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Abstract: The current study used the Biome-Bio Geochemical Cycle (Biome-BGC) model to
simulate water-use efficiency (WUE) of Piceacrassi folia (P. crassifolia) forest under four representative
concentration pathway (RCP) scenarios, and investigated the responses of forest WUE to different
combinations of climatic changes and CO2 concentrations in the Qilian Mountains of Northwest
China. The model was validated by comparing simulated forest net primary productivity and
transpiration under current climatic condition with independent field-measured data. Subsequently,
the model was used to predict P. crassi folia forest WUE response to different climatic and CO2 change
scenarios. Results showed that (1) increases in temperature, precipitation and atmospheric CO2

concentrations led to associated increases in WUE (ranging from 54% to 66% above the reference
climate); (2) effect of CO2 concentration (increased WUE from 36% to 42.3%) was more significant
than that of climate change (increased WUE from 2.4% to 15%); and (3) forest WUE response to
future global change was more intense at high elevations than at low ones, with CO2 concentration
being the main factor that controlled forest WUE variation. These results provide valuable insight to
help understand how these forest types might respond to future changes in climate and atmospheric
CO2 concentration.
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1. Introduction

The fifth assessment report (AR5) of the Intergovernmental Panel on Climate Change (IPCC)
showed that the earth’s overall carbon dioxide (CO2) concentration has increased from 280 parts per
million by volume (ppm) at the beginning of the Industrial Revolution in the 1850s to the present
level of 400 ppm [1,2]. The report also projects that global surface mean temperature will increase by
1 ˝C–3.7 ˝C in the late 21stcentury relative to the 1986–2005 period under the various representative
concentration pathway (RCP) scenarios [3]. These factors will likely result in significant changes in
vegetation function over large fractions of the global land surface [4,5]. Forests cover nearly one-third
of the earth’s land area and contain up to 80% of the total above-ground terrestrial carbon and 40%
of below-ground carbon [6]. Therefore, understanding how forest ecosystems will respond to global
changes in the future is imperative.

Although many studies have accounted for the effects of climate change on forest ecosystems,
they have generally focused on responses of forest net primary production [5,7–9]. Water-use efficiency
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(WUE), net primary productivity (NPP) to transpiration ratio [10,11], has been identified as an effective
integral trait for assessing ecosystem response to climate change [12]. While there have been several
studies examining the potential effects of changes in atmospheric CO2 concentrations [13,14] and
precipitation patterns [15,16] on water-use efficiency in forest ecosystems, the response of different
forest types to alternative climate change scenarios remains unclear.

Piceacrassi folia forest, the most dominant and widespread subalpine forest in the Qilian Mountains
of Northwest China, is typically distributed from 2500 m to 3300 m and forms pure stands in this
region [17].This type of forest is tolerant to cold and dry climates [18] and provides key ecological
services, including carbon sequestration, water quality, and water flow regulation [19]. Carbon
storage in P. crassifolia forests, as well as transpiration rates and WUE, have been examined in several
studies [20–25]. However, little is known with respect to the potential impacts of climate change and
associated increases in atmospheric CO2 concentrations on P. crassifolia productivity and WUE.

In this study, we used the Biome-BGC model developed by Thornton et al. [26] to assess the
effects of future climate and atmospheric CO2 concentration changes on productivity and WUE of
P. crassifolia forest. The model was validated by comparing independent field-measured data with
simulated NPP and transpiration values. Subsequently, the validated model was applied to explore
the impacts of alternative RCP emission and climate change scenarios, as described in the IPCC AR5
report, on long-term patterns of productivity and WUE in P. crassifolia.

2. Materials and Methods

2.1. Study Sites

The study area lay in Tianlaochi catchment located in the middle part of the Qilian Mountains
(Figure 1). Its elevation ranges from 2600 m to 4400 m, and its climate is characterized by cold and dry
winters and cool and wet summers, which is the typical climate of Qilian Mountains. The vegetation
types differ from lower to higher elevations and from north to south aspects. Specifically, the lower
elevation belt from 2600 m to 3250 m is occupied by P. crassifolia forest in north aspects and by grassland
in south aspects. The middle portion ranging from 3250 m to 3750 m is dominated by alpine shrubs,
and the topmost portion above 3800 m is barren land. Four sites in P. crassifolia mature forest with
different elevations were selected for this study (Figure 1). The sites are relatively undisturbed by
either natural or anthropogenic factors and tend to be quite homogeneous. General characteristics of
the sites are presented in Table 1.
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Table 1. General characteristics of the four study sites (plots). Climate descriptors are based upon a
20-year reference climate period (1986–2005).

Sites Elevation
(m)

Density
(tree/ha)

DBH
(cm)

Height
(m)

T a

(˝C)
P b

(mm)
Area c

(ha)

Site1 2770 1369 15.4 ˘ 0.23 11.6 ˘ 0.16 0.36 ˘ 0.1 408.4 ˘ 8.7 0.25
Site2 2870 1340 12.4 ˘ 0.49 9.5 ˘ 0.33 0.10 ˘ 0.1 418.2 ˘ 8.9 0.25
Site3 3100 2032 12.0 ˘ 0.31 9.2 ˘ 0.20 ´0.72 ˘ 0.1 422.5 ˘ 9.1 0.25
Site4 3250 844 15.6 ˘ 0.55 9.3 ˘ 0.30 ´1.17 ˘ 0.1 430.9 ˘ 9.2 0.25
a Tisannual temperature; b Pisannual total precipitation; c Areaisarea of the site; Diameter at breast height
(DBH), height, temperature, and precipitation are all presentedas mean ˘ standard error.

2.2. Data Collection

In each site, one plot was established and the size of plot was equal to that of corresponding site.
Field measurements were conducted in the study sites in September 2013 and April 2014. Diameter
at breast height, 1.3 m, (DBH), and top height (H) were measured for all trees >5 cm DBH within the
plot boundary. At least eight P. crassifolia trees in different diameter classes without visible signs of
damage were randomly selected as sample trees to obtain representative increment cores for use in
calculations of past productivity. Two increment cores for each selected tree were taken at 1.3 m above
ground with an increment borer and stored in paper straws. Cores were glued on wooden blocks,
dried for 24 h, polished with fine sandpaper, and then examined under a stereomicroscope. All growth
rings were marked, and each annual ring width was measured using a video micrometer (Olympus
VM-31, Tokyo, Japan) connected to the stereomicroscope. Ring-width data were used to determine
past increments in tree diameter and subsequently to estimate biomass increment on individual trees.

Measurement of sap flow was conducted in Site3 using sap flow sensors with a modified
heat-pulse velocity technique (SF-L, Ecomatik, Munich, Germany). Five Qinghai spruce individuals
were selected with different DBH for the measurement in2013 and 2014. The sap flow data were
used to estimate daily transpiration for the P. crassifolia forest, and then to validate the applicability of
Biome-BGC in terms of transpiration simulation for P. crassifolia forest under current climate conditions.

2.3. Field-Based Estimation of Annual NPP

By using the field survey data, biomass value for a whole tree could be calculated fromDBH (cm)
and H (m) following the allometric relationship ofindividual P. crassifolia [22]. The allometric equation
used was as follows:

W “ 0.2561
´

DBH2H
¯0.7425

(1)

where W is the biomass value of a whole tree (kg). The relationship between DBH and H for individual
stems was derived at each site using the following equation:

H “ a pDBHqb (2)

where a and b are regression coefficients. Summary statistics and the values of the a and b parameters
for each site are included in Appendix A. Then, in each site, the mean radial growth widths on different
DBH classes were calculated from increment cores of sample trees. Third, according to the DBH classes,
all measured trees in the site were divided and given corresponding mean radial growth increment.
Finally, based on the Equations (1) and (2) and corresponding mean radial growth increment, annual
biomass of individual trees were calculated and extrapolated to the plot level (kg¨m´2¨year´1) by
summing values for individual stems. For comparison with model-predicted NPP values, field-based
NPP data were converted to grams of carbon per square meter per year (g¨C¨m´2¨ year´1), where 1 g
carbon is equivalent to 1.907 g oven-dry organic matter of P. crassifolia [21].
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2.4. Calculation of Daily Transpiration

Through temperature differential (∆T) in tree stem between the paired headed and unheated
probes measured by sap flow sensors, individual tree sap flow density (Js, cm3¨ cm´2¨min´1) can be
calculated using the following equation [27]:

Js “ 0.714ˆ
ˆ

∆Tmax ´ ∆T´ p∆TR1 ` ∆TR2q{2
∆T´ p∆TR1 ` ∆TR2q{2

˙1.23
(3)

where ∆TR1 and ∆TR2 are both the temperature differential in tree stem between two unheated probes
to improve the ∆T value. ∆Tmax is ∆T value in cases where the tree is saturated, i.e., the radial tree trunk
does not increase, and air humidity is 100%, with transpiration approaching zero. The transpiration
(Es, mm¨h´1) for P. crassifolia at stand scale could be calculated by scaling up the individual-level Js

using the following equation:
Es “ 0.06ˆ Jmean ˆ Astand (4)

where Astand (cm2¨m´2) is the sapwood area per unit area of the total stand. Jmean is the mean Js of
sample trees, and is calculated as follows:

Jmean “

n
ÿ

i“1

Jsi ˆ Asi{

n
ÿ

i“1

Asi (5)

where Jsi and Asi are sap flow density and sapwood area on tree i, respectively, and n is number of
sampling trees. Based on the relationship between DBH (0.1 cm) and sapwood area (As, mm2) of
P. crassifolia [23], As of each P. crassifolia individual at Site3 was calculated using the following equation:

As “ 12655.61ˆ e
DBH
226.72 ´ 13306.78 (6)

Then, transpiration with one-hour interval was summed to daily value (mm d´1) for validating
predicted amount of daily transpiration from the Biome-BGC model.

2.5. Model Description

The Biome-BGC model is often used to estimate contents and fluxes of carbon, nitrogen, and
water into and out of an ecosystem [28]. The most recent version of Biome-BGC [29] has been extended
to include different biomes (i.e., evergreen needle leaf, evergreen broadleaf, deciduous broadleaf,
shrub, and grass) and is suitable for applications for which the user wishes to evaluate drivers of
vegetation growth and decay. Mechanisms that control carbon and water fluxes in the Biome-BGC
model have been described in detail in Wang et al. [28] and Golinkoff [29]. In general, the model
includes a representation of the response of intercellular CO2 concentrations with rising atmospheric
concentrations which results in a corresponding increase in plant NPP. In addition, the increase in
intercellular CO2 leads to a reduction in stomatal conductance which translates to a reduction in
transpiration rates.

Moreover, utilization of the model for predicting flux changes under future climate and
atmospheric CO2 concentration scenarios has been described [7,8]. First, model outputs under current
climate and atmospheric CO2 concentration conditions should be validated using the field-based data.
Second, if simulated values are close to field-based measurements, then the model can be used to
simulate this flux under future climate and atmospheric CO2 concentration scenarios through climate
change and CO2 control options in the initialization file of the model [7,8].

2.6. Model Parameterization

The Biome-BGC model requires numerous parameters, including site-specific parameters,
vegetation ecophysiological characteristics, daily meteorological data, and atmospheric CO2
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concentrations. Site-specific parameters are listed in Table 2. The ecophysiological characteristics of
P. crassifolia for running Biome-BGC were parameterized based uponaprevious study [17]. A detailed
list of the parameters is provided in Appendix B.

Table 2. Site-specific parameters of study sites for running Biome-BGC model.

Sites Latitude (˝) Longitude (˝) Aspect (˝) Slope (˝)
Soil Texture (%)

Soil Depth (m)
Sand Silt Clay

Site1 38.443 99.905 15 32 10.3 37.7 52.0 0.80
Site2 38.438 99.913 9 24 15.6 44.5 39.9 0.85
Site3 38.427 99.928 2 8 17.2 39.4 43.4 0.72
Site4 38.421 99.926 22 27 15.0 41.8 43.2 0.64

Daily meteorological data, including maximum and minimum temperature, precipitation, solar
radiation, vapor pressure deficit, and day length, were generated by a modified MTCLIM. The original
MTCLIM was modified [30] with multiple weather stations in the Qilian Mountains, which can reduce
estimated deviation caused by the distance between weather station and study site. Meteorological
records (daily maximum and minimum air temperature, daily precipitation, and average wind
direction of the rainy season for 1960–2014), driving the modified MTCLIM were obtained from
19 national weather stations in and around the Qilian Mountains (http://cdc.cma.gov.cn).

No record is available on the atmospheric CO2 concentrations in the Qilian Mountains. Thus, data
for 1960–2013 were obtained from direct observations at the Mauna Loa Observatory and were adopted
in the simulations [31].

2.7. Climate and CO2 Scenarios

Future climate data under four RCP scenarios were obtained from WorldClim dataset
(http://www.worldclim.org/). The four RCPs are known as RCP2.6 [32], RCP4.5 [33–35], RCP6.0 [36,37],
and RCP8.5 [38], with the label indicating the approximate radiative force in watts per square meter
exerted by greenhouse gas and aerosol burden in 2100.Climate data used in this study were downscaled
from a general circulation model (BCC-CSM1-1) to a resolution of 1 km ˆ 1 km. Furthermore, the
downscaled framework employed in WorldClim is the delta method, which belongs to the statistical
downscaling way. The climate period evaluated in this study was the late part of the current century
(2061–2080 period), at which time the projected climate represents a substantial change relative to the
1986–2005 period [3]. Furthermore, current climate data (1950–2000) interpolated from the observed
data around the world were obtained from the WorldClim dataset. By considering the difference
between the current and future climate data, we obtained the change values of temperature and
precipitation under the four RCPs. The future CO2 dataunder the four RCP scenarios were acquired
from RCP database [39]. For the purposes of this study, the level of climate change and CO2 change
were set as constants in the Biome-BGC model using the climate change and CO2 control options in
the initialization file of the model.

To completely analyzethe effects of climate and atmospheric CO2 concentration changes on the
WUE of P. crassifolia forests, we set two schemes as follows. One scheme presented WUE variations
under different RCP scenarios (Table 3), and the other scheme presented WUE responses to different
combinations of future climate and atmospheric CO2 concentration changes (Table 4). In this study,
climate and CO2 concentrations of 1960–2000 were set as the baseline (current scenario), and the
change values in the Tables 3 and 4 would be the constants to drive the Biome-BGC model based on
the current scenario.

http://cdc.cma.gov.cn
http://www.worldclim.org/
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Table 3. Future climate and CO2 concentration changes at four sites under representative concentration pathway (RCP) scenarios for Biome-BGC run.

Sites
RCPs RCP2.6 RCP4.5 RCP6.0 RCP8.5 Average for Four RCPs

T (˝C) P (%) CO2 (ppm) T (˝C) P (%) CO2 (ppm) T (˝C) P (%) CO2 (ppm) T (˝C) P (%) CO2 (ppm) T (˝C) P (%) CO2 (ppm)

Site1 +1.6 +2.0 437.5 +2.6 +2.0 524.3 +2.7 +2.8 549.8 +4.0 +5.1 677.1 +2.73 +3.0 547.2
Site2 +1.6 +2.3 437.5 +2.6 +2.3 524.3 +2.7 +3 549.8 +4.0 +5.3 677.1 +2.73 +3.2 547.2
Site3 +1.6 +2.4 437.5 +2.6 +2.0 524.3 +2.7 +2.7 549.8 +4.0 +5.9 677.1 +2.73 +3.2 547.2
Site4 +1.6 +2.3 437.5 +2.6 +2.0 524.3 +2.7 +2.6 549.8 +4.0 +5.9 677.1 +2.73 +3.2 547.2

Table 4. Future climatic and CO2 concentration scenarios in four sites for Biome-BGC run.

Climatic Scenarios a CO2 Concentration T P

C0T0P0 No change No change No change
C0T0P1 No change No change +3.1%
C0T1P0 No change +2.73 ˝C No change
C0T1P1 No change +2.73 ˝C +3.1%
C1T0P0 547.2 ppm No change No change
C1T0P1 547.2 ppm No change +3.1%
C1T1P0 547.2 ppm +2.73 ˝C No change
C1T1P1 547.2 ppm +2.73 ˝C +3.1%

a Simulation (C0T0P0) was realized with the current meteorological data and an atmospheric CO2 concentration fixed at 340 ppm (averaged atmospheric CO2 concentration in
1960–2000).
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2.8. Model Simulation

In cases where starting conditions for the model’s state variables are unavailable, initial conditions
may be established using a spin-up run. In a spin-up run, reference or historical climate data are used
to drive the model to allow it to reach a steady state condition with respect to ecosystem C and N
pools. In this study, 55-year climate records would circularly run the model until the C and N pools
were both equalized. By using the endpoint of the spin-up run as the initial condition, the model
first reconstructed WUE series for the last 55 years (using the observed climatic data and atmospheric
CO2 concentrations during the1960–2014 period) to provide validations. Then, to assess the impact of
climate and atmospheric CO2 concentration changes on WUE of P. crassifolia forests, the model was run
with each scenario in Tables 3 and 4 for each site. Prior to evaluating the WUE variations under each
scenario, NPP and transpiration variations were calculated first under the scenarios in Tables 3 and 4.

3. Results

3.1. Model Validation

When run using climate data and atmospheric CO2 concentrations from 1960–2014, model
predictions of annual NPP were consistent with observations of NPP derived from the field
measurements of radial increments in each site (Figure 2). Simulated daily transpiration rates in
2013 and 2014 were also strongly correlated with field-measured rates during the same time period in
Site3 (Figure 3).
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Figure 3. Comparison of simulated (x) and observed (y) daily transpiration of P. crassifolia forest at
Site3 in 2013 and 2014.

3.2. Responses of NPP, Transpiration, and WUE to RCP Scenarios

With the simulated NPP values under climate data and atmospheric CO2 concentrations of
1960–2000 (current scenario) as a baseline for comparison, predicted NPP of P. crassifolia forests under
RCP scenarios (Table 3) increased by at least 23% (Table 5). NPP changes exhibited some differences
not only among RCP scenarios, but also among different sites. NPP increased with increasing emission
intensity (from RCP2.6 to RCP8.5) at each site, and average increments under RCP2.6, 4.5/6.0, and
8.5 scenarios were 26.3%, 42.5%/47%, and 65.9%, respectively. Moreover, NPP increased with rising
site elevation; average increments were 40.3% for Site1, 42.3% for Site2, 49% for Site3, and 50.1%
for Site4.

Table 5. Change in simulated mean net primary productivity (NPP) for alternative
RCP scenarios for each site, calculated as the relative difference between the mean value
during the future simulation period and the mean value for the reference climate period
(((scenarioRCPx ´ scenariocurrent)/scenariocurrent) ˆ 100).

Sites
RCPs RCP2.6 (%) RCP4.5 (%) RCP6.0 (%) RCP8.5 (%)

Site1 23.0 37.6 42.0 58.4
Site2 24.6 39.6 44.0 60.8
Site3 28.4 45.8 50.4 71.4
Site4 29.2 46.9 51.5 72.8

Compared to the current scenario, predicted transpiration of P. crassifolia forests decreased under
each RCP scenario (Table 6). Transpiration changes exhibited some differences not only among RCP
scenarios, but also among different sites. Transpiration decreased with increasing emission intensity
(from RCP2.6 to RCP8.5) at each site, and average decrements under RCP2.6, 4.5/6.0, and 8.5 scenarios
were 2.6%, 7.2%/7.7%, and 10.2%, respectively. Moreover, transpiration decreased with rising site
elevation, except atSite2; average decrements were 6.4% for Site1, 7.8% for Site2, 6.6 % for Site3, and
6.9% for Site4.
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Table 6. Change in simulated mean transpiration for alternative RCP scenarios for each site, calculated
as the relative difference between the mean value during the future simulation period and the mean
value for the reference climate period (((scenarioRCP ´ scenariocurrent)/scenariocurrent) ˆ 100).

Sites
RCPs RCP2.6 (%) RCP4.5 (%) RCP6.0 (%) RCP8.5 (%)

Site1 ´2.5 ´6.6 ´7.0 ´9.5
Site2 ´3.1 ´7.8 ´8.4 ´11.8
Site3 ´2.2 ´7.0 ´7.4 ´9.8
Site4 ´2.8 ´7.5 ´7.8 ´9.7

Compared to the current scenario, predicted WUE of P. crassifolia forests under RCP scenarios
(Table 3) increased by at least 26.2% (Table 7). The WUE changes also exhibited some differences
not only among RCP scenarios but also among different sites. The WUE increased with increasing
emission intensity (from RCP2.6 to RCP8.5) at each site, and average increments under RCP2.6, 4.5/6.0,
and 8.5 scenarios were 29.9%, 53.9%/59.5%, and 85.1%, respectively. Moreover, the WUE increased
with rising site elevation; the average increments were 50.5% for Site1, 55.1% for Site2, 60.4% for Site3,
and 62.4% for Site4.

Table 7. Change in simulated mean water-use efficiency (WUE) for alternative RCP
scenarios for each site, calculated as the relative difference between the mean value
during the future simulation period and the mean value for the reference climate period
(((scenarioRCPx ´ scenariocurrent)/scenariocurrent) ˆ 100).

Sites
RCPs RCP2.6 (%) RCP4.5 (%) RCP6.0 (%) RCP8.5 (%)

Site1 26.2 47.5 52.9 75.3
Site2 28.7 51.7 57.4 82.7
Site3 31.4 57.1 62.8 90.3
Site4 33.2 59.3 64.9 92.1

3.3. Responses of NPP, Transpiration, and WUE to Changes in Climate and Atmospheric CO2 Concentrations

With simulated values under C0T0P0 scenario (climate data of 1960–2000 and 340 ppm CO2

concentration) as a baseline for comparison, predicted NPP of P. crassifolia forests increased by about
3.1% when precipitation increases alone were considered (under the C0T0P1 scenario). The NPP
increments were essentially consistent among the sites (Figure 4). The effects of the temperature
increases alone (under the C0T1P0 scenario) were positive for all of the sites, and average NPP
increment was about 9.2%. Furthermore, the NPP increments were not uniform and ranged from
4.3% (for Site1) to 14.7% (for Site4). Besides, the NPP increased with rising site elevation (Figure 4).
With the changes in both temperature and precipitation (under the C0T1P1 scenario), NPP increased
by about 12.6%, ranging from 7.6% (for Site1) to 18.2% (for Site4). In contrast to climate change
results, simulated results indicated that NPP showed a relatively intense response to atmospheric CO2

concentrations alone (under C1T0P0 scenario); NPP increased by about 28%, and NPP increments were
basically consistent among the sites. Along with the changes in both precipitation and atmospheric
CO2 concentrations (under C1T0P1 scenario), NPP increased by about 31.3%, and NPP increments were
nearly consistent among the sites. Variations in both temperature and atmospheric CO2 concentrations
(under C1T1P0 scenario) increased NPP by about 43.6% (ranging from 38.7% for Site1 to 48.3% for
Site4). When all climate and atmospheric CO2 concentration alterations were considered (under C1T1P1

scenario), NPP increased by about 47% (ranging from 41.9% for Site1 to 51.8% for Site4) (Figure 4).
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years studied.

Compared with the C0T0P0 scenario, predicted transpiration of P. crassifolia forests increased by
about 4% when precipitation increases alone were considered (under C0T0P1 scenario). Transpiration
increments were essentially consistent among the sites (Figure 5). Effects of temperature increases
alone (under C0T1P0 scenario) were slight for the sites, and average transpiration decrement was about
0.4%.With the changes in both temperature and precipitation (under C0T1P1 scenario), transpiration
increased by about 3.4%, ranging from 4.5% (for Site1) to 2.1% (for Site4). In contrast to the climate
change results, the simulated results indicated that transpiration showed a relatively intense response
to atmospheric CO2 concentrations alone (under C1T0P0 scenario); transpiration decreased by about
7.8%, and transpiration decrements were basically consistent among the sites. Along with the changes
in both precipitation and atmospheric CO2 concentrations (under C1T0P1 scenario), transpiration
decreased by about 4.4%. Variations in both temperature and atmospheric CO2 concentrations (under
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C1T1P0 scenario) decreased transpiration by about 10.7%. When all climate and atmospheric CO2

concentration alterations were considered (under C1T1P1 scenario), transpiration decreased by about
7.7% (Figure 5).
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Compared with the C0T0P0 scenario, the predicted WUE of P. crassifolia forests decreased by
about 0.9% when precipitation increases alone were considered (under C0T0P1 scenario). The WUE
decrements were essentially consistent among the sites (Figure 6). Effects of temperature increases alone
(under C0T1P0 scenario) were positive for all of the sites, and average WUE increment was about 8.9%.
Furthermore, the WUE increments were not uniform and ranged from 3% (for Site1) to 15.8% (for Site4).
Besides, the WUE increased with rising site elevation (Figure 6). With changes in both temperature
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and precipitation (under C0T1P1 scenario), WUE increased by about 8.3%, ranging from 2.4% (for
Site1) to 15% (for Site4). In contrast to the climate change results, the simulated results indicated that
WUE showed a relatively intense response to atmospheric CO2 concentrations alone (under C1T0P0

scenario); WUE increased by about 39.8%, and WUE increments were basically consistent among the
sites. Along with changes in both precipitation and atmospheric CO2 concentrations (under C1T0P1

scenario), WUE increased by about 38.3%, and WUE increments were nearly consistent among the
sites. Variations in both temperature and atmospheric CO2 concentrations (under C1T1P0 scenario)
increased WUE by about 60.6% (ranging from 54.1% for Site1 to 66% for Site4). When all climate and
atmospheric CO2 concentration alterations were considered (under C1T1P1 scenario), WUE increased
by about 59% (ranging from 52.5% for Site1 to 64.2% for Site4) (Figure 6).
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4. Discussion

4.1. Model Validation

In a previous study, we used Biome-BGC to model the stem volume size of P. crassifolia forests
at other sites based on simulated stem carbon [17]. The model presented a favorable performance
in simulating stem carbon of P. crassifolia forests. However, to ensure that the model also performs
well in simulating NPP and transpiration of P. crassifolia forests, the model was further tested in
this study. Using climate data and atmospheric CO2 concentrations of 1960–2014, estimations of
annual NPP and daily transpiration from Biome-BGC were close to field-based measurements at sites
(Figures 2 and 3). Combining the validations in previous and current studies, this study suggested
that the Biome-BGC model was suitable for estimating annual NPP and transpiration of P. crassifolia
forest under current climate and CO2 concentration conditions. Thus, the validation exercise provided
a level of confidence in the model capability to project the impacts of climate change and changing
atmospheric CO2 concentrations on NPP and transpiration of P. crassifolia forest at each site under
future climatic conditions and CO2 concentration, as suggested by Nunes et al. [8] and Su et al. [7].

4.2. WUE Variations under RCP Scenarios

Different radiative forcing levels and their continuous time for each RCP scenario cause varying
future climate and CO2 concentration trends around the world [40]. In general, a higher radiative
forcing level generates greater increases in future temperature and atmospheric CO2 concentrations;
the increase in precipitation does not differ significantly among RCP scenarios in China [40,41]. In this
study, CO2 concentration and increases in temperature and precipitation under different RCP scenarios
at the four sites almost conformed to the findings of Xu and Xu [41].

In this study, responses of predicted WUE to different RCP scenarios were positive in all of the
sites, and the increases in WUE differed under various RCP scenarios (Table 7). Under each RCP
scenario, increases in temperature, precipitation, and CO2 concentration enhanced NPP and decreased
transpiration at each site (Tables 5 and 6), which resulted in WUE increment.

To date, very few studies have examined the response of forest WUE to the RCP scenarios at
ecosystem scale. The results in this study indicate that differences in radiative forcing level in RCPs
could be responsible for different WUE increases. Furthermore, by comparing WUE differences among
RCP scenarios, greater increases in temperature, precipitation, and CO2 concentration generate greater
increments in WUE.

4.3. Climate Change Versus WUE Variations

In the Biome-BGC model, elevated temperatures may increase NPP through metabolically
enhanced photosynthesis and by prolonging the growing season, as well as increasing nutrient
availability through higher rates of decomposition [29,42]. Elevated temperatures, however, may also
decrease NPP by decreasing soil moisture and enhancing plant respiration [26]. Thus, the sole increase
in temperature may not only raise WUE by increasing NPP, but also decrease WUE by enhancing plant
transpiration. In this study, because the temperature effect on NPP increase was much more than that
on transpiration increase under the C0T1P0 scenario (Figures 4 and 5), responses of predicted WUE to
this scenario were positive at all sites (Figure 6). These results suggested that the positive effects of
temperature increase were greater than the negative effects on WUE of P. crassifolia forests. However,
the effect of increasing temperature on NPP is different from the study by Chiesi et al. [9], who
found that elevated temperature decreased NPP in deciduous oak and mountain conifer ecosystem.
This difference may be related to the fact that the P. crassifolia forest is a temperate forest, for which
increased temperature is generally associated with increased NPP [8]. Besides, the P. crassifolia NPP
increased with rising site elevation (Figure 4), which implies that temperature really is a significant
factor affecting temperate forest NPP, especially in the high-elevation regions.
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In the Biome-BGC model, the increasing precipitation could directly improve water availability
for plants, and then plant NPP and transpiration would increase [7,29,42]. Therefore, the response
of plant WUE to the increasing precipitation is an integrated process [43]. In this study, because
precipitation effect on increasing the transpiration was slightly more than that on the NPP increase
under C0T0P1 scenario (Figures 4 and 5), the responses of predicted WUE to this scenario were negative
at all sites (Figure 6). These results suggested that the negative effects of precipitation increase were
greater than the positive effects on WUE of P. crassifolia forests. Moreover, the effects of increasing
precipitation on NPP conform to the studies by Su et al. [7], Nunes et al. [8], and Chiesi et al. [9].
However, these effects were smaller than the effects of increasing temperature on NPP at each site
(Figure 4). These differences are likely related to the fact that our high-elevation study sites are
relatively moist and largely limited by low temperatures. In contrast, the other studies were located in
relatively droughty [8,9] or low-elevation [7] regions, in which the effects of increasing precipitation
on NPP was very outstanding.

Along with the changes in both temperature and precipitation (under the C0T1P1 scenario), WUE
increased at all sites (Figure 6).Keenan and Richardson [44] found that future climate change would
affect forest phenology and suggested that this mechanism should be included in the predictive model.
In the Biome-BGC model, plant phenology has been described as a function of climatic variables;
therefore, WUE estimations under the C0T1P1 scenario were reasonable. Moreover, a combination of
temperature and precipitation exhibited strong interactive effects on forest WUE (Figures 4–6), which
was determined by inner mechanisms of Biome-BGC [29].

4.4. Atmospheric CO2 Concentration Changes versus WUE Variations

In the present study, predicted NPP showed a relatively intense response to atmospheric CO2

concentration increase alone (under C1T0P0 scenario), and about 28% increase in NPP was noted for
each site (Figure 4). These results are in agreement with those obtained from free-air-CO2-enrichment
(FACE) experiments and scenario simulation studied by: Norby et al. [45], who found that NPP of four
different forests increased by about 23% under elevated CO2 (550 ppm); Ainsworth and Long [46],
who found a 28% increase in aboveground biomass of trees under elevated CO2 concentration (from
475 to 600 ppm); Smith et al. [47], who reported that the mean effect of CO2 enrichment (580 ppm)
on aboveground woody biomass was about 22.3%; and Nunes et al. [8], who found that the NPP of
forests were predicted to increase (about 24%) in the future with a CO2 increase. However, it should
be pointed out that the CO2 fertilization effect on forest NPP observed in the FACE experiments has
been short-lived as other factors soon become limiting, such as low temperature, forest leaf area index
(LAI), and nitrogen [48]. Furthermore, these results suggested that responses of P. crassifolia NPP to the
atmospheric CO2 concentration are more intense than to the climate change.

Meanwhile, predicted transpiration also showed a relatively intense response under C1T0P0

scenario (Figure 5). In this study, we used 55-year data to drive the model to simulate the forest NPP
and transpiration under various scenarios, and in this long time simulation the forest LAI would
increase due to rising forest NPP. Thus, the through fall would decrease and then the soil water used
for transpiration would decrease. Finally, predicted transpiration decreased by about 7.8% for each site
under the C1T0P0 scenario. Furthermore, compared to this scenario, the decrement of transpiration is
smaller under the C1T0P1 scenario at about 4.4%, which is due to there being more soil water used
for transpiration. Therefore, increased NPP and decreased transpiration resulted in a large increment
(about 39.8%) in WUE under C1T0P0 scenario (Figure 6).

Compared to the effects of climate changes (under C0T1P0, C0T0P1, and C0T1P1 scenarios) on
P. crassifolia WUE, effect of atmospheric CO2 concentration is more intense (Figure 6). This inference is
different from the study from Sang and Su [42], who found that the precipitation is the most sensitive
factor affecting the WUE of P. schrenkiana forest (site elevations ď2440 m). This difference may be
caused by the fact that forest carbon assimilation is more sensitive to the CO2 concentration in relatively
higher elevation regions [49,50], like the forest sites (2770–3250 m) in this study.
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Moreover, other studies found that the increase in atmospheric CO2 concentration has not
improved tree growth [13] or prevented forest NPP accumulation over a long time [51]. These
findings implied that the change in atmospheric CO2 concentration could lead to the change of
forest adaptability to surrounding environment [52]. For example, change in atmospheric CO2

concentration could lead to a change in stomatal conductance [53], which would affect photosynthesis
and transpiration rates. Thus, atmospheric CO2 concentration effect on forest WUE is dual. To date,
negative effects of atmospheric CO2 concentration have not been described in Biome-BGC. Therefore,
description of this influencing mechanism in the model is needed.

4.5. Climate and CO2 Concentration Changes versus WUE Variations

In the study sites, simultaneous increase in temperature and CO2 concentrations led to a
remarkable increment in P. crassifolia forest WUE (ranging from 54.1% to 66% under C1T1P0 scenario),
and their combination exhibited strong interactive effects on forest WUE. However, WUE increases
under C1T1P1 scenario were slightly lower than those under C1T1P0 scenario, which was due to the
fact that the sole increase in precipitation (under C0T0P1 scenario) could result in a negative effect on
forest WUE (Figure 6). Moreover, the response of forest WUE to future global changes (under C1T1P1

scenario) was more intense at high elevations than at low elevations. Furthermore, compared to the
temperature and precipitation, the CO2 concentration was the main factor controlling forest WUE
variations in high elevation regions (Figure 6).

In this study, due to the fact that it is difficult to obtain downscaled future daily climate data,
we set the change values of climate and CO2 concentration as the constants to analyze the effects of
future climate and CO2 concentration changes on the forest NPP, transpiration, and WUE. Therefore,
the continuous forest system responses cannot be obtained from the study. Besides, the Biome-BGC
model is a static vegetation model and cannot capture the dynamic forest processes, like regeneration,
competition, and succession. These processes could undertake some changes in forest NPP and
LAI [54]. An alternative way for studying the responses of forest ecosystem to future global change
is the utilization of dynamic vegetation model, like the LPJ-GUESS model [55]. In addition, the
continuous monthly climate data for driving the model could be obtained from general circulation
models through a statistical downscaling technique [56].

5. Conclusions

The Biome-BGC estimates showed good agreement with independent field-based NPP and
transpiration values at the sites of P. crassifolia forests in the Qilian Mountains of Northwest China.
Therefore, the model can be used to study forest WUE responses to global changes. Under different
RCP scenarios, model simulations showed that greater increases in temperature, precipitation, and
CO2 concentration would cause more increases in P. crassifolia forest WUE.

At the study sites, the effect of atmospheric CO2 concentration is more significant than that
of climate change. An increase in both temperature and atmospheric CO2 concentration led to a
remarkable increase in P. crassifolia forest WUE, and their combination had strong interactive effects on
WUE. Moreover, WUE response to global changes in high elevations was more intense than that in low
elevations, and the CO2 concentration was the main factor controlling forest WUE variations. These
valuable predictions could be helpful in understanding how forest ecosystems respond to simultaneous
or independent changes in climate and atmospheric CO2 concentrations.
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Appendix A

Table A1. Regression coefficients and statistical indicators of Equation (2) at each site.

Sites a b R2 p-Value

Site1 0.962 0.910 0.902 <0.001
Site2 1.139 0.849 0.943 <0.001
Site3 1.119 0.853 0.896 <0.001
Site4 0.698 0.937 0.921 <0.001

Appendix B

Table B1. Ecophysiological parameters of P. crassifolia forest for running Biome-BGC model.

No. Parameter Description Value Unit a

1 Transfer growth period as a fraction of growing season 0.3 DIM
2 Litterfall as a fraction of growing season 0.3 DIM
3 Annual leaf and fine root turnover fraction 0.25 year´1

4 Annual live wood turnover fraction 0.7 year´1

5 Annual whole-plant mortality fraction 0.005 year´1

6 Annual fire mortality fraction 0.005 year´1

7 (Allocation) new fine root C: new leaf C 1.0 ratio
8 (Allocation) new stem C: new leaf C 2.2 ratio
9 (Allocation) new live wood C: new total wood C 0.1 ratio
10 (Allocation) new root C: new stem C 0.3 ratio
11 (Allocation) current growth proportion 0.5 DIM
12 C:N of leaves 40.2 kg C/kg N
13 C:N of leaf litter, after retranslocation 94.6 kg C/kg N
14 C:N of fine roots 43.5 kg C/kg N
15 C:N of live wood 60.0 kg C/kg N
16 C:N of dead wood 720.0 kg C/kg N
17 Leaf litter labile proportion 0.32 DIM
18 Leaf litter cellulose proportion 0.44 DIM
19 Leaf litter lignin proportion 0.24 DIM
20 Fine root labile proportion 0.3 DIM
21 Fine root cellulose proportion 0.45 DIM
22 Fine root lignin proportion 0.25 DIM
23 Dead wood cellulose proportion 0.76 DIM
24 Dead wood lignin proportion 0.24 DIM
25 Canopy water interception coefficient 0.041 1/LAI/d
26 Canopy light extinction coefficient 0.5 DIM
27 All-sided to projected leaf area ratio 2.6 DIM
28 Canopy average specific leaf area (projected area basis) 9.3 m2/kg C
29 Ratio of shaded SLA: sunlit SLA 2.0 DIM
30 Fraction of leaf N in Rubisco 0.04 DIM
31 Maximum stomatal conductance (projected area basis) 0.003 m/s
32 Cuticular conductance (projected area basis) 0.00001 m/s
33 Boundary layer conductance (projected area basis) 0.08 m/s
34 Leaf water potential: start of conductance reduction ´0.6 M Pa
35 Leaf water potential: complete conductance reduction ´2.3 M Pa
36 Vapor pressure deficit: start of conductance reduction 930.0 Pa
37 Vapor pressure deficit: complete conductance reduction 4100.0 Pa

a DIM: dimensionless.
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