a deeper understanding of the in
ternal dynamics of CWatM within highly regulated hydrological systems.

2.8. Results evaluation and performance metrics

To ensure a comprehensive assessment of the CWatM's performance beyond the primary objective function (KGEʹ) used during 
calibration, a suite of widely accepted statistical metrics was utilized to evaluate the simulated discharge against observed and 
benchmark data. These metrics provided a multifaceted view of model accuracy, bias, and correlation.

The key performance metrics used in this study are given in Eqs. (4)-(6), respectively. 
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R2 =

⎡

⎢
⎣

∑n
i=1(Pi − P)(Oi − O)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(
∑n

i=1(Pi − P)2
(
∑n

i=1(Oi − O)
2
)

√

⎤

⎥
⎦

2

(4) 

NSE = 1 −

∑n
i=1(Oi − Pi)

2

∑n
i=1(Oi − O)

2 (5) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Oi − Pi)
2

n

√

(6) 

MAE =

∑n
i=1|Oi − Pi|

n
(7) 

Bias =
∑n

i=1(Oi − Pi)
∑n

i=1(Oi)
(8) 

Fig. 3. Overall workflow of the proposed methodology.
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NSlog = 1 −

∑n
i=1(ln(Oi) − ln(Pi) )

2

∑n
i=1(ln(Oi) − ln(O) )

2 (9) 

Where n is the number of observations, Pi and Oi are the simulated and observed flows at time i, and P and O are the mean simulated 
and mean observed flows, respectively.

2.9. Methodological workflow overview

To synthesize the multi-stage integration of data processing, model customization, and ensemble evaluation, a comprehensive 
workflow is illustrated in Fig. 3. The methodology follows a sequential framework divided into four primary phases: (i) Data 
Acquisition and Pre-processing, (ii) Two-Stage Calibration and Model Selection, (iii) Ensemble Future Projections, and (iv) Multi- 
Criteria Performance Evaluation and Sensitivity Analysis. This structured roadmap demonstrates the systematic adaptation of the 
CWatM to quantify hydrological shifts in anthropogenically-impacted basins and ensures the reproducibility of the computational and 
analytical steps.

3. Results

3.1. Technical validation and calibration convergence

The implementation phase began with the completion of data acquisition and pre-processing, which included the necessary spatial 
harmonization and rescaling of all meteorological variables to ensure consistency across the 30-arc-minute grid. Following this, the 
initial CWatM structure was configured for anthropogenically-impacted basins, requiring specific structural adjustments to maintain 
validity under regulated flow regimes. Preliminary simulations on mid-range hardware (Intel Core i7–8700K, 64 GB RAM) identified 
intermittent I/O (Input/Output) inconsistencies during large-scale execution, which were successfully resolved by implementing an 
automated corrective pipeline that stabilized the model’s performance across the entire calibration campaign.

The three-stage evolutionary calibration framework explored the vast parameter space through 5955 simulations, achieving robust 
convergence as documented in Table 4. The convergence trajectory, illustrated in Fig. 4, shows a sharp initial increase in KGE' scores 
before stabilizing at a maximum of approximately 0.60. This stabilization confirms that the NSGA-II algorithm effectively reached the 
Pareto front, identifying stable parameter solutions despite the complexities of human-induced flow alterations and unquantified 
regulation events.

The adoption of a dual-model selection strategy (Mobs and Mbench) is justified by both the exhaustive nature of the initial calibration 
and the significant uncertainty in local observational records. Since the 5955 simulations meticulously explored virtually all possible 
parameter states, the Mbench set could be identified from the existing converged pool without requiring a separate recalibration against 
GloFAS data. This approach is essential because local discharge records are severely compromised by anthropogenic interventions, 
such as unquantified upstream dam releases, which prevent station data from accurately representing naturalized flow. By utilizing the 
globally-validated GloFAS-LISFLOOD time series as a secondary benchmark, the framework effectively mitigates measurement and 
regulation errors, ensuring a more robust model selection for long-term projections.

The final optimization yielded two distinct sets for the nine key parameters (Table 5), governing processes such as evapotrans
piration (Crop Coefficient), soil dynamics (Soil Depth Factor), and groundwater interaction (Recession Coefficient). The systematic 
optimization of these factors, particularly those related to interflow and runoff concentration, ensures the model captures the temporal 
delays and discharge reductions typical of highly regulated basins, providing a scientifically suitable foundation for the subsequent 
ensemble climate projections. Regarding reservoir representation, the lakeAFactor was maintained at its default value of 1.0 to utilize 
CWatM’s standard physical formulations and weir coefficients. Rather than implying a lack of reservoir impact, this approach relies on 
the model’s integrated reservoir operation schemes—governed by storage limits and hydro-physical constraints—to simulate the 
buffering effects of regulated water bodies without introducing the risks of over-parameterization in the absence of local daily 
operational data.

3.2. The statistical performance and hydrograph analysis

The evaluation of the two optimal parameter sets, Mobs and Mbench, demonstrates their respective capacities to replicate distinct 
aspects of the basin's hydrological regime. Time series analysis (Fig. 5 and Fig. 6) reveals that Mobs effectively captures the timing and 
magnitude of daily discharge during low-to-moderate flow periods. However, it tends to underestimate high-frequency variability and 

Table 4 
Configuration of the Evolutionary Algorithm for the Multi-Stage Model Calibration.

Run Population Size (µ) Pool Size runs per generation (λ) Generations

Run 1 (Initial) 16 4 8 6
Run 2 (Expansion) 128 6 32 12
Run 3 (Final) 256 8 128 40
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peak flood events, a common inherent consequence of calibrating against highly regulated, non-naturalized flow data. In contrast, the 
Mbench model exhibits superior fidelity in reproducing high-magnitude flows and total discharge volumes. This confirms that Mbench 
provides a robust representation of the naturalized flow regime, which is less compromised by local measurement errors and 
anthropogenic regulations than the station-based observations.

The multi-faceted statistical evaluation (Table 6) highlights the trade-offs between local optimization and benchmark-driven fi
delity. The Mobs model achieved a KGE' of 0.60 and a correlation of 0.60, yet showed limitations in capturing residual variance, as 
indicated by a low NSE of 0.151. Conversely, the Mbench model demonstrated markedly superior performance across nearly all metrics, 
with a KGE', R2, and NSE all reaching 0.71. Although Mbench exhibits higher absolute error metrics (RMSE: 683.3 m3/s) compared to 
Mobs (RMSE: 199 m3/s), this discrepancy primarily reflects the difference in flow scales between the large-scale GloFAS benchmark 
and the regulated local records. These results confirm that Mobs is heavily influenced by localized observational limitations, thereby 
justifying the strategic inclusion of Mbench to ensure a more robust and comprehensive range of future climate change projections.

While a significantly superior statistical performance is demonstrated by Mbench (KGE = 0.71), which is considered a more robust 
scientific criterion for identifying hydrological trends, Mobs is intentionally retained in this study. The use of Mbench was necessitated by 
the inherent structural uncertainties and potential measurement errors identified within the local observational data. However, Mobs is 
preserved as a necessary benchmark to acknowledge the inherent observational uncertainties and significant data constraints present 
in the local monitoring network. Therefore, both models are presented to establish a realistic uncertainty envelope that bridges the gap 
between naturalized potential and anthropogenically-modified flow, ensuring that the projections are grounded in the basin's actual 
data constraints. Ultimately, Mbench is prioritized as the primary reference for interpreting long-term climate impacts due to its higher 

Fig. 4. Model Convergence and Performance Metrics.

Table 5 
Final Optimized Values for the Nine Calibrated Parameters in Mobs (Observed Data) and Mbench(GloFAS Benchmark Data). All listed parameters are 
dimensionless coefficients.

Parameter Abbreviation Mobs Mbench

Crop Coefficient crop_correct 1.76 0.83
Soil Depth Factor soildepth_factor 1.5 1.33
Preferential Bypass Flow preferentialFlowConstant 3.08 2.12
Infiltration capacity parameter arnoBeta_add 0.01 0.80
Interflow Factor factor_interflow 0.33 2.41
Recession Coefficient Factor recessionCoeff_factor 3.97 5.84
Runoff Concentration Factor manningsN 10.0 0.84
Normal storage limit normalStorageLimit 0.85 0.75
Lake factor lakeAFactor 1 1
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reliability and physical consistency.

3.3. Global Sensitivity Analysis and Parameter Interpretability

The SHAP summary plots (Fig. 7) provide a robust physical interpretation of the model's sensitivity. The arnoBeta_add parameter 
(Infiltration capacity) exhibits the highest magnitude, where high values (red dots) are strongly associated with negative SHAP values. 

Fig. 5. Simulated vs. Observed Time Series for the Mobs Parameter Set (Station Data). The figure compares the best-performing simulated daily flow 
(dashed red line) against the local observed flow (solid blue line) for the set optimized for the Station Data.

Fig. 6. Simulated vs. Benchmark Time Series for the Mbench Parameter Set (GloFAS Data). The figure compares the best-performing simulated daily 
flow (dashed red line) against the GloFAS benchmark flow (solid blue line) for the set optimized for the GloFAS data.

Table 6 
Comparison of statistical performance metrics for the two optimal model sets.

Metric Mobs Mbench

KGE 0.60 0.71
R2 0.17 0.71
Correlation 0.60 0.85
NSE 0.151 0.71
RMSE 199 m3 s− 1 683.3 m3 s− 1

MAE 130 m3 s− 1 329.4 m3 s− 1

Bias 3.95% 11.6%
NSlog 0.098 0.4
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Physically, this indicates that excessive infiltration capacity degrades model performance, necessitating a more restricted infiltration 
rate to generate the surface runoff required to match observed flood peaks. This aligns with the basin's steep topography and complex 
soil structure, where rapid surface runoff generation during intense precipitation events is a dominant hydrological process.

In contrast, the manningsN (Channel roughness) shows a positive directional impact; higher values (red) contribute to improved 
model fit. This suggests that the simulated hydrograph requires increased hydraulic residence time to account for the flow attenuation 
typically induced by the basin's extensive dam infrastructure and the natural complexity of the river network in semi-arid regions. 
Furthermore, the importance of crop_correct and soildepth_factor highlights the model's high sensitivity to vertical fluxes (evapo
transpiration) and storage capacity. The consistency in parameter ranking and direction between the XGBoost and Linear Regression 
surrogates—despite their different mathematical structures—further validates the hydrological reliability of these sensitivity results.

3.4. Future Hydrological Projections and Computational Framework

This section analyzes the river discharge dynamics projected through the end of the 21st century (2025–2100) using a multi-model, 
multi-scenario ensemble. The projections integrate the two optimal parameter sets (Mobs and Mbench) with five GCMs under three 
Shared Socioeconomic Pathways: SSP1–2.6 (Optimistic), SSP2–4.5 (Average), and SSP5–8.5 (Pessimistic). To capture the temporal 
evolution of the hydrological cycle, the analysis is segmented into three distinct periods: Near-Future (2025–2050), Mid-Century 
(2050–2075), and End-of-Century (2075–2100).

The overall trajectory of annual discharge (Fig. 8) reveals a sustained net increase under the Average and Pessimistic scenarios, 
whereas the Optimistic pathway results in negligible changes or a net reduction. A critical finding is the structural divergence between 
the two model sets; Mbench projections consistently estimate higher absolute magnitudes and greater inter-annual variability compared 
to the Mobs set, which is constrained by regulated station data. This disparity emphasizes that the choice of calibration data funda
mentally dictates the projected severity of extremes. While parameter selection influences the baseline, the pronounced GCM spread 
across both ensembles confirms that climate forcing remains the primary source of uncertainty in inter-annual variability.

Consistent with the previous evaluation of calibration benchmarks, Mbench is prioritized for interpreting long-term trends due to its 
higher physical and statistical reliability. However, the preservation of Mobs is essential to establish a necessary uncertainty envelope 
that accounts for the gap between naturalized flow potential and the constraints of the local observational records. The systematic 
difference between the two sets is therefore interpreted not as a localized failure, but as a quantified representation of the inherent 
uncertainties induced by monitoring limitations and anthropogenic data scarcity.

3.4.1. Computational efficiency and ensemble feasibility
The generation of the 30-member projection matrix—encompassing 2250 simulation years—was made feasible by maximizing 

computational throughput. Initial benchmarking revealed that executing a single 75-year GCM scenario using a standard Python 
virtual environment (venv) required approximately 11 h. To meet the project's timeline, the framework was transitioned to the UV 
(Rust-based package manager) environment. This optimization resulted in a 55% increase in execution speed, reducing the processing 
time to approximately 5 h per run.

3.4.2. Multi-scale analysis of projected changes (Near-Future: 2025–2050)
In the near-future period (2025–2050), the basin exhibits a net increase in mean annual discharge, ranging from 4.4% (SSP5–8.5) to 

12.5% (SSP2–4.5) (Table 7). However, these annual trends mask a critical and complex intra-annual redistribution of the hydrological 
regime. The multi-scale analysis reveals a phenomenon of extreme compression, where the basin concurrently faces significantly 
higher, earlier flood peaks and intensified late-summer droughts. This explains the apparent contradiction in Table 7, where large 
negative minimum flow values (e.g., − 30.8% under SSP2–4.5) coexist with positive mean annual increases. At the annual resolution, 
the substantial volumetric contributions from intensified winter and early-spring floods effectively cancel out the severe deficits of the 
dry season, leading to a misleading net positive change. By contrast, our high-resolution intra-annual assessment successfully identifies 

Fig. 7. SHAP Summary Plots for XGBoost (Left) and Linear Regression (Right). The plots quantify the global importance (magnitude) and direc
tional impact (color and position) of the nine calibrated parameters on the model performance (KGEʹ).
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these opposing extremes, demonstrating that a stable or increasing annual water yield can still be characterized by devastating sea
sonal volatility and a simultaneous escalation of both flood and drought risks.

The values reported in Table 7 (and subsequent tables - Table 8 to Table 24) represent the ensemble mean of five GCMs. Specif
ically, the maximum, minimum, and mean metrics for each period are calculated by averaging the respective yearly extreme values 
across the entire 5-member GCM ensemble for the 25-year duration; therefore, these figures do not represent isolated, individual 
extreme events, but rather the collective trend projected by the ensemble.

3.4.2.1. Seasonal and monthly shifts. A consistent increase in cold-season flow is observed, with Winter and Spring mean discharge 
rising by up to 32.6% and 32.1%, respectively (Table 8). This hydrograph advancement is linked to rising air temperatures (Fig. 9 and 
Fig. 10), which shift precipitation from snow to rain and accelerate snowmelt timing. Monthly breakdowns confirm that March 
(68.3%) and February (50.0%) experience the highest increases, often driven by extreme, early-season flood events (Supplementary 
Fig. 33 and Fig. 37). Conversely, Summer and Autumn face a significant drying trend, with mean reductions reaching − 27.2% 

Fig. 8. Comparative Annual Discharge Time Series for Mobs (Left) and Mbench (Right) Ensembles (2000–2100). The figure illustrates the projected 
long-term trends and inter-model uncertainty across three SSP scenarios.
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(Table 7). The intensification of summer drought (e.g., − 66.3% in August in Table 9) is visually supported by the ensemble boxplots, 
showing a notable downward shift in discharge medians compared to historical observations (Fig. 11 & Fig. 12; Supplementary Fig. 34
and Fig. 38).

3.4.2.2. Hydrological extremes. Daily scale analysis reveals an alarming increase in fluvial flood risk, with maximum daily flows (Max 

Table 7 
Multi-scale summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the near-future period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 8 
Seasonal summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the Near-Future Period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Fig. 9. Projected Seasonal Mean Surface Air Temperature (TAS) Trend Averaged Across Five GCMs (2015–2100). The figure illustrates the long- 
term changes in mean Seasonal temperature (⁰C) across the three Shared Socioeconomic Pathway (SSP) scenarios.
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%) surging by up to 241.1% (Table 7). This amplification of extremes is further detailed in the daily discharge distribution boxplots 
(Supplementary Fig. 2). While cold-season baseflow stabilizes due to increased liquid precipitation, the warm season remains 
vulnerable to severe deficits, interspersed with isolated flash flood spikes in Autumn (Fig. 10).

3.4.2.3. Model Coherence and Uncertainty (Mobs vs Mbench). Projections from both Mobs and Mbench are highly synchronized regarding 
the timing of seasonal shifts, providing high confidence in the climate signal (Table 10, Table 11, and Table 12 for Mbench). However, 
Mbench consistently estimates higher absolute magnitudes and exhibits a wider uncertainty envelope across the ensemble distribution 
(Supplementary Fig. 16 to Fig 19). This discrepancy highlights the structural uncertainty where Mobs is conditioned by regulated 
station data, while Mbench reflects a more naturalized flow regime.

Fig. 10. Projected Seasonal Mean Precipitation (PR) Trend Averaged Across Five GCMs (2015–2100). The figure illustrates the long-term changes in 
mean Seasonal Precipitation (mm/day) across the three Shared Socioeconomic Pathway (SSP) scenarios.

Table 9 
Monthly summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the Near-Future Period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

M. Mohammadnezhad et al.                                                                                                                                                                                         Journal of Hydrology: Regional Studies 66 (2026) 103534 

14 



Fig. 11. Inter-Model Uncertainty in Seasonal Discharge Distribution (Mobs Ensemble) for the Near-Future Period (2025–2050). The boxplots 
illustrate the distribution of seasonal mean discharge projected by the ensemble of five GCMs for selected seasons and scenarios in relation to the 
Observed flow. Full seasonal boxplots for all three SSP scenarios are detailed in Supplementary Fig. 3.

Fig. 12. Inter-Model Uncertainty in Monthly Discharge Distribution (Mobs Ensemble) for the Near-Future Period (2025–2050). The boxplots 
illustrate the distribution of monthly mean discharge projected by the ensemble of five GCMs for selected months and scenarios in relation to the 
Observed flow. Full monthly boxplots for all three SSP scenarios are detailed in Supplementary Fig. 4 and Fig. 5.

Table 10 
Multi-Scale Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Near-Future Period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.
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3.4.3. Multi-Scale Analysis of Projected Changes (Mid-Century: 2050–2075)
Projections for the mid-century period (2050–2075) indicate a clear intensification of the hydrological shifts observed in the near- 

future, with higher magnitudes of change and increased scenario divergence (Table 13). At the annual scale, all scenarios maintain a 
net positive change in mean discharge, peaking at 18.1% (SSP1–2.6). This increase is primarily attributed to higher annual precipi
tation offsetting enhanced evaporative losses (Supplementary Fig. 31 and Fig. 35). However, the range between the maximum (36.9%) 
and minimum (-51.6%) projected annual changes highlights a significantly wider uncertainty envelope compared to the previous 
period.

3.4.3.1. Seasonal and monthly shifts. The seasonal hydrograph shows a severe exacerbation of the shift toward cold-season flow. In 
Table 14, Winter discharge mean increases reach 47.6% (SSP2–4.5), driven by a near-complete transition from snow to rain and 
accelerated spring melt caused by rising air temperatures (Fig. 9 and Fig. 10). Peak monthly flows continue to advance, with March and 
February showing increases up to 76.5% (Table 15), a trend visually detailed in the ensemble distributions (Supplementary Fig. 33 and 
Fig. 37). Conversely, the warm-season drying trend is markedly amplified; mean reductions in Autumn reach − 39.5% (October, 
SSP5–8.5), signifying early exhaustion of soil moisture reservoirs and increased evaporative demand.

3.4.3.2. Hydrological extremes. Daily scale analysis reveals an alarming amplification of hydrological risks (Table 13). Maximum daily 
flows (Max%) are projected to increase by up to 213.1% (SSP2–4.5), a shift reflected in the extended whiskers and outliers of the winter 
boxplots (Fig. 13). More critically, the risk of baseflow failure becomes catastrophic under the pessimistic scenario (SSP5–8.5), with 

Table 11 
Seasonal summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Near-Future Period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 12 
Monthly summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Near-Future Period 
(2025–2050). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

M. Mohammadnezhad et al.                                                                                                                                                                                         Journal of Hydrology: Regional Studies 66 (2026) 103534 

16 



Table 13 
Multi-scale summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 14 
Seasonal Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 15 
Monthly Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.
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minimum daily flows decreasing by − 97.9%. This potential for near-total baseflow collapse in October and September is visually 
anchored in the ensemble spreads (Fig. 14) and the severe monthly reduction trends in the supplementary data (Supplementary Fig. 34
and Fig. 38).

Fig. 13. Inter-Model Uncertainty in Seasonal Discharge Distribution (Mobs Ensemble) for the Mid-Century Period (2050–2075). The boxplots 
illustrate the distribution of seasonal mean discharge projected by the ensemble of five GCMs for selected seasons and scenarios in relation to the 
Observed flow. Full seasonal boxplots for all three SSP scenarios are detailed in Supplementary Fig. 8.

Fig. 14. Inter-Model Uncertainty in Monthly Discharge Distribution (Mobs Ensemble) for the Mid-Century Period (2050–2075). The boxplots 
illustrate the distribution of monthly mean discharge projected by the ensemble of five GCMs for selected months and scenarios in relation to the 
Observed flow. Full monthly boxplots for all three SSP scenarios are detailed in Supplementary Fig. 9 and Fig. 10.

Table 16 
Multi-scale summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.
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Table 17 
Seasonal summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 18 
Monthly Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the Mid-Century Period 
(2050–2075). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 19 
Multi-scale summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.
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3.4.3.3. Model coherence and uncertainty (Mobs vs Mbench). Each parameter sets remain qualitatively synchronized on the direction of 
change, reinforcing the climate signal. However, significant magnitude differences exist; for instance, Mobs projects a 6.5% annual 
increase under SSP5–8.5, while Mbench estimates a higher 15.08% (Table 16, Table 17, and Table 18). The structural uncertainty 
inherited from the calibration data is evident in the distinct distribution shapes and interquartile ranges (IQR) of Mbench compared to 
Mobs (Supplementary Fig. 21 to Fig. 25), emphasizing how the choice of benchmark impacts the projected uncertainty envelope.

3.4.4. Multi-scale analysis of projected changes (End-of-Century: 2075–2100)
The hydrological projections for the late 21st century (2075–2100) reveal a definitive divergence in the basin's water budget. While 

the Average and Pessimistic scenarios (SSP2–4.5 and SSP5–8.5) project continued annual flow increases of 15.7% and 14.3%, 
respectively, the Optimistic scenario (SSP1–2.6) indicates a net reduction of − 1.1% (Table 19). This shift suggests that under low- 
emissions pathways, rising thermal forcing and evaporative demand may eventually offset precipitation gains, leading to a long- 
term water deficit (Supplementary Fig. 31 and Fig. 35).

3.4.4.1. Seasonal and monthly shifts. The temporal redistribution of flow reaches its peak intensification in this period. Winter 
discharge dominates the hydrograph with mean increases of up to 67.8% (SSP2–4.5), driven by the near-total transition to a rainfall- 
dominated regime (Fig. 9 and Fig. 10). This cold-season concentration is visually confirmed by the upward shift of ensemble medians 
and the presence of extreme outliers in December and January (Fig. 15 and Fig. 16). Conversely, Autumn and Summer face widespread 
declines (up to − 29.8% in Table 20), with a pronounced risk of multi-month hydrological drought. Most notably, Autumn maximum 
flows exhibit a "catastrophic destabilization," with storm-driven spikes reaching 887.2% (SSP5–8.5). This volatile pattern—long pe
riods of near-zero flow interrupted by extreme flash floods—is anchored in the ensemble boxplots for November and October 
(Table 21, Supplementary Fig. 34 and Fig. 38).

3.4.4.2. Hydrological extremes. Daily scale analysis (Table 19) confirms that the flow regime will be defined by fewer, but excep
tionally intense, high-flow events. The maximum daily flow (Max%) is projected to surge by a severe 317.6% (SSP5–8.5), a trend 
further detailed in the end-century daily distribution boxplots (Supplementary Fig 12). While baseflow may marginally stabilize under 
the optimistic scenario, the Average scenario projects a − 17.8% reduction in daily minimum flow, signaling critical groundwater 
depletion during dry periods.

3.4.4.3. Model coherence and uncertainty (Mobs vs Mbench). Comparison with the Mbench ensemble (Table 22, Table 23, and Table 24) 
reveals persistent structural uncertainty. While both configurations agree on the amplification of extremes, Mbench exhibits a 
consistently smaller interquartile range (IQR) and different distribution shapes compared to Mobs (Supplementary Fig 26 to Fig. 30). 
The most striking divergence occurs in Autumn flood peaks, where Mobs projects magnitudes an order of magnitude higher than Mbench, 
underscoring how calibration data selection significantly impacts the assessment of high-end climate risks and infrastructure planning 
by the end of the century.

3.4.5. Analysis of Extreme Flow Amplification and Climatic Drivers
To establish the physical justification for the projected increase in flood magnitudes (Max%), the relationship between climatic 

forcing and hydrological response was evaluated using normalized maximum daily precipitation and streamflow (Fig. 17). The 
analysis confirms a direct positive correlation across all scenarios, indicating that the intensification of flood events is primarily driven 
by the increased frequency and intensity of extreme rainfall.

Fig. 15. Inter-Model Uncertainty in Seasonal Discharge Distribution (Mobs Ensemble) for the End-of-Century Period (2075–2100). The boxplots 
illustrate the distribution of seasonal mean discharge projected by the ensemble of five GCMs for selected seasons and scenarios in relation to the 
Observed flow. Full seasonal boxplots for all three SSP scenarios are detailed in Supplementary Fig. 13.
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A critical finding is the escalating sensitivity of the basin’s response proportional to the severity of climate forcing. The Coefficient 
of Determination (R2), which quantifies the influence of precipitation on streamflow variance, increases significantly from 0.102 
(SSP1–2.6) to 0.345 (SSP5–8.5). This progressive strengthening of the R2 value suggests that under higher emission pathways, the 
basin’s hydrological system becomes more directly responsive to extreme precipitation. This thermodynamic intensification of the 
water cycle—where precipitation is delivered in fewer but more intense events—is the dominant mechanism driving the catastrophic 
flood risks identified in the high-emission projections.

4. Discussion and suggestions

4.1. The accelerated hydrological cycle: From snow to immediate runoff

The primary driver of hydrological transformation in these basins is the unwavering warming trend projected across all SSPs 
(Supplementary Fig. 31 to Fig. 34). In regions with high elevation and semi-arid conditions—similar to this study area—the snowpack 
traditionally functions as a natural reservoir. Our findings confirm that higher winter temperatures transform this delayed release 
mechanism into premature runoff, a phenomenon termed the early-spring runoff effect.

This projected hydrograph transformation, characterized by a shift in peak flows from late spring to late winter, mirrors the trends 
observed in other snow-dependent global basins. For instance, the observed advancement in peak runoff timing aligns with the 15–30- 
day shifts reported in the Himalayas (Iqbal et al., 2022) and the seasonal shifts documented in the Rocky Mountains (Zareian and 
Salem, 2022). Furthermore, the reduction in seasonal snow storage in the Karun-Karkheh-Marzi-e-Gharb complex is consistent with 
the extensive snowpack declines (up to 50%) documented across the European Alps (Matiu et al., 2021). This directional alignment 
confirms that the basin is undergoing a thermal-driven hydrological shift (Yao et al., 2023) that is physically consistent with the 
patterns observed in major high-altitude regions worldwide.

Fig. 16. Inter-Model Uncertainty in Monthly Discharge Distribution (Mobs Ensemble) for the End-of-Century Period (2075–2100). The boxplots 
illustrate the distribution of monthly mean discharge projected by the ensemble of five GCMs for selected months and scenarios in relation to the 
Observed flow. Full monthly boxplots for all three SSP scenarios are detailed in Supplementary Fig. 14 and Fig. 15.

Table 20 
Seasonal Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.
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Table 21 
Monthly Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mobs) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 22 
Multi-scale summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Table 23 
Seasonal summary of projected percentage change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

M. Mohammadnezhad et al.                                                                                                                                                                                         Journal of Hydrology: Regional Studies 66 (2026) 103534 

22 



4.2. Compounding risks and operational challenges

The acceleration of the hydrological cycle leads to a temporal compression of the hydrograph, shifting flood peaks from April/May 
to March. This creates an unprecedented dilemma for the basin's extensive dam infrastructure. Operators must drawdown reservoirs 
earlier for flood safety, reducing the window for full recharge and agricultural supply. While the current modeling framework does not 
utilize site-specific reservoir rule curves for daily operations, the projected advancement of peak flows suggests a fundamental 
mismatch with existing management schedules. As supported by the findings of Sha et al. (2024) and Babacan and Yüksek (2024), 
these physical shifts in inflow timing necessitate a strategic reassessment of reservoir operation schemes. Therefore, our results should 
be interpreted as a hydroclimatic basis for long-term planning, identifying the need for adaptive management rather than prescribing 
specific operational changes.

4.3. Exacerbation of water scarcity and drought extremes

The pronounced impact of summer TAS on the hydrological regime (Supplementary Fig. 28) highlights the dominance of evap
orative demand over precipitation in determining water stress. Every unit of temperature increase amplifies the reduction in river flow, 
a feedback mechanism supported by D. Singh et al. (2023) and Yang et al. (2023). This culminates in the catastrophic reduction of 
minimum monthly discharge projected for 2075–2100 under SSP5–8.5 (Table 16). Such extreme low-flows, also documented by and 

Table 24 
Monthly Summary of Projected Percentage Change (%) in Mean, Maximum (Max), and Minimum (Min) Flow (Mbench) for the End-of-Century Period 
(2075–2100). The background color indicates flow magnitude: Red tones signify higher increases or lower decreases, and green tones signify lower 
increases or higher decreases.

Fig. 17. Normalized maximum precipitation versus normalized maximum streamflow for SSP Scenarios (2025–2100).
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Babacan and Yüksek (2024), threaten riverine ecology and increase the risk of saltwater intrusion, necessitating advanced ground
water recharge and irrigation efficiency.

4.4. Process-based drivers of mid-century volatility

The mid-century period (2050–2075) is characterized by the largest net change in average discharge (Fig. 8), representing a phase 
of maximum hydrological volatility. Beyond a simple reporting of simulation outputs, the underlying physical drivers are identified 
through a process-based analysis, revealing a fundamental repartitioning of water fluxes. Although precipitation (PR) projections vary 
among GCMs, the direction of hydrological impact remains consistent due to the clear dominance of thermal forcing over the water 
balance, a trend further exacerbated by the increasing frequency and severity of regional heatwaves (Rezaee et al., 2025). This 
'temperature dominance' is further confirmed by the SHAP sensitivity analysis (Fig. 7), in which parameters governing vertical 
fluxes—specifically arnoBeta_add (Infiltration), crop_correct (Evapotranspiration), and soildepth_factor (Storage)—demonstrate the 
highest global importance (R2 > 0.90).

The dominance of these specific parameters aligns with the physical and climatic realities of the semi-arid study area, where land 
surface temperature dynamics and water availability are strictly governed by soil moisture and vegetation indices (Rezaee et al., 2026). 
The high sensitivity to these parameters underscores the existence of a physical feedback loop: intensified thermal forcing amplifies 
potential evapotranspiration (PET), thereby prioritizing vertical moisture losses over lateral runoff. As the hydrological regime 
transitions from a storage-controlled to an evaporation-dominated system—a shift consistent with findings by Kartal (2024) and Adib 
and Harun (2022)—future water availability is determined to be primarily governed by PET-driven losses rather than precipitation 
variability. Consequently, as accurate evapotranspiration estimation remains a fundamental challenge in data-scarce regions 
(Mohammadnezhad et al., 2025), it is suggested that adaptation strategies prioritize demand-side management as a necessary miti
gation response to this thermally-induced depletion of net water resources.

4.5. Reservoir representation and anthropogenic non-stationarity

A critical strength of this study is the integration of custom scenarios for anthropogenic non-stationarity into the modeling 
framework. The impact of missing operational data for specific upstream reservoirs was systematically quantified by comparing the 
two calibration benchmarks. The 11.6% systematic bias (Table 6) observed in the Mbench (naturalized potential) simulations serves as a 
proxy for the unquantified buffering effect of these infrastructures. While the KGE= 0.60 for Mobs is lower than Mbench (KGE=0.71), it 
represents a successful calibration for this complex environment, consistent with the KGE of 0.57 reported for the Zambezi basin 
(Burek et al., 2019).

To address the inherent challenge of equifinality—where multiple parameter sets may yield similar outputs—this study utilized a 
dual-benchmark constraint and SHAP-based verification. By achieving consistent performance across both Mobs and Mbench using 
physically-grounded parameters, the risk of mathematical artifacts was minimized. Furthermore, the retention of Mobs serves not only 
to establish a 'realistic uncertainty envelope' but also to explicitly acknowledge the parameter uncertainty boundaries in a human- 
regulated, data-scarce basin. This prioritization of parameter uncertainty (equifinality) over GCM variance when projecting 
process-based variables like soil moisture and groundwater is consistent with the findings of Her et al. (2019). As noted by Burek et al. 
(2019), while explicit regulation data is ideal, our framework remains robust for long-term strategic planning by capturing the overall 
hydroclimatic trajectory despite these operational constraints.

4.6. Future research directions

Future reliability of these projections can be enhanced by addressing key modeling gaps through targeted technical advancements. 
A strategic priority involves the integration of Sentinel-1 Synthetic Aperture Radar (SAR) data to independently monitor reservoir 
dynamics. Given its all-weather imaging capability, Sentinel-1 enables the mapping of water surface area and the derivation of 
elevation-area-volume relationships, particularly in sub-basins where operational data is unavailable (Tortini et al., 2020). This 
satellite-based approach provides a concrete pathway to reduce the 11.6% (Table 6) modeling bias identified in this study by enabling 
the independent calibration of reservoir storage and release patterns. Moreover, future reliability can be enhanced by adopting hybrid 
data-driven frameworks to manage noise, as demonstrated by (Poursaeid, 2025) using Kalman-filter-driven models, alongside 
advanced evaluation metrics like the Area Over the Regression ROC (AOC) curve (Tec, 2025) for more rigorous performance vali
dation. Such high-resolution remote sensing integration would transition the current framework from a strategic hydroclimatic 
outlook toward a more precise operational tool for basin-wide water management.

5. Conclusions

This study quantified the evolving hydrological regime of the Karun-Karkheh-Marzi-e-Gharb basin complex by integrating the 
Community Water Model (CWatM) with a robust dual-calibration framework. By overcoming significant data constraints and ac
counting for anthropogenic non-stationarity—including irrigation and reservoir regulation—this research provides a refined scientific 
basis that extends beyond traditional national meteorological assessments. While existing reports from agencies such as the Iran 
Meteorological Organization (IRIMO) have primarily focused on macro-scale climatic trends, our findings offer a more granular, 
physically-based projection of future runoff dynamics, filling a critical information gap for regional water-security planning.
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The results reveal a consistent hydrograph transformation driven by thermal forcing across all SSP scenarios. Warmer winters are 
reducing snow storage and advancing peak flow timing toward late winter, while intensified evapotranspiration outweighs precipi
tation variability, leading to a net decline in annual water yield and a critical escalation in late-century drought extremes. These 
projections were achieved through a computationally efficient pipeline (totaling 2250 simulation years on mid-range hardware), 
demonstrating that rigorous ensemble-based stress-testing is feasible without high-performance computing (HPC) allocations.

Despite its contributions, the study is subject to limitations, notably the coarse 0.5◦ spatial resolution and the absence of site- 
specific reservoir rule curves, which influence the precision of results in smaller regulated sub-basins. Furthermore, while the 
model identifies long-term strategic trends, it is intended as a hydroclimatic outlook rather than a real-time operational decision- 
support tool.

Ultimately, these findings emphasize that future water security in human-impacted regions will be defined by shifts in timing and 
extremes. This framework represents a significant step toward informed strategic planning, suggesting that adaptation must prioritize 
demand-side management and the transition from stationary rules toward adaptive, climate-resilient water allocation.
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