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Abstract

Water use efficiency (WUE), defined as the ratio of gross primary productivity
and evapotranspiration at the ecosystem scale, is a critical variable linking 
the carbon and water cycles. Incorporating a dependency on vapor pressure 
deficit, apparent underlying WUE (uWUE) provides a better indicator of how 
terrestrial ecosystems respond to environmental changes than other WUE 
formulations. Here we used 20th century simulations from four terrestrial 
biosphere models to develop a novel variance decomposition method. With 
this method, we attributed variations in apparent uWUE to both the trend 
and interannual variation of environmental drivers. The secular increase in 
atmospheric CO2 explained a clear majority of total variation (66 ± 32%: 
mean ± one standard deviation), followed by positive trends in nitrogen 
deposition and climate, as well as a negative trend in land use change. In 
contrast, interannual variation was mostly driven by interannual climate 
variability. To analyze the mechanism of the CO2 effect, we partitioned the 
apparent uWUE into the transpiration ratio (transpiration over 



evapotranspiration) and potential uWUE. The relative increase in potential 
uWUE parallels that of CO2, but this direct CO2 effect was offset by 20 ± 4% 
by changes in ecosystem structure, that is, leaf area index for different 
vegetation types. However, the decrease in transpiration due to stomatal 
closure with rising CO2 was reduced by 84% by an increase in leaf area 
index, resulting in small changes in the transpiration ratio. CO2 concentration
thus plays a dominant role in driving apparent uWUE variations over time, 
but its role differs for the two constituent components: potential uWUE and 
transpiration.

1 Introduction

Terrestrial plants assimilate atmospheric CO2 through photosynthesis, a 
process that is accompanied by water loss from leaves. The ratio between 
the two is water use efficiency (WUE). By linking carbon and water exchange 
processes between terrestrial ecosystems and the atmosphere, WUE has 
been recognized as an effective indicator to assess the responses of 
terrestrial ecosystem to global environmental changes (Niu et al., 2011). The
atmospheric CO2 concentration has increased by more than 100 ppm since 
preindustrial times and is predicted to be 421–936 ppm by the year 2100, 
depending on emission scenarios (Intergovernmental Panel on Climate 
Change (IPCC), 2013). As a result of the radiative forcing of CO2, other 
greenhouse gases and aerosols, the mean global surface temperature is 
projected to increase by 1.0–3.7°C by the end of the 21st century (2081–
2100), depending on emission scenarios and climate models (IPCC, 2013). In 
addition, the global precipitation regime will change considerably, with 
substantial impacts on the carbon and water cycles in terrestrial ecosystems.
Human‐caused land use change and nitrogen deposition also exert effects on
global carbon and water biogeochemical processes (Gerber et al., 2013; 
Sterling, Ducharne, & Polcher, 2013). All these environmental factors impact 
ecosystem WUE and will continue to change WUE in future, both individually 
and in concert with one another. Therefore, it is important to investigate the 
responses of terrestrial ecosystem WUE to these environmental changes.

Several definitions of WUE have been proposed to describe the carbon‐water 
relationships at different spatial scales (Table 1). At the leaf scale, WUE is 
defined as the ratio of carbon assimilation over transpiration (Farquhar & 
Richards, 1984). This ratio is usually replaced with the ratio of gross primary 
productivity (GPP) over evapotranspiration (ET) when scaling up from the 
leaf to the ecosystem scale (Law et al., 2002). GPP and ET are greatly 
influenced by the vapor pressure deficit (VPD), such that a WUE formulation 
that links WUE to VPD, an inherent WUE (IWUE = GPP·VPD/ET) at the 
ecosystem scale was proposed by Beer et al. (2009). At the leaf scale, IWUE 
corresponds to the intrinsic WUE (iWUE) and measures the amount of carbon
assimilated per unit of stomatal conductance (Osmond, Bjorkman, & 
Anderson, 1980). Although IWUE is more appropriate than WUE to describe 
the carbon and water exchanges via stomata, IWUE depends on the ratio of 
inner leaf over ambient partial pressure of CO2 (Ci/Ca) that is assumed to be 



relatively constant under given environmental conditions. Zhou et al. (2014) 
showed that IWUE varies with Ci/Ca as VPD varies at the subdaily timescale. 
Thus, they introduced the concept of underlying WUE, given by 
uWUE = GPP·VPD0.5/ET, by combining IWUE using the Ci/Ca versus VPD 
relationship from Lloyd and Farquhar (1994). uWUE is closely related to plant
physiological regulation of CO2 and water exchanges, given the stronger 
empirical relationship between GPP·VPD0.5 and ET in uWUE than other 
formulations based on data from the AmeriFlux network (Zhou et 
al., 2014, 2015).

At the ecosystem scale, the GPP·VPD0.5 versus ET relationship assumes that 
ET is dominated by transpiration (T), while evaporation from soil and canopy 
interception is fairly small by comparison. The ecosystem uWUE, or apparent
uWUE (uWUEa), can be decomposed as a product of canopy uWUE, or 
potential uWUE (uWUEp), and T/ET (Zhou et al., 2016) (Table 1). uWUEp is 
identical to the uWUE at the leaf scale and is relatively invariable under 
steady state conditions for a given vegetation type. Thus, the variation in 
uWUEa can be attributed to variations in uWUEp and T/ET under changing 
environmental conditions. Understanding the responses of uWUEp and T/ET 
to environmental changes thus sheds light on the controlling factors of the 
dynamics of the carbon‐water relationship and provides insight into future 
changes in the terrestrial hydrological cycle.

Several studies have looked at the responses of WUE and IWUE (or iWUE) to 
rising atmospheric CO2, climate change, and other environmental drivers 
(Niu et al., 2011; Zhu et al., 2011). However, the responses of uWUE to 
environmental change have not been investigated, although uWUE was 
found to be a better indicator to describe the interrelationship between 
carbon uptake and water losses at the AmeriFlux sites located in the U.S. 
(Zhou et al., 2015). Long‐term increases in iWUE in response to the elevated 
CO2 are consistent with measurements of tree ring isotopes in various forest 
species and sites (Andreu‐Hayles et al., 2011; Battipaglia et al., 2013; Gagen
et al., 2011; Levesque et al., 2014; Nock et al., 2011; Peñuelas, Canadell, & 
Ogaya, 2011). The increase in WUE and IWUE with rising atmospheric CO2 is 
supported by flux tower measurements and simulations from process‐based 
terrestrial ecosystem models (De Kauwe et al., 2013; Keenan et al., 2013; 
Knauer et al., 2016). In comparison to WUE and iWUE, uWUE is more directly 
related to atmospheric CO2 at the leaf scale, since uWUE can be expressed 



explicitly as a function of atmospheric CO2, while WUE and iWUE are affected
by both ambient and inner‐leaf CO2 concentrations (Zhou et al., 2014). The 
responses of uWUEa, which consist of the responses of uWUEp and T/ET, to 
atmospheric CO2 are more complex at the regional and global scales. Several
studies have indicated that vegetation responds to atmospheric CO2 through 
changes in its physiology and structure (Betts et al., 1997; Kergoat et 
al., 2002; Piao et al., 2007). It is hypothesized that the ecosystem uWUEp 
and T/ET would concurrently respond to changes in the vegetation 
physiology (e.g., stomatal conductance) and ecosystem structure (e.g., leaf 
area index and vegetation type). Although the physiological and structural 
CO2 effects on iWUE and T have been reported in previous studies (Frank et 
al., 2015; Saurer et al., 2014), these two effects have not been quantitatively
estimated. Thus, separating the physiological and structural CO2 effects on 
uWUEp and on T/ET can help better understand the responses of ecosystem 
uWUEa to the rising atmospheric CO2 concentration.

In addition to atmospheric CO2, uWUEa is also impacted by other drivers, 
including climate change, land use change, and nitrogen deposition, which 
affect both carbon uptake and water losses at the regional and global scales 
(Huang et al., 2015). Niu et al. (2011) indicated that ecosystem WUE 
responded negatively to climate warming but positively to increasing 
precipitation based on a 4 year manipulative field experiment in a temperate
steppe in Northern China. But WUE may decrease or increase with increasing
annual precipitation in different ecosystems, depending on water conditions 
and vegetation types (Tian et al., 2010). Land use change can directly 
impact ecosystem GPP and ET, and even alter regional carbon and water 
cycles (Kaplan, Krumhardt, & Zimmermann, 2012; Sterling et al., 2013). In 
addition, land use‐related changes, for example, urbanization, deforestation, 
and afforestation, exert various impacts on regional uWUEa, resulting in 
spatial variations in the responses of uWUEa to land use change over the 
globe (Foley et al., 2005). In recent decades, human activities have brought 
considerable reactive nitrogen into terrestrial ecosystems around the world 
(Matson, Lohse, & Hall, 2002). For example, bulk nitrogen deposition has 
dramatically increased in China at a mean rate of 0.41 kg ha−1 yr−1 from 
1980 to 2010, and foliar nitrogen increased by 32.8% on average for all plant
species between the 1980s and 2000s (Liu et al., 2013). The increased foliar 
nitrogen concentration stimulates both GPP and ET and may change 
ecosystem uWUEa, especially for nitrogen‐limited ecosystems (Guerrieri et 
al., 2016; Mitchell & Hinckley, 1993). Because uWUEa is affected by various 
drivers, it is important to separate the impacts of key drivers and quantify 
the contribution of each driver at the regional and global scales. While 
ecosystem models have been developed to describe and quantify the 
responses of carbon and water cycles to different environmental drivers 
(Huntzinger et al., 2013), outputs from these models have not yet been used 
in an attribution analysis of the trend and interannual variations in uWUEa. 



Results of this analysis could help postulate hypotheses to be tested with 
new observations.

The aim of this study is to investigate the responses of uWUEa to 
environmental changes over the globe during the period of 1901–2010. In 
order to isolate the effects of the four key drivers, that is, atmospheric CO2, 
climate change (changes in seven climate variables), land use change, and 
nitrogen deposition, we analyzed results from four terrestrial biosphere 
models (TBMs) that simulated all four of these drivers in the Multi‐scale 
Synthesis and Terrestrial Model Inter‐comparison Project (MsTMIP) 
(Huntzinger et al., 2013). Our specific objectives are (1) to attribute the 
variation in uWUEa to the trend and inter‐annual variation (IAV) of the four 
drivers over the period of 1901–2010, (2) to relate the variation in uWUEa to 
that in uWUEp and T/ET in response to these drivers, (3) to analyze the 
spatial variations of the contributions of the four drivers to uWUEa trend, and
(4) to diagnose the effects of elevated CO2 on uWUEa by analyzing the 
mechanisms regulating the CO2 effects on uWUEp and T/ET on a global scale.

2 Materials and Methods

2.1 Model Simulations

We used four TBMs, that is, the Community Land Model version 4 (CLM4) 
(Mao et al., 2012), the CLM4 with surface and subsurface runoff 
parameterizations from the Variable Infiltration Capacity model (CLM4VIC) (Li
et al., 2011), the Dynamic Land Ecosystem Model (DLEM) (Tian et al., 2012), 
and the Integrated Science Assessment Model (ISAM) (Jain et al., 2009), in 
MsTMIP to separate the contributions of external drivers to the trend and IAV 
of uWUEa. All four TBMs include an interactive nitrogen cycle but differ in 
their treatment of energy, vegetation, carbon, and nitrogen dynamics. This 
results in different simulated responses of terrestrial ecosystems to changes 
in external environmental drivers (Huntzinger et al., 2013). The four TBMs 
were selected because their interactive nitrogen cycle made it possible for 
them to perform all five simulations in the MsTMIP protocol, which in turn 
enables a systematic evaluation of model sensitivity to four main external 
drivers, that is, climate change, land use change, atmospheric CO2, and 
nitrogen deposition (Huntzinger et al., 2013). The reference simulation (RG1)
was run with steady state environmental forcing (near‐preindustrial 
conditions). The baseline simulation (BG1) was forced by the four drivers. 
Sensitivity simulations were used to assess the additional impact of each 
driver, that is, climate change (SG1), land use change (SG2), and 
atmospheric CO2 (SG3) sequentially. Therefore, the effects of climate 
change, land use change, atmospheric CO2 and nitrogen deposition can be 
separated as the differences in simulations between SG1 and RG1, SG2 and 
SG1, SG3 and SG2, and BG1 and SG3, respectively.

In MsTMIP, global simulations were run at the 0.5° × 0.5° spatial resolution 
and monthly scale from 1901 to 2010 (Huntzinger et al., 2013). The four 
TBMs share a standardized environmental driver data set, described by Wei 



et al. (2014). The historical climate forcing (including air temperature, 
precipitation, downward shortwave and longwave radiation, air specific 
humidity, pressure, and wind) was obtained from the Climatic Research Unit‐
National Centers for Environmental Prediction (CRU‐NCEP) product (Harris et 
al., 2014; Kalnay et al., 1996), CO2 concentration from the extended 
GLOBALVIEW‐CO2 (GLOBALVIEW‐CO2, 2011), and nitrogen deposition from 
the global nitrogen deposition data product by Dentener (2006). Land cover 
and land use change was prescribed by merging the synergetic land cover 
map (Jung et al., 2006) with the time‐varying land use harmonization data in 
Hurtt et al. (2011), translated by each modeling group into changes in their 
own maps of vegetation types.

2.2 Attribution Analysis for Annual uWUEa Variation

The joint effect of the four drivers on the annual uWUEa was estimated as 
the difference in simulated uWUEa between BG1 and RG1 (Δφ). In this study, 
we have separated the total variation of Δφ into the variation arising from 
the trend and IAV for each of the four external drivers over the period of 
1901–2010 (Figure 1). Based on five sequential and incremental simulations 
in MsTMIP, Δφ can be partitioned into four components, that is, individual 
effects of climate change (ΔφCC), land use change (ΔφLU), atmospheric 
CO2 ( ), and nitrogen deposition (ΔφND):

(1)

where the four components on the right‐hand side were calculated as the 
difference of uWUEa in simulations between SG1 and RG1, SG2 and SG1, 
SG3 and SG2, and BG1 and SG3, respectively. It is worth noting that the four 
components in equation 1 represent the incremental effects of the four 
drivers. For example, ΔφLU represents the effect of land use change given the
climate change represented in SG1. As the full combinations of the four 
drivers are not considered in the model experimental design in MsTMIP, the 
interactive effects of these drivers could not be assessed in this study.



A variance decomposition method was used to separate the contributions of 
the four drivers to the variation in uWUEa. This method is based on the 
covariance allocation principle for capital allocation, which is widely used for 
portfolio risk decomposition and attribution (Dhaene et al., 2012). According 
to the covariance allocation principle, the variance of an aggregate variable 
can be decomposed into the sum of the covariance between each 
component variable and the aggregate variable itself (supporting 
information Text S1). That is, the variance of Δφ, Var(Δφ), consists of the 
covariance between Δφ and its individual components. The covariance 
between Δφ and each driver was further separated into two components: the
contribution from the linear trends of the drivers and that from the IAV of the
drivers, based on linear regression method (supporting information Text S2). 
Thus, Var(Δφ) is separated into eight components as follows:

(2)

where α and αXX (XX stands for CC, LU, CO2, and ND) represent the linear 
trend components of the time series of Δφ and ΔφXX, and β and βXX the IAV 
components. The covariance terms, that is, Cov(α, αXX) and Cov(β, βXX), 
represent the contributions from the linear trends of the four drivers, and 
from the IAV in individual drivers to the variation of Δφ, respectively, over the
period of 1901–2010. The relative contribution of each component on the 
right‐hand side of equation 2 is calculated as the ratio of its value and the 
variance of Δφ. In addition, Var(Δφ) can be partitioned into the total trend 
contribution and the total IAV contribution of Δφ, which is equal to the sum of
the four trend components and that of the four IAV components in 
equation 2, respectively. Thus, the ratio of each trend component over total 



trend component and that of each IAV component over total IAV component 
represent the contributions of each driver to the trend and IAV of Δφ, 
respectively.

2.3 Decomposing the Change in uWUEa Into uWUEp and T/ET

According to Zhou et al. (2016), uWUEa (φ) is expressed as the product of 
uWUEp (φp) by T/ET, that is, . Taking RG1 as the reference, the change
in φ for BG1 is related to the changes in φp and T/ET between the two 
simulations. According to the total differential of φ, the relative change in φ is
approximately decomposed into that in φp and T/ET as follows:

(3)

where the symbol Δ represents the change in the variables between BG1 and

RG1. Therefore, the contributions of φp and T/ET to Δφ are partitioned as  

and , respectively. In addition,  and  can be partitioned into eight 
components as in equation 2, corresponding to the contributions of the linear
trends and IAV of the four drivers.

2.4 Quantifying the CO2 Effect on uWUEp and T/ET

The CO2 effect on uWUEa is related to the responses of uWUEp and T/ET to 
atmospheric CO2, which help understand the variation in uWUEa with rising 
atmospheric CO2. As indicated by Zhou et al. (2016), ecosystem uWUEp is 
identical to the uWUE at the leaf scale (φi) under steady state conditions, 
and φi is affected by atmospheric CO2 concentrations (Ca) in the form of

(4)

where Γ is the leaf CO2 compensation point and the parameter λcf (= ) 
represents the marginal water loss of carbon gain. The equation 4 is derived 
by combining the carbon and water exchanges through plant stomata and 
the optimal stomatal conductance model under nonwater stress conditions 
(Zhou et al., 2016). At the ecosystem scale, λcf can be derived 
from φp and Ca using equation 4. Atmospheric CO2 impacts φp directly 
through a combination of its effect on carbon assimilation, and that on 
transpiration at the leaf scale, the physiological effect on φp is therefore 
estimated by the direct response of φp to rising CO2. According to the optimal
stomatal behavior, λcf remains relatively constant for a given plant but varies
with vegetation type (Cowan & Farquhar, 1977; Lloyd, 1991; Lloyd & 
Farquhar, 1994). For a region with mixed vegetation types, changes in the 
ecosystem structure, that is, leaf area index (LAI) for different vegetation 
types, would affect φp through changes in λcf. Thus, the structural effect 
on φp can be evaluated by estimating the change in φp in response to 
changes in λcf with rising CO2 at the regional and global scales.



With uWUEp based on SG2 ( ) where atmospheric CO2 is set to be a 
preindustrial level (284.7 ppm) as the reference, the change in uWUEp for 
SG3 can be attributed to the effect of atmospheric CO2 ( ). The relative 
change in φp between the two simulations can be approximately 
decomposed into that in (Ca − Γ) and λcf based on the total differential 
of φp in equation 4:

(5)

where the symbol Δ represents the difference in the variables between SG3 
and SG2. The contributions from the physiological effect and the structural 
effect of CO2 on Δφp are then separated. The former is evaluated with the 
relative change in CO2, and the latter the relative change in λcf, with a factor 
of 0.5 corresponding to the radical sign in equation 4.

Atmospheric CO2 concentration influences T/ET via its effect on T, since 
ecosystem T decreased by 0.4–5.8 mm with the rising atmospheric CO2 in 
SG3, while the increase in canopy interception and soil evaporation was 
negligible (0–0.3 mm) during the 110 year period (Figure S1 in 
the supporting information). Thus, the CO2 effect on T/ET was evaluated by 
that on T in this study. First, rising atmospheric CO2 triggers partial stomatal 
closure (or a decrease in stomatal conductance and hence canopy 
conductance), resulting in a reduced T per unit leaf area, that is, the 
physiological effect on T (Medlyn et al., 2001). Second, ecosystem LAI is 
enhanced by rising atmospheric CO2, and increased LAI would lead to an 
increase in ecosystem T, that is, the structural effect on T (Kergoat et al., 
2002). The structural effect partially offsets the physiological response of T 
to rising CO2. By decomposing T into T/LAI and LAI, the relative change in T is
approximately attributed to that in T/LAI and LAI as follows:

(6)

Following Beer et al. (2009), T/LAI is approximately expressed as the product
of canopy conductance (Gs) of water vapor by VPD, that is, , by 
neglecting the aerodynamic conductance. As VPD is the same for SG2 and 
SG3, the relative change in T/LAI is equal to that in Gs. The relative change 
in T between the two simulations is partitioned into that in Gs and in LAI to 
represent the physiological and structural responses of T to elevated CO2, 
respectively. To further assess the sensitivities of T, LAI, and Gs to rising 
atmospheric CO2, equation 6 is transformed into

(7)

The three terms in equation 7 represent the sensitivity coefficients of T, LAI, 
and Gs to atmospheric CO2, respectively. Based on the above theoretical 



analyses, we can better understand the effect of CO2 on uWUEa by 
investigating the role of atmospheric CO2 in uWUEp variations. We can also 
distinguish the effects of LAI and Gs on T with rising atmospheric CO2.

2.5 Data Analysis

The monthly outputs of GPP, ET, and T for the five global simulations over 
the period of 1901–2010 were obtained from each of the four TBMs. VPD was
calculated from monthly data of air temperature, pressure, and specific 
humidity, which were used as the climate forcing for the simulations. To 
investigate the CO2 effect on uWUEp and T/ET, the prescribed CO2 data in 
MsTMIP were obtained for SG2 and SG3. Since LAI was only available for 
CLM4 and CLM4VIC, the sensitivity of T to rising atmospheric CO2 was 
analyzed based on data from these two models only. The monthly data of air 
temperature, precipitation, and downward shortwave radiation obtained from
the CRU‐NCEP climate forcing were used to analyze the partial correlation 
between uWUEa and these climate variables in this study.

For the five simulations, monthly GPP, ET, T, and VPD were used as follows: 
(1) monthly GPP·VPD0.5, ET, and T were calculated for each grid cell, and then
summed into annual totals; (2) annual GPP·VPD0.5, ET, and T were then 
aggregated into global totals to calculate global annual uWUEa, uWUEp, and 
T/ET; (3) annual uWUEa, uWUEp, and T/ET were also calculated for each grid 
cell to evaluate the spatial patterns of their trends using the Theil‐Sen 
regression method (Sen, 1968). In addition, global annual LAI and CO2 were 
calculated from monthly data for SG2 and SG3.

The rates of change of these environmental drivers varied with time over the
110 year period (Wei et al., 2014). This may lead to differing rates of change 
in uWUEa for different periods within the 110 years. Thus, we detected the 
breakpoints in uWUEa trend using a piecewise linear regression approach 
(Muggeo, 2003, 2008) to estimate the contributions from the trend and IAV 
of the environmental drivers to variations in uWUEa during different periods. 
The R package “segmented” for piecewise linear regression (https://cran.r‐
project.org/web/packages/segmented/) was used to identify the breakpoint in
global annual uWUEa trend for the BG1 simulation.

3 Results

3.1 Responses of uWUEa to the Drivers

Figure 2a shows the time series of the change in global annual uWUEa 
averaged across the four TBMs due to the effects of the four drivers. For the 
reference simulation RG1, uWUEa slightly fluctuates without any trend, and 
its value is 3.49 ± 0.01 g C hPa0.5/kg H2O (mean ± one standard deviation) 
over the period of 1901–2010 (Figure S2). From the combined effect of the 
four drivers, uWUEa increased by 0.50 g C hPa0.5/kg H2O, with the effect from
atmospheric CO2, nitrogen deposition, climate change, and land use change 
of 0.38, 0.12, 0.06, and −0.06 g C hPa0.5/kg H2O, respectively, from the first 
decade to the last decade (Figure 2a). According to the piecewise linear 



regression approach, the breakpoint in uWUEa was determined as the year 
1975. uWUEa increased by 0.17 g C hPa0.5/kg H2O during the 1901–1975 
period (or the first period), with a trend of only 0.02 g C hPa0.5/kg H2O per 
decade (p < 0.001). However, the increasing trend of uWUEa is stronger 
(0.12 g C hPa0.5/kg H2O per decade, p < 0.001) during the 1976–2010 period 
(or the second period). The large increase in the uWUEa trend was mainly 
attributed to the higher rate of increase in the atmospheric CO2 over the 
second period (Figures 2a and S1).

The effects of the four drivers on uWUEa variation were estimated by 
separating the relative contribution from the linear trend and that from the 
IAV of each driver, as shown in Figures 2b and 2c. The four TBMs consistently
showed that the trend of rising atmospheric CO2 played a dominant role 
(66 ± 32%) in explaining the uWUEa variation over the 1901–2010 period. 
The relative contribution of the CO2 trend was the largest in ISAM (119%) and
the smallest in CLM4 and CLM4VIC (42%), indicating large model differences 
in the effect of CO2 on uWUEa. During the first and second periods, the 
CO2 trend contributed 46 ± 6% and 64 ± 32% to the total uWUEa variation, 
respectively (Figure 2c). The positive trends of nitrogen deposition (ND) and 



climate change (CC) also contributed to uWUEa variation for the three TBMs 
(26 ± 3% for ND and 10 ± 1% for CC) except ISAM (both <1%). The trend of 
land use change produced a large negative contribution (−56%) in ISAM, but 
its contribution was small in the other three TBMs, ranging from −2.8% to 0.

The relative contributions from the IAV of the four drivers to the variation in 
uWUEa were relatively small, with a total contribution ranging from only 10%
to 37% among the four TBMs over the 110 year period (Figure 2b). In 
addition, all four TBMs showed that the contributions of the IAV of 
atmospheric CO2 and climate change were larger than those of nitrogen 
deposition and land use change. The climate IAV contributed greatly 
(35 ± 27%) to the uWUEa variation over the first period; however, its effect 
was much smaller (7 ± 2%) during the second period (Figures 2c and S3). 
The contributions from the IAV of the other three drivers were much smaller 
than that of climate over the two periods, indicating that climate variability 
was the most important driver in determining the IAV of uWUEa. It should be 
noted that the contribution from the IAV of atmospheric CO2 was much 
higher over the full 1901–2010 period than that during the first or second 
periods. The contribution of the IAV of atmospheric CO2 was probably 
overestimated during the 110 year period, because the trend in atmospheric 
CO2 changed greatly between the two periods and this change in the rate of 
increase in CO2 was allocated to the IAV term.

3.2 Changes in uWUEa in Relation to uWUEp and T/ET

The relative change in the uWUEa between BG1 and RG1 was separated into 
that in uWUEp and T/ET according to equation 3 (Figure 3a). The relative 
change in uWUEa (5.3 ± 4.3%) during the 110 year period was largely 
attributed to that in uWUEp (5.9 ± 4.8%), which was slightly offset by the 
decrease in T/ET (−0.6 ± 0.6%) in response to the four drivers. The increase 
in uWUEp was mainly attributed to the rising atmospheric CO2, which 
induced 4.2 ± 1.3% and 11.3 ± 2.4% increase in uWUEp in reference to RG1,
across the first and second periods, respectively (Figures 2a and S4). 
However, the rising atmospheric CO2 led to a slight decrease in T/ET. 
Nitrogen deposition contributed positively while land use change contributed 
negatively to the increases in uWUEp and T/ET. Climate change induced 
relatively small changes in uWUEp and T/ET, which fluctuated between 
positive and negative values (Figures 3a and S4). Thus, the difference 
between the contributions of uWUEp and T/ET to uWUEa changes mainly 
results from their different responses to rising CO2, which will be investigated
further.



The relative contributions of the trends and IAV of the four drivers to the 
changes in uWUEp and T/ET were assessed separately (Figures 3b and 3c 
and S5). The CO2 trend contributed the most (63.8 ± 25.3%) to the change in
uWUEp, followed by the nitrogen deposition trend (13.4 ± 8.2%) over the 
110 year period. Climate variability contributed the most among the IAV of 
the four drivers both during the first (36 ± 25%) and second (7 ± 2%) 
periods. For T/ET, the largest contribution came from climate variability 
during the first (90.0 ± 13.5%) and second (80.9 ± 14.6%) periods, 
indicating that the change in T/ET was dominated by climate change. During 
the 1901–2010 period, the trends of atmospheric CO2 and land use change 
explained 9.1 ± 6.6% and 28.2 ± 30.9% to the change in T/ET, respectively. 
T/ET was enhanced by nitrogen deposition, and the increasing trend in 
nitrogen deposition contributed negatively (−7.2 ± 6.7%) to the change in 



T/ET. These results indicate that the change in the uWUEa between BG1 and 
RG1 is dominated by the increasing trend in uWUEp in response to 
atmospheric CO2.

3.3 Spatial Variations of the Trend in uWUEa

Figure 4 shows the spatial patterns of the trends of uWUEa in response to 
climate change, rising atmospheric CO2, land use change, and nitrogen 
deposition singly as well as to all four drivers combined over the 1901–1975 
and 1976–2010 periods. The positive uWUEa trend during the second period 
was higher than that for the first period over 79% of the study area. 
Atmospheric CO2 alone resulted in an increase of uWUEa for most grid cells 
(87%), with a larger contribution in the second period than the first period. 
The effect of nitrogen deposition on the uWUEa trend was much smaller than
CO2, with positive contribution of more than 0.02 g C hPa0.5/kg H2O per 
decade to the uWUEa trend over 5% of the study area for the first period and
26% of the area for the second period. However, land use change produced a
negative effect on uWUEa trend over 48% of the area during the first period, 
especially in central North America, southeastern Russia, and the southern 
part of South America. The negative effect of land use change became 
weaker (37%) during the second period, except for southeastern China. 
Goldewijk et al. (2011) reported cropland and pasture areas around the 
world over the last century. Comparing Figures 1 and 2 of Goldewijk et al. 
(2011), it is evident from Figure 4 of this study that areas with relatively 
large effects of land use change in Figure 4 of this study broadly coincide 
with the global cropland and pasture areas. In addition, the expansion of 
cropland and pasture occurred more rapidly from 1900 to 1970 than from 
1970 to 2000 (Goldewijk et al., 2011), and this period of rapid expansion of 
the agricultural land is consistent with the larger effect of land use change 
during the first period than the second period noted in this study. These 
results show that the increasing trend in uWUEa is mainly ascribed to rising 
CO2, followed by nitrogen deposition, and attenuated by land use change at 
grid scale, and these are consistent with the attribution analysis at the global
scale (Figures 2 and 4). Climate change brought about a positive trend in 
uWUEa in the Northern Hemisphere (NH), but its negative effect was mainly 
found in the Southern Hemisphere (SH), which explained the relatively small 
contribution from the trend of climate change to uWUEa variation at the 
global scale (Figure 4).



The increasing trend of uWUEp was similar to that of uWUEa over the globe, 
but the spatial variation in uWUEp and T/ET were different, especially during 
the second period (Figures S6 and S7). Although T/ET increased in most of 
the NH, it decreased greatly in the SH from 1975 to 2010. These contrasting 
trends of T/ET were mainly due to climate change, resulting in opposite 
effects of climate change on uWUEp and uWUEa. It is found that the partial 
correlation between T/ET and temperature is positive in the NH but largely 
negative in the SH (Figure S8a). The T/ET increase in the NH and its decrease
in the SH suggest that T/ET may respond differently to the increase in 
temperature in different regions of the world. In addition, the increase in 
precipitation has contributed to the decrease in T/ET in the Amazon Basin 



(Figure S8e), where a strong negative correlation between T/ET and 
precipitation is clearly evident from Figure S8b. The responses of uWUEp and
T/ET to atmospheric CO2 were quite diverse. The CO2 effect on T/ET was 
weak around the world over the first period. During the second period, 
uWUEp increased greatly around the world with rising atmospheric 
CO2 concentration, which reduced T/ET at high latitudes (i.e., Alaska, Canada,
and northern Eurasia), South America, and Southeast Asia. Both uWUEp and 
T/ET were slightly enhanced by nitrogen deposition and decreased by land 
use change, showing similar spatial patterns as the responses of uWUEa.

3.4 CO2 Effects on uWUEp and T

The CO2 effects on uWUEp and T were evaluated by comparing SG2 and SG3.
Globally, the atmospheric CO2 concentration in SG3 increased with a trend of
7.6 ppm per decade (Figure S1). Consequently, the CO2‐induced change in 
uWUEp increased from 0.16 g C hPa0.5/kg H2O during the first decade to 
0.96 g C hPa0.5/kg H2O in the last decade at the rate of 0.07 g C hPa0.5/kg H2O 
per decade. The physiological effect and the structural effect of CO2 on 
uWUEp are shown in Figure 5a. The CO2‐induced relative change in uWUEp 
ranged from 2.3% in 1901 to 17.9% in 2010. However, the direct effect of 
CO2 on uWUEp was partially offset by the relative change in the 
parameter λcf, which contributed to uWUEp decrease by 0.2%–3.8% during 
the 110 year period. The increase in λcf indicated a conversion of vegetation 
toward less water use efficient types at the global scale with rising CO2. It 
was estimated that the physiological effect on uWUEp was reduced by 
20 ± 4% (4–24%) through the structural effect from 1901 to 2010 
(Figure 5b).



The physiological effect represented by Gs and the structural effect 
represented by LAI on T in response to rising CO2 are shown in Figure 5c. The
Gs induced decrease in T ranged from 1.8% to 11.3%, while the LAI induced 
increase in T varied from 1.7% to 9.3%, resulting in a decrease of only 0.2–
2.2% during the 110 year period. The relative change in T was strongly 
correlated with that in atmospheric CO2 (R2 = 0.96), with a sensitivity 
coefficient of −0.06, that is, every 1% increase in atmospheric CO2 elicited a 
0.06% decrease in T (Figure 5d). The CO2 effect on T is a combination of the 
positive response of LAI and the negative response of Gs to atmospheric CO2.
LAI and Gs were highly sensitive to atmospheric CO2 in opposite ways, with 
every 1% increase in atmospheric CO2 concentration bringing about a 0.31% 
increase in LAI (R2 = 0.97) and 0.37% decrease in Gs (R2 = 0.99) (Figure 5d). 
Since the effect of an enhanced LAI growth was moderated by 84% 
(0.31/0.37) due to the concurrent canopy conductance decrease, the 
transpiration at the global scale was much less sensitive to CO2 rise than that
at the leaf level.



4 Discussion

4.1 CO2 Effect on uWUEa Through uWUEp and T

The exchange of carbon and water between terrestrial ecosystems and the 
atmosphere is affected by rising atmospheric CO2. At the ecosystem scale, 
the CO2 effect on uWUEa can be separated into that of uWUEp and T. The 
increasing trend of uWUEa throughout the world is ascribed to the strong 
response of uWUEp to CO2. Ecosystem T is suppressed by rising CO2 across 
the world, and its negative effect on uWUEa is much less than the positive 
effect of uWUEp (Figure 3a). The large difference between the responses of 
uWUEp and T to atmospheric CO2 can be explained by their physiological and
structural responses to rising CO2.

Increasing atmospheric CO2 directly induces physiological changes in plants, 
that is, reduced stomatal conductance and enhanced carbon assimilation 
(Ainsworth & Rogers, 2007), resulting in increased uWUE at the leaf level and
hence uWUEp at the ecosystem level. The carbon gain is accompanied by 
leaf area growth, which gives rise to plant canopy change in terrestrial 
ecosystems to a certain degree (Zhu et al., 2016). Since uWUEp varied with 
vegetation types, the physiological CO2 effect on uWUEp may be attenuated 
or accentuated by ecosystem structural change (e.g., LAI for different 
vegetation types). Previous studies indicated that changes in vegetation 
structure partially offset the physiological effect on WUE; thus, WUE may 
become less responsive to CO2 at the ecosystem and global scales than at 
the leaf level (De Kauwe et al., 2013; Knauer et al., 2016). For the first time, 
this study quantified the contributions of the structural effect and the 
physiological effect to uWUEp variations at the annual scale from 1901 to 
2010. It was estimated that the structural effect has counteracted the 
physiological effect of atmospheric CO2 on uWUEp by 20% on average during
the 110 year period. In addition, the negative structural effect on uWUEp 
increase also implied that vegetation types that are less efficient in water 
use gradually became more dominant around the world with rising CO2.

The change in ecosystem T in response to rising CO2 is also jointly 
determined by the physiological effect through stomatal closure and the 
structural effect through increase in LAI (Betts et al., 1997; Kergoat et 
al., 2002). Results from free‐air CO2 enrichment (FACE) experiments showed 
that stomatal conductance was reduced by 22% on average across all plant 
species grown at elevated CO2 (about 155% of ambient level) (Ainsworth & 
Rogers, 2007), indicating a sensitivity coefficient of 0.4 (22%/55%). The 
sensitivity coefficient of canopy conductance to increased CO2 is estimated 
to be 0.37 at the global level in this study, which is very close to the results 
from FACE experiments, given the fact that there is minimum constraint on 
the FACE CO2 concentrations because of advection. Generally, the sensitivity 
in the canopy conductance would be lower than that in the stomatal 
conductance to rising CO2 when the land surface is not aerodynamically fully 
coupled to the atmosphere. However, the sensitivity of global T to rising 



CO2 is substantially lower than that of canopy conductance as enhanced LAI 
cancels 84% (0.31/0.37) of water savings caused by stomatal closure, with 
potential implications for the global hydrological cycle. Pan et al. (2015) and 
Frank et al. (2015) also suggested small responses of ET and T to increased 
CO2, as the stimulated LAI nearly compensated for the effect of stomatal 
closure.

4.2 Effects of Other Drivers on uWUEa

Based on the variance decomposition method, we found a strong 
contribution of nitrogen deposition to the trend of uWUEa, just second to the 
atmospheric CO2, for all the models except ISAM (Figure 2b). The nitrogen 
fertilization stimulated both carbon gain and water losses, especially for the 
nitrogen‐limited ecosystems (Lu et al., 2012; Mitchell & Hinckley, 1993). 
Guerrieri et al. (2016) suggested that ET increased less than GPP with higher 
canopy nitrogen concentration, resulting in positive correlation between 
ecosystem WUE and canopy nitrogen concentration at 11 AmeriFlux sites 
across North America. By comparing SG3 and BG1, we also found that global 
annual GPP increased by 2.1 ± 1.1% across the four models, while ET only 
increased by 0.3 ± 0.1%, and uWUEa increased by 1.8 ± 1.0% during 1901–
2010 (Figure S9). Overall, the trend and IAV of nitrogen deposition 
contributed a large proportion (22.4 ± 13.4%) to uWUEa variation over the 
1901–2010 period. In addition, the increase in global annual GPP due to 
nitrogen deposition was greater in CLM4, CLM4VIC, and DLEM than ISAM, 
resulting in a larger contribution from nitrogen deposition to uWUEa 
variations. In the first three models, the CO2 fertilization effect is strongly 
moderated by nitrogen limitation, so that inclusion of time‐varying nitrogen 
deposition has enhanced its effect on GPP by making more nitrogen available
for plant growth.

All of the four models produced positive contributions of the trend and IAV of 
climate change to uWUEa variation (Figure 2b). Our results indicated that the
IAV of uWUEa was mostly attributed to interannual climate variability, that is,
the variability of annual temperature, precipitation, and solar radiation, over 
the two periods. Partial correlation between uWUEa (SG1 with only climate 
change) and temperature showed that uWUEa was positively correlated with 
temperature in most area, except for some regions in Africa (Figure 6a). 
Although ecosystem WUE is expected to decrease due to the enhanced 
ecosystem ET under climate warming (Niu et al., 2011; Sun et al., 2016), we 
found that uWUEa increased with warming temperature, which may be due 
to a temperature‐driven increase in VPD. Positive correlation between IWUE 
and temperature was also observed in the NH and part of the SH during 
1982–2008 (Huang et al., 2015). In addition to temperature increase, the 
increase in solar radiation also contributed to the positive trend of uWUEa in 
high latitudes, where plant photosynthesis is limited by available solar 
radiation and positive partial correlation between uWUEa and solar radiation 
was observed (Figure 6c) (Nemani et al., 2003). The response of uWUEa to 
precipitation varies among different regions, which may be related to 



regional climate and vegetation type in the ecosystems (Tian et al., 2010) 
(Figure 6b). Given the nature of inter‐annual variability in precipitation for 
most regions, the IAV of uWUEa in SG1 was probably attributed to 
precipitation variability at the global scale.

The contributions of the trend and IAV of land use change to uWUEa 
variation were estimated to be small at the global scale, except in the model 
ISAM. By comparison, we found that these different results were attributed to
distinctive GPP simulations, for example, in ISAM and CLM4 (Figure S10). The
simulated GPP in ISAM was much lower in SG2 with land use change than in 
SG1. The land use change, however, only led to a small decrease in the 
simulated GPP in CLM4. In ISAM, the simulated GPP in SG2 was probably 
influenced by nitrogen limitation, because land use change history can 
impact the nitrogen status of soils and aboveground biomass (Yang, 
Richardson, & Jain, 2010). With deforestation for cropland and/or pasture, 
soil nitrogen was lost due to leaching and higher decomposition rates. A 
large fraction of biomass nitrogen would be volatilized during clearing and 
burning of forests. Such nitrogen dynamics with land use change would have



significantly reduced available nitrogen for growth, resulting in large 
decrease in the simulated GPP, especially outside the tropical regions where 
nitrogen is a limiting nutrient (Jain et al., 2013; Meiyappan et al., 2015). The 
spatial analysis also indicated that the negative effect of land use change on 
uWUEa was large in several nontropical regions (Figure 4). However, CLM4 
differs from ISAM in several ways. In CLM4, pastures/agricultural regions are 
represented as natural perennial grasslands (with no grazing or harvest), and
these would have GPP nearly as high as forests in the model (Mao et 
al., 2012). Thus, forest to grass/crop transition may have little impact on GPP
for CLM4. In addition, the nitrogen limitation associated with agriculture to 
forest transition may be underestimated, because agricultural practices that 
might reduce soil carbon and nitrogen (e.g., tillage and crop harvesting) are 
not considered in the model. Therefore, the overall impact of land use 
change on GPP was not large in CLM4.

4.3 The Variance Decomposition Method

In this study, we assessed the individual contributions of the trend and IAV of
four external drivers to the variation in uWUEa using a variance 
decomposition method. This new method is, to our knowledge, applied for 
the first time to jointly partition the contributions of the trend and IAV 
components of the drivers together as previous studies performed attribution
analysis for the trend and IAV separately (Huang et al., 2015; Zhou et 
al., 2017). This novel method that provides a simple way for attribution 
analysis has a great potential for application in both ecology and hydrology.

Using the variance decomposition method, the variance of Δφ was separated
into eight components, based on the covariance of the trend or IAV of Δφ and
its four components, that is, ΔφCC, ΔφLU, , and ΔφND. To partition the trend 
and IAV components of these variables, we used the linear regression 
method (Text S2). Thus, the trend term of a variable represented the linear 
trend over the whole period, and the possible change in the trend during 
different subperiods was allocated to the IAV term, which may lead to 
overestimation of the contribution from the IAV of the variable. For example, 
the contribution of the IAV of  to Δφ variations was overestimated during 
the 1901–2010 period, because the trend of  changed greatly between 
the 1901–1975 and 1976–2010 periods and this change was allocated to the 
IAV of . Thus, a breakpoint detection procedure, such as the piecewise 
linear regression approach used in this study, should be applied before using
the variance decomposition method to partition the contributions of the 
trend and IAV components during different subperiods.

4.4 Implications and Limitations of this Study

This study indicates that the trend in uWUEa is mainly attributed to rising 
atmospheric CO2 and nitrogen deposition. An in‐depth understanding of the 
responses of uWUEa to rising CO2 was achieved by theoretically deriving the 
CO2 effects on uWUEp and T/ET. Combining the theoretical analysis with 
model outputs, this study quantitatively estimated the physiological and 



structural effects of CO2 on uWUEp and T at the global scale, with 
implications for future changes in uWUEp and T. Atmospheric CO2 is 
predicted to increase toward the end of the 21th century, with an uncertain 
magnitude associated with emission scenarios (IPCC, 2013). At the same 
time, nitrogen deposition will continue due to anthropogenic emissions of 
reactive nitrogen (Liu et al., 2013). The combination of rising CO2 and 
nitrogen deposition would greatly enhance carbon gain in terrestrial 
ecosystems, especially for the nitrogen‐limited ecosystems. But their 
impacts on hydrological processes, that is, T/ET, would not be large because 
the physiological CO2 effect on T is almost offset by LAI increases at the 
global scale. In this study, the response of uWUEp to CO2 increase is close to 
that of uWUEa, while the CO2 induced change in T/ET is an order‐of‐
magnitude smaller. Thus, the magnitude of the uWUEa trend will depend on 
the responses of uWUEp to rising CO2 and nitrogen deposition. This study 
showed that the physiological CO2 effect on uWUEp was offset by the 
structural effect by 4%–24% over the past 110 years (Figure 5b). The 
CO2 effect on uWUEp can be easily derived from equation 5, but it is 
uncertain how much the structural effect will offset the physiological effect 
on uWUEp in the future, because of the disparate increase in LAI for different
vegetation types with a higher atmospheric CO2.

The main limitation of this study is that the results rely on available model 
outputs. Models themselves are sources of uncertainty in this assessment. 
Although the TBMs were not able to fully incorporate processes of global 
carbon and water cycles for more realistic simulations, they are the only 
tools available to isolate the effects of external environmental drivers on 
WUE at the global scale. In addition, the specification of the model scenarios 
is another source of uncertainty in this study, since the model simulations do
not fully account for the interactions between different drivers (Gerber et 
al., 2013; Yan et al., 2014). It should be noted that the individual effects of 
the four drivers may be different if we use alternative sequences for 
sensitivity simulations. For example, the difference between SG2 and SG1 
represents the effect of land use change, on the assumption that climate 
change has occurred. Thus, the interactive effect of climate change and land 
use change is ascribed to the effect of land use change in this study, not the 
effect of land use change in isolation under steady state climatic conditions. 
To account for the interactive effects of the environmental drivers, additional
simulations, such as other possible combinations of the external drivers, 
could also be attempted in future studies.

5 Conclusions

In this study, we proposed a variance decomposition method to attribute the 
variation in uWUEa to the trends and IAV of four environmental drivers, 
based on outputs from four terrestrial biosphere models over the period of 
1901–2010. The simulated global annual uWUEa was found to increase 
slowly (0.02 g C hPa0.5/kg H2O per decade) from 1901 to 1975, but quickly 
(0.12 g C hPa0.5/kg H2O per decade) during 1976–2010. The trend in 



atmospheric CO2 contributed the most (66 ± 32%) to the total uWUEa 
variation, followed by nitrogen deposition and climate change, but the 
contribution from land use change was negative. Overall, the increasing 
trend in uWUEa was mostly attributed to the trend in atmospheric CO2, while 
the IAV in uWUEa was largely caused by climate variability during the two 
periods.

uWUEa was partitioned into uWUEp and T/ET to better understand the 
physiological and structural effects of rising CO2. The atmospheric 
CO2 impacts uWUEp through physiological regulation on carbon assimilation 
and water transpiration. The physiological effect of CO2 was offset by 
20 ± 4% by the change in ecosystem structure, that is, LAI for different 
vegetation types, at the global scale, according to the model outputs. 
However, as much as 84% of the physiological effect on T was canceled by 
the structural effect (increase in LAI), resulting in only small changes in T/ET 
under elevated CO2, indicating that there is little impact of rising CO2 on 
hydrological processes. The rising CO2 will continue to increase uWUEa in 
future, particularly when combined with nitrogen deposition.
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