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Abstract

:

Global warming is causing some regions to experience frequent and severe drought, with important impacts on montane forest vegetation. In this study, the Qilian Mountains is on the northeastern margin of the Tibetan Plateau which was divided into three study areas, the eastern (HaXi), middle (XiShui) and western (QiFeng) parts. This work focused on interannual trend comparison of tree-ring width (TRW) and enhanced vegetation index (EVI), their relationship characterization from 2000 to 2020, and spatial and temporal pattern portrayal of response to climate factors. The results showed that: (1) the overall interannual variation of TRW and EVI showed a stable increasing trend, and the trend of TRW and EVI gradually became consistent with the increase in drought stress (from the eastern region to the western region and from high elevation to low elevation) (p < 0.01); (2) a significant positive relation was observed between TRW and EVI at the same sampling sites, and the synchrony of the positive correlation gradually increased with the increase of drought stress (p < 0.01); and (3) compared to TRW, EVI is significantly more sensitive with climatic variations, and the dominant climate factors affecting both TRW and EVI dynamics are gradually identical with the increase of drought stress.
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1. Introduction


The Intergovernmental panel on climate change (IPCC )Sixth Assessment Report [1] highlighted that even if global warming levels stabilize at 1.5 °C to 2.0 °C, some regions will still experience more frequent and severe ecological drought [2]. As global temperature increases, forest cover, carbon and nitrogen cycles, and ecosystem boundaries in the Mediterranean basin and arid and semi-arid regions of Asia are strongly affected. Climate change can directly affect tree growth, phenology, and resource allocation. Thus, it has important impacts on forest production, forest community structure, carbon stocks and species composition [3,4]. Both tree-ring width (TRW) and satellite remote sensing monitoring data indicate that global warming is already causing significant changes in xylem growth and aboveground primary productivity in many boreal and tundra ecosystems, and has already led to more frequent and widespread events that may cause significant negative influences on forest productivity as well as tree growth, and will lead to forest dieback and tree mortality [5,6,7,8,9,10]. However, in some places, it has been observed that warming has accelerated the rate of tree growth and increased forest biomass. [11,12,13]. Therefore, it is uncertain whether the climate change will have a huge impact on forest ecosystems; it is important to study the linkages between forest productivity and tree growth and how forest productivity and tree growth respond to climate change.



Both TRW and vegetation index are widely used in forest management and ecological research. TRW can determine the amount of wood formed by stems, which is closely related to biomass increase and carbon sequestration capacity, and TRW is also an important indicator of climate change [14,15]. Vegetation index, which is acquired through satellite remote sensing platforms, is an indicator of vegetation condition obtained by using differences in vegetation absorption and reflection spectra at different wavelengths and can be used to characterize changes in tree primary productivity across spatial scales as well as to assess variations in interannual tree growth and carbon stock. Most previous studies have analyzed the link between TRW and vegetation indices, but obtained different results. A global-scale study of the relationship between vegetation index and tree growth, categorizing different forest types and regional climates into eight patterns, found that TRW and vegetation index were closely coupled on an annual scale and that there was an overall positive correlation between them [16]. Another study in the Sierra Nevada showed a significant relationship between vegetation index and TRW with a five-month lag, and within each individual site, the interannual correspondence between gross primary productivity with a legacy effect and tree growth was stronger [17]. Studies in northwestern Russia, Siberia and other regions indicate that vegetation index is affiliated with TRW [18,19,20,21]. However, studies in North America, subarctic mountains, and high altitudes in Russia and Canada have demonstrated that there is no relationship between vegetation index and TRW [22,23,24]. Both TRW and vegetation index can characterize tree growth, and some studies have shown that TRW and the vegetation index respond to climate change in a consistent manner [25,26]. However, a study which used the Vaganov–Shashkin Lite model to derive xylem phenology showed that the dominant climate factors for TRW and vegetation index are consistent in North America and temperate grassland regions [27], but they are inconsistent in the Mediterranean and central Europe. There are no clear results on the association among vegetation index, TRW and climate factors. Combining TRW with accurate enhanced vegetation index (EVI) data can provide a united assessment of leaf and stem growth, which could help solve the problem of forest productivity.



Northwest China, as an important treasure trove of forest resources, has forest ecosystems that are very sensitive to climate change response. The Qilian Mountains are located at the northeastern edge of the Tibetan Plateau in the arid and semi-arid transition zone of northwestern China. As an important mountain range in northwestern China, glacier melting, climate change and vegetation variations will significantly influence the oasis for farming in China’s ‘Belt and Road’ region. Qinghai spruce (Picea crassifolia Kom.) is a dominant tree species in the Qilian Mountains that occupies about 20.5% of the forest area and plays a considerable role in regulating climate, containing water, and combating desertification [28]; it is an important ecological security barrier in western China. Currently, a majority of studies have used TRW for climate reconstruction and changes in TRW and vegetation index under climate change conditions in the Qilian Mountains, while the coupling between EVI and TRW as well as comparative study of their sensitivity to climate are still limited. Our study fills the lack of exploring the interconnection among EVI, TRW and climate change and their spatial and temporal patterns on the northeastern edge of the Tibetan Plateau. Drought stress in the Qilian Mountains has been gradually decreasing during the last two decades [29]; thus, a more in-depth study of the connection between forest productivity and radial growth of trees in the Qilian Mountains and their linkage to climate change is crucial for ecological conservation in the region, as well as for the sustainable use of forest resources in northwest China.



In this study, based on the context of global warming, we combined annual tree-ring data collected from the eastern, central, and western Qilian Mountains with remote sensing data to investigate the link between EVI, tree radial growth, and climate change. Our goals were: (1) to compare and analyze trends in changes in TRW and EVI and their spatial and temporal patterns in the Qilian Mountains; (2) to quantify the relationship between TRW and EVI and their spatial and temporal patterns in the Qilian Mountains; and (3) to analyze the consistency of factors which affect the activity of tree radial growth and vegetation canopy.




2. Data and Methods


2.1. Study Sites


The Qilian Mountains are located on the northeastern edge of the Tibetan Plateau (Figure 1), with a length of about 800 km and a width of about 200–400 km and are distributed in a northwest–southeast trending belt. The highest elevation of the Qilian Mountains is 5808 m and they rise gradually from southeast to northwest. The climate of the study area is temperate continental. As one of the dominant species in the study area, Qinghai spruce is a hardy and shade-tolerant species with high canopy closure and few understory shrubs, usually growing on shady and semi-shady slopes at elevations of 2500–3400 m a.s.l [30].



We selected two different elevations as sampling sites in the eastern, middle, and western regions of the Qilian Mountains, and named them as eastern high elevation (EH), eastern low elevation (EL), middle high elevation (MH), middle low elevation (ML), western high elevation (WH), and western low elevation (WL), sequentially (Figure 1).



According to meteorological data, the monthly maximum values of both precipitation and temperature factors were concentrated from May to September, which is also the growing season of Qinghai spruce (Figure 2).



The total annual precipitation in the eastern region of the Qilian Mountains was 292 mm. In the central region, the total annual precipitation was 189 mm and in the western region, the total annual precipitation was 106 mm (Figure 3).



Combined with relevant studies and meteorological data, the eastern region of the Qilian Mountains has the most moisture and the environment of the Qilian Mountains becomes increasingly arid from east to west [31,32].




2.2. Tree-Ring Data


We selected an area with little anthropogenic disturbance in the Qilian Mountains to conduct sampling of Qinghai spruce in 2021. The elevations of these sampling plots ranged from 2574 m a.s.l to 3305 m a.s.l (Table 1).



To obtain more accurate and valid TRW data in cross-dating, we selected 25 healthy trees undisturbed by fire, disease, and pests and without significant physical damage as samples at each sampling plot. We used a 5.15 mm increment borer to extract two sample cores from each tree at a DBH of 1.3 m along the mountain in different directions. Finally, 150 trees of Qinghai spruce were sampled, with a total of 300 tree-ring cores.



All collected samples were brought back to the laboratory, and later the tree-ring cores were polished with different sizes of sandpaper until the rings were clearly visible, after which the cores were initially cross-dated under a microscope to determine the widths of the tree rings, missing rings and false rings, so that the years of the two cores from each tree corresponded accurately. LINTAB6 and COFECHA with an accuracy of 0.001 mm were used to measure the tree-ring width and cross-date the sample cores in sequence [33].



When building the chronology, the ARSTAN program was used to remove the trees’ own growth trends and calculate the chronology of the tree rings. The chronology with the trends removed can excise the influence of non-climatic factors on radial growth and make the chronology more reliable [34]. Ultimately, we obtained six standardized chronologies of Qinghai spruce tree-ring width and counted the characteristic parameters of the chronology (Table 2). MS is a statistic that measures year-to-year changes in tree-ring width. The SD reflects the interannual variability of each chronology. AC1 represents the effect of the previous year’s climate on the current year’s growth. PC1 indicates the percentage of variance explained by the first component in a principal component analysis. R reflects the common signal strength among chronologies. SNR and EPS represent the intensity of the common climate information between chronologies, and a chronology was used for dendroclimatological analysis with EPS > 0.85 (Table 2).




2.3. EVI Data


The EVI data for this study were obtained from the MOD13A2 product issued by NASA (“https://www.nasa.gov/” (accessed on 5 December 2021)), 16-day synthetic data with a spatial resolution of 1 km and projection of Albers conical equal-area. All study areas were pre-processed using the quality flags supplied by MODIS vegetation index products. Based on these quality flags, all images with clouds, cloud shadows, water, snow, ice and high levels of aerosols were eliminated from the pixels. Then we used MRT software to batch stitch and crop, extract the specified band, and output the raster image. Ultimately, in order to further eliminate the interference of clouds, atmosphere, and solar altitude angle, the annual maximum EVI time series from 2000 to 2020 were then calculated using the international maximum value composites (MVC) method.




2.4. Meteorological Data


This work used several climatic data to investigate the relationship between climate, tree growth and vegetation canopy activity. In this study, meteorological data came from the Royal Netherlands Meteorological Institute (“http://climexp.knmi.nl/” (accessed on 13 December 2021)). Meteorological data were extracted from the CRUTS4.04 climate data grid from 1960 to 2020 with a spatial resolution of 0.5° × 0.5°. The grid data are spatially continuous average data obtained by a spatial interpolation technique using discrete meteorological station data, and the grid data have a certain spatial representativeness. Moreover, the meteorological stations belonging to the sampling sites are almost all in the city, which better reflects the meteorological changes of a city rather than the sampling sites. Therefore, the grid data are more representative of the actual situation of the sampling sites. The extracted climate data include monthly mean maximum temperature, monthly mean temperature, monthly mean minimum temperature, precipitation, and vapor pressure deficit (VPD). The standardized precipitation evapotranspiration index (SPEI) on a three-month time scale was used in this study, and the SPEI data were obtained from (“http://sac.csic.es/spei/database.html” (accessed on 9 May 2022)). There is a “Lag effect” in tree physiology, so we selected climatic factors from September of the previous year to October of the current year to correlate with TRW and EVI, respectively.




2.5. Statistical Analysis


2.5.1. Gleichläufigkeit (GLK) Index for the Six Chronologies


We calculated the GLK index for the six interannual chronologies to show inter-correlation between chronologies. From east to west, the GLK index between the two chronologies gradually increased (Table 3). The percentage of GLK represents the consistency of two chronological curves at a very high frequency, and a high GLK value represents similarity in growth patterns and factors limiting growth [35]. For a given year, table x, there exists an amount of variation between the adjacent two years  i  and   i + 1  . At this point, define   Δ i > 0  ,    G  i x   = 1 / 2  ; if   Δ i = 0  ,    G  i x   = 0  ; if   Δ i < 0  ,    G  i x   = − 1 / 2  . The GLK was calculated as:


  G L  K  x , y   =  1  n − 1     ∑   i = 1   n − 1    |   G  i x   +        G  i y    |  .  



(1)







If   50 +    (  1.654 × 50  )    √ n   < GLK < 50 +    (  2.236 × 50  )    √ n    , the correlation coefficients have significant change at 0.05 level; if   50 +    (  2.236 × 50  )    √ n   < GLK < 50 +    (  3.090 × 50  )    √ n    , the correlation coefficients have significant change at 0.01 level; if   GLK > 50 +    (  3.090 × 50  )    √ n    , the correlation coefficients have significant change at 0.001 level.  n  represents the number of samples in the two chronologies.




2.5.2. Theil–Sen Median and Mann–Kendall Test


Theil–Sen was used to analyze the trends of EVI from 2000 to 2020 on an image-by-image basis. The calculation equation is as follows [36,37]:


  S e e  n  s l o p e   = m e d i a n  (     x j  −  x i    j − i    )  ,           1 < i < j < n ,  



(2)




where   S e e  n  s l o p e     represents the value of Sen’ slop, and    x  i     and    x j    represent the value of the variable at  i  time and  j  time, respectively. When   S e e  n  s l o p e   > 0  , it indicates that the time series is on the rise, and when   S e e  n  s l o p e   < 0  , it indicates that the time series is on the decrease.



Similarly, the Mann–Kendall test has similar merits to the Theil–Sen slope in that it effectively avoids outlier interference and the results have high reliability. The Mann–Kendall trend test defines the statistic  S  to quantify the expression of the trend, which for a given time series of data is calculated as follows [38,39]:


  S =   ∑   i = 1   n − 1      ∑   j = i + 1  n   sgn  (   x j  −  x i   )  ,  



(3)




where    x i    and    x j    denote values in periods i and j of the time-series data, respectively, and   sgn   takes the values:


     sgn   (   x j  −  x i   )  =  {          1                          (   x j  −  x i  > 0  )        0                          (   x j  −  x i  = 0  )          − 1                    (   x j  −  x i  < 0  )        .  



(4)







When n > 8, the random sequence  S  approximately obeys the normal distribution, when   S > 0  , it indicates an upward trend, and when   S < 0  , it indicates a downward trend. The statistic value  Z  is then obtained by standardizing the sequence  S  to determine whether the upward or downward trend of the time-series data passes the significance level test, which is calculated by the following formula:


  Z =  {      S − 1 /   Var  ( s )           0      S + 1 /   Var  ( S )                 S    > 0          S    = 0          S    < 0     .  



(5)







Var(s) is calculated as:


      V a r  ( s )  =   n  (  n − 1  )   (  2 n + 5  )    18   .  



(6)







Then, the M–K test is performed for the trend (confidence level is set at 95%), if   T − s e n > 0   and p < 0.05, it is significantly increased; if   T − s e n > 0   and p > 0.05, it is not significantly increased; if   T − s e n < 0   and p < 0.05, it is significantly decreased; if   T − s e n < 0   and p > 0.05, it is not significantly decreased.




2.5.3. Climate Sensitivity Analysis


To explore the relationship between TRW and EVI, we calculated Pearson correlations between TRW and EVI in six regions of the Qilian Mountains from 2000 to 2020. In the Qilian Mountains, drought has been an unfavorable factor for tree growth. In order to determine the main control factors affecting TRW and EVI, we calculated the Pearson correlation between TRW and each climatic factor from 1960 to 2020 and from 2000 to 2020, as well as the Pearson correlation between EVI and each climatic factor from 2000 to 2020. Finally, redundancy analysis (RDA) was performed for TRW, EVI and climate factors for the whole Qilian Mountains region. If the arrows of species and environmental factors are in the same direction, and the angle between the two arrows is acute, then there is a positive correlation between species and environmental factors; if they is in the opposite direction and obtuse, then there is a negative correlation, while the larger the projection area in the direction of environmental factors, the stronger the correlation is.






3. Results


3.1. Comparison of Spatial and Temporal Patterns of Interannual Trends in Tree Radial Growth and EVI


During the 1960–1980 period, the trend in TRW showed an increasing trend in all study areas (R2 = 0.58–0.98) (Figure 4). During the 1980–2000 period, the trend in TRW in the MH, WH, EL, ML, WL areas showed a decreasing trend (R2 = 0.88–0.97), except for the EH area. During the 2000–2020 period, comparing the trends of TRW and EVI, we found that the TRW of the EH, MH, and WH areas showed an increasing trend at high elevation, especially the increase at WH, which was the most significant (R2 = 0.84–0.97). In the same period, EVI also showed a trend consistent with TRW at high altitude where the rising trend of EVI in the WH area was also significant (R2 = 0.74–0.95). At low elevation, we found that the changes in TRW and EVI were relatively stable in the EL and ML areas, but in the WL area, both TRW and EVI showed a significant increasing trend (R2 = 0.74–0.88). The consistency of TRW and EVI trends at high and low elevation was stronger in the western region than in the eastern and middle regions. The trends of TRW and EVI changes gradually converged with an increase in regional aridity.



During the past two decades, the spatial distribution of EVI trends in the study area indicate a general increase (Figure 5), which is consistent with the increase in tree growth recorded by tree rings. The EVI trend showed a growing trend, with 70.72% of the whole area showing a significant increase, and 29.27% showing a significant decrease.




3.2. The Relationship between TRW and EVI


There was a positive correlation between TRW and EVI in the Qilian Mountains, and the relationship between TRW and EVI tended to be consistent with the increase in regional aridity (Figure 6). Specifically, in the eastern region, there was a lag effect between TRW and EVI at both high and low elevation. In the EH region, TRW and EVI showed a significant positive correlation at a three-year lag (r = 0.47, p < 0.01). In the EL region, there was a significant positive correlation between TRW and EVI at a two-year lag (r = 0.50, p < 0.01). In the middle region, there was a lag effect between TRW and EVI at high altitude, while TRW and EVI at low altitude showed a significant positive correlation in the current year. In the MH region, TRW and EVI presented a significant positive correlation at a two-year lag (r = 0.67, p < 0.01). Nevertheless, in the ML region, TRW in the current year was significantly positively correlated with EVI (r = 0.45, p < 0.01). In the western region, TRW and EVI at both high and low elevation were significantly and positively correlated in the current year (r = 0.70–0.73, p < 0.01).




3.3. Response Analysis of TRW and EVI to Climate Factors


During the 2000–2020 period, the sensitivity of EVI to temperature factors decreased gradually with increasing regional drought, and the sensitivity to moisture factors increased gradually with increasing regional drought (Figure 7).



In the EH region, EVI was significantly and positively correlated with temperature in November of the previous year (r = 0.582, p < 0.01), there was a significant negative correlation with temperature in May (r = −0.442, p < 0.05), and there was a significant positive correlation with PRE from December of the previous year to May of the current year (r = 0.489–0.515, p < 0.05), but no significant correlation with SPEI. In the EL region, EVI was positively correlated with PRE from May to June of the current year (r = 0.494–0.622, p < 0.05) and it was also positively correlated with SPEI in May (r = 0.455, p < 0.05) and July of the current year (r = 0.693, p < 0.01). In the MH region, EVI was negatively correlated with temperature in June of the current year (r = −0.605, p < 0.01) and was correlated positively with PRE in April of current year (r = 0.516, p < 0.05). In the ML region EVI had a significantly negative correlation with temperature in July of the current year (r = −0.477, p < 0.05) and had a significantly positive correlation with SPEI from July to October of the current year (r = 0.493–0.563, p < 0.05). In the WH region, there was a significant positive correlation between EVI and temperature in April of the current year (r = 0.613, p < 0.01) and EVI was positively correlated with PRE in May of the current year (r = 601, p < 0.01) and was positively correlated with SPEI in June of the current year (r = 0.446, p < 0.05). In the WL region, EVI had a significant positive correlation with PRE in May of the current year (r = 0.463, p < 0.05) and there was also a significant positive correlation between EVI and SPEI in June of the current year (r = 0.457, p < 0.05).



Compared with the correlations between EVI and climate factors, we found that TRW are less sensitive to climate than EVI (Figure 8). There was no significant correlation between TRW and temperature in the EL, MH, and ML regions. In the EH region, TRW had a significant negative correlation with TMN in April of the current year (r = 0.413, p < 0.05). During the growing season, there was no significant correlation between TRW and PRE in the EH region, while in the EL region, TRW was positively correlated with PRE in July of the current year (r = 0.514, p < 0.05). In the ML region, TRW was correlated positively with PRE in May of current year (r = 0.602, p < 0.01) as well as with SPEI in June to October of current year (r = 0.502~0.626, p < 0.05). In the WH region, TRW had a significant positive correlation with PRE in May of the current year (r = 0.444, p < 0.05). In the WL region, TRW was correlated positively with PRE in May of the current year (r = 0.639, p < 0.01) and with SPEI from May to June of the current year (r = 0.461–0.482, p < 0.05).



The sensitivity of TRW to climate was weaker for short time series; in order to find the main control factors affecting TRW, we further analyzed the sensitivity of TRW to climate for a long time series from 1960 to 2020 (Figure 9).



The sensitivity of TRW to moisture factors gradually increased with the increase in regional drought from 1960 to 2020. In the EH region, TRW was negatively correlated with temperature in June of the current year (r = −0.352, p < 0.01) but positively correlated with SPEI in May of the current year (r = 0.276, p < 0.05). In the EL region, TRW was negatively correlated with temperature from June to July of the current year (r = −0.362–−0.274, p < 0.05), while it was positively correlated with SPEI from May to August of the current year (r = 0.263–0.304, p < 0.05). In the MH region, TRW had a significant negative correlation with temperature in June of the current year (r = −0.241, p < 0.01). In the ML region, there was a significant negative correlation between TRW and temperature from June to July of the current year (r = −0.374–−0.237, p < 0.05), while TRW was positively correlated with PRE in June of the current year (r = 0.342, p < 0.01) and with SPEI from June to September of the current year (r = 0.267–0.387, p < 0.05). In the WH region, TRW was positively correlated with PRE in June of the current year (r = 0.243, p < 0.05), and it also positively correlated with SPEI from September to November of the previous year as well as from June to October of the current year (r = 0.262–0.386, p < 0.01). In the WL region, TRW was negatively correlated with temperature in June of the current year (r = −0.408, p < 0.05), while it was positively correlated with PRE from May to June of the current year (r = 0.302–0.404, p < 0.01), with SPEI from September to November of the previous year as well as from May to October of the current year (r = 0.332–0.605, p < 0.01).



Finally, we investigated the relationship between TRW, EVI and climate factors in the whole Qilian Mountain region by redundancy analysis (RDA) (Figure 10). SPEI was the driving factor affecting both TRW and EVI in the low elevation regions. The contribution of SPEI to TRW at low elevation was 10.9%, the contribution of TMAX to TRW at high elevation was 73.2%, the contribution of SPEI to EVI at low elevation was 74.2% and the contribution of VPD to EVI was 11.7%. Therefore, we assumed that the greater the drought intensity, the more consistent the driving factors affecting TRW and EVI were. Compared to low elevation, tree growth at high elevation in the Qilian Mountains is influenced by many factors; temperature is one of the factors affecting tree growth at high elevation in the Qilian Mountains.





4. Discussion


4.1. Spatial and Temporal Patterns of Interannual Variation of TRW and EVI


Our study found an overall increasing trend in TRW in the Qilian Mountains over the past 60 years. However, there was a decreasing trend in TRW from 1980 to 2000 (Figure 4). This is consistent with previous studies in the Qilian Mountains [29]. Both EVI and TRW showed an overall increasing trend in the last 20 years, and the trends in TRW and EVI gradually coincided with the increase in regional drought degree; significant global warming has occurred since the 1990s, and this warming trend is still increasing and forecast to be further enhanced in the coming decades [40]. From 1960 to 1980, the climate in the Qilian Mountains warmed slowly and the increase in precipitation led to a wet trend during this period, thus promoting tree growth throughout the region. During the period 1980–2000, temperature increased throughout the Qilian Mountains, precipitation increased steadily in the east, and decreased in the middle and western areas. At high elevations in the Qilian Mountains where low temperatures limit tree growth, warming will promote photosynthesis and carbon accumulation, which will have a positive effect on tree growth if the tree habitat is moist enough [41]. Therefore, in the more humid regions of the Qilian Mountains, raised temperatures instead promoted tree growth. While a tree habitat is under water stress, an increase in temperature aggravates drought stress, causing evaporation of soil water, root water shortage, and excessive water loss in trees leading to closed or partially closed stomata, which also reduces the photosynthetic efficiency of trees. At the same time, the leaf and root respiratory intensity will consume more and more limited organic compounds accumulated during photosynthesis [42,43]. These all can affect the physiological activity of the tree. In the Qilian Mountains, where water stress is more severe, elevated temperatures and reduced precipitation have aggravated drought stress in these regions [44], so that they have limited the growth of trees. The decreasing trend of TRW gradually worsened as the regional drought intensity increased.



The IPCC report [1] has shown that there has been a global warming hiatus since 2000. In the study of radial growth change in trees, it showed that warming halted and a relative wetting trend may have had a significant impact on tree and forest growth in the Northern Hemisphere [28]. Our results found that the alleviation of drought stress greatly promoted the growth of western Qinghai spruce from 2000 to the present. The TRW and EVI both showed increasing trends in the Qilian Mountains. There are two reasons for the increase in EVI and TRW in the Qilian Mountains region from 2000 to 2020: (i) the decrease in warming and the trend in EVI from 2000 to the present confirmed the wet conditions reflected by the increase in precipitation. This has alleviated drought stress to some extent, and has promoted tree growth as well as an increased the greening trend; (ii) the extension of the growing season. An extended growing season will accelerate tree growth, especially for forests at high elevation and high latitude [12,45]. A study in the Qilian Mountains [46], which applied the Vaganov–Shashkin (VS)-oscilloscope model to analyze tree phenology of Qinghai spruce from 1960 to 2016, found that radial growth of Qinghai spruce showed a trend of an earlier start of the growing season and later end of growing season. With the elevated temperature and increased precipitation, tree growth time increased, which led to an increase in radial growth and EVI. By comparing the trends of TRW and EVI, the tendency of EVI to rise is stronger than that of TRW, and we predict that if global temperature continues to rise and wetness decreases, the growth of Qilian Mountain Qinghai spruce trees and forest canopy will show a decreasing trend in the future, and the EVI will decrease to a greater degree, with both of them being exposed to an increased degree of drought stress. Consequently, there is a great need to continue to monitor the dynamics of forests, especially in areas that are more severely affected by drought stress; these efforts should be strengthened to monitor EVI. In order to better protect and manage forests, the focus should be on changes in regional climate and tree phenology and utilizing tree physiological models to study the response relationships between regional climate changes and trees and forests.




4.2. Spatial and Temporal Patterns of TRW and EVI Relationships


There is a close relationship between net primary production and forest growth [47,48,49]; it has also been shown that satellite vegetation indices can be used as proxies for forest health and biomass [50] and there is a high correlation between normalized difference vegetation (NDVI) and EVI. Our study found a significant positive correlation between TRW and EVI (p < 0.05), and the consistency and synchrony of the positive correlation gradually increased with increasing drought stress, but the positive correlation had a lag effect. This is consistent with previous studies that explored the correlation between TRW and vegetation indices [16,21,51,52,53]. In Spain, a recent study on the relationship between TRW and NDVI suggested a general positive correlation between interannual variation in NDVI and TRW, with the relationship varying greatly between forest types and environmental conditions, and the drier the region, the stronger the relationship between vegetation index and TRW [54]. In Cyprus, a study showed elevational differences in the relationship between TRW and NDVI, and that tree rings and vegetation index may not be as strongly linked at higher elevations. However, TRW in low elevation arid regions is closely related to NDVI [55]. All these studies have shown that TRW is poorly correlated with vegetation index in wet areas, while drought stress strengthens the consistency of the TRW and vegetation index relationships in moisture-limited areas.



It has been suggested that increases in biomass and long-term stored carbon do not depend on the photosynthetic rate, but on how the trunk and branches, as well as the below-ground components grow and form wood. This makes the storage of long-lived biomass in the woody fraction of trees physically and temporally separate from the leaf-carbon gain quantified by satellite vegetation indices [56]. Meantime carbon will be used first for primary growth in order to form new shoots, buds, leaves and roots [57] at the same time as xylogenesis from the expansion to the lignification of wood cells, where there is a time lag in the wood formation process [58]. This suggests that there is a correlation between TRW and EVI, and there is a lag in the correlation between both. The reasons for the differences in spatial and temporal patterns of the positive correlation between TRW and EVI include two aspects. In terms of climate change analysis, there was a study showing that different forest types, regional climatic and environmental conditions produce different patterns in the relationship between TRW and vegetation index [16]. This suggests that differences in regional climatic and environmental conditions can lead to significant differences in the relationship between TRW and EVI. In eastern and high elevation areas where there could be more water from rain and snow melt, the water limitation would less than that in low elevation areas, so the correlation between TRW and vegetation index would not be as strong as in eastern and high elevation areas. However, both vegetation index and TRW were limited by drought in arid and low elevation areas, and drought stress enhanced the synchronization of TRW with vegetation index [59]. Analyzing from a tree physiology perspective, it has been suggested that tree activity will affect TRW in the following growing season in low moisture-limited areas [60]. The lag effect from the previous year may affect tree growth in the following years [61,62]. In addition, trees synthesize and store excess carbohydrates, and trees use the stored carbon primarily for cell-wall thickening processes or in non-structural carbohydrate reserves above and below ground as a support for the next year’s tree growth [63]. The significant positive correlation between TRW and EVI at a lag of 2–3 years in the humid Qilian Mountains also validates the expectation of a study that carbon stocks which formed several years ago may have an impact on tree growth [64]. In the driest regions, xylem production is limited to one season [65] and its production will be limited by soil-water availability and photoperiod. These characteristics will probably limit the linkage between tree growth and photosynthesis more during the short-term period when water is available [16]; this explains why there was a significant positive correlation between EVI and TRW in the current year in the Qilian Mountains, which are severely stressed by drought.




4.3. Spatial and Temporal Differences in the Sensitivity of TRW and EVI to Climate Change


In our study, by comparing the sensitivity of EVI and TRW to climate factors from 2000 to 2020, we found that the sensitivity of EVI to climate factors was stronger than that of TRW, and the growth trend of EVI in the Qilian Mountains was more variable than that of TRW; in addition, the correlation between EVI and climate factors from 2000 to 2020 was significantly stronger than that for TRW. One reason is that remote sensing can directly reflect plant-growth information, while TRW is a reflection of vegetation-growth conditions and their environmental change processes over longer time scales [66]. Another reason is that in arid regions, leaf stomatal regulation is the first line to defend plants against water stress [67]. The Qilian Mountains are located in the northwestern arid zone, and when water stress intensifies with increasing temperature, plants close leaf stomata through feedback regulation, reducing transpiration rates, which is a drought avoidance mechanism for plants.



The sensitivity of EVI and TRW to climate gradually strengthened with the increase in regional aridity. A study in semi-arid forests of inner Asia has shown that trees in dry regions are more sensitive to climate than those in wet regions [68]. Our study found that the magnitude of the trend variation of TRW and EVI was enhanced with the increase in regional aridity, while the correlation between EVI, TRW and climate factors reached a significant number gradually increasing with the increase in regional aridity. This all represents a greater sensitivity to climate for trees in dry areas of the Midwest and lower elevations than for trees in eastern regions and higher elevations, which is consistent with previous findings [68,69]. This is because organisms have different mechanisms and strategies for adapting to environmental changes in different environments. In regions with severe drought stress, hydraulic failure and reduction in carbon acquisition, thus reducing tree resistance, leads to increased susceptibility to drought in the Midwest, so that the decline in tree growth trends is greater and climate factors are more limiting at lower elevation in the Midwest than in the East. Trees from arid areas are less resistant, but recover faster than trees from wet areas [70], and are more sensitive to water availability than trees from wet areas; thus, as drought stress in the Qilian Mountains diminished over the last two decades, the greatest increase in tree growth trends occurred at lower elevation in the western region.



Droughts caused by global warming over the past two decades have led to the decline and death of trees in areas such as inland Asia and western Canada [68,71,72,73,74]. Studies in areas such as high elevations of western North America and central Europe have shown that warming extends the growing season, accelerates tree growth and increases forest biomass in these areas [11,12,13,75,76]. Meanwhile, research has shown that global warming increases vegetation greenness and Arctic biomes in the boreal region while decreasing vegetation greenness in the tropics [77]. In the Qilian Mountains region, research has shown a significant increase in vegetation index in most of the study area since the 2010s [29]. According to our study, we concluded that the coupling relationship between EVI and TRW and the response to climate change tended to be consistent in dry areas, with both TRW and EVI serving as good proxies for the response of forests to climate change. However, in wetter areas, EVI is more sensitive to climate change. Therefore, in future forest management and protection efforts, the dynamics of TRW and EVI should be monitored simultaneously for dry areas, while the dynamics of EVI should be the focus of monitoring for wetter areas. In parallel, for sudden droughts and natural disasters, we should give priority to monitoring changes in EVI. Moreover, for studying the response of tree growth to climate change at long time scales, we should strengthen monitoring of the dynamics of TRW.





5. Conclusions


In this study, we combined tree-ring data with remote sensing data to compare the interannual trends of TRW and EVI, and analyzed the characteristics of the relationship between TRW and EVI from 2000 to 2020, as well as the spatial and temporal differences in their responses to climate factors. The spatial and temporal patterns of interannual variation of TRW and EVI over the last two decades indicate that the current climate change is favorable for growth of vegetation in the Qilian Mountains, and the interannual variation of TRW and EVI tends to be consistent with the increase in regional aridity. Enhanced monitoring of tree growth and greening trends will facilitate more accurate predictions of future climate change in forest process-based climate models. The spatial and temporal patterns of TRW and EVI relationships indicate that the positive correlation between TRW and EVI is geographically patterned, and their coupling becomes stronger as regional aridity increases. In future forest management and conservation, both TRW and EVI should be monitored with emphasis on areas where drought stress is severe, while in areas where environmental conditions are suitable for forest growth, TRW and EVI should be monitored differently. The spatial and temporal differences in the sensitivity of TRW and EVI to climate change indicate that the correlation between TRW and temperature and humidity factors decreased from 2000 to the present, and drought stress in the Qilian Mountains has been alleviated. The main controlling climate factors which influence TRW and EVI changes from east to west and from high to low elevation gradually converge. In the future, forest management, such as management of tree water use and anthropogenic intervention, should be strengthened in western and low elevation areas. Meanwhile, in future research on forest management and conservation, the focus should be on formative layer phenology and wood formation at finer time scales, combining them with remote sensing data, as well as incorporating models which can predict climate change and models based on tree physiology; this would be helpful in formulating timely and effective forest management policies and predicting how forests will respond to future climate change.
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Figure 1. Study regions and distribution of sampling sites at different elevations. 
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Figure 2. Monthly variability of the mean minimum temperature (TMN), mean temperature (TMP), mean maximum temperature (TMAX) and total precipitation (PRE) from 1960 to 2020. 
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Figure 3. Interannual variability of the mean maximum temperature, mean temperature, mean minimum temperature, and total precipitation from 1960 to 2020 in three regions of the Qilian Mountains from east to west (s—slope; solid line with arrows—linear regression). 
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Figure 4. The trends of TRW from 1960 to 2020 and EVI from 2000 to 2020 (solid blue line—three-year sliding average, solid red line—linear regression). 
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Figure 5. Spatial distribution of EVI trend in the Qilian Mountains from 2000 to 2020. 
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Figure 6. Correlations between TRW and EVI at two elevations of western (a), central (b) and eastern (c) regions of the Qilian Mountains from 2000 to 2020. * p < 0.05. 
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Figure 7. Correlations between EVI and climate factors from September of the previous year to October of the current year in the Qilian Mountain regions from 2000 to 2020 (P—previous year; TMN—mean minimum temperature; TMP—mean temperature; TMAX—mean maximum temperature; SPEI—standardized precipitation evapotranspiration index; VPD—vapor pressure deficit; PRE—precipitation). ** p < 0.01; * p < 0.05. 
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Figure 8. Correlations between TRW and climate factors from September of the previous year to October of the current year in the Qilian Mountain regions from 2000 to 2020. ** p < 0.01; * p < 0.05. 
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Figure 9. Correlations between TRW and climate factors from September of the previous year to October of the current year in the Qilian Mountain regions from 1960 to 2020. ** p < 0.01; * p < 0.05. 
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Figure 10. (a) Redundancy analysis of TRW and each climate factor in the Qilian Mountains region from 1960 to 2020 and (b) redundancy analysis of EVI and each climate factor in the Qilian Mountains region from 2000 to 2020 (High—high elevation; Low—low elevation; TMN—mean minimum temperature; TMP—mean temperature; TMAX—mean maximum temperature; SPEI—standardized precipitation evapotranspiration index; VPD—vapor pressure deficit; PRE—precipitation). 
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Table 1. Information about the sampling sites of Qinghai spruce.
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Region

	
Western Region

	
Middle Region

	
Eastern Region






	
Site

	
WH

	
WL

	
MH

	
ML

	
EH

	
EL




	
Elevation (m a.s.l.)

	
3070

	
2650

	
3300

	
2585

	
3025

	
2574




	
Latitude (N)

	
39.55

	
39.54

	
38.32

	
38.35

	
37.40

	
37.41




	
Longitude (E)

	
98.08

	
98.09

	
100.18

	
100.19

	
102.54

	
102.56




	
Slope

	
35°

	
23°

	
30°

	
19°

	
41°

	
31°




	
CC (%)

	
32%

	
38%

	
40%

	
45%

	
50%

	
55%




	
TD (m)

	
4.60

	
5.20

	
6.00

	
7.20

	
5.30

	
6.80




	
DBH (cm)

	
31.00

	
38.00

	
40.00

	
31.10

	
32.20

	
32.20




	
TH (m)

	
11.00

	
13.00

	
20.30

	
16.30

	
18.00

	
16.50








CC—canopy coverage; TD—tree distance; DBH—diameter at breast height; TH—tree height.
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Table 2. Dendrochronological characteristics of chronologies for the Qinghai spruce.
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Region

	
Western Region

	
Middle Region

	
Eastern Region






	
Site

	
WH

	
WL

	
MH

	
ML

	
EH

	
EL




	
Core/tree

	
50/25

	
50/25

	
50/25

	
50/25

	
50/25

	
50/25




	
Time period

	
1934–2020

	
1947–2020

	
1951–2020

	
1937–2020

	
1951–2020

	
1937–2020




	
Mean age

	
74

	
65

	
52

	
66

	
52

	
70




	
MS (mean sensitivity)

	
0.179

	
0.330

	
0.224

	
0.307

	
0.108

	
0.222




	
SD (standard deviation)

	
0.243

	
0.293

	
0.220

	
0.326

	
0.146

	
0.244




	
AC1 (first-order serial autocorrelation)

	
0.610

	
0.174

	
0.637

	
0.479

	
0.146

	
0.439




	
R (mean correlation of all series)

	
0.442

	
0.579

	
0.258

	
0.671

	
0.312

	
0.416




	
R1 (mean correlation within-trees)

	
0.576

	
0.843

	
0.475

	
0.843

	
0.377

	




	
R2 (mean correlation between-trees)

	
0.438

	
0.594

	
0.253

	
0.660

	
0.215

	
0.402




	
PC1 (first principal component)

	
0.486

	
0.638

	
0.303

	
0.703

	
0.369

	
0.454




	
SNR (signal-to-noise ratio)

	
32.51

	
25.221

	
23.259

	
63.084

	
7.268

	
15.694




	
EPS (expressed population signal)

	
0.970

	
0.962

	
0.959

	
0.984

	
0.879

	
0.940
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Table 3. GLK between the six chronologies (1960–2020).
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	WH
	WL
	MH
	ML
	EH
	EL





	WH
	100%
	79.5% ***
	63.1% *
	58.1%
	55.7%
	50.8%



	WL
	
	100%
	54.0%
	67.2% **
	45.0%
	58.1%



	MH
	
	
	100%
	52.4%
	54.9%
	50.0%



	ML
	
	
	
	100%
	53.2%
	58.1%



	EH
	
	
	
	
	100%
	54.0%



	EL
	
	
	
	
	
	100%







*** p < 0.001; ** p < 0.01; * p < 0.05.
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