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With great changes, such as climate and land use/cover, occurring in hydrological processes over the last de
cades, runoff sensitivity, here defined as proportional changes in runoff caused by a given proportional change in
its driving factors (including precipitation, P, potential evapotranspiration, PET, and parameter m), has also been
changing over time. However, few studies have focused on this sensitivity change, and runoff sensitivity is al
ways considered to be constant in runoff attribution analysis with an elasticity-based method. In this study, we
attempt to examine the temporal variation of runoff sensitivity in the middle reaches of the Yellow River basin,
China, and quantify its effects on the changes in runoff so that the existing attribution method can be improved.
We found that runoff sensitivity showed statistically significant trend, and runoff became more sensitive to
changes in long-term average P, PET, and m. Parameter m, largely affected by land use/cover change resulting
from large scale ecological projects, was the major contributor to change in runoff sensitivity, followed by P, and
lastly PET. Runoff sensitivity variation contributed approximately 20% to the proportional runoff change, and by
allowing runoff sensitivity to change over time, relative contributions of P, PET, and m to runoff would range
from − 5.05% to 9.94%. Our study supplements research focusing on hydrological changes and interactions, and
we suggest that temporal variation in runoff sensitivity should be considered when quantifying the impacts of
driving factors on changes in hydrological processes.
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1. Introduction
Runoff sensitivity refers to the runoff response to a change in its
driving factors (such as climate and land use/cover) and it varies in
different conditions (Berghuijs et al., 2017; Gudmundsson et al., 2016;
Harman et al., 2011; Nêmec and Schaake, 1982; Roderick and Farquhar,
2011; Sankarasubramanian et al., 2001). For example, with an
assumption that all driving factors other than precipitation, such as
temperature and land use/cover, remain constant, the same percentage
increase in precipitation in arid regions causes a smaller percentage
increase in runoff than it would in humid regions. Also, the replacement
of trees or shrubs with crops or grasses would lead to increasing runoff
because of reduced evapotranspiration (Roderick and Farquhar, 2011).
Lots of studies have demonstrated these spatial disparities of runoff
sensitivity on both regional and global scales and related these dispar
ities with changes in aridity or land use/cover (Berghuijs et al., 2017;

Donohue et al., 2011; Hua et al., 2013; Sankarasubramanian and Vogel,
2003; Silberstein et al., 2012; Sinha et al., 2020; Tang and Lettenmaier,
2012; Yang et al., 2014; Zhou et al., 2015). However, temporal change of
runoff sensitivity gets less attention (Berghuijs and Woods, 2016; Fan
et al., 2017). Considering the existence of space–time symmetry in water
balance, which means that the spatial (between-catchment) variability
of mean annual water balances matches the corresponding temporal
(inter-annual) variability of individual catchments (Berghuijs and
Woods, 2016; Carmona et al., 2014; Singh et al., 2011; Sivapalan et al.,
2011), it is likely that runoff sensitivity would change over time in the
same way as other hydrological processes; e.g., runoff trends, especially
in the context of global warming and intensive land use/cover change
(Jaramillo and Destouni, 2015; Labat et al., 2004; Piao et al., 2007; Yang
et al., 2018b).
However, runoff sensitivity has been regarded as constant in the
elasticity-based method used in hydrological attribution analysis (Gao
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et al., 2016; Hongxing et al., 2009; Li et al., 2012, 2007; Liang et al.,
2015; Sinha et al., 2020; Wang, 2014; Wu et al., 2016, 2017; Xu et al.,
2014, 2013; Zhang et al., 2008, 2011). These kinds of analyses focus on
hydrological changes such as decreases or increases in runoff between
two periods (baseline period and post-baseline period) and this change is
usually attributed to climate and human activities such as land use/
cover change. Taking precipitation as an example, a general framework
for distinguishing the contribution of certain factors to runoff change
using the elasticity method is as follows (Sankarasubramanian et al.,
2001; Sinha et al., 2020):
R
ΔRP = εP ΔP
P

2020, 2019; Roderick and Farquhar, 2011; Yang et al., 2007). Therefore,
runoff sensitivity to changes in ϕ (also P and PET, respectively) and m
can be estimated based on the partial differential equations derived from
Budyko equations. Also, the runoff sensitivity can then be used in
attribution analysis with an elasticity-based method. For example, based
on Budyko equations, Donohue et al. (2011), and Yang and Yang (2011)
estimated the spatial differences in runoff sensitivity in the Murray
Darling basin in Australia and 90 small catchments in the Northern Part
of China, respectively, while Zhou et al. (2015), Gudmundsson et al.
(2016), Gudmundsson et al. (2017), and Berghuijs et al. (2017) con
ducted global assessments of the sensitivity of water availability (indi
cated by R or R/P) to climate (indicated by ϕ,P, or PET) and other factors
(indicated by m). Liang et al. (2015), Wu et al. (2016), and Sinha et al.
(2020) also quantified the relative effects of climate and other factors on
runoff variability in some catchments across China and India, and
associated changes in the other factors in Budyko equations with human
activities such as ecological restoration. Ning et al. considered other
factors as interactions among vegetation, climate and topography, and
disentangled m from vegetation coverage, climate seasonality, the
fraction of precipitation falling as snow and relative basin relief at
different time scale from annual to 30-year period (Ning et al., 2017,
2020, 2019). Gan et al. (2021) demonstrated the great importance of
vegetation to water balance within the Budyko equations by high
lighting effects of land-cover type, effective rooting depth, vegetation
coverage and dependence of vegetation to climate. There are also lots of
research aimed to make the Budyko equations extend from long-term
water balance model to daily, monthly scale, from steady state to nonsteady state condition with changes in shallow groundwater and water
storage, and from natural processes to coupled human-nature system
including irrigation and human water consumption (Chen et al., 2020;
Mianabadi et al., 2020; Sankarasubramanian et al., 2020; Yao et al.,
2020; Zhang et al., 2020; Zhao et al., 2018).
Here we use Budyko equations to estimate runoff sensitivity to its
drivers; and this study is organized as follows: first, temporal changes in
variables in the Budyko equations (R, P, PET, and m) are detected to
show the changing environment and thus the necessity of sensitivity
variation analysis (Section 3.1). Next, we calculate runoff sensitivity to
P, PET, and m (expressed by εP , εPET , and εm , respectively) over time, and
test their trends (Section 3.2). Then, the study period is divided into two
parts through breakpoint analysis. We quantify the respective effects of
P, PET, and m on the respective changes in εP , εPET , and εm between two
periods (Section 3.3), and estimate the sum effects of runoff sensitivity
variation (εP , εPET , and εm ) on the proportional change in R (Section 3.4).
Finally, uncertainty surrounding the runoff attribution analysis with the
elasticity-based method is estimated by taking the temporal variation of
runoff sensitivity into consideration (Section 3.5).

(1)

where R and P are the average annual runoff and precipitation,
respectively, across the whole study period, and ΔP and ΔRP are the
precipitation change and precipitation-introduced runoff change be
tween the baseline and post-baseline periods. εP represents runoff elas
ticity to the precipitation in the entire study period, and is defined as the
proportional change in average annual runoff for a given proportional
change in average annual precipitation:

εP =

∂R/R
∂P/P

(2)

This concept was first proposed by Schaake (1990) in hydrology, and
has been widely used for describing runoff sensitivity because it allows
variables with different physical meanings to be compared (Berghuijs
et al., 2017; Gudmundsson et al., 2016, 2017; Harman et al., 2011; Tang
et al., 2019; Wang et al., 2016b). Based on the inference mentioned
above whereby runoff sensitivity might change over time in a changing
environment, the use of invariant runoff elasticity in an attribution
analysis of where hydrological processes have been changing clearly
warrants more careful consideration.
The objectives of this study are, therefore, (1) to examine temporal
variations in runoff sensitivity, and (2) to analyze to what extent these
sensitivity variations would influence runoff and runoff attribution
analysis by allowing elasticity to change over time.
In order to do this, sensitivity estimation is necessary, and various
methods have been developed to calculate runoff sensitivity. These
methods can be classified into three categories: (1) inputting different
values into a well-calibrated hydrological model to obtain the resulting
runoff change (Arora, 2002; Silberstein et al., 2012; Tang and Letten
maier, 2012); (2) analytical derivation from a linear or nonlinear
equations (Donohue et al., 2011; Tang and Lettenmaier, 2012); and (3)
nonparametric estimation from a statistical description (such as median
value over time) of the long-term observations (Brikowski, 2015; San
karasubramanian et al., 2001; Tang et al., 2019).
In these methods, Budyko equations are popular in sensitivity esti
mation and attribution analysis with an elasticity-based method because
of their structural simplicity and physical background compared with
methods that use a hydrological model and statistical description,
respectively (Berghuijs et al., 2020, 2017; Gan et al., 2021; Gud
mundsson et al., 2016; Roderick and Farquhar, 2011; Wang et al.,
2016a; Zhou et al., 2015). Budyko equations characterize the long-term
evapotranspiration fraction (ET/P) or runoff ratio (R/P) of a large
catchment at a steady state as a function of the aridity index (ϕ) and
parameter (m):
ET
R
= 1−
= F(ϕ, m)
P
P

2. Methods
2.1. Study area
We chose 16 small catchments in the middle reaches of the Yellow
River basin, China, (Fig. 1) as the study area because changes in climate
and land use/cover there make it likely that runoff sensitivity has
changed: (1) the climate here has been warmer and drier over time, and
runoff has clearly been decreasing since 1950s (Fu et al., 2017; Ma et al.,
2020) and (2) there has been a great change in land use/cover in recent
decades, including an increase in grassland, forestland, and buildings,
and a decrease in unused land and farmland (Fu and Chen, 2000; Wang
et al., 2010; Zhao et al., 2019). Furthermore, because the regions has
suffered from severe soil erosion (Fu et al., 2011), the portion of the area
subject to soil and water conservation measures (terraces, check dams,
small reservoirs, and afforestation) increased from 3.06% in 1969 to
51.36% in 2012 (Wang, 2002; YRCC, 1990-2012).

(3)

where ϕ is the ratio of annual potential evapotranspiration and
precipitation (PET/P). m is a parameter, and accounts for all other fac
tors besides ϕ that might influence the partitioning of P into R and ET.
These other factors, expressed by m, include both catchment properties
(e.g., topography, soil texture, and land use/cover type) and further
climatic factors (e.g., snow condition and climatic seasonal variability)
(Berghuijs et al., 2017; Gudmundsson et al., 2016; Ning et al., 2017,
2
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Fig. 1. Location of the middle reaches of the Yellow River basin and selected 16 small catchments along it. Catchments: a, Huangfu; b, Kuye; c, Gushan; d,
Tuwei; e, Jialu; f, Wuding; g, Dali; h, Qingjian; i, Yan; j, Beiluo; k, Jing; l, Wei; m, Fen; n, Xinshui; o, Qin; p, Yiluo. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

2.2. Data sources and processing

Table 1
Details of the study area.

Long-term climate and runoff data were used in this study. The
catchment boundary and drainage area were provided by the Yellow
River Conservancy Commission (YRCC). Annual precipitation and po
tential evapotranspiration data for 1956 to 2016 were derived from the
daily meteorological data [China Meteorological Data Service Center
(http://data.cma.cn/)] at 99 meteorological stations (Fig. 1). Daily po
tential evapotranspiration was calculated via the Penman-Monteith
equation from maximum and minimum temperatures, wind speed, at
mospheric pressure, relative humidity, and duration of sunshine (details
available in Allen et al. (1998)). A digital elevation model of the study
area (International Scientific Data Service Platform, http://datamirror.
csdb.cn/), the ANUSPLIN Interpolation tool (Hutchinson and Xu,
2013), and the ArcMap 10.2 clip tool were used to calculate the annual
precipitation and potential evapotranspiration of each catchment and
the entire region. The annual streamflow data from 18 gauging stations
(Fig. 1; Table 1) were also obtained from the YRCC. The streamflow of
the middle reaches is the difference between the observation data from
the stations at the entrance and the outlet.

No.

Catchment

Gauging
station

Drainage
area
(km2)

Study
period

Breakpointa

a
b
c
d
e
f
g
h
i
j
k
l
m
n
o
p

Huangfu
Kuye
Gushan
Tuwei
Jialu
Wuding
Dali
Qingjian
Yan
Beiluo
Jing
Wei
Fen
Xinshui
Qin
Yiluo
Middle
reaches

Huangfu
Wenjiachuan
Gaoshiya
Gaojiachuan
Shenjiawan
Baijiachuan
Suide
Yanchuan
Ganguyi
Zhuangtou
Zhangjiashan
Linjiacun
Hejin
Daning
Wuzhi
Heishiguan
Toudaoguai
Huayuankou

3230
8807
1260
3357
1138
25,514
3861
2095
5857
24,870
43,105
31,002
39,746
4186
13,721
18,746
343,751

1956–2016
1956–2016
1960–2012
1956–2016
1956–2016
1956–2016
1960–2016
1956–2016
1956–2016
1956–2016
1956–2016
1961–2016
1956–2016
1956–2016
1956–2016
1956–2016
1956–2016

1989**
1996**
1996**
1983**
1977**
1988**
1996*
1996*
1996**
1994**
1996**
1993**
1979**
1985**
1976*
1990**
1990**

a

Breakpoint was tested by the Pettitt method based on annual runoff of each
catchment (see Section 2.5), and** indicates the breakpoint is statistically sig
nificant at the p < 0.001 level, while * indicates significance at the p < 0.05 level.

2.3. Trend test
The trend significance of the long-term variables, including R, P,
PET, m, εP , εPET , and εm , were tested using the non-parametric Mann
Kendall (MK) method in this study. The MK test is often used in hydrometeorological time series, and a statistical value Z obtained from the
MK test is used to indicate the level of significance (Gocic and Trajkovic,
2013; Mann, 1945). A slope of the trends was estimated using Sen’s
method (Sen, 1968).

the Turc–Mezentsev formulas (Andréassian and Sari, 2019), and it is
expressed as:
(4)

F(φ, m) = 1 + φ − (1 + φm )1/m

Then, the first derivative of F(φ, m) with respect to ϕ (F (φ)) and m
′
(F (m)) is written as follows:
′

2.4. Runoff sensitivity estimation

′

F (φ) = 1 − φm− 1 (1 + φm )1/m−

Here we used Budyko equations to estimate runoff sensitivity, and
two of the more widely used equations are the Turc–Mezentsev
(Mezentsev, 1955; Turc, 1954) and Tixeront–Fu (Fu, 1996; Tixeront,
1964) formulas (Andréassian et al., 2016; Andréassian and Sari, 2019).
Here, we chose the Tixeront–Fu equation to calculate runoff sensitivity
due to its more general partial differential expressions compared with

′

F (m) =

1

(1 + φm )1/m ln(1 + φm ) φm (1 + φm )1/m− 1 lnφ
−
m2
m

(5)
(6)

Combining Eqs. (2) and (3), runoff sensitivity, εP , εPET , and εm , can be
expressed, respectively, as follows:
3
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εP =

∂R/R
ϕF ’ (ϕ)
= 1+
1 − F(ϕ, m)
∂P/P

εPET =

εm =

∂R/R
− ϕF ’ (ϕ)
=
∂PET/PET 1 − F(ϕ, m)

∂R/R
− mF ’ (m)
=
∂m/m 1 − F(ϕ, m)
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(12)). We then (4) calculated the respective relative contributions of P,
PET, and m to εP as Eqs. (13)–(15). Again, when repeating steps (1)-(4),
respective relative contributions of P, PET, and m to the respective
changes in εPET , and εm can also be estimated.
⃒
⃒
(10)
CON PtoεP = ⃒ε’P (P2 , PET 1 , m1 ) − εP1 (P1 , PET 1 , m1 ) ⃒

(7)
(8)
(9)

Therefore, εP , εPET , and εm can finally be calculated based on the
values of R, P, and PET.
According to Eqs (7)–(9), εP is a positive value (an increase inP in
creases R), εPET and εm are negative values (increases inPET and m
decrease R), and the sum of εP and εPET always equals 1. Larger absolute
values of εP , εPET , and εm indicate greater proportional change in R for a
given proportional change in P, PET, and m respectively; that is to say, R
is more sensitive to P, PET, and m. Therefore, in subsequent analysis, we
also used absolute values of εPET and εm (|εPET |and |εm |) to compare levels
of runoff sensitivity to P, PET, and m. More details about the derivation
process can be seen in Gao et al. (2016).
It is important to note that the application of Budyko equations needs
to satisfy an assumption that catchments should be under steady-state
conditions. However, it is difficult to measure changes in water stor
age; existing studies have always used long-term averages to represent
steady state (Carmona et al., 2014; Jiang et al., 2015). Andréassian et al.
(2016) considered the long-term averages of at least ten years and,
preferably, three decades. Han et al. (2020) showed that about 70% of
the catchments attain a steady state within 10 years with a threshold of
water storage change for a steady-state setting to 5% of the mean
monthly P. In this study, we used 15-year averages to attain a steady
state, and replaced data in the tth year with 15-year moving averages
(from the t-7th to t + 7th years) so that the steady-state assumption can
be satisfied and trends of variables in Budyko equations can also be
tested (Sections 3.1 and 3.2).

CON PETtoεεP = |εP ’(P1 , PET 2 , m1 ) − εP1 (P1 , PET 1 , m1 )|

(11)

CON mtoεP = |εP ’(P1 , PET 1 , m2 ) − εP1 (P1 , PET 1 , m1 )|

(12)

RCON

RCON

RCON

P to εP

=

PET to εP

m to εP

CON
=

=

P to εP

CON

CON

CON P to εP
+ CON PET to εP + CON

P to εP

P to εP

CON
+ CON

m to εP

PET to εP
PET to εP

+ CON

CON m to εP
+ CON PET to εP + CON

m to εP

m to εP

(13)
(14)
(15)

2.5.2. Estimation of effect of runoff sensitivity on proportional runoff
change
Because R is a function of P, PET, and m, the proportional change in R
can be expressed as (Gao et al., 2016):
ΔR
ΔP
ΔPET
Δm
= εP
+ εPET
+ εm
R
P
PET
m

(16)

We first calculated the average values of εP , εPET , εm , ΔP
, ΔPET
, and Δm
P
PET
m
at the baseline period and post-baseline period. To estimate the effects of
) between
runoff sensitivity (εP , εPET , and εm ) on relative changes in R (ΔR
R
the two periods, we (1) used the average values in the baseline period
(εP 1 , εPET 1 , εm1 , ΔP
, ΔPET , and Δm
) to calculate ΔR
based on Eq. (16), and
P 1 PET 1
m1
R1
(2) used the average values of εP , εPET , and εm in the post-baseline period
(εP 2 , εPET 2 , and εm2 ), and the average values of ΔP
, ΔPET
, and Δm
in the
P
PET
m
ΔPET
Δm
ΔR
,
and
)
to
calculate
’;
(3)
we
considered
the
baseline period (ΔP
P 1 PET 1
m1
R
ΔR
absolute difference between ΔR
’
and
as
the
contribution
of
runoff
R
R1

2.5. Scenario analysis

sensitivity (εP , εPET , and εm ) to the proportional change in R (ΔR
) from the
R
baseline period to the post-baseline period (Eq. (17)). Repeating steps
(1)-(3), the contribution of proportional changes in P, PET, and m (ΔP
,
P
ΔPET
, and Δm
) to the change in R (ΔR
) can be estimated (Eqs. (18)). We
PET
m
R
then (4) calculated the respective relative contributions of runoff
sensitivity (εP , εPET , and εm ) and the proportional changes in P, PET, and
m (ΔP
, ΔPET
, and Δm
) to ΔR
as Eqs. (19)–(20).
P
PET
m
R
⃒
(
)
⃒ΔR
ΔP ΔPET Δm
CON εP ,εPET ,εm to ΔRR = ⃒⃒ ’ εP 2 , εPET 2 , εm2 ,
,
,
R
P 1 PET 1 m 1
(
)⃒
ΔR
ΔP ΔPET Δm ⃒⃒
−
εP 1 , εPET 1 , εm1 ,
,
,
(17)
R1
P 1 PET 1 m 1 ⃒

A scenario analysis was used to calculate the respective effects of P,
PET, and m on the respective changes in εP , εPET , and εm (Section 3.3),
and also the effects of runoff sensitivity (εP , εPET , and εm ) on proportional
changes in R (Section 3.4).
At first, a non-parametric Pettitt method (Pettitt, 1979) was used to
detect the breakpoint of annual R and the significance level of the
breakpoint (Table 1). Based on this, we divided the study period into two
periods (the baseline period and post-baseline period), and calculated
the average values of R, P, PET, and m of each period.
2.5.1. Estimation of effects of driving factors on changes in runoff
sensitivity
Driving factors include P, PET, and m; runoff sensitivity includes εP ,
εPET , and εm . To estimate the effects of P on changes in εP between the
two periods, we (1) used average values of P, PET, and m in the baseline
period (P1 , PET1 , and m1 ) to calculate εP1 based on Eq. (7), and (2) used

⃒
⃒
⃒ΔR
ΔP ΔPET Δm
ΔR
ΔP ΔPET
Δm ⃒⃒
⃒
Δm
ΔR
’(
CON ΔPP,ΔPET
=
ε
,
ε
,
ε
,
,
,
)
−
(
ε
,
ε
,
ε
,
,
and
)
P 1 PET 1 m1
P 1 PET 1 m1
⃒R
PET , m to R
P 2 PET 2 m 2
R1
P 1 PET 1
m1 ⃒

the average value of P in the post-baseline period (P2 ), as well as the
average values of PET and m in the baseline period (PET 1 and m1 ), to
calculate εP ’; (3) considered the absolute difference between εP ’ and εP1
as the contribution of P to changes in εP from the baseline period to the
post-baseline period (Eq. (10)). Repeating steps (1)-(3), respective
contributions of PET and m to changes in εP can be estimated (Eqs. (11)–

RCON εP ,εPET ,εm to ΔRR =

4

(18)

CON εP ,εPET ,εm to ΔRR
Δm ΔR
CON εP ,εPET ,εm to ΔRR + CON ΔPP,ΔPET
PET , m to R

(19)

Y. Wang et al.

Journal of Hydrology 600 (2021) 126536

Δm ΔR =
RCON ΔPP,ΔPET
PET , m to R

Δm ΔR
CON ΔPP,ΔPET
PET , m to R

More details about the attribution analysis are available in Gao et al.
(2016).
Here we estimated the possible ranges of the relative contributions of
P, PET, and m to the change in R (RCONP to R , RCONPET to R , and
RCONm to R ) with attribution analysis by allowing runoff sensitivity (εP ,
εPET , and εm ) to change over time. First, we calculated two groups of εP ,
εPET , and εm using data from baseline period and post-baseline period,
respectively. Based on these two groups of εP , εPET , and εm , possible
ranges of RCONP to R , RCONPET to R , and RCONm to R can be obtained.
Then we compared upper and lower limits of the possible ranges of
RCONP to R , RCONPET to R , and RCONm to R with their previous values
calculated via Eq. (21), and this relative change is defined as the un
certainty surrounding in attribution analysis with an elasticity-based
method; for instance, the uncertainty range in RCONP to R is expressed
as:

(20)

Δm ΔR
CON εP ,εPET ,εm to ΔRR + CON ΔPP,ΔPET
PET , m to R

2.5.3. Uncertainty of scenario analysis
The role of interaction among driving factors in runoff sensitivity or
proportional runoff change was ignored in scenario analysis, so validity
of this method was evaluated by comparing (a) total sum of contribution
of each driver to runoff sensitivity or to proportional runoff change
between baseline period and post-baseline period with (b) the difference
of runoff sensitivity or proportional runoff change between the two
periods which were directly calculated based on average values of each
period. The closer the (a) is to (b), the minor the role of interaction
among driving factors is, and thus the more convincing the scenario
analysis is. In this study, (a) and (b) are roughly equal with an average
relative error (ratio of the difference between (a) and (b) to the value of

[
UncertaintyRCON

P to R

=

RCON P

to R

(baseline) − RCON P
RCON P to R (entire)

to R

(entire) RCON P
,

to R

(post − baseline) − RCON P
RCON P to R (entire)

to R

(entire)

]
(22)

(b)) of 12% (Fig. S4).
2.6. Uncertainty surrounding the runoff attribution analysis with an
elasticity-based method

3. Results
3.1. Trends of variables in the Budyko equation

A runoff attribution analysis with an elasticity-based method calcu
lates the contribution of P, PET, and m to the change in R (ΔR) between
the baseline period and the post-baseline period, based on Eq. (16). The
change in R caused by P (ΔRP ) is estimated as Eq. (1), and the changes in
R caused by PET (ΔRPET ) and m (ΔRm ) are the same. Then, the respective
relative contributions of P (RCONP to R ), PET (RCONPET to R ), and m
(RCONm to R ) to R can be calculated, for example, as:
RCON P

to R

= ΔRP /(ΔRP + ΔRPET + ΔRm )

For 1956–2016, R and P decreased statistically significantly (p <
0.05) with rates of − 0.87 mm/yr and − 1.35 mm/yr, respectively, while
PET showed a lack of trend (Fig. 2a-c). Based on their 15-year moving
average values, we calculated the annual values of m. As shown in
Fig. 2d, m values ranged from 2.92 to 3.78 with a statistically significant
increase rate of 0.02 /yr (p < 0.05) between 1963 and 2009.
Regarding small catchments, the average annual values of R, P, PET,

(21)

Fig. 2. Trends of variables in the Budyko
framework in the middle reaches of the Yellow
River basin for the past six decades. (a), R; (b), P;
(c), PET; (d), m. The black line indicates the annual
value of the variable for 1956–2016, the red line
represents the 15-year moving average data from
each year between 1963 and 2009. * indicates sta
tistically significant trend (p < 0.05). The unit of
slope of R, P, and PET is mm yr− 1, but yr− 1 for m.
(For interpretation of the references to colour in this
figure legend, the reader is referred to the web
version of this article.)
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Fig. 3. Characteristics of variables in the Budyko framework in small catchments for the past six decades. (a)-(d), Annual average value of R, P, PET (mm),
and m (dimensionless); (e)-(h), trends of R, P, PET (mm yr− 1), and m (yr− 1). Catchments: a, Huangfu; b, Kuye; c, Gushan; d, Tuwei; e, Jialu; f, Wuding; g, Dali; h,
Qingjian; i, Yan; j, Beiluo; k, Jing; l, Wei; m, Fen; n, Xinshui; o, Qin; p, Yiluo. Oblique lines indicate statistically significant trend (p < 0.05).

and m had various spatial patterns, and their annual values showed
statistically significant trends (p < 0.05) in most areas (Fig. 3). R had
larger average values and reduction rates in the southernmost and
northernmost catchments, such as Yiluo, Wei, Qin, Kuye, and Tuwei,
while the smallest average value was in Fen in the middle catchments.
The average values of P and m both increased roughly from north to
south, but their trends and change rates differed. P had a statistically
significant decreasing trend (p < 0.05) in all catchments, while m had a
statistically significant increasing trend in all catchments except Qing
jian, Yan and Beiluo, and the decrease rates of P and increase rates of m
in eastern catchments were larger than the west. The average annual
values of PET decreased from north to south except for Yiluo in the
south. Temporally, it showed a statistically significant decreasing trend
(p < 0.05) in the northernmost (Huangfu, Kuye, and Gushan) and
southernmost catchments (Qin and Yiluo), while in other catchments, it
had an increasing trend and increased statistically significantly (p <
0.05) in Wei, Qingjian, Dali, Yan, Wuding, Jing and Beiluo, which are
located in the west.

3.2. Temporal variation in runoff sensitivity
Our analysis showed diverse spatial patterns and temporal trends in
runoff sensitivity to precipitation (εP ), potential evapotranspiration
(εPET ), and m (εm ). Here, we compared εP with |εm | and |εPET |, because εm
and εPET have negative values, i.e., increasing m and PET cause
decreasing runoff. Note that εPET +εP = 1 (Eqs. (7) and (8) in Section
2.4), so they have the same trends and change rates.
In the middle reaches of the Yellow River basin, εP was slightly larger
than |εm | with mean values of 3.14 and 2.90, respectively. Long-term
|εm |and εP both showed statistically significantly increasing trends (p
< 0.05) with change rates of 0.02 /yr, and ranged from 2.43 to 3.35 and
from 2.76 to 3.65, respectively (Fig. 4).
Specifically, the mean value of the long-term |εm |was larger than εP
in nine small catchments, mostly located north of the middle reaches,
and smaller than εP in seven catchments in the south (Fig. 5). The dif
ference between the average |εm |and εP of the catchments where |εm |was
larger than εP ranged from 0.22 (Qin) to 1.02 (Wuding), while other
catchments where |εm |was smaller than εP ranged from 0.02 (Yan) to
0.82 (Xinshui). Moreover, the mean value of |εm |varied between 1.96
(Yiluo) and 3.45 (Fen) with larger values in north of the middle reaches,
whereas εP varied between 1.84 (Tuwei) and 3.92 (Fen) with larger
values in the south. Regarding the trends of |εm |and εP for the last six
decades, they both increased statistically significantly (p < 0.05) in all
catchments except the north central catchments covering Dali, Yan, and
Beiluo, where the p values of εP trends were higher than 0.05. The largest
and lowest statistically significant increase rates of εP were approxi
mately 0.027 /yr in Fen and 0.008 /yr in Wuding, respectively, while
0.033 /yr in Fen and 0.005 /yr in Yiluo, respectively, for|εm |.
3.3. Effects of driving factors on changes in runoff sensitivity
After identifying the breakpoints of the middle reaches and small
catchments (Table 1, Figs. S1 and S2), we then analyzed the respective
effects of P, PET, and m on respective changes in runoff sensitivity (εP ,
εPET and εm ) between two periods through the scenario analysis (see
Section 2.5.1). In the whole middle reaches, the results showed that m
was the main contributor to the changes in εP and εm from the baseline
period to the post-baseline period with a proportion of 93.99% and

Fig. 4. Trends of runoff sensitivity to precipitation (εP ), potential evapo
transpiration (|εPET |), and m (|εm |) in the middle reaches of the Yellow
River basin between 1963 and 2009. * indicates statistically significant trend
(p < 0.05). The unit of the slope is yr− 1. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)
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Fig. 5. Trends of the runoff sensitivity to precipitation (εP ) and m (|εm |) in small catchments of the middle reaches of the Yellow River basin across the past
six decades. (a), Huangfu; (b), Kuye; (c), Gushan; (d), Tuwei; (e), Jialu; (f), Wuding; (g), Dali; (h), Qingjian; (i), Yan; (j), Beiluo; (k), Jing; (l), Wei; (m), Fen; (n),
Xinshui; (o), Qin; (p), Yiluo. Small catchments from north to south are listed in alphabetical order. * indicates statistically significant trend (p < 0.05). The unit of the
slope is yr− 1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

52.88%, respectively (Fig. 6). For εP in small catchments, m contributed
an average of 85.26% to its change, while P and PET caused 10.82% and
3.92%, respectively. Spatially, the contribution of m was larger for the
catchments in the north than those in the south, while P and PET were
the opposite. For εm , average contributions of m, P, and PET to it were
47.13%, 39.09%, and 13.87%, respectively, and their spatial patterns
were similar to those for εP in the north and south catchments. In
addition, because the sum of εPET and εP was constant, the respective
effects of P, PET, and m on changes in εPET were the same as those on εP ,
and they were ignored in Fig. 6.

3.5. Uncertainty of runoff attribution analysis with the consideration of
sensitivity variation
Given the small but indispensable effect of runoff sensitivity on
changes in ΔR
R , we estimated uncertainty of the runoff attribution anal
ysis with an elasticity-based method, which considers runoff sensitivity
as constants. According to the method in Section 2.6, possible relative
changes in runoff attribution results (relative contributions of P, PET,
and m to the change in R; namely, RCONP to R , RCONPET to R , and
RCONm to R ) were illustrated in Fig. 8. In small catchments, relative
change range of RCONPET to R was greater than RCONP to R , followed by
RCONm to R , with an average proportion of 24.24%, 17.08%, and 5.11%,
respectively. The pattern of the relative change in RCONP to R was
similar to that of RCONPET to R ; they had a wider range in the north and
south catchments, but a narrower one in the central parts. For
RCONm to R , its prop change range was wider in the south catchments
than the north. Considering the direction of the relative change, the
positive amplitudes of RCONP to R and RCONPET to R were larger than the
negative in most of the catchments, but RCONm to R was the opposite.
There were a number of exceptions such as in Jialu, Qin, Qingjian, Yan,
and Beiluo, where the positive amplitude of RCONm to R was wider, or
the negative amplitudes of RCONP to R and RCONPET to R were narrower.
For the entire middle reaches, temporal variation of runoff sensitivity
caused relative changes in RCONP to R , RCONPET to R , and RCONm to R ,
varying from − 5.05% to 9.41%, from − 4.75% to 9.94%, and from
− 5.02% to 2.68%, respectively.

3.4. Effect of runoff sensitivity on proportional runoff change
Here, we identified the total effects of runoff sensitivity (εP , εPET , and
εm ) on changes in proportional runoff change (ΔR
R ) between two periods
(see Section 2.5.2). As shown in Fig. 7, runoff sensitivity, including εP ,
εPET , and εm , took up an average of 22.55% of the change in ΔR
R from the

baseline period to the post-baseline period. With the exception of Jing,
in all of the small catchments, runoff sensitivity contributed less than
half to changes in ΔR
R , ranging from 3.93% to 38.58%. Effects of pro

ΔPET
Δm
ΔR
portional changes in P, PET, and m (ΔP
P , PET and m ) on the change in R
were larger, and these effects referred to the direct effects of P, PET, and
m on ΔR
R rather than the indirect effects that P, PET, and m influence R
through the change in runoff sensitivity.
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Fig. 6. Respective contributions of P, PET, and m to changes in runoff sensitivity to (a) precipitation (εP ), and to (b) m (εm ) across the past six decades.
Lateral axis indicates the entire Middle reaches and 16 small catchments, and small catchments from north to south are listed in left-to-right order.

Fig. 7. Relative contributions of runoff sensitivity to change in runoff in the past six decades. Lateral axis indicates the entire Middle reaches and 16 small
catchments, and small catchments from north to south are listed in left-to-right order.
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result, |εm |was larger than εP in the north catchments, and the opposite
in the south (Fig. 5). Moreover, the effects of P and PET on the changes in
runoff sensitivity were smaller in the north catchments than in the south
because of their varied climate (Fig. 6).
The aforementioned results derived from Budyko equations were
consistent with earlier research based on empirical evidence. Padrón
et al. (2017) concluded from a systematic review and meta-analysis that
apart from PET/P, other factors (also indicated by m) explained at least
35% of the ET/P change, and up to about 90% in arid regions. Therefore,
m greatly influences runoff, especially in arid climates. Other global
synthetic studies have found that climate variability and forest cover
change play an equal role in annual water yield variations, but R is less
sensitive to climate change in drier catchments than in wetter catch
ments (Li et al., 2017).
4.2. Potential causes for temporal variation in runoff sensitivity in this
study
The parameter m is an important factor in runoff sensitivity, and
there are lots of physical explanations for it. In general, m accounts for
all factors except for long-term average PET/P that might influence the
partitioning of P into R and ET, and a larger m means more P would be
converted to ET. The physical factors involved both catchment proper
ties (e.g., topography, soil texture, and land use/cover type) and further
climatic factors (e.g., snow condition and climatic seasonal variability)
(Berghuijs et al., 2017; Gudmundsson et al., 2016; Ning et al., 2019;
Roderick and Farquhar, 2011). Yang et al. (2018a) also described m as
the water retention properties of catchments and regarded it as a func
tion of vegetation, soil, and topography. Yang et al. (2007) proposed an
empirical formula for m estimation with a calibration from the long-term
observations in 108 non-humid catchments within and near the Yellow
River basin. The formula includes landscape parameters including
relative infiltration capacity, relative soil water storage, and the average
slope, and here we analyzed the potential causes for increases in m from
this perspective. Infiltration capacity is measured by saturated hydraulic
conductivity, while soil water storage is determined by plant extractable
water capacity.
On a decade scale, the most likely drivers for the changes in the
above-mentioned soil physical properties may be land use/cover
change. Since 1999, the Grain-for-Green Programme (GGP) has con
verted 16,000 km2 of rain-fed cropland in the Loess Plateau (mostly
located in the middle reaches of the Yellow River basin) to vegetation,
with vegetation cover increasing at a rate of 25% over the last decade
(Feng et al., 2016). In addition, soil in forests or shrub land has a higher
infiltration capacity and water storage capacity than that in farmland
because of the litter layer and deeper roots. Moreover, the Conservation
of Water and Soil Ecological Engineering (CWSEE) project was also
launched in this area in the 1960s, and the cumulative area of soil and
water conservation, such as terraces, check dams, and small reservoirs,
has been increasing rapidly since the 1970s (Gao et al., 2016; Liang
et al., 2015). These measures reduced the slope of landscape and
increased water infiltration and retention. Wang (2002) estimated that,
on average, about 1.85 mm yr− 1 of water was retained by these mea
sures between 1960 and 2000. In the Loess Plateau, Liang et al. (2015)
and Gao et al. (2016) also found that m is significantly correlated with
the percentage of an area affected by soil and water conservation mea
sures in most of this region. In addition, increasing water withdrawal
from rivers may also increase m by directly reducing runoff (Wang et al.,
2019).
As mentioned in previous paragraph, land use/cover change maybe
the major reason for the change in m. Given the important role of m in
runoff sensitivity variation, relationship between land use/cover and
runoff sensitivity was discussed in this section. As shown in Figs. 9 and
10, both vegetation coverage and area of ecological measures are sta
tistically significantly correlated with εP and |εm | in most of the catch
ments. However, number of catchments with significant correlation

Fig. 8. Relative changes in the contributions of (a) P, (b) PET, and (c) m to
the change in R. The relative changes were caused by the temporal variations
in runoff sensitivity, contributions of P, PET, and m to the change in R were
estimated by runoff attribution analysis with an elasticity-based method, and
the relative changes were regarded as the uncertainty range of the runoff
attribution analysis with an elasticity-based method.

4. Discussion
4.1. Theoretical causes for runoff sensitivity variation based on Budyko
equations
According to the theoretical curves of runoff sensitivity, which can
be derived from Budyko equations (Berghuijs et al., 2017; Gudmundsson
et al., 2017; Zhou et al., 2015), runoff sensitivity (εP , |εPET |, and |εm |) are
greater in areas with a drier climate (PET/P) and larger m. In terms of
|εm |, both m and PET/P affect it, but εP and |εPET | are more sensitive to m
rather than PET/P. Therefore, in this study, decreasing P (drier climate)
and increasing m caused increases in εP , |εPET |and |εm |together, and m
was the major contributing factor (Fig. 6). It contributed 93.99% to the
increases in εP and εPET , and 52.88% to εm . P took up 43.61% of the
change in εm , while PET had little effect on runoff sensitivity in the study
area due to its lack of trend within the study period (Fig. 2). Spatially,
the north catchments had drier climates (PET/P) and smaller m than the
south (Fig. 3), reducing difference in εm between the north and south
catchments. However, εP and εPET were predominantly affected by m, so
εP and |εPET | were smaller in the north catchments than in the south. As a
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Fig. 9. Relationship between vegetation
coverage and runoff sensitivity (εP , black;
|εm |, red) during 1963–2009. (a), Huangfu;
(b), Kuye; (c), Gushan; (d), Tuwei; (e), Jialu;
(f), Wuding; (g), Dali; (h), Qingjian; (i), Yan;
(j), Beiluo; (k), Jing; (l), Wei; (m), Fen; (n),
Xinshui; (o), Qin; (p), Yiluo; (q), middle
reaches; (r), statistics of plots (a)-(q). Vege
tation coverage was estimated following
Ning et al. (2019). Solid line meant statisti
cally significant correlation (p < 0.05),
dotted line meant p ≥ 0.05. (For interpreta
tion of the references to colour in this figure
legend, the reader is referred to the web
version of this article.)

between vegetation coverage and εP is larger than that with significant
correlation between vegetation coverage and |εm |, while area of
ecological measures is significantly correlated with |εm | in more catch
ments than that with εP . This contradiction maybe resulted from the
inconsistent time series of vegetation coverage and ecological measures,
so more long and reliable data set or technique should be developed and
used for quantifying interaction among the complex hydrological
processes.
In terms of climate factors, P showed a statistically significant
decreasing trend, while changes in PET were not apparent. With global
warming, this is unexpected due to the close correlation between PET
and temperature. However, the Penman–Monteith PET-estimated model
also depends on wind speed, relative humidity, and other variables, and
we found that the increasing temperature was offset by decreasing wind
speeds and sunshine duration, while relative humidity had no significant
trend (Fig. S3; see also in Yin et al., 2010a, 2010b).

hydro-meteorological variables trends, water regime shift, and the ef
fects of driving factors on water availability change (Jaramillo and
Destouni, 2014; Liang et al., 2015; Wu et al., 2016). As a supplement,
our study, which took the middle reaches of the Yellow River basin as a
case study, proved the existence of temporal increase in runoff sensi
tivity, and found that runoff sensitivity change affected about one fifth
of the proportional runoff change. Since these effects of runoff sensi
tivity have been ignored in previous runoff attribution analysis with an
elasticity-based method (which considered runoff sensitivity to be con
stants), we considered it and estimated uncertainty of previous attri
bution method (Gao et al., 2016; Sinha et al., 2020). Therefore, more
attention should be paid to hydrological sensitivity variation and effects
of sensitivity variation on change in runoff, especially in regions where
significant transformations have taken place in recent decades (Tang
et al., 2019).
The Budyko equation was the basis of this study; its applicability to
the study area and the calculation of parameter m in the function were
important to support the rationality of our findings. The Budyko equa
tion has been widely used in previous studies. On both regional and
global scales, annual runoff projections using the Budyko equation and
the physical-based hydrological model agreed with each other (Fer
nandez and Sayama, 2015; Yang et al., 2018a). The equation has proven
to be an effective tool for exploring hydrological processes; in particular,
the impacts of climate factors and catchment characteristics on water
balance (Wang et al., 2016a).

4.3. Implication and limitations of this study
This study focuses on temporal variation in runoff sensitivity and
supplements research on hydrological change. It has been acknowledged
that the hydrological process on both global and regional scales has
changed greatly in the last century (Durack and Matear, 2012; Gedney
et al., 2006; Zhang et al., 2009). Previous studies have realized the great
importance of this change and explored it with the perspectives of the
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Fig. 10. Relationship between ecological
measures and runoff sensitivity (εP , black;
|εm |, red). (a), Huangfu; (b), Kuye; (c),
Gushan; (d), Tuwei; (e), Jialu; (f), Wuding;
(g), Dali; (h), Qingjian; (i), Yan; (j), Beiluo;
(k), Jing; (l), Wei; (m), Fen; (n), Xinshui; (o),
statistics of plots (a)-(n). Ecological measures
included terraces, check dams, trees and
pastures, affected area of these measures
were obtained in 1959, 1969, 1979, 1989,
1999 and 2006 (Liang et al., 2015). Solid line
meant statistically significant correlation (p
< 0.05), dotted line meant p ≥ 0.05. (For
interpretation of the references to colour in
this figure legend, the reader is referred to
the web version of this article.)

series data rather than its long-term trend.
Some studies have also extended the Budyko equation by incorpo
rating water storage effects or other factors into the equation to make it
available for non-steady states (Chen et al., 2013; Greve et al., 2016;
Tang et al., 2017). These can be used in future sensitivity studies to
better understand the links and feedback between climate factors,
catchment retention capacity, and regional water yield at finer scales.
5. Conclusions
Based on the Budyko equation, this study proved the existence of
temporal variations in runoff sensitivity, identified factors other than
long-term average climate, here mainly referring to land use/cover
change as the major contributor to runoff sensitivity variations, and
explored role of sensitivity variations in runoff change in the middle
reaches of the Yellow River basin for the last six decades.
The sensitivity of runoff to precipitation (εP ), potential evapotrans
piration (|εPET |), and parameter m (|εm |) increased significantly with
similar change rates. This higher sensitivity was mainly caused by
change in m, followed by precipitation (P), and lastly potential evapo
transpiration (PET). Land use/cover change, resulting from large
ecological projects such as Grain-for-Green and Conservation of Water
and Soil, was the possible reason for the change in m. Sensitivity vari
ation also influenced about a fifth of the proportional runoff decline
between the baseline period and the post-baseline period. Applying
runoff sensitivity of the two periods to runoff attribution analysis with
elasticity-based method separately, relative changes in the contributions
of P, PET, and m on changes in R ranged from − 5.05% to 9.94%. This
study highlights the temporal variation of runoff sensitivity along with
land use/cover and climate change and influence of sensitivity variation
on runoff and runoff attribution analysis with the elasticity-based

Fig. 11. Trends of m calculated using 11-year, 15-year, and 31-year
moving average data in the middle reaches of the Yellow River basin. *
indicates statistically significant trend (p < 0.05). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web
version of this article.)

However, it was developed for steady states in large catchments, and
functions such as the Tixeront-Fu equation used in this study should be
calculated with long-term averages to guarantee the steady-state con
dition. Here, we used multi-year moving average data and set the
lengths of the moving windows as 11, 15, and 31 according to sugges
tions in previous studies. Results showed that the mean values and
slopes of m and runoff sensitivity (εP , εPET , and εm ) in different moving
windows are similar in both the middle reaches of the Yellow River basin
and small catchments (Fig. 11 and Tables S1-S3). Therefore, the size of
the moving window influences the amplitude of fluctuations in time11
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method, which are all critical for better understanding hydrological
regime changes and catchment management.
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