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Hydrological modeling in inland arid regions faces persistent challenges due to 
the strong spatiotemporal variability of water fluxes and limited availability of high-
quality meteorological data. Existing studies often rely on single-source interpolated 
inputs and conventional evaluation metrics, which constrain the understanding of 
internal interactions within hydrological subsystems. To address this gap, we employ 
a multi-source data framework combined with an information-theoretic approach 
to assess hydrological process connectivity and causal relationships in the Ebinur 
Basin of northwestern China. We applied the Variable Infiltration Capacity (VIC) 
model, enhanced with glacier dynamics, using three station-interpolated datasets 
and one satellite-based reanalysis product. Transfer entropy was utilized to capture 
directional dependencies between hydrological variables across seasonal and temporal 
scales. Results indicate that satellite-based and interpolated datasets produce 
contrasting spatial and seasonal patterns of water fluxes. Evapotranspiration and 
runoff dominate in summer and autumn, while snow water equivalent exhibits weak 
causal coupling. Transfer entropy provided more detailed insights than traditional 
correlation methods, particularly in identifying information flow between runoff and 
soil moisture. These findings highlight the importance of integrating information-
theoretic diagnostics and multi-source data for improving hydrological understanding 
and prediction in data-scarce, environmentally sensitive arid basins.
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1 Introduction

Hydrological modeling plays a vital role in understanding water cycle dynamics, especially 
in inland arid regions where observational data are often sparse and unevenly distributed 
(Yang et al., 2021; Pandi et al., 2021). However, the accuracy of such models is frequently 
limited by uncertainties in meteorological inputs, structural assumptions, and parameter 
calibration (Mendoza et al., 2015; Moges et al., 2021). Notably, even under identical model 
frameworks, simulations can vary widely depending on the source and quality of input data—
highlighting the strong sensitivity of hydrological outputs to external forcing. Considering 
increasing water scarcity and the need for robust planning tools for water allocation and inter-
basin transfer, it is crucial to improve our understanding of how different meteorological 
datasets influence internal hydrological processes and their interactions.

While hydrological models aim to represent the “true” behavior of water systems, their 
outputs often vary widely due to uncertainties in input data and model structure (Hadjimichael 
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et al., 2023; Liu et al., 2022). Commonly used performance metrics—
such as the Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency 
(KGE)—focus mainly on comparing simulated and observed outputs 
(Franzen et al., 2020). However, these statistical measures fall short in 
capturing internal process dynamics, such as nonlinear relationships, 
feedback loops, and time-lagged interactions between model 
components (Kumar and Gupta, 2020).

To address these limitations, researchers have increasingly turned 
to information-theoretic tools that offer a system-level perspective on 
model behavior. Among them, transfer entropy (TE) has emerged as 
a promising method for detecting directional and causal relationships 
between hydrological variables. Unlike symmetric measures such as 
correlation or mutual information, TE can quantify how one process 
influences another over time. Recent studies have demonstrated its 
value in evaluating model consistency (Konapala et al., 2020) and 
comparing internal interactions across different model setups 
(Bennett et al., 2019). This shift in focus—from output matching to 
internal process understanding—marks an important evolution in 
hydrological modeling (Nearing et al., 2016; Ruddell et al., 2019).

Spatial interpolation of meteorological station data has long been 
the standard approach for generating gridded forcing inputs in 
hydrological models (Guo et al., 2017). However, the accuracy of such 
interpolations is highly sensitive to topographic variation and station 
density, leading to substantial spatial uncertainty—particularly in 
mountainous and arid regions where ground networks are sparse 
(Guo et al., 2018; Weiland et al., 2015). Numerous investigations have 
evaluated the impact of different interpolation schemes—such as 
Thiessen polygons, inverse distance weighting, kriging, and 
ANUSPLIN—on hydrological model performance. For example, 
comparative analyses have revealed that interpolation performance 
varies with basin characteristics, and errors from interpolation can 
strongly affect integrated model outcomes in complex terrain (Guo 
et al., 2022; Schreiner-McGraw and Ajami, 2020). With the increasing 
availability and accuracy of satellite-based reanalysis products, remote 
sensing has become a promising alternative for capturing the spatial 
heterogeneity of climatic inputs. Recent work demonstrated that 
satellite-gage merged datasets can reduce runoff simulation 
uncertainty, while other studies found satellite products outperform 
ground-based datasets in regions with sparse station coverage (Sun 
R. et al., 2018; Tan and Santo, 2018). For instance, Sun et al. (2016) and 
Wang W. et al. (2021) compared satellite and interpolated datasets and 
found that each offers advantages under different hydrological and 
geographic contexts. While satellite data provide enhanced coverage 
and resolution, they may lack the precision of in-situ measurements. 
Therefore, it remains unclear how different types of meteorological 
inputs influence hydrological process connectivity and simulation 
dynamics under varying model configurations.

In this study, we proposed an information-theoretic framework 
to explore hydrological process connectivity under different 
meteorological forcing datasets and model configurations in a 
typical inland arid watershed. We  employed the Variable 
Infiltration Capacity (VIC) model—enhanced with a glacier 
dynamics module—to simulate water fluxes in the Ebinur Lake 
Basin of northwestern China. Four different forcing datasets were 
used, including three station-based interpolation methods and one 
satellite-derived reanalysis product. To assess internal system 
interactions, we  applied transfer entropy (TE) to quantify the 
directional and lagged information flows among key hydrological 

components, including precipitation, runoff, evapotranspiration, 
soil moisture, and snow water equivalent. This approach enabled 
us to move beyond conventional model evaluation and gain 
insights into the causal relationships and functional connectivity 
among subsystems under varying data and structural conditions 
(Figure 1).

2 Materials and methods

2.1 Materials

2.1.1 Study area
The Ebinur Lake Basin, located in the northwest of China’s 

Xinjiang Uyghur Autonomous Region, represents the lowest point of 
the Junggar Basin and contains Ebinur Lake—a large terminal 
saltwater lake (Figure 2; Wang et al., 2020). The basin’s primary inflows 
originate from the Bortala, Jing, and Kuitun Rivers, which rise in the 
Tianshan Mountains and define three distinct sub-basins (Zhang 
et  al., 2023). The region is surrounded by mountains to the west, 
north, and south, forming a trumpet-shaped valley plain in the center 
that supports intensive agricultural activity (Bao et al., 2022). The 
basin experiences a typical inland arid climate, with an annual mean 
temperature of approximately 9°C. July and January are the hottest 
and coldest months, respectively. Annual precipitation ranges from 90 
to 500 mm, while potential evapotranspiration reaches 1,500–
3,400 mm (Wang Y. et al., 2021). Since the 1950s, extensive agricultural 
development and human interventions have significantly altered the 
regional hydrology. Currently, only the Jing and Bortala Rivers provide 
surface runoff recharge during the flood season, while most of the 
lake’s inflow originates from subsurface flow. As a result, Ebinur Lake 
has lost nearly 60% of its surface area compared to its extent in 1950 
(Yushanjiang et al., 2018).

2.1.2 Data
This study evaluates the influence of different meteorological data 

sources on simulated water fluxes in an inland arid basin, using three 
spatial interpolation methods—linear interpolation, inverse distance 
weighting (IDW), and thin plate spline (TPS)—alongside a satellite-
based reanalysis dataset (Keller and Borkowski, 2019). All 
meteorological inputs were resampled to a uniform spatial resolution 
of 0.05° and a common temporal span of 2003–2017 for consistency 
in model simulations and comparative analysis (Table 1).

The IDW method estimates unknown grid cell values as weighted 
averages of surrounding stations based on geographic proximity. 
Linear interpolation fits straight-line segments between known data 
points, while TPS is a smoothing-based technique that incorporates 
covariate influences during spatial interpolation (Yoo, 2011). For TPS, 
WorldClim data were used as a climatic background field to reduce 
spatial bias in interpolation (Fick and Hijmans, 2017). The 
meteorological variables used as model forcing include daily 
maximum temperature, minimum temperature, wind speed, 
and precipitation.

Land surface inputs include soil and vegetation parameters from 
the VICGlobal dataset, and glacier extents derived from the Second 
Chinese Glacier Inventory (SCGI) (Schaperow et  al., 2020; Sun 
M. et al., 2018). Observed streamflow records from three hydrological 
stations—Jinghe, Bole, and Wenquan—were obtained from the 
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Ministry of Water Resources of China for the 2003–2017 period and 
used for simulation comparison and validation.

2.2 Methodology

2.2.1 Hydrologic model description
The hydrological simulations in this study were conducted using 

the Variable Infiltration Capacity (VIC) model, a semi-distributed, 
grid-based hydrologic framework designed to represent land 
surface–atmosphere interactions. The standard VIC model includes 
three primary submodules: (i) the water balance module, (ii) the 
energy balance module, and (iii) the snow and frozen soil module, 

which together allow the simulation of key surface and subsurface 
hydrological processes (Hamman et  al., 2018). The soil water 
dynamics are represented by a three-layer conceptual structure: the 
top layer captures quick responses such as bare-soil evaporation from 
light rainfall; the middle layer models unsaturated water infiltration 
and root-zone processes; and the bottom layer simulates deep 
percolation and seasonal water retention. Subsurface runoff is 
computed using a conceptual ARNO baseflow formulation, while 
surface runoff results from excess infiltration based on a variable 
infiltration capacity curve. VIC explicitly simulates 
evapotranspiration (ET) as the sum of transpiration, canopy 
interception loss, and bare-soil evaporation, calculated using the 
Penman–Monteith method. Snow accumulation and melt are 

FIGURE 1

Framework of hydrological modeling and water flux analysis.
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modeled using an energy balance approach with temperature 
thresholds to distinguish rain from snow, and frozen soil processes 
are also represented (Figure 3).

To account for land surface heterogeneity, VIC employs a sub-grid 
vegetation tiling scheme. Each grid cell is partitioned into multiple 
land cover classes, and water and energy fluxes are simulated 
separately for each vegetation tile (Scheidegger et al., 2021). The VIC 
model requires gridded meteorological forcing inputs—precipitation, 
maximum and minimum air temperature, and wind speed—along 
with land cover, vegetation, and soil parameters as input (Table 2).

Since the standard VIC model does not account for glacier 
dynamics, this study incorporates a glacier module based on the 

scheme proposed by Joseph Hamman (Chegwidden et al., 2019). 
Glacier mass balance is simulated by adding an ice layer beneath 
the snowpack, using a density threshold of 750 kg/m3 to distinguish 
snow from ice. Snow density is assumed to increase linearly with 
depth. Glacier redistribution is modeled by applying a volume–
area scaling relationship Bahr et  al. (1997), and ablation is 
represented by integrating ice and snow layers into a unified 
melt calculation.

2.2.2 Information transfer entropy
Transfer entropy is mainly used to quantify the rate at which a 

stochastic or deterministic chaotic system evolves over time to 

FIGURE 2

Study area map and distribution of simulation grids and observation sites.

TABLE 1  Summary of the four different meteorological driving data used in this study.

Forcing A1 Forcing A Forcing B Forcing C

Spatial resolution 0.05° 0.05° 0.05° 0.05°

Interpolation method The Inverse distance weighting 

(IDW) interpolation method

Linear interpolation The thin plate spline (TPS) –

Original data sources China Meteorological Station Data 

(CMA, http://data.cma.cn/)

China Meteorological 

Station Data (CMA, 

http://data.cma.cn/)

China Meteorological Station 

Data (CMA，http://data.cma.

cn/); WorldClim data (https://

www.worldclim.org/)

Medium-Range Weather Forecasts 

(ECMWF) ERA-Interim reanalysis 

dataset; Climate Hazards Group Infrared 

Precipitation with Stations (CHIRPS)

Temporal resolution 1-day 1-day 1-day 1-day

Temporal extent 2003–2017 2003–2017 2003–2017 2003–2017
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produce information (Schreiber, 2000). In information theory, 
important insights into the structure of a system can be gained by 
individually measuring the components of the system to obtain 
contributions to information generation and how they exchange 
information with each other (Nearing and Gupta, 2015). The 
foundation of information theory was established by Shannon (1948), 
who defined the information entropy of a discrete random variable 
X with N possible outcomes as given by:

	 ( ) ( )ρ ρ== −Σi 1 ·logN
x i base iH x x 	 (1)

where p(xi) is the probability of occurrence of the outcome xi and 
base is the base of the logarithm used (entropy has a binary numeric 
unit, bits, when base = 2).

Measuring the entropy between two random variables, called 
mutual information, can be thought of as the knowledge we gain 
about the other variable from measuring the source variable 
(Kraskov et  al., 2004). But the mutual information between 
variables is symmetric, and it does not tell us the extent to which 
each variable contributes individually to the shared information. 
Schreiber (2000) derived an information-theoretic measure to 
quantify the evolution of a system over time, addressing the 

FIGURE 3

Schematic structure of the VIC model. Adapted from Hamman et al. (2018).

TABLE 2  VIC model parameter setup.

Parameter name Unit Range Description

Infilt N/A 0–10.0 Variable infiltration curve parameter

Ds Fraction 0–1.0 Fraction of Dsmax where non-linear baseflow begins

Ws Fraction 0–1.0 Fraction of maximum soil moisture where non-linear baseflow occurs

depth m 0–30 Thickness of each soil moisture layer
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shortcoming that standard mutual information cannot distinguish 
between shared information, and this new method can effectively 
distinguish between drive and response elements and monitor 
asymmetries in subsystem interactions. This quantity of 
information transfer is called transfer entropy and has been known 
as a popular tool for estimating causal effects, time scales, and 
coupling strengths (Bennett et al., 2019). The formula for transfer 
entropy is given by.

	 ( ) ( )X Y t t k t t l tT k l I Y X Y: :, , , ; ;τ τ ω ωτ ω→ − − − − − −=
	 (2)

	 ( )X Y t t tT I Y X Y1 1; ;→ − −=
	 (3)

where →X YT  denotes the entropy of the transfer from 
X to Y. Where parameters k and l represent the historical window sizes 
of the dependent and target variables, respectively, and τ  and ω  
represent the time lags of the dependent and target goal variables, 
respectively. In this study, we set the parameters τ=1, ω =1, k=0, l=0, 
and choose the temporal resolution of the simulation as the method 
of choosing the time scale. The above 4 parameters are used to limit 
the complexity of high-dimensional calculations. The above equation 
enables the hydrological system under study to have the assumption 
of Markovian characteristics.

To make it easier to compute the probability distributions required 
for the information and entropy measures, this study uses the 
k-nearest-neighbor estimator in the nonparametric approach to 
estimating the distributions (Wang et  al., 2006). Because of its 
advantages of general applicability and scalability, the estimators and 
parameters are chosen to minimize the average amount of deviation 
of each calculated information transfer. More details please refer to 
Bennett et al. (2019).

2.2.3 Water balance equation
This experimental simulation restricts all the variables analyzed to 

the water balance. Due to VIC model limitations, the simulated water 
fluxes do not include groundwater flow and grid lateral flow (Xia et al., 
2018). We summarized the model output variables as precipitation (P), 
soil moisture (SM), runoff (R), evapotranspiration (ET), and snow 
water equivalent (SWE) according to the following equations.

	 = + + ∆ + ∆P ET R SWE SM 	 (4)

where ET, P, and R are the average values, and the others are the 
variation values during the day. Defined as June to August for summer; 
September to November for fall; December, January, and February for 
winter; and March to May for spring, respectively. The transfer entropy 
was then calculated for each pair of variables on daily and monthly time 
scales, both using formulas with a time lag parameter of 1. In the 
discussion section, the changes in transfer entropy between hydrologic 
variables were calculated for different time lag parameters, thus 
observing the causality of their hydrologic subsystems coupled to each 
other. It is noted that Equation 4 does not explicitly include groundwater 
storage (GWS) due to the limitations of the standard VIC model, which 
does not simulate deep aquifer dynamics. Given the limited availability 
of groundwater data and the dominance of surface runoff in the 

upstream mountainous areas of the Ebinur Basin, we assumed that 
GWS variation was relatively minor over the simulation period.

3 Results

3.1 Spatiotemporal variation of 
hydrological variables

The spatial patterns of 15-year mean precipitation (2003–2017) 
driven by the four datasets exhibited notable differences 
(Supplementary Figure S1). Precipitation was generally concentrated 
along the mountainous periphery of the basin due to the orographic 
effect of the Tianshan Mountains. Interpolated products (A, A1, B) 
yielded lower overall precipitation than the satellite-derived dataset 
(C), with B showing smoother spatial transitions and an elevation-
dependent gradient (Supplementary Figure S1b). In contrast, A1 
produced more uniform spatial patterns that failed to capture 
topographic enhancements, while A showed fragmented spatial 
features (Supplementary Figures S1a,c). Although C captured general 
patterns, it significantly overestimated precipitation in the southern 
region. The TPS method used in B, supported by WorldClim as a 
climatic background, yielded more realistic spatial distributions overall.

Figure 4 presented the simulated mean annual evapotranspiration 
across different model configurations and forcing datasets. 
Evapotranspiration was more sensitive to the choice of forcing data than 
to model structural differences (e.g., glacier vs. frozen soil 
configurations). Forcings B and C consistently produced higher 
evapotranspiration values, with spatial peaks observed in the basin’s 
western and northeastern agricultural and desert fringe zones. Central 
regions around the tail lake exhibited lower values, likely due to the 
exclusion of lake/wetland components in the model. As shown in 
Figure 5, runoff simulations generally followed the spatial patterns of 
precipitation. Incorporating the glacier module led to more concentrated 
and intensified runoff in the western and southern mountainous areas, 
while differences across other model configurations (WATER, 
ENERGY, FROZEN) were relatively minor. Forcing A resulted in 
spatially fragmented runoff, while A1 produced uniformly low values. 
Unlike other cases, C-driven simulations exhibited runoff peaks in the 
central eastern basin. Simulated soil moisture exhibited clear spatial 
heterogeneity, with higher values concentrated around the basin margin 
and central regions. Forcings A and C yielded the highest soil moisture 
values but also showed significant spatial fragmentation, particularly for 
A. The B + FROZEN configuration produced inconsistent spatial 
patterns relative to other B-driven cases (Supplementary Figure S2). 
Finally, snow water equivalent exhibited consistent patterns, with high 
values predominantly located in the western and southern mountainous 
zones. Forcings C and A produced the highest snow accumulation, 
followed by B and A1 (Supplementary Figure S3).

3.2 Seasonal variation in water balance 
variables

Figure  6 illustrated the seasonal water balance across all 
combinations of meteorological forcings and model configurations. 
All six model setups conserved water mass on an annual scale, 
although this was less evident in the monthly averaged time series 
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plots. Substantial differences were observed in seasonal flux 
magnitudes among the various driver–model combinations, 
highlighting the sensitivity of simulated water balances to both 
input data and model structure. Notably, driver A1 consistently 
produced the lowest summer fluxes across most model 
configurations. The largest inter-model variability occurred in 
evapotranspiration (ET) and soil moisture (SM), particularly during 
warm seasons.

In the FROZEN model configuration without glacier components, 
combinations using forcings A, A1, and B exhibited seasonal 
imbalances in water fluxes, likely due to temperature-driven soil 
moisture–freeze–thaw interactions. Similar inconsistencies were 
identified in the G-FROZEN setup, though to a lesser extent. These 
anomalies suggested that the frozen soil module’s melting mechanism 
inadequately coupled temperature and soil moisture dynamics. In 
contrast, the remaining model setups exhibited more stable seasonal 
behavior. Among all forcing datasets, driver C consistently generated 
the highest seasonal water fluxes, followed by A and A1.

To further quantify seasonal hydrological responses, the runoff 
ratio (R/P) was calculated for each scenario (Table 3). Driver datasets 
B and A1 produced the lowest runoff ratios across model sets, 
reflecting their lower precipitation inputs. Conversely, driver C yielded 
the highest runoff ratios in all configurations, suggesting a stronger 
precipitation–runoff coupling. These seasonal differences in flux 

partitioning provided the basis for the subsequent analysis of causal 
interactions among hydrological components using transfer entropy.

3.3 Hydrological variables monthly 
climatological analysis

Figure  7 and Supplementary Figures  4, 5 depict the monthly 
climatology of four key hydrological variables—ET, SWE, runoff, and 
soil moisture—across six model configurations and four 
meteorological forcings from 2003 to 2017. All variables are 
represented using daily medians and interquartile ranges to reflect 
variability. Evapotranspiration (ET) showed distinct seasonal behavior, 
peaking between May and August. Forcing C yielded the highest ET 
values (up to ~3 mm/day), while forcing B remained the lowest 
(mostly <1.2 mm/day). Forcing A1 displayed strong winter–spring 
oscillations due to early snowmelt, but glacier inclusion had minimal 
impact on ET seasonality.

Snow Water Equivalent (SWE) under forcing C reached a peak 
of ~580 mm in late March, significantly higher than A (~350 mm) 
and B/A1 (<100 mm). Glacier modules had limited effect on SWE 
magnitude or timing, suggesting dominant control by input 
precipitation and temperature. Runoff patterns were closely tied to 
SWE and ET trends. Forcing C generated the highest spring runoff 

FIGURE 4

Mean annual evapotranspiration (mm) simulated using different combinations of meteorological forcing datasets (A, B, A1, C) and model 
configurations. Model configurations include water-only (w), energy balance (e), frozen soil (f), glacier + water (Gw), glacier + energy (Ge), and glacier 
+ frozen soil (Gf).
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(~6.5 mm/day in April), followed by A (~3.8 mm/day), with B and 
A1 mostly <2 mm/day. Glacier inclusion notably increased A1 
runoff by over 60% during melt periods. Forcing B produced a 
secondary summer peak (~2 mm/day in July), indicating delayed 
snowmelt. Soil moisture under forcing C peaked in May–June 
(~380 mm), ~1.5–2 times higher than A and B. A1 and B exhibited 
relatively flat profiles (~180–220 mm), with minor seasonal 
fluctuation. Enabling glacier modules slightly enhanced spring soil 
moisture in A1 and B but had limited effect in other cases. Overall, 
forcing C consistently produced higher water availability, while B 
and A1 showed muted responses under both WATER and 
G-WATER setups.

3.4 Transfer entropy analysis

Figure 8 presented the simulated one-day lagged transfer entropy 
(TE) between hydrological components under all combinations of 
meteorological forcing and model configurations. These values, 
averaged over the 15-year simulation period, revealed the structure of 
information exchange networks across the water year in the 
Ebinur Basin.

Runoff (R) and evapotranspiration (ET) consistently exhibited 
the strongest information transfer to other variables across all 
combinations, reflecting their central role in the hydrological 

process network. In contrast, the TE from precipitation (P) to snow 
water equivalent (SWE) was consistently the lowest, suggesting 
weak direct coupling. This was attributed to the model structure, 
where the influence of precipitation on SWE was mediated through 
intermediate processes such as temperature or snowmelt rather 
than direct accumulation. The lowest TE values for P → SWE were 
observed under the A1 forcing with glacier model configurations, 
particularly A1_Gfrozen. A similar pattern was found in the reverse 
direction (SWE → P), with TE values typically below −4.40. TE 
values among R, ET, and soil moisture (SM) were generally higher 
(ranging from −2.23 to −3.59), indicating strong bidirectional 
interactions and efficient information exchange within these 
subsystems. Notably, TE from R to SM under C and A forcings 
showed elevated values. In contrast, TE from ET to P was lowest in 
combinations such as A1_Gwater, A1_frozen, A1_energy, A1_
water, and several A-based non-glacier configurations. Higher TE 
values from ET to SM were concentrated in combinations involving 
glacier-enhanced model configurations under A1 and B forcings. 
Meanwhile, TE from ET to SWE was relatively uniform across 
combinations, with the lowest values found in A1_Genergy and 
A1_water. The heatmap visualization enabled a clear comparative 
assessment of information transfer dynamics, supporting an 
improved understanding of subsystem coupling strength and 
highlighting the role of specific driver–model pairings in shaping 
hydrological connectivity.

FIGURE 5

Mean annual runoff (mm) simulated under combinations of meteorological forcing datasets (A, B, A1, C) and model configurations. Model 
configurations include water-only (w), energy balance (e), frozen soil (f), glacier + water (Gw), glacier + energy (Ge), and glacier + frozen soil (Gf).
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4 Discussion

4.1 Comparison of transfer entropy and 
correlation of each hydrological variable to 
runoff

To better understand the hydrological controls on runoff beyond 
average runoff ratios (e.g., lower values under forcing B in Table 3), 
we  evaluated both lagged transfer entropy (TE) and Pearson 
correlation between monthly runoff and other key variables 
(precipitation, SWE, soil moisture, and ET) under all model 
configurations and meteorological forcings.

Seasonal patterns of TE were distinct. In spring (March–May), 
TE values increased sharply across all forcing-model combinations, 
driven by snowmelt contributions. For example, SWE showed peak 
TE to runoff in April–May under forcing C, while soil moisture 

became informative under A1 and C in late spring. Outside of 
spring, particularly in autumn and winter, TE from precipitation to 
runoff diminished significantly under B and C, indicating that runoff 
was more strongly influenced by lagged processes such as subsurface 
flow or snowmelt-driven soil water rather than direct rainfall.

Correlation patterns further revealed forcing-dependent 
behaviors. Under forcing C, precipitation was negatively correlated 
with runoff from April to August (r ≈ −0.3 to −0.5), whereas SWE 
maintained strong positive correlations in summer (r ≈ 0.6) and 
autumn (r ≈ 0.4). ET showed a positive correlation with runoff in 
spring (e.g., r > 0.5 under A and C), but shifted to negative values in 
winter under A and B. Notably, A1 exhibited the weakest and least 
consistent correlations across variables, yet TE analysis suggested 
hidden nonlinear dependencies—especially for ET and SWE in 
autumn—underscoring the complementarity of TE over linear 
correlation methods.

FIGURE 6

Seasonal water balance simulated under four meteorological forcing datasets across six model configurations. Subfigures represent: (a) WATER; (b) 
G-WATER; (c) ENERGY; (d) G-ENERGY; (e) FROZEN; and (f) G-FROZEN configurations.

TABLE 3  Runoff Ratio (R/P) was calculated and simulated for each model and driving data.

A B A1 C

WATER 0.61 0.29 0.31 0.63

ENERGY 0.61 0.29 0.29 0.63

FROZEN 0.61 0.28 0.29 0.63

G-WATER 0.78 0.58 0.76 0.80

G-ENERGY 0.78 0.59 0.75 0.80

G-FROZEN 0.78 0.59 0.75 0.80

Runoff ratio is defined as the ratio of total runoff (R) to total precipitation (P) over the simulation period. “WATER,” “ENERGY,” and “FROZEN” refer to baseline VIC model structures 
focusing on water balance, energy balance, and frozen soil processes, respectively. “G-WATER,” “G-ENERGY,” and “G-FROZEN” represent glacier-enhanced configurations of the 
corresponding baseline models. Forcing datasets A, B, A1, and C represent three interpolated station-based products and one satellite-derived reanalysis dataset.
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The spatial interpolation method used in forcing data influenced 
the strength and stability of information flow. Satellite-driven forcing 
(C) yielded the most coherent patterns in both TE and correlation, 
while interpolation-based forcings (A, B, A1) displayed fragmented 
or inconsistent signal transfer. Among them, IDW provided relatively 
stable monthly TE trends, TPS showed good alignment with C but 
with generally lower TE magnitudes, and linear interpolation 
performed most erratically.

Across all VIC model variants—including those with activated 
glacier components—the patterns of TE and correlation remained 
broadly consistent, suggesting that the meteorological forcing exerts 
greater control on runoff information dynamics than structural model 
complexity (Figure 9).

4.2 Explain the relationship between 
subsystems using information transfer 
theory

Transfer entropy (TE) provides a directional, lag-sensitive 
metric to quantify the information flow between system 
components, effectively distinguishing dynamic interactions from 
static correlations caused by shared inputs or system memory 
(Konapala et  al., 2020). To assess process-level connectivity in 

hydrological subsystems, we computed TE across varying lag steps 
for different model configurations and meteorological forcing 
datasets (Figure 10; Supplementary Figures 11, 12).

In the water balance model sets, including glacier-enhanced 
versions, TE from runoff (R) to evapotranspiration (ET) and from 
R to soil moisture (SM) showed clear linear increases with 
increasing lag steps—indicating stable and direct causal 
relationships. Exceptions were observed in the a_water and a_
Gwater configurations, which exhibited irregular R → SM patterns. 
In contrast, TE from R to snow water equivalent (SWE) displayed 
more fluctuation, particularly under b_water and b_Gwater, where 
values were higher but less stable. Similar trends were observed in 
the energy and frozen soil model sets, reinforcing the finding that 
R → ET and R → SM represented consistent and strong 
information pathways across the VIC model structure. Additionally, 
TE from ET to SM exhibited a regular, lag-dependent increase 
across all configurations, suggesting a robust bidirectional coupling 
between these subsystems. Conversely, TE between ET and SWE, 
as well as SM and SWE, showed irregular or flat patterns, indicating 
weak or indirect interactions. These results suggested that SWE did 
not maintain stable causal linkages with ET or SM in the 
model structure.

Overall, the findings aligned with prior studies in arid regions 
(Chen et al., 2020; Li et al., 2018; Wang et al., 2017), confirming that 

FIGURE 7

Monthly evolution of key hydrological variables under four meteorological forcings (A, A1, B, and C) in two model configurations. Panels a, c, e, and 
g represent the WATER configuration, while panels b, d, f, and h represent the FROZEN configuration. Variables include (a,b) evapotranspiration (ET), 
(c,d) snow water equivalent (SWE), (e,f) runoff, and (g,h) soil moisture. Solid lines indicate the daily median values, and the shaded areas represent 
interquartile ranges over the simulation period. Forcing C generally produces the highest SWE and runoff, while A1 yields the lowest across 
variables.
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FIGURE 8

One-day lagged transfer entropy matrix among major hydrological variables (P: precipitation, R: runoff, ET: evapotranspiration, SM: soil moisture, SWE: 
snow water equivalent) in the Ebinur Lake Basin under different model structures and meteorological forcing datasets. Model categories are grouped 
first by forcing dataset (A, A1, B, C), and then by model configuration: WATER (water balance), ENERGY (energy balance), FROZEN (with frozen soil 
processes), G-WATER, G-ENERGY, and G-FROZEN (glacier-enhanced versions). The color intensity represents the magnitude of normalized transfer 
entropy (TE) from the row variable (source) to the column variable (target). Warmer colors indicate stronger directed information flow. Transfer entropy 
values were log-transformed and normalized, resulting in unitless magnitudes represented by color gradients. The original TE values were computed in 
bits (log₂ base).

FIGURE 9

Monthly dynamics of hydrological variables’ influence on runoff in the WATER model configuration under four forcing datasets (A, A1, B, C). (a) One-
day lagged normalized transfer entropy from each variable—precipitation (P), evapotranspiration (ET), soil moisture (SM), and snow water equivalent 
(SWE)—to runoff, highlighting the strength of directed information transfer. (b) Pearson correlation coefficients between the same variables and runoff, 
capturing linear relationships over time. Each panel corresponds to a specific forcing dataset. Color bands represent different variables (see legend), 
and the x-axis spans the hydrological year from October to September. The comparison reveals distinct temporal and structural patterns in both causal 
and correlative relationships across datasets.
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FIGURE 10

Effects of increasing lag steps (τ) on transfer entropy between key hydrological variables in the WATER and G-WATER model configurations. Each panel 
represents a pairwise information flow direction: (R → ET): runoff to evapotranspiration; (R → SM): runoff to soil moisture; (R → SWE): runoff to snow 
water equivalent; (ET → SM): evapotranspiration to soil moisture; (ET → SWE): evapotranspiration to snow water equivalent; (SM → SWE): soil moisture 
to snow water equivalent. Lines indicate the strength of one-day to 13-day lagged transfer entropy, comparing four different meteorological forcings 
(A, B, A1, C) applied to two configurations: Solid lines: WATER (standard model); Dash-dotted lines: G-WATER (glacier-enhanced model). Colors 
represent different forcing datasets: Blue = A; Purple = B; Orange = A1; Red = C. This figure highlights how lag-dependent causal interactions vary 
across meteorological inputs and model structures. G-WATER configurations generally show higher TE persistence in snow-dominated processes, 
especially for SWE-related pathways.
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runoff, evapotranspiration, and soil moisture are closely 
interconnected, while SWE remains more loosely coupled. Our use 
of transfer entropy within a physically based hydrological model 
enabled a nuanced quantification of subsystem interactions beyond 
traditional correlation methods.

5 Conclusion

This study explored the hydrological impacts of different 
meteorological forcing datasets—three station-based interpolation 
methods and one satellite reanalysis dataset—combined with multiple 
VIC model configurations, including glacier and permafrost 
modules. Spatial and seasonal patterns of hydrological fluxes were 
assessed, and the coupling relationships among subsystems were 
further evaluated using transfer entropy.

The results demonstrated that satellite reanalysis data (forcing 
C) provided more spatially consistent representations of precipitation 
than station-based interpolation, leading to more coherent 
simulations of other hydrological fluxes. In seasonal water balance 
analysis, precipitation and snow water equivalent dominated in 
winter and spring, while runoff and evapotranspiration were more 
prominent in summer and autumn. Notably, the permafrost model 
configuration exhibited seasonal imbalances, particularly in autumn 
and winter.

Transfer entropy revealed nuanced, lag-dependent causal 
relationships among hydrological subsystems. The strongest 
information transfer occurred between runoff and soil moisture, and 
between evapotranspiration and soil moisture, indicating stable 
bidirectional interactions. In contrast, the weakest information 
transfer was observed between precipitation and snow water 
equivalent, suggesting a more indirect linkage. Compared with 
traditional correlation analysis, transfer entropy more effectively 
captured the directionality and time-lagged dynamics of water 
flux interactions.

This work highlighted the value of integrating multi-source 
meteorological data with information-theoretic approaches to better 
understand process connectivity within complex hydrological 
models. Future research should further explore data fusion strategies 
combining remote sensing and in-situ observations, especially in 
data-sparse and cryospheric regions. The use of transfer entropy 
under different driving scenarios offers a promising path for 
diagnosing and improving the internal consistency of large-scale 
hydrological modeling systems.
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