
Supplement of Hydrol. Earth Syst. Sci., 29, 903–924, 2025
https://doi.org/10.5194/hess-29-903-2025-supplement
© Author(s) 2025. CC BY 4.0 License.

Supplement of

Exploring the potential processes controlling changes in precipitation–
runoff relationships in non-stationary environments
Tian Lan et al.

Correspondence to: Tongfang Li (tongfangli@chd.edu.cn) and Hongbo Zhang (hbzhang@chd.edu.cn)

The copyright of individual parts of the supplement might differ from the article licence.



2 

 

Contents of this file 

Introduction ..................................................................................................................................... 2 

S1 Information of data in the study area ......................................................................................... 3 30 

S2 Calculating daily potential evapotranspiration and baseflow .................................................... 3 

S3 Methodology flow of this study ................................................................................................. 4 

S4 Techniques for abrupt and gradual changes of temporal series related to catchments .............. 5 

S4.1 Trend-free pre-whitening Mann-Kendall test (TFPW-MK) ........................................... 5 

S4.2 Trend-free pre-whitening Pettitt test with binary segmentation (TFPW-BS-Pettitt)...... 6 35 

S5 Candidate driving factors ........................................................................................................... 7 

S6 Maximal Information Coefficient algorithm ........................................................................... 12 

S7 Verification of DPRR based on mutual information theory .................................................... 12 

S7.1 The calculation procedure for the DPRL index ............................................................ 12 

S7.2 Possible driving mechanisms in precipitation-runoff relationships with mutual 40 

information approach ............................................................................................................ 14 

S7.3 Validation of DPRR by mutual information theory ..................................................... 15 

S8 Detailed description of Figures 2, 6, and 7 .............................................................................. 17 

References ..................................................................................................................................... 19 

 45 

Introduction 

This supporting information includes the information on hydrological monitoring stations and 

meteorological stations selected in this study. The calculation of daily potential evapotranspiration 

and baseflow, the implementation of TFPW-MK, TFPW-BS-Pettitt, and Maximal Information 

Coefficient are also introduced in detail here. 50 
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S1 Information of data in the study area 

Table S1. The information on hydrological monitoring stations selected in this study. 
Stations Drainage area (km2) Duration Longitude (°E) Latitude (°N) 

Qinan 9712 1965-2014 105.07  35.68  

Weijiabao 36335 1960-2014 105.02  35.38  

Xianyang 44840 1960-2014 105.65  36.57  

Zhangjiashan 43161 1960-2019 106.27  36.00  

Zhuangtou 25173 1960-2007 105.72  35.97  

Table S2. The information on meteorological stations selected in this study. 
No. Stations Longitude (°E) Latitude (°N) No. Stations Longitude (°E) Latitude (°N) 

1 Lintao 103.87  35.37  20 Huating 106.62  35.20  

2 Huining 105.07  35.68  21 Changwu 107.80  35.20  

3 Huajialing 105.02  35.38  22 Huachi 107.98  36.45  

4 Yanchi 107.38  37.80  23 Zhengning 108.40  35.48  

5 Dingbian 107.58  37.58  24 Ningxian 107.92  35.52  

6 Wuqi 108.17  36.92  25 Luochuan 109.42  35.77  

7 Haiyuan 105.65  36.57  26 Tongchuan 109.07  35.08  

8 Guyuan 106.27  36.00  27 Minxian 104.02  34.43  

9 Huanxian 107.30  36.57  28 Tianshui 105.75  34.58  

10 Qingcheng 107.90  35.98  29 Zhenan 109.15  33.43  

11 Zhidan 108.77  36.77  30 Baoji 107.13  34.35  

12 Yanan 109.45  36.58  31 Fengxiang 107.38  34.52  

13 Ganquan 109.35  36.27  32 Wugong 108.23  34.32  

14 Xiji 105.72  35.97  33 Xian 108.93  34.30  

15 Kongtong 106.67  35.55  34 Yaoxian 108.98  34.93  

16 Zhuanglang 106.07  35.22  35 Huashan 110.08  34.48  

17 Xifengzhen 107.63  35.73  36 Jinghe 108.97  34.43  

18 Zhenyuan 107.18  35.68  37 Foping 107.98  33.52  

19 Jingchuan 107.35  35.35  38 Shangzhou 109.97  33.87  

S2 Calculating daily potential evapotranspiration and baseflow 55 

The daily baseflow is estimated using the Chapman-Maxwell filter method (Eq. (S1)), which 

assumes a linear relationship between baseflow and antecedent groundwater recharge, while 

surface runoff is assumed to be a nonlinear function of rainfall intensity (Chapman, 1999). 

𝑄b(𝑖) =
𝑘

2 − 𝑘
𝑄b(𝑖 − 1) +

1 − 𝑘

2 − 𝑘
𝑄(𝑖) (S1) 

where Qb(i) and Q(i) are baseflow and total runoff (mm) at time interval i, respectively, and the 

parameter k is the recession constant during periods of no direct runoff, which is set to 0.95(Hu et 60 

al., 2021). 

The calculation of daily ET0 for the sub-basins, which represents the reference evapotranspiration, 

was carried out using the FAO Penman-Monteith equation (Eq. (S2)), a well-established and 

widely used method (Cai et al., 2007). 
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𝐸𝑇0 =
0.408∆(𝑅n − 𝐺) + 𝛾

900
𝑇 + 273 𝑢2(𝑒s − 𝑒a)

∆ + 𝛾(1 + 0.34𝑢2)
 (S2) 

where ET0 is the reference evapotranspiration (mm day−1); Rn is the net radiation (MJ m-2 day-1); 65 

G is the soil heat flux density (MJ m-2 day-1); T is the mean daily air temperature (°C); u2 is the 

wind speed at 2 m height (m s-1); es is the saturation vapour pressure (kPa); ea is the actual vapour 

pressure (kPa); Δ is the slope vapour pressure curve (kPa °C-1); γ is the psychrometric constant 

(kPa °C-1). 

S3 Methodology flow of this study 70 

The non-stationary hydrological processes in the study area were initially identified using Trend-

Free Pre-Whitening and Binary Segmentation techniques (TFPW-BS-Pettitt) and Mann-Kendall 

(TFPW-MK). To comprehend the potential driving mechanisms affecting the PRR within non-

stationary hydrological processes, we introduce a novel index termed the (Dynamic) Driving index 

for changes in Precipitation-Runoff Relationships (DPRR or D-DPRR). Investigating the 75 

candidate driving factors for changes in PRR in non-stationary processes, we consider climate 

forcing, groundwater, vegetation dynamics, and anthropogenic influences. The nonlinear 

correlations among the factors were assessed. Based on the candidate driving factors, we develop 

a comprehensive conceptual model of catchment response, integrating plausible explanations that 

align with empirical evidence and logical reasoning. By incorporating the driving levels and 80 

directions of each driving factor computed from DPRR and D-DPRR into the conceptual model, 

the possible process explanations for changes in the PRR in the study area were deduced. It is 

crucial to emphasize that changes in precipitation-runoff relationships involve two aspects: 

variations in PRR before and after the influence of driving factors and changes in PRR in non-

stationary conditions. The flowchart is illustrated in Figure S1, and its codes are opened (if you 85 

have interest in codes, please do not hesitate to contact us). 
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Figure S1. Integrated framework for exploring the potential processes controlling changes in 

precipitation-runoff relationships in non-stationary environments. 

S4 Techniques for abrupt and gradual changes of temporal series related to catchments 90 

S4.1 Trend-free pre-whitening Mann-Kendall test (TFPW-MK) 

The non-parametric Mann-Kendall (MK) statistical test is a widely accepted method recommended 

by the World Meteorological Organization (WMO) for assessing trends or gradual changes in 

meteorological and hydrological time series (Douglas et al., 2000; Hamed and Rao, 1998; Kendall, 

1975; Mann, 1945; Yue et al., 2002b; Yue and Wang, 2004). The Mann-Kendall test statistic can 95 

be stated as follows: 

𝑆 = ∑ ∑ sgn(𝑥𝑗 − 𝑥𝑘)
𝑛
𝑗=𝑘+1

𝑛−1
𝑘=1 , and sgn(𝜃) = {

+1 𝜃 > 0
0 𝜃 = 0
−1 𝜃 < 0

 (S3) 
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where 𝑥𝑗 and 𝑥𝑘 are the sequential values at times 𝑗 and 𝑘, respectively, and 𝑛 is the length of the 

data set. When dealing with an asymptotically normal distribution, the mean and variance can be 

obtained by 

𝐸(𝑆) = 0, and 𝑉𝑎𝑟(𝑆) = [𝑛(𝑛 − 1)(2𝑛 + 5)] 18⁄  (S4) 

The standard normal Z-test statistic is computed by 100 

𝑍 =

{
 
 

 
 

𝑆 − 1

√𝑉𝑎𝑟(𝑆)
𝑆 > 0

0 𝑆 = 0
𝑆 + 1

√𝑉𝑎𝑟(𝑆)
𝑆 < 0

 (S5) 

When |𝑍| ≤ 𝑍1−𝛼 2⁄  at the 𝛼 level of significance, the null hypothesis is accepted. 𝑍1−𝛼 2⁄  which is 

the critical value of Z from the standard normal table, the value of 𝑍1−𝛼 2⁄  is 1.96 at 5% significant 

level. A positive 𝑍 value means an increasing trend, while a negative 𝑍 value means a decreasing 

trend (Douglas et al., 2000). 

In the analysis of hydro-meteorological or catchment time series, the presence of autocorrelation 105 

can adversely affect the results of the Mann-Kendall (MK) test. As a remedy, the time series that 

exhibit significant sequential autocorrelation are subjected to trend-free pre-whitening (TFPW) 

procedures prior to the MK test (Yue et al., 2002; Yue et al., 2003; Aziz and Burn, 2006; Serinaldi 

and Kilsby, 2016; Wu et al., 2016). The TFPW method consists of three steps: (i) estimation of 

the trend slope to remove the trend component from the time series, (ii) estimation of ρ1, which is 110 

the lag-1 autocorrelation coefficient, to eliminate or reduce the sequential autocorrelation by 

removing the AR(1) component from the detrended series, and (iii) reinstallation of the trend 

component before performing the MK test. This procedure mitigates the negative impact of 

autocorrelation on the accuracy of the MK test results. 

S4.2 Trend-free pre-whitening Pettitt test with binary segmentation (TFPW-BS-Pettitt) 115 

The Pettitt test is designed to detect changes in the mean values of signals against the null 

hypothesis of initial distribution. It utilizes the Mann-Whitney statistical function (𝑈𝑡,𝑇) to compare 

two independent samples (x1, …, xt) and (xt+1, …, xT), and provides the date of the change point 

(Pettitt, 1979; Fraedrich et al., 2001; Kam and Sheffield, 2016; Serinaldi et al., 2018). 𝑈𝑡,𝑇 is 

computed by: 120 
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𝑈𝑡,𝑇 = 𝑈𝑡−1,𝑇 + 𝑉𝑡,𝑇  (𝑡 =  2, … , 𝑇) (S6) 

𝑉𝑡,T = ∑sgn(𝑥𝑡 − 𝑥𝑗)

𝑇

𝑗=1

 (S7) 

sgn(𝑥) = {
 −1, 𝑥 < 0
  0, 𝑥 = 0
 +1, 𝑥 > 0

 (S8) 

The most significant shift point is evaluated by: 

𝑝(𝑡)  =  max|𝑈𝑡,𝑇| (S9)  

The significant probability associated with a potential abrupt shift point is approximated by the 

following: 

𝑞(𝑡) ≈ 2 ∙ exp (
−6𝑈𝑡,𝑇

2

𝑇3 + 𝑇2
) 

(S10)  

Also, the trend-free pre-whitening (TFPW) procedure is employed in the Pettitt algorithm to 

mitigate the significant autocorrelation effects of non-stationary time series. However, given the 125 

Pettitt algorithm's limitation of identifying only a single abrupt shift point in a time series, it is 

possible for hydro-meteorological or catchment time series in non-stationary circumstances to 

have multiple abrupt shift points. Therefore, to detect multiple shift points, binary segmentation 

(BS) is used in conjunction with the Pettitt algorithm. The BS algorithm is commonly utilized in 

genetic testing to reduce the risk of chain failure problems during validation and improve 130 

segmentation accuracy, as demonstrated in (Lee and Verma, 2012). Specifically, the BS segments 

the period under Pettitt's detection through iterative processes to identify abrupt shift points in 

different sub-periods of the time series. 

S5 Candidate driving factors 

Climate forcing: Climatic factors or meteorological variables have a comprehensive response to 135 

Potential Evapotranspiration (ET0), also referred to as reference evapotranspiration with respect to 

the investigation of the PRR, which in turn affects actual evapotranspiration (AET) (Liu et al., 

2022; Liu et al., 2020b). ET0 is determined by evaporative demand, which is controlled by 

anticyclonic conditions characterized by various atmospheric parameters such as air temperature, 

heat flux, wind speed, saturation vapor pressure, net radiation, and relative humidity (Hobbins et 140 

al., 2016; Liu et al., 2020a). For example, higher temperatures generally lead to increased 
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evapotranspiration, while high humidity limits evaporation due to abundant moisture in the air. 

Increased wind speeds accelerate evaporation by facilitating the departure of water molecules from 

the surface, thereby enhancing potential evapotranspiration. Additionally, extended sunshine hours 

contribute to surface energy input, fostering water evaporation and elevating potential 145 

evapotranspiration. In summary, potential evapotranspiration serves as a comprehensive indicator 

of the impact of climate factors on the PRR. However, from a water balance perspective, changes 

in external factors of precipitation-runoff links primarily related to ET0 may not necessarily result 

in corresponding changes in AET. This is because AET may often be limited by moisture 

availability rather than energy especially in the semi-humid and semi-arid Wei River basin, thereby 150 

making the net effect of AET changes on the PRR unclear (Saft et al., 2015). Furthermore, the 

spatial distribution of potential evapotranspiration is closely linked to irrigation planning and 

management. Therefore, investigating the impact of potential evapotranspiration on PRR is of 

significant importance in formulating scientifically informed strategies for water resources and 

irrigation management (Tu et al., 2023). Given the foregoing, ET0 is considered a climate-forcing 155 

factor in assessing the potential effects of PRR changes. 

Groundwater: Groundwater, characterized by its large water storage capacity and long-term 

memory, plays a crucial role in the linkage between precipitation and runoff (Carlier et al., 2018). 

The influence of groundwater on streamflow generation varies in headwater catchments, where 

shallow and deep groundwater inflows contribute to streamflow with different response timescales 160 

(Hare et al., 2021). For instance, streamflow can be attributed to shallow inflow processes, such as 

perched saturation along hydraulic gradient fronts, exhibiting transient behavior with short 

response times (ranging from days to weeks) (Hirmas et al., 2018). On the other hand, discharge 

from unconfined aquifers exhibits slower dynamics, including trends that span multiple years. It 

is noteworthy that groundwater interactions extend beyond catchment boundaries, affecting 165 

groundwater quantity and regulating the exchange between regional groundwater and surface 

water through hydraulic gradients (Fowler et al., 2020; Bouaziz et al., 2018). Anthropogenic 

impacts on groundwater include sustained local groundwater extraction and modifications in 

vadose zone thickness (Fowler et al., 2022). 

Vegetation dynamics: The effects of vegetation dynamics on the hydrological cycle refer to the 170 

influence of vegetation growth, coverage, and changes on the movement and distribution of water 
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within an ecosystem (Yu et al., 2023). Vegetation serves as a regulator of land-atmosphere 

interactions and plays a crucial role in coupling the carbon-water cycles and surface energy balance 

within the soil-plant-atmosphere system (Claussen et al., 2013). Vegetation interacts with the 

hydrological cycle through processes such as evapotranspiration, interception, infiltration, and 175 

groundwater recharge (Ajami et al., 2017). Conversely, changes in precipitation patterns, rising 

temperatures, and variations in water availability directly impact vegetation growth and 

transpiration. In recent decades, afforestation programs have been proposed to harness benefits 

related to flood mitigation and carbon storage. The impact of afforestation on streamflow across 

diverse catchments is found to consistently decrease median and low streamflow (Buechel et al., 180 

2022). Consequently, the investigation of vegetation dynamics is underscored as a candidate 

driving factor in exploring the changes of PRR. 

Anthropogenic influences: The intensification of anthropogenic activities, accompanied by 

urbanization processes such as population growth, economic development, infrastructure 

development, and rural-urban migration, has emerged as a global threat to the sustainability of 185 

water resources (Mekonnen and Hoekstra, 2016). However, obtaining long-term and continuous 

data sequences of anthropogenic activities that are linked to the hydrological cycle presents a 

significant challenge. Also, acquiring human activity data at the catchment level is difficult. Most 

associated statistical information is divided based on administrative units such as urban areas, 

irregular regions, or spanning multiple catchments (Thorslund and Van Vliet, 2020). Remote 190 

sensing observations offer powerful tools for analyzing and monitoring the impact of human 

activities on river systems globally. These observations provide extensive datasets that allow for 

the identification of human pressures and the assessment of their temporal progression and wide 

spatial distribution (Ceola et al., 2019). In addition, other anthropogenic activities related to the 

hydrological cycle, such as community water usage, agricultural irrigation, industrial water 195 

utilization, and the construction of reservoirs, are flexibly investigated according to the ease of 

data acquisition to explore their possible impacts on the PRR. 

Impervious surfaces, which predominantly consist of artificial structures impeding or preventing 

natural water infiltration into the soil (Gong et al., 2020), constitute a key component of human 

settlements. They include roofs, paved surfaces, hardened grounds commonly found in human 200 

settlements, and major road surfaces (Gong et al., 2019). The Impervious Surface Ratio (ISR) is 
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the ratio of the impervious area to the total area of the area within a specific region. Compared 

with natural surfaces, impervious surfaces typically exhibit poor water permeability and possess 

distinct light absorption and heat capacity properties. Hence, urbanized areas characterized by high 

ISR values manifest a distinctive interplay between surface energy balance and water balance, 205 

influencing the occurrence and distribution of extreme precipitation and floods (Lu et al., 2019). 

In general, the changes in impervious surfaces affect the PRR through four primary mechanisms. 

(1) As the impervious surface ratio increases, the amount of surface runoff also tends to increase. 

Impermeable surfaces prevent water from infiltrating into the soil, resulting in a larger volume of 

water running off directly into streams, rivers, or stormwater drains. This can lead to increased 210 

flood risk, as well as the transport of pollutants and sediment from impervious surfaces into water 

bodies. (2) Increasing impervious surfaces can contribute to higher moisture retention on the 

surface, especially during dry months with lower potential evapotranspiration intensity. The 

reduced capacity of water to infiltrate the soil due to impervious surfaces leads to increased 

moisture retention on the surface. This can affect soil water availability, plant growth, and 215 

subsequent hydrological processes. (3) The expansion of impervious surfaces may lead to a 

decrease in groundwater recharge. Impermeable surfaces prevent water from percolating into the 

soil and impede the replenishment of groundwater stores (Shuster et al., 2005). 

Night-Time Light (NTL) products provide comprehensive information regarding the influences of 

human presence and economic development on water resources. The luminosity of night-time light 220 

serves as an indicator for highly populated areas or regions with significant capital investments 

(Ceola et al., 2019). Night-time light has been widely utilized as a proxy for assessing human 

presence and activity across various domains, including population density, urban and rural 

mapping, flood risk assessment, economic analysis, and evaluation of light pollution levels (Wu 

et al., 2021; Ceola et al., 2019; Zhang et al., 2020). The influences of NTL on the PRR can be 225 

approached through two primary mechanisms. (1) Night-time light, through its heat emission, 

leads to an increase in urban temperature, thereby affecting the regional-scale hydrological cycle 

(Liao et al., 2017). The city acts as a warm center, increasing the unstable air mass, enhancing the 

convection both upwind and downwind of the urban area, and influencing the formation and 

distribution of precipitation (Wai et al., 2017; Zhang et al., 2020). Moreover, rising temperatures 230 

lead to increased localized evaporation, subsequently reducing surface runoff and precipitation 

infiltration. (2) Night-time light serves as an indicator of urbanization progress and economic 
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development, indirectly reflecting their impact on the PRR through anthropogenic activities (Wu 

et al., 2021). The intensified illumination during night-time light may signify an expansion of 

impervious surfaces, which affects infiltration and evaporation processes. It disrupts precipitation 235 

infiltration in certain areas, diminishes groundwater recharge from precipitation, and concentrates 

evaporation before and after precipitation events (Elvidge et al., 2007). Furthermore, the escalation 

of night-time light in conjunction with economic development also signifies increased regional 

water usage, resulting in reduced river flow (Vassolo and Döll, 2005). Overall, night-time light 

plays a dual role in the hydrological cycle. It directly influences the regional hydrological 240 

processes through alterations in the heat island effect and atmospheric stability while also 

indirectly reflecting the consequences of urbanization and economic development on precipitation-

runoff dynamics through changes in impervious surfaces and water use.  

Regions characterized by higher population densities (POP) typically exhibit increased 

urbanization, resulting in the proliferation of impermeable surfaces such as buildings and roads. 245 

The impacts of population density changes on the PRR can be understood through three key 

aspects. (1) Higher population densities lead to increased water demand for various purposes, such 

as domestic, industrial, and agricultural water use. The extraction of water from rivers, lakes, and 

groundwater sources can alter the natural flow patterns and water availability in these systems 

(Fang and Jawitz, 2019). (2) As population densities increase, land use may change. It implies that 250 

there is a greater need for infrastructure development, urbanization, and agricultural expansion. 

These activities often involve modifications to the natural landscape, including deforestation, 

construction of impervious surfaces (such as roads and buildings), and alteration of drainage 

patterns. Such land use changes can impact the hydrological cycle by affecting surface runoff, 

infiltration rates, and evapotranspiration processes (Hobeichi et al., 2022). (3) In regions with high 255 

population densities, the extraction of groundwater for domestic and agricultural purposes can 

exceed the natural replenishment rates. This overexploitation of groundwater resources can lead 

to groundwater depletion, reduced water availability in aquifers, and even land subsidence (Fang 

and Jawitz, 2019). Overall, the relationships between population density and the precipitation-

runoff dynamic involve complex interactions that influence water demand, land use changes, and 260 

groundwater extraction. Understanding these factors is crucial for managing water resources 

sustainably in densely populated regions. 
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S6 Maximal Information Coefficient algorithm 

The Maximal Information Coefficient (MIC), proposed by (Reshe et al., 2011), offers a 

measurement approach that does not rely on the distributional assumptions of datasets. This 265 

approach effectively captures extensive maximal information between variables, including both 

functional and non-functional relationships. When dealing with functional relationships, the MIC 

algorithm provides a score that is comparable to the coefficient of determination (𝑅2) of the 

datasets. 

S7 Verification of DPRR based on mutual information theory 270 

S7.1 The calculation procedure for the DPRL index 

Step 1: Involve three time series: the runoff time series denoted as 𝑋𝑡, the precipitation time series 

denoted as 𝑌𝑡, and an influencing factor denoted as 𝑍𝑡, where 𝑡 = 1,2, … , 𝑛, and 𝑛 signifies the 

length of the time series. The initial computation entails deriving the cumulative frequency for 

each time series. Subsequently, the runoff time series is transformed into the following time series 275 

𝑄𝑡: 

𝑄𝑡 =

{
 
 

 
 
1, 𝑋𝑡 ≤ 𝑋20

2, 𝑋20 < 𝑋𝑡 ≤ 𝑋
40

3, 𝑋40 < 𝑋𝑡 ≤ 𝑋
60

4, 𝑋60 < 𝑋𝑡 ≤ 𝑋
80

5, 𝑋𝑡 > 𝑋80

 (S11) 

where  𝑋20, 𝑋40, 𝑋60, and 𝑋80 correspond to 𝑋𝑡 when the cumulative frequencies are 20%, 40%, 

60%, and 80%, respectively. Similar processing is applied to the precipitation time series 𝑋𝑡 and 

the influencing factor 𝑍𝑡 , resulting in the updated time series 𝑊𝑡 and 𝐹𝑡. These time series are 

discretized into five equidistant intervals to reduce the impact of noise while capturing a wider 280 

range of time series values across various magnitudes. Notably, the division into five equidistant 

boxes is a deduced outcome derived from rigorous comparative analyses and verifications 

(Franzen et al., 2020). 

Step 2: Calculate the probability distribution functions for the time series: 
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{
 
 

 
 𝑝(𝑞𝑖) =

count(𝑞𝑖)

𝑛

𝑝(𝑤𝑗) =
count(𝑤𝑗)

𝑛

𝑝(𝑓𝑘) =
count(𝑓𝑘)

𝑛

 (S12) 

where 𝑝(𝑞𝑖) , 𝑝(𝑤𝑗)  and 𝑝(𝑓𝑘)  are the probability distribution functions of 𝑄𝑡 , 𝑊𝑡  and  𝐹𝑡 285 

respectively; count(𝑞𝑖) , count(𝑤𝑗) and count(𝑓𝑘) represent the occurrences of numerical values 

in 𝑄𝑡, 𝑊𝑡 and 𝐹𝑡, respectively; 𝑖 = 1,2, … ,5; 𝑗 = 1,2, … ,5; 𝑘 = 1,2, … ,5. 

Step 3: The Shannon entropy of time series is calculated as follows: 

𝐻(𝑄𝑡) = −∑ 𝑝(𝑞𝑖)log2𝑝(𝑞𝑖)
5

𝑖=1
 (S13) 

where 𝐻(𝑄𝑡) is the Shannon entropy of 𝑄𝑡. Here, entropy with a logarithm of base 2 is considered, 

such that entropy and related IT measures are in units of bits. 290 

Step 4: Calculate the joint distribution functions as follows: 

{
𝑝(𝑞𝑖, 𝑓𝑘) =

count(𝑄𝑡 = 𝑞𝑖, 𝐹𝑡 = 𝑓𝑘)

𝑛

𝑝(𝑞𝑖, 𝑤𝑗) =
count(𝑄𝑡 = 𝑞𝑖 ,𝑊𝑡 = 𝑤𝑗)

𝑛

 (S14) 

where 𝑝(𝑞𝑖, 𝑓𝑘) is the joint distribution function of 𝑄𝑡  and 𝐹𝑡; 𝑝(𝑞𝑖 , 𝑤𝑗) is the joint distribution 

function of 𝑄𝑡  and 𝑊𝑡 ; count(𝑄𝑡 = 𝑞𝑖, 𝐹𝑡 = 𝑓𝑘) is the number of simultaneous occurrences of 

𝑄𝑡 = 𝑞𝑖  and 𝐹𝑡 = 𝑓𝑘 ; count(𝑄𝑡 = 𝑞𝑖, 𝑊𝑡 = 𝑤𝑗)  is the number of simultaneous occurrences of 

𝑄𝑡 = 𝑞𝑖 and 𝑊𝑡 = 𝑤𝑗. 295 

Step 5: Given the influencing factor, the quantification of uncertainty within the sequence becomes 

feasible through the utilization of conditional entropy. This measure is computed as follows: 

{
 
 

 
 𝐻(𝑄𝑡|𝐹𝑡) =∑ ∑ 𝑝(𝑞𝑖, 𝑓𝑘)log2

𝑝(𝑞𝑖, 𝑓𝑘)

𝑝(𝑓𝑘)

5

𝑘=1

5

𝑖=1

𝐻(𝑄𝑡|𝑊𝑡) =∑ ∑ 𝑝(𝑞𝑖, 𝑤𝑗)log2
𝑝(𝑞𝑖, 𝑤𝑗)

𝑝(𝑤𝑗)

5

𝑗=1

5

𝑖=1

 (S15) 
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where 𝐻(𝑄𝑡|𝐹𝑡) is the conditional entropy of 𝑄𝑡 given 𝐹𝑡; 𝐻(𝑄𝑡|𝑊𝑡) is the conditional entropy of 

𝑄𝑡 given 𝑊𝑡. 

Step 6: Mutual information 𝐼(𝑄𝑡; 𝐹𝑡), quantifies the reduction in uncertainty of one variable when 300 

another variable is known. It is the difference between entropy and conditional entropy. The 

calculation for mutual information is as follows: 

𝐼(𝑄𝑡; 𝐹𝑡) = 𝐻(𝑄𝑡) − 𝐻(𝑄𝑡|𝐹𝑡) =∑𝑝(𝑞𝑡, 𝑓𝑡)log2
𝑝(𝑞𝑡, 𝑓𝑡)

𝑝(𝑞𝑡)𝑝(𝑓𝑡)
 (S16) 

Step 7: The DPRL index is further updated as follows: 

DPRL(𝑡) =
𝐼(𝑄𝑡; 𝐹𝑡)

𝐻(𝑄𝑡|𝑊𝑡) + 1
 (S17) 

where 𝐼(𝑄𝑡; 𝐹𝑡) represents the mutual information between 𝑄𝑡 and 𝐹𝑡. It quantifies the reduction 

in the uncertainty of 𝑄𝑡  when 𝐹𝑡  is given, providing insights into their interdependence. With 305 

regard to the impact of precipitation on runoff, this index introduces the concept of conditional 

entropy 𝐻(𝑄𝑡|𝑊𝑡), accounting for the conditional uncertainty within runoff given precipitation. 

Furthermore, incorporating the notion of relative error, a modification is applied to the 

denominator by adding +1. This adjustment prevents the denominator from becoming exceedingly 

small, which may lead to anomalous metric values of the index. 310 

S7.2 Possible driving mechanisms in precipitation-runoff relationships with mutual 

information approach 

The study applies the mutual information technique to quantitatively assess the driving levels of 

possible influencing factors in the precipitation-runoff relationships. The results (Figure S2b) 

illustrate that baseflow is the primary driving force influencing the PRR in the five sub-basins. The 315 

driving levels of baseflow are all greater than 0.4 in the five sub-basins, while the driving levels 

of other factors are all below 0.1. Baseflow is an important component of the Wei River Basin's 

runoff, particularly during the dry season (Miao et al., 2020), primarily contributing to runoff 

generation. Therefore, the driving levels of baseflow are higher. The impact of vegetation 

dynamics in WR4 and WR5 is stronger than in other sub-basins and significantly exceeds the 320 

impact of other factors in the two sub-basins. The finding aligns with the lower level of 

urbanization in WR4 and WR5. Furthermore, the impact of vegetation dynamics in WR5 is greater 
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than in WR4, illustrating that the afforestation policy in WR5 has yielded positive results (Wu et 

al., 2023). Additionally, compared to WR2, WR3 has a higher proportion of irrigated areas, and 

the typical cropping pattern in these sub-basins includes winter wheat and summer maize. The 325 

vegetation dynamics within irrigation zones depend on changes in cropping patterns, thereby 

exerting complex effects on the PRR within the sub-basins. The impacts of ISR, NTL, and POP in 

WR3 are all in the top two levels, and their impacts in WR2 are slightly smaller than those in WR3. 

Conversely, the impact of vegetation dynamics in WR2 is greater than that in WR3. The rapid 

expansion of downstream urban clusters in WR3 is a significant factor contributing to this result. 330 

Simultaneously, in pursuit of higher economic income or a more convenient lifestyle, populations 

in WR4 and WR5 tend to migrate towards the central cities in WR3. This migration results in 

lower anthropogenic driving factors for PRR in WR4 and WR5. Additionally, as populations 

concentrate, local surface water resources become inadequate to meet regional water demands. 

Consequently, groundwater extraction and inter-basin water transfer are employed to alleviate 335 

water resource pressures, leading to complex artificial interventions that may impact the PRR. ET0 

has a smaller impact on the PRR in all five sub-basins. The ranking pattern of driving levels of 

ET0 in the sub-basins is similar to that of vegetation dynamics. ISR and NTL have the strongest 

impact in WR1, likely due to its being the smallest basin area. 

  340 

Figure S2 a, Maximum kernel density values of the absolute values of DPRR for possible 

influencing factors. b, Results of mutual information approach for possible influencing factors. 

S7.3 Validation of DPRR by mutual information theory 

The maximum kernel density values of the absolute values of the DPRR (Figure S2a) are employed 

for comparing the results of DPRR and mutual information approach. The patterns exhibited by 345 

DPRR and mutual information approach are generally consistent, which mutually validates the 
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reliability of their assessment outcomes. Both DPRR and mutual information approach results 

illustrate that baseflow is the primary factor influencing PRR. Excluding WR5, the DPRR values 

of baseflow are the highest among the six factors. In WR5, the DPRR value of baseflow ranks 

second only to ET0. The mutual information approach values of baseflow are significantly higher 350 

than those of other factors in all five sub-basins. Furthermore, the DPRR and mutual information 

approach results for ISR, NTL, and POP demonstrate the differences between WR2 and WR3. 

WR2 is located upstream of WR3 and there is a large urban cluster downstream of WR3. Therefore, 

ISR, NTL, and POP have a greater impact on PRR in WR3 compared to WR2. In contrast, WR4 

and WR5 have smaller urban areas, so vegetation dynamics exhibit positive impacts in DPRR 355 

results and high-level influence in mutual information approach results. However, due to the 

distinct foundations of DPRR and mutual information approach, which are based on nonstationary 

and nonlinear theories, respectively. Their results exhibit minor disparities. For instance, in WR5, 

the results from DPRR show that ET0 has a much higher impact on PRR than other factors, whereas 

in mutual information approach results, the driving level of ET0 is extremely low, almost equal to 360 

other factors. This disparity might be attributed to the implementation of afforestation policies in 

WR5, which altered the local climate, thereby causing an increase in the driving level of ET0 on 

PRR during specific periods. DPRR captures the influence of ET0 on PRR, hence demonstrating a 

high driving level in the maximum kernel density results. 

 365 
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S8 Detailed description of Figures 2, 6, and 7 

 

Figure S3. a, A conceptual model of catchment response developed by integrating the causal loop-

based process explanations through investigating candidate driving factors. b, Visual synthesis of 

selected process explanations for potential driving mechanisms of the changes in PRR under non-370 

stationary processes, depicting a general catchment affected by anthropogenic interference. 
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Figure S4. Causal loop diagram elucidating possible explanations of candidate driving factors in 

five sub-basins based on the driving levels and directions of influential factors on PRR. 
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 375 

Figure S5. Causal loop diagram elucidating the potential processes controlling changes in WR3. 
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