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Abstract: As global climate change has a large effect on the structure and function of vegetation,
it is very important to understand how forests in climate transition regions respond to climate
change. The present study investigates the net primary productivity (NPP) of two planted forests
(Robinia pseudoacacia and Pinus tabulaeformis) and one natural forest (Quercus wutaishanica) from
1951–2100 using the LPJ-GUESS model in the Shaanxi province of China, which is a typical transition
region from humid to dry climates. We found that: (1) Future annual precipitation and mean
temperature exhibited nonsignificant and significant increasing trend in the region, respectively,
indicating a drier climate in future; (2) although precipitation would increase in the dry area and
decrease in the humid area, the NPP of each species in the dry area would be lower than that of the
humid area, possibly because increasing temperature and CO2 concentration could restrain forest
growth in dry areas and promote forest growth in humid areas; (3) of the three species, P. tabulaeformis
forest exhibited the highest average NPP and R. pseudoacacia forest exhibited the highest NPP trend
in both dry and humid areas, indicating these planted species may be adaptable to future climate
change. Our results provide novel insights into the potential response of forest productivity to a
changing climate in the transition region from humid to dry climates.

Keywords: forest productivity; planted and natural forests; climate change; dry and humid areas;
LPJ-GUESS model

1. Introduction

The fifth assessment report of the Intergovernmental Panel on Climate Change showed that global
carbon dioxide (CO2) concentrations and mean surface temperature have increased since the industrial
revolution in the 1850s (by 120 ppvm and 1–2 ◦C, respectively) and that these trends may continue
in future [1,2]. These changes will probably affect the vegetation structure and function in terrestrial
ecosystems on a global scale [3,4]. As a principal part of terrestrial ecosystem, forests undertake an
indispensable role to mitigate global warming by serving as a carbon sink via photosynthesis [5,6].
Therefore, it is of importance to investigate the effects of future climate conditions on forest ecosystems.

Net primary productivity (NPP) of forests is very sensitive to the changes in CO2 concentration
and climate [7] and has obtained much attention in studies on global climate change [8]. Hence,
forest NPP can be a crucial indicator investigating the responses of forest ecosystems to future climate [9].
Several experience- and process-based models are established to simulate the forest NPP. While an
experience-based model is a quick and convenient method for estimating NPP [10,11], it does not include
the interactive effects of climate, CO2 concentration, and nutrient on the productivity [12], because
it is built according to the relationship between observed NPP and environmental conditions [11].
In comparison to experience-based model, a process-based model integrates scaled-up representations
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of basic plant physiology with ecosystem dynamics and functions with several universal processes
of forest ecosystems, including canopy photosynthesis, evapotranspiration, soil moisture change,
litter dynamic, and nutrient and carbon dynamics. Currently, typical process-based models include
BIOME-BGC [13], LPJ-GUESS [14], and SEIB-DGVM [15], which have been employed to investigate
the vegetation NPP under a changing environment around the world. Therefore, compared with
experience-based models, a process-based model can be used to accurately quantify the potential
responses of forest NPP to future climate change [4,13].

While many researches have been devoted to investigating forest NPP using process-based
models, they have mainly focused on forest ecosystems either in cold regions [16,17] or in humid
regions [18–20]. Moreover, few studies have been carried out in dryland ecosystems, which may be
limiting our understanding of how the forest NPP in dry regions responds to future climate and how
the forest NPP in dry and humid regions will differ, especially in the transition region between them.
In addition, previous studies have often used the potential combined situations of future climate factors
and CO2 to investigate forest ecosystem dynamics [16,17,21], which may not be any more accurate in
estimating further NPP scenarios owing to a lack of serial data for future climate scenarios. Therefore,
the present study sought to explore long-term differences in the effects of future climate on forest NPP
in both dry and humid regions.

The aim of the present study was to investigate the differences in the responses of natural and
planted forest NPP to future climate change in the dry and humid regions. Specifically, the LPJ-GUESS
model was used to assess the dynamic responses of forest NPP in historical period (1951–2014) and
future period (2015–2100) in the Shaanxi province of China. First, the climate change anomaly and trend
during 1951–2100 were detected in the dry and humid regions. Then, the model was evaluated through
the comparison between simulated and field-based NPP during 2001–2010. Finally, the historical and
future forest NPP in both dry and humid regions were predicted by the model from 1951–2100 under
representative concentration pathway (RCP) scenarios, and trends in forest NPP were detected.

2. Materials and Methods

2.1. Study Area

The Shaanxi province is located in the north and center of China (105.50◦–111.25◦ E, 31.70◦–39.60◦

N), where annual precipitation ranges from 1704 mm to 274 mm, representing a transition zone from
a subtropical humid climate to a temperate arid climate (Figure 1). Although forests in this region
have been destroyed in favor of croplands to a certain extent, the Grain-for-Green program led by
Chinese government has largely restored the forests, which include both natural secondary and planted
forests. Therefore, this region—which is a boundary region between two distinctly different climatic
zones—was selected as the study area to elucidate how forest NPP responds to future climate in dry
and humid regions.

This region can be divided into three natural areas in terms of its north–south geography and
climate gradient: North Shaanxi (NSX), Guanzhong Plain (MSX), and South Shaanxi (SSX) (Figure 1).
NSX is mainly covered by the Loess Plateau and the Maowusu desert and has a temperate arid climate,
MSX is located in the center of Shaanxi and has a temperate humid climate, and SSX is mainly covered
by the Qinling-Daba Mountains and has a subtropical humid climate. Accordingly, in this study,
the MSX and SSX areas were considered to be the humid region, and NSX was treated as the dry region.
Along the north–south climate gradient, the vegetation types in this region are: Temperate steppe,
temperate forest and steppe, and warm temperate forest. Pinus tabulaeformis and Robinia pseudoacacia
are the main afforestation species owing to their well-developed root system, drought tolerance,
and high survival rate, and their carbon storage accounts for 50.4% of the total planted forest carbon
storage in the region. The natural forests are composed mainly of the genus Quercus, in which Quercus
wutaishanica is the dominant species and accounts for 63.0% of the total carbon storage of natural forests
in the region [22]. Thus, Q. wutaishanica, R. pseudoacacia, and P. tabulaeformis forests were selected to
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model the NPP dynamics of forests undergoing climate change in the region. General information
regarding the sampling sites is listed in Table 1.
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Table 1. General characteristics of the studied species (Q. wutaishanica, P. tabulaeformis,
and R. pseudoacacia) at three sampling sites in the province of Shaanxi, China.

Sites Species Number
of Plots

Tree Density
(Trees ha−1)

DBH
(cm)

Height
(m)

P
(mm)

T
(◦C)

NSX
QW 12 746 (150–900) 10.8 ± 0.3 7.6 ± 0.2

549.9 ± 15.4 9.0 ± 0.1PT 5 2239 (1280–3570) 10.4 ± 0.1 7.8 ± 0.1
RP 5 855 (166–1917) 11.5 ± 0.4 9.5 ± 0.2

MSX
QW 8 776 (233–1550) 11.5 ± 0.4 9.8 ± 0.2

732.0 ± 19.9 9.6 ± 0.1PT 6 1940 (380–4370) 11.0 ± 0.1 9.6 ± 0.1
RP 7 1163 (550–1860) 11.2 ± 0.2 9.6 ± 0.1

SSX
QW 10 975 (300–2333) 12.1 ± 0.3 10.4 ± 0.2

853.2 ± 21.6 12.4 ± 0.1PT 5 1628 (783–2830) 11.5 ± 0.2 10.0 ± 0.1
RP 4 1050 (617–1300) 8.6 ± 0.2 10.1 ± 0.1

Note: NSX, MSX, and SSX are the northern, middle, and southern regions of Shaanxi province, respectively.
QW, PT, and RP are Q. wutaishanica, P. tabulaeformis, and R. pseudoacacia, respectively. P and T are the mean annual
precipitation and temperature over the time period 1961–2000, respectively. DBH is the tree diameter at breast
height. DBH, Height, P, and T are all presented as mean ± S.E.
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2.2. Field-Based Forest NPP

In July 2015 and August 2016, field surveys were conducted at NSX, MSX, and SSX (Figure 1) to
obtain model parameters and field-based estimate of NPP. Each plot size was 30 × 30 m2, where tree
diameter at breast height (DBH) and height were measured for trees with a DBH > 5 cm; the tree
density was also recorded for these trees at the plot. In each plot, healthy trees were selected to obtain
tree core samples. The tree core sample was obtained at DBH using the increment borer, and 10–15 tree
core samples were collected in each plot. In the laboratory, the core samples were glued onto wooden
blocks, dried for 24 h, polished with fine sandpaper, and then examined under a stereomicroscope.
All growth rings were marked, and the width of each ring was measured using a video micrometer
(Olympus VM-31, Tokyo, Japan) connected to the stereomicroscope. The wood density of each tree
species also can be obtained by the weight and size of tree core samples. In addition, healthy trees
were selected from each plot and leaf, branch, stem, and fine root samples were collected and sealed in
plastic bags. These samples were used to obtain the carbon content of each organ and specific leaf area.
Specifically, the leaf samples were spread out without overlap on a white paper and photographed with
a high-definition camera; the area of these leaf samples was obtained through image classification for
the photograph using the ArcMap software (ESRI, USA). These leaf samples, together with the samples
of other organs, were oven dried at 80 ◦C to constant weight to obtain dry mass; the dried samples were
then ground and used to determine carbon content of each organ by an elemental analyzer (Carlo Erba
1106, Milan, Italy). The specific leaf area was calculated according to the leaf area, leaf carbon content,
and leaf mass.

These survey and measurement data were employed to estimate the forest NPP, which was used to
evaluate the simulated NPP by LPJ-GUESS for the Q. wutaishanica, R. pseudoacacia, and P. tabulaeformis
forests. The specific estimation process of forest NPP was introduced with Q. wutaishanica forest at one
plot as an example. First, annual biomass (kg year−1) of each organ for the individual tree at the plot
was calculated by the annual averaged tree ring width and the allometric growth equation between
the biomass of each organ and DBH (Table S1). Then, annual carbon biomass (kg C year−1) of each
organ for the individual tree was calculated by its annual biomass and carbon content, and the annual
carbon biomass of all organs were summed to the annual carbon biomass of the individual tree. Finally,
the annual forest carbon biomass (kg C m−2 year−1) at the plot was calculated by the annual carbon
biomass of individual tree and the tree density of this plot. The annual forest carbon biomass is the
field-based forest NPP, which could be used to validate the model-predicted forest NPP.

2.3. Modeling Forest NPP

LPJ-GUESS model includes not only general mechanism processes of the LPJ-DGVM [23], but also
detailed forest dynamics and competitions of the forest gap model [24]. The model can be run at plant
functional type and species levels [25]. Detailed description is presented by Smith et al. (2014) [14].
The model could simulate the carbon biomass, NPP, and species composition of the vegetation
ecosystem. The model requires several data inputs: Monthly climate (temperature, precipitation,
and cloud cover), atmospheric CO2 concentration, and soil texture. Monthly climate data for 1951–2014
at 1 km spatial resolution for Shaanxi province were spatially downscaled using Climatic Research
Unit time series 3.23 [26], and those for 2015–2100 were downscaled using the Coupled Model
Intercomparison Project Phase 5 [27]. The downscaling process is described in our previous work [28].
For the future data, 28 general circulation models (GCMs) have been evaluated by the observations of
weather stations. NorESM1-M and GFDL-ESM2M models presented the lowest biases in downscaling
the future monthly temperature and precipitation, respectively [28]. Thus, the downscaling monthly
temperature and precipitation data of these two GCMs were adopted in this study. Besides, future
cloud cover data were generated by the BCC-CSM1.1-M model because of its high performance in
simulating cloud cover over China [29]. Soil texture data were obtained from the Food and Agriculture
Organization soil dataset [23]. The CO2 concentration from 1951 to 2100 was obtained from the RCP
Database (http://www.iiasa.ac.at/web-apps/tnt/RcpDb).

http://www.iiasa.ac.at/web-apps/tnt/RcpDb
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The LPJ-GUESS model also requires about 30 parameters that influence establishment, mortality,
tree growth, shade tolerance, metabolic rate, and bioclimatic limits. The ecophysiological characteristics
for the three species were parameterized based on previous studies [14] and field surveys.
Detailed parameter information is showed in Table S2.

Model simulation began with bare ground without harvest configuration because logging over
the study area is prohibited. To run the model, it needs the starting condition of the plot, such as the
ecosystem carbon and nitrogen pools in starting year. If the starting condition is unavailable, it could
be established using a spin-up run. In spin-up run, climate data in historic period can be employed to
run the model and force the model to achieve a steady state for the carbon and nitrogen pools. In the
present study, climatic data during 1951–1980 circularly ran the LPJ-GUESS model until both carbon
and nitrogen pools achieved the steady state. Using this steady state as the initial condition, the forest
NPP series were simulated for the historical and future periods (using the climate and atmospheric
CO2 concentration data for 1951–2100). In the current study, RCP2.6, RCP4.5, and RCP8.5 scenarios
were adopted to simulate future forest NPP.

2.4. Anomaly and Trend Analyses

In the present study, analyses of anomalies and trends were conducted for climate and NPP in the
study area. To analyze anomalies, we used 1961–1990 as the base period, which is a relatively stable
period for the climate and often used as the reference period to investigate climate change in time
series [1,28,30]. The temperature anomaly was calculated from time-series values minus averaged
values for 1961–1990, while anomalies for precipitation and NPP were calculated from the time-series
absolute variations divided by the time-series original values. The time-series absolute variations were
calculated from the time-series values minus the averaged values for 1961–1990. In addition, due to
the fact that the non-parametric tests are robust for environmental change in time series where missing
data and extreme values are frequent [31], Mann–Kendall trend and Sen’s slope estimator tests [32,33]
were employed to detect the trend significance and magnitude for the climate and NPP changes in
time series. Moreover, the trend significance was conducted at the 95% and 99% confidence levels in
this study.

3. Results

3.1. Climate Anomaly and Trend

Both the average temperature and precipitation decreased from south to north of the study area in
both historical and future periods (Table 2). The future climate anomaly showed that the temperature
in the three natural regions exhibited almost the same increment, while precipitation increased in the
NSX region and decreased in the MSX and SSX regions (Table 2 and Figures S1 and S2). A climate
trend analysis showed that annual mean temperature represented a significant increasing trend of
0.2 ◦C decade−1 in 1951–2014 and 0.1–0.5 ◦C decade−1 in 2015–2100. In contrast, annual precipitation
exhibited nonsignificant trends in both historic and future periods, with the exception of significant
increasing trends for the MSX and SSX regions under the scenario RCP4.5 (Table 2).

3.2. Model Validation

Based on the field-based NPP during 2001–2010, the NPP simulated by the LPJ-GUESS was
validated for each of the tree species for each of the three natural areas. Although the simulated
NPP of each tree species was slightly greater than the field-based NPP for each natural area with a
total averaged overestimation of 28.2%, these differences were not significant in statistics (Figure 2).
Therefore, the results of the NPP simulation using LPJ-GUESS were reliable for the study area.
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Table 2. Average, anomaly, and trend of temperature (◦C, ◦C, ◦C decade−1) and precipitation (mm, %,
mm decade−1). (* p < 0.05, ** p < 0.01).

Sites
1951–2014

2015–2100

RCP2.6 RCP4.5 RCP8.5

T P T P T P T P

NSX
Av 9.2 ± 0.1 547.4 ± 11.7 10.7 ± 0.1 562.1 ± 11.6 11.2 ± 0.1 569.6 ± 13.2 12.2 ± 0.2 612.6 ± 14
An 0.4 −2.5 1.9 0.2 2.4 1.5 3.4 9.2

trend 0.3 ** −8.1 0.1 ** −1.2 0.2 ** 5.5 0.5 ** 6.6

MSX
Av 9.8 ± 0.1 738.4 ± 15.4 11.2 ± 0.1 721.3 ± 13.5 11.7±0.1 731.5 ± 15.2 12.9 ± 0.2 744.8 ± 16.5
An 0.4 −0.9 1.8 −3.2 2.2 −1.8 3.4 0.0

trend 0.2 ** −4.2 0.1 ** −0.2 0.2 ** 15.2 * 0.5 ** 7.7

SSX
Av 12.5 ± 0.1 852.8 ± 16.2 13.9 ± 0.1 823.3 ± 15.4 14.4 ± 0.1 835.6 ± 16.3 15.7 ± 0.2 830.0 ± 17.9
An 0.3 −1.8 1.7 −5.2 2.1 −3.8 3.5 −4.4

trend 0.2 ** 0.5 0.1 ** −1.0 0.2 ** 18.8 ** 0.6 ** 6.9

Note: NSX, MSX, and SSX are the northern, middle, and southern regions of Shaanxi province, respectively. T and P
are the annual mean temperature and precipitation, respectively. Av and An indicate averaged and anomaly values
of the climate variables, respectively.Sustainability 2019, 11, x FOR PEER REVIEW 7 of 15 
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Figure 2. Comparison of field-based and simulated net primary productivity (NPP) values. NSX, MSX,
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3.3. Dynamic Changes in Forest NPP

The averaged NPP and NPP anomaly during historical and future periods are shown in Figures 3–5
and Table 3. Specifically, the values for the NPP of each tree species in the NSX region are lower
than those of the MSX and SSX regions. In comparison to NPP of 1961–1990, the NPP of each tree
species in the MSX and SSX regions exhibited an increase while those of the NSX region displayed
a decrease. Furthermore, the future NPP of each tree species over each natural area increased with
emission intensity. Of the three species of trees, P. tabulaeformis forest exhibited the highest NPP in all
three natural areas, while Q. wutaishanica exhibited a higher NPP than R. pseudoacacia in both the NSX
and MSX regions.
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Figure 5. Changes in R. pseudoacacia forest NPP during historical (1951–2014) and future (2015–2100)
periods using 1961–1990 as the base period. NSX, MSX, and SSX are the northern, middle, and southern
regions of Shaanxi province, respectively.

Table 3. Average (g C m−2 yr−1) and anomaly of forest NPP during 1951–2100.

Site Species
1951–2014

2015–2100

RCP2.6 RCP4.5 RCP8.5

Av An Av An Av An Av An

NSX
QW 357.2 0.8% 249.9 −29.5% 273.1 −23.0% 337.0 −4.9%
PT 402.1 −2.2% 289.8 −29.5% 334.8 −18.5% 464.0 12.9%
RP 281.7 −4.1% 128.8 −56.2% 227.8 −22.5% 319.0 8.6%

MSX
QW 445.9 0.6% 536.4 19.5% 586.7 30.7% 668.5 49.0%
PT 465.9 0.7% 551.7 19.3% 583.0 26.0% 659.1 42.5%
RP 369.5 5.2% 425.8 21.3% 450.1 28.2% 536.5 52.8%

SSX
QW 384.5 −3.1% 448.7 13.0% 491.8 23.9% 460.4 16.0%
PT 452.6 −0.4% 507.5 11.6% 573.4 26.1% 598.1 31.6%
RP 316.5 4.0% 472.2 55.2% 454.4 49.3% 495.6 62.9%

Note: NSX, MSX, and SSX are the northern, middle, and southern regions of Shaanxi province, respectively. QW, PT,
and RP are Q. wutaishanica, P. tabulaeformis, and R. pseudoacacia, respectively. Av and An indicate the averaged and
anomaly values of NPP, respectively.

3.4. Trends in Forest NPP

In 1951–2014, the values for the NPP of the three forests exhibited significant increasing trends,
with the exception of the R. pseudoacacia forest in the NSX region (Table 4). The magnitudes of trends in
the MSX and SSX regions were greater than those in the NSX region. Furthermore, over the entire study
area, the R. pseudoacacia forest exhibited had the highest trend magnitude with 22.1 g C m−2 decade−1,
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followed by the P. tabulaeformis forest with 21.8 g C m−2 decade−1, and finally the Q. wutaishanica forest
with 16.0 g C m−2 decade−1.

Table 4. Trends in forest NPP (g C m−2 decade−1) during historical (1951–2014) and future (2015–2100)
periods (* p < 0.05).

Site Species 1951–2014
2015–2100

RCP2.6 RCP4.5 RCP8.5

NSX
QW 23.8 * −38.4 * −20.7 * −8.8 *
PT 25.9 * −40.6 * −20.5 * 15.3 *
RP 0.7 −24.1 * −4.3 28.0 *

MSX
QW 17.7 * −7.8 * 20.9 * 32.6 *
PT 23.8 * −6.1 14.7 * 26.5 *
RP 26.2 * 15.1 * 26.3 * 46.0 *

SSX
QW 6.4 * −10.2 * 17.2 * 6.7
PT 15.6 * −3.7 28.4 * 29.8 *
RP 17.9 * 7.4 33.5 * 23.9 *

Note: NSX, MSX, and SSX are the northern, middle, and southern regions of Shaanxi province, respectively. QW, PT,
and RP are Q. wutaishanica, P. tabulaeformis, and R. pseudoacacia, respectively.

In 2015–2100, NPP values of three forests in the NSX region displayed a significant deceasing
trend under RCP2.6 and RCP4.5 scenarios, while in the MSX and SSX regions, NPP values exhibited
a significant increasing trend under RCP4.5 and RCP8.5 scenarios (Table 4). Furthermore, the NPP
trends for each tree species increased with emission intensity. Specifically, under RCP2.6 scenario,
P. tabulaeformis forest NPP exhibited the most pronounced decreasing trend, with 40.6 g C m−2 decade−1,
followed by Q. wutaishanica forest with 38.4 g C m−2 decade−1, and finally R. pseudoacacia forest with
24.1 g C m−2 decade−1. Under RCP4.5 and RCP8.5 scenarios, R. pseudoacacia forest NPP exhibited the
most pronounced increasing trends in NPP (33.5 and 46.0 g C m−2 decade−1, respectively), followed by
the P. tabulaeformis forest with 28.4 and 29.8 g C m−2 decade−1, and finally the Q. wutaishanica forest
with 20.9 and 32.6 g C m−2 decade−1, respectively.

4. Discussion

4.1. Future Climate Change

In the present study, temperature and precipitation decreased from south to north during historical
and future periods. Moreover, the future annual mean temperature exhibited a large increment and
significant increasing trend, while there was no significant change in future annual precipitation.
These results are in accordance with other studies regarding the Loess Plateau [28], China [34,35],
North America, and southern Africa [36]. In comparison to the historical period, the study region may
be drier in the future owing to increased evapotranspiration induced by increasing temperatures [30].

4.2. Response of Forest NPP to Climate Change

According to the simulated results, the NPP of each of the three species of tree in the dry area
(i.e., NSX) was lower than that of the humid areas (i.e., MSX and SSX) in both historic and future
periods. Furthermore, the future NPP of each tree species in the dry area exhibited a significant
decreasing trend, while those of the humid areas displayed significant increasing trends. These results
indicate that future climate change may exert both negative and positive effects on forest growth in dry
and humid areas, respectively, although there were no obvious differences in climate change trends
between these two areas, with the exception that future precipitation in the dry area exhibited an
increase while in the humid area precipitation was predicted to decrease. Besides, the decreases in
forest NPP were also observed in the Amazon forests [37] and Canada’s boreal forests [38], because of
climate warming and increasing CO2 concentration.
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In general, increasing temperatures and CO2 concentrations may increase NPP by prolonging
the growing season and by enhancing both photosynthesis and water use efficiency [39], but could
also decrease NPP by enhancing water stress caused by evapotranspiration and reducing stomatal
conductance [30,40–42]. Specifically, the results of this study imply that the positive effects of
temperature and CO2 concentration on forest growth are greater than the negative effects in the humid
areas, while the contrary is true in the dry area. This phenomenon may be attributed to the fact that
the humid areas had much higher precipitation than the dry areas during each period examined.
Thus, we concluded that future warming climate condition would lead the forest in the dry area to
be a carbon source while enhancing the ability of forest carbon sink in the humid areas. However,
this inference may be not suitable to the tropical forests, because Feng et al. (2018) reported that future
warming climate would lead Puerto Rican tropical forests in humid area to be a carbon source [20].
The difference should be attributed to the fact that the forest growth is not simply determined by the
warming climate or increasing precipitation but the combined effect (e.g., soil water availability) of
temperature and precipitation as well as the species characteristic [17,38], especially in the climate
transition zone [38]. In addition, the average NPP of each species in the MSX region is greater than
that in the SSX region, which may be because each species has its optimal habitat conditions according
to the ecology niche theory [35,36] and the precipitation and temperature conditions in the MSX region
are more suitable for the growth of the three species than that in the SSX region.

In this study, the P. tabulaeformis forest NPP was the largest in both historical and future periods,
which may be because P. tabulaeformis is an evergreen conifer with small leaf surface area, and thus has
a longer growth period and lower transpiration than the other two species examined in the present
study [43]. Thus, increasing the afforestation area of P. tabulaeformis would be beneficial for local
forest management. In addition, the magnitude of the NPP trend for R. pseudoacacia is the largest in
both historical and future periods. This is attributed to the fact that the R. pseudoacacia has a higher
potential for photosynthetic production than the other two species [44,45]. Hence, enhancing the
forest management practices in favor of R. pseudoacacia would be beneficial for carbon sequestration.
However, in comparison to P. tabulaeformis, R. pseudoacacia consumes more water [46], and thus has
lower NPP values than P. tabulaeformis under future drier climatic conditions.

4.3. Uncertainty Analysis

The ecosystem model has multiple uncertainties [47]. Several researches have indicated that high
CO2 concentration can increase plant NPP [39]. In the LPJ-GUESS model, higher CO2 level can improve
forest productivity via directly increasing carboxylation efficiency and indirectly enhancing water use
efficiency [11]. However, not all ecosystems have a positive correlation between CO2 concentration and
forest NPP [39]. Shaw et al. (2002) showed that complex interactions between multiple global change
drivers may produce an unexpected suppression of NPP under conditions of elevated CO2, and these
effects are not captured by the LPJ-GUESS model in its current form [48]. Further, the feedback from
plant to climate has not been described in the LPJ-GUESS model. These limitations could either
enhance or weaken the influences of climate factors, thereby influencing plant dynamics [49] and
potentially affecting the accuracy of simulated values for forest NPP. As a consequence, to overcome
above defects, improving the process-based vegetation model is necessary [50].

Although the developer of LPJ-GUESS model declared that the model could be used to predict
vegetation dynamics at other sites using original internal parameterization [51], this study further
investigated the performance of the model in NPP simulation according to calibrated parameters
(i.e., carbon content of each organ and specific leaf area). While the current study made this effort,
the simulated NPP in this study may have uncertainty. Specifically, the simulated NPP was slightly
greater than the field-based NPP for each species for each natural area. However, the differences
between simulated and field-based NPP for each species were statistically nonsignificant. This implied
that the NPP simulation using LPJ-GUESS were reliable for this study. Furthermore, the study focused
on the NPP comparisons of three species in humid and dry areas. Hence, from this perspective,
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the conclusions in this study are reasonable. However, to achieve an accurate simulation in the
vegetation dynamics, it is necessary to calibrate more model parameters in the local scale, rather than
using the recommended parameters.

5. Conclusions

This study investigated the NPP responses of natural and planted forests to historical and future
climate conditions in a typical transition region from humid to dry climates using the LPJ-GUESS
model. Overall, the future climate in the study area will be drier than the historical climate. Specifically,
the precipitation would increase in the dry area and decrease in the humid area. However, the forest
NPP in the dry area would be lower than that of the humid area, possibly because future increasing
temperature and CO2 concentration could restrain forest growth in dry areas and promote forest
growth in humid areas. Thus, an inference could be conducted that future warming climate condition
over this study area would lead the forest in the dry area to be a carbon source while enhancing
the ability of forest carbon sink in the humid areas. Moreover, compared with the natural forest,
the planted forests would have the highest NPP value and trend, which implied that that the planted
species may be more adaptable to future climate changes in both dry and humid areas. In addition,
these findings emphasized the importance of investigating the forest productivity dynamic in a climate
transition region, because the completed inference could be revealed, compared to the investigation
in a single climate zone. These results provide novel insights into the potential responses of forest
ecosystems to climate change in dry and humid areas, which could help policy makers in planning
sustainable forest management under future climate change.
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