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Abstract: The relationship between climate and radial tree growth is traditionally used to reconstruct
past climate conditions based on interannual tree-ring variations. However, few studies have
used these climate-growth relationships to model the radial tree growth based on future climate
projections. To detect the future forest dynamics, the climate-induced tree growth from 2006 to 2100
was projected using temperature changes under representative concentration pathway (RCP) 2.6
for the southeastern Tibetan Plateau. Radial tree growth was mainly controlled by annual mean
temperature in this region. Based on the relationship between regional annual mean temperature and
radial tree growth, a regression model was built that explained 62.5% of variance in the observed
temperature record over the period 1911–2005. A period of unprecedented radial tree growth was
found after 1998 when compared with the tree growth in the past 700 years. We found that radial tree
growth would increase in the period 2006–2045 and decline after that period due to the projected
temperature decrease. As forest productivity and biomass are expected to increase with the increased
tree growth, these results suggest that temperature-limited systems could see future increases in
productivity as growth limitations are lessened. The results of this research could be used to predict
regional forest dynamics in the future.
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1. Introduction

Temperature increases are expected to be greatest at most high northern latitudes and
high-elevation regions [1]. The Tibetan Plateau has experienced a marked temperature increase,
and has had a higher warming rate than the global average [2]. These changes have differential effects
on the different ecotones throughout the world. It remains uncertain how these changes will affect
high- elevation regions such as the Tibetan Plateau.

Changing climate conditions are significantly influencing forest growth and dynamics through
longer growing seasons, shifts of insect species ranges, and changed frequency of forest fires [3–8].
Relationships between climate variables and radial tree growth have allowed for the robust
reconstruction of past climate conditions on timescales that are not observationally possible. These
relationships are assumed to be temporally stable, and future tree growth could be calculated through
the use of projected climate conditions. However, few studies have used the relationships established
through tree-ring reconstructions to model future forest dynamics under variable climate conditions.
These projections can put into context the projected climate shifts by translating the 1–2 ◦C increase
into landscape level impacts.

Trees have been reliably used as sensors and repositories of climate and ecological variability,
integrating both internal and external influences, such as such as size-related growth trend, climate
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variability, and ecological disturbances into their annual rings [9–11]. To reconstruct past climate
variability, trees are sampled at the upper (lower) tree line, as temperature (precipitation) is the most
limiting factor to growth in these regions [9,10]. Additionally, standardization methods are applied to
the tree-ring time series to remove the geometric, size-related growth trend, and to further remove the
influence of ecological disturbances on radial growth. The resultant tree-ring chronologies primarily
reflect the influence of climate variability at the site, and can be used to assess the relationships between
climate variability and radial growth far into the past [9,10]. The southeastern Tibetan Plateau region is
a high-elevation coniferous forest that has been shown to be limited by temperature variability [12–17].
However, few studies have combined these retrospective relationships with general circulation models
to model potential forest dynamics.

In dendrochronological studies, size-related growth trend can be removed from raw tree-ring
series by standardization methods [7,8]. The developed tree-ring chronologies mainly reflect the
influences of climate changes on radial tree growth. As such, the relationship between climate and
tree-ring chronologies can be established. Tree growth–climate relationships have been widely used to
reconstruct the past climate change based on tree growth [10–12]. Low temperature was reported to be
a major limiting climate factor on radial tree growth in the southeastern Tibetan Plateau, and many
tree-ring based temperature reconstructions have been conducted in this region [12–17], suggesting a
stable tree growth–climate relationship existed in this region. Thus, the climate-induced tree growth
could be projected for this region.

General circulation models (GCMs) are important tools to simulate past climate variations, and
project the future climate changes [18–20]. GCMs simulate global climate based on the conservation
laws for atmospheric mass, momentum, total energy, and water vapor [18]. The outputs of GCMs
can be used to simulate future climate scenarios and to analyze the ecosystem impacts [19,20]. More
than forty GCMs compose the Coupled Model Intercomparison Project Phase 5 (CMIP5). CMIP5
simulates the climate changes from 1850 to 2005 to improve our understanding of the climate changes
in the past, and has projected the future climate change from 2006 to 2100 under different scenarios.
These scenarios, or representative concentration pathways (RCPs), describe scenarios under different
radiative forcing target levels for 2100. The radiative forcing levels will lead to 2.6 W/m2 by the end of
the century under RCP 2.6, which was estimated by the forcing of greenhouse gases and other forcing
agents [21,22]. Many studies investigating future climate projections have used the future climate
projections of RCPs [23–26].

The purpose of this study is to model future tree growth of the southeastern Tibetan Plateau by
combining the climate–growth relationships observed within living trees and simulations of future
temperature calculated by GCMs. To do this we will calculate a linear relationship between tree growth
and temperature from 1911–2005, and will use future climate projections to 2100 to investigate whether
tree growth is expected to increase or decrease for this high-elevation region.

2. Data and Methods

2.1. Study Area

Our study area is located at the southeastern Tibetan Plateau, Southwest China (Figure 1).
This region has a temperate climate with an annual mean temperature of about 6 ◦C [27]. The range of
temperatures experienced in this region range from 0 ◦C in the winter to less than 15 ◦C in the summer
(Figure 2). Precipitation is mainly concentrated in summer, which varies from 100 mm to 130 mm
per month, and the mean annual total precipitation is over 600 mm. Around 90% of the annual total
precipitation is received from May to October.
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Figure 1. Locations of tree-ring sample sites and weather stations.
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Figure 2. Regional mean monthly temperature (TEM) and precipitation (PRE) obtained with climate
data from nearby meteorological stations from 1966 to 2005.
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2.2. Climate Data

The climate data under different scenarios was obtained by the simulations of the GCMs on the
CMIP5 website (http://www-pcmdi.llnl.gov/ipcc/about_ipcc.php). Across the scenarios RCP 4.5,
RCP 6.0, and RCP 8.5, temperature is projected to increase by more than 2.5 ◦C and large uncertainty
exists in how tree growth will respond as temperature increases approach and exceed 2.5 ◦C [1]. Thus,
only the RCP 2.6 was used in this study. Monthly mean temperatures of 28 GCMs which had simulated
RCP 2.6 were used, and the details of these GCMs can be found in Table 1. Multi-model mean method
has been shown to produce more accurate results compared to the single model simulations [28,29].
We interpolated the simulations of GCMs to 2.5◦ × 2.5◦ to facilitate the calculation of the multi-model
mean. The gridded data located at the study area (97.5◦ E–102.5◦ E, 27.5◦ N–32.5◦ N) were selected
from multi-model ensemble simulations to calculate the regional mean temperature. The relationship
between tree growth and temperature was analyzed in the period 1911–2005, and future projections
were conducted in the period 2006–2100. Annual mean temperature (from previous October to current
September [9]) was calculated and used in this study.

Table 1. Information for the general circulation models (GCMs) used in this study.

Model Name Atmospheric
Resolution Country/Institute

BCC-CSM1-1-m 360 × 160 China/Beijing Climate Center
BCC-CSM1-1 128 × 64 China/Beijing Climate Center

BNU-ESM 128 × 64 China/Beijing Normal University
CanESM2 128 × 64 Canada/Canadian Centre for Climate Modelling and Analysis
CCSM4 288 × 192 USA/National Center for Atmospheric Research

CESM1-CAM5 288 × 192 USA/National Center for Atmospheric Research
CNRM-CM5 256 × 128 France/Centre National de Recherches Meteorologiques

CSIRO-Mk3-6-0 192 × 96 Australia/Commonwealth Scientific and Industrial Research Organisation
EC-EARTH 320 × 160 EC-EARTH consortium
FGOALS-g2 128 × 60 China/Institute of Atmospheric Physics

FIO-ESM 128 × 64 The First Institute of Oceanography, China
GFDL-CM3 144 × 90 USA/Geophysical Fluid Dynamics Laboratory

GFDL-ESM2G 144 × 90 USA/Geophysical Fluid Dynamics Laboratory
GFDL-ESM2M 144 × 90 USA/Geophysical Fluid Dynamics Laboratory

GISS-E2-H 144 × 90 USA/NASA Goddard Institute for Space Studies
GISS-E2-R 144 × 90 USA/NASA Goddard Institute for Space Studies

HadGEM2-AO 192 × 145 UK/Met Office Hadley Centre
HadGEM2-ES 192 × 145 UK/Met Office Hadley Centre

IPSL-CM5A-LR 96 × 96 France/Institut Pierre-Simon Laplace
IPSL-CM5A-MR 96 × 96 France/Institut Pierre-Simon Laplace

MIROC5 256 × 128 Japan/Atmosphere and Ocean Research Institute, National Institute for
Environmental Studies, and Japan Agency for Marine-Earth Science and Technology

MIROC-ESM 128 × 64 Japan/Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute, and National Institute for Environmental Studies

MIROC-ESM-CHEM 128 × 64 Japan/Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute, and National Institute for Environmental Studies

MPI-ESM-LR 192 × 96 Germany/Max Planck Institute for Meteorology
MPI-ESM-MR 192 × 96 Germany/Max Planck Institute for Meteorology
MRI-CGCM3 320 × 160 Japan/Meteorological Research Institute
NORESM1-M 144 × 96 Norway/Norwegian Climate Centre

NORESM1-ME 144 × 96 Norway/Norwegian Climate Centre

Observational monthly mean temperature and total precipitation data from ten weather stations
located at the study region (Figure 1) were downloaded from the Chinese Meteorological Data Service
Center (http://data.cma.cn/). The common period of the climate records from these stations lasted
from 1957 to 2005. The observed regional mean temperature was calculated as the average of the
monthly mean temperatures from all of the ten weather stations. These data were used as quality
control for the GCM simulated data and to verify the climate-growth response recorded within the
tree rings. The simulated annual mean temperature was compared with the observed annual mean
temperature (Figure 3). High correlation coefficient (r = 0.73, p < 0.001) was found between the
observed temperature and simulated temperature.

http://www-pcmdi.llnl.gov/ipcc/about_ipcc.php
http://data.cma.cn/
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Figure 3. Comparison of simulated annual mean temperature and observed annual mean temperature
from 1960 to 2005.

2.3. Tree-Ring Data

Tree-ring width data in the study area was downloaded from the International Tree Ring Data
Bank (http://www.ncdc.noaa.gov/). Thirteen series of raw tree ring data around the study area
were retrieved and downloaded from the aforementioned website (Table 2). All series included in the
analysis passed strict quality control criteria [30].

Table 2. Summary of tree-ring samples.

ID Site Name Latitude Longitude Elevation
(m) Species Number

of Series
Time
Span

chin016 Ma’Erkang 31.78◦N 101.92 ◦E 2500 Cupressus chengiana 40 1575–2007
chin017 Xiangcheng 28.90◦N 99.75◦E 3980 Juniperus tibetica 43 1452–2007
chin018 Daocheng 29.28◦N 100.08◦E 4150 Cunninghamia lanceolata 61 1540–2006
chin019 Xiangcheng 29.15◦N 99.93◦E 3530 Cunninghamia lanceolata 56 1509–2006
chin020 Litang 30.23◦N 100.27◦E 4050 Juniperus tibetica 44 1306–2007
chin021 Xiangcheng 28.98◦N 99.93◦E 3750 Cunninghamia lanceolata 48 1380–2007
chin022 Xinlong County 30.87◦N 100.28◦E 3300 Picea likiangensis 42 1663–2007
chin026 Shangri La 27.62◦N 99.80◦E 3500 Cunninghamia lanceolata 67 1516–2007
chin027 Weixi County 27.33◦N 99.3◦E 3040 Cunninghamia lanceolata 41 1348–2007
chin028 Weixi County 27.33◦N 99.3◦E 3060 Cunninghamia lanceolata 43 1348–2007
chin037 Hengduan Mountains 27.58◦N 99.35◦E 3240 Picea likiangensis 40 1429–2005
chin039 Hengduan Mountains 28.04◦N 99.02◦E 3200 Abies recurvata 19 1489–2005
chin040 Hengduan Mountains 28.04◦N 98.98◦E 3100 Tsuga dumosa 30 1393–2005

The signal-free method was used to detrend all series. This method alleviates the distortion in
external forcing signals in the developed chronologies [31]. All chronologies were developed using the
version 45_v2b of the RCSigFree program, developed at the Lamont-Doherty EarthObservatory’s Tree
Ring Lab, Columbia University, (http://www.ldeo.columbia.edu/tree-ring-laboratory/resources/
software) for every site [31]. Raw series of ring widths were firstly detrended using age-dependent
splines to produce an initial chronology in the RCSigFree program. Then, the signal-free measurements
were calculated by dividing the raw ring measurement by the initial chronology indices. Next, the
initial chronology was updated by dividing the raw measurements by the fitted curves of signal-free
measurements. The above steps were iterated until the signal-free indices showed limited differences.

Common signals are recorded in the tree-ring chronologies for this area. The tree-ring chronologies
correlated significantly with one another from 1911 to 2005, with the exception of chin016 (Figure 4).
This chronology shows low correlations with chronologies chin027, chin028, chin039, and chin040, but
was retained for regional growth analysis. The regional chronology was calculated as the mean of all
thirteen signal-free chronologies and was used for all further analyses. This regional chronology well
represents the variability present across the region, as it correlated significantly with all chronologies
(Figure 4).

http://www.ncdc.noaa.gov/
http://www.ldeo.columbia.edu/tree-ring-laboratory/resources/software
http://www.ldeo.columbia.edu/tree-ring-laboratory/resources/software
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2.4. Analytical Methods

The relationship between climate variables and the regional tree-ring chronology was analyzed
by correlating monthly climate variables simulated from the GCMs with the current year’s observed
ring width. As it is common for the previous year’s climate conditions to affect the current year’s
growth, we analyzed monthly variables from the previous October to the current September [9].
The variation of correlation coefficients between the simulated regional mean temperature and the
regional mean chronology was assessed using evolutionary and moving interval response analysis to
detect the changes in the tree growth–climate relationship throughout the study period [32]. A base
length of 70 years was chosen as a fixed interval, changing the initial and final years of the analysis
series. Whether or not the temporal shifts in climate–growth interactions were related to the effect of
stochastic processes was verified by the Gershunov test of moving correlation significance [33].

We used a linear regression model to characterize the climate-growth relationship between
simulated mean annual temperature and tree-ring width, with regional mean chronology (RMC) being
the predictand and the regional mean temperature (RMT) being the predictor. The period of 1911–2005
was used to train the model, and then annual tree growth was projected for 2006–2100.

3. Results

3.1. Climate–Tree Growth Relationship

The relationship between the observed regional mean climate and the regional mean chronology
was analyzed by correlation analysis for the common period 1957–2005 (Figure 5). Regional mean
temperatures correlated significantly with the regional chronology at each month, except in December
and January. Total regional precipitation was positively correlated with the regional mean chronology
in winter (p < 0.05). May precipitation was negatively correlated with regional chronology. Annual
mean temperature was significantly correlated with the regional chronology (r = 0.70, p < 0.001).
First differences of the annual mean temperature and the regional chronology were significantly and
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positively correlated (p < 0.05). Thus, the radial tree growth was mainly controlled by temperature
variations in the study area, making it consistent with other studies in this region [12,13].
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Figure 5. Correlation coefficients between regional mean chronology and the observed regional mean
temperature (TEM) and precipitation (PRE) at each month for the common period 1957–2005.

From 1911–2005, all thirteen signal-free chronologies were significantly correlated with the
simulated (GCM) regional mean temperature for each month (p < 0.05, Figure 6). The regional mean
chronology showed a significant correlation with the observed regional mean temperature for each
month from 1911–2005 (r > 0.4, p < 0.01) as well as with annual mean temperature (r = 0.791, p < 0.001).
Overall, radial tree growth was highly correlated with the simulated annual mean temperature in this
region. When testing to see if this relation changed over time, it was found that this relation is stable
(Figure 7). The regional chronology was significantly correlated with annual mean temperature in all
the periods after adjusting for one extreme value at year 1967 (p < 0.05).
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Figure 6. Correlation coefficients between regional mean signal-free chronology and simulated regional
mean temperature (GCMs) at each month for the common period 1911–2005.
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Figure 7. Tree growth–temperature relationship through time when tested with 70-year intervals
(solid line). The dashed line represents the tree growth–climate relationship when adjusting for the
extreme value at year 1967.

3.2. Climate-Induced Tree Growth Forecast

A simple regression formula (RMC = 0.468 + 0.871 RMT), where RMC is the regional mean
chronology and RMT is the regional annual mean temperature, was built based on the climate–tree
growth analysis. The regression model accounted for 62.5% of actual temperature variance from
1911–2005 (Figure 8). The correlation coefficients for split sample calibration-verification tests varied
at the range from 0.64 to 0.79 in all the cross-validated periods (Table 3). Reduction of error (RE)
and the coefficient of efficiency (CE) are common measures that can be used to evaluate the validity
of this projection [13]. Both RE and CE were higher than zero, indicating the validation of the
regression model.
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Figure 8. Comparison of the projected (dashed line) and actual (solid line) tree-ring chronology for the
common period 1911–2005. Grey area indicates the uncertainty (±1 root mean squared error) in the
projected climate-induced tree growth.



Forests 2017, 8, 359 9 of 13

Table 3. Statistic of split sample calibration-verification test. R: correlation coefficient; R2: the proportion
of variance explained by the regression model; RE: reduction of error; CE: coefficient of efficiency.

Calibration
(1911–1957)

Verification
(1958–2005)

Calibration
(1958–2005)

Verification
(1911–1957)

Final Calibration
(1911–2005)

R 0.637 0.789 0.789 0.637 0.791
R2 40.5% 62.2% 62.2% 40.5% 62.6%
RE - 0.725 - 0.830 -
CE - 0.515 - 0.055 -

Verification of the regression model allowed for the projection of climate-induced radial tree
growth for the period 2006–2100 under RCP 2.6 (Figure 9A). Radial tree growth showed a constant
increasing trend from 2006 to 2045. However, a declining trend was found in radial tree growth from
2046 to 2100. Radial tree growth was unprecedented after 1998 when compared to growth over the
prior 700 years (Figure 9B).
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Figure 9. Regional mean tree-ring chronology projection from 2006 to 2100 under RCP 2.6 (A) and
regional mean tree-ring indices from 1306 to 2005 (B).

4. Discussion

We found it possible to project climate-induced radial tree growth under RCP 2.6 in this study.
In the high-elevation regions, radial tree growth was generally limited by temperatures [34–37]. When
tree growth is highly controlled by one climate factor, it is probable to forecast the climate-induced
radial tree growth based on the relationship between them. In this study, the simulated regional
mean annual temperature showed a high correlation coefficient with the regional mean chronology.
The divergence problem, which is described as the reduced sensitivity of tree growth to climate
changes in recent years [38,39], has been shown to affect the climate-induced radial tree growth
forecast, because the relationship between climate and tree growth changes with the temporal shift.
The divergence problem is mainly found in high altitude regions [40–42]. It should be highly noticeable
when projecting the climate-induced tree growth in these regions. No divergence problem was reported
on the southeastern Tibetan Plateau, as many climate reconstructions had been conducted in this
region [14–16]. Thus, the climate-induced radial tree growth could be projected for this region.

We found that tree growth was more sensitive to temperature than precipitation was a result of
tree growth being significantly correlated with temperature in ten months. Annual mean temperature
was found to be the major limiting factor to tree growth in the study region. We also found that
winter precipitation and May precipitation limited tree growth. The positive correlation between
winter precipitation and tree growth might be explained by snow insulating soil from deep freezing
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during winter [9,10]. Our findings that cool temperatures limit tree growth more than precipitation is
consistent with other studies in this region [12–17], underscoring the fact that the forest in our study
region is a temperature-limited system.

Most trees used in this study were over 200 years old. Tree growth at an old age can be more
limited by climate, as growth trend can be relatively more stable in old trees compared to younger
trees [43–46]. Hence, our projections here might be biased towards old trees. In addition, despite the
fact that some trees in this study might not be alive in 2100, there is a good chance that many trees
would be alive because most species used in this study are long-lived species (e.g., Juniperus tibetica
and Cunninghamia lanceolata). Thus, it seems less likely that tree age would have a substantial impact
on the forecast of climate-induced tree growth.

Our forecast of climate-induced tree growth shows an increasing trend that generally tracks with
the increment in temperature under RCP 2.6. The relationship between temperature and tree growth
would not likely always be linear when experiencing drastic changes in temperature and, likely, other
non-climate factors [47]. On one hand, however, temperature is expected to increase by about 2 ◦C
in RCP 2.6. Temperatures in the past fifty years, however, have increased by more than 2 ◦C and no
obvious change in the tree growth–climate relationship was found. On the other hand, tree growth was
also influenced by other factors such as disturbances and insects [4,5]. There could be substantial error
if tree growth was controlled by other factors. However, no severe disturbance and insect events were
reported in the study region. It is hard to account for all of the factors impacting radial tree growth,
but given that this is a temperature-limited system, limited by cool temperatures, it would seem that
growth would be mainly determined by temperature under RCP 2.6 in the study region.

Restrictions of low temperature on tree growth could be alleviated with temperature increases in
regions where low temperature was mainly found to be a major limited factor [40–42,48,49] and radial
tree growth could be accelerated by increased temperatures in these regions [48–50]. The increases in
biomass and forest productivity along with temperature increases have been detected in many forest
types [48,49], and unprecedented tree growth in bristlecone pine was found in the highest elevations
of western North America [48]. Forest productivity and biomass are expected to increase with the
increased tree growth in these temperature-limited systems [51] and our study region might act as
a climatic refugium with future warming [52]. However, our modeling effort produced declines in
tree growth with temperature after ca. 2045, which might cause corresponding changes in forest
productivity and biomass. Our analyses indicate that, while temperature is currently limiting, it could
cross a crucial growth threshold and be a major factor in the potential decline of forest productivity.
Continued work in this area, including greater sampling of representative forests rather than targeted
sampling, will aid in improved forecasting and understanding of how forests on the Tibetan Plateau
could change in the coming decades.

5. Conclusions

Climate-induced tree radial growth was projected based on the relationship between climate and
tree growth under RCP 2.6. Tree radial growth would increase in the period 2006-2045, and decline
after that period. A period of unprecedented radial tree growth was found after 1998 when compared
with the tree growth in the past 700 years. It should be noted that the climate-induce tree growth could
be only estimated for these trees which were sensitive to climate changes. Forest productivity and
biomass are expected to change with the changed tree growth in these temperature-limited systems.
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