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A B S T R A C T   

Data-driven hydrological modeling has seen rapid development in recent years owing to its flexibility to 
approximate the complex relationships between driving forces and hydrological fluxes. However, traditional 
data-driven models typically cannot simultaneously capture the processes that pose both chronic and acute 
impacts on streamflow, thus impeding further inference. Therefore, this study presents a baseflow-filtered hy-
drological inference model to gain insights into hydrological processes in irrigated watersheds. The proposed 
model starts with separating the streamflow process into two sub-processes using a process-based baseflow 
separation method. Each sub-process is simulated through a new interpretable data-driven model. The resulting 
hydrological inferences facilitate the identification of the dominant factors influencing flows in saturated and 
unsaturated zones. The proposed model is applied to three irrigated watersheds, and the evaluation metrics show 
that the proposed model outperforms two conventional data-driven models. Our findings reveal that predictors 
associated with air temperature and long-term (i.e., monthly) irrigation are mainly responsible for characterizing 
baseflow dynamics, while precipitation and short-term (i.e., semi-weekly or weekly) irrigation are primarily 
responsible for describing overland flow and interflow dynamics. The fidelity of the derived hydrological 
inference is further demonstrated through sensitivity analysis. The results show that the relative importance of 
predictors not only reflects their significance on model performance, but also influence the changes on 
streamflow.   

1. Introduction 

Farming has altered the hydrological processes and threatened the 
ecosystems in many regions worldwide (Clement et al., 2009; Dewandel 
et al., 2008; Dong et al., 2015; Gosain et al., 2005). In particular, flood 
irrigation is a prevailing irrigation method that has been widely used in 
many countries (Das Bhowmik et al., 2020; Mottaleb et al., 2019). On 
one hand, such an irrigation method intensifies the rainfall-runoff pro-
cess by increasing surface runoff, thereby raising the risk of flooding (Gu 
et al., 2019). On the other hand, it increases groundwater levels and 
causes salinization (Kong et al., 2021; Waleeittikul et al., 2019). To help 
mitigate these negative impacts and to develop sound irrigation plans, it 
is necessary to examine the contribution of relevant driving forces (e.g., 
precipitation and irrigation) to surface and subsurface flows. 

Hydrological processes in irrigated watersheds are more complex 

than those in pristine watersheds due to crop evapotranspiration 
(Vishwakarma et al., 2022) and irrigation schemes (Li et al., 2022a), 
which should consider both flood control and optimal allocation of often 
insufficient irrigation water available spatially and temporally (Li et al., 
2019; Razavi et al., 2020). Such complexities lead to a significant 
challenge in quantifying the relative contributions of irrigation and 
precipitation to the rainfall-runoff processes. Extensive efforts have been 
made in the past decades to quantify associated driving forces, such as 
the use of isotope-based methods (Kong et al., 2021; Lee et al., 2021; Lv 
et al., 2018), correlation-based methods (Młyński et al., 2021; Qing 
et al., 2022; You and Wang, 2021), sensitivity-based methods (Kumar 
et al., 2022), and process-based simulation models (Ditthakit et al., 
2021; Liu et al., 2020; Ramireddygari et al., 2000; Traylor and Zlotnik, 
2016; Zeng and Cai, 2014). Although previous approaches advanced our 
understanding of the underlying hydrological mechanisms in irrigated 
watersheds, they required tremendous time to acquire and process the 
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data (Lee et al., 2021; Liu et al., 2020). For instance, the limited 
accessibility of high-resolution spatially distributed irrigated water may 
hinder the application of process-based simulation models. Moreover, 
irrigated watersheds are often characterized by a flat terrain, which is 
particularly difficult to delineate an appropriate watershed domain for 
running distributed hydrological models (Rahman et al., 2010). 

As an alternative to the above-mentioned approaches, data-driven 
models, such as neural networks (Yang et al., 2021; ASCE Task Com-
mittee, 2000; Baek et al., 2020; Chen et al., 2014; Hsu et al., 1995; 
Kratzert et al., 2019a), genetic programming (Babovic and Keijzer, 
2002; Chadalawada et al., 2020; Meshgi et al., 2015) and regression tree 
ensemble (RTE) (Galelli and Castelletti, 2013; Li et al., 2021a; Schnier 
and Cai, 2014; Zhang et al., 2019), have received increasing attention in 
recent years, especially in the quantification of the contributions of 
driving forces. For instance, Kratzert et al. (2019b) investigated the 
relative contributions of climatic and non-climatic factors to runoff 
generation through long short-term memory networks. Konapala and 
Mishra (2020) examined 60 variables through a random forest model 
(Breiman, 2001) to understand their relative contributions to hydro-
logical drought development. Schmidt et al. (2020) explored the relative 
contribution of multiple driving forces to flood events in Germany 
through three data-driven models. Although previous studies have 
effectively quantified the relationship between model inputs and out-
puts, it is still unclear whether the relative contributions of driving 
forces are physically consistent. 

“Physically consistent” means that the obtained relative contribu-
tions not only reflect the importance of predictors influencing the 
goodness-of-fit of a model but also influence the changes on streamflow 
(Razavi, 2021). In recent years, the need for physically consistency of 
data-driven models has led to research efforts on hybridizing process- 
based and data-driven approaches in hydrological sciences and 
beyond – refer to Razavi et al. (2022) for a review and perspective of 
such hybridization efforts. There are various ways of incorporating hy-
drological knowledge into data-driven models (Chadalawada et al., 
2020; Herath et al., 2021; Karpatne et al., 2018; Nearing et al., 2021; 
Singh et al., 2017). For instance, Daw et al. (2017) used physics-based 
loss functions to guide the learning of neural networks. Liang et al. 
(2019) and Lu et al. (2021) incorporated the outputs from a process- 
based model into data-driven models to improve predictive skills. 
However, since the above-mentioned approaches did not take into ac-
count the physical processes of hydrology, the interpretability is still 

limited. 
In recent years, attempts have been made to incorporate data-driven 

models into the structure of process-driven models (Bhasme et al., 2021; 
Khandelwal, et al., 2020). One of the successful attempts is to use data- 
driven models to emulate sub-hydrological processes (e.g., overland 
flow and baseflow) generated from a process-based model (Meshgi et al., 
2015; Tongal and Booij, 2018). Such a method allows the simulation 
from a data-driven model to be explained under the paradigm of a two- 
layer hydrological model structure (Badrzadeh et al., 2016; Corzo and 
Solomatine, 2007; Tongal and Booij, 2018; Wu et al., 2009). The 
rationale behind this method is that the underlying mechanisms of 
streamflow dynamics are more likely to lead to distinct behaviors in 
terms of flow magnitudes and seasonal characteristics (Dralle et al., 
2016; Newman et al., 2015). Specifically, the baseflow mainly contrib-
utes to low-flow events, whereas intense storms give rise to high-flow 
events. A single global data-driven model could hardly capture both 
high- and low-runoff dynamics (Wu et al., 2009). Consequently, 
modular models (i.e., building separate models for several sub- 
hydrological processes) are desired for hydrological simulation and 
inference (Solomatine and Ostfeld, 2008). Nevertheless, most of the 
existing data-driven models with modular model considerations mainly 
focus on improving predictive accuracy (Tongal and Booij, 2018) or 
quantifying the contribution of different land uses (Meshgi et al., 2015). 
The relative contribution of relevant driving forces to surface and sub- 
surface flow generations has not yet been studied. This requires a 
formal sensitivity analysis to peer inside data-driven models to under-
stand their internals and improve the interpretability of their results – 
see Section 3.4 of Razavi et al. (2021) for a discussion. In irrigated 
watersheds, quantifying such contribution could be particularly useful 
in facilitating the conjunctive operation of surface water and ground-
water resources, thereby reducing the risks of flooding and salinization. 

In light of the above considerations, the objective of this study is to 
develop a baseflow-filtered stepwise clustered ensemble (BFSCE) to 
improve the quantification of the relative contribution of associated 
driving forces (e.g., precipitation and irrigation) to sub-hydrological 
processes (i.e., surface and subsurface flows). This study entails (i) 
analyzing sub-hydrological processes (including surface and subsurface 
flows) of three irrigated watersheds in the upper reach of the Yellow 
River Basin, China; (ii) identifying the relative contribution of associated 
driving forces to each of the sub-hydrological processes through Wilks 
feature importance (WFI) method; (iii) running a sensitivity analysis to 
examine the impact of precipitation, irrigation, and their interactions 
through multilevel factorial analysis (MFA) to support the relevant 
inference; (iv) gaining insights into runoff generation mechanisms based 
on the results derived from WFI and MFA. 

2. Development of the baseflow filtered stepwise clustered 
ensemble 

In this study, the baseflow in this study is defined as the groundwater 
contribution to streamflow, which can be affected by many factors such 
as changes in watershed characteristics, soil, land use, and climate 
(Price, 2011). The overland flow is defined as water flowing over the 
land surface, excluding streams and rivers. The interflow is defined as 
the lateral movement of water in the unsaturated zone or vadose zone, 
which first returns to the surface or enters a stream before becoming 
groundwater (Ward and Trimble, 2003). The proposed BFSCE model 
improved upon the previous modular models by enabling an inference 
module, which allows the in-depth understanding of sub-hydrological 
processes. The framework of the BFSCE (panel a in Fig. 1) consists of 
a process-based baseflow separation module, a simulation module, and 
an inference module. The baseflow separation module divides the 
streamflow into two components: baseflow and the sum of overland flow 
and interflow (hereinafter referred to as O&I flows) based on ground-
water level fluctuations. The simulation module separately estimates the 
daily flow rates of baseflow, and O&I flows. The total streamflow rates 

Nomenclature 

BFSCE Baseflow-filtered stepwise clustered ensemble 
KGE Kling-Gupta efficiency 
MAE Mean absolute error 
MFA Multilevel factorial analysis 
MK Mann-Kendall trend test 
ML Machine learning 
NSE Nash–Sutcliffe efficiency 
OOB Out-of-bag samples 
O&I Overland flow and interflow 
R2 Coefficient of determination 
RC Relative contribution 
RF Random Forest 
RMSE Root mean squared error 
RTE Regression tree ensemble 
SCA Stepwise cluster analysis 
SI Spring irrigation 
VE Volumetric efficiency 
WFI Wilks feature importance 
WI Winter irrigation  
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are obtained as the sum of these two flow components. The inference 
module quantifies the relative contributions of associated model pre-
dictors to sub-hydrological processes (i.e., baseflow and O&I flows). 

2.1. Process-Driven baseflow separation 

The baseflow separation module follows the study of Meshgi et al. 
(2014), which estimates the daily baseflow volume through the fluctu-
ation of groundwater level: 

QB(t) = QB(min) +
̅̅̅̅̅̅
bA

√
Δh2

p(t+k) (1)  

where QB(t) represents the daily baseflow volume (m3/day) at time t; QB 

(min) is the minimum daily baseflow volume for the entire training 
dataset (m3/day); b is the coefficient related to the saturated hydraulic 
conductivity (Ks) (b = 0.1Ks); A is the total unpaved surface area in the 
catchment (m2); k is the lag time between rainfall events and ground-
water table responses; Δhp(t+k) is the normalized daily average of pres-
sure head (m) (Δhp(t+k)=h(t+k) - hmin) in which h(t+k) is the daily averaged 
pressure head at time t + k and hmin is the minimum daily averaged 
pressure head (m) observed for the entire dataset. 

In Equation (1), the first term QB(min) represents the minimum 
baseflow corresponding to the deepest groundwater table in the dry 
period; the second term 

̅̅̅̅̅̅
bA

√
Δh2

p(t+k) approximates the additional base-
flow due to the rise in the groundwater table. Similar to Darcy’s law 
(q = − KA ∂h

∂x) that relates discharge to pressure head gradient, the only 
variable in Equation (1) is the pressure head h, which is correlated to the 
saturated flow. The effectiveness of this method was firstly verified in a 
semi-urban catchment in Singapore and then was further proved 

successful in a cross-site, cross-scale application in a northeastern US 
watershed (Meshgi et al., 2014). Once the baseflow volume is calculated 
through Equation (1), it is then converted to the daily mean baseflow 
rate (m3/s). The overland flow rate can be calculated as the difference 
between the streamflow (m3/s) and the baseflow rate (m3/s). 

Compared with other baseflow estimation methods such as the dig-
ital filter method, which removes the high-frequency signal from a 
streamflow time series in order to obtain the low-frequency baseflow 
signal (Eckhardt, 2005), Meshgi’s method includes more physically 
meaningful information (e.g., hydrologic conductivity and groundwater 
level fluctuation) to derive the baseflow (Meshgi et al., 2014). This 
method can thus avoid using empirical parameters that require cali-
bration. Moreover, since Meshgi’s method does not require information 
about streamflow, the obtained baseflow time series contains signals 
independent of streamflow time series. These independent signals are 
expected to provide more information than dependent ones (derived 
using digital filter method) for hydrological inference. One limitation of 
Meshgi’s method is that it requires data on groundwater fluctuation as 
input, which may be unavailable in many pristine watersheds. 

2.2. SCE-based hydrological simulation 

The baseflow and O&I flows are separately simulated through 
Stepwise Clustered Ensemble (SCE) (Li et al., 2021a). Stepwise Clustered 
Ensemble (SCE) is an ensemble of tree-structured models, and it has 
been used as a useful alternative to the well-known random forest (RF) 
(Breiman, 2001). In particular, SCE has been reported as a promising 
data-driven approach for streamflow simulation in terms of predictive 
accuracy and interpretability (Li et al., 2021a). The basic concept of 
regression tree ensemble is that when the number of ensemble members 

Fig. 1. The framework of the proposed BFSCE model (panel a); illustration of the stepwise clustered ensemble (panel b); an example of SCA tree (panel c). Note that 
X1, …, X7 in panel c denote predictor variables used for the node splitting process. SCA is the ensemble member of SCE. 
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(i.e., SCA trees) increases, the variation of the unstable predictions is 
reduced, thereby increasing the predictive accuracy. 

Each SCA tree grows in accordance with a random subset of pre-
dictors sampled without replacement and a bootstrapped version of the 
training set, drawn randomly from the initial training dataset with 
replacement. This bootstrap sampling process leaves about 1/3 of the 
training samples as out-of-bag (OOB) samples not involved in the 
training process. These OOB samples can be used for validation. The tree 
deduction process for each SCE ensemble member follows the recursive 
binary splitting and merging process. As illustrated in panel c of Fig. 1, 
the tree deduction process begins from the top of the tree and then 
iteratively splits or merges the dataset (i.e., predictors and predictands) 
according to a certain criterion; each split is indicated via two child 
nodes further down the tree. A merge action is followed after each split 
action to reduce the probabilities that the two child nodes are split due 
to chance, thereby reducing the risk of overfitting. Such splitting and 
merging actions are repeated until no nodes can be further split or 
merged. Once a tree is built, the mean value of the training observations 
in an undividable node can be used to estimate the predicted value. For 
model prediction, the predictors are used as a reference to determine 
which node to enter for identifying the corresponding predicted values. 
In such a tree deduction process, the F test is used to determine whether 
(a) node(s) can be split (or merged). The calculation process for deter-
mining the splitting and merging criteria follows Li et al. (2021a) and 
Huang (1992). The hydrological implications of the process of an SCA 
tree can be explained as follows. 

Suppose two groups of streamflow records (in a node) are statisti-
cally different from each other; the underlying streamflow generation 
mechanisms between the two groups could be different. Traditionally, 
when precipitation exceeds the soil infiltration capacity, infiltration- 
excess overland flow occurs. When rain falls on the saturated soil, 
saturation-excess overland flow occurs. The criterion used for splitting 
such a node is then interpretable because it contains the information of 
the possible predictor (e.g., daily precipitation >30 mm) that distin-
guishes the two mechanisms. The cascade sequences of the criterion 
throughout an SCA tree help explain the flow generation from a com-
bination of events. 

2.3. SCE-based importance rankings 

The SCE-based importance ranking is achieved through the Wilks 
Feature Importance (WFI) method (Li et al., 2021a). Feature importance 
is widely used in statistical models to quantify and rank the variable 
importance. The obtained importance scores can be used to measure the 
contribution of each predictor in predicting the model output. Even 
though many feature importance methods have been proposed previ-
ously (Breiman, 2001; Friedman, 2001; Lundberg and Lee, 2017), they 
suffer from issues such as stability (i.e., a small perturbation of training 
data may significantly change the relative contribution of predictors) 
(Bénard et al., 2021; Li et al., 2021a; Schmidt et al., 2020) and fail to 
identify the most relevant predictors (Li et al., 2021a). Since previous 
methods often rely on certain objective functions (e.g., minimizing the 
mean squared error) to estimate the importance rankings, which mainly 
reflect the relative contribution of achieving the best model predictive 
accuracy. Due to the existence of equifinality (i.e., different importance 
rankings lead to the same or similar predictive accuracy), it is difficult to 
perform a consistent inference from the results with varying rankings. 
Another challenge of the existing feature importance methods is that 
they may fail to identify the most relevant predictors (i.e., predictors 
with the top N highest importance scores) (Li et al., 2021a). Our pre-
vious experiments suggested that the most relevant predictors identified 
by the WFI method can be universally fitted by other ML models with the 
highest predictive accuracy, demonstrating the robustness of the WFI 
method (Li et al., 2021a). 

The essence of the WFI method is to quantify the effectiveness of a 
predictor in differentiating two groups of streamflow records across an 

SCA tree through the Wilks Ʌ statistics (Nath and Pavur, 1985; Wilks, 
1967). In general, a Ʌ value can directly indicate the significance of the 
difference between two groups of data (i.e., a smaller Ʌ value indicates a 
larger difference). A detailed definition of Wilks Ʌ statistics can be found 
in Li et al. (2021a) and Li et al. (2022a). In an SCA tree, each node (s) 
with a splitting action is associated with a Ʌ value (Ʌ) and a predictor 
(Xj). The contribution of Xj across the tree is calculated as: 

WFI
(
Xj
)
=

∑

s∈S
Ps⋅

(
1 - Λ(s,Xj)

)
(2)  

where S is the total set of nodes, Ps is the fraction of samples in node s. 
The estimated contributions of all predictors are then scaled to the [0,1] 
range. In this way, the more effective a predictor (Xj) can differentiate 
two groups, the higher relative contribution (i.e., importance score) (%) 
can be expected to explain the variability of streamflow. Compared with 
other methods, the WFI method quantifies the difference between two 
groups of data, rather than the effectiveness of a predictor in improving 
model performance, and the estimated relative contributions are ex-
pected to be less biased and could potentially lead to more robust var-
iable rankings (Li et al., 2021a). 

In this study, the SCE follows the configuration of Li et al. (2021a) for 
the optimum model performance. Specifically, the number of ensemble 
members (Ntree) was set to 200; the minimum samples to be split in a 
node (Nmin) were set to 5; the percentage of predictors selected for each 
tree (Mtry) was set to 0.5 (i.e., indicating half of the predictors were 
selected for training each SCA tree); the significance level (α) for the F 
test was set to 0.05. 

3. Study of hydrological processes in the ancient Yellow River 
irrigation system of Ningxia 

3.1. Overview of the ancient Yellow River irrigation system in Ningxia 

The ancient Yellow River irrigation system in Ningxia dates back 
>2000 years and still plays a crucial role in Ningxia province. The 
irrigation system is located in an arid and semi-arid region, with annual 
precipitation of less than 200 mm and annual potential evaporation of 
>1,100 mm (gauged by E601). Over 90 % of water use in this region 
comes from the Yellow River, which flows through the province for 
about 400 km. By taking advantage of the special geological feature that 
the river elevation is higher than the elevation of surrounding fields, 
water has been diverted naturally from the Yellow River to the crop 
fields through irrigation canals by gravity. Until 2020, it was the largest 
irrigation system in Northwest China, with an irrigated area of 552,000 

Table 1 
Volumes of local water diverted from the Yellow River and returned to the 
Yellow River in period 2003 to 2015. Note: return ratio is calculated as the water 
returning to the Yellow River divided by the water diverted from it. The data 
were obtained from the Ningxia Water Resources Bulletin from 2003 to 2015 
(Ningxia Water Conservancy, 2015).  

Year From 
Local 
(10^9 m3) 

From the Yellow 
River 
(10^9 m3) 

Return to the Yellow 
River 
(10^9 m3) 

Return 
ratio 

2003  8.3  55.7  25.7 46 % 
2004  6.7  67.3  33.1 49 % 
2005  6.9  71.1  33.5 47 % 
2006  6.8  70.8  35.6 50 % 
2007  6.9  64.1  29.9 47 % 
2008  6.7  67.5  31.1 46 % 
2009  7.2  65.1  30.2 46 % 
2010  7.8  64.6  33.2 51 % 
2011  8.3  65.2  34.0 52 % 
2012  8.4  60.9  33.5 55 % 
2013  8.8  63.3  33.4 53 % 
2014  8.7  61.6  31.4 51 % 
2015  8.3  62.0  31.0 50 %  
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ha. Table 1 shows the water diverted from and returned to the Yellow 
River. About half of the irrigation water diverted from the Yellow River 
will eventually return through the irrigation return flow (Table 1). 

The study area is located at the West alluvial plain of the Yellow 
River, crisscrossed by irrigation canals and drainages. Fig. 2 shows the 
detailed layout of the irrigation and drainage systems, including six 
main irrigation canals and five main drainages. The water diversion 
usually starts in April when the water is mainly used to recharge lakes 
and reservoirs as well as to sustain the local ecosystem. The crop water 
demands begin to surge in May when the three main crops (i.e., rice, 
wheat, and corn) are at their critical growth stages and thus are most 
sensitive to water deficit. The irrigation stops at the end of September 
when corn is harvested and restarts at the end of October, lasting until 
December. Irrigation before winter is to freeze the topsoil to retain water 
content and facilitate the next growing season. 

The soil type of the study area varies from loamy sand in the south to 
sandy loam in the north. The saturated hydraulic conductivity varies 
from 20 to 50 m/day in the south to 8–20 m/day in the north. The 
groundwater table depth reaches a maximum of 30 m on the west edge 
of the study area near mountains and is thinning towards the river plain 
with less than 1 m. On the other hand, the salinity increases from 0.5 g/L 
to 3 g/L as the aquifer thickness decreases. 

3.2. Data collection and preprocessing 

The datasets used in this study include daily mean streamflow rate, 
daily mean water diversion flow rate, daily precipitation, daily mean air 
temperature, daily mean evaporation, and daily mean groundwater 
level. All daily time series span from 2003 to 2015. As shown in Fig. 2, 

all gauging stations are evenly distributed within the study area. In 
recent years, urban development has changed the regime of streamflow 
in some drainages. For instance, the drainage systems of Yinchuan (i.e., 
the capital city of Ningxia) had gone through pipeline upgrades and 
tributary adaptations (e.g., merge, redirect and expand). A recent study 
(Li et al., 2021b) suggested that the surrounding farmlands of Yinchuan 
has largely vanished due to urban expansion, leading to a significant 
reduction in irrigation water and an increase in groundwater extraction. 
Mi et al. (2020) also suggested that several water-saving strategies such 
as irrigation canal lining and the practice of deficit irrigation have 
substantially changed the regime of the hydrological process in this area. 
From the perspective of flood risk mitigation, the third drainage was 
reinforced as floodways with connections to flood storage and lakes to 
improve flood control capacity. Therefore, the above-mentioned non- 
stationarities could be a primary factor compromising the performance 
of data-driven models. 

Detrending is an effective way to address the issue of non- 
stationarity. Mann Kendall trend (MK) test (Kendall, 1948; Mann, 
1945) was performed to examine the trend of streamflow time series 
before detrending. Based on the types of runoff generation mechanisms, 
the hydrological process was divided into two Spring irrigation (SI) and 
Winter irrigation (WI) periods. Separate models were built for these two 
periods. The SI spans from April to September, while WI spans from 
October to March. Fig. 3 illustrates the stationarity analysis for the 
drainage streamflow derived from the two-sided seasonal MK test, 
which ran a separate MK trend test for each of m seasons (i.e., SI and WI 
in our case). As shown in Fig. 3, the issue of non-stationarity exists in the 
streamflow time series of second, fourth, and fifth drainages at the sig-
nificance level of 0.05. In particular, the second drainage indicates a 
significant monotonic decreasing trend for the SI periods. The fourth and 
fifth drainages show a significant monotonic increasing trend for the WI 
periods. 

To address the issue of non-stationarity, the interwoven drainages 
with strong hydrological connections were counted as one single 
drainage. Specifically, the time series for the sum of second and fourth 
drainage flows suggest an increased stationarity for both SI and WI pe-
riods. The increased stationarity is also found for the sum of third and 
fifth drainage flows. Therefore, streamflow time series representing 
three drainage basins will be modeled. As shown in Fig. 2, the first 
drainage basin includes one drainage, the second drainage basin consists 
of the second and the fourth drainages, and the third drainage basin 
consists of the third and the fifth drainages. The summary of basin 
properties is provided in Table 2. 

The combined streamflow time series for each basin are further 
detrended using a linear model. Specifically, daily time series were 
divided into two subsets, including one from 01/01/2003 to 31/12/ 
2011 for model training and the other from 01/01/2012 to 31/12/2015 
for testing. The streamflow time series over the training period were 

Fig. 2. Map of the study area.  

Fig. 3. The values of ZMK from the two-sided seasonal Mann Kendal test for 
single and combined drainages (1,2, …, 5 indicate the ID number of drainages. 
“2 + 4′′ and ”3 + 5′′ denotes the combined drainages). SI represents ZMK values 
for the monthly streamflow time series of April to September; WI represents 
ZMK values for October to March. The decision rule is: Reject H0 if ZMK < -1.96 
or if ZMK > 1.96. 
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then used to calculate a regression line. After that, the deviations from 
the least-squares fit line were subtracted from the streamflow time series 
for both training and testing. The generated time series were used for the 
modeling process. 

The daily averaged pressure head for each drainage basin was 
calculated as the mean value from all the monitoring wells in the basin. 
The lag time between the rainfall/irrigation events and groundwater 
table responses for each basin was determined through correlation 
analysis, as shown in Table 3. This table indicates that the lag time for all 
the basins is less than one day (i.e., lag = 0 has the highest absolute 
correlation coefficient). The lag time agrees with previous studies by 
Meshgi et al. (2014), who found that shallower groundwater tables had 
shorter lag times with rainfall events. 

The input structure of the SCE was determined in consideration of 
antecedent watershed conditions, which are critical to streamflow pre-
dictions (Li et al., 2022; Woodhouse et al., 2016). In this study, the 
moving sum temperature, precipitation, and irrigation ranging up to 30 
days before the date of predictions represent the antecedent watershed 
conditions for each of the three drainage basins. Such a preprocessing 
method hypothesizes that the different window lengths of moving sums 
can act as surrogates representing different dynamics of watershed 
conditions such as soil moisture, dryness of the soil, as well as the water 
content in the unsaturated and saturated zones. The generalized 
expression for such an SCE can be written as: 

Q = f
(
Pi1,Pi3,Pi5, Ij1, Ij3, Ij5, Ij7, I15, I30,Tk3, Tk5

)
(3)  

where Q denotes the daily streamflow at time t; P, I, and T denote pre-
cipitation, irrigation, and temperature, respectively; Pi1 denotes the 
precipitation for time t at the ith rain station. Pi3 denotes the mean pre-
cipitation for time t-2, t-1, and t at the ith rain station; the number “3′′

indicate the length of moving window. The same denotation applies to 
other predictor variables. I15 and I30 denote the mean daily irrigation 
flow rate for the past 15 and 30 days, respectively. Subscripts i, j, and k 
denote the rain station, irrigation canal, and climate station index, 
respectively. Table 4 lists the forcing data of BFSCE selected for each of 
the drainage basins. 

3.3. Connecting importance rankings with physical effects 

Once the importance rankings are obtained using the WFI method, 
they can be associated with the physical effect of hydrological processes. 
In general, the importance score for a predictor indicates to-what-extent 
the predictor may affect the flow simulation. Given the physics we know 
that the longer the water is retained in the soil, the more likely it could 

reach the saturated zone. On the contrary, the shorter the water is 
retained in the soil, the more likely it could evaporate or release as 
interflow. Thus, the importance score can tell which soil layer (saturated 
and unsaturated) the associated predictor is more likely to contribute to. 
Suppose the importance score for I15 (i.e., irrigation volume with a 15- 
day moving window) is higher for O&I flow simulation than baseflow. It 
indicates that the water in unsaturated zone is more likely to reach a 
dynamic equilibrium state (i.e., released water is a function of irrigation 
water) with a 15-day irrigation window. Such a dynamic equilibrium 
state provides stronger signals to facilitate the model capture the O&I 
flow dynamics. In contrast, the water released from the saturated zone is 
less helpful in capturing the baseflow dynamics. 

3.4. Evaluation of the BFSCE model performance 

Before investigating the interpretability of BFSCE, we first evaluate 
model performance. Various performance metrics were used to provide 
a comprehensive assessment of model performance. These metrics 
include the coefficient of determination (R2), mean absolute error 
(MAE), root mean squared error (RMSE), Kling-Gupta efficiency (KGE) 
(Gupta et al., 2009), Nash–Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 
1970) and Volumetric efficiency (VE) (Criss and Winston, 2008). These 
indices have been widely used in hydrological studies since they are 
reliable and easily interpretable (Tongal and Booij, 2018; Song et al., 
2022). The proposed BFSCE was benchmarked against SCE and random 
forest (RF) (Breiman, 2001). Table 5 shows the features of BFSCE model 
and benchmark models. 

Table 2 
Summary of basin properties. Note that soil type was obtained based on field 
investigation; the Ks values were derived from previous studies by Gao et al. 
(2003); the median Ks value was used to calculate the baseflow in Equation (1).  

Drainage Basin ID Approximated area (m2) Soil type Ks (m/day) 

First 8.0 × 108 loamy sand 20 ~ 50 
Second 3.2 × 109 sandy loam 8 ~ 20 
Third 4.5 × 109 sandy loam 8 ~ 20  

Table 3 
Correlations between daily rainfall/irrigation volumes and daily groundwater 
level for each studied basin.  

Drainage basin 
ID 

lag = 0 lag = 1 lag = 2 lag = 3 lag = 4 lag = 5 

First  ¡0.71  − 0.69  − 0.67  − 0.65  − 0.62  − 0.60 
Second  ¡0.64  − 0.63  − 0.61  − 0.59  − 0.57  − 0.55 
Third  ¡0.69  − 0.68  − 0.67  − 0.65  − 0.63  − 0.62 

Note that lag = 1 indicates the correlation between rainfall/irrigation event at 
time t and groundwater level at time t + 1, and so forth. 

Table 4 
Forcing data for each of drainage basins.  

Dataset Canal/ 
station 

1st drainage 
basin 

2nd drainage 
basin 

3rd drainage 
basin 

Canal C1 √ √ √ 
C2 √ √  
C3  √ √ 
C4 √ √ √ 

Rain station R1 √   
R2  √  
R3  √  
R4   √ 
R5  √ √ 
R6   √ 

Weather station W1 √   
W2  √ √ 
W3   √ 

Groundwater 
station 

G1    
G2    
G3  √  
G4  √  
G5   √ 
G6   √ 
G7 √   
G8 √   
G9   √ 
G10   √  

Table 5 
Features of BFSCE model and benchmark models.  

Model Feature 

RF  • The classic regression tree ensemble model, which is known for its high 
predictive accuracy (Fernández-Delgado et al., 2014).  

• Equipped with two feature importance methods (Breiman, 2001). 
SCE  • Advanced regression tree ensemble with improved predictive accuracy 

and interpretability.  
• Equipped with an innovative feature importance method (i.e., Wilks 

feature importance). 
BFSCE  • Combines SCE and a process-based baseflow separation module.  

• Can help trace the origin of streamflow from the perspective of sub- 
hydrological processes.  
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In the presence of baseflow separation, BFSCE generally out-
performed SCE and RF for the testing period (Table 6). The results 
suggest that the subtraction of baseflow enables data-driven models to 
identify the critical information reflecting the overland runoff process 
and thus improve model performance (even though, in many cases, the 
improvement is limited, with the MAE differences being around 0.01). 
Notably, slightly lower performances were observed for the SI period 
compared to the WI period in the first and third drainages. One reason is 
that the irrigation scheduling for SI period is more complicated than for 
WI period due to flood control and optimal irrigation water allocation. 
Such complex irrigation scheduling in SI period was further com-
pounded by precipitation. As a result, the training data for the SI period 
would be less representative than for the WI period, leading to a weaker 
model than the one built for the WI period. In the second drainage basin, 
the model complexity was elevated due to non-stationarity, leading to 
lower performance in the WI period. 

Figs. 4 to 6 illustrate the BFSCE hydrographs for the three drainage 
basins in the testing period. The training and validation hydrographs are 
shown in Figures S1 to S3. The simulated streamflows generally agreed 
with daily runoff observations. Specifically, the NSE, R2, and KGE values 
ranged from 0.7 to 0.9 for all three basins. However, some peak flows 
were underestimated by the model. One of the reasons is that the SCE is 
a rule-based nonparametric simulation approach, implying that the 
model prediction cannot extrapolate beyond the range of the training 
dataset. As a result, the BFSCE might underestimate the flow records 
higher than the highest values in the training dataset. For instance, the 
highest O&I flow over the training period was mainly caused by the 
compounded effect of irrigation and precipitation in the first drainage 
basin. The model thus considers both irrigation and precipitation (e.g., 
X1 > 70 m3/s and X2 > 20 mm/day; X1 and X2 represent the 5-day 
average irrigation flow rate and precipitation, respectively) to classify 
the flow as the highest one. However, the O&I flow of a similar 
magnitude was outside the intensive irrigation season (with X1 < 30 m3/ 
s) and was mainly caused by a rare precipitation event (with X2 > 40 
mm/day) in the testing period. In such case, even though the precipi-
tation rate is the highest among the historical records, the model may 
not consider the resulting flow rate as high as the highest record over the 
training period. Such an underestimation is also occurred for the base-
flow simulation, suggesting that rare and unseen events (including the 
compounded ones) could be a challenge to such models in terms of 
predictive accuracy. The second drainage basin, however, experienced a 
non-stationary change during the testing period, leading to increased 
groundwater levels (Fig. 7). The non-stationarity was primarily due to 
more irrigation water being infiltrated into the unsaturated zone rather 
than turning into streamflow. Since the model was built based on the 

training dataset, it led to an overestimation of streamflow. 

3.5. Hydrological inference for sub-hydrological processes 

The importance scores of predictors used for simulating the two sub- 
hydrological processes (i.e., baseflow and the O&I flows) were investi-
gated, as shown in Fig. 8 (SI) and Fig. 9 (WI). In general, the importance 
scores for the two sub-hydrological processes showed significant dif-
ferences. For the SI period in the first drainage basin, the predictors 
associated with 7-day and 5-day averaged irrigation water (of C2 canal) 
were ranked as the highest two predictors for simulating the O&I flows. 
In comparison, these two predictors were considered non-critical for 
baseflow simulation. Instead, the 30-day averaged irrigation water (I30) 
was considered the most important predictor for baseflow simulation. 
On the contrary, O&I flows had a more acute response to rainfall and 
irrigation. This is can also be demonstrated by the fact that 
precipitation-related predictors (e.g., R1(3), R1(5), R2(3), …, and R6 
(5)) achieved higher importance scores for O&I flow simulation than the 
baseflow one. The predictors TW15 and TW25 were evidenced as the 
second most important predictor for the baseflow simulation of the SI 
period in the first and second drainage basins, respectively. This was 
because the intensive evaporation coupled with a shallow groundwater 
table and high permeable soil enabled water in the saturated zone to 
transport quickly to the unsaturated zone due to the capillary action and 
thus affected baseflow. 

The results also show that importance score for the SI period is higher 
than the WI. The median values of importance scores for simulating 
overland and interflows in SI periods were 3.6 %, 2.6 %, and 3.1 % for 
the first, second, and third drainage basins, respectively, whilst the 
values in WI were 3.2 %, 1.7 %, and 1.7 %, respectively. This was 
because the irrigation practices in the SI period were often compounded 
with rainfall and intensive evapotranspiration, which increased the 
system complexity. In addition, we found that I30 achieved higher 
importance rankings for simulating O&I flows in the SI period than the 
WI. Such a difference could be caused by a high daily irrigation flow rate 
for the WI period, allowing more water discharged from interflow rather 
than baseflow. Owing to the retention effect of the porous soil, I30 al-
ways achieved the highest importance score for the baseflow simulation. 

3.6. Tracing the origin of streamflow 

Fig. 10 shows that the importance scores representing different sta-
tions/canals were aggregated (i.e., summed), which allowed a direct 
comparison among three basins. The red bars indicate the importance 
scores from streamflow simulation, while the blue and black bars 

Table 6 
Comparison of model performance between BFSCE, SCE, and RF. Note that SCE was trained using the same settings (i.e., hyperparameters and predictors) with BFSCE; 
the hyperparameters for RF were turned using the grid search method (Gilli et al., 2019).    

BFSCE SCE RF   BFSCE SCE RF 

1st SI MAE  1.71  1.75  1.78 1st WI MAE  0.68  0.68  0.71 
RMSE  2.43  2.49  2.57 RMSE  1.27  1.28  1.31 
NSE  0.81  0.80  0.78 NSE  0.92  0.92  0.91 
R2  0.82  0.81  0.81 R2  0.92  0.92  0.92 
KGE  0.77  0.77  0.75 KGE  0.95  0.95  0.95 
VE  0.81  0.80  0.80 VE  0.82  0.82  0.81 

2nd SI MAE  2.25  2.26  2.41 2nd WI MAE  1.68  1.68  1.71 
RMSE  2.91  2.94  3.11 RMSE  2.31  2.32  2.31 
NSE  0.67  0.66  0.62 NSE  0.53  0.53  0.53 
R2  0.77  0.77  0.75 R2  0.68  0.67  0.68 
KGE  0.80  0.79  0.77 KGE  0.74  0.74  0.73 
VE  0.83  0.82  0.81 VE  0.74  0.74  0.74 

3rd SI MAE  4.24  4.25  4.27 3rd WI MAE  2.09  2.10  2.08 
RMSE  6.02  6.04  6.11 RMSE  2.99  3.02  3.02 
NSE  0.55  0.55  0.53 NSE  0.79  0.78  0.78 
R2  0.58  0.57  0.56 R2  0.79  0.79  0.79 
KGE  0.53  0.53  0.53 KGE  0.79  0.78  0.79 
VE  0.64  0.64  0.64 VE  0.54  0.54  0.54  
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represent those from O&I flow and baseflow simulation, respectively. 
The results showed that compared with hydrological inference from the 
entire streamflow process, the inference from sub-processes provided 
more physics-based insights into the role a predictor plays in streamflow 
generation. For example, weekly (7-day) averaged irrigation water was 
considered the most important predictor of streamflow simulation dur-
ing the SI period of the first drainage basin. This was mainly due to the 
substantial contribution of O&I flows (i.e., the highest blue bar). 
Monthly (30-day) averaged irrigation was ranked as the second-highest 

important predictor of streamflow simulation. Such a model decision 
was associated with the substantial baseflow contribution (i.e., the 
highest black bar). The above inference suggested that weekly averaged 
irrigation water mainly facilitated the model to capture the dynamics of 
O&I flows, while monthly averaged irrigation water facilitated the 
model to capture the groundwater dynamics. This was because the un-
saturated zone reached a dynamic equilibrium state with weekly irri-
gation, leading to a constant water release that facilitated the model to 
capture the dynamics of O&I flows. Since the unsaturated zone was not 

Fig. 4. Hydrographs for the testing period in the first drainage basin.  

Fig. 5. Hydrographs for the testing period in the second drainage basin.  
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uniform due to the variations in landscape, irrigation, and climatic 
factors, the dynamic equilibrium state also varied correspondingly. 
Consequently, irrigation with different window lengths suggested 
varying importance scores in capturing the dynamics of O&I flows. In 
the third drainage basin, the 5-day averaged precipitation was respon-
sible for capturing the dynamics of O&I flows, while monthly irrigation 
water facilitated the model to capture the groundwater dynamics. These 
findings agreed with our field investigation that the third drainage in 
recent years had been reinforced as floodways connected to flood stor-
age and lakes to embrace the floods from the mountains on the West 
(Fig. 2). 

Even though the monthly averaged irrigation showed significant 
importance for baseflow simulation during the WI period, it did not 
contribute much to streamflow simulation. Meanwhile, 3-day, 7-day, 
and 15-day averaged irrigation had the highest contributions to O&I 
flows and streamflow simulation for the first, second, and third drain-
ages, respectively. These results suggested that O&I flows were the 
dominant flow components during the WI period, while baseflow had a 
minimal contribution to streamflow. These results agreed with our 
investigation of winter irrigation schedules. The high volume of irriga-
tion water flushes over the irrigation field (bare ground) in a short 
period to freeze the topsoil. Therefore, the irrigation water quickly 

percolates into the saturated zone without being uptook by crops, 
thereby leading to substantial O&I flows. 

4. Discussions 

4.1. Does the importance score lead to physically consistent results? 

Traditionally, importance scores mainly reflect the relative contri-
bution of predictors to model predictive accuracy, rather than physically 
influence the model predictand (e.g., volume of streamflow) (Molnar, 
2020; Rajbahadur et al., 2021). A frequently asked question in 
statistical-based hydrological inference is whether the importance 
scores can lead to physically consistent results. In this study, even 
though the physical knowledge suggested that the obtained inferences 
were reasonable, we still need more rigorous evidence to test whether 
the relative importance of predictors achieved from BFSCE also reflects 
their relative significance on the changes of streamflow. To this end, a 
multilevel factorial analysis (MFA) was performed as follows. 

(1) Reprocess the testing dataset of SI period by multiplying its irri-
gation and precipitation associated time series by vectors of (1.1, 

Fig. 6. Hydrographs for the testing period in the third drainage basin.  

Fig. 7. Groundwater level (dashed line) and observed baseflow hydrographs (blue line) in the second drainage basin for the period from 2003 to 2015.  
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0.9), (1.1, 1.0), (1.1, 1.1), (1.0, 0.9), (1.0, 1.0), (1.0, 1.1), (0.9, 
0.9), (0.9, 1.0) and (0.9, 1.1), separately.  

(2) Train 10 sets of BFSCE and SCE models (for the SI period of the 
training dataset) with different random seeds.  

(3) Feed each of the trained models with the reprocessed testing 
datasets.  

(4) Calculate the mean daily streamflow, baseflow, and O&I flow 
volumes (m3) based on the results obtained from each model.  

(5) Use flow volumes as response variables to calculate the main 
effects of individual factors (i.e., irrigation and precipitation), 
their interactions, and model error.  

(6) The contribution of each factor can be calculated using its sum of 
squares divided by the total sum of squares (Montgomery, 2017). 

Fig. 11 presents the main effects of irrigation and precipitation on 
streamflow, O&I flow, and baseflow, with detailed information shown in 
Tables S1 to S3. The results suggested that precipitation for the first 
drainage (in the red box of Fig. 11) had little contribution to the 
streamflow volume during the SI period. In addition, precipitation 
contributed little to baseflow volume for all three basins (shown in the 
blue box). The differences between the relative contributions (impor-
tance score) obtained from WFI (hereinafter shown as RCWFI) and those 
obtained from MFA (hereinafter shown as RCMFA) are shown in Fig. 12. 
The RCWFI of irrigation (or precipitation) for simulating streamflow or 
its sub-processes was calculated as the mean value of the three highest 
importance scores (as indicated in Fig. 10) associated with the 

corresponding factor. RCWFI reflects the relative contribution of pre-
cipitation and irrigation in describing the flow dynamics (i.e., model 
performance), while RCMFA reflects the sensitivity of flow volume 
change (m3) in response to precipitation and irrigation. The hypothesis 
is that if a predictor is more important in the modeling process, it will be 
more influential to the changes on streamflow or its sub-processes. 
Fig. 12 showed that the RCWFI (the top panel) agreed with the RCMFA 
(the bottom panel). Precipitation accounted for the highest RCMFA to 
streamflow generation in the third drainage basin, and it also had the 
highest RCWFI in the modeling process. The results suggested that 
compared with the first and second drainage basins, precipitation in the 
third drainage basin showed higher importance in both flow simulation 
(from the model performance perspective) and formulation (from the 
physics perspective). This is because the streamflow in the third basin 
contains flash floods from the mountains (shown in Fig. 2) during the 
rainy season, making precipitation a dominant factor influencing the 
streamflow. Compared with the second and the third drainage basins, 
precipitation in the first drainage basin achieved the lowest RCMFA to 
streamflow generation, corresponding to the lowest RCWFI among the 
three basins. This is because the unit area irrigation volume in the first 
drainage basin is the highest among all three basins, leading to lower 
importance in precipitation. 

Precipitation showed higher RCMFA for the O&I flow generation, and 
the same pattern could also be achieved from the results of RCWFI. This is 
because precipitation had a higher rate (mm/hour) than irrigation in 
general and was more likely to generate infiltration excess flow, 

Fig. 8. Importance scores of SCE model predictors for simulating the two sub-hydrological processes in the SI period. Note that the same set of predictors was used 
for simulating baseflow and O&I flows; Ci(n) denotes the predictor representing the mean daily irrigation flow rate during the period [t-n, t] gauged at irrigation 
canal Ci; similar expressions also apply to predictors for rain station Ri(n), the rain gauge at weather station WRi(n), and air temperature gauge at weather station 
WTi(n); I15 and I30 denotes the mean daily irrigation flow rate for the past 15 and 30 days, respectively. 
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contributing to the O&I flows. On the contrary, irrigation water was 
more likely to percolate and become interflows and baseflows, leading 
to a lower contribution to O&I flow generation. These findings proved 
our hypothesis and suggested that model inference from SCE could 
explain the hydrological process using the knowledge from process- 
based models. 

It should be noted that precipitation in the first drainage basin barely 
influenced the flow volume. Nevertheless, its contribution still accoun-
ted for 7.6 % (over half of the contribution for irrigation) in the 
modeling process. The results indicated that precipitation might not 
significantly change flow volume but influence other the flow charac-
teristics such as timing of flow peaks. 

4.2. What role does relative importance of driving forces play in 
understanding hydrological processes? 

One may wonder what role relative importance of driving forces 
plays in gaining insights into hydrological processes, which was asso-
ciated with process-based models. Even though the process-based hy-
drological models have been studied for more than a century (Mulvany, 
1850), hydrological processes under some complicated conditions, such 
as in coastal basins where the hydrological processes are influenced by 
tide and current fluxes (Armenio et al., 2017; Bevacqua et al., 2017), as 
well as watersheds with intensive human activities (Dewandel et al., 
2008; Gosain et al., 2005) are still less-studied and need additional 
knowledge to gain a thorough understanding. Even for the most 
commonly studied watersheds, a process-based model may not consider 
every aspect of its driving forces, such as large-scale climatic indices (e. 
g., El Niño) (Li et al., 2021a). 

In BFSCE, complex relationships between streamflow (or its sub- 
components) and its driving forces can be examined without an 
assumption of any linear or non-linear functions. With the provision of 
the state-of-the-art dataset (e.g., soil moisture data (O’Neill et al., 2019), 

surface mass change data (for the estimation of groundwater change) 
(Landerer and Swenson, 2012), vegetation growth data (Myneni et al., 
2015), and snowmelt data (Hersbach et al., 2018)), the resulting relative 
contribution thus carries the critical information that may be neglected 
by a process-based model. Such information can help us gain a more in- 
depth understanding of hydrological sub-processes. 

In terms of the irrigated watersheds, it is difficult for a conventional 
data-driven model to achieve a robust quantification of how irrigation 
and precipitation influence the sub-hydrological processes. The cutting- 
edge feature importance method in the BFSCE model suggested that the 
hydrological inferences were valid for both the entire hydrological 
process and its sub-processes. The modular models specialized for sub- 
hydrological processes can help identify the dominant factor in the 
saturated and unsaturated zones. Such an understanding can further 
help decision-makers implement the best management practices for 
mitigating the risks of flooding and salinization. 

4.3. Challenges and opportunities 

The proposed BFSCE model has some limitations. Since it cannot 
extrapolate beyond the historical observations, it may face difficulties in 
evaluating the impact of changing climate or other non-stationary dy-
namics. In this study, the non-stationary dynamics in the second 
drainage basins led to a significant overestimation of baseflow. A 
possible way to improve the simulation is to extend the coverage of 
training data. Such approaches include but are not limited to using 
process-based models as an emulator of the real system to generate 
synthetic data in parts of the problem space where actual data is sparse 
or unavailable (Razavi, 2021) and training one model with big data 
covering hundreds of basins with the assumption that data from one 
basin can inform inference in other basins (Kratzert et al., 2019b). 

The selection of predictors is another challenge to the proposed 
BFSCE model. In this study, we used irrigation and precipitation of 

Fig. 9. Importance scores of SCE model predictors for simulating the two sub-hydrological processes in the WI period. The notations are as same as in Fig. 8.  
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various moving windows as surrogates to the basin antecedent condi-
tions. The length of these moving windows was designed in accordance 
with the basin characteristics. Nevertheless, it is challenging to fully 
characterize the basin conditions. Therefore, this is of particular 
importance to know that the robustness of the proposed BFSCE is ex-
pected to improve with additional sources of data such as soil moisture 
and snowmelt, as well as more data samples. 

The baseflow simulation module embedded in BFSCE uses constant 
coefficients, which may face difficulties addressing uncertainties in 
complex hydrological systems (Balogun et al., 2020; Yang et al., 2020). 
For the proposed BFSCE model, empirical equations proposed by Meshgi 
et al. (2014) were used to estimate the baseflow. However, previous 
studies suggested that the coefficients in the empirical equations, opti-
mized globally to work across many watersheds, might not be optimal 
for any specific watershed. Future studies should take into account the 
uncertainties of process-based modules such that more physically reli-
able results can be expected. 

5. Conclusions 

This study proposed a BFSCE for improving the capacity of hydro-
logical inference with the aid of a process-based baseflow separation 
method. It is the first attempt to incorporate a feature importance 
method and a process-based baseflow separation method for quantifying 
the relative contributions of associated model predictors to sub- 
hydrological processes (i.e., baseflow and O&I flows). The results 
revealed that the predictors associated with air temperature and long- 
term (i.e., monthly) irrigation mainly characterized baseflow dy-
namics, while precipitation and short-term (i.e., weekly or semi-weekly) 

irrigation mainly captured overland flow and interflow dynamics. Such 
information could help determine whether the watershed is precipita-
tion or irrigation dominated. Such a better understanding could further 
facilitate the conjunctive operation of surface water and groundwater 
resources, thereby reducing the risks of flooding and salinization. 

The fidelity of hydrological inference through the feature importance 
method was further demonstrated through MFA. The results revealed 
that the relative importance of predictors reflected their significance on 
model performance and their influence on explaining the changes of 
streamflow. In general, the higher importance of a predictor, the more 
changes on streamflow can be explained by this predictor. The proposed 
BFSCE model is a step closer to understanding sub-hydrological pro-
cesses through data-driven models. As physics-informed data-driven 
models continue to develop in the future, the improved hydrological 
inference through data-driven modelling frameworks will draw 
increasing attention from the hydrological community. 
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perature, respectively; the numbers in aggregated predictor represent the length of moving windows. 
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Fig. 11. Main effect of individual factors. Note that each row represents a drainage basin.  

Fig. 12. Relative contributions obtained from WFI (top) and MFA (bottom).  
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