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Abstract. Amid accelerating global warming, the intensification of hydrological drought in semi-arid regions has become a
critical threat to water security. In this study, we present an integrated framework that couples a physics-based WRF-Hydro
model with a deep-learning module (LSTM-Attention) for error correction and attribution analysis. Focusing on the Xilin
River Basin, a representative semi-arid catchment, this approach quantifies the relative contributions of climate change and
human activities to runoff variations across interannual and intra-annual scales over the 1980-2020 period. We further
systematically assess the impact of human activities on hydrological drought. Results reveal a significant runoff declining
trend of -23.79x10* m?/a, with an abrupt shift in 2001. During the post-shift period (2001-2020), hydrological drought
frequency surged from 7.54% in the baseline period to 54.58%. Rapid warming (0.5<C/10a) caused sustained increase of
potential evapotranspiration, while snow water equivalent decreased significantly at -1.27 mm/a; these dual effects drove the
overall runoff decline. April exhibited the most pronounced runoff reduction, accounting for 58.87% of the annual decrease.
In contrast, March runoff increased, primarily due to earlier snowmelt triggered by climate warming. Attribution analysis
indicates that human activities were the dominant driver of runoff decline, contributing 61.04%. These activities exerted dual
effects on hydrological drought: alleviating it in 29.58% of months but intensifying or triggering events in 38.34% of months.
The proposed integrated framework offers a robust tool for hydrological attribution analysis and underscores the critical role

of human activities in sustainable water resource management.

Keywords. Hydrological drought, Semi-arid region, Climate change, Human activities, Attribution analysis, Multiple time
scales

1 Introduction

Drought — the “silent disaster” — has become a pressing global challenge (Petrova et al., 2024). Global warming is
accelerating the hydrological cycle while exacerbating drought conditions in water-scarce regions. Meanwhile, escalating

global water demand continues to disrupt watershed water balance (Van Loon et al., 2016). By the end of the 21st century,
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both land area and population affected by extreme drought are projected to double (Pokhrel et al., 2021), particularly in
water-scarce semi-arid regions (Cook et al., 2018). Given the growing threats to the public interest and ecosystems, attention
to the mechanisms driving drought impacts has intensified worldwide (Petrova et al., 2024). It is therefore urgent to
accurately identify the drivers of runoff change—an essential step toward designing targeted strategies to mitigate future
societal and environmental risks (Petrova et al., 2024).

Compared to traditional empirical-statistical and conceptual water balance models, distributed hydrological models offer
explicit physical mechanisms for attributing hydrological processes and effectively characterize streamflow dynamics (Hoch
et al., 2023). WRF-Hydro, a widely adopted physically -based distributed hydrological model, provides a robust modeling
solution through its high-resolution land surface processes and modular coupling system. However, physical models
inevitably exhibit systematic biases in simulation-observation comparisons, with relatively weak performance in capturing
low-flow conditions (Towler et al., 2023). With recent advances in machine learning, integrating physical hydrological
models with deep learning has emerged as an effective way to improve simulation accuracy (Bhasme et al., 2022; Du and
Pechlivanidis, 2025; Li et al., 2024). Among such approaches, long short-term memory (LSTM) networks better capture
temporal dependencies than conventional artificial neural network (Geykli et al, 2025). By introducing an attention
mechanism, LSTM-Attention (LA) further enhances the identification of key features and has demonstrated strong
performance across diverse hydrological settings (Alizadeh et al., 2021; Cho and Kim, 2022).

Nevertheless, existing studies still present opportunities for improvement. Most attribution studies on runoff change focus on
interannual variability, while paying insufficient attention to heterogeneous responses at intra-annual scales (Wang et al.,
2025d; Zhang et al., 2025; Sun et al., 2025). In semi-arid watersheds, runoff-driving mechanisms differ markedly across
characteristic periods, including snowmelt recharge, monsoon runoff generation, and agricultural irrigation. Seasonal-scale
attribution analysis can help identify critical processes and dominant factors governing drought evolution. Additionally,
existing physics-machine learning integrated models typically feed physical model outputs directly into deep learning
algorithms for runoff prediction. This approach risks “black-boxing” physical processes, compromising model
interpretability. Furthermore, human activities exert multidimensional impacts on hydrological drought—not only altering
overall runoff conditions but also reshaping drought dynamics (duration, intensity, frequency). Therefore, systematic
quantitative assessment ofhow human activities influence hydrological drought processes warrants greater attention.

This study aims to quantify the contributions of climate change and human activities to runoff variations at both interannual
and seasonal scales, while systematically revealing how human activities affect hydrological drought mechanisms. To this
end, we developed an integrated framework coupling physical modeling with deep learning to enhance both runoff
simu lation capability and attribution reliability. Unlike conventional approaches where deep learning serves as a runoff
predictor, this study employs it exclusively for error correction. Specifically, LSTM -Attention functions as a “residual
corrector” embedded within the physical framework. It learns and predicts residuals, then refines physical simulations
through residual superposition. This strategy preserves physical mechanisms to the greatest extent while improving

simulation accuracy, thereby strengthening the robustnessand interpretability of attribution analysis.
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2 Study area and data description
2.1 Study area

The Xilin River Basin (43°25'-44°39" N, 115°02'-117°14" E) is located in Xilingol League, central Inner Mongolia
Autonomous Region (Fig. 1). Characterized by a temperate continental climate, the watershed represents a typical semi-arid
region in northern China, with elevations ranging from 894 to 1609 m. According to meteorological observations, the basin
experienced a mean annual precipitation of 303.64 mm/a and mean annual temperature of 3.14<C during 1980-2020. The
Xilin River is an inland river with a mainstream length of 175 km. In recent years, hydrological droughts and flow cessation
events have occurred frequently, and water scarcity has become increasingly severe. This study focuses on the upper Xilin
River Basin to investigate the drivers of hydrological regime changes. Land use is dominated by grassland, unused land, and

cropland. Grasslands, primarily natural pastures,are extensively and continuously distributed across the watershed.
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Figure 1: Location map of the Xilin River Basin. (a) Location of the study area; (b) Spatial distribution of land use types
in 2000.
Note: H-GG, high-coverage grassland; M-GG, medium-coverage grassland; L-GG, low-coverage grassland.

2.2 Data

Hydrological streamflow data (1980-2020) were obtained from the Jiuguwan gauging station within the basin. Given the
sparse distribution of meteorological stations in arid and semi-arid regions, which inadequately captures basin-scale climate
variability, this study employed high-resolution reanalysis datasets validated against ground observations. Meteorological
forcing data including temperature, precipitation, potential evapotranspiration, and snowfall (1980-2020, 0.25° % 0.25°
resolution) were derived from the ERAS reanalysis dataset produced by the European Centre for Medium-Range Weather
Forecasts (ECMWF). Snow water equivalent data (1980-2020, 25 km spatial resolution) were sourced from the daily snow
water equivalent/snow depth dataset for China provided by the National Cryosphere Desert Data Center (Jiang et al., 2022).

Transpiration-to-evapotranspiration ratio data were obtained from the 1981-2021 transpiration-to-evapotranspiration ratio
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dataset for China's terrestrial ecosystems (0.05°resolution) provided by the National Ecosystem Science Data Center (Niu et
al., 2020).

Land use data (1980-2020, 30 m spatial resolution) were obtained from the China Multi-period Land Use and Land Cover
Remote Sensing Monitoring Dataset (CNLUCC) provided by the Resources and Environmental Science Data Platform
(https://www.resdc.cn/). Human water withdrawal intensity data (1980-2020, 1 km spatial resolution) were derived from the
distributed global population and water withdrawal dataset from 1960 to 2020 (Yan et al., 2022). Grazing intensity and sheep
population data (1980-2024, 0.0025° spatial resolution) were both sourced from the National Ecosystem Science Data
Center, constructed based on livestock census and satellite-derived vegetation indices (Wang et al., 2024). Local water use

structure data were obtained from the Xilinhot Municipal People's Government (www.xilinhaote.gov.cn).

3 Methodol ogy

To systematically evaluate the relative contributions of climate change and human activities to watershed hydrological
drought, we developed a hybrid attribution framework integrating physically-based hydrological modeling with deep
learning (Fig. 2). Based on temporal variations in precipitation and runoff, we delineated a baseline period and an altered
period. The hydrological year was further divided into characteristic seasons (snowmelt period, wet season, dry season, and
irrigation period) according to watershed hydrological processes. Subsequently, dynamical downscaling techniques were
applied to generate high-resolution meteorological forcing data, which drove the WRF-Hydro model for parameter
calibration and validation during the baseline period. Next, an LSTM-Attention residual correction module was constructed
to enhance runoff simulation accuracy by learning nonlinear temporal relationships between climatic variables and
systematic model biases. Then simulation-observation comparison method was employed to quantify the contributions of
climate change and human activities to runoff evolution at both interannual and seasonal scales. Finally, the Standardized
Runoff Index (SRI) was used to identify hydrological drought events and systematically assess the mechanisms by which

human activities influence drought characteristics (duration, intensity, and frequency).
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Figure 2: Technical route of this study.
3.1 Trend and Change Point Analysis

Following the hydrological series analysis methodology recommended by the Wo

rld Meteorological Organization (WM O),

we employed the Mann-Kendall (MK) nonparametric test to analyse trends in runoff, climate, and human activity variables

during 1980-2020. Details of this method are referenced in Li et al. (Li et al., 2023). Additionally, to reduce uncertainties

associated with relying on a single approach, we jointly applied the MK mutatio
identify change points in the runoff series (Chang et al., 2024).
The Mann-Kendall mutation test employs standardized statistic sequences of the

n test and Pettitt test to comprehensively

forward series (UF) and backward series

(UB), with confidence bounds at a given significance level serving as thresholds. When the two sequences intersect and the
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intersection point falls within the confidence interval, the time corresponding to this intersection represents the change po int.
The Pettitt test identifies change points in time series based on rank statistics. At a significance level of o = 0.05, if the
maximum value of the test statistic exceeds the critical value, a significant change point is deemed to exist at that time. Both
methods rely on nonparametric statistical testing, require no assumption of specific data distributions, and have been widely

applied in hydrological and meteorological time series analysis (Sharma et al., 2022; Shaik and Fan, 2025).

3.2 Distributed hydrological model: WRF-Hydro

WRF-Hydro is a physics-based distributed hydrological model capable of simulating multi-scale hydrological processes at
fine grid resolution, including surface runoff, subsurface flow, and channel routing (Pletzer et al., 2024; Sofokleous et al.,
2023). To comprehensively represent the physical mechanisms of land surface processes, we selected the multi-
parameterization land surface scheme (Noah-MP) as the land surface module for WRF-Hydro (Niu et al., 2011; Yang et al.,
2011). This model can operate in coupled mode to enable two-way atmosphere-land feedback or in offline mode driven by
atmospheric forcing data for distributed hydrological simulation (Tian et al., 2024). Given that this study focuses primarily
on surface hydrological processes, we adopted the offline mode to run WRF-Hydro v5.1.2 for improved computational
efficiency (Guo et al., 2024). The simulation domain covered the Xilin River Basin and surrounding areas, with a main grid
horizontal resolution of 1 km. The WRF-Hydro sub-grid routing module employed a finer resolution of 250 m,
corresponding to an aggregation factor of 4.

Meteorological forcing data were generated through dynamical downscaling of ERAS reanalysis using the WRF model,
producing meteorological fields at 12.5 km spatial resolution and 1-hour temporal resolution, including precipitation, air
temperature, specific humidity, wind speed, surface pressure, and shortwave and longwave radiation. Regarding the model
simu lation period configuration, 1980 was designated as the spin-up period to obtain stable initial hydrological conditions.
The period 1981-1985 served as the calibration period. Drawing on relevant studies in similar geographic environments (Yu
et al., 2023; Guo et al., 2024), we selected parameters sensitive to hydrological processes for calibration. The period 198 6-
2000 served as the validation period, during which model performance was evaluated against observed runoff data.
Subsequently, 2001-2020 was designated as the simulation period for hydrological process modelling. The coefficient of
determination (R3, Nash-Sutcliffe efficiency coefficient (NSE), and Kling-Gupta efficiency coefficient (KGE) were
employed as comprehensive evaluation metrics. Model performance typically needs to be controlled within acceptable

ranges (e.g., R=2or NSE > 0.6) (Wang et al., 2025a) to ensure the reliability of attribution analysis.

3.3 Residual-correction model based on LSTM-Attention

To further improve the accuracy of WRF-Hydro streamflow simulations, we developed a tightly coupled hybrid framework
(WH-LA) that integrates the physical model with deep learning. Unlike existing studies that employ deep learning as a direct
runoff predictor to replace physical processes, this study uses LSTM-Attention as a “residual corrector.” It learns and

predicts systematic biases in the physical model, improving simulation accuracy while preserving the interpretability of

6



155

160

165

170

175

https://doi.org/10.5194/egusphere-2025-6227
Preprint. Discussion started: 24 February 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

physical mechanisms. LSTM captures temporal dependencies in hydrological processes through gating mechanisms. The
Attention mechanism enhances the model's ability to identify features from high-contribution input variables by assigning
different weights to climate variables and time steps. Through temporal learning and nonlinear fitting, deep learning can
capture implicit relationships between climate variables and model residuals, enabling precise correction of systematic biases.
Model inputs consist of two components: (1) residual series, defined as the difference between WRF-Hydro simulated runoff
and the observation; and (2) climate driving factors, including precipitation, air temperature, potential evapotranspiration,
and other variables (consistent with WRF-Hydro forcing data). All input data were standardized to monthly temporal
resolution. Following the standard “training-validation-simulation” partitioning approach, 1980-1996 (17 years) served as
the training period, 1997-2000 (4 years) severed as the validation period, and 2001-2020 (20 years) as the simu lation period.
The mathematical expression for residual correction is as follows:

() = Qups (&) — Quy D #(1)
Where r(t) represents the residual of the hydrological model simulation, Q,,,(t) is the observed runoff, and Qg (t) is the
simulated runoff.
Through LSTM-Attention learning of the nonlinear temporal relationship between climate variables and residuals r(t), the
predicted residual rf(t) is obtained. By superimposing the predicted residual onto the original WRF-Hydro simulation
results, the corrected runoff series Q.- (t) is derived:

Qeor® = Qi () + 1 (O #(2)
This strategy establishes the physical model as the foundational framework and utilizes deep learning to reduce systematic
biases, maximizing the preservation of physical mechanisms while enhancing simulation accuracy. This provides a more

reliable runoff series for subsequent drought event identification and attribution analysis.

3.4 Drought Index

This study employed the Standardized Runoff Index (SRI) to characterize hydrological drought conditions in the watershed.
SRI is based on runoff time series, uses the Gamma distribution to describe the statistical characteristics of runoff, and
quantifies drought severity through normal standardization of cumulative probabilities (Li et al., 2025). We classified
drought into five categories: no drought (SRI > -0.5), mild drought (-1.0 < SRI < -0.5), moderate drought (-1.5 < SRI < -1.0),
severedrought (-2.0 < SRI < -1.5), and extreme drought (SRI < -2.0).

SRI not only reflects streamflow variations across different periods but also captures the lagged effects of climate change on
runoff. Moreover, longer time scales can more accurately capture long-term evolution patterns and persistent change
characteristics of droughts and floods (Wang et al., 2025b; Wang et al., 2025c). Therefore, this study adopted a 12-month

SRI to analyze hydrological drought characteristics in the Xilin River Basin.
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3.5 Quantitative Assessment of Climate Change and Human Activity Contributions

This study employed the simulation-observation comparison method to quantitatively assess the contributions of climate
change and human activ ities to runoff variations. Specifically, after calibration of the hydrological model during the baseline
period, we assume that the WRF-Hydro results are “perfect” simulations which represent the truly observation, and the
parameters we set reflects the watershed's underlying surface characteristics and runoff generation and concentration
mechanisms during that period. During the altered period, by maintaining constant parameters while updating only
meteorological forcing data, the simulated runoff responds solely to climate change, whereas observed runoff is influenced
by both climate change and human activities. The difference between the two represents the net effect of human activities.
The specific calculation steps are as follows:
Step 1. Period delineation. Based on the change point test results from Section 3.1, the study period was divided into a
baseline period and an altered period. During the baseline period, runoff changes were minimally influenced by human
activities and can be neglected. During the altered period, runoff changes were jointly affected by climate change and human
activities.
Step 2: Natural runoff simu lation. Using the parameter set calibrated during the baseline period, the W RF-Hydro model was
driven by meteorological forcing data from the altered period and corrected through LSTM -Attention residual correction to
obtain the simulated runoff series for the altered period. This series represents “natural runoff” influenced only by climate
change. Specifically, thetotal change in runoff is:
AQ = Qops,2 — Qobs,l#(3)

where Q,ps. is the multi-year average observed runoff during the altered period, and Q4 is the multi-year average
observed runoff during the baseline period. The runoff change caused solely by climate changeis:

AQcumate = Qsim,2 = Qobs,1 #(4)
where Qg is the multi-year average simulated runoff during the altered period. The runoff change caused by human
activities is:

AQyuman = AQ = AQciimare #(5)
Therefore, the contribution rates of climate change (C imqte) @nd human activities (Cyyman ) t0 runoff changes are
respectively:

AQ
Ceiimate = % x 100% #(6)

AQ
Crrvman = % x 100% #(7)
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4 Result
4.1 Variation Characteristics of Climate Variables and Runoff
4.1.1 Annual Variation Trends

Fig. 3 presents the annual trends of temperature, precipitation, and runoff in the Xilin River Basin during 1980—2020. Mean
annual temperature exhibited a significant increasing trend (|Z| > 2.58) at a rate of 0.5C/10a. Annual precipitation showed a
fluctuating upward trend with a growth rate of 0.15 mm/a, though this was not statistically significant (|Z| < 1.96). Annual
runoff demonstrated a significant declining trend (jZ| > 2.58), decreasing at a rate of -23.79x10* m/a.

Fig. 3(c—d)display the results of the MK mutation test and Pettitt test for annual runoff, respectively. Both methods identified
2001 as the critical change point year in the runoff series, with test results achieving statistical significance at the 5% level.
Accordingly, 1980-2000 was designated as the baseline period. During this stage, runoff changes were primarily driven by
climatic factors, with negligible human activity impacts. The period 2001-2020 was designated as the altered period, during
which runoff changes were jointly influenced by both climate change and human activities. Comparing multi-year average
runoff between the two periods, the baseline period averaged 1943.36x10* m?*, which decreased to 1087.83x10* m® during

the altered period—a reduction of 44.03%, highlighting the acute water scarcity problem.
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Figure 3: Interannual trends and change point identification for climate variables and runoff. (a) Trends in mean annual
temperature and annual precipitation; (b) Trend in annual runoff; (c) Change point test based on the Mann-Kendall
method; (d) Change point test based on the Pettitt method.
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4.1.2 Intra-annual Distribution Pattern and Hydrological Season Division

Fig. 4 illustrates the intra-annual (monthly) distribution of precipitation and runoff in the Xilin River Basin during 1980-
2020. Monthly precipitation is shown as bars (multi-year mean), and monthly runoff is summarized using box plots.
Precipitation was primarily concentrated during May—September, accounting for 85.33% of the annual total. The runoff
regime exhibited a bimodal distribution, with peaks occurring in April and August. April runoff, sustained by spring
snowmelt recharge, reached the annual maximum (36.24% of the total). Subsequently, runoff gradually declined until
concentrated rainy season precipitation generated a secondary peak. October through February of the following year
constituted the dry period, during which runoff remained at low levels, with monthly runoff accounting for less than 5% of
the annual total. Based on these intra-annual hydrological process characteristics, this study divided the year into four
characteristic hydrological periods: early snowmelt period (March, Snow-E), when temperatures rise but snowpack has not
yet undergone large-scale melting; peak snowmelt period (April, Snow-M), when rapid snowmelt generates the annual
runoff peak; wet season (May—September, Rainy), characterized by concentrated rainy season precipitation and runoff
generation; and dry season (October—February of the following year, Dry), characterized by sparse precipitation and low
runoff. Additionally, given that the study area primarily cultivates silage corn, the critical growth period (June—August) was

designated as the irrigation season (Irrigation).
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Figure 4: Intra-annual distribution characteristics of precipitation and runoff.
Note: Snow-E, early snowmelt period; Snow-M, peak snowmelt period.
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4.2 Performance Assessment of the Integrated Model for Runoff Simulation

Fig. 5 compares the runoff simulation performance of the WRF-Hydro and WH-DL models in the study area. Overall,
although the WRF-Hydro model simulated runoff agreed well with observed runoff, systematic biases persisted in peak flow
simu lation. In contrast, the WH-DL model produced simulated runoff with a hydrograph shape more closely resembling
observations. Notably, the WH-DL model better captured peak flow characteristics during low-flow periods. To evaluate
model simu lation performance, the coefficient of determination (R5, Nash-Sutcliffe efficiency coefficient (NSE), and Kling-
Gupta efficiency coefficient (KGE) were employed as comprehensive metrics for parameter calibration and model validation.
According to these three-evaluation metrics, the WH-DL model substantially improved runoff simulation accuracy. During
the calibration period, the WH-DL model demonstrated superior performance across all three metrics, achieving values of
0.81, 0.77, and 0.70, respectively. Validation period results showed that WRF-Hydro yielded RZNSE, and KGE values of
0.51, 0.49, and 0.62, respectively, while the WH-DL model improved these to 0.73, 0.71, and 0.69. Overall, the WH-DL
model demonstrated superior simulation performance.
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Figure 5: Comparison of runoff simulation performance between WRF-Hydro and the WH-LA integrated model.

Note: The dark blue line represents WRF-Hydro (WH) simulation results; the red line represents simulation results from WRF-Hydro combined with deep
learning (WH-DL).
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4.3 Quantitative Impacts of Climate Change and Human Activities on Runoff Variations

Fig. 6 presents the attribution analysis results based on the WH-DL model, quantitatively separating the relative
contributions of climate change (blue) and human activities (red) to runoff variations at different temporal scales. Their sum
represents the total change relative to observed runoff during the baseline period. As shown in Fig. 6a, at the interannual
scale, human activities were the dominant driver of runoff reduction, contributing 61.04%. Further analysis revealed that
during the first half of the altered period (2001-2010), climate change and human activities had comparable impacts on
runoff, with contributions of -422.66x10* m3/a and -477.93x10* m’/a, respectively. During the second half of the altered

period (2011-2020), runoff reduction attributed to human activities reached 520.31x10* m?/a, with a contribution rate of
approximately 65.32%.
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Figure 6: Impacts of climate change and human activities on runoff at annual (a) and seasonal (b) scales.

At the intra-annual scale (Fig. 6b), the Snow-M period experienced the most severe runoff reduction, contributing 58.87% to
the annual runoff decline. During this period, climate change and human activities led to runoff reductions of 103.27x10*
n?/month and 66.83x10* m’/month, respectively. Additionally, runoff changes during the Irrigation, Rainy, and Dry periods
were -137.89, -115.45, and -45.61x10* m3*/ month, respectively. Moreover, human activities contributed more than climate
change across all three periods. Particularly noteworthy is that Snow-E was the only period exhibiting runoff increase,
reaching 35.17x10* m’/month. Further analysis revealed that climate change was the dominant driver of runoff increase

during this period, contributing 34.82x10* m*/month.

4.4 Different Types of Human Activity Impacts on Hydrological Drought

Based on observed and simulated runoff data from 1980-2020, we obtained variations in hydrological drought (SRI-12) and
its response to human activities (Fig. 7). The observations indicate that hydrological drought intensified during the altered
period compared to the baseline period. During the baseline period, the mean SRI-12 was 0.53, with only 19 months
experiencing hydrological drought events (accounting for 7.54%), all of which were mild droughts. In the altered period

(2001-2020), the mean SRI-12 plummeted to —0.56, with 131 drought months (54.58% of all months) and frequent
12
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moderate-to-extreme drought events. Notably, two prolonged continuous drought periods emerged during the altered period
in the observation, spanning June 2009-June 2012 and April 2017-July 2020, respectively. Human activities exhibited dual
impacts on hydrological drought. From monthly statistics, 71 months (29.58%) showed that human activities alleviated
hydrological drought, primarily concentrated during 2005-2007 and 2016—2018. Human activities intensified drought during
58 months (24.17%) and triggered drought during 34 months (14.17%). These adverse impacts primarily occurred during
2009-2011 and 2018-2020.

4 -

—OBS Alleviated by human activities Exacerbated by human activities
e W H =D Induced by human activities

SRI-12

-2 -

I I I I I
1980/01 1988/01 1996/01 2004/01 2012/01 2020/01

Figure 7: Three types of human activity impact patterns on hydrological drought evolution.

Note: In the figure, the black solid line represents observed SRI-12 values, whilethe red solid line represents simulated values. The black dashed line (SRI-
12 =-0.5) indicates the drought threshold. In this study, human activity impacts on hydrological drought events were classified into three types. Blue, red,
and yellow shaded areas correspond to human activities alleviating, intensifying, and triggering hydrological drought events, respectively. Specifically,
when simulated values indicated drought (SRI-12 < -0.5) and observed values exceeded simulated values, this signified that human activities alleviated
drought. When both observed and simulated values indicated drought events, and simulated values exceeded observed values, this signified that human
activities intensified drought. When observed values indicated drought events while simulated values did not, this signified that human activities triggered
drought.

5 Discussion

This study developed a hybrid attribution framework combining a physically-based distributed hydrological model with deep
learning to quantitatively separate the relative contributions of climate change and human activities to runoff decline in the
Xilin River across different temporal scales. In recent years, this approach has been widely adopted, with its effectiveness
validated across various catchments (Kapoor and Chandra, 2026; Yao et al., 2025; Xie et al., 2026). Unlike coupling methods
that "use deep learning to predict runoff," this study employs deep learning solely as an error correction module. It only
corrects physical model biases without replacing the underlying physical mechanis ms. This strategy enhances the accuracy
of simulating different flow regimes, particularly low-flow hydrological processes, while preserving the interpretability of
physical mechanisms. Consequently, it strengthens the robustness and applicability of attribution analysis. Nevertheless, the
attribution framework in this study assumes that runoff variations before the change-point year were not influenced by
human activities. This assumption introduces uncertainty into the quantitative analysis and may bias the calculation of

contribution rates. This represents a limitation of the study.
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5.1 Driving Mechanisms of Climate Change on Hydrological Drought

Hydrological processes are complex and driven by multiple factors. In arid/semi-arid watersheds, rising potential
evapotranspiration induced by warming amplifies evaporative demand and water deficit, leading to greater water loss from
the land surface (Milly and Dunne, 2016; Berghuijs et al., 2017). The relative contribution of PET becomes particularly
prominent when precipitation changes are modest (Wang et al, 2022b). The Xilin River Basin's multi-year average
precipitation of only 303.64 mm/a falls far below potential evapotranspiration demand (831.94 mm/a) (Qu et al., 2025),
creating a persistent water deficit environment. Against this backdrop, enhanced evapotranspiration capacity reduces actually
available water resources. Despite rainy season precipitation accounting for 85.33% of annual totals, its conversion
efficiency to runoff remains limited, contributing only 50.89%. Precipitation does not directly convert to runoff but is
primarily consumed through evapotranspiration, substantially weakening precipitation's regulatory function in alleviating
drought. Additionally, temperature in the Xilin River Basin has increased significantly at 0.5<C/10a, far exceeding the
concurrent global warming trend (0.2<C/10a) (Wang et al., 2022a). Rapid warming has further strengthened
evapotranspiration's controlling role over hydrological processes. Although temperature and precipitation are important
drivers of hydrological processes, they ranked relatively lower in the SHAP analysis. This further confirms that in water-
limited semi-arid environments, water loss processes exert stronger control over runoff variations than water input processes
(precipitation) (Turkeltaub and Bel, 2024).

Snowmelt, as the second-ranked contributing factor influencing hydrological processes (see Fig. S1 in the Supplement), also
serves as a crucial recharge source for spring runoff. In water-scarce semi-arid environments, winter snowpack functions as a
“natural reservoir”, with spring snowmelt providing substantial water replenishment to the watershed. However, under
global warming, snow storage capacity has been declining significantly (Cottlieb and Mankin, 2024). In the study area, the
progressive decline in snowmelt recharge capacity has directly led to severe reduction in water supply during the peak
snowmelt period (see Fig. S2 in the Supplement). This corroborates the finding that runoff reduction during this period
accounts for 58.87% of the total annual reduction.

On the other hand, rising temperatures have also advanced the timing of snowmelt processes (Cook et al., 2018). The early
snowmelt period (March) represents the only period throughout the year exhibiting relative runoff increase, with climate
change contributing the dominant role. This indicates that warming-induced earlier snowmelt provides substantial snowmelt
water recharge to runoff. However, earlier snowmelt essentially represents a temporal redistribution of limited snowpack
reserves rather than an increase in total volume. This also results in reduced snowmelt recharge available for later periods, as
snowmelt water is dispersed to earlier time intervals. In summary, although March runoff has increased, this is primarily
attributable to earlier snowmelt timing. Overall, snowpack reduction and the accompanying decline in snowmelt recharge

capacity constitute critical climate driving factors exacerbating hydrological drought.
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5.2 Watershed Hydrological Response Under Human Activity Intervention

Land use change directly manifests how human activities alter underlying surface characteristics and reshape hydrological
processes. Grassland dominates the study area (accounting for more than 91% of the total area), yet it has undergone
pronounced stage-wise transitions since 2000. During 2000-2010, land-use change was primarily driven by ecological
restoration policies, with forest expansion being the most prominent (see Fig. S3 in the Supplement). In semi-arid regions
with limited water resource carrying capacity, when vegetation ecological water demand exceeds precipitation supply
capacity, rapidly expanding vegetation intensifies soil water uptake, further exacerbating water deficit (YYan et al., 2025).
During 20112020, agricu ltural development and urban construction accelerated. A lthough these two land types represented
small proportions (totaling approximately 3—-4%), they were predominantly distributed near river channels. This facilitated
more convenient and frequent channel water diversion and shallow groundwater e xtraction activities, directly reducing
channel runoff. Additionally, local agriculture focuses primarily on silage corn cultivation, with crops requiring substantial
irrigation water during the growing period. This corroborates the finding that human activities contribute most significantly
to runoff reduction during the irrigation season. Furthermore, fromthe local water use structure perspective, irrigation water
use and domestic water use accounted for 53.5% and 27.7% of total water consumption, respectively. Agricultural irrigation
exhibits characteristics of high water consumption and high evapotranspiration. It directly extracts surface water and shallow
groundwater to meet crop demands, while large volumes of water are consumed through farmland evap otranspiration after
irrigation, with minimal return to channels. Domestic water use weakens runoff recharge through continuous water
extraction and urban expansion (Mcdonald et al., 2011). Moreover, with population growth and rising living standards, water
demand will continue to increase.

In addition, human water withdrawal intensity, sheep population, and grazing intensity have increased significantly over the
past ~40 years (see Fig. S4 in the Supplement). Sustained intensification of human water withdrawal directly reduces
channel runoff and indirectly alters runoff recharge mechanisms by affecting surface water-groundwater exchange processes.
With continuous growth in agricultural irrigation, domestic water use, and livestock drinking water demands, extraction
intensity of surface water and shallow groundwater has intensified, further reducing channel runoff recharge. Furthermore,
improper grazing practices lead to vegetation degradation and increased bare soil area. This exacerbates soil moisture
evapotranspiration, reduces soil water storage, and affects runoff generation (An et al., 2019). Additionally, livestock manure
and urine elevate soil nitrogen and phosphorus content, reducing soil water retention capacity (Zhou et al., 2024). Moreover,
heavily grazed grassland areas typically harbor higher abundances of soil insects (such as beetles). The biological channels
created by their burrowing activities enhance soil infiltration capacity and reduce channel runoff concentration. In summary,
to reduce hydrological drought risk, measures such as establishing riparian fencing and optimizing grazing practices can be
implemented (Chen et al., 2022; Shi et al., 2022).
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6 Conclusions

This study presents an integrated modeling framework coupling physics-based WRF-Hydro model with deep learning to
investigate the hydrological drought variations in the Xilin River Basin and their dual climate -human driving mechanis ms.
Deep learning, embedded as an “error corrector” within the framework, enhanced runoff simu lation accuracy. In particular, it
improved the capacity to capture low-flow processes and peak characteristics, thereby strengthening the reliability of
hydrological drought attribution.

During 1980-2020, annual runoff in the Xilin River declined significantly, with an abrupt shift occurring in 2001. In
subsequent the altered period, hydrological drought frequency, duration, and intensity all intensified. In seasonal scale,
runoff reduction during the peak snowmelt period was most pronounced, contributing 58.87% to total reduction. In contrast,
during the early snowmelt period, runoff increased relative to the baseline period due to earlier snowmelt induced by
warming. Attribution analysis highlights potential evapotranspiration and snowmelt as key climatic factors influencing
runoff. Local temperature rise far beyond the global average, causing persistent evapotranspiration increase under a
background of relatively stable precipitation changes, indicating evapotranspiration as the main climatic driver of long-term
runoff decline. Meanwhile, snow water decreased significantly at -1.27 mm/a, causing substantial spring runoff reduction
due to declining snowmelt recharge. Human activities, on the other hand, played the dominant role in runoff reduction,
explaining 61.04% of the runoff drop and exacerbated drought risk through multiple pathways, including sustained increase
in water withdrawal intensity, overgrazing disruption on watershed water balance and so on. At the same time, rapid land use
transformation, such as vegetation restoration that enhanced transpiration consumption, coupled with expansion in cropland
and built-up areas that accelerated water consumption, further weakened surface-groundwater recharge and concentration
processes, ultimately intensified hydrological drought.

In summary, water resource security in the Xilin River Basin is under crucial threat. The integrated modeling framework
proposed in this study provides a robust tool for water planning in semi-arid regions, building confidence in addressing

challenges of climate change and human activities on hydrological drought in water-stressed areas.

Code and data availability

The WRF-Hydro model is available from GitHub (https://github.com/NCAR/wrf_hydro_nwm_public.git). ERA5-Land data
were obtained from the Copernicus Climate Data Store (DOI: 10.24381/cds.e2161bac). The LSTM -Attention algorithm and
the associated dataset used in this study are available at https:/github.com/Wir2019/Climate-Driven-Runoff-Modeling-
LSTM-Attention.git. Snow water equivalent data are available from the National Earth System Science Data Center,
National Science & Technology Infrastructure of China (DOI: 10.12041/geodata.214988958 860999.verl.db). The
transpiration-to-evapotranspiration ratio (T/ET) dataset for China’s terrestrial ecosystems is available at DOL:
10.17605/0SF.IO/MERZN. Land-use data were obtained from the Data Center for Resources and Environmental Sciences,
Chinese Academy of Sciences (DOI: 10.12078/2018070201). Human water-withdrawal intensity data are available at
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https://doi.org/10.6084/m9.figshare.19387406. Grazing intensity and sheep stock data are available at DOI:
10.6084/m9.figshare.26195684.v3. Local water-use structure data were obtained from publicly available records of the

Xilinhot Municipal People’s Government (www.xilinhaote.gov.cn, accessed on 10 June 2025).
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