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A B S T R A C T   

Boreal forests play a crucial role in the global carbon (C) cycle and in climate stabilization. To better predict 
global C budgets, it is important to accurately estimate the size of forest C pools, and to identify the factors 
affecting them. We used national forest inventory data for the Greater Khingan Mountains, northeast China from 
1999 to 2018 and 149 additional field plots to estimate C storage and its changes in forest vegetation, excluding 
C stored in soils, and to calculate the total C density in forest ecosystems. From 1999 to 2018, the vegetation C 
storage and density increased by 92.22 Tg and 4.30 Mg C ha− 1, respectively, while the mean C sink was 4.61 Tg C 
yr− 1. Carbon storage and density showed the same pattern, with the largest stocks in trees, followed by herbs, 
shrubs, and then litter. Mean C density was higher in mature forests than in young forests. The maximum C 
density was recorded in Populus davidiana forests, and was 2.2-times larger than in Betula davurica forests (the 
minimum). The mean (± standard error) total C density of forest ecosystems was 111.3 ± 2.9 Mg C ha− 1, 
including C stored in soils. Mean annual temperature (MAT) controlled total C density, as MAT had positive 
effects when it was lower than the temperature of the inflection point (-2.1 to -4.6 ◦C) and negative effects when 
it was above the inflection point. The rate of change in the total C density depended on the quantile points of the 
conditional distribution of total C density. Natural and anthropogenic disturbances had weaker effects on C 
density than temperature and precipitation. In conclusion, our results indicate that there might be a temperature- 
induced pervasive decrease in C storage and an increase in tree mortality across Eastern Asian boreal forests with 
future climate warming.   

1. Introduction 

Forests cover 31% of the global land area (FAO, 2020), storing 
approximately 45% of the total terrestrial carbon (C) (Silva and Anand, 
2013). The current C stock in the world’s forests is estimated to be 861 
Pg C (Pan et al., 2011), while in China’s forest ecosystems is 79.24 Pg 
(Tang et al., 2018). Boreal forests account for approximately 30% of the 
total C stored in forest ecosystems (Dixon et al., 1994), and play a major 
role in the global C cycle (Ma et al., 2012). Forests are also a safe haven 

for biological communities threatened by climate change (Kauppi and 
Posch, 1985). However, C storage and ecosystem services in boreal 
forests are threatened by increasingly altered disturbance regimes 
(Bradshaw et al., 2009). 

The forests on the Greater Khingan Mountains form the southern 
boundary of the boreal forests in eastern Asia (Li et al., 2020). Pre
dictions under a warmer global climate show that the dominant species, 
Dahurian larch (Larix gmelinii (Rupr.) Rupr.), is likely to retreat north
ward (Bai et al., 2019), with replacement by species better suited to a 

* Corresponding author. 
E-mail address: juan.blanco@unavarra.es (J.A. Blanco).  

Contents lists available at ScienceDirect 

Agricultural and Forest Meteorology 

journal homepage: www.elsevier.com/locate/agrformet 

https://doi.org/10.1016/j.agrformet.2023.109519 
Received 6 September 2022; Received in revised form 10 May 2023; Accepted 14 May 2023   

mailto:juan.blanco@unavarra.es
www.sciencedirect.com/science/journal/01681923
https://www.elsevier.com/locate/agrformet
https://doi.org/10.1016/j.agrformet.2023.109519
https://doi.org/10.1016/j.agrformet.2023.109519
https://doi.org/10.1016/j.agrformet.2023.109519
http://crossmark.crossref.org/dialog/?doi=10.1016/j.agrformet.2023.109519&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Agricultural and Forest Meteorology 338 (2023) 109519

2

temperate climate (Bu et al., 2008; Kirilenko and Sedjo, 2007). Recent 
climate change is already affecting the C balance of forests in the Greater 
Khingan Mountains with more frequent stand-replacing wildfires (Liu 
et al., 2012), reduced tree growth (Zhang et al., 2018), drought-induced 
tree mortality (Bai et al., 2019), and changes in forest species’ compo
sition (Bonan, 2008). 

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 changes in the amounts of C released from forests 
when forest ecosystems are disturbed or changed. Previous studies have 
explored the spatial and temporal variations in, and distribution pat
terns of, C storage and density in forest ecosystems at global (e.g., Dixon 
et al. (1994), Pan et al. (2011), Guo et al. (2019)), national (e.g., Cannell 
and Milne (1995), Tang et al. (2018)), regional (e.g., Holland and 
Brown (1999), Chen et al. (2019)) and forest-stand scales (e.g., Ray 
et al. (2011), Liu et al. (2014a)). However, there are no accurate esti
mates of C storage and density in forest ecosystems in the boreal forests 
of the Greater Khingan Mountains because of accessibility constraints, a 
typical situation for the boreal forests of Northeast Asia. 

Forest ecosystems are affected by many biotic and abiotic factors 
such as forest type, stand age, disturbances, climate, soil factors, and 
elevation (Houghton, 2001; Zhu et al., 2010). There is also a strong 
relationship between C stocks and biodiversity in terrestrial ecosystems 
(Strassburg et al., 2010). Biodiversity can make ecosystems more resil
ient and more productive (Flombaum and Sala, 2008), which increases C 
sequestration. For example, Zhou et al. (2008) reported higher C den
sities in mixed coniferous and broadleaved forests than in pure forests of 
each kind. 

Disturbance dynamics are particularly important in boreal zones. 
They are mainly driven by natural processes such as fire, followed by 
insect outbreaks, and to a lesser extent by human activities (mainly 
deforestation or logging) because human populations are relatively 
sparse (Soja et al., 2007). Disturbances that alter forest nutrient reserves 
can ultimately lead to the emission of vast amounts of C into the at
mosphere (Bhatti et al., 2002). Disturbances are also directly linked to 
stand age in boreal forests as they are the main causes of stand 
replacement. Forest C storage generally increases with stand age 
(Houghton, 2001; Pregitzer and Euskirchen, 2004). In boreal forests, 
however, C storage tends to increase with stand age for the first 120 
years, but then decrease when the stands are more than 200 years old 
(Pregitzer and Euskirchen, 2004). Chen et al. (2016) also found that 
stand age was an important factor controlling C storage in boreal forests. 
These studies suggest that it is essential to differentiate age classes to get 
an accurate estimate of C storage in boreal forests. 

In addition, C storage in forest ecosystems is driven by interactions 
among climate, soil factors such as moisture, temperature, nutrients and 
soil texture, and disturbance regimes (Li et al., 2022a). These factors 
control primary production and decomposition, which in turn affect C 
dynamics (Bhatti et al., 2002; Bonan and Cleve, 1992). The forest type, 
biodiversity, climate variables, and soil factors all change with eleva
tion, 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 C dynamics (Shugart et al., 2003). Some studies 
report a positive association—the enhanced atmospheric CO2 concen
trations, increased warmth, and extended growth seasons promote tree 
growth and increase C storage (Kirilenko and Sedjo, 2007; Sohngen and 
Sedjo, 2005). However, other studies report a negative association 
because the combination of climate warming and drought tends to 
decrease tree growth and increase tree mortality, which undermines C 
storage (Liu et al., 2013; Ma et al., 2012; Michaelian et al., 2011). Pre
vious studies on Northeastern Asian boreal forests have rarely studied 
the relative contribution of multiple factors to current C dynamics. 
Therefore, the mechanisms influencing the amount and rate of C storage 
in the Greater Khingan Mountains and their surrounding boreal region 

remain unclear. 
Given the research gaps mentioned above, we formulated the 

following hypotheses for Eastern Asia’s boreal forests: (1) forest age and 
species composition are main structural drivers of C density; and (2) 
climate drivers affect C density, but their relationships with C density 
are not linear. When testing these hypotheses, our aims were as follows: 
(1) to estimate the amount of C stored in forest vegetation of the whole 
Greater Khingan Mountains from 1999 to 2018; (2) to explore whether 
and how climate, soil, biodiversity, elevation, stand age, forest type, and 
disturbances affect the C density in forest ecosystems; and (3) to 
establish a quantitative relationship between the dominant driver and 
total C density in forest ecosystems. 

2. Methods 

2.1. Study area 

The Greater Khingan Mountains (46◦26′–53◦34′ N, 119◦30′–127◦10′

E), with a total area of 24.7 × 104 km2, are situated in northeast China 
and extend across the Inner Mongolia Autonomous Region and Hei
longjiang Province in the cold temperate zone (Fig. 1). The forests in the 
Greater Khingan Mountains form the southern boundary of eastern Asia 
boreal forests and are dominated by L. gmelinii (Editorial Committee for 
Vegetation of China, 1980). Other conifer species include Scots pine 
(Pinus sylvestris L. var. mongolica Litv.), Korean spruce (Picea koriensis 
Nakai), and Yezo spruce (Picea jezoensis (Lindl.) Carrière var. micro
sperma (Lindl.) Cheng et Fu). The main broad-leaved tree species include 
white birch (Betula platyphylla Suk.), aspen (Populus davidiana Dole), and 
Mongolian oak (Quercus mongolica Fisch. ex Ledeb.) (Xu, 1998). The 
understory and ground vegetation composition vary with edaphic and 
topographic conditions (Wang et al., 2001). The average annual tem
perature is approximately -3 ◦C. The average monthly maximum and 
minimum temperatures are 18.2 ◦C in July and -27.5 ◦C in January, 
respectively. The annual total precipitation (rainfall plus snowfall water 
equivalent) ranges between 300 and 500 mm, the majority of which is 
concentrated in the period from May to October. The elevation of the 
Greater Khingan Mountains ranges from 330 to 1750 m a.s.l. (Imbert 
et al., 2021; Xu, 1998). Slopes are moderate, with more than 80% being 
gentle slopes (<15◦). Snow cover lasts for 5 months and averages 
300–500 mm and the frost-free period is shorter than 100 days (Liu 
et al., 2020a; Xu, 1998). The depth of the permafrost varies from 5 to 40 
m, with a maximum of 120 m. The predominant soil type is dark brown 
forest soil (Haplumbrept or Eutroboralf) (Imbert et al., 2021). Histori
cally, forest resources were abundant in the Greater Khingan Mountains. 
However, over the past 70 years, forests have been degraded by wild
fires, excessive deforestation, and logging (Hu et al., 2018). To reduce 
degradation, the Natural Forest Protection project was initiated in 1998 
and commercial harvesting at the study area has been prohibited since 
April 1st, 2015. 

2.2. Data sources and collection 

The first data source used in this study was the national forest in
ventory of China for the Greater Khingan Mountains for the periods 
1999–2003, 2004–2008, 2009–2013, and 2014–2018 (see Supporting 
Information Appendix 1). These data provided information about plot 
areas, dominant tree species, age classes (young, half-mature, near 
mature, mature, and over mature), 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. National forest inventory field plots were 
classified into forest types depending on the dominant species (see 
Supporting Information Appendix 1 for definitions of dominant species). 
The classification criteria for the five different age classes of the domi
nant tree species in the plots followed the standard methodology applied 
in Chinese forest inventories (Supporting Information Table S1) 
(SFAPRC, 2011). Individual tree volumes for each plot were estimated 
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using the general volume table (Supporting Information Table S2) (Liu 
et al., 2017), then summed, and then the result was divided by the plot 
area to give stand volume (m3 ha− 1). The forest area and stand volume 
for each age class of different forest types were recorded at the field 
sample plots from national forest inventories. 

The second dataset was from 149 field plots (Fig. 1) with areas 
ranging from 0.1 to 1.05 ha. These plots were sampled from 2015 to 
2018 using a systematic random sampling method, and were distributed 
across the Greater Khingan Mountains (a minimum of 132 field plots 
was determined to be required for statistical representativeness to esti
mate the C density of forest ecosystems and forest vegetation, and to 
examine the potential drivers of forest ecosystem C density changes in 
the Greater Khingan Mountains; see Supporting Information Appendix 2 
for a detailed determination of the minimum sample size). Similar data 
to those obtained in the national forest inventory were collected at each 
plot, including the area, latitude and longitude, and stand age, DBH, H, 
and tree species for all trees with DBH > 5 cm. The methods used to 
categorize forest type and age class, and to estimate stand volume in 149 
field plots were the same as those used in the national forest inventories. 

Following a chronosequence approach, we used the 149 field plots to 
estimate the amount of C stored in the shrub, herb, and litter layers 
during the periods of 1999–2003, 2004–2008, 2009–2013, and 
2014–2018, because the national forest inventory data did not provide 
information for these layers. The aboveground and belowground 
biomass were measured in three quadrats along the diagonal of each 
field plot for shrubs, herbs, and litter using the harvest method (see 
Section 2.4 for details). Additionally, the names and frequency of the 
species present in each quadrat were recorded to characterize species 
diversity in the forest community. The data for the 149 field plots were 
also used to calculate the C density of forest ecosystems and the C 
density of forest vegetation. Then, the calculated C density of forest 
vegetation was compared with that estimated using the national forest 
inventory data from 1999 to 2018. 

2.3. Estimation of C storage in trees among forest types and age groups 

Carbon storage in trees varies with forest type and age group Pan 
et al., 2004). We estimated C based on a volume-to-biomass method that 
is widely used for estimating C storage in trees including stems, 
branches, leaves, and roots, i.e., aboveground and belowground biomass 

C, as given by Eqs. (1) and ((2) (Chen et al., 2019; Fang et al., 2001): 

CStreei =
∑m

j=1

(
a+ bVij

)
⋅Aij × 0.5 (1)  

CStree =
∑n

i=1
CStreei (2)  

where CStreei (Mg) is C storage in trees of the ith forest type (i = 1, 2, …, 
9); Vij (m3 ha− 1) is forest volume in trees of the jth age groups (j = 1, 2, 3, 
4, 5) in the ith forest type; Aij (ha) is area 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 (see Table S3); 0.5 is the C concentration in the tree layer 
(Fang et al., 2001); and CStree (Mg) is C storage in trees. We used the 
conventional IPCC fraction of 0.50 biomass-to-carbon because even 
though C content varies slightly among different tree components of the 
same species (Shen et al., 2016) and among forests with different tree 
species composition, age, and stand structure (Johnson and Sharpe, 
1983; Karjalainen, 1996), it has been argued that using 0.50 wood C 
content will commonly deviate by only ~2%–3%, resulting in a minor 
systematic bias of approximately 4–6% in C storage estimates (Thomas 
and Malczewski, 2007). We considered that such a bias is small 
compared with other uncertainties related to forest C estimates. In 
addition, accurate C content data are not available for each type of 
vegetation biomass, and so the IPCC’s default value of 0.50 is generally 
used (Houghton et al., 1990; IPCC, 2006). Carbon density was estimated 
by Eq. (3): 

CDtree =
∑n

i=1
CStreei

/
∑n

i=1

∑m

j=1
Aij (3)  

where CDtree (Mg C ha− 1) is C density in trees, and the other variables are 
as defined above. 

2.4. Estimation of C storage in understory and litter layers in different 
forest types and age groups 

A true year-to-year dataset of C density in shrubs, herbs, and litter for 
different forest types during the 1999–2018 time span could not be 
obtained. However, to account for the temporal change in C density in 

Fig. 1. Location of the Greater Khingan Mountains and 149 field sites sampled from 2015 to 2018 across this area.  
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shrubs, herbs, and litter we used a chronosequence approach. We esti
mated C density in shrubs, herbs, and litter based on age classes repre
sentative of forest growth stages for different forest types, similar to the 
methods of Pan et al. (2004). These estimates are only accurate at the 
age class level, rather than at the specific year level. Therefore, the C 
density in shrubs, herbs, and litter of the same forest types and same age 
classes was hypothesized to be constant. To calculate C storage in the 
shrub layer (including aboveground and belowground biomass C), 
shrubs were harvested from three subquadrats (2 × 2 m) along the di
agonal of each field plot. The aboveground biomass of shrubs was 
clipped and roots excavated. Each component was weighed directly to 
determine fresh weight. Subsamples of fresh samples of each component 
were randomly collected to determine moisture content by drying at 
85 ◦C to constant weight; and to determine C content by the potassium 
dichromate (K2Cr2O7) oxidation method. The dry biomass of each 
component was calculated by multiplying the fresh weight by the 
dry/fresh weight ratio. Aboveground and belowground C storage in the 
shrub layer were estimated by multiplying the dry mass of each 
component (i.e., aboveground and belowground dry biomass stored in 
shrubs) collected from each plot and the C concentration in the corre
sponding component (aboveground and belowground of the shrub 
layer), respectively. Total C storage in shrubs was calculated by sum
ming the C stored in aboveground (leaves, branches, and stems) and 
belowground (roots) parts. Herbs were collected from three subquadrats 
(1 × 1 m) arranged along the diagonal line of each field plot, and were 
separated into aboveground and belowground components. Each frac
tion was analyzed in the laboratory to determine the C concentrations in 
aboveground [c] and belowground parts [C]. Total herb C storage was 
calculated as: (aboveground biomass × aboveground [c]) + (root 
biomass × root [C]). Litter biomass was collected separately for the 
upper L layer (intact and relatively undecomposed materials) and the 
lower F and H layers (fragmented or decomposed materials). We 
calculated the C storage in litter layers using the same method as 
described for the herb layer. The C storage and C density in the under
story (including aboveground and belowground biomass C) and litter 
layers were estimated using Eqs. (4)–(7): 

CDshrubij/herbij/litterij
= Bshrubij/herbij/litterij

× cshrubij/herbij/litterij
(4)  

CSshrubi/herbi/litteri =
∑m

j=1
CDshrubij/herbij/litterij

× Aij (5)  

CSshrub/herb/litter =
∑n

i=1
CSshrubi/herbi/litteri (6)  

CDshrub/herb/litter = CSshrub/herb/litter

/
∑n

i=1

∑m

j=1
Aij (7)  

where CDshrubij , CDherbij , and CDlitterij (Mg C ha− 1) is the C density of the 
shrub, herb, and litter layer, respectively, of the jth age groups in the ith 
forest type, which are constants for an age group of a forest type (see 
Supporting Information Appendix 3 for a detailed estimation of C den
sity in the shrub, herb, and litter layers); Bshrubij , Bherbij , and Blitterij (Mg 
ha− 1) is the biomass density of shrub, herb, and litter layer, respectively, 
of the jth age groups in the ith forest type; cshrubij ,cherbij , and clitterij is the C 
concentration in the shrub, herb, and litter layer, respectively, of the jth 
age groups in the ith forest type;CSshrubi , CSherbi , and CSlitteri (Mg) is C 
storage in the shrub, herb, and litter layer, respectively, of the ith forest 
type; Aij (ha) is area of the jth age groups in the ith forest type; CSshrub, 
CSherb, and CSlitter (Mg) is C storage in the shrub, herb, and litter layers, 
and CDshrub, CDherb, and CDlitter (Mg ha− 1) is C density in the shrub, herb, 
and litter layer, respectively. 

Notably, the calculation of C storage in forest vegetation included the 
aboveground and belowground (root) C storage in trees, shrubs, and 
herbs and C storage in litter. Finally, total vegetation C storage was 

estimated using Eq. (8): 

CSveg = CStree + CSshrub + CSherb + CSlitter (8)  

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

A univariate analysis of variance (ANOVA) was used to test whether 
C density was statistically different among different components of 
forest vegetation (tree, shrub, herb, and litter), among age classes, and 
among forest types. A p value of 0.05 or less was defined as statistically 
significant (i.e., Tukey’s HSD, p < 0.05). 

2.5. Changes in C storage in forest vegetation 

Annual increase in C storage illustrates the speed of tree growth in a 
certain period, and is a measure of the change in the C storage capacity 
of a stand over time (Liu et al., 2014b). The annual increase in C storage 
in trees, shrubs, herbs, litter, or vegetation in the Greater Khingan 
Mountains, northeast China was calculated for each interval period 
using Eq. (9) (Brown et al., 1988; Liu et al., 2014b): 

CSIannual = (CSt − CSt− n)/n (9)  

where CSIannual (Tg C y− 1) is the annual increase in C storage in trees, 
shrubs, herbs, litter, or vegetation between the tth year and t − nth year; 
CSt (Tg) is the amount of C stored in trees, shrubs, herbs, litter, or 
vegetation in inventory t at the end of the interval; CSt-n (Tg) is the 
amount of C stored in trees, shrubs, herbs, litter, or vegetation in in
ventory t− n at the beginning of the interval; and n is the number of years 
between inventories; n = 5 years in this study. 

2.6. Estimation of C density in soils and total C density 

Soil data were taken from the International Soil Reference and In
formation center (ISRIC) database on world soil properties (WISE30sec), 
which are estimated at 1 km spatial resolution (Batjes, 2015) and can be 
accessed through the ISRIC’s Soil Data Hub (http://www.isric.org/exp 
lore/wise-databases). Before using the gridded soil data from the 
WISE30sec, a quality test was carried out by comparing the gridded data 
with data from 48 actual analyses of soils at the same geographic co
ordinates (Fig. S1 and Table S7). Soil organic C density (SOCD) values 
were validated using the Wilcoxon rank-sum test, which is a nonpara
metric two-sample test. We found that there were no significant statis
tical differences (p = 0.126 and correlation coefficient = 0.76) between 
actual SOCD measurements from 48 field-based soil studies in the 
Greater Khingan Mountains and gridded SOCD values extracted from the 
WISE30sec dataset for the same geographical coordinates (see Appendix 
4 in the Supplementary Information for details). Hence, we used the 
gridded data to calculate the surface SOCD in the upper 20-cm soil layer 
for different forest types and age classes. We selected the upper 20 cm 
soil layer because it contains most of the biologically active C (Crowther 
et al., 2016) and in northern forest soils it can store up to 57% of total 
soil C (Jobbágy and Jackson, 2000). SOCD was calculated using Eq. (10): 

SOCD = ρCD(1 − θ) × 10− 1 (10)  

where SOCD is the soil organic C density (Mg C ha− 1) at 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), and θ is the 
volume percentage of coarse fragments (>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. (11): 

CDeco = CDtree + CDshrub + CDherb + CDlitter + SOCD (11)  

where CDeco (Mg C ha− 1) is C density in forest ecosystems, and the other 
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variables are as defined above. 

2.7. Quantitative relationships between total C density and environmental 
variables using boosted regression trees modeling and quantile regression 

Nineteen environmental predictors, both biotic and abiotic, for the C 
density of the 149 sites were selected according to their ecological 
importance for boreal forests (for details, see Appendix 5, Supplemen
tary Information Table S8). The predictors included numerical variables 
of climate, soil, biodiversity, elevation, stand age, forest type, and 
disturbance. The dummy variable method was used to convert the forest 
type into a numerical variable (Table S9). Disturbance events were 
quantified using the remote-sensing derived delta Normalized Burn 
Ratio method (see Appendix 5). 

Before modeling, Pearson’s correlation coefficients were calculated 
for all pairs of predictors to identify multicollinearity among variables. 
In this step, four pairs of predictors were found to be strongly correlated 
(Pearson’s correlation > 0.9; Fig. S2). Therefore, a principal component 
analysis (PCA) was applied to each of these pairs to reduce and 
decompose data dimensions into their first components (e.g., De Marco 
and Nóbrega (2018)). Ultimately, 16 variables were available for 
modeling. The machine learning algorithm Boosted Regression Trees 
(BRT) was selected to analyze the relationships between total C density 
and the set of environmental predictors because it is suitable for ana
lyzes of non-linear relationships and complex interactions (Assis et al., 
2017; Elith et al., 2008). 

The model fitted a Gaussian distribution (e.g., Barry and Welsh 
(2002)) and a cross-validation framework using latitudinal bands (e.g., 
Assis et al. (2016)) was applied to select the optimal BRT hyper
parameters (Elith et al., 2008). This was performed by identifying the 
model with lower deviance through all parameter combinations of 
distinct learning rates (0.01, 0.001, and 0.0001), tree complexities 
(1–6), and number of trees (50–1000, step 50). Individual monotonic 
responses were forced to all predictors based on the expected effect of 
the response variable (Assis et al., 2017; Hofner et al., 2011). The 
ecological significance of models was described by determining the 

relative importance of each predictor to explain the variation in total C 
density. The relative importance of predictors was calculated based on 
the frequency that a variable was selected for splitting during the 
tree-building process, weighted by its improvement to the overall model 
(Friedman and Meulman, 2003). In this manner, each variable was 
scaled as a percentage, with a higher percentage indicating a greater 
influence on the response. Also, a test was performed to address whether 
interactions were detected and modelled (Elith et al., 2008). All analyzes 
were performed in R (R Development Core Team, 2016) and RStudio 
v.3.6.6 (RStudio Team, 2016). 

Quantile regression (QR) was used to establish a quantitative rela
tionship between the dominant driver and conditional quantiles of total 
C density in forest ecosystems and quantiles of total C density from the 
dominant driver factor. Quantile regression has the advantage of being 
able to infer relationships from the edges of scatter graphs (Koenker and 
Bassett, 1978). For example, the 10th quantile describes a line below 
which 10% of the observed values are found. Regression quantiles of 0.1, 
0.25, 0.5, 0.75 and 0.9, which are often considered as five representative 
quantile points (Liu et al., 2021), were selected for these analyzes. De
tails on the theory and use of the quantile regression approach are 
provided in Appendix 6 (Supplementary Information). 

3. Results 

3.1. Changes in C storage and C density in vegetation 

The total C stored in vegetation and the C density in vegetation 
increased from 1999 to 2018 (Fig. 2a and b). The mean C storage was 
692.66±39.38 Tg and had an annual relative growth rate of 0.71% 
year− 1. The C density increased from 44.54 Mg C ha− 1 to 48.84 Mg C 
ha− 1, with an increasing trend of 0.22 Mg C ha− 1 year− 1 (see Appendix 
7, Supporting Information Table S13). The amount of C stored in each 
layer also increased during the monitoring period, except for the litter 
layer in 2004–2008. The layers were ranked, from highest mean C 
storage to lowest, as follows: tree > herb > shrub > litter (Fig. 2a). The 
amount of C stored in the tree, herb, shrub, and litter layers accounted 

Fig. 2. Carbon (C) storage (a), C density (b), change in C storage (c), and growth rate of C storage (d) in trees, shrubs, herbs, litter, and forest vegetation in the 
Greater Khingan Mountains from 1999 to 2018. 
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for 87.65%, 5.99%, 3.45%, and 2.90% of total C stored in vegetation, 
respectively (see Appendix 8, Supporting Information Table S14). The 
mean C storage and density were significantly higher in the tree layer 
than in the other layers (Tables S14 and S15, p < 0.05). Of the four 
layers, the tree layer had the highest mean biomass and C densities 
(Tables S12 and S15). The C storage and density were around seven 
times greater in the tree layer than in the other three layers combined 
(Tables S14 and S15; also see Tables S4–S6). 

3.2. Changes of forest vegetation C storage and density in different forest 
age classes 

The area of young and half-mature forests accounted for 80.43% of 
the total forest area from 1999 to 2018, while 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 (Fig. 3e). The young and half-mature 
forests showed gradually increasing C storage from 1999 to 2018, 
sequestering an average of 1.19 Tg C yr− 1 and 6.11 Tg C yr− 1, respec
tively, while near mature, mature and over mature forests showed 
declining C storage, losing C at an average of 0.63 Tg C yr− 1, 1.58 Tg C 
yr− 1, and 0.48 Tg C yr− 1, respectively (Fig. 3a and c). The C storage 
differed significantly among forest stand age classes (Table S16, p <
0.05). Of the five age classes, the half-mature forests showed the 
maximum C storage, and over mature forests showed the minimum 

(Fig. 3a; Table S16). The age classes were ranked, from highest C density 
to lowest, as follows: mature forests > half-mature forests > near mature 
forests > over mature forests > young forests (Table S17). C density was 
significantly lower in young forests than in those of other age classes 
(Table S17, p < 0.05). The C density of each age class gradually 
increased from the period 1999–2003 to 2014–2018, except for the near 
mature class (Fig. 3b). 

3.3. Changes in forest vegetation C storage and density in different forest 
types 

The dominant species L. gmelinii ((7.34±0.18) × 106 ha) and 
B. platyphylla ((5.66±0.44) × 106 ha) accounted for approximately 
49.48% and 38.13% of the total forest area ((14.84±0.25) × 106 ha) 
from 1999 to 2018 (Fig. 4e). C storage differed among forest types and 
showed substantial variation, with values ranging from 1.45 Tg C to 
366.57 Tg C, in the period of 2014–2018 (Fig. 4). The C storage in 
L. gmelinii (366.57 Tg C) was the largest in the latest survey 
(2014–2018), accounting for 49.5% of the total C storage, followed by 
B. platyphylla (284.08 Tg C) accounting for 38.4% of the total C storage. 
The C storage in L. gmelinii and Chosenia arbutifolia decreased in the 
period of 2004–2008 and increased thereafter. The C storage in 
B. platyphylla, P. davidiana, Q. mongolica, and other forest types 
increased gradually from 1999 to 2018. However, the C storage in 

Fig. 3. Carbon (C) storage (a), C density (b), change in C storage (c), growth rate of C storage (d), and area (e) of forest vegetation in different age classes in the 
Greater Khingan Mountains from 1999 to 2018. 
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P. sylvestris var. mongolica, B. davurica, and P. suaveolens decreased 
gradually from 1999 to 2018 (Fig. 4a). There were considerable differ
ences in C density dynamics over time among forest types in the Greater 
Khingan Mountains (Table S18, p < 0.05). For instance, the C density in 
L. gmelinii, B. platyphylla, P. davidiana, and Q. mongolica stands gradually 
increased over time, whereas in B. davurica, C. arbutifolia, and other 
forest types C density decreased in the period 2004–2008 and then 
increased thereafter. Similarly, the C density in P. sylvestris var. mon
golica stands decreased from 1999 to 2013 and then slightly increased 
after 2014 (Fig. 4b). Among all the forest types, P. davidiana stands had 
the highest C density, peaking in the latest survey at 62.2 Mg C ha− 1 

(Fig. 4b). The C density in P. davidiana forests in the latest survey was 
only 13.2% higher than that in the same forest type at the beginning of 
the monitoring period 15 years before. However, it was more than 
double of B. davurica forests, which had the lowest C density in the latest 
survey (Fig. 4b). 

3.4. Effects of environmental variables on total C density in the forest 
ecosystem 

The model using the best set of hyperparameters (learning rate: 0.01; 
tree complexity: 2; number of trees: 1000) explained a large proportion 
of the deviance of 0.54±0.02 Mg C ha− 1 between the observed and 
predicted values (Fig. S3). The predictors mean annual temperature 
(MAT; ◦C) and mean annual precipitation (MAP; mm) largely explained 

the variation in total C density, including C density in soils. The relative 
importance of MAT and MAP was >13%. The combined importance of 
the other five parameters — precipitation of warmest quarter (BIO18; 
mm), temperature seasonality (BIO4; ◦C), aridity index (AI), precipita
tion seasonality (BIO15; mm) and total phosphorus (TP; g kg− 1) — was 
43.9% (Fig. 5). Only non-significant and weak (<1%) interactions 
among parameters were detected (Table S10). 

There was a significant relationship between total C density and MAT 
(R2 = 0.78, p < 0.001). The values of total C density ranged from 59.1 
Mg C ha− 1 at a MAT of − 4.8 ◦C to 235.2 Mg C ha− 1 at a MAT of − 2.3 ◦C, 
with a mean (± standard error) value of 111.3 ± 2.9 Mg C ha− 1. Each 
estimated quantile curve comprised two linear segments with one in
flection point, and was statistically significant at the 0.05 level (Fig. 6 
and Table S11). In the case of the lower quantiles (τ= 0.1 and 0.25), the 
inflection point was MAT = − 2.1 ◦C. This fact indicates that the total C 
density of forest ecosystems increased with increasing MAT when the 
MAT was lower than − 2.1 ◦C (2.0 Mg C ha− 1/1 ◦C for τ= 0.1 and 2.7 Mg 
C ha− 1/1 ◦C for τ= 0.25), but it decreased with increasing MAT when the 
MAT was higher than − 2.1 ◦C (1.4 Mg C ha− 1/1 ◦C for τ= 0.1 and 2.4 Mg 
C ha− 1/1 ◦C for τ= 0.25). For the mid-level quantile (τ= 0.5), when MAT 
increased by 1 ◦C, the total forest C density increased by 3.7 Mg C ha− 1. 
However, beyond the threshold of − 2.4 ◦C, when MAT increased by 
1 ◦C, the total forest C density decreased by 2.8 Mg C ha− 1. Finally, we 
considered the higher quantiles (τ= 0.75 and 0.9) that correspond to a 
high total C density. In these cases, the inflection points dropped to 

Fig. 4. Carbon (C) storage (a), C density (b), change in C storage (c), growth rate of C storage (d), and area (e) of forest vegetation in different forest types in the 
Greater Khingan Mountains from 1999 to 2018. 
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− 4.5 ◦C and − 3.6 ◦C, suggesting that in a forest ecosystem with high 
total C density, MAT may have a small positive effect when it is lower 
than the inflection point but a large negative effect when it is above the 
threshold. 

Regarding other environmental predictors, the spatial pattern of the 
total C density showed a strong correlation with MAP, BIO18, and BIO4 
(R2 = 0.30− 0.42, p < 0.05; Fig. S4). The total C density in the forest 
ecosystems decreased with increasing precipitation (MAP and BIO18), 
but decreased at a higher rate in the regions with increasing BIO18 than 
those with increasing MAP. The total C density in forest ecosystems was 
more strongly negatively correlated with BIO18 than with MAP (3.3 Mg 
C ha− 1/10 mm vs. 2.5 Mg C ha− 1/10 mm; Fig. S4a and b). By contrast, 

we found that the total C density showed a positive relationship with 
BIO4. In this case, when BIO4 increased by 1 ◦C, the total C density of 
forest ecosystems increased by 0.1 Mg C ha− 1 (Fig. S4c). These results 
showed that the total C density of forest ecosystems exhibits various 
feedbacks to climatic variables. 

4. Discussion 

Our results show that young and half-mature forests contribute much 
to the C storage in these forests: young stands because of their expansion 
over time, and mature forests because of their high C density. However, 
our results also show that temperature is the main factor influencing C 
density. Expected temperature increases, combined with forest stand 
dynamics, will reinforce the dynamic nature of C density and storage, as 
discussed in detail in the following sections. 

4.1. C storage and density in forest vegetation 

Our estimate of C storage in vegetation in the boreal forests of the 
Greater Khingan Mountains was 740.13 Tg C in 2018. Tang et al. (2018) 
reported that China’s forest vegetation C storage was 13.01 Pg C. Hence, 
C storage in the Greater Khingan Mountains in 2018 accounted for 
approximately 5.7% of China’s C storage. In 2018, the C density in the 
tree layer of forests in the Greater Khingan Mountains was lower than 
average value for all China’s forests (43.0 vs. 55.7 Mg C ha− 1; (Tang 
et al., 2018). The main reason for this difference may be the age struc
ture of the forests in the Greater Khingan Mountains—the area of young 
forests, with significantly low C density (p < 0.05; Fig. 3b), accounted 
for approximately 30% of the total forest area in the latest survey 
(2014–2018)—and a minor reason may be the influence of human 
disturbance (Fang et al., 2001). Differences could also be a consequence 
of previous studies lacking direct inventory data, or even if direct in
ventory data were available, the sample size used to characterize those 
forests was insufficient for C storage estimation compared with China’s 
national-scale inventory data. 

The dominance of young forests reflects the land-use history of the 
area. That is, there was long-term and high-intensity deforestation 
before the "Grain for Green" program and the Natural Forest Protection 
project in 1998, which generated the majority of young forests (Duan 
et al., 2017; Lu et al., 2018). Additionally, wildfires are the major 
disturbance in boreal forests (Payette, 1992), and 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. If nothing is done to 
reduce disturbances, then they will become more frequent and the ratio 
of young to mature forests will increase. This process is directly linked to 
forest densification already observed in other southern Eurasian boreal 
forests (Kharuk et al., 2010). 

In addition, litter C storage decreased in the period of 2004–2008 
compared with that in previous years. This may be because the forests in 
this region have been subject to frequent surface forest fires with short 
fire return intervals (Cai et al., 2013; Tao et al., 2013), resulting in C 
losses in the litter layer. Other possible interpretations of the results are 
changes in the age class structure (distribution) caused by harvesting in 
this study area, which has resulted in stands dominated by young and 
half mature age classes. Compared with mature and over mature stands, 
young stands dominated by L. gmelinii and B. platyphylla had relatively 
small litter layers (Table S6), because of low rates of litter production by 
juvenile trees (Karhu et al., 2011). Furthermore, overgrazing can 
significantly reduce litter inputs 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 in vegetation, the Chinese government has pro
hibited commercial logging in natural forests since April 1st, 2015, and is 
also closing hillsides to facilitate afforestation and to establish higher 
litter and shrub cover in these mountains. 

Fig. 5. Relative importance (%) of all variables for the model of total carbon 
(C) density of forest ecosystems (including forest vegetation and soil C density, 
Mg C ha− 1) with mean annual temperature (MAT; ◦C), mean annual precipi
tation (MAP; mm), precipitation of warmest quarter (BIO18; mm), temperature 
seasonality (BIO4; ◦C), aridity index (AI), precipitation seasonality (BIO15; 
mm), total phosphorus (TP; g kg− 1), management and disturbance (Disturb), 
elevation (Elev; m), Shannon-Wiener diversity index (H’), total nitrogen (TN, g 
kg− 1), forest type, sand content (SC, mass%), stand age (AGE, year), pH (soil) 
and clay content (CLPC; mass%). Red line indicates 5% relative importance to 
the model. 

Fig. 6. Estimates of piecewise-linear quantile curves determining relationship 
between total carbon (C) density of forest ecosystems (including forest vege
tation and soil C density, Mg C ha− 1) and mean annual temperature (MAT, ◦C) 
in the Greater Khingan Mountains using a total variation roughness penalty at τ 
= 0.1, 0.25, 0.5, 0.75, and 0.9. Gray circles (n = 149) represent measured 
values of total C density of forest ecosystems at different sites across the Greater 
Khingan Mountains with the corresponding measured MAT. 
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Among all the forest age classes, young forests had the lowest C 
density, and mature forests had the highest. This pattern, plus the large 
proportion of young forests, suggests that forests in this region have a 
high potential to sequester and store more C in the future. Other things 
being equal, mature forests are characterized by low productivity, and 
hence, a low C sequestration capacity (Bhatti et al., 2002; Yu et al., 
2011). Therefore, our results highlight 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. 

The proportions of C stored in L. gmelinii and B. platyphylla stands in 
the Greater Khingan Mountains accounted for 87.57% of the total C 
storage in forest vegetation. Such a high proportion of C storage by these 
two species, primarily driven by their high proportion of forest area, is 
not surprising—they are the dominant species in the region (Liu et al., 
2020b). However, these stands were not necessarily the ones with the 
highest C density. In fact, our results suggest that P. davidiana and 
P. suaveolens (broadleaf species), and P. sylvestris var. mongolica and 
L. gmelinii (conifers) could be the preferred species for afforestation and 
transformation of secondary forest stands aiming to maximize C density, 
because the particular features of their tissues (Zhang et al., 2009) and 
the strong adaptability of these species to low temperature. In addition, 
these species show efficient utilization of water from melting permafrost 
during the hot and dry summer, resulting in higher C storage than that of 
the other tree species (Shi et al., 2010; above 47.52±1.91 Mg C ha− 1). 
Hence, our first initial hypothesis on C density depending on structural 
forest features (age, species composition) can be accepted. 

Observed differences among forest types can also have implications 
for forest dynamics. For example, C density increased much faster in 
P. davidiana forest than in B. davurica forest. These changes probably 
reflect a beneficial effect of climate warming on poplar growth rates 
(Yun et al., 2021), but also increased growth of the understory in older 
poplar stands (Table S5), likely because of increased mortality of the 
overstory. However, poplar forests are also more prone to damage by 
increased weather variability of winter months under climate change 
and are affected with different intensity by defoliators common to both 
poplar and birch (Man et al., 2014). As a result, the expected dynamics 
of these forests could consist in periods of relative stability followed by 
abrupt non-linear shifts, as already reported for poplar/birch sites in 
boreal Canadian forests (Van Bogaert et al., 2009). Multi-temporal field 
studies on C storage and density, such as the present study, can also 
inform forest management and C sequestration management models (Li 
et al., 2022b). 

4.2. Effects of environmental factors on total C density in forest 
ecosystems 

C density in boreal forests is affected by climate, soil type, and plant 
species, which control the processes of primary production and 
decomposition (Bhatti et al., 2002). When compared with climate var
iables, soil variables such as clay content and pH had the weakest ability 
to explain the variation in total C density because the soil type in the 
Greater Khingan Mountains is mostly a dark brown forest soil (Liu et al., 
2020b), and its formation is closely associated with permafrost condi
tions (Baumann et al., 2009; Xu, 1998). Boreal ecosystems have low 
temperatures, and the permafrost reduces soil drainage and creates a 
high moisture content in the seasonally thawed active layer (i.e. the 
gleying process of soil). Consequently, the available soil space is 
reduced, and this hinders the development of large microbial commu
nities. In turn, this reduces nutrient circulation in decomposing organic 
matter and leads to much slower tree growth and C accumulation rates 
(Jarvis and Linder, 2000; Waelbroeck, 1993). 

Other variables with low relative importance (< 5%) in explaining 
the variation in total C density were age structure, forest type, and 
disturbance intensity. This result may indicate that even if there are 
clear structural differences in C density among forest ages, this influence 
is much weaker than that of climate, the main growth limiting factor at 

these sites. The low importance of disturbances to explaining the vari
ation in total C density may be because relatively small areas are 
affected by sudden disturbances (Tao et al., 2013) that produce 
detectable changes in canopy cover. This low influence of management 
could also indicate that the Natural Forest Protection Plan introduced in 
the region in 1998 has been effective in reducing human impacts on 
forest C stocks. Additionally, not all variability was explained in our 
models, likely because of additional drivers, as well as stochastic vari
ability, which can be divided among monitoring period, sample plot, 
and within-sample plot components (Calama and Montero, 2005). 

A non-significant relationship was observed between total forest C 
density and AI, BIO15, and TP (R2 < 0.1, p > 0.05; Fig. S4d–f), indicating 
that each of these variables has a relatively small importance (see Ap
pendix 9 in the Supplementary Information for details), which was also 
verified by the BRT model, highlighting that MAT was the most 
important environmental driver of total C density, followed by MAP 
(Fig. 5). These findings are consistent with those of Guo et al. (2019), 
who concluded that MAT exerted the strongest effect on boreal forests. 
Another study found that MAT directly affects C pools in boreal forests 
by influencing stem taper (Liu et al., 2020a). Both MAT and MAP have 
direct effects on species distribution (a major driver of structural C 
density) and indirect effects on forest growth, both of which affect 
mortality, and subsequently, dominant stand age. For example, raising 
temperatures have led to large growth declines and lower C density 
achieved in young Korean pine trees, but have had little effect on older 
trees. This is because Korean pine is a shallow-rooted tree species. When 
root systems are underdeveloped in young ages, Korean pine is more 
sensitive to water stress caused by low MAP, and this is exacerbated by 
increasing temperature (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 
as temperatures increase. It is widely accepted that Earth’s global sur
face temperature has increased and the largest increase has occurred in 
boreal forests (Hansen et al., 1996). Hence, increased temperatures will 
change the composition, distribution range, and current mosaic struc
ture of boreal forests (Allen et al., 2010; Soja et al., 2007). 

Nevertheless, we detected a non-linear relationship between MAT 
and total C density, supporting our second initial hypothesis. In contrast, 
Liu et al. (2014c) predicted that total C density would have a linear 
relationship with MAT in boreal coniferous forests. Interestingly, the 
MAT thresholds in which the MAT influence changed from positive to 
negative depended on the value of total C density. Using a quantile 
regression (Fig. 6), we identified a tendency for forests with the highest 
C density to have lower MAT values as thresholds, implying that those 
forests with more developed tree, shrub, and litter layers (usually pro
ductive mature stands or old-growth forests) will be negatively impacted 
earlier by raising global temperatures than young or non-productive 
stands. Such result highlights that temperature should be considered 
when studying past and predicting future responses of total C density to 
climate change or when estimating total C density, but also that 
assuming linear relationships may cause misestimates of C pools. Such a 
relationship also calls attention to the importance of studies on total C 
density at regional scales 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 MAP was 400 mm or less, such as parts of the Greater Khingan 
Mountains and most of the central-eastern Eurasian boreal forests. Guo 
et al. (2019) identified a MAT value of 0 ◦C as the threshold for changes 
in total C density of boreal forests in 2070 under three emission sce
narios (RCP2.6, RCP4.5, and RCP8.5). Those findings are consistent with 
our results of non-linearity, although with different numeric relation
ships between MAT and total forest C density. 

We found that an increase in total C density in forests where MATs 
were below the identified thresholds was followed by a decrease in total 
C density in forests where MATs were above the thresholds. Although 
the magnitude of the increases differed (Table S11, Supplementary 
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Information), the relative changes had a similar pattern at different 
quantile points of the total C density conditional distribution (Fig. 6). A 
possible reason for this C density response to temperature is that 
L. gmelinii is able to adapt to cold temperatures and efficiently use water 
from the thawing permafrost during summer (Xu, 1998). Another 
possible reason could be the acceleration of the nitrogen cycle due to 
increased temperature, which would facilitate litter decomposition and 
result in increased C density in the trees (Lo et al., 2019; Melillo et al., 
2011). It is also possible that, in L. gmelinii forests, a moderate increase in 
temperature promotes biomass and productivity, but higher tempera
tures quickly become the limiting factor for growth. This will be 
particularly important because no significant increase in MAP is ex
pected for this region under climate change (Shvidenko, 2011). 

When the temperature exceeds a threshold, warmer conditions cause 
water stress that negatively affects tree growth, and ultimately leads to a 
rapid increase in tree mortality rates in boreal forests (Chaste et al., 
2019; Girardin et al., 2016). For those stands, increased mortality, 
accompanied by little growth gain under warming temperatures, leads 
to large decreases in net biomass (Chen et al., 2016). In addition, soil C 
can decompose faster, reducing soil C density. The effects of MAT on 
total C density may be highly dependent on the spatial scale because of 
topographical effects. However, even though the spatial scale of our 
study was regional, we are confident that our C estimations are more 
exhaustive than those calculated only from national inventory data, and 
that they are representative for this forest area at the southern limits of 
eastern Eurasian boreal forests. 

5. Conclusions 

We analyzed C storage in forests in the Greater Khingan Mountains in 
China. Vegetation C storage depended on stand age and forest species 
structure. Young and half-mature forests together accounted for 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 
important roles as potential C sinks to store C in the future. C storage 
rates differed widely among forest types, and were the highest in 
P. davidiana forests. The MAT was the main factor controlling total 
ecosystem C density. However, total C density increased with increasing 
MAT before an inflection point was reached in the -4.5 to -2.1 ◦C range, 
and thereafter decreased with increasing MAT. Therefore, the maximum 
total C density was at these temperature thresholds, in a range encom
passing the local MATs. We were able to determine the quantitative 
relationship between the total C density and its dominant driver at 
different rates of change. Our results suggest that the ecosystem can 
adapt to maximize C density at the current regional average tempera
ture, indicating that anthropogenic climate change might affect the 
ability of these forests to store and maintain high C densities. 
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