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Abstract 26 

Forests in semi-arid regions are fragile and sensitive to climate change. As the climate 27 

changes, drought and higher temperatures may reduce tree growth in these regions, 28 

but moistening and lengthening of the growing season may improve conditions. The 29 

relative influences of specific climate parameters on tree growth however, remain 30 

poorly quantified in Asian regions. We analyzed the growth responses to climate in 31 

the semi-arid region of China. Our analyses show a wetting trend since 1960 in the 32 

western part of this region, versus a drying trend in the east. We used tree-ring width 33 

data from a network of 33 forests as inputs for the process-based 34 

Vaganov–Shashkin-Lite growth model to assess how moisture patterns have affected 35 

tree growth in this region, and then used the resulting model to predict changes in tree 36 

growth during the 21st century. Tree-ring growth in our study region is mainly 37 

controlled by precipitation and soil moisture, and shows significant impacts of 38 

antecedent moisture conditions (the “water memory effect”). However, the 39 

contribution of soil moisture to tree growth was stronger in the eastern vs. western 40 

sub-regions (77% vs. 69%). Pointer-year analysis showed significantly stronger 41 

growth responses to soil moisture in the early growing season (April to June) in 42 

positive pointer years in the eastern sub-region, but showed no difference in the 43 

western sub-region. These results indicate that tree-ring growth in the eastern 44 

sub-region is more vulnerable to moisture availability. Our simulations suggest that 45 

tree growth will increase slightly under the RCP 4.5 and RCP 8.5 scenarios in both 46 



sub-regions, possibly due to the prolongation of the growing season caused by climate 47 

warming.   48 
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 51 

1. Introduction 52 

Forests play a key role in carbon and water cycles, and influence climate forcing 53 

and feedbacks worldwide (Allen et al., 2010; Anderegg et al., 2015; Hagedorn et al., 54 

2016; Peng et al., 2011; Williams et al., 2010). The long-term global warming trend is 55 

particularly strong in semi-arid regions (Huang et al., 2012). Both observations and 56 

modeling studies indicate that in a warmer climate, droughts may become longer and 57 

more severe in currently drought-prone regions because of increased evaporation and 58 

reduced precipitation (Dai, 2013; Huang et al., 2015a, 2015b). Among all vegetation 59 

types, forests are potentially the most susceptible to drought based on the hydraulic 60 

connection between the soil and the atmosphere through vascular plants (McDowell 61 

and Allen, 2015). Therefore, learning how tree growth in semi-arid forests will 62 

respond to global climate change is crucial to understand how perennial vegetation 63 

will adapt to changes in local and even global climate dynamics. 64 

In drought-prone areas, warming-induced increases in the atmospheric moisture 65 

demand and decreases in the soil water availability have been widely documented to 66 

decrease tree stem radial growth, leading to decline and increased mortality (Allen et 67 

al., 2010; Hagedorn et al., 2016; Liang et al., 2016; Liu et al., 2013; McDowell et al., 68 



2008, 2015; Peng et al., 2011; Williams et al., 2013; Wu et al., 2013, 2018; Xu et al., 69 

2017). Most research focused on warming-induced drought, known as 70 

“global-change-type” drought (Breshears et al., 2005), but paid less attention to the 71 

other key aspect of drought, namely the water supply (Liu et al., 2018). In arid and 72 

semi-arid regions, precipitation-dependent soil moisture is the most direct factor that 73 

controls tree growth (Liu et al., 2018; Yin et al., 2008).  74 

More recently, Liu et al. (2018) found that the antecedent precipitation amount 75 

(i.e., precipitation that contributed to soil moisture before plant growth began) 76 

strongly influenced vegetation productivity in arid and semi-arid regions at a global 77 

scale (the “water memory effect”). Dendroclimatic studies have indicated that 78 

tree-ring width were mainly influenced by antecedent precipitation and soil moisture 79 

for almost all main tree species (Cai and Liu, 2013; Cai et al., 2014, 2015; Gou et al. 80 

2015; Fang et al., 2012; Liang et al., 2006; H. Liu et al., 2013; Y. Liu et al., 2017; Yin 81 

et al., 2008) and along elevations (Gou et al., 2005; Yang et al., 2013; Zhang et al., 82 

2016) in the semi-arid region of China. In contrast, a warming climate can improve 83 

tree growth, since warming in the early or late growing season lengthens the growing 84 

season, and can also accelerate tree growth and increase forest biomass at some sites 85 

(Chen et al., 2019; Gao et al., 2018; McMahon et al., 2010; Salzer et al., 2009; Yang 86 

et al., 2017).  87 

Based on this previous research, it appears that climate warming can affect stem 88 

radial growth differently in different areas due to both the direct effects of warming 89 



and its interaction with moisture availability. However, detailed and locally specific 90 

conclusions and hypothetical mechanisms derived from in situ experiments or 91 

event-based observations are difficult to extrapolate to regional scales. As a result, 92 

regional studies tend to simplify or abstract the processes that control the interplay 93 

between climate and growth, creating uncertainty in the description or even paradoxes 94 

(Gao et al., 2018). These problems have delayed the development of process-based 95 

models and left the dynamic patterns of forest responses to drought and their 96 

underlying mechanisms unclear. Thus, there are research gaps on how climate change 97 

will affect future stem radial growth. 98 

The development of simplified but process-based forward models of tree-ring 99 

formation could offer a valuable tool for understanding the non-linear mechanisms of 100 

stem radial growth and their responses to climate variables. Accounting for such 101 

processes would help us develop better predictions of future tree growth (Anchukaitis 102 

et al., 2006; Evans et al., 2006; Fritts, 2001; Li et al., 2014; Gonzalez-Benecke et al., 103 

2017; Misson et al., 2004; Shishov et al., 2016; Tolwinski-Ward et al., 2011, 2013; 104 

Vaganov et al., 2006, 2011). The Vaganov–Shashkin-Lite model (hereafter, VS-Lite; 105 

Tolwinski-Ward et al., 2011, 2013) is one of the simplest available nonlinear and 106 

realistically multivariate models of the response of stem radial growth to climate at a 107 

regional scale. It permits comparison to a widely observed measurement for 108 

hindcasting/validation exercises using data from the 20th century (Breitenmoser et al., 109 

2014). It only requires the following as input variables: site latitude, monthly mean 110 



temperature, and monthly total precipitation (Tolwinski-Ward et al., 2011). The 111 

VS-Lite model has successfully simulated regional patterns of climate limitation of 112 

stem radial growth in a range of environments from semi-arid to temperate and boreal 113 

regions (Breitenmoser et al., 2014; Chen et al., 2017; Lavergne et al., 2015; Mina et 114 

al., 2016; Sanchez-Salguero et al., 2017a, 2017b; Tumajer et al., 2017). However, 115 

because tree responses to climate are nonlinear and not fully understood, the model’s 116 

applicability to certain climate zones is unclear. 117 

In the present study, we sought to clarify how tree stem radial growth responds to 118 

different climate patterns based on 33 tree-ring chronologies from China’s semi-arid 119 

region. Our goal was to forecast radial growth under various climate scenarios using 120 

the VS-Lite model. Specifically, we considered the IPCC “representative 121 

concentration pathways” (RCPs), which are climate projections that cover a wide 122 

range of possible changes in future anthropogenic greenhouse gas emissions (Collins 123 

et al., 2014). Since about 1960, China’s semi-arid region has been subject to different 124 

precipitation patterns, with an overall wetting trend in the west and overall drying 125 

trend in the east, due to fluctuation of the Asian Summer Monsoon (Yang et al., 2014). 126 

Thus, it represents an ideal region for assessing the spatial heterogeneity of climate 127 

responses. Our specific objectives were to (1) investigate relationships between stem 128 

radial growth and climate change in the semi-arid region of China; (2) explore the 129 

stem radial growth response to extreme drought events and quantify the relative 130 

contributions of growing season soil moisture and temperature to stem radial growth 131 



responses in the two sub-regions; and (3) forecast stem radial growth trends in the 132 

sub-regions under different climatic forcing scenarios projected for the remainder of 133 

the 21st century. We hypothesized that (1) stem radial growth would be mainly 134 

influenced by precipitation-induced changes in moisture availability in semi-arid 135 

China; (2) stem radial growth in the drying eastern sub-region would be more 136 

vulnerable to drought than in the increasingly humid western sub-region; and (3) 137 

rising temperatures will enhance growth by prolonging the growing season in both 138 

sub-regions under the projected climate scenarios. 139 

2. Materials and methods 140 

2.1 Study region  141 

 142 

Figure 1 Map showing the locations of the study sites and moisture trends. Colors 143 

show the linear rate of change of the annual mean CRU self-calibrated Palmer 144 



Drought Severity Index (scPDSI) from 1960 to 2013 throughout the study region 145 

(based on data downloaded from https://climexp.knmi.nl/). The red and green colors 146 

indicate significant negative (drier) and positive (wetter) trends, respectively, based 147 

on the 95% confidence interval. The dotted yellow lines indicate mean annul total 148 

precipitation isoline which based on gridded precipitation dataset of Global 149 

Precipitation Climatology Centre from 1960 to 2013 (data downloaded from 150 

https://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html). 151 

The study region covers the central and eastern parts of China’s semi-arid region 152 

and the surrounding regions (Figure 1). The topography is dominated by the Greater 153 

Hinggan Mountains, Qinling Mountains, Huashan Mountains, Yinshan Mountains, 154 

Erdos Plateau, Helan Mountains, and Qilian Mountains. The region’s climate depends 155 

strongly on elevation and latitude; because the elevation ranges from below sea level 156 

to nearly 8800 m asl and the latitude covers a range of roughly 20°, there are large 157 

spatial gradients in both temperature and precipitation. According to statistical data 158 

obtained from local meteorological stations from 1960 to 2013, the mean growing 159 

season temperatures (April to October) range from -8.1 to 21.7°C, and the total 160 

growing season precipitation ranges from 76 to 698 mm (Table S1). To test Yang et 161 

al.’s (2014) assertion about the regional climate trends, we calculated the trends from 162 

1960 to 2013 for the annual mean Climatic Research Unit (CRU) self-calibrated 163 

Palmer Drought Severity Index (scPDSI) based on the CRU scPDSI data downloaded 164 

from https://climexp.knmi.nl/ using linear interpolation (Figure 1). Our results 165 

confirmed that the western and eastern parts of our study region show different trends, 166 

with most of the eastern sub-region becoming significantly drier, and most of the 167 

https://climexp.knmi.nl/
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western sub-region becoming significantly wetter. Accordingly, we divided the 168 

semi-arid region into two parts at about 104°E (Figure 1). 169 

2.2 Tree-ring data  170 

We used a total of 33 tree-ring width chronologies for six major conifer species 171 

(Picea crassifolia, Juniperus (Sabina) przewalskii, Pinus tabulaeformis, Pinus 172 

armandii, Picea mongolica, and Larix gmelinii) in the present study (Table S1). For 173 

sites BS, SYK, and BYAB, we obtained two increment cores per living tree from 24 174 

trees per site in the western and eastern Helan Mountains and in the Baiyinaoba 175 

National Forest Reserve in September 2013, respectively. For sites AES and MH, we 176 

obtained two increment cores per living tree from 25 trees per site in the Aer 177 

Mountains and the Greater Hinggan Mountains in September 2014. All other tree-ring 178 

samples and tree-ring width chronologies were obtained from the literature (see Table 179 

S1), either by personal communication with the authors or by downloading the data 180 

from the International Tree-Ring Data Bank   181 

(https://www.ncdc.noaa.gov/data-access/paleoclimatology-data/datasets/tree-ring). 182 

For each sample site, we obtained climate data from the nearest meteorological station 183 

(Table S2). Distance between sample sites and meteorological stations range from 2 to 184 

98 km, and elevation differences range from 15 to 1539 m a.s.l. 185 

The sampling sites were distributed at elevations ranging from 348 to 3550 m asl. 186 

Tree-ring growth patterns were generally consistent across species and spatially 187 

coherent (Figure S1; Liu et al., 2013). At each site in the present study, the sample 188 

https://www.ncdc.noaa.gov/data-access/paleoclimatology-data/datasets/tree-ring


included at least 19 standing dominant or codominant trees. Radial growth was 189 

measured in two to three radial cores per tree, which were extracted with an increment 190 

borer at breast height (1.3 m) from the cross-slope sides of the stem whenever 191 

possible (Fritts, 2001). Wood samples were sanded until the rings were visible and 192 

then visually cross-dated. Once dated, the tree-ring widths were measured to the 193 

nearest 0.01 mm using a binocular microscope and a LINTAB measuring device 194 

(Rinntech, Heidelberg, Germany). The accuracy of the visual cross-dating and 195 

measurements were checked using the COFECHA software (Holmes, 1983). We then 196 

used negative exponential or linear regression models to detrend the age series for 197 

each tree and finally averaged the detrended tree-ring series to produce a standard 198 

tree-ring width chronology using the ARSTAN software (Cook, 1985). We selected 199 

the chronologies after the year 1960 for further analyses, as this period corresponds to 200 

the period of reliable climatic data for the study area. 201 

2.3 Climate data 202 

Monthly mean temperature and precipitation data were obtained from the China 203 

National Meteorological Information Center (http://data.cma.cn/) for the 204 

meteorological stations nearest to the sampling sites for the period from 1960 to 2013. 205 

Correction for elevation differences requires knowledge of the site-specific 206 

climatological lapse rate, which is difficult to achieve. For example, tests that 207 

assumed a constant moist-adiabatic lapse rate on a site-by-site basis did not improve 208 

http://data.cma.cn/


the fits between tree-ring and model data, and as a result, this correction is no longer 209 

generally performed (Breitenmoser et al., 2014).   210 

Monthly-resolution predicted temperature and precipitation for the 21st century 211 

were obtained from the downscaled dataset from the fifth phase of the Coupled Model 212 

Intercomparison Project (CMIP5) with a 0.5°×0.5° spatial resolution 213 

(http://gdo-dcp.ucllnl.org/downscaled_cmip_projections/). This dataset was processed 214 

from raw data from 28 general circulation models (GCMs) using the bias-correction 215 

spatial disaggregation method described in Brekke et al. (2013). Wang and Chen 216 

(2014) found that the EC-EARTH model provided the best simulation of temperatures 217 

and precipitation in China by comparing 35 climate models from CMIP5. 218 

Consequently, we used the projected climate datasets from EC-EARTH as the input 219 

data for our tree-ring model. We used data for the scenario (RCP 8.5) that most 220 

closely tracked recent historical emissions (Lelieveld et al., 2016), as well as two 221 

scenarios with lower emissions (RCP 2.6 and 4.5) in which the increase in annual 222 

emissions is more gradual in the early 21st century and then slows after the mid-21st 223 

century. 224 

2.4 Drought indices  225 

PDSI is one of most widely used drought indexes because of its strong 226 

relationship with climate. The index is calculated by incorporating both monthly 227 

precipitation and monthly air temperature into a soil water-balance model (Dai et al., 228 

2004; Palmer, 1965). We used the homogenized and quality-checked scPDSI datasets 229 



(https://climexp.knmi.nl/) nearest to each sampling site for the period from 1960 to 230 

2013 to provide a reliable data source across the whole study area. These datasets 231 

cover the global land surface (except for Antarctica) at a 0.5°×0.5° spatial resolution 232 

from January 1901 to December 2016.  233 

Soil moisture can directly represent the balance between precipitation and 234 

evapotranspiration, surface runoff, and groundwater flow. In arid and semi-arid 235 

regions and also across most biomes (Klein et al. 2015), soil moisture is the factor that 236 

most directly controls tree growth (Yin et al., 2008). To calculate soil moisture in our 237 

study area, we used the monthly mean temperature and precipitation data as inputs for 238 

the National Oceanic and Atmospheric Administration’s Climate Prediction Center 239 

(CPC) ‘‘Leaky Bucket Model’’. For details, see equations 1–3 in Huang et al. (1996). 240 

This scheme estimates evapotranspiration, surface runoff, and groundwater flow as 241 

empirical functions of the input data, and subtracts these losses from incoming 242 

precipitation plus the previous month’s soil moisture to compute the present month’s 243 

soil moisture (Tolwinski-Ward et al., 2011).  244 

Much of the influence of temperature on the vulnerability of semi-arid forests to 245 

drought results from temperature’s exponential influence on the atmospheric moisture 246 

demand (Liu et al., 2013), which is defined as the vapor-pressure deficit (VPD). VPD 247 

represents the saturation vapor pressure minus the actual vapor pressure. We 248 

estimated the monthly VPD values from 1960 to 2013 for each sampling site using the 249 

methods of Hogg (1997) and Hogg et al. (2013). The mean VPD can be estimated 250 

https://climexp.knmi.nl/


from the saturation vapor pressure (kPa) at the monthly mean values of the daily 251 

maximum temperature (e*
Tmax), minimum temperature (e*

Tmin), and dewpoint 252 

temperature (e*
Tdew): 253 

VPD = 0.5×(e*
Tmax + e*

Tmin) – e*
Tdew  (1) 254 

Where e*
Tdew represents the relationship between air temperature (T, °C) and 255 

saturated vapor pressure, e*
Tdew = e0 × 10(7.5T/[T+237.3]) , and the value of e0 was 0.611 256 

kPa, and T was the mean monthly maximum (max) or minimum (min) temperature. 257 

Mean monthly Tdew was estimated as the saturation vapor pressure at the monthly 258 

mean value of Tmin minus 2.5°C (Hogg, 1997). Daily maximum and minimum 259 

temperatures were obtained from the meteorological stations nearest to the sampling 260 

sites for the period from 1960 to 2013 (http://data.cma.cn/). 261 

2.5 VS-Lite model 262 

We used the VS-Lite model and a Bayesian parameter estimation approach to 263 

simulate tree-ring width indices (TRWi) for each site (Tolwinski-Ward et al., 2013; 264 

http://www.ncdc.noaa.gov/paleo/softlib/softlib.html). The model uses the CPC 265 

“Leaky Bucket model” (Huang et al., 1996) to estimate monthly soil moisture from 266 

temperature and total precipitation data. For each year, the model simulates 267 

standardized tree-ring width anomalies from the minimum of the monthly growth 268 

responses to temperature (gT) and moisture (gM), modulated by insolation (gE). Day 269 

length is determined from the site latitude and does not vary from year to year on a 270 

given date. gT and gM in VS-Lite involve only two parameters. The first parameter 271 

http://data.cma.cn/


represents the temperature (T1) or soil moisture (M1) threshold below which growth 272 

will not occur, and the second is the optimal temperature (T2) or soil moisture (M2) 273 

above which growth is not limited by climate. The CPC “Leaky Bucket model” 274 

includes nine parameters, but Tolwinski-Ward et al. (2011) have argued that 275 

simulations are not terribly sensitive to the values of these parameters. Consequently, 276 

we estimated the values of only four parameters (T1, T2, M1, and M2) using a Bayesian 277 

parameter estimation approach (Tolwinski-Ward et al., 2013). This scheme assumes 278 

uniform priors for the growth-response parameters and independent, normally 279 

distributed errors for the modeled TRWi values. We used the posterior median for 280 

each parameter to obtain the “calibrated” growth response for a given site. Finally, we 281 

ran the model over the entire period from 1960 to 2013 using the calibrated 282 

parameters for each site to produce a simulated tree-ring chronology that represented 283 

an estimate of the site-specific climate signal that controlled stem radial growth. A 284 

more detailed description of the approach can be found in the study by 285 

Tolwinski-Ward et al. (2013). 286 

Temperature (T1, T2) and soil moisture (M1, M2) growth parameters were 287 

sampled uniformly between the maximum and minimum values, and we used the 288 

growth parameter set that produced the simulation that correlated most strongly with 289 

the corresponding observed TRWi series for each site in the simulations. In addition, 290 

we obtained the values of other parameters (e.g., soil moisture, runoff, and root depth) 291 

from Tolwinski-Ward et al (2011, 2013). We evaluated the model 10 000 times for 292 



each site using three parallel Markov-chain Monte Carlo chains with a uniform prior 293 

distribution for each parameter and a Gaussian white noise model error 294 

(Tolwinski-Ward et al., 2013). To compute annual TRWi values, we integrated the 295 

overall simulated growth rates (i.e., the point-wise minimum monthly gT, gM, and gE) 296 

over the time window from September of the year before tree-ring formation to 297 

October of the year of tree-ring formation. This choice results in comparable levels of 298 

autocorrelation in the observed and simulated site series (Sánchez-Salguero et al., 299 

2017b; Tolwinski-Ward et al., 2011; Tumajer et al., 2017). 300 

To test the temporal stability of the model results, we ran 100 calibration and 301 

validation tests for each sampling site, with each calibration interval chosen as a 302 

random half subset of the length of tree-ring chronology in each sampling site. We 303 

computed an index of stability (IS) at each site in the network to compare the 304 

dependence of the models on the calibration-interval tuning. We defined this index as 305 

1 minus the mean absolute change in the level of correlation significance p value of 306 

the simulation with observation from the calibration to validation interval across the 307 

100 Monte Carlo tests (Tolwinski-Ward et al., 2011): 308 

100
, ,

s cal val

1

1
(site ) 1

100

i j i j

j

i

I p p
=

= − −                 (2) 309 

where IS (sitej) represents the index of stability for site j, “cal” represents the 310 

correlation significance between the calibrated values for sites i and j, and “val” 311 

represents the correlation significance between the validation values for sites i and j. 312 

IS therefore ranges between 0 and 1, with values closer to 1 indicating greater model 313 



stability outside of the calibration window. Note that this metric is defined in terms of 314 

changes in a measure of simulation quality from the calibration to the validation 315 

interval, but contains no information about the absolute simulation quality. 316 

Finally, we ran VS-Lite models for each site using the calibrated parameters and 317 

projected monthly precipitation and mean temperature to obtain a simulated TRWi 318 

series for the period from 2014 to 2100 under the three RCP scenarios. 319 

2.6 Statistical analysis  320 

We assessed the relationships between the monthly climate data (mean 321 

temperatures and precipitation), drought indices (CRU scPDSI, soil moisture, VPD), 322 

and TRWi by calculating Pearson’s correlation coefficient (r) for the relationships 323 

between pairs of variables for the common period from 1960 to 1987. The temporal 324 

window for the growth-climate comparisons extended from the previous May to the 325 

current October. We also examined composite periods within this range, such as from 326 

the previous August to the current July and from April to June of the current growing 327 

season. To determine the main climatic factors that limited tree growth, we also 328 

calculated the proportions of the long-term chronologies that were significantly 329 

correlated (P < 0.05) with the environmental variables for each month. 330 

To assess the sensitivity of stem radial growth in the eastern and western 331 

sub-regions of our study area to extreme drought, we calculated “pointer” years for 332 

the two sub-regions that represented years with an abrupt change in climate. Pointer 333 

years are an accepted method of showing annual growth reactions that result from 334 



abrupt changes in environmental conditions (Schweingruber et al., 1990), especially 335 

due to climatic variations (Neuwirth et al., 2007).Therefore, we transformed all TRWi 336 

values from the two sub-regions into an annual resolution high-frequency time series 337 

of pointer values using a two-step approach. First, we calculated the ratio of the TRWi 338 

for a given site to its 5-year moving average according to the method of Cropper 339 

(1979). These Cropper values were then normalized to have a mean of 0 and a 340 

standard deviation of 1 for the period from 1960 to 2013. We defined the thresholds 341 

for these Cropper values, which we used to identify extreme-climate event years, 342 

using the method of Neuwirth et al. (2007). That is, if C represents the normalized 343 

Cropper value, |C| > 1 represents a weak change, |C| > 1.28 represents a strong change, 344 

and |C| > 1.645 represents an extreme change. We defined a negative (positive) 345 

pointer year as a year when at least 50% of all TRWi values within a sub-region 346 

showed a negative or positive extreme event year. We then compared the mean gT and 347 

gM between negative pointer years and positive pointer years for the two sub-regions 348 

from January to December. We used independent-sample t-tests to identify 349 

significantly different means of gT and gM between negative pointer years and positive 350 

pointer years in the two sub-regions. Data were log-transformed (log [x+1]) when the 351 

distribution diverged from normality according to the Shapiro-Wilks test. 352 

To quantify the contribution of soil moisture and temperature to the simulated 353 

TRWi, we divided each year into two parts: first, months when growth was controlled 354 

by soil moisture (gM < gT), and second, months when growth was controlled by 355 



temperature (gM > gT), and then calculated the ratio of the integrated relative growth 356 

rate (Gr) controlled by soil moisture and temperature each year: 357 

 

M M

C 12

1

gE(s )*gM(s )

gE(s)*min gM(s)|gT(s)
s

M

=

=



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T T

C 12

1
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s

T

=

=



             (4) 359 

Where Mc and Tc represent the contributions of soil moisture and temperature, 360 

respectively, to simulated TRWi, and s, sM, and sT represent every month, a month 361 

controlled by soil moisture, and a month controlled by temperature, respectively. We 362 

then used independent-sample t-tests to identify significant mean differences of Mc 363 

and TC between the two sub-regions during the study period from 1960 to 2013. Data 364 

were log-transformed (log [x+1]) when the distribution diverged from normality 365 

according to the Shapiro–Wilks test. 366 

Unless otherwise noted, we used version R2012b of the MATLAB software 367 

(https://www.mathworks.com/) for all VS-Lite simulations and for statistical analyses 368 

of the data. 369 

3. Results 370 

3.1 Stem radial growth trends in the two sub-regions 371 

The TRWi records were generally consistent within and between the western and 372 

eastern sub-regions from 1901 to 1960 (r = 0.57, n =59, P < 0.001; Figure S2). Both 373 

sub-regions recorded low TRWi from the late 1920s to the early 1930s (Figure S2). 374 



However, their coherence decreased markedly from 1960 to 2013 (r = 0.30, n =53, P 375 

< 0.05; Figure S2). We observed a statistically significant trend of increasing growth 376 

in the western sub-region (slope = 0.005, R2 =0.18, P < 0.01). In contrast, we detected 377 

a slightly decreasing but not statistically significant trend in the eastern sub-region 378 

(Figure S2). 379 

3.2 Relationship between stem radial growth and climate 380 

We detected high common site-to-site variation in the climate–growth 381 

relationships within each sub-region, especially for the western sub-region (Figure 2b, 382 

S3). We found no significant correlation between TRWi and temperature in both 383 

sub-regions (Figure 2a). In contrast, we found a common significant positive 384 

influence of the antecedent precipitation conditions (from the previous August to the 385 

current July) on current TRWi in both sub-regions. Furthermore, we also found strong 386 

correlations with precipitation in the early growing season (from the current April to 387 

June) in both sub-regions (Figure 2b). Similarly, we found a common significant 388 

positive influence of CRU scPDSI and soil moisture in both sub-regions (Figure 2c.d). 389 

TRWi values were significantly positively correlated with the average CRU scPDSI 390 

and soil moisture from April to June of the current year and from the previous August 391 

to the current July. However, we also found significant positive correlations for 392 

scPDSI in May and June of the current year and for soil moisture in June of the 393 

current year. The correlations between TRWi and VPD were not significant for most 394 

sites in both sub-regions in most months (Figure 2e). The most significant correlations 395 



were found in the current June, with about 48% of the chronologies from the study 396 

region showing significant negative correlations with the June VPD (P < 0.05; Figure 397 

2e). In addition, TRWi at some sites (41% of the total) was significantly negatively 398 

correlated with VPD in September of in the previous year. 399 

 400 

Figure 2 Box plots for Pearson’s correlation coefficient (r) for the relationship 401 

between the tree-ring width indices (TRWi) in the western and eastern sub-regions 402 

and the climate variables (top panel) and the proportion of the sites in the time series 403 



for which we detected a statistically significant (P < 0.05) correlation with the climate 404 

variables (bottom panel) from May of the previous year (denoted -1 for all months in 405 

the previous year) to October of the current year (denoted 0 for all months in the 406 

current year), as well as for the period from April to June (AMJ) in the current 407 

growing season and from the previous August to the current July (A(-1) – J(0)). (a) 408 

TRWi vs. temperature (T), (b) TRWi vs. precipitation (P), (c) TRWi vs. the 409 

self-calibrated Palmer drought severity index (scPDSI), (d) TRWi vs. soil moisture 410 

(SM), and (e) TRWi vs. the vapor-pressure deficit (VPD). The horizontal dotted lines 411 

in the upper panels indicate the 95% confidence interval. Box plots describe the 412 

spread of data: median value (bold black horizonal line), upper and lower quartiles 413 

(boxes), and the lower and upper extremes (whiskers), beyond which outliers are 414 

plotted as dots.  415 

3.3 Model results: non-linear effects of climate factors on stem radial growth 416 

The VS-Lite model simulated the year-to-year variability in TRWi during the 417 

study period from 1960 to 2013 with reasonable accuracy (Table 1). The correlation 418 

coefficients between the observed and simulated TRWi were significant (P < 0.05) for 419 

all sites, and ranged from 0.41 to 0.75 (Table 1). The Bayesian estimated growth 420 

response parameters (T1, T2, M1, and M2) were similar among all study sites (Table 421 

S3). Furthermore, we found high coherency between the mean observed and 422 

simulated TRWi in both sub-regions; for all sites combined, the correlations were 423 

significant (P < 0.001) and high, with r values of 0.70 for the west and 0.77 for the 424 

east (Figure 3a, b). Calibration and validation tests further demonstrated the temporal 425 

stability of the model results. We found similar and significant mean correlation 426 

coefficients between the modeled and observed TRWi for the calibration and 427 



validation periods for most sites, with mean IS values of 0.86 and 0.78 in the western 428 

and eastern sub-regions, respectively, which suggests that the model results are only 429 

weakly influenced by tuning of the calibration interval (Table S4). 430 

 431 

Table 1 Values of Pearson’s correlation coefficient (r) for the relationships between 432 

the observed standardized tree-ring width chronologies and the modeled tree-ring 433 

series based on the Bayesian parameter estimation method. Significance: n.s. not 434 

significant, ** P < 0.01, ***P < 0.001. 435 

Western region  Eastern region 

Chronology  
Correlation 

coefficient (r) 

Degrees of 

freedom 

(df) 

 

Chronology  
Correlation 

coefficient (r) 

Degrees of 

freedom 

(df) 

QF 0.52*** 42  XLM 0.58*** 48 

JG 0.53*** 44  THM 0.49*** 51 

QKD 0.54*** 44  MHLH 0.56*** 36 

KGM 0.52*** 44  SYK 0.61*** 52 

SDLL 0.68*** 51  BS 0.62*** 52 

SDLH 0.65*** 51  NHL 0.59*** 38 

ZMSH 0.70*** 51  MHLL 0.62*** 36 

ZMSL 0.71*** 51  HSS 0.75*** 44 

DYKL 0.54*** 51  HSW 0.71*** 44 

DYKH 0.56*** 51  HSE 0.45** 44 

QYGH 0.51*** 51  BT 0.70*** 26 

QYGL 0.51*** 51  JGB 0.63*** 38 

DDSL 0.53*** 42  HHT 0.61*** 32 

DDSH 0.61*** 51  QL 0.43*** 46 

XDH 0.43*** 44  BYAB 0.67*** 52 

CLM 0.49*** 42  AES 0.48*** 52 

    MH 0.41** 52 

The modeled gT and gM differed among the sub-regions (Figure 3a, b; Figure S4). 436 

However, the mean gT, gM, and Gr showed similar intra-annual patterns, although the 437 

absolute values of gT, gM, and Gr were higher in the eastern sub-region (Figure 3a,b). 438 

gT peaked from June to August, whereas gM increased during the summer, as expected, 439 



in response to high precipitation brought by the Asian summer monsoon in both 440 

sub-regions. Tree growth was limited by low temperatures (gT < gM) at the beginning 441 

and end of the growing season, but by soil moisture availability (gM < gT) during 442 

summer and autumn (from May to September in the western sub-region; from May to 443 

August in the eastern sub-region; Figure 3a, b). 444 

To further investigate how tree growth responds to moisture availability on a 445 

seasonal time scale, we examined the differences in mean gT and gM between negative 446 

and positive pointer years in the two sub-regions (Figure 3c, d). For the western 447 

sub-region, the negative pointer years were 1971, 1974, 1978, 1981, 1986, 1995, and 448 

2001, whereas the positive pointer years were 1972, 1975, 1980, 1996, and 2002. For 449 

the eastern sub-region, the negative pointer years were 1966, 1987, and 2000, whereas 450 

the positive pointer years were 1970, 2002, and 2009. With regard to the mean gT 451 

profile, there was no significant difference between negative and positive pointer 452 

years in both sub-regions (top panels of Figure 3c, d). With regard to the mean gM 453 

profile, there was a significant difference between negative and positive pointer years 454 

in the eastern sub-region in the early growing season (April to June, P < 0.01), versus 455 

no significant difference in the western sub-region (bottom panel of Figure 3c, d).  456 

Finally, we compared the contribution of soil moisture to the simulated stem 457 

radial growth in the two sub-regions (Figure 3e). We found that the mean contribution 458 

of soil moisture in the eastern sub-region was significantly higher than that in the 459 

western sub-region (77% vs 69%, respectively), whereas the mean contribution of soil 460 



temperature in the eastern sub-region was significantly higher than that in the western 461 

sub-region (23% vs 31%, respectively; data not shown). For the inter-annual variation 462 

of the mean contribution of soil moisture, we found a slight but significant increasing 463 

trend for the contribution of soil moisture from 1960 to 2013 in the eastern sub-region 464 

(slope = 0.077, P = 0.01), but no significant trend in the western sub-region. 465 



 466 

Figure 3 Comparisons between modeled and actual values of the tree-ring width 467 

index (normalized z values) for the (a) western and (b) eastern sub-regions of 468 

semi-arid China and (right panels in both figures) the corresponding mean pattern 469 

produced by the VS-Lite model for the simulated mean temperature (gT), soil moisture 470 



(gM), and solar irradiation (gE) response functions and integrated relative growth rates 471 

(Gr) from January to December (right panel). Comparisons of positive and negative 472 

pointer years for the modeled mean gT (top panel) and gM (bottom panel) in the (c) 473 

western and (d) eastern sub-regions. (e) Inter-annual variation of the calculated mean 474 

contributions of soil moisture to the modeled tree-ring width indices, and (right panel) 475 

the box plots and distribution of the contribution values in the western and eastern 476 

sub-regions from 1960 to 2013. Shaded areas represent the mean ± 2SE. In (a), dashed 477 

lines represent significant positive trends over time for the observed and modeled 478 

TRWi values for the western sub-region (y = 0.018x - 26.23, P < 0.01 for mean 479 

observed TRWi; y = 0.021x - 41.39, P < 0.001 for mean modeled TRWi) determined 480 

by piecewise linear regression. In (e), we also detected a significant positive trend for 481 

the inter-annual variation of the contribution of soil moisture to the modeled TRWi in 482 

the eastern sub-region (y = 0.077x - 71.45, P = 0.01), which was determined by 483 

piecewise linear regression. The black dotted lines in (c) and (d) represent the average 484 

gT and gM over the full period (1960 to 2013). Box plots in (e) describe the spread of 485 

data: median value (bold black horizonal line), upper and lower quartiles (boxes), and 486 

the lower and upper extremes (whiskers), beyond which outliers are plotted as dots.  487 

3.4 Projected growth responses to climate warming 488 

The warmer conditions projected by the three climate scenarios (RCP 2.6, 4.5, 489 

and 8.5) predict a slight but significant increasing mean TRWi in the two higher 490 

emission scenarios (RCP 4.5 and 8.5) in both sub-regions (all P < 0.05; Figure 4).  491 



The projected growth responses to temperature (gT) and soil moisture (gM) were 492 

similar for the three emission scenarios. Similar to the recent situation (1960 to 2013), 493 

the projected gT peaked from June to August, whereas gM increased during the 494 

summer, as expected, in response to the high precipitation during this season. Tree 495 

growth was limited by low temperatures (gT < gM) at the beginning and end of the 496 

growing season and by soil moisture availability (gM < gT) during the summer and 497 

autumn (from May to September in the western sub-region; from May to August in 498 

the eastern sub-region; see Figure 4). 499 

The projected growth in both sub-regions was still mainly controlled by soil 500 

moisture under all climate scenarios (ratio of contribution > 80%; Figure S5). 501 

Furthermore, we found significant increasing trend of mean contribution of soil 502 

moisture for all climate scenarios from 2014 to 2100 in both sub-regions, except for 503 

the western sub-region under RCP 2.6 (Figure S5). 504 

 505 

Figure 4 Comparison of the responses of the mean modeled tree-ring width indices 506 

(TRWi) under different IPCC emission scenarios (RCP 2.6, 4.5, and 8.5) for the 507 

projected period from 2014 to 2100 in the (a) western and (b) eastern sub-regions of 508 



semi-arid of China, and (right panels) the corresponding mean pattern of the VS-Lite 509 

simulated mean temperature (gT), soil moisture (gM), and solar irradiation (gE) 510 

response functions and partial growth rates (Gr) from January to December. The 511 

shaded areas represent the mean ± 2SE. We detected a significant positive trend in the 512 

mean projected TRWi based on the VS-Lite model in the western region in two 513 

scenarios (y = 0.007x - 15, P < 0.05 for RCP 4.5; y = 0.011x - 23.14, P < 0.01 for RCP 514 

8.5), determined by piecewise linear regression (dotted green and red lines, 515 

respectively). We also detected a significant positive trend in the mean projected 516 

TRWi based on the VS-lite model in the eastern region in the same scenarios (y = 517 

0.005x – 11.18, P < 0.05 for RCP 4.5; y = 0.01x - 20.54, P < 0.001 for RCP 8.5), 518 

determined by piecewise linear regression (dotted green and red lines, respectively). 519 

4. Discussion  520 

In this study, the tree-ring data demonstrated that tree growth in the semi-arid 521 

region of China is mainly affected by precipitation, and showed a significant “water 522 

memory effect”. Tree growth rates in the western and eastern sub-regions showed 523 

divergent trends, possibly caused by different precipitation patterns since 1960. Tree 524 

growth in the eastern sub-region is more vulnerable to extreme drought events than in 525 

the western sub-region. Our forecasting results showed a slight but significant trend of 526 

increasing tree growth under the two higher emission scenarios (RCP 4.5 and 8.5) in 527 

both sub-regions, which might be related to the prolongation of the growing season 528 

caused by climate warming. 529 

Our first hypothesis was confirmed by the results, which revealed that stem 530 

radial growth was mostly influenced by precipitation. Drought can limit tree growth in 531 

two ways: (1) increased evaporative demand caused by climate warming, known as 532 



“global-change-type” drought (Breshears et al., 2005), and (2) a lack of precipitation, 533 

known as “precipitation-induced” drought. Our correlation analysis indicated that 534 

tree-ring width increased with increasing precipitation, PDSI, and soil moisture from 535 

the previous August to the current July, but was only weakly correlated with 536 

temperature and VPD (Figure 2). The stronger influence of precipitation and weaker 537 

influence of VPD suggest that tree growth in the study region is mainly controlled by 538 

the second aspect of drought (i.e., a precipitation shortage). Under conditions of low 539 

precipitation or limited soil moisture, trees respond with reduced cell growth rates 540 

(Chaves et al., 2002; Popkova et al., 2018), smaller cell lumen areas (Belien et al., 541 

2012), or reduced wood growth rates (Arend and Fromm, 2007).  542 

The tree-ring width chronologies also showed significant correlations with 543 

precipitation or soil moisture records in previous studies of China’s arid and semi-arid 544 

regions (Cai et al., 2015; Liu et al., 2017; Yang et al., 2014; Yin et al., 2008). In 545 

contrast, most previous studies conducted in other drought-prone regions indicated 546 

that tree-ring growth was mainly influenced by heat-induced drought (Gao et al., 2018; 547 

Liu et al., 2013; Peng et al., 2011; Williams et al., 2010, 2013; Wu et al., 2013, 2018). 548 

Williams et al. (2013) found that tree-ring width in the southwestern United States 549 

was mainly influenced by the warm-season VPD (which is largely controlled by 550 

temperature). Sánchez-Salguero et al. (2017b) found that rising temperatures could 551 

amplify drought stress and thus constrain the radial growth of circum-Mediterranean 552 

fir forests. Liu et al. (2013) suggested that tree growth was significantly affected by 553 



warming-induced increases in atmospheric moisture demand in the semi-arid regions 554 

of Inner Asia. The difference between these studies and our results might have been 555 

caused by several factors. 556 

First, differences in climatic conditions would affect the results. The research by 557 

Williams et al. (2013) and Sánchez-Salguero et al. (2017a, 2017b) was conducted in 558 

regions with a Mediterranean climate and a continental influence, characterized by 559 

warm and dry summers and cool and wet winters. Liu et al. (2013)’s study sites were 560 

mainly distributed in northern Mongolia, which is subjected to a temperate continental 561 

climate characterized by warm and dry summers and cold winters. In contrast, our 562 

sampling sites are mainly influenced by the Asian summer monsoon, which is 563 

characterized by warm and wet summers and cold and dry winters. Warm and dry 564 

summers could increase atmospheric water demand but decrease soil water 565 

availability (i.e., supply < demand), thereby exacerbating the effects of water stress 566 

upon tree growth. In contrast, the warm and wet summer climate could both increase 567 

atmospheric demand and increase or leave unchanged soil water availability (i.e., 568 

supply > demand), thereby causing tree growth to be affected more strongly by the 569 

water supply. 570 

Secondly, many studies may have underestimated the real sensitivity of 571 

vegetation to precipitation variability by considering only the effects of short-term 572 

precipitation on vegetation growth during the same season (Huete, 2016; Ji and Peters, 573 

2003). In contrast, our results demonstrated the importance of precipitation in the year 574 



before ring growth. That is, we found that current vegetation productivity was more 575 

strongly affected by antecedent precipitation (“water memory effects”) than by 576 

contemporary precipitation in China’s semi-arid region. This agrees with previous 577 

research (Liu et al., 2018).  578 

Recent studies have indicated that “water memory effects” play a more 579 

significant role than was previously believed in influencing the vegetation 580 

productivity of arid and semi-arid regions (Liu et al., 2018; Peltier et al., 2018; Shen 581 

et al., 2016; Wu et al., 2015). For example, Liu et al. (2018) found that vegetation 582 

productivity depended greatly on antecedent precipitation in arid and semi-arid 583 

regions, and the average length of water memory was approximately 5.6 months. This 584 

was comparable to a previous study in which vegetation in arid and semi-arid regions 585 

was most sensitive to water anomalies for about 4 to 6 months (Lotsch et al., 2003). A 586 

longer (12-month) response to antecedent precipitation was also identified in arid 587 

regions such as the central-western United States and central Asia (Liu et al., 2018). 588 

Consistent with these results, our study indicated that stem radial growth was 589 

significantly positively correlated with precipitation from the previous August to the 590 

current July (i.e., 11 months), but was not strongly or significantly correlated with 591 

precipitation in any single month, which suggests the influence of a “water memory 592 

effect”. Liu et al. (2018) suggested that the “water memory effect” can be explained 593 

by three factors: (1) the adaptation of vegetation to frequent water shortages by means 594 

of relevant physiological mechanisms (Chaves et al., 2003; Vicente-Serrano et al., 595 



2013); (2) a lagged vegetation response to soil moisture anomalies in arid or semi-arid 596 

regions (Chen et al., 2014; Richard et al., 2008); and (3) hierarchical responses of 597 

vegetation to resource availability (i.e., different response strengths for different 598 

strengths of resource availability) (Schwinning and Sala, 2004). In addition, 599 

antecedent precipitation could influence the activity of stored nonstructural 600 

carbohydrates (Gao et al., 2018), and the role of stored nonstructural carbohydrates in 601 

drought resistance has been studied in a semi-arid pine forest (Klein et al. 2014). If 602 

there is enough water accumulation before the growing season, a tree can effectively 603 

turn these carbohydrates into new tissue when the temperature is suitable for growth 604 

to begin, leading to wider earlywood; if not, the carbohydrates would be consumed by 605 

metabolism. Most of sampling sites in our study (especially in the western sub-region)  606 

are located in areas over 2000 m a.s.l and are covered with snow-pack in winter.  607 

Higher winter precipitation (mostly in the form of snow) in the sampling site can 608 

increase the soil moisture content, compensating for water loss caused by drier spring 609 

conditions before summer rains begin (D’Arrigo and Jacoby, 1991; Li et al., 2016). 610 

We found that TRWi values in the two sub-regions were slightly but 611 

significantly negatively correlated with VPD in the current June (Figure 2). This is 612 

consistent with previous studies in arid or semi-arid ecosystems (Liu et al., 2013; 613 

Williams et al., 2013). Warming early in the growing season could cause VPD to 614 

increase exponentially and soil moisture to decrease through evapotranspiration when 615 

moisture from the Asian summer monsoon has not yet reached the study region. 616 



Increased VPD coupled with limited soil moisture increases the potential for strong 617 

water stress, possibly including hydraulic failure (collapse of water columns within 618 

xylem cells), and can force prolonged stomatal closure, thereby decreasing 619 

photosynthesis, the plant’s growth rate, and carbohydrate reserves (Adams et al., 2009; 620 

McDowell et al., 2008; Williams et al., 2013). In addition, TRWi was slightly but 621 

significantly negatively correlated with VPD in September of the previous year. 622 

Although September is not entirely within the growing season, the mechanisms by 623 

which the previous year’s VPD limits tree growth are similar to those in the current 624 

year. When conditions allow, photosynthesis continues during September after 625 

cambial shutdown, allowing allocation of carbohydrates to reserves that influence 626 

radial growth during the following growing season (Williams et al., 2013).  627 

Our second hypothesis, in which stem radial growth in the drier eastern 628 

sub-region is expected to be more vulnerable to drought than growth in the wetter 629 

western sub-region, was also confirmed. In response to opposing moisture trends 630 

since 1960, radial growth in the western and eastern sub-regions showed divergent 631 

trends, with a significant increasing trend in the western sub-region, and a slight and 632 

non-significant decreasing trend in the eastern sub-region (Figure S2). In addition, our 633 

modeling results indicated that radial growth in both sub-regions was mainly 634 

controlled by soil moisture, but the mean contributions of soil moisture to growth in 635 

the eastern sub-region was significantly higher than in the western sub-region (P < 636 

0.001). This might indicate that radial growth in the eastern sub-region is more 637 



vulnerable to drought. Furthermore, the contributions of soil moisture in the eastern 638 

sub-region show a significant increasing trend from 1960 to 2013 (Figure 3), which 639 

indicate that radial growth in the eastern sub-region has become increasingly sensitive 640 

to drought in the past half century. This hypothesis is supported by our pointer-year 641 

analysis, which showed that gM differed significantly between negative and positive 642 

pointer years in the eastern sub-region during the early growing season (April to June, 643 

P < 0.01), but not in the western sub-region (bottom panels of Figure 3c, d). In 644 

addition, tree species and altitude might also influence the response tree-ring growth 645 

to drought (Lévesque et al., 2014; McDowell et al., 2008; Sidor et al., 2015; Wang et 646 

al. 2017). For this concern, we selected three main trees species used in the study 647 

(Picea crassifolia, Juniperus (Sabina) przewalskii, and Pinus tabulaeformis) to test 648 

the effect of species and altitude on tree-ring growth and it’s climate responses 649 

(Figure S6). Results indicated that no significant difference of tree growth and it’s 650 

climate responses between different elevations and species in the adjacent sampling 651 

sites. In addition, we conduct linear mixed-effects analyses to detect if species and 652 

elevation influenced tree-ring width significantly. We selected two most significant 653 

climate variables (previous August to current July precipitation and April to June 654 

PDSI) as fixed effects, and set species, elevation and site as random effects. Results 655 

show that species and elevation are not critical for tree-ring growth (P > 0.5 for 656 

Likelihood Ratio Test; Pinheiro and Bates, 2000). 657 



Our sample species are dominated by P. crassifolia and J. przewalskii in the 658 

western region, whereas these species are rare in the east and are replaced by four 659 

additional species. However, a case study indicate tree-ring growth of P. crassifolia 660 

and P. tabulaeformis show similar response to soil water availability in the Helan 661 

Mountains, Northern Central China (data not published). Further studies to study the 662 

species-specific response to drought in this region may be beneficial in this context. 663 

The significant increasing trend of radial growth since 1960 in the western 664 

sub-region has at least two potential causes. First, the trend of significantly wetter 665 

conditions could compensate for the increased evaporative demand caused by 666 

increasing temperatures, thereby alleviating drought stress and promoting tree growth 667 

(Gao et al., 2018). Second, the extended growing season could also increase radial 668 

growth of evergreen conifers (Gao et al., 2018; Körner and Basler, 2010; Pretzsch et 669 

al., 2014). Warmer climate could induce earlier initiation or later termination of radial 670 

growth (Gao et al., 2018; Yang et al., 2017). Previous studies indicated that 671 

lengthening of the growing season will increase tree growth (Chmielewski and Rötzer, 672 

2001; Gao et al., 2018; Pretzsch et al., 2014). For example, Waring and Gao (2016) 673 

simulated the tree growth of Qinghai spruce using the process-based 3-PG forest 674 

model, and found that a recent reduction in the frequency of frost days during the 675 

growing season as a result of warming temperatures can explain the increased tree 676 

growth. Furthermore, this effect could be amplified by the higher contribution of 677 

temperature to radial growth (31%) in the western sub-region. In contrast, the slightly 678 



declining radial growth in the past half century in the eastern sub-region might have 679 

been caused by a combination of decreasing precipitation and increased evaporative 680 

demand caused by increasing temperatures. Together, these processes could induce 681 

drought stress that would decrease radial growth. In addition, the significant 682 

difference of gM between negative and positive pointer years in the eastern sub-region 683 

during the early growing season might result from the combined effect of high 684 

evaporative demand and low precipitation, which could together profoundly change 685 

the soil water resources available for tree growth. 686 

Our third hypothesis, that rising temperatures could enhance growth and prolong 687 

the growing season in both sub-regions under the projected climate scenarios, was 688 

also confirmed. We found that the warmer conditions projected by the scenarios 689 

would lead to slightly but significantly increasing mean TRWi in the two scenarios 690 

with higher emissions (RCP 4.5 and RCP 8.5) in both sub-regions (Figure 4, S5). We 691 

hypothesize that the increasing trend might be mainly caused by increasing 692 

temperatures at the beginning and end of the growing season, which would promote 693 

tree growth by extending the growing season (Gao et al., 2018). This hypothesis is 694 

supported by two factors: First, temperatures at the beginning (April) and end 695 

(October) of the growing season showed significant increasing trends from 2014 to 696 

2100 in the two higher emission scenarios (RCP 4.5 and RCP 8.5; Figure S7a-d). 697 

Second, precipitation and soil moisture didn’t show any significant increasing or 698 

decreasing trends during the main growing season (May to September) from 2014 to 699 



2100 in any emission scenario in both sub-regions (Figure S7e-h). However, we note 700 

that temperature can only influence the long-term stem radial growth trend, and the 701 

main factor is still soil moisture in both regions for the projected period from 2014 to 702 

2100 (Figure 4). 703 

Every modeling approach has limitations, assumptions, and drawbacks. We chose 704 

the present methodological framework because it is relatively robust and provides 705 

results that account for the non-linear mechanisms that underlie how tree growth 706 

responds to climate change. Nevertheless, the VS-lite model has limitations (Lavergne 707 

et al., 2015; Sanchez-Salguero et al., 2017b; Tolwinski-Ward et al., 2011, 2013). First, 708 

the model fails to account for carry-over effects such as the water memory effect. 709 

However, we found that precipitation conditions in the previous year strongly affect 710 

current-year growth (Figure 2b). Ongoing monitoring of tree physiology, 711 

environmental conditions, and wood cell formation to account for such memory 712 

effects will provide a more detailed representation of the complex biological and 713 

ecological processes that control tree growth in our study region. Second, our model 714 

did not consider the influence of CO2 on tree growth (the “CO2 fertilization” effect). 715 

Previous studies indicated that the growth responses to climate could be modulated by 716 

species-specific reactions to rising atmospheric CO2 concentrations, and this would 717 

directly affect photosynthesis and improve water-use efficiency and thus growth 718 

(Ainsworth and Long, 2005; Karnosky et al., 2003; Keenan et al., 2011; Liu et al., 719 

2007). Furthermore, CO2 fertilization effects might compensate for the negative 720 



effects of water stress at a short timescale, which also implies a non-linear response of 721 

forest productivity to drought stress for semi-arid ecosystems such as those in our 722 

study area (Poulter et al., 2014). In our study, we found a significantly increasing 723 

trend for tree growth in the western sub-region, which might be further affected by 724 

“CO2 fertilization” (Wang et al., 2012, 2015). Third, the VS-Lite model inherits its 725 

efficiency and robustness with respect to parameter choices from the rudimentary 726 

CPC leaky-bucket model, but fails to account for winter precipitation stored in the 727 

snow-pack (Tolwinski-Ward et al., 2011). Winter precipitation contributes to modeled 728 

growth to some degree, especially for boreal and high-altitude mountain forests (Li et 729 

al., 2016; Vaganov et al., 1999), as the soil moisture model contains significant 730 

memory from month-to-month, but ring width variability at sites where winter 731 

precipitation is the dominant control on growth are less likely to be realistically 732 

represented by VS-Lite. Finally, extreme climatic events and biotic disturbances (e.g., 733 

cold or heat spells and insect or disease outbreaks caused by warming temperatures) 734 

could also play important roles in driving forest vulnerability to climate change (Liu 735 

et al., 2013). Several studies have highlighted that the susceptibility of trees to 736 

extreme climatic events such as droughts is generally expressed by low growth rates 737 

that do not surpass a critical threshold for net growth (Camarero et al., 2015a, 2015b). 738 

Finally, we note that the results for tree growth projections are sensitive to 739 

representative concentration pathway (RCP), and are only as predictive as these 740 



scenarios realistically span the actual evolution of radiative forcing that occurs in the 741 

future (Collins et al 2014).   742 

5. Conclusions 743 

We found that stem radial growth in our study region was mainly affected by soil 744 

moisture availability. The divergent radial growth trends in the two sub-regions were 745 

mainly influenced by different precipitation trends since 1960. In addition, increasing 746 

temperature could also contribute to the increasing radial growth in the western 747 

sub-region, where improving moisture conditions could compensate to some extent 748 

for increased evapotranspiration under these conditions. Our use of a process-based 749 

growth model let us define the vulnerability of stem radial growth to drought by 750 

quantifying the relative contributions of soil moisture and temperature in the two 751 

sub-regions. Tree-ring growth in the eastern sub-region appears to be more vulnerable 752 

to drought than in the western sub-region. The two higher emission scenarios (RCP 753 

4.5 and 8.5), which correspond to the most pronounced warming, show a predicted 754 

slight growth increase in both sub-regions in the 21st century due to rising 755 

temperatures at the beginning and end of the growing season.  756 

In future research, it will be necessary to broaden the study area in the western 757 

sub-region and select more sampling sites, especially in the eastern sub-region, to 758 

validate the modeling results. In addition, since about half of the tree-ring 759 

chronologies in our study end on or before 2005 which might exclude some of the 760 

most important years of climate variability. In future, more tree-ring chronologies 761 



which cover most recent years should be collected to validate our results. Finally, 762 

studies based on more complicated tree ecophysiological models will be needed to 763 

obtain a more realistic picture of forest responses to climate change in the study 764 

region, and updated as the actual radiative forcing of climate proceeds. 765 
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Tables 1213 

Table 1 Values of Pearson’s correlation coefficient (r) for the relationships between 1214 

the observed standardized tree-ring width chronologies and the modeled tree-ring 1215 

series based on the Bayesian parameter estimation method. The locations of the 1216 

chronologies are shown in Figure 1. Significance: n.s. not significant, ** P<0.01, ***P 1217 

<0.001. 1218 

Western region  Eastern region 

Chronology  
Correlation 

coefficient (r) 

Degrees of 

freedom 

(df) 

 

Chronology  
Correlation 

coefficient (r) 

Degrees of 

freedom 

(df) 

QF 0.52*** 42  XLM 0.58*** 48 

JG 0.53*** 44  THM 0.49*** 51 

QKD 0.54*** 44  MHLH 0.56*** 36 

KGM 0.52*** 44  SYK 0.61*** 52 

SDLL 0.68*** 51  BS 0.62*** 52 

SDLH 0.65*** 51  NHL 0.59*** 38 

ZMSH 0.70*** 51  MHLL 0.62*** 36 

ZMSL 0.71*** 51  HSS 0.75*** 44 

DYKL 0.54*** 51  HSW 0.71*** 44 

DYKH 0.56*** 51  HSE 0.45** 44 

QYGH 0.51*** 51  BT 0.70*** 26 

QYGL 0.51*** 51  JGB 0.63*** 38 

DDSL 0.53*** 42  HHT 0.61*** 32 

DDSH 0.61*** 51  QL 0.43*** 46 

XDH 0.43*** 44  BYAB 0.67*** 52 

CLM 0.49*** 42  AES 0.48*** 52 

    MH 0.41** 52 

 1219 

 1220 

 1221 

 1222 

 1223 

 1224 

 1225 

 1226 

 1227 

 1228 



Figure captions 1229 

Figure 1 Map showing the locations of the study sites and moisture trends. Colors 1230 

show the linear rate of change of the annual mean CRU self-calibrated Palmer 1231 

Drought Severity Index (scPDSI) from 1960 to 2013 throughout the study region 1232 

(based on data downloaded from https://climexp.knmi.nl/). The red and green colors 1233 

indicate significant negative (drier) and positive (wetter) trends, respectively, based 1234 

on the 95% confidence interval.  1235 

Figure 2 Box plots for Pearson’s correlation coefficient (r) for the relationship 1236 

between the tree-ring width indices (TRWi) in the western and eastern sub-regions 1237 

and the climate variables (top panel) and the proportion of the sites in the time series 1238 

for which we detected a statistically significant (P < 0.05) correlation with the climate 1239 

variables (bottom panel) from May of the previous year (denoted -1 for all months in 1240 

the previous year) to October of the current year (denoted 0 for all months in the 1241 

current year), as well as for the period from April to June (AMJ) in the current 1242 

growing season and from the previous August to the current July (A(-1) – J(0)). (a) 1243 

TRWi vs. temperature (T), (b) TRWi vs. precipitation (P), (c) TRWi vs. the 1244 

self-calibrated Palmer drought severity index (scPDSI), (d) TRWi vs. soil moisture 1245 

(SM), and (e) TRWi vs. the vapor-pressure deficit (VPD). The horizontal dotted lines 1246 

in the upper panels indicate the 95% confidence interval. Box plots describe the 1247 

spread of data: median value (bold black horizonal line), upper and lower quartiles 1248 

(boxes), and the lower and upper extremes (whiskers), beyond which outliers are 1249 

https://climexp.knmi.nl/


plotted as dots.  1250 

Figure 3 Comparisons between modeled and actual values of the tree-ring width 1251 

index (normalized z values) for the (a) western and (b) eastern sub-regions of 1252 

semi-arid China and (right panels in both figures) the corresponding mean pattern 1253 

produced by the VS-Lite model for the simulated mean temperature (gT), soil moisture 1254 

(gM), and solar irradiation (gE) response functions and integrated relative growth rates 1255 

(Gr) from January to December (right panel). Comparisons of positive and negative 1256 

pointer years for the modeled mean gT (top panel) and gM (bottom panel) in the (c) 1257 

western and (d) eastern sub-regions. (e) Inter-annual variation of the calculated mean 1258 

contributions of soil moisture to the modeled tree-ring width indices, and (right panel) 1259 

the box plots and distribution of the contribution values in the western and eastern 1260 

sub-regions from 1960 to 2013. Shaded areas represent the mean ± 2SE. In (a), dashed 1261 

lines represent significant positive trends over time for the observed and modeled 1262 

TRWi values for the western sub-region (y = 0.018x - 26.23, P < 0.01 for mean 1263 

observed TRWi; y = 0.021x - 41.39, P < 0.001 for mean modeled TRWi) determined 1264 

by piecewise linear regression. In (e), we also detected a significant positive trend for 1265 

the inter-annual variation of the contribution of soil moisture to the modeled TRWi in 1266 

the eastern sub-region (y = 0.077x - 71.45, P = 0.01), which was determined by 1267 

piecewise linear regression. The black dotted lines in (c) and (d) represent the average 1268 

gT and gM over the full period (1960 to 2013). Box plots in (e) describe the spread of 1269 

data: median value (bold black horizonal line), upper and lower quartiles (boxes), and 1270 



the lower and upper extremes (whiskers), beyond which outliers are plotted as dots.  1271 

Figure 4 Comparison of the responses of the mean modeled tree-ring width indices 1272 

(TRWi) under different IPCC emission scenarios (RCP 2.6, 4.5, and 8.5) for the 1273 

projected period from 2014 to 2100 in the (a) western and (b) eastern sub-regions of 1274 

semi-arid of China, and (right panels) the corresponding mean pattern of the VS-Lite 1275 

simulated mean temperature (gT), soil moisture (gM), and solar irradiation (gE) 1276 

response functions and partial growth rates (Gr) from January to December. The 1277 

shaded areas represent the mean ± 2SE. We detected a significant positive trend in the 1278 

mean projected TRWi based on the VS-Lite model in the western region in two 1279 

scenarios (y = 0.007x - 15, P < 0.05 for RCP 4.5; y = 0.011x - 23.14, P < 0.01 for RCP 1280 

8.5), determined by piecewise linear regression (dotted green and red lines, 1281 

respectively). We also detected a significant positive trend in the mean projected 1282 

TRWi based on the VS-lite model in the eastern region in the same scenarios (y = 1283 

0.005x – 11.18, P < 0.05 for RCP 4.5; y = 0.01x - 20.54, P < 0.001 for RCP 8.5), 1284 

determined by piecewise linear regression (dotted green and red lines, respectively). 1285 
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