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Abstract: Aboveground biomass (AGB) is the most dynamic carbon pool in forest ecosystems and
is sensitive to biotic and abiotic factors. Previous studies on AGB have mostly focused on tropical
and temperate forests, while studies on AGB and its determinants in subalpine coniferous forests
are lacking and the mechanisms are not yet clear. Here, we systematically investigated all woody
plants in 630 subplots (20 m × 20 m) in the Wanglang Plot (25.2 ha) to explore the spatial distribution
of AGB and the effects of topography, soil, and stand structure on AGB. The results showed that
AGB varied remarkably among different subplots with an average of 184.42 Mg/ha. AGB increased
significantly with aspect, soil organic matter, maximum DBH, and important value of spruce–fir, while
it decreased significantly with slope, total phosphorus, and stem density. Stand structure exerted
greater influences than topography and soil factors, and especially maximum DBH determines
the variation of AGB. Our results are of great significance to accurately estimate and predict the
productivity of this forest type, and can provide insights into the diversity maintenance of subalpine
coniferous forests as well as the conservation and management of forest ecosystems.

Keywords: aboveground biomass; soil properties; stand structure; spruce–fir forests; topography

1. Introduction

Forests are the largest, most widely distributed and structurally complex of the ter-
restrial ecosystems [1]. They play a crucial role in the global carbon pool and dynamics,
accounting for 45% of the total global terrestrial carbon [2–4]. The carbon stored in the
trunks, branches, and leaves of plants is usually referred to as forest aboveground biomass
(AGB) [5,6]. AGB is not only strongly dependent on the species composition and community
structure of forests [7,8], but is also sensitive to changes in the natural environment (climate,
topography, soil, etc.) and anthropogenic disturbances [9–11]. For specific forest types, esti-
mating forest AGB accurately and distinguishing the relative importance of different factors
are essential for the large-scale monitoring of forest productivity and carbon stocks, global
carbon cycle studies, and the formulation of climate change mitigation strategies [12–14].

As a comprehensive factor, topography has an important effect on both forest
species diversity and biomass [15,16]. Topography can not only reflect the microclimate
(e.g., moisture, temperature), soil processes, and soil properties (e.g., soil water content,
nutrient elements) [17,18], but can also influence solar radiation reaching the ground and
habitat heterogeneity, which, in turn, affect forest structure and dynamics as well as plant
growth [19–21]. Many studies have investigated the effects of topographic factors on
forest AGB, and the results show that elevation, aspect, slope, and convexity are all strong
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predictors of the pattern of forest biomass [22–25]. However, the role of topographic factors
on forest AGB is complex and varies greatly among different regions and forest types,
which needs to be further investigated.

Soil provides support for plant growth, as well as essential organic matter, nutrients,
and water, which can further influence the composition, structure, and biomass accumula-
tion of forests [22,25,26]. Previous studies found that soil factors explained up to 30% of
the variance in aboveground biomass, making them determinants [27,28]. Moreover, the
relationship between soil nutrients and forest AGB is diverse, with positive, negative, and
single-peaked relationships reported [28–30]. The soil fertility hypothesis summarized that
plants can grow under conditions of high nutrient availability, but it may also lead to a high
degree of competition, which can increase mortality and be detrimental to biomass accu-
mulation [31,32]. Abundant studies have focused on exploring soil and climate interactions
on forest AGB, but how soil factors regulate AGB under the influence of microtopography
needs to be further explored.

Forest AGB is not only affected by environmental factors, but equally limited by
biotic factors such as species diversity and stand structure [26,33,34]. Due to the complex
structure of forests, the conclusions on the relationship between species diversity and
forest biomass are not completely consistent [25,35], but a positive relationship was most
commonly reported [36–38]. Stand structural attributes affecting the spatial distribution of
AGB mainly include individual tree structure (DBH, tree height, wood density, etc.), species
composition, community complexity, and large tree density, which can reflect the horizontal
and vertical distribution of plant communities [7,39,40]. Previous studies suggested that
species richness and stand structural complexity may also be the direct, independent, or
alternative biotic factors of AGB, with stand structure being a better predictor [41–43].
Therefore, any study that attempts to address the patterns and determinants of AGB should
take these important features of stand structure into account.

Subalpine coniferous forest dominated by spruce (Picea spp.) and fir (Abies spp.)
is the main component of forests on the eastern margin of the Qinghai–Tibet Plateau,
and is also the important ecological barrier in the upper reaches of the Yangtze River
in China [44]. This area is one of the important giant panda (Ailuropoda melanoleuca)
habitats, and is considered to be part of a biodiversity conservation hotspot in China [16,45].
However, coniferous forests in this region are vulnerable ecosystems owing to their variable
microclimate conditions, heterogeneous local topography, and shallow soil layers, where
the loss of species diversity is accelerating [46]. In recent decades, the establishment of
a large number of forest dynamic plots has provided an ideal platform to characterize
the spatial distribution of forest biomass and examine the factors regulating forest carbon
storage, which contributes to monitoring temporal change in biomass pools at a larger
scale [47,48]. Here, we performed a case study in a subalpine spruce–fir forest dynamic
plot (25.2 ha) in Wanglang Nature Reserve, North Sichuan. Then, the species composition
and structural characteristics of forest communities were systematically investigated, and
corresponding environmental factors were obtained as well. We aimed to (1) explore
the spatial distribution of AGB in a subalpine spruce–fir forest, and (2) elucidate how
topography, soil properties, and stand structure affect forest biomass.

2. Materials and Methods
2.1. Study Sites

Our study was conducted in the Wanglang Dynamics Plot (104.02◦ E, 33.00◦ N, here-
after the Wanglang Plot), which is located in Wanglang Nature Reserve, southwestern
China (Figure 1a,b). The construction of the Wanglang Plot started in 2016, with a total
area of 25.2 ha. The plot consists of 18 columns and 35 rows, with a total of 630 subplots
(each 20 m × 20 m) (Figure 1c). The climate in this area is characterized as a semi-humid
monsoon climate, with a distinct rainy season from May to October. The mean annual
temperature (MAT) is 2.3 ◦C and mean annual precipitation (MAP) is 862.5 mm. The
Wanglang Plot is flat in the center, with a river running through it, and the elevations of the
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shady and sunny slopes on the sides increase. The soil types are subalpine meadow soil
and mountain dark brown loam [16,49,50].
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Figure 1. (a) Location of the Wanglang Plot; (b) dominant species Abies faxoniana and Picea purpurea
in the plot; (c) subplot setting and all woody plant individuals alive (DBH ≥ 1 cm) in the plot. Gray
dots represent each individual and black curve represents the river through the plot.

The Wanglang Nature Reserve has obvious vertical zonality, with vegetation types
ranging from low altitude to high altitude, including deciduous broad-leaved forest,
mixed coniferous and broad-leaved forest, subalpine coniferous forest, shrub, and alpine
meadow. The Wanglang Plot we studied features a well-preserved subalpine coniferous
forest dominated by Abies faxoniana and Picea purpurea (Figure 1b), with an elevation span
of 2849–2947 m [16]. There are obvious bamboo (Fargesia denudate) layers of understory,
which is the moving range of giant pandas. The Wanglang Plot is the only Forest Global
Earth Observatory (ForestGEO) site that has been established in the giant panda habitats
worldwide and joined the Chinese Forest Biodiversity Monitoring Network (CForBio)
in 2020 [44].

2.2. Vegetation Investigation and AGB Estimation

We conducted a systematic investigation of woody stems with a main branch diameter
at breast height (DBH) ≥ 1 cm in 630 subplots within the Wanglang Plot in 2019, recording
their subplot number, measuring the DBH of the main branch and each sub-branch, identify-



Forests 2023, 14, 2197 4 of 14

ing the species level as well as labeling the location of each individual (Figure 1c). The total
number of listed plant individuals in the plot was 62,438, with a total of 117,472 branches
(DBH ≥ 1 cm). In total, there were 48 species of woody plants, belonging to 15 families
and 27 genera, with Abies faxoniana and Picea purpurea being the most dominant species
(important value = 0.53, 0.21, respectively), followed by Betula and Acer. The species list
and the important values of each family and genus of the Wanglang Plot are shown in
Tables S1 and S2.

We used specific allometric equations for each part (stem, branch, leaf) of the woody
plant species in nearby regions with similar climatic conditions or forest types to estimate
the aboveground biomass [51]. Because of the large error in determining tree height in
the plot, we uniformly chose the one-dimensional biomass equation based on DBH to
calculate aboveground biomass according to Equation (1), where W is the biomass of each
part (organ) of the plant, D is the DBH, and a and b are model parameters.

W = aDb (1)

The stand structure variables of each subplot including species richness (SR), stem
density, maximum DBH (max_DBH), DBH variance (cv_DBH), and important value of
spruce–fir (spruce–fir_IV, indicated by relative total basal area) were calculated using the
above investigation data, as shown in Table 1.

Table 1. Descriptive statistics of investigated subplots in the Wanglang Plot. Topography and stand
structure variables, N = 630; soil variables, N = 234.

Variables Abbreviations Units Mean SD Max Min Median

Topography
Elevation Elevation m 2866 16 2925 2849 2858

Slope Slope ◦ 24 11 57 5 25
Aspect Aspect ◦ 105 50 179 1 124

Soil
Soil organic matter SOM g/kg 200.2 71.7 403.2 55.1 189.5

Total nitrogen content TN g/kg 0.91 0.26 1.66 0.45 0.91
Total phosphorus content TP g/kg 7.53 2.72 13.75 2.38 7.71

Soil pH pH / 6.79 0.81 8.14 4.41 7.06
Stand structure
Species richness SR No. 16 3 24 5 17

Stem density Density No./ha 4627 1744 10,875 625 4575
Maximum DBH max_DBH cm 68.5 20.1 122.0 19.4 68.7
DBH variance cv_DBH / 180.9 40.0 284.3 64.7 185.0

Important value of
spruce–fir spruce–fir_IV / 74.11 24.99 99.14 0 82.98

2.3. Soil Sampling and Determination

We randomly selected 234 subplots for soil sampling and determination, and the
distribution of the plots investigated is shown in Figure S1. After the careful removal of the
organic layer, soil cores were taken at the four corners and the center of the 20 m × 20 m
subplot to a depth of 0–10 cm using a soil auger with an inner diameter of 3.8 cm. The
five soil cores were mixed as one sample for the subplot and transported to the laboratory.
Then, the soil samples were sieved through a 2 mm mesh after removing stones, roots,
and other visible organic debris and were then air-dried for several days until reaching a
constant weight. Soil organic matter (SOM) was determined using the K2CrO4 volumetric
method. Soil total nitrogen (TN) was determined using a CHN analyzer using Dumas
combustion (Vario EL III Elementar, Langenselbold, Germany). Soil total phosphorus (TP)
was measured using the molybdate/ascorbic acid method after H2SO4-HClO4 digestion,
and soil pH was determined by mixing the topsoil samples with distilled water at a 1:2.5
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(w/v) ratio with a pH electrode (Five Easy Plus, Mettler Toledo, Columbus, OH, USA).
Statistical information about the soil properties is shown in Table 1.

2.4. Topography Acquisition

We scanned the Wanglang Plot using a backpack Light Detection and Ranging (LiDAR)
scanning system (LiBackpack DG50, Beijing Green Valley Technology Co., Ltd., Beijing,
China). The LiDAR data were processed in Lidar360 V4.1 software through splicing, ground
point extraction, denoising, and Kriging interpolation to obtain a digital elevation model
(DEM) with a resolution of 0.2 m. Combining with the lowest elevation within the plot, we
calculated and obtained topography data such as the slope, aspect, and elevation of each
subplot in ArcGIS 10.3 [16]. The original aspect was converted into an angle to the north
(Table 1, ranging from 0 to 180).

2.5. Statistical Analysis

We first summed the total AGB of each subplot, presenting the spatial pattern and
frequency distribution of the AGB. The relationship between all measured variables (to-
pography, soil, and stand structure) was assessed using Pearson correlation coefficients
(Figure S2). Then, general linear regression models were applied to analyze the relation-
ships between the different variables and AGB. We further conducted multiple linear
regression models to compare the effect size of different variables on the forest AGB based
on the standardized coefficients. Multicollinearity was tested using the variance inflation
factor (VIF) and we removed the variables with a VIF > 5 from the model [52]. Model
selection was conducted with the ‘MuMIn’ package in R, comparing all possible models
and including all variables. The optimal model was selected based on Akaike information
criterion (AIC) values [24], and then the model results were presented in a forest plot. We
selected the final model including topography (slope, aspect), soil (SOM, TP), and stand
structure (SR, Density, max_DBH, and spruce–fir_IV). In addition, to evaluate the relative
importance of variables for explaining variation in AGB, we used hierarchical and variation
partitioning analyses (VPA) to compare the relative contributions of the three groups of
variables with the R package ‘rdacca.hp’ [53]. All variables were standardized before the
regression analysis. All statistical analysis and graphical representations were mainly
conducted using R 4.2.1 [54]. Finally, we employed structural equation models (SEMs)
including topography, soil, and stand structure to access the direct and indirect effects of
the selected variables on the AGB. The fitted model was evaluated by using the chi-square
(χ2) test, root-mean-square error of approximation (RMSEA), and goodness-of-fit index
(GFI). When the model satisfies p > 0.05, RMSEA < 0.05, and GFI > 0.90, the model is
fitted well. SEM analysis was performed in the Amos 21.0 software (Amos Development
Corporation, Chicago, IL, USA). Statistical significance was determined as p < 0.05 unless
otherwise noted.

3. Results
3.1. Spatial Distribution of Forest AGB

The spatial distribution of AGB in the Wanglang Plot was mapped based on biomass
estimated from 630 subplots (Figure 2a). The AGB was higher in the middle of the plot
where it was flatter, and lower on both sides of the plot where it was steeper. The forest AGB
was higher on the southern aspects than on the northern aspects as well. The mean value of
total AGB was 183.43 Mg/ha, the median value was 168.83 Mg/ha, the standard deviation
was 97.17, and the maximum value was 14.26 times the minimum value (Figure 2b). The
total AGB in the plot showed an approximately normal distribution, with most of the
subplots having an AGB of 100–200 Mg/ha. The mean value of the AGB of spruce–fir and
other species were 164.08 and 22.80 Mg/ha, ranging from 0.003 to 573.75 Mg/ha and from
1.03 to 191.37 Mg/ha, respectively (Figure 2c,d).
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Figure 2. (a) Forest aboveground biomass distribution in the Wanglang Plot: (b–d) frequency
distribution of aboveground biomass of total, spruce–fir, and other species, respectively.

3.2. Topography, Soil, and Stand Structure Factors Affecting Forest AGB

For topography factors, AGB decreased significantly with slope (R2 = 0.012, p = 0.048,
Figure 3b), and increased significantly with aspect (R2 = 0.046, p < 0.001, Figure 3c), but had
no significant relationship with elevation. For soil factors, AGB decreased significantly with
soil TP and pH (R2 = 0.048, p < 0.001, R2 = 0.013, p = 0.045, Figure 3f,g), but did not change
significantly with soil TN or SOM. For stand structure factors, AGB exhibited significantly
negative correlations with SR and Density (R2 = 0.013, p = 0.046, R2 = 0.066, p < 0.001,
Figure 3h,i), but exhibited significantly positive correlations with max_DBH, cv_DBH, and
spruce–fir_IV (R2 = 0.504, 0.359, 0.400, p < 0.001, respectively, Figure 3j–l). Of all factors,
max_DBH had the greatest effect on AGB, followed by spruce–fir_IV. Subplots with larger
maximum DBH were characterized by lower species richness and stem density (Figure S2).
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Figure 3. Regression relationships between forest aboveground biomass and topography, soil, and
stand structure variables (N = 234). (a) Elevation, (b) slope, (c) aspect, (d) soil organic matter, (e) total
nitrogen content, (f) total phosphorus content, (g) soil pH, (h) species richness, (i) stem density,
(j) maximum DBH, (k) DBH variance, and (l) important value of spruce–fir.
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The topography, soil, and stand structure variables together accounted for 64.9% of
the total variations in forest AGB according to the variation partitioning analyses (Figure 4).
Stand structure explained a much larger proportion of the variance (59.5%) than soil (3.22%)
and topography (2.22%) factors did. Multiple linear regression analysis showed that
max_DBH still had the greatest effect on AGB (positive effect), followed by spruce–fir_IV,
and the effect direction remaining unchanged (Figure 4). Density had the largest negative
effect on AGB. After controlling for other variables, aspect had no significant effect on AGB,
while the effect of SR on AGB was positive, but not significant. For the soil factors, SOM
significantly affected AGB (positive effect) while TP showed the opposite effect (Figure 4).
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Figure 4. Relative influences of topography, soil, and stand structure variables on forest aboveground
biomass. In each panel, the left part is the relative contribution of different groups of variables
based on variation partitioning analyses, and the right part is the standardized coefficients from
multiple linear regressions estimated separately for each variable. The bars refer to the standard
errors of regression coefficients. SOM, soil organic matter; TP, total phosphorus content; max_DBH,
maximum DBH; spruce–fir_IV, important value of spruce–fir; SR, species richness; Density, stem
density. * p < 0.05; ** p < 0.01; *** p < 0.001.

The structural equation models revealed the direct and indirect effects of three groups
of variables on AGB (Figure 5, Table 2). Topography mainly affected AGB by modulating
the soil properties and stand structure. Slope increased SOM and TP and reduced stem
density to achieve a negative effect on AGB (total effects = −0.022). Aspect indirectly
promoted AGB by increasing SOM and reducing TP (total effects = 0.098). SOM directly
promoted AGB (total effects = 0.100), while TP reduced AGB through direct path and
reducing spruce–fir_IV (total effects = −0.256). Stand structure directly affected AGB,
with max_DBH and spruce–fir_IV showing positive effects (total effects = 0.703 and 0.272,
respectively), while stem density had a negative effect (total effects = −0.163).
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Figure 5. Structural equation model examining the multivariate effects of topography, soil, and stand
structure variables on forest aboveground biomass. One-way arrows indicate causal relationships,
and two-way arrows indicate correlations. Black, red, and dashed gray arrows indicate positive,
negative, and insignificant effects, respectively. Numbers on the arrows are standardized path
coefficients, and the arrow width is proportional to the standardized path coefficient. SOM, soil
organic matter; TP, total phosphorus content; max_DBH, maximum DBH; Density, stem density;
spruce–fir_IV, important value of spruce–fir. * p < 0.05, *** p < 0.001.

Table 2. Direct, indirect, and total standardized effects of topography, soil, and stand structure
variables on forest aboveground biomass based on structural equation model. SOM, soil organic
matter; TP, total phosphorus content; max_DBH, maximum DBH; Density, stem density; spruce–fir_IV,
important value of spruce–fir.

Direct Effects Indirect Effects Total Effects

Aspect 0 0.098 0.098
Slope 0 −0.022 −0.022

TP −0.173 −0.084 −0.256
SOM 0.088 0.012 0.100

max_DBH 0.561 0.142 0.703
Density −0.146 −0.017 −0.163

spruce–fir_IV 0.272 0 0.272

4. Discussion
4.1. Stand Structure Determined Forest AGB

In our study, it was found that stand structure plays a more important role in deter-
mining forest aboveground biomass than topography and soil factors, explaining a large
proportion (59.5%) of the total variation (Figure 4). In particular, the max_DBH had the
highest contribution and was the determinant of the spatial distribution of forest AGB
(Figures 3j, 4 and 5). Previous studies have reported that stand structure is a better predictor
of AGB [40,42,43]. The stand structure of individuals including DBH, tree height, and wood
density are often used as variables in biomass equations; therefore, factors associated with
individual size also have strong positive correlations with AGB [55]. Trees with a larger
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DBH tend to have large heights and high woody volumes, which leads to the storage of
large quantities of carbon and contributes greatly to the AGB [7,56]. In addition, the size of
the larger individuals mainly reflects the age of the forest community, indicating that the
community is progressively less affected by disturbance, which tends to have a great po-
tential for carbon sequestration and biomass accumulation along the chronosequence [57].
Species traits related to maximum tree size might also play an important role in explaining
large-scale variations in AGB [28,29,55,58], which requires further confirmation in future
studies. The cv_DBH, which represents the structural complexity of the forest, also had a
large effect on AGB (Figure 3k). Higher DBH variance indicates the presence of individuals
of all sizes in plot and diverse ecological niche differentiation, which enables better use of
the space, resources, and energy, favoring biomass accumulation [34,41]. However, due
to the strong collinearity between cv_DBH and max_DBH, we did not consider it in the
following multiple linear regression models and SEMs (Figures 4 and 5).

We found that stem density had a significant negative effect on forest AGB
(Figures 3i, 4 and 5). The forest biomass is a composite of individual biomass, and it
is generally accepted that the higher the stem density in a forest, the more biomass that has
accumulated [55]. But in the Wanglang Plot we studied, there were fewer large trees in the
subplots with high stem density, which indicated a significant negative correlation between
them (Figure S2). Therefore, the AGB of subplots with high stem density was lower instead.
Although positive stem density and biomass relationships have been observed in many
studies [56,59], it may depend on the forest type or spatial scale [60]. Many studies have
reached the main conclusion that species richness enhanced the forest productivity and
promoted the accumulation of biomass in different forest types [37,38,61]. We found a
negative correlation between species richness and AGB using general linear regression
models (Figure 3h). But when topography and soil variables were controlled, there was a
positive relationship between SR and AGB, although the effect of SR was relatively small
compared to other variables (Figure 4).

4.2. Influence of Topography and Soil on Forest AGB

Topography and soil affect the AGB variability in forests; however, the influence can
be overshadowed by the various structural conditions existing in the stands that make up
the forest [15,62]. In this study, we found that the effect of topography and soil variables on
forest AGB was smaller than that of stand structure, and they explained a total of 2.22% and
3.22% of the variation in AGB, respectively (Figure 4). The results of the SEMs suggested
that topography and soil mainly affect AGB by modulating the stand structure of forests
(Figure 5 and Table 2). The significant indirect effect of soil fertility on AGB corroborates
previous reports [63], which also demonstrated that soil P content is a key driver of forest
biomass dynamics. AGB increased significantly with SOM, but decreased significantly with
TP in our study (Figures 4 and 5); that is, AGB changes inconsistently with increasing soil
fertility. This may be due to the low accumulation of SOM in this forest, where the soil is
high in TP, but relatively low in AP [28]. Numerous studies have found that forest biomass
is greater on fertile soils because fertile soils help to increase the number and size of trees,
and therefore more biomass can be accumulated [27,29]; however, there are also studies
that have found lower biomass on fertile soils [30]. Fertile soils may lead to a high degree
of competition that may also increase forest turnover, causing lower biomass due to carbon
loss from forest mortality [28]. Another explanation is that trees growing in low-fertility
soils usually employ a conservative growth strategy, increasing their wood density and
longevity and then resulting in high overall AGB [31,32]. There is also a hypothesis that a
one-peak curve relationship between soil nutrients and AGB is existed, which still needs to
be further explored [30].

Slope and aspect were the main topography factors in this study, and forest above-
ground biomass increased with aspect, but decreased with slope (Figure 3b,c), which
contributes to the formation of a distribution pattern with the highest AGB on flatlands,
followed by southern aspects, and the lowest on the northern aspects (Figure 2a). Topog-
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raphy influenced the microclimate as well as soil properties, which may, in turn, affect
species distribution and community composition [21,64], eventually determining AGB. In
our study, topography mainly affected AGB by altering the soil properties and stem density
(Figure 5). Aspect had a significant effect on AGB, with higher biomass on southern aspects
than on northern aspects, which is consistent with the results of other studies [65–67]. AGB
was shown to differ between sites with sunny and shady aspects by affecting stem density
and species diversity [68]. In the northern hemisphere, southern aspects generally have
long daylight hours, abundant light resources, and relatively high temperatures [65,66]. Ac-
cording to the species–energy hypothesis, higher energy can support more individuals, thus
favoring the maintenance of higher levels of species diversity in the community [69,70]. Pre-
vious study supported our result that AGB exhibited a negative relationship with slope [62].
Slope is an important driver of water and soil nutrient mobility [67,71], and soils with high
slopes tend to be dry and heavily leached of nutrients, with acidic soils [72], which is not
conducive to plant growth, maintenance of diversity, and accumulation of AGB. The weak
effect of elevation on AGB might be attributed to the relatively small range of elevations in
the Wanglang Plot.

5. Conclusions

In this study, we investigated 630 subplots to explore the spatial distribution and
determinants of forest AGB in the Wanglang Plot in southwestern China. The results
showed that the AGB varied remarkably among different subplots, with an average of
184.42 Mg/ha. The overall distribution of AGB was highest on flatlands, followed by
southern aspects, and the lowest distribution was found on northern aspects. AGB was
jointly shaped by topography, soil, and stand structure, with aspect, SOM, max_DBH, and
spruce–fir_IV promoting AGB significantly, while slope, TP, and stem density reduced AGB
significantly. Among all variables, maximum DBH determined the spatial distribution of
forest AGB. As a result, more attention needs to be paid to large trees, which contribute
strongly to carbon storage in forest ecosystems. Our results are of great significance to
accurately estimate and predict the productivity of the subalpine coniferous forest, and can
provide insights into the diversity maintenance as well as the conservation and management
of forest ecosystems.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f14112197/s1: Figure S1. Distribution of plots investigated for
soil properties; Figure S2. Correlations between topography, soil, and stand structure variables
(N = 234). The size and the color gradient of the circle represent Pearson’s correlation coefficients.
SOM, soil organic matter; TN, total nitrogen content; TP, total phosphorus content; SR, species
richness; Density, stem density; max_DBH, maximum DBH; cv_DBH, DBH variance; spruce–fir_IV,
important value of spruce–fir. * p < 0.05, ** p < 0.01, *** p < 0.001; Figure S3. Regression relationships
between forest aboveground biomass and topography, soil, and stand structure variables (N = 630).
(a) Elevation, (b) slope, (c) aspect, (d) species richness, (e) stem density, (f) maximum DBH, (g) DBH
variance, and (h) important value of spruce–fir; Table S1. Woody plant list in the Wanglang Plot;
Table S2. Importance value (IV) of woody plants in the Wanglang Plot.
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