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Climate change intensifies precipitation fluctuation and increases drought frequency around the globe. Water use
efficiency (WUE) has proven to be a crucial metric to quantify the trade-off linking global carbon and water
cycles in many aspects of terrestrial ecosystem function. Investigating the response of ecosystem WUE to mul
tiannual precipitation fluctuations has major implications for our understanding of ecosystem carbon and water
dynamics. However, the impacts of water availability variation on evapotranspiration- and transpiration-based
ecosystem WUE and their mechanisms are poorly understood due to limited observations. We investigated
ecosystem WUE in response to interannual precipitation fluctuations in order to reveal the regularity underlying
WUE changes under different levels of water stress. We optimized the parameters of two remote sensing models
(PT-JPL and PM) based on different biophysical processes using the differential-evolution Markov Chain (DE-MC)
method. We investigated ecosystem WUEET (GPP/ET) and WUET (GPP/T) in response to interannual precipi
tation fluctuations at 73 sites. We found ecosystem WUET appears to decline during drought years and to increase
in wet years contrasting with WUEET, which was mostly attributable to differing sensitivities of GPP, ET and T to
multiannual precipitation fluctuations. The vegetation generally consumes more T to improve ecosystem GPP
during dry years, meanwhile, no apparent change in WUEET during dry years because of the trade of between
GPP/T and T/ET. The replenishment of soil moisture to ecosystem transpiration is higher than we thought during
dry years. This was masked in analysis that considered the responses of GPP and T to annual precipitation
changes separately, but was revealed by the changes in ecosystem WUET. This research advances our under
standing of the consequences of water fluctuation on ecosystem carbon and water exchange.

1. Introduction
Carbon and water cycles are intimately coupled in terrestrial eco
systems. Water-use-efficiency (WUE), the proportion of carbon assimi
lation per unit of water loss, has been recognized as an important
indicator of the relationship between the water and carbon cycles and is
a key characteristic of ecosystem function (Ponton et al., 2006; Keenan

et al., 2013). Global climate change is likely to shift precipitation pat
terns and cause the frequency and intensity of droughts to increase,
which will affect ecosystem carbon and water processes (Dai 2013; Yin
et al., 2016; Berdugo et al., 2020). Interannual variability of precipita
tion can influence the components of the hydrological budget and alter
net CO2 uptake from the atmosphere (Tang et al., 2011; Carvalhais et al.,
2014). This can affect ecosystem function within terrestrial biomes
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through adjustments in vegetation structure and function (Easterling
et al. 2000; Fatichi & Ivanov, 2014). Meanwhile, the response of
terrestrial ecosystems to changes in water availability is one of the
greatest challenges associated with climate change (Brooks et al., 2011).
WUE is an important consideration when simulating primary produc
tivity in models. The carbon sink is dominated by ecosystem produc
tivity whose carbon balance is strongly associated with precipitation.
Changes in WUE in wet and dry years is directly related to the trend and
inter annual variability of the carbon sink (Ahlström et al., 2015).
Therefore, an understanding of ecosystem WUE and its key controlling
processes in response to precipitation fluctuations is helpful to project
terrestrial carbon feedbacks caused by climate change.
WUE is an important consideration when simulating primary pro
ductivity in models. Therefore, an understanding of ecosystem WUE and
its key controlling processes in response to precipitation fluctuations is
helpful to project terrestrial carbon feedbacks caused by climate change.
Definitions for WUE metrics range in spatial scale from leaf to
ecosystem, and range in temporal scale from instantaneous measure
ments to multi-year ecosystem life cycles (Beer et al., 2009; Bernacchi
and VanLoocke 2015; Tarin et al., 2019). The diversity of definitions for
WUE is caused by multiple ways of quantifying carbon exchange and
water loss (Potts et al., 2006; Li et al., 2010; Peñuelas et al., 2011). The
most widely used ecosystem WUE metric is defined as the ratio between
GPP and ET (Ito and Inatomi., 2012; Liu et al., 2020). This focuses on the
direct exchange of carbon and water gross fluxes between ecosystem and
the atmosphere, Another common metric is intrinsic WUE,the ratio of
Gross Primary Productivity (GPP) to canopy conductance. Intrinsic WUE
is defined as the ratio of carbon assimilation (A) to stomatal conductance
(gs) at the leaf scale, and is commonly used to study the effects of rising
atmospheric CO2 concentration on plant physiology (Keenan et al.,
2013; Peters et al.,2018; Knauer et al., 2018). The different ways of
measuring ecosystem WUE involve different eco-physiological pro
cesses, which makes them difficult to compare, and leads to a divergence
in understanding the mechanisms causing variability in ecosystem WUE.
The response of ecosystem WUEET (defined as GPP/ET) to water
availability varies considerably between studies. Reichstei et al. (2002)
analyzed three Mediterranean ecosystems using eddy covariance and
sapflow data and found ecosystem WUEET decreases during drought.
They also studied the effect of the 2003 heat wave on the productivity of
the European biosphere in summer, observing a slight decrease in
WUEET despite a strong negative anomaly of GPP during the severe
drought (Reichstein et al., 2007). Hu et al. (2008) quantified the
inter-annual variations of WUEET along a water availability gradient at
four Chinese grassland locations and found a positive correlation with
precipitation. Lu and Zhang (2010) derived WUEET on a continental
scale and found that WUEET tended to increase under moderate drought
conditions but tended to decrease under seveer drought conditions. Niu
et al. (2011) found that increased precipitation stimulated WUEET at
temperate steppe in Northern China.
These inconsistent responses of ecosystem WUEET to precipitation
can be explained in part by different study periods, types of vegetation
or other confounding factors that may have been ignored (Yu et al.,
2008; Ponce Campos et al., 2013). However, the coupling of ecosystem
carbon and water exchange processes and its key controlling processes
in response to precipitation variation are still unclear. Given that ET
includes soil evaporation (ES), canopy interception (EI) and transpira
tion (T), trends in non-biological processes such as EI and ES may also
contribute to the response of WUEET. WUET represents ecosystem-level
carbon assimilation associated with physiologically water loss and is
defined as defined as GPP divided by T (Hu et al., 2008; Sun et al., 2015).
WUET represents a strictly-defined process of carbon and water ex
change with stomata regulating the movement of water vapor from
vegetation into the atmosphere and CO2 from the atmosphere into
vegetation. Studies of WUET are relatively rare due to the difficulty in
observing transpiration and simulating inaccurate (Lian et al.,2015;
Zhang et al.,2016). The response of WUET to precipitation changes is

therefore not well understood. It is currently unclear how different
measures of ecosystem WUE capture variation with changes of annual
precipitation (Tarin et al., 2019).
Our current understanding of the effect of multiannual precipitation
variability on ecosystem WUE is still poor due to sparse and scattered insitu data. It is impossible to further study whether there are some com
monalities internal mechanisms among different ecosystem to adjust the
response of WUE to annual precipitation. Here we compare the re
sponses of annual WUEET and WUET to changes in annual precipitation
at the site-level to record ecosystem resilience under disturbances of
water and maintain ecosystem functions. Specifically, the questions we
address are: (i) what are the magnitudes of variability for WUEET and
WUET across different biomes within different climate zones? (ii) How
do WUEET and WUET respond to precipitation fluctuation at the standlevel? (iii) What are the mechanisms underlying the different re
sponses of ecosystem WUEET and WUET to annual precipitation
changes?
2. Materials and methods
2.1. Forcing data
2.1.1. Tower data selection
FLUXNET is a global network of continuous eddy covariance mea
surements of carbon dioxide, water vapor and energy exchange on halfhourly to annual timescales between the biosphere and atmosphere
(Baldocchi et al., 2014, 2003; Barr et al., 2006). This standardized
dataset allows us to analyze many sites across diverse environmental
conditions. Direct measurements of carbon and water exchange make it
possible to evaluate ecosystem WUE and to investigate the responses to
environmental change at the ecosystem level (Huxman et al., 2004; Law
et al., 2002). Here we use the FLUXNET2015 dataset which includes
several improvements to enhance data quality from multiple regional
flux networks. In order to analyze the influence of annual precipita
tion change on WUE, 73 sites were selected based on the the screening
criteria which required more than five years of observational data
available since 2000 (Figure S1). With a combined 678 site-years of
measurements the data coverage at each site ranges from 5 to 14 years
across a wide range of vegetation classes, including croplands (CRO; 13
sites), deciduous broadleaf forests (DBF; 12 sites), evergreen broadleaf
forests (EBF; 6 sites), evergreen needleleaf forests (ENF; 18 sites),
grasslands (GRA; 10 sites), mixed forests (MF; 6 sites), open shrublands
(OSH; 3 sites), savannas (SAV; 2 sites), and woody savannas (WAS; 3
sites). A more detailed description of the 73 sites is provided in Sup
plemental Table S1 and at www.fluxdata.org.
2.1.2. Energy budget closure
A discrepancy of 10~30% in the surface energy balance is generally
observed when calculating the difference between net radiation and the
sum of the latent, sensible and soil heat fluxes at eddy covariance towers.
This is a universal problem and is not due to the uncertainty in obser
vations alone. The best way to correct the non-closure problem is still
under discussion (Massman and Lee, 2002; Barr et al., 2006; Foken et al.,
2011). The values of the latent and sensible heat fluxes were corrected
by the closure ratio in the FLUXNET2015 dataset. Here we use the latent
heat flux data after this correction to optimize the model parameters.
2.1.3. Remote sensing data
Remote sensing data are required for the ET model inputs including
the enhanced vegetation index (EVI), the normalized difference vege
tation index (NDVI) and the leaf area index (LAI). The values were ac
quired from moderate-resolution imaging spectroradiometer (MODIS)
products at 1km spatial resolution around the eddy covariance flux sites
with high quality-controlled (Myneni et al., 2002). We used linear
interpolation to fill gaps between successive satellite data records, and
then integrated the indexes to a monthly scale.
2
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2.2. Remote sensing model and ET partition

(

2.2.1. PT-JPL model
The Priestly-Taylor Jet Propulsion Laboratory (PT-JPL) model uses a
number of biophysical constraints to downscale potential ET. It relies on
the Priestley-Taylor equation to calculate veritable ET, which was pro
posed by Fisher et al. (2008). The PT-JPL model has been widely used in
ET evaluation for its superior performance when compared to other
remote sense ET models across multiple flux towers (Ershadi et al., 2014;
Michel et al., 2016; McCabe et al. 2016). The model is governed by the
following equations:
ET = T + ES + EI

(1)

Δ
T = (1 − fwet )fg fT fM ⋅α
⋅Rnc
Δ+γ

(2)

ES = (fwet + fsm (1 − fwet ))⋅α

EI = fwet ⋅α

Δ
⋅(Rns − G)
Δ+γ

Δ
⋅Rnc
Δ+γ

T=

(7)

EI =

VPD
β

Δ + (Pa CP rvc )/λ⋅ε⋅rhrc

(11)

(12)

2.2.3. Parameter optimization and ET partition
A combination of hydrometric and isotopic methods are typically
used to quantify the components of ET. However, these methods are
restricted by high experimental costs and relatively short observation
periods. Based on remote sensing data and climatological parameters ET
models provide an efficient way to calculate the components of ET,
especially at broad scales or over long time periods. However, the reli
ability of these models is limited by the large number of parameters.
Ensuring the reliability of the simulations is one of the important steps to
applying the ET model application at stand-level. To this end, a number
of steps were taken to improve the accuracy of the ET simulations and
components. First, A global sensitivity analysis was used to calculate
sensitivity parameters models. This followed the methods established by
Sobol (1990, 2001). this method is based on variance decomposition and
is a useful for exploring the significance of model parameters and for
optimizing them (Nossent et al., 2011; Zhu et al., 2016; Zhang et al.,
2017). Second, the proper posterior distributions of each key parameter
were obtained using differential-evolution Markov Chain (DE-MC)
estimation. These parameters were evaluated by comparing them to flux
tower observations. The monthly sums of sensible heat flux (H, W/m2)
and latent heat flux (LE, W/m2) were used to optimize model parame
ters. This method has been used successfully to improve model perfor
mance across different biomes owing to many ecophysiological
parameters combined in the model (Zhang et al. 2017).
Due to the limitation of observation data, we validated the ecosystem
T/ET merely at daily scale in order to evaluate the performance of the
two models (Figure S2). The experiment was conducted in a grapevine
ecosystem during the 2017 growing seasons. The study site is located in
the Nanhu Oasis of northwestern China (39◦ 52′ 34′′ N, 94◦ 06′ 19′′ E;
1300m a.s.l.). Details of the site, eddy covariance and sap flow mea
surements were provided by Wang et al. (2019). The regression between
the measured and the estimated values from PT-JPL and PM model of
T/ET was not statistically different from 1:1 line, with R2 being 0.77 and
0.79, respectively.

(8)

Where fAPAR and fIPAR are the fractions of the photosynthesis active
radiation (PAR) that is absorbed (APAR) and intercepted (IPAR),
respectively, by vegetation cover. These values are defined as
fAPAR=m1EVI+b1 and fIPAR =m2NDVI+b2. NDVI is the normalized dif
ference vegetation index, EVI is the enhanced vegetation index and m1,
b1, m2 and b2 are parameters. RH is the relative humidity (%), Ta is the
mean air temperature (◦ C), Topt is the optimum temperature for plant
growth (◦ C), VPD is the saturation vapor pressure deficit (kPa), β is the
sensitivity for soil moisture constraint to VPD (kPa).
2.2.2. PM model
The Penman–Monteith model (PM) incorporates mass transfer of
heat and water vapour . The Penman equation (Penman, 1948) was
developed to asses potential evaporation from open water and saturated
land surfaces, but was later modified by Monteith (1965) with the
introduction of a canopy resistance term to describe the actual evapo
transpiration. The actual evaporation is given by the sum of plant
transpiration (T), soil evaporation (ES) and wet canopy evaporation (EI)
individually. The soil moisture constraints, aerodynamic resistance and
canopy surface resistance are estimated from semi-empirical equations
with different types of land cover (Cleugh et al., 2007; Mu et al., 2007,
2011). The driving equations in the model are given as
ET = T + ES + EI

)
c VPD
ΔRnc + ρCPrfhrc
⋅fwet
λ

(10)

where Rnc, Rns, Δ, γ and VPD represent the same quantities as above. ρ is
the air density (kg/m3) ,Cp is the specific heat capacity of air (MJ/kgC),
Pa is the atmospheric pressure (kPa), λ is the latent heat of evaporation
(MJ/kg), ε is the ratio of the molecular weight of water to dry air
(~0.622). fc is the fractional vegetation cover, fwet is the relative surface
wetness and fsm is the constraint to soil evaporation. these three frac
tional quantities are are dimensionless. ra is the aerodynamic resistance
between the mean canopy height and the air, rs is the canopy surface
resistance, rtot is the total aerodynamic resistance, ras is the aerodynamic
resistance at the soil surface, rhrc is the aerodynamic resistance on the
wet canopy surface, rvc is the surface resistance on the wet canopy sur
face, rhc is the wet canopy resistance to sensible heat. The specific cal
culations for the resistances can be found in Mu et al. (2007, 2011) and
Zhang et al. (2018).

( )
fSM = RH

Δ + γ⋅rtot /ras
(

where Rnc is the canopy net radiation (W/m2), Rns is the net radiation at
the soil surface (W/m2), G is the soil heat flux (W/m2), Δ is the slope of
the saturated vapor-pressure curve (Pa/K), γ is the psychrometric con
stant (~0.066kPa/C), and α is an empirical multiplier constant (i.e.
1.26) (Priestley and Taylor 1972). fwet is relative surface wetness (equal
to the fourth power of relative humidity, RH4), fg is green canopy frac
tion, fT is plant temperature constraint, fM is plant moisture constraint,
fSM is soil moisture constraint. The weighting functions are defined as:
/
fg = fAPAR fIPAR
(5)

fM = fAPAR /fAPARmax

)
ΔRns + ρCP (1−rasfc )VPD ⋅(fwet +(1−λ fwet )fsm )

ES =

(4)

(6)

Δ + γ⋅(1 + rs )/ra
(

(3)

)2 ]
[(
Ta − − Topt
fT = exp − −
Topt

)
ΔRnc + ρCP frcaVPD ⋅(1− λfwet )

(9)

2.3. WUE calculation
Ecosystem GPP and respiration were partitioned from net ecosystem
3
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exchange (NEE). Based on the observed relationship between nighttime
respiration and temperature, the nighttime data were applied to
parameterize a respiration model that was used for the entire dataset to
estimate ecosystem respiration. GPP was calculated as the difference
between ecosystem respiration and the net CO2 exchange (Reichstain
et al., 2005). Here WUEET is defined as the gross CO2 assimilation
relative to evapotranspiration (i.e. GPP/ET) and WUET is defined as the
gross CO2 assimilation relative to water loss by transpiration (i.e.
GPP/T). Annual GPP and water vapor flux values were aggregated to
yearly (January 1 to December 31) values at the stand-level. We only
included flux sites with for more than five years of available data since
2000. For each site, the two years with the lowest annual precipitation
were used to represent drought conditions and the two years with the
highest precipitation were used to represent wet conditions. The re
sponses of ecosystem WUE to annual precipitation changes were
analyzed by comparing the dry and wet years. Due to the constraints of
available data, we treated wetness as a categorical variable; the relative
intensity of drought or wetness was not considered.
Based on the ratio of annual potential evapotranspiration and pre
cipitation, we divided the sites into different climate zones with
different water stress according to Rockström and Karlbergs (2009).
Based on the radiation estimation and combined aerodynamics method
with energy balance, the Priestley and Taylor methodwas used to
calculate potential evapotranspiration. The Wet Index (WI=P/PET) was
used to reclassify the sites into four categories: 0.2 to 0.5, 0.50 to 0.8, 0.8
to 1.0 and greater than 1.0. Due to the previous selection criterion of
more than 5 years of data at each site, there were no sites in in arid areas
(WI≤0.2) in our analysis.

(Fig. 1). After removing the impacts of soil evaporation and vegetation
interception evaporation, WUET increased significantly compared with
WUEET. At ENF sites for instance, the average WUEET ranged from 1.02
to 4.87 gCm-2y-1 with a median of 2.93 gCm-2y-1, whereas the average
WUET ranged from 2.09 to 17.38 gCm-2y-1 with a median of 6.73 gCm2 -1
y (Fig. 1a). In general, the values of both WUEET and WUET were
higher in forests (DBF, EBF, ENF and MF) than in other vegetation types.
OSH had the lowest WUEET and WUET with the average value of 0.83
gCm-2y-1 and 1.35 gCm-2y-1, respectively. This may be related to low
vegetation cover and productivity. Along a climatic gradient from semiarid to humid zones, the average values of WUEET and WUET showed a
gradual increase (Fig. 1b). The average WUEET and WUET in the semiarid regions were 0.87 gCm-2y-1 and 1.21 gCm-2y-1, whereas in the
humid regions, the average values were 3.22 gCm-2y-1 and 6.17 gCm-2y1
, respectively. As the water supply increased, the WUE of vegetation
also gradually increased, due mainly to the improvement of vegetation
productivity and the limited radiative evaporation in humid zones.
3.2. The influence of precipitation fluctuation on WUE
The comparison of WUEET and WUET between drought and wet years
based on the PT-JPL model is shown in Fig. 2(a-b). The changes of
WUEET in drought and wet years are relatively complex. Similarly, the
changes of WUET show obvious variation with lower values during dry
years than wet years (Fig. 2b). The ecosystem WUET is generally lower in
dry years and higher in wet years at most sites in both water restricted
and non-water restricted areas. The results from the PM model showed a
similar distribution during dry and wet years (Fig. 3). The PT-JPL model
has a better simulation of ET than PM model. In the following analysis,
we mainly focus on the results of PT model. The statistical performance
of the PT-JPL model before and after parameter optimization can be
found in Table S2 within the Supplemental Information. We performed a
linear regression on the annual precipitation and WUE for each site. The
slope of this regression line represents the sensitivity of WUEET and
WUET to annual precipitation. The median and average slope of this
regression line for WUEET are both close to zero, while the slopes for
WUET are both positive. This suggests that WUET is more sensitive than
WUEET to precipitation (Fig. 2c), which means the WUET of ecosystem is
more strongly affected by the fluctuation of annual precipitation.
For water restricted sites (WI<1), there was a more obvious reduc
tion in GPP and ET during drought years. The GPP in semi-arid regions
(dark red dots) reveals a significant increase in wet years indicating a
high sensitivity of semi-arid ecosystems to variations in precipitation.
The change of T in drought and wet years are contrary to GPP and ET,
with more sites showing advanced trends in drought years (Fig. 4c inset
histograms). It is difficult to intuitively explain the changes of GPP, ET
and T in response to annual precipitation changes for all sites. Never
theless, there are significant discrepancies between the sensitivity of
WUEET and WUET to annual precipitation. To explore the possible ex
planations, we analyzed the relationship between the sensitivity of ET
and T to P with the sensitivity of GPP to P as derived from the PT-JPL
model (Fig. 5). The variables were normalized to eliminate the devia
tion caused by the quantity. The slope of each normalized variable with
respect to P represents the sensitivity of that variable to annual pre
cipitation. The normalized slopes of GPP and ET with respect to pre
cipitation were approximately the same, which means GPP and ET have
similar sensitivities to annual precipitation. However, GPP appears to be
more sensitive to these fluctuations (Fig. 5a slope of the regression line
0.61<1). The relationship between the normalized sensitivity of T to P
with GPP to P was less significant (Fig. 5b). Summarizing the results, we
can say that the distribution of sensitivities of GPP and ET to precipi
tation are similar with median and mean value around 0.18 (Fig. 5c).
Conversely, the distribution of sensitivities of T is significantly different
as indicated by the negative median and mean values.

3. Results
3.1. WUE of different sites
The flux sites included nine biomes according to the classification of
the International Geosphere-Biosphere Programme (IGBP) and span a
range of climatic zones. The relationship between annual WUEET, WUET
and mean annual precipitation (MAP) are shown in Figure S3. We found
that the sites with highest WUEET and WUET had annual precipitation
values in the range of 900-1200 mm . The value of WUEET and WUET
across vegetation classes and climatic zones were significantly different

Fig. 1. The variation of stand-level WUEET and WUET across different biomes
(a). The height of each coloured rectangle represents the median value and the
top of each whisker represents one standard deviation. (b) The range of WUEET
and WUET across different water constraints from semi-arid to humid Boxes
mark the 75th and 25th percentiles and the dashed and solid lines show the
average and median values, respectively.
4
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Fig. 2. Comparison of WUEET (a) and WUET (b)
in drought and wet years. The horizontal axis is
the value in dry years, and the vertical axis is
the value in wet years. The results of wet years
are higher in the gray area than dry year, while
the results of white area are opposite. The inset
pie graph summarize the total number of sites.
The box plots show the slope of the regression
line of WUEET or WUET to precipitation (c).
Boxes mark the 75th and 25th percentiles and
the dashed and solid lines refer to the average
and median values, respectively.

Fig. 3. Comparison of WUEET(PM) and WUET
(PM) in drought and wet years. The horizontal
axis is the value of dry years, and the vertical
axis represents the result of wet years. The dots
with different color represent different levels of
water availability. The results of wet years are
higher in the gray area than dry year, while the
results of white area are opposite. The inset pie
graph summarize the total number of sites with
dark green represents the number of sites
increased in wet years, while light green rep
resents the number of sites decreased in wet
years.

3.3. The response of ET partition to precipitation

than in ES/ET. During drought years, the proportion of soil evaporation
and interception evaporation decreased, and more water was used to
supply vegetation transpiration. However, as available water increased
during wet years, the proportion of soil evaporation and the interception
evaporation increased, while the proportion of transpiration decreased.

The discrepancy between the response of ecosystem T and ET to
annual precipitation fluctuations is influenced by soil evaporation (ES)
and interception evaporation (EI). The fluctuation of annual precipita
tion also affects the segmentation of ET. The differences between T/ET,
ES/ET and EI/ET ratios during drought and wet years compared to
multi-year averages derived from the PT-JPL model are shown in Fig. 6.
The ratio T/ET is significantly increased in drought years and was
reduced in wet years (most red dots are in the upper left of the 1:1 line,
and blue dots are in the lower right of the 1:1 line. Of the 73 sites, 61
increased during drought years and 57 decreased in wet years). The
variations in the soil evaporation ratio ES/ET are difficult to summarize
intuitively, nevertheless, more than half of the sites (51) are reduced
during drought years and 46 sites are increased in wet years. The pro
portion of vegetation interception evaporation EI/ET showed a
remarkable tendency with most sites reducing in drought years and
increasing in wet years.
Overall, the segmentation of ET is affected by fluctuations of pre
cipitation with a certain regularity. Here, the ratio T/ET decreases with
increasing annual precipitation while ES/ET and EI/ET exhibit the
opposite tendency. This pattern is more pronounced in trend in EI/ET

4. Discussion
4.1. Ecosystem WUE in response to precipitation fluctuations
Plants adjust physiological and structural strategies to adjust
ecosystem WUE in response to different water stress (van der Molen
et al., 2011). With the help of the PT-JPL and PM models, two different
metrics of ecosystem water use efficiency were estimated for sites under
a range of precipitation conditions. The impact of soil and interception
evaporation depend on the choice of definition for ecosystem WUE. We
find an obvious discrepancy between the responses of WUEET and WUET
to annual precipitation in dry and wet years and the results are consis
tent between the two models. WUEET showed no obvious general pattern
in response to annual precipitation, whereas WUET tended to be lower in
dry years and greater in wet years at most sites. However, compared
with the multi-year average, the value of GPP, ET and T in drought and
5
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Fig. 4. Differences between GPP (a), ET (b) and T(c) in drought and wet years. The horizontal axis is the value of each parameter during dry years, and the vertical
axis represents the value during wet years. The colour and shape of the dots represents different levels of water availability at the sites. The results of wet years are
higher in the gray area than dry year, while the results of white area are opposite. The inset pie graph summarize the total number of sites.
Fig. 5. The relationship between the normal
ized sensitivity of ET (a) and T (b) to precipi
tation and the normalized sensitivity of GPP to
precipitation. The horizontal axis is the slope of
normalized GPP to P, the vertical axis repre
sents the slope of normalized ET to P. The
dashed gray line is 1:1line and the solid red line
is the regression line of all 73 sites. Diverse
colors mean under different degrees of water
stress. The box plots summarize the sensitivity
of GPP, ET and T to annual precipitation sepa
rately (c).

wet years show no significant regularity.
We reported that decreased ecosystem WUET in response to
decreased annual precipitation is universal for most sites over vast areas.
This is consistent with other studies for specific regions. Reichstei et al.
(2002) found that ecosystem WUET decreased during drought using
eddy covariance and sapflow data in Mediterranean ecosystems. Niu

et al. (2011) investigated change in WUET under variable precipitation
in a temperate steppe and found that an increase in precipitation
affected WUET more clearly than WUEET. This study focused on WUE in
dry and wet years without considering vegetation mortality during
drought and the intensity of drought and wetness.
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Fig. 6. Changes of T/ET (a), ES/ET (b) and EI/ET (c) in drought and wet years compared to multi-year averages. The horizontal axis is multi-year average values, and
the vertical axis represents the result of the drought and wet years. The red and blue dots represent drought and wet years, respectively. The gray dashed lines are 1:1
line. The inset stacked histograms represent the numbers of sites for which the ratio decreases or increases in drought and wet years.

4.2. Explanation of divergent responses

the available soil moisture towards stomatal transpiration to enhance
ecosystem GPP (Chimenti et al., 2006; Blum, 2009). For water restricted
areas, we found that vegetation absorbs more water for transpiration
during dry years to minimize the restriction of water on ecosystem
photosynthesis and avoid a significant decrease in GPP. However, for
some non-water restricted ecosystems, the vegetation generally tran
spires more to improve ecosystem GPP. This was hidden in the separate
analysis of the responses of GPP and T to annual precipitation changes
but was revealed by the changes of ecosystem WUET. We analyze the
transpiration as a percentage of precipitation infiltrating into the soil
during dry and wet years (Fig. 7). During dry years, less precipitation
infiltrates into the soil before evaporative loss, but we found that the
relative amount of transpiration, as a percentage of the infiltrating
precipitation, actually increased. This result also supports our conclu
sion that plants draw water more readily from a broader range in dry
years, and that the replenishment of soil moisture to ecosystem tran
spiration is higher than we thought.
It should be noted that we have no sites from arid zones (WI<0.2)
and only six sites in semiarid zones (0.2<WI<0.5) due to of the subset of
data that was selected. Regardless, there is not enough soil moisture
content to provide more ecosystem transpiration during drought years in
these regions which are heavily dependent on precipitation. Transpira
tion may decrease directly in dry years, which may also account for the
significant decrease in GPP in dry years in arid- and semiarid regions
(Biederman et al., 2016). We intend to analyze the response of
ecosystem WUE to annual precipitation fluctuations in these areas at the
global grid scale to supplement the lack of site-scale research and to
verify our conclusions at other regions.

There is a well-studied relationship between GPP, ET and precipi
tation based on space-for-time substitution; the consistency of ecosystem
GPP and ET changes has also been discussed (Tang et al., 2006; Bie
derman et al., 2016; Mystakidis et al., 2016). Although there is some
evidence to suggest that drought suppresses both ecosystem productiv
ity and evapotranspiration simultaneously, the relative magnitudes vary
considerably between studies (Liang et al., 2015; Beer et al., 2010). It is
difficult to suggest patterns of variation for GPP, ET and T during dry
and wet years due to the diverse interactions of various influences.
Water and carbon cycles in ecosystems are affected by other con
founding environmental factors such as temperature, solar radiation,
and soil fertility. The main influencing factors in different zones are also
variable (Liang et al., 2015; Engelbrecht et al., 2007). The changes in
GPP, ET and T are not strictly consistent with the change in precipitation
for each site in our study (Fig. 5a). Ecosystem GPP and ET have similar
sensitivities to the change in annual precipitation, while the sensitivity
of T to the change in annual precipitation is relatively low. The T/ET
ratio decreases with an increase in annual precipitation while ES/ET and
EI/ET ratios exhibit the opposite tendency at the stand-level, which
means more water returns to the atmosphere through transpiration.
The lack of sensitivity of ecosystem transpiration is attributed to
changes to interception evaporation and soil evaporation. The mecha
nisms controlling EI and ES are thought to be independent. The ratio of
EI to ET is closely related to precipitation. Soil evaporation is affected by
interactions between soil texture and environmental conditions with
different dominant factors at the evaporation process stage (Wang et al.,
2019). A decrease in precipitation leads to a decrease in soil moisture
during dry years, which are often associated with higher temperatures
and increased atmospheric evaporation demand. Dense vegetation can
improve root capacity for soil water uptake and divert the largest part of

4.3. Inconsistent with leaf scale responses
There are some distinctions that should be made between the

Fig. 7. Comparison of the of transpiration (from PT-JPL and PM) as a percentage of precipitation infiltrating into the soil during drought and wet years. The
horizontal axis is the value during dry years, and the vertical axis is the value during wet years. The dots with different color represent different levels of water
availability. The results of wet years are higher in the gray area than dry year, while the results of white area are opposite. The inset pie graph summarize the total
number of sites.
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response of ecosystem WUET and the response of leaf scale gas exchange
to changes in water stress. At the leaf scale, water-use efficiency is
defined as the ratio of net CO2 assimilated by photosynthesis (A) to the
water transpired (T). Leaf stomatal conductance decreases more slowly
with the photosynthetic rate than with the transpiration rate under
moderate water stress, which leads to the increase of WUE (Farquhar &
Sharkey, 1982; Manzoni et al., 2011). Meanwhile, plants modify mul
tiple leaf traits (i.e., narrower leaf width, increased trichome density and
improved leaf reflectance) under drought conditions to increase WUE
(Franks et al., 2009; Morton et al., 2014). In contrast, our results show
that ecosystem WUET is significantly decreased at the majority of sites
during drought years. Plants can make appropriate alterations in
response to changing water regimes to increase their fitness. Only
classical stomatal conductance could not account for the response of
canopy gas exchange to water restrictions, which could be partly
explained via changes in photosynthetic capacities or patchy stomatal
closure (Reichstein et al., 2002, 2003).
Some studies discussed the inconsistency between instantaneous
WUE at leaf scale and whole-plant scale, which may be due to the
canopy leaf position and night transpiration (Poni et al., 2009; Medrano
et al., 2015; Medlyn et al., 2017). Reduced annual precipitation leads to
water deficit inducing nutrient deficit and imbalance which could be a
mechanism for decreased plant performance and decreased WUE
(McDowell et al., 2011, 2008). At stand and ecosystem levels, the
response of WUE to water stress couldn’t be easily scaled up from leaf
scale owing to variable plant functional types with different water-use
strategies and environmental conditions (Schulze et al., 1987; Niu
et al.,2011; Lavergne et al., 2019). In addition to the effect of canopy
complexity, the response of vegetation to precipitation fluctuation is
associated with different physiological and phenological responses in
plant species. Within biomes, variation in the timing and amount of
precipitation may lead to changes to the dominant vegetation type and
vegetation structure (Engelbrecht et al., 2007).

other external forcings (e.g. temperature and radiation) influencing the
ecosystem carbon-water cycle process, and the key controlling factors
across different regions are different (Seddon et al., 2016). Finally, our
focus was on annual precipitation fluctuation and did not take into ac
count the precipitation distribution within a year. Changes to precipi
tation distribution at different growth stages may affect ecosystem WUE
(Sergio et al., 2013).

4.4. The uncertainty of outcome
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results to be reliable. The parameter optimization procedure and the
evaluation of simulation performance for the PT-JPL model has been
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results to arid ecosystems. In addition to precipitation, there are many

This research was supported by the National Natural Science Foun
dation of China (41790424, 41730645), and International Partnership
Program of Chinese Academy of Sciences (131A11KYSB20180034,
131A11KYSB20170113).
This work used eddy covariance data acquired from the FLUX
NET2015 Dataset acquired and shared by the FLUXNET community,
including these networks: AmeriFlux, AfriFlux, AsiaFlux, CarboAfrica,
CarboEuropeIP, CarboItaly, CarboMont, ChinaFlux, Fluxnet-Canada,
GreenGrass, ICOS, KoFlux, LBA, NECC, OzFlux-TERN, TCOS-Siberia,
and USCCC. The ERA-Interim reanalysis data are provided by ECMWF
and processed by LSCE. The FLUXNET eddy covariance data processing
and harmonization was carried out by the European Fluxes Database
Cluster, AmeriFlux Management Project, and Fluxdata project of
FLUXNET, with the support of CDIAC and ICOS Ecosystem Thematic
Center, and the OzFlux, ChinaFlux and AsiaFlux offices. MODIS NDVI,
EVI, LAI satellite products were obtained online (https://modis.ornl.
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5. Conclusion
This study of stand-level ecosystem WUE contributes some new un
derstanding about the response of ecosystems to climate change and
provides valuable avenues for further research. In particular, we found
ecosystem WUET appears to decline during drought years and to in
crease in wet years contrasting with WUEET, which was mostly attrib
utable to differing sensitivities of GPP, ET and T to multiannual
precipitation fluctuations. The vegetation generally consumes more T to
improve ecosystem GPP during dry years, meanwhile, no apparent
change in WUEET during dry years because of the trade of between GPP/
T and T/ET. The replenishment of soil moisture to ecosystem transpi
ration is higher than we thought during years with little rainfall. Our
study further verified the inconsistency of the response of carbon and
water exchange to drought between the leaf and ecosystem scales. This
research advances the understanding of the consequences of precipita
tion fluctuation on ecosystem carbon and water exchange, which should
be included into process-based terrestrial ecosystem models to better
predict the impacts of ongoing global change.
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