Running title: Temperature drives forest carbon density
[bookmark: _Hlk47376769]
[bookmark: _Hlk41636267]Carbon density in boreal forests responds non-linearly to temperature: an example from the Greater Khingan Mountains, northeast China

[bookmark: OLE_LINK56]Abstract: 
[bookmark: _Hlk47120858][bookmark: OLE_LINK54][bookmark: _Hlk47121243]Aim: Boreal forests play a crucial role in the global carbon (C) cycle and in mitigating climate change. Hence, it is important to estimate the amount of carbon storage in forest ecosystems accurately and to identify the main climatic drivers of change in these pools to better predict global C budgets.
Location: Greater Khingan Mountains, northeast China. 
Time period: 1999–2018. 
Major taxa: Trees. 
Methods: We used national forest inventory data and data collected from 149 field plots to estimate C storage and its change in forest vegetation (excluding C storage in soils), and to calculate the total C density of forest ecosystems. 
[bookmark: OLE_LINK62]Results: Vegetation C storage and density increased by 92.22 Tg and 4.30 Mg C ha-1, while the mean C sink was 4.61 Tg C yr-1 from 1999 to 2018. Carbon storage and density showed the same pattern and the largest was tree layer, followed by herb layer and then shrub layer, and finally by litterfall layer. Mean C density was the largest in mature forests and the smallest in young forests. The maximum C density was in Populus davidiana forests, which was 2.2 times larger than that in Betula davurica forests (minimum). The mean (± SE) total C density of forest ecosystems (including C storage in soils) was 111.3±2.9 Mg C ha−1. Mean annual temperature (MAT) exerted the strongest effect on total C density. Total C density increased with increasing MAT (5.7 Mg C ha−1/1°C) when MAT was less than −3.0°C, while it decreased with increasing MAT (7.4 Mg C ha−1/1°C) when MAT was more than −3.0°C. 
[bookmark: _Hlk47123672]Main conclusion: The temperature threshold of −3.0°C revealed that MAT controlled the C density of forest ecosystems in the Greater Khingan Mountains. Our results indicate that there may be a temperature-induced pervasive decrease in C storage and increase in tree mortality across Eastern Asia boreal forests with future climate warming.
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1. Introduction
[bookmark: OLE_LINK65]Forests are a major component of terrestrial ecosystems, storing around 45% of total terrestrial carbon (C) (Silva & Anand, 2013) and mitigating climate change. A sink of 861 Pg C is stored in the world’s forests (Pan et al., 2011), and the C storage in China’s forest ecosystems is 79.24 Pg C (Tang et al., 2018). Boreal forests, which account for around 30% of the total C storage in forest ecosystems (Dixon et al., 1994), exert strong controls over the global carbon cycle (Ma et al., 2012). They are also a safe haven for diverse biological communities sensitive to global climate change (Kauppi & Posch, 1985). However, the importance of boreal forests as a global carbon sink may decline in the face of increasing disturbance regimes (Bradshaw, Warkentin, & Sodhi, 2009). 
[bookmark: OLE_LINK1][bookmark: OLE_LINK69][bookmark: OLE_LINK70][bookmark: OLE_LINK71]The forests on the Greater Khingan Mountains form the southern boundary of the boreal forests in eastern Asia (Li et al., 2020), and therefore they will be among the first ones to be affected by climate change. The Greater Khingan Mountains are situated in northeast China (across the Inner Mongolia Autonomous Region and Heilongjiang province) in the unique cold temperate zone in the country. Predictions show that the dominant species, Dahurian larch (Larix gmelinii (Rupr.) Rupr.), will retreat northward (Bai et al., 2019) and new species more appropriate to temperate climate will replace L. gmelinii (Bu, He, Hu, Chang, & Larsen, 2008; Kirilenko & Sedjo, 2007). Recent climate change in this region may have significantly affected the C balance of Greater Khingan Mountains forests as a result of tree damage from more frequent stand-replacing wildfires (Z. Liu, Yang, Chang, Weisberg, & He, 2012), drought-induced tree mortality (Bai et al., 2019), reduction in tree growth (Zhang et al., 2018), and changes in forest species composition (Bonan, 2008). 
[bookmark: OLE_LINK43]The Greater Khingan Mountains account for approximately 10% of China’s forest area (DFPRC, 2014) and play a critical role in the national C budget. Thus, an accurate estimation of the C dynamics and C density of forest vegetation is vital to assess potential responses to climate change and to identify variations in C released from forests when forest ecosystems are disturbed or changed. Although previous studies on the spatial and temporal variations, and distribution patterns of C storage and density in forest ecosystems have been carried out at global (e.g., Dixon et al. (1994), Pan et al. (2011) and Guo, Peng, Trancoso, Zhu, and Zhou (2019)), national (e.g., Cannell and Milne (1995) and Tang et al. (2018)), regional (e.g., Holland and Brown (1999) and L. Chen et al. (2019)) and forest stand scales (e.g., Ray et al. (2011) and H. Liu et al. (2014)), few studies have estimated the C storage and density of forest ecosystems in the boreal forests of the Greater Khingan Mountains. Such knowledge gap is due to the Greater Khingan Mountains straddling the administrative regions of Inner Mongolia Autonomous Region and Heilongjiang province, and the difficulty to collect quality data. This situation is typical of the boreal forests in Northeast Asia.
[bookmark: OLE_LINK83][bookmark: OLE_LINK84][bookmark: OLE_LINK75][bookmark: OLE_LINK76]Forest ecosystems are affected by many biotic and abiotic factors such as by forest type, stand age, disturbance, climate, soil factors and elevation (Houghton, 2001; Zhu et al., 2010). There is also a strong relationship between carbon stocks and biodiversity in terrestrial ecosystems (Strassburg et al., 2010). Biodiversity can make ecosystems more resilient and more productive (Flombaum & Sala, 2008), which increases carbon sequestration. For example, Zhou et al. (2008) reported higher C densities in mixed coniferous and broadleaved forests than in pure forests of each kind. 
[bookmark: OLE_LINK82]Disturbance dynamics are particularly important in boreal zones, as they are mainly driven by natural processes such as fire, followed by insect outbreaks, and finally by human activities (mainly deforestation) due to the relatively sparse human population in boreal forests (Soja et al., 2007). Disturbances can lead to the emission of vast amounts of C into the atmosphere by altering the nutrient reserves of forest stands (Bhatti, Apps, & Jiang, 2002). Disturbances are also directly linked to stand age in boreal forests, as they are the main event to produce stand replacement. However, although forest C storage generally increases with stand age (Houghton, 2001; Pregitzer & Euskirchen, 2004), in boreal forests, ecosystem C tends to increase with age for stand ages younger than 120 years but then C decreases when the stand age is over 200 years (Pregitzer & Euskirchen, 2004). H. Y. H. Chen, Luo, Reich, Searle, and Biswas (2016) also found that stand age was an important control factor for forest C storage of boreal forests. These studies suggest that it is essential to separate age classes for an accurate estimate of forest C storage of boreal forests. 
[bookmark: OLE_LINK85]In addition, carbon storage in forest ecosystems is driven by interactions between the climate, soil factors such as moisture, temperature, nutrients and texture, and disturbance regimes. These factors control primary production and decomposition, which in turn affect C dynamics (Bhatti et al., 2002; Bonan & Cleve, 1992). The forest type, biodiversity, climate variables and soil factors all change with elevation, and C storage in forest ecosystems also varies substantially along an altitudinal gradient (Zhu et al., 2010). Climate change is a major driver of variations in forest carbon dynamics (Shugart, Sedjo, & Sohngen, 2003). Some studies report a positive association as the enhanced atmospheric CO2 concentrations, increased warmth, and extended growth seasons promote tree growth and increase C storage (Kirilenko & Sedjo, 2007; Sohngen & Sedjo, 2005). However, other studies show a negative association because the combination of climate warming and drought drives tree growth decline and tree mortality increase, and thus reduces forests C sink (H. Liu et al., 2013; Ma et al., 2012; Michaelian, Hogg, Hall, & Arsenault, 2011). Despite previous research, however, we still understand little about the effect of abiotic factors on C storage and density in boreal forest ecosystems compared to biotic factors. Moreover, numerous studies have only analysed the effects of a single factor, but few studies have analysed the relative contribution of multiple factors on current C dynamics. The underlying mechanisms influencing the amount and rate of C storage in the Greater Khingan Mountains and their surrounding boreal region remain unclear.
[bookmark: OLE_LINK86][bookmark: OLE_LINK87]Given the research gaps shown above, we hypothesize that in eastern Asia´s boreal forests: 1) forest age and species compositions are main structural drivers of C density; and 2) climate drivers affect C density, but their relationships are not linear. When testing these hypotheses, our aims were to: 1) estimate the C storage in forest vegetation for the whole Greater Khingan Mountains from 1999 to 2018; 2) explore whether, and how, climate, soil, biodiversity and elevation factors affected the C density of forest ecosystems; and 3) investigate the quantitative relationship between the strongest driver and total C density in forest ecosystems.

2. Methods 
2.1. Study area
[bookmark: OLE_LINK24][bookmark: _Hlk47274017]The Greater Khingan Mountains (46°26′–53°34′ N, 119°30′–127°10′ E), with a total area of 47.3×104 km2, are situated in northeast China and extend across the Inner Mongolia Autonomous Region and Heilongjiang province (Figure 1). The forests on the Greater Khingan Mountains form the southern boundary of the eastern Asia boreal forests and are dominated by L. gmelinii (Editorial Committee for Vegetation of China, 1980). Other coniferous tree species include Scots pine (Pinus sylvestris L. var. mongolica Litv.), Korean spruce (Picea koriensis Nakai) and Yezo spruce (Picea jezoensis var. microsperma). The main broad-leaved tree species include white birch (Betula platyphylla Suk.), aspen (Populus davidiana Dole) and Mongolian oak (Quercus mongolica) (Xu, 1998). The understorey and ground vegetation composition vary with edaphic and topographic conditions (C. Wang et al., 2001). The average annual temperature is approximately −3°C. Average monthly maximum and minimum temperatures are 18.2°C in July and −27.5°C in January, respectively. Annual precipitation ranges between 300 and 500 mm, the majority of which is concentrated in May to October. The elevation of the Greater Khingan Mountains ranges from 330 to 1,750 m a.s.l. Slopes in the region are moderate, with more than 80% being gentle slopes less than 15°. Snow cover lasts for 5 months and averages 300–500 mm and the frost-free period is less than 100 days. The depth of the permafrost varies from 5 to 40 m, with a maximum of 120 m. The soil type in the Greater Khingan Mountains is predominantly dark brown forest soil (Haplumbrept or Eutroboralf). Historically the forest resources in the Greater Khingan Mountains were rich. However, over the past 70 years, forests in this area have been severely damaged from wildfires and excessive deforestation (Hu et al., 2018). To improve degraded forests, the Natural Forest Protection project was initiated from 1998 and commercial harvesting was restricted from April 1st, 2015 in the study area.

[bookmark: OLE_LINK2]2.2. Data sources
[bookmark: OLE_LINK9][bookmark: OLE_LINK5]The data used in this study were from two sources: (1) national forest inventory data for the Greater Khingan Mountains for the periods 1999–2003, 2004–2008, 2009–2013, and 2014–2018, which provided the plot areas, age classes (young, half mature, near mature, mature and over mature), dominant tree species, 
[bookmark: OLE_LINK8][bookmark: _Hlk46004908][bookmark: _Hlk46004974][bookmark: _Hlk41036473][bookmark: OLE_LINK40][bookmark: _Hlk46092457][bookmark: OLE_LINK115][bookmark: OLE_LINK110][bookmark: OLE_LINK10][bookmark: OLE_LINK11][bookmark: OLE_LINK12]and the diameter at breast height (DBH, 1.3 m above the ground), total tree height (H) and tree species for all trees with DBH >5 cm. The individual tree volumes for any plot were estimated using the general volume table (see Supporting Information Table S1) (Q. Liu, Meng, Zhou, Zhou, & Li, 2017), then were summed and the result divided by the plot area to give stand volume (m3 ha-1). Classification criteria for the five different age classes of the dominant tree species in the plots followed the standard methodology applied in Chinese forest inventories (Supporting Information Table S2) (SFAPRC, 2011). The forest area and stand volume for different age classes for different forest types were derived from the sample plots. (2) We established 149 field plots with areas ranging from 0.1 to 1.05 ha from 2015 to 2018, using a systematic random sampling method distributed across Greater Khingan Mountains (a minimum of 132 field plots were required to understand the state of current forest resources in the Greater Khingan Mountains based on a stand volume sampling design required to achieve a 95% confidence interval, see Supporting Information Appendix S3 for a detailed determination of sample size calculation). The field plots were used to estimate C storage in shrub, herb and litterfall layers for the periods 1999–2003, 2004–2008, 2009–2013, and 2014–2018, where the national forest inventory data (data source 1 above) did not provide data on shrub, herb and litterfall layers (Figure 1). The 149 field plots were also used to evaluate the C density of forest ecosystems and forest vegetation by comparing them with the national forest inventory data from 1999 to 2018. Similar data to the national forest inventory were collected, including the area, latitude and longitude of plots and age, DBH, H and tree species for all trees with DBH >5 cm. In each field plot, aboveground and belowground biomass was measured in three quadrats along the diagonal of the field plot for shrubs (2 × 2 m) and herbs (1 × 1 m) using the harvest method. Additionally, the names and numbers of the species were recorded in each quadrat to characterize species diversity in the forest community. Litter biomass, which was collected separately for the upper L layer (intact and relatively undecomposed materials) and the lower F and H layers (fragmented or decomposed materials), was also measured by establishing three quadrats of 1 × 1 m in each field plot. 

[bookmark: _Hlk37024930][bookmark: _Hlk37024881]2.3. Estimation of C storage and its change in trees for forest types and age groups 
    C storage in trees varies with forest types and age groups (Pan, Luo, Birdsey, Hom, & Melillo, 2004). We estimated C based on a volume-to-biomass method that is widely used for estimating the C storage in trees (L. Chen et al., 2019; Fang, Chen, Peng, Zhao, & Ci, 2001). The formulas are shown in Eqs. (1) and (2):

       (1)

                 (2)

where  (Mg) is C storage in trees of the ith forest type (i = 1, 2, …, 9); Vij (m3/ha) is forest volume in trees of the jth age groups (j = 1, 2, 3, 4, 5) in the ith forest type; Aij (ha) is forest area of trees of the jth age groups in the ith forest type; a and b are parameters that are constants for an age group of a forest type and are shown in Table S3; 0.5 is the C concentration of tree layer (Fang et al., 2001); and CStree (Mg) is C storage in trees. Carbon density was estimated by:

        (3)
where CDtree (Mg/ha) is C density in trees, and the other variables are as defined above.

[bookmark: _Hlk37712892]2.4. Estimation of C storage in understory and litterfall layers for forest types and age groups
[bookmark: OLE_LINK16]To calculate the shrub layer C storage for different age groups and forest types, aboveground parts were cut and belowground roots were excavated for shrubs. Then, they were weighed separately in the field in 
[bookmark: OLE_LINK14][bookmark: OLE_LINK15]each quadrat (2 × 2 m) of the three quadrats along the diagonal of the field plot. All samples were dried at 85°C to constant weight. Around 30% of the dried sample in each quadrat was used to measure C concentration by the potassium dichromate (K2Cr2O7) oxidation method. We also calculated the C storage of herb and litterfall layers for different age groups and forest types used the same method as shrub layer above, although the quadrat area was 1 × 1 m for herb and litterfall layers. The formulas for estimating C storage and density in understory and litterfall layers are shown in Eqs. (4) to (7):

   (4)  

           (5)     

                 (6)  

           (7)  












where , , and (Mg C ha-1) is C density of shrub, herb and litterfall layers of the jth age groups in the ith forest type, which are constants for an age group of a forest type and are shown in the Supplementary Information Tables S4 to S6, respectively; ,, and (Mg/ha) is biomass density of shrub, herb and litterfall layers of the jth age groups in the ith forest type; ,  and  are C concentrations of shrub, herb and litterfall layers of the jth age groups in the ith forest type; ,  and  (Mg) is C storage in shrub, herb and litterfall layers of the ith forest type; Aij (ha) is forest area of the jth age groups in the ith forest type; CSshrub, CSherb, and CSlitterfall (Mg) is C storage in shrub, herb and litterfall layers, and CDshrub, CDherb, and CDlitterfall (Mg/ha) is C density in shrub, herb and litterfall layers.
    The total vegetation C storage was estimated as Eq. (8):

       (8)  
where CSveg (Mg) is C storage in forest vegetation, and the other variables are as defined above.

[bookmark: OLE_LINK58][bookmark: OLE_LINK59]2.5. Estimation of C density in soils and total C density  
[bookmark: OLE_LINK13][bookmark: _Hlk46610256]Soil data used in this analysis were taken from the International Soil Reference and Information Centre (ISRIC) database on world soil properties (WISE30sec) (https://www.isric.online/) estimated at 1 km spatial resolution (Batjes, 2015). Therefore, we calculated the surface soil (0–20 cm) organic C densities for different age classes for different forest types. Thus, it was not possible to calculate the soil organic C density for different deep soil horizons and age groups for each forest type. However, the upper soil layer contains most of the biologically active C (Crowther et al., 2016). Soil organic C density in the soil was calculated using Eq. (9):

                (9)  
where SOCD is the soil organic C density (Mg C ha-1) to 0–20 cm depth, ρ is the bulk density (g cm-3), C is the organic C content (g kg-1), D is the depth of soil layer (cm) (D is equal to 20 cm for this study), θ is the volume percentage of coarse fragments (vol. %, >2 mm). The values of soil variables ρ, C and θ above were extracted from the WISE30sec dataset using corresponding geographic coordinates.
    Total C density in forest ecosystems was estimated during the monitoring years using Eq. (10):

     (10)  
[bookmark: OLE_LINK17][bookmark: OLE_LINK18]where CDeco (Mg/ha) is C density in forest ecosystems, and the other variables are as defined above.

[bookmark: _Hlk49896526][bookmark: OLE_LINK21]2.6. Relationships between C density and environmental variables
[bookmark: _Hlk41027731][bookmark: _Hlk46088370][bookmark: _Hlk41036743]To analyse the relationships between forest C density and environmental factors, a boosted regression trees (BRT) model, which is a machine learning algorithm developed by Friedman, Hastie, and Tibshirani (2000), was performed with the gbm package (Greenwell, Boehmke, Cunningham, & GBM Developers, 2019) and its extensions designed by Elith, Leathwick, and Hastie (2008) in R v.4.0.0 (R Development Core Team, 2020). A detailed description of the advantages of this methodology can be found in the Supplementary Information Appendix S2.              
[bookmark: OLE_LINK33][bookmark: OLE_LINK28][bookmark: OLE_LINK34][bookmark: _Hlk41039927][bookmark: OLE_LINK31][bookmark: OLE_LINK32][bookmark: _Hlk41032166]    BRT models generally require three parameters to be set: the learning rate (a constant determining the contribution of each individual regression tree to the final BRT model), tree complexity (controlling the number of interactions in each individual regression tree), and bag fraction (the proportion of data to be randomly drawn at each iteration). A tenfold cross-validation was applied to determine the three model parameters (Hastie, Tibshirani, & Friedman, 2001). We used the BRT parameters recommended by Elith et al. (2008): error structure was set to Laplace, Gaussian or Poisson; learning rate was set to 0.005; bag fraction was set to 0.5 and tree complexity was tested from 1 to 4 because the actual level of interaction in the data was unknown. The relative influence of predictors was estimated to quantify the importance of predictor variables on the C density of forest ecosystems, which showed the contribution of each predictor variable to the model response after accounting for the average effects of all other predictor variables (Elith et al., 2008). Predictor variables with larger importance value (%) have a stronger effect on the response variable.

[bookmark: OLE_LINK3][bookmark: _Hlk41027647]    For our analyses, 14 ancillary variables were used in BRT model, including climate, soil, biodiversity and elevation characteristics (detailed list and data sources in Supplementary information Table S7). The Shannon–Wiener heterogeneity index (H') was calculated by to characterize the species diversity, where Pi = Ni/N is the proportion of the ith species in a quadrat, Ni is the ith species number in a quadrat, and N is the sum of all species in the same quadrat (Greig-Smith, 1983). 

3. Results     
[bookmark: _Hlk45557201]3.1 Change of C storage and C density in vegetation
[bookmark: OLE_LINK25][bookmark: OLE_LINK27][bookmark: OLE_LINK95][bookmark: OLE_LINK96]Vegetation total C storage gradually increased from 1999 to 2018, with a mean (±SD) C storage of 692.66±39.38 Tg and a mean (±SD) growth rate of 0.71% (Figure 2). The C storage in each layer also increased during the monitoring period, apart from the litterfall layer in 2004–2008. The mean (±SD) C storage in each layer followed the order: tree (607.13±37.22 Tg) > herb (41.53±2.03 Tg) > shrub (23.90±1.02 Tg) > litterfall (20.12±1.01 Tg), accounting for 87.65%, 5.99%, 3.45% and 2.90% of the vegetation total C storage, respectively. The vegetation C density rose from 44.54 Mg C ha-1 to 48.84 Mg C ha-1 and showed an increasing trend from 1999 to 2018, with a mean (±SD) C density of 46.65±1.86 Mg C ha-1. Of the four layers, the largest mean C density was stored in the tree layer (40.89±1.81 Mg C ha-1), while the smallest mean C density was stored in litterfall layer (1.36±0.08 Mg C ha-1), showing the same pattern for C density and C storage (Figure 2).

3.2 Change of C storage and density among age classes
[bookmark: _Hlk48574208]The area of young and half-mature forests accounted for more than 80.43% of the total forest area from 1999 to 2018. The area of near mature, mature, and over mature forests accounted for 9.28%, 8.72%, and 1.57% of the total forest area, respectively (Figure 3). C storage of young and half-mature forests gradually increased from 1999 to 2018, sequestering an average of 1.19 Tg C yr-1 and 6.11 Tg C yr-1, while the C storage of near mature, mature and over mature forests showed a declining pattern, creating a carbon source with an average of 0.63 Tg C yr-1, 1.58 Tg C yr-1 and 0.48 Tg C yr-1, respectively (Figure 3). Of the five age classes, the half-mature forests showed the maximum C storage (433.31±52.21 Tg C, mean ± SD). The over mature forests showed the minimum C storage (11.37±4.24 Tg C). The C density of each age class gradually increased from the period 1999–2003 to 2014–2018, except near mature. The C density of different age classes decreased in the order: mature forests (53.53±1.41 Mg C ha-1) > half-mature forests (52.69±0.63 Mg C ha-1) > near mature forests (51.32±0.77 Mg C ha-1) > over mature forests (49.41±2.39 Mg C ha-1) > young forests (29.29±3.98 Mg C ha-1). 

3.3 Change of C storage and density among forest types
[bookmark: OLE_LINK30]Larix gmelinii ((7.34±0.18)×106 ha) and B. platyphylla ((5.66±0.44)×106 ha) forests contributed approximately 49.48% and 38.13% of the total forest area ((14.84±0.25)×106 ha) from 1999 to 2018. These are the dominant coniferous and broad-leaved forests in the Greater Khingan Mountains, respectively (Figure 4). The C storage changed with forest types and had the largest variation, ranging from 1.45 Tg C to 366.57 Tg C, in the period 2014–2018. The average C storage of L. gmelinii (348.87±12.57 Tg C) was the largest, followed by B. platyphylla (257.71±26.25 Tg C). The average C storages in L. gmelinii and B. platyphylla accounted for 87.57% of the average total C storage (692.66±39.38 Tg C) in the Greater Khingan Mountains. The C storage of L. gmelinii and Chosenia arbutifolia decreased in the period of 2004–2008 and increased thereafter. The C storage of B. platyphylla, P. davidiana, Q. mongolica and other forest types increased gradually from 1999 to 2018. However, the C storage of P. sylvestris var. mongolica, B. davurica and P. suaveolens decreased gradually from 1999 to 2018. There were considerable differences in mean C density among the nine forest types. The C density of L. gmelinii, B. platyphylla, P. davidiana, and Q. mongolica increased gradually during the monitoring period. The C density of B. davurica, C. arbutifolia and other forest types decreased in the period 2004–2008 and then increased thereafter. The C density of P. sylvestris var. mongolica also decreased gradually from 1999 to 2013 and then slightly increased after 2014. The mean C density of P. davidiana forests (58.38±3.46 Mg C ha-1) was the largest of all forest types. The P. davidiana forest values were approximately 2.2 times the values of B. davurica forests (26.08±3.74 Mg C ha-1), which were the smallest (Figure 4).

[bookmark: _Hlk43055494][bookmark: _Hlk41417043]3.4 Effects of climate, soil, biodiversity and elevation variables on total C density of forest ecosystem
[bookmark: _Hlk40768792][bookmark: _Hlk41037348][bookmark: OLE_LINK35][bookmark: OLE_LINK60][bookmark: OLE_LINK36]    Table 1 shows the selected BRT model parameters and the results of the tenfold cross-validation. The optimal BRT model had a tree value of 3300, with a tree complexity (TC) value of 3 and Laplace distribution (Table 1). The set of independent variables together accounted for approximately 91.9% of variation in total C density of forest ecosystem. MAT was the strongest influence (43.4% contribution) on total C density of forest ecosystems, followed by elevation, precipitation of the warmest quarter and biodiversity with a relative contribution of more than 6.9%, and finally by soil pH with relative contribution of only 1.0%, indicating that it had little influence on total C density (Table 1). The relative contribution of MAT was much larger than that of other predictors under all TC values. The relative contribution of climate variables was much greater than that of soil variables (Table 1). In summary, the BRT model indicated that MAT exerted the strongest effect on total C density of forest ecosystems.
[bookmark: OLE_LINK45][bookmark: OLE_LINK46][bookmark: OLE_LINK50][bookmark: OLE_LINK47][bookmark: OLE_LINK48]   There was a significant relationship between total forest C density and MAT (R2 = 0.78, p< 0.001). Values ranged from 59.1 Mg C ha−1 at MAT of −4.8°C to 235.2 Mg C ha−1 at MAT of −2.3°C; the mean (± standard error) total C density was 111.3±2.9 Mg C ha−1. The total C density of forest ecosystems increased, reached a peak at MAT of −3.0°C, and then decreased with increasing MAT, following a quadratic function (Figure 5). When MAT was less than −3.0°C, a linear positive relationship existed between total C density of forest ecosystems and MAT in the Greater Khingan Mountains (R2 = 0.63, p< 0.05). In this case, when MAT increased by 1°C, the total C density of forest ecosystems increased by 5.7 Mg C ha−1. However, when MAT was more than −3.0°C, a linear negative relationship exists between total C density of forest ecosystems and MAT (R2 = 0.72, p< 0.05). Beyond the threshold, when MAT increased by 1°C, the total C density of forest ecosystem decreased by 7.4 Mg C ha−1. Therefore, total C density changed more rapidly with increasing temperature if MAT was < −3.0°C than if MAT was ≥ −3.0°C.

4. Discussion   
4.1 C storage and density in forest vegetation     
[bookmark: OLE_LINK91]  This study estimated the temporal changes in forest carbon pools and determined the main driver of total C density of forest ecosystems in the boreal forests of Greater Khingan Mountains. Our estimate of C storage in forest vegetation was 740.13 Tg C in 2018. Tang et al. (2018) reported that China’s forest vegetation C storage was 13.01 Pg C. Thus, C storage in the Greater Khingan Mountains accounted for approximately 5.7% of China’s C storage. C density in the tree layer in 2018 was lower for the Greater Khingan Mountains than the average value for all China’s forests (43.0 vs. 55.7 Mg C ha-1 (Tang et al., 2018)). Such difference may be 
[bookmark: OLE_LINK88]caused by the age structure of the Greater Khingan Mountains forests (largely young and half-mature), and with more human disturbance (Fang et al., 2001). In addition, differences could also be a consequence of previous research lacking direct inventory data, and using only China´s national-scale inventory, which gave an insufficient sample size. 
[bookmark: _Hlk47295091][bookmark: OLE_LINK90]Young and half-mature stands are a major component of these forests at the current time (80.43% of the total forest area). This is probably because this area underwent long-term and high-intensity deforestation before the introduction of the Grain for Green program and the Natural Forest Protection projects in 1998 (Duan, Man, Kurylyk, Cai, & Li, 2017; Lu et al., 2018), which have generated a majority of young forests. Additionally, wildfires are the major disturbance in boreal forests (Payette, 1992), which result in stands dominated by young age classes (Larsen, 1997). C storage in young and half-mature forests gradually increased during the monitoring period, mainly driven by their expansion in forest area. The young to mature forest stands ratio will increase with more frequent disturbance if nothing is done to reduce disturbances. This process is directly linked to forest densification already observed in other southern Eurasian boreal forests (Kharuk, Ranson, Im, & Vdovin, 2010). In addition, litter C storage decreased in the period 2004–2008 compared with previous years. This may be because the forests in this region have experienced frequent surface forest fires with short fire return intervals and other disturbances such as deforestation and land-use change (Cai, Yang, Liu, Hu, & Weisberg, 2013; Tao, Zhang, Yuan, Wang, & Zhang, 2013), which resulted in the loss of carbon in the litterfall layer. Furthermore, overgrazing can significantly reduce litter input and impede forest regeneration, as seen in Mongolian boreal forests (Tsogtbaatar, 2004). Russian boreal forests in the Far East region are facing similar challenges (Shvidenko, 2011). To enhance C storage from vegetation, the Chinese government completely stopped commercial logging in natural forests on April 1st, 2015, and it is also closing hillsides to facilitate afforestation and to establish higher litter and shrub cover in these mountains.  
[bookmark: OLE_LINK99]C density in young forests was the smallest of all forest types, while the largest was found in mature forests. This pattern, plus the large proportion of young forests, suggested that forests in this region would store more C in the future, and have a high potential capacity for C sequestration. Other things being equal, mature forests are characterized by low productivity and C sequestration capacity (Bhatti et al., 2002; Yu et al., 2011). Therefore, our analysis highlights that information on age class structure must be considered to obtain an accurate estimate of C storage at regional scales, particularly in southeastern Eurasian boreal forests. 
[bookmark: OLE_LINK4]The proportions of C storage of L. gmelinii and B. platyphylla stands in Greater Khingan Mountains accounted for around 87.57% of the total C storage of forest vegetation. Such high proportion of C storage by L. gmelinii and B. platyphylla, primarily driven by their high proportion of forest area, is not surprisingly as they are the dominant species in the Greater Khingan Mountains (Yang Liu, Yue, Wei, Blanco, & Trancoso, 2020). However, stands with dominant species were not necessarily the ones achieving the highest C density. Therefore, our results suggest that Populus davidiana and P. suaveolens (broadleaves), and P. sylvestris var. mongolica and L. gmelinii (conifers) could be preferred species for afforestation aiming to maximize C density, because they can store more C than other tree species (more than 47.52±1.91 Mg C ha-1). Hence, our first initial hypothesis on C density depending on structural forest features (age, composition) can be accepted.

4.2 Effects of climate, soil and biodiversity factors on total C density of forest ecosystems
[bookmark: OLE_LINK93][bookmark: OLE_LINK94][bookmark: OLE_LINK97][bookmark: OLE_LINK98]    Boreal forest C density is affected by climate, soil and plant species, which control the processes of primary production and decomposition (Bhatti et al., 2002). In our study, the 14 ancillary variables explained approximately 91.9% of variation in total C density of forest ecosystems. By partitioning the total variation, the unexplained 8.1% of variation in total C density was attributed to stochastic variability, which was divided between the monitoring period, sample plot, and within-sample plot components (Calama & Montero, 2005). Compared with the explanatory variables of climate and biodiversity, the soil variable had the least effect on explaining the variation in total C density, as the soil type in the Greater Khingan Mountains is mostly a dark brown forest soil (Yang Liu, Yue, et al., 2020), and its formation is closely associated with permafrost conditions (Baumann, He, Schmidt, Kühn, & Scholten, 2009; Xu, 1998). Boreal ecosystems have low temperatures and the presence of permafrost reduces soil drainage and creates a high moisture content in the seasonally thawed active layer (i.e. the gleying process of soil). In turn, available soil space is reduced and hinders the development of large microbial communities, reducing therefore nutrient circulation in decomposing organic matter and leading to much slower tree growth and C accumulation rates (Jarvis & Linder, 2000; Waelbroeck, 1993).  
[bookmark: OLE_LINK104][bookmark: OLE_LINK102][bookmark: OLE_LINK103]MAT was the most important environmental driver of total C density. This result is consistent with the findings by Guo et al. (2019), who concluded that MAT exerted the strongest effect on boreal forests. MAT also has direct effects on C pools of boreal forests by affecting stem taper (Yang Liu, Trancoso, et al., 2020). In addition, raising temperatures has led to large growth declines and less carbon density achieved in young Korean pine trees, but has little effect in older trees due to the five possible reasons (tree species trait, competition, growth rate and duration, root system and physiological mechanism) (X. Wang et al., 2019). Kauppi and Posch (1985) also found that temperature was a very important ecological factor for boreal forests mainly because there is a rapid increase in tree mortality with increased temperature. It is common knowledge that Earth's global surface temperature has increased and the largest increase has occurred in boreal forests (Hansen, Ruedy, Sato, & Reynolds, 1996). The increased temperature will change the composition, distribution range and current mosaic structure of boreal forests (Allen et al., 2010; Soja et al., 2007). 
However, we found that the relationship between MAT and total C density was nonlinear, supporting our second initial hypothesis. Our result was different from that of Yingchun Liu, Yu, Wang, and Zhang (2014), who predicted that total C density would have a linear relationship as a result of the change of MAT in boreal coniferous forest. Interestingly, a MAT value of −3.0°C corresponded highly to a total C density value of 116.61 Mg C ha−1 and the threshold of −3.0°C segmented the nonlinear relationship into a linear relationship between total C density and MAT. The result shows that temperature should be considered when studying past and predicting future total C density responses to climate change or when estimating total C density, but assuming linear relationships may cause misestimates of C pools. It also shows the need for regional total C density studies to improve the accuracy of estimations. For example, Tang et al. (2018) found a significant negative effect of MAT on the total C density but it had a higher decreasing rate in regions where the mean annual precipitation was less than or equal to 400 mm, such as parts of the Greater Khingan Mountains and most of the central-eastern Eurasian boreal forests, than when mean annual precipitation exceeded 400 mm, nearer to the oceans. Guo et al. (2019) identified a MAT of 0°C as the threshold for changes in the total C density of boreal forests under three scenarios (RCP2.6, RCP4.5 and RCP8.5) in 2070. These findings consistent with our results of non-linearity, although with different numeric relationships between MAT and total forest C density. We found that an increase in the total C density where MAT was less than −3.0°C was followed by a decrease where MAT was more than −3.0°C in boreal forests. One of the most likely reasons for such a disparity in the results is that L. gmelinii has the ability to adapt to cold temperatures and to use water efficiently from the thawing of permafrost during the summer season (Xu, 1998). It is possible that in L. gmelinii forests a moderate increase in temperature can promote its biomass and increase productivity but higher temperatures are the limiting factor for its growth, particularly as no significant increase in precipitation is expected for this region under climate change (Shvidenko, 2011).
When the temperature exceeds a threshold, the elevated temperatures cause a rapid increase in tree mortality rates in boreal forests (van Mantgem et al., 2009), especially in forests older than 40 years of age. For those, increased mortality, accompanied by little growth gain under warming temperatures, leads to large decreases in net biomass (H. Y. H. Chen et al., 2016). In addition, soil C can decompose faster, reducing soil C density. Furthermore, we should notice the intriguing fact that the threshold (−3.0 ºC) is also the average temperature for this region. Further research should elucidate if this is a coincidence or if in fact C density reaches maximum values for the temperatures that forests are acclimated and any departure from it could be translated into C density losses. Finally, although the effects of MAT on total C density may be highly dependent on spatial scale due to topographical effects, even if the spatial scale of our study was regional, our carbon estimations were better than the values reported only with national inventories, and they are still representative and important part of the southern limits of eastern Eurasian boreal forests.

5. Conclusions
[bookmark: _Hlk46267110][bookmark: _Hlk46268204]Vegetation C storage depended of age and species structure. Young and half-mature forests together accounted for more than 80.43% of the total forest area during the monitoring period. Young forests had the lowest C density, while mature forests had the highest C density. This implies that the forests of the Greater Khingan Mountains will play an important role as potential C storage in the future. There were large differences in C storage rates among forest types, with Populus davidiana forests showing the largest storage rates of all forest types. This means that the selection of tree species will be a valuable tool for the transformation of secondary forest stands in this region. MAT was the most powerful driver of total ecosystem C density. However, a clear threshold was found around MAT −3.0°C with a negative linear relationship between MAT and total C density, indicating that anthropogenic climate change will adversely influence the capacity of these forests to store and maintain high C densities.
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Table 1. Predicted effect of climate, soil, biodiversity and elevation on C density of forest ecosystems using boosted regression trees (BRT) with a data set consisting of 149 field plots. Predictors’ relative contributions (%) indicated the relative contribution of each variable to the response variable. A higher percentage value indicated a stronger influence on the C density of forest ecosystems. The error structure was Laplace. Poisson and Gaussian error structures for the loss function failed to fit the attribution of our response variable and predictors. Values of TC (tree complexity) from 1 to 4 were tested. PE is the prediction error of BRT models. The change in PE% was used to determine the best BRT model result with TC values between 1 and 4. Trees are the number of regression trees. R2 is the percentage of accounted variation by 14 independent variables. TDC is the training data correlation. CVC is the cross-validation correlation (values close to 1 indicate good model prediction). Numbers shown in bold indicate the best results.
	Predictors’ relative contributions (%)
	
	
	
	
	
	
	

	MAP
	MAT
	CWD
	SR
	AI
	ET0
	BIO18
	CLPC
	PH
	SC
	TP
	TN
	Elev
	H'
	TC
	PE
	PE%
	Trees
	R2
	TDC
	CVC

	2.9 
	62.0 
	4.1 
	3.1 
	2.4 
	5.2 
	3.4 
	0.6 
	0.5 
	1.8 
	1.6 
	1.1 
	8.2 
	3.2 
	1
	2.33 
	-
	5700
	0.919 
	0.969 
	0.975 

	4.7 
	44.6 
	5.8 
	5.2 
	4.4 
	4.8 
	6.2
	1.1 
	1.1 
	2.6 
	1.8 
	4.0 
	6.9 
	6.7 
	2
	2.34 
	0.44
	4350
	0.920 
	0.970 
	0.981 

	4.9 
	43.4 
	5.5 
	4.8 
	4.1 
	5.0 
	7.1
	1.2 
	1.0 
	3.3 
	1.6 
	3.7 
	7.5
	6.9 
	3
	2.29 
	-2.21
	3300
	0.919 
	0.970 
	0.976 

	5.5 
	36.8 
	5.9 
	7.0 
	4.2 
	6.6 
	7.2 
	1.8 
	1.2 
	2.9 
	2.0 
	4.4 
	7.1 
	7.4 
	4
	2.28 
	-0.57
	3950
	0.922 
	0.971 
	0.975 


MAP: mean annual precipitation (mm), MAT: mean annual temperature (°C), CWD: climatic water deficit (mm yr-1), SR: solar radiation (kJ m-2 day-1), AI: aridity index, ET0: potential evapo-transpiration (mm day-1), BIO18: precipitation of warmest quarter (mm), CLPC: clay content (mass %), PH: Soil pH measured in water, SC: sand content (mass %), TP: total phosphorus (g kg-1), TN: total nitrogen (g kg-1), Elev: elevation (m), H': Shannon-Wiener heterogeneity index.





Figure legends
Figure 1. Location of 149 field sampling sites investigated from 2015 to 2018 across the Greater Khingan Mountains

Figure 2. The carbon (C) storage (a), C density (b), C storage change (c) and growth rate of C storage (d) in trees, shrubs, herbs, litterfall and forest vegetation in the Greater Khingan Mountains, China from 1999 to 2018

Figure 3. The carbon (C) storage (a), C density (b), C storage change (c) and growth rate of C storage (d) for forest vegetation in different age classes in the Greater Khingan Mountains, China from 1999 to 2018

Figure 4. The carbon (C) storage (a), C density (b), C storage change (c) and growth rate of C storage (d) for forest vegetation in different forest types in the Greater Khingan Mountains, China from 1999 to 2018

[bookmark: OLE_LINK38][bookmark: OLE_LINK61][bookmark: OLE_LINK39][bookmark: OLE_LINK41]Figure 5. Relationship between total carbon (C) density of forest ecosystems (Mg C ha-1) and the mean annual temperature (MAT, °C) in the Greater Khingan Mountains for the three MAT groups of < −3.0°C (red), ≥ −3.0°C (blue) and not grouped (black). Error bars indicate standard errors of the mean total C density for each 0.5 °C of MAT. Circle size indicates the number of field plots. The grey dots (n=149) represent the measured value of the total C density of forest ecosystems at different sites across the Greater Khingan Mountains with the corresponding measured MAT
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