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Abstract

Purpose Soil properties are highly heterogeneous in forest
ecosystems, which poses difficulties in estimating soil carbon
(C) and nitrogen (N) pools. However, little is known about the
relative contributions of environmental factors and vegetation
to spatial variations in soil C and N, especially in highly di-
verse mixed forests. Here, we examined the spatial variations
of soil organic carbon (SOC) and total nitrogen (TN) in a
subtropical mixed forest in central China, and then quantified
the main drivers.

Materials and methods Soil samples (n = 972) were collected
from a 25-ha forest dynamic plot in Badagonshan Nature
Reserve, central China. All trees with diameter at breast height
(DBH) >1 cm and topography data in the plot were surveyed
in detail. Geostatistical analyses were used to characterize the
spatial variability of SOC and TN, while variation partitioning
combined with Mantel’s test were used to quantify the relative
contribution of each type of factors.

Results and discussion Both surface soil (0—10 cm) and sub-
surface soil (10-30 cm) exhibited moderate spatial autocorre-
lation with explainable fractions ranged from 31 to 47 %. The
highest contribution to SOC and TN variation came from soil
variables (including soil pH and available phosphorus),
followed by vegetation and topographic variables. Although
the effect of topography was weak, Mantel’s test still showed a
significant relationship between topography and SOC. Strong
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interactions among these variables were discovered.
Compared with surface soil, the explanatory power of envi-
ronmental variables was much lower for subsurface soil.
Conclusions The differences in relative contributions be-
tween surface and subsurface soils suggest that the dominating
ecological process are likely different in the two soil depths.
The large unexplained variation emphasized the importance of
fine-scale variations and ecological processes. The large var-
iations in soil C and N and their controlling mechanisms
should be taken into account when evaluating how forest man-
agements may affect C and N cycles.

Keywords Forest ecosystems - Soil organic carbon - Spatial
variation - Total nitrogen - Variation partitioning

1 Introduction

Soil carbon (C) and nitrogen (N) are often characterized by
high spatial variation in forest ecosystems due to their high
environmental heterogeneity (Kleb and Wilson 1997;
Gallardo 2003; Townsend et al. 2008). Local soil organic car-
bon (SOC) and total nitrogen (TN) patterns can be influenced
by many biotic and abiotic factors such as disturbance history
(Chen and Shrestha 2012), vegetation composition (De Deyn
et al. 2008; Diaz-Pinés et al. 2011), geomorphic features (Tsui
etal. 2004; Seibert et al. 2007), and soil physical and chemical
properties (Silver et al. 2000; Hook and Burke 2000) through
various ecological processes. However, little is known about
the relative contributions of these factors to SOC and TN
patterns since there are complex interrelations between differ-
ent factors (Peri et al. 2012; Yuan et al. 2013). This knowledge
gap limits our understanding of the sensitivity of biogeochem-
ical cycles to environmental changes in terrestrial ecosystems
and poses huge difficulties in estimating soil C and N pools. In
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addition, the spatial structure of ecological data, which repre-
sents a synthetic variable for the underlying processes that
generated it, has often been overlooked to some extent
(Borcard et al. 1992; Legendre et al. 2002).

SOC and TN content can be affected by many vegetation
attributes at individual or community level such as species life
form (Mueller et al. 2012), species richness (Fornara and
Tilman 2008; Cong et al. 2014), and age structure (Pregitzer
and Euskirchen 2004; Bradford et al. 2008). Most studies
were interested in only one of these attributes while other
attributes were not considered. Better understanding of the
relative roles of each groups of variables in shaping soil C
and N variations should shed new light on the plant-soil inter-
action mechanism in the context of global change.

Although the development of geostatistics facilitates eval-
uation of the spatial variation of soil properties (Goovaerts
1998), evidence showed that sampling design and sampling
density (the number and distribution of sampling points) could
affect the ultimate results (Liski 1995). Due to the large
amount of samples required to analyze spatial pattern of soil
properties, few studies have sufficient sampling density in
forest ecosystems to study SOC and TN patterns
(Muukkonen et al. 2009; Yuan et al. 2013). Here, we address
this knowledge gap by presenting a detailed sampling inves-
tigation of both soil and vegetation in a highly heterogeneous
subtropical mixed forest, providing a comprehensive analysis
of SOC and TN patterns, and their controlling factors.

Surface soil is in close contact with the outside environment
and has been shown to be sensitive to environmental change
and human disturbances (Mills et al. 2014). However, environ-
ment factors do not act on subsurface soil directly. Subsurface
soil has a weaker connection with outside environmental
changes than surface soil. So, the spatial variation of surface
soil would have a larger uncertainty, especially at heteroge-
neous regions with strong influences from fine-scale variations
in environmental factors. In addition, the proportion of recalci-
trant carbon in soil carbon pool usually increases with soil
depth, and the recalcitrant carbon is less sensitive to soil prop-
erties (Rumpel and Kdgel-Knabner 2011).

The evergreen and deciduous broad-leaved mixed forests
in the Badagongshan (BDGS) National Nature Reserve are
located in mid-subtropical region in central China. There are
a wide variety of combinations of environmental variables,
according to the high biodiversity and the complex topogra-
phy in this region (Qiao et al. 2015). Considering the com-
plexity of the combined environment in this region and the
differences between surface soil and subsurface soils, we hy-
pothesized that (1) the spatial autocorrelation of SOC and TN
in surface soil is weaker than subsurface soil, and (2) the
explanatory power of environmental factors is lower for sub-
surface soil, compared with surface soil. To test these hypoth-
eses, we were interested in the natural variability of SOC and
TN and the relative contribution of their major determinants.

So, the two main objectives are (1) to estimate the spatial
variations of SOC and TN for both surface and subsurface
soils and (2) to quantify the relative contributions of environ-
mental factors including vegetation, soil properties, topogra-
phy, and spatial structure to the spatial variations of SOC and
TN.

2 Materials and methods
2.1 Study site

Our study site is the BDGS 25-ha (500 m x 500 m) forest
dynamic plot, one of the nodes in CForBio (China Forest
Biodiversity Monitoring Network), located in the
Badagongshan National Nature Reserve (Fig. 1) in central
China (29° 46.041' N, 110° 5.248" E). The climate is subtrop-
ical mountain humid monsoon with annual precipitation aver-
ages of 2100 mm. Topography is characterized by deep val-
leys, steep slopes, and flat tops. The soil, developed mainly on
shale with a thin mineral A horizon (about 10 cm), is classified
as mountain yellow-brown earths (Hapludalfs according to
US Soil Taxonomy Series 1999). Pedogenic processes are
characterized by leaching, clay accumulation, and litter depo-
sition. The plot has a total of 238 tree species (94 evergreen
and 144 deciduous) with dominant canopy trees include
Fagus lucida, Carpinus fargesii, Schima parviflora,
Sassafras tzumu, Castanea seguinii, Cyclobalanopsis
multinervis, and Cyclobalanopsis gracilis (Guo et al. 2013).

2.2 Field sampling and laboratory analyses

Soils were sampled from June to September, 2013. We used
the same sampling design as the 24-ha Gutianshan forest dy-
namic plot survey (Zhang et al. 2011). The main part
(480 m x 480 m) of the plot was divided into 30 m x 30 m
quadrat. The remaining part was divided into 32 20 m x 30 m
grids and 1 20 m x 20 m grid (Fig. 2). Soils were sampled at
the intersections of grid lines. In order to capture variations in
soil properties at finer scales, two additional sampling points
were selected in a random compass direction from each inter-
section. The distances from the intersection to the two addi-
tional points were chosen randomly without replacement from
2,5, and 15 m (Zhang et al. 2011). Thus, a total number of 972
sampling points were selected. We collected soil at two depths
(0-10 and 10-30 cm) using a 3.4-cm diameter soil auger.
Three soil samples 0.2 m apart from the sampling point were
obtained after litter layer was removed, if present, then bulked
for laboratory analysis.

Each soil sample was air-dried, then divided into subsam-
ples to analyze different soil properties. Soil pH was measured
as a soil to solution ratio of 1:2.5 of air-dried soil and deion-
ized water. SOC and TN concentrations were determined
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Fig. 1 The location and contour
map of the 25-ha BDGS forest
plot, China. The number in the
contour map is elevation (m)
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using dry combustion method on elementary analyzer  grid lines (Condit 1998), and then used GPS to obtain the
(Thermo Scientific Flash 2000 HT, German). Soil available elevation data at several randomly selected intersections.

phosphorus (AP) was extracted with 0.03 mol/L NH4F -  After that, we calculated the elevation of the remaining points
0.1 mol/L HCI solution, and then was determined using col-  using kriging interpolation.
orimetry (TECAN Infinite M200pro). Soil texture was deter- All trees with diameter at breast height (DBH) >1 cm were

mined only for soil samples in 0—10 cm, using the laser dif-  identified to species level and measured. Geographic coordinates
fraction method on a Mastersizer 3000 (Ryzak and  of each tree were recorded during July 2010-November 2011.
Bieganowski 2011).

Topography data including slope, aspect, and slope posi- 2.3 Data analyses
tion at each sampling point were recorded using compass. To
measure elevation accurately, we first used electronic distance ~ Geostatistics in combination with descriptive statistics were
measuring device (EDMD) to survey every intersection ofthe  used to characterize the spatial variability of SOC and TN.
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Soil data were transformed by using the Box-Cox transforma-
tion to reduce skewness prior to geostatistical analyses
(Gallardo and Parama 2007). Semivariograms were calculated
to identify the degree of spatial variations for SOC and TN,
and then were fitted by spherical models to facilitate compar-
isons. Interpolations of SOC and TN were conducted using
kriging; however, cross-validation results indicated that the
accuracy of kriging was not suitable to predict soil C and N
maps (R*> < 0.3).

To assess the relative contributions of environmental and
spatial variables and their interactions to the variations of SOC
and TN, a variation partitioning method based on constrained
and partial canonical ordination techniques was adopted
(Borcard et al. 1992). However, if all four types of variables
were involved in the variation partitioning process, complex
interactions among them will make the results difficult to un-
derstand and interpret. To enhance comprehensibility of the
results, we chose three types of explanatory variables for var-
iation partitioning, including soil, vegetation, and spatial var-
iables (according to the preliminary results of variation
partitioning, explanatory power of topography was about
4 %, and was smaller than other types of variables). A separate
multiple regression analysis for topographic variables was
conducted due to its low explanatory power.

Soil variables include soil pH, soil AP, and soil texture. Due
to the lack of soil texture data for soils in 10-30-cm depth
range, we introduced only soil pH and soil AP as soil variables
in variation partitioning to facilitate comparison between 0—
10- and 10-30-cm depth range. The effect of soil texture on
SOC and TN variations was analyzed only for soils in 0—-10-
cm depth range.

When constructing vegetation-related variables, we chose
three different sizes of circles (radius of 5, 10, or 20 m) with
sampling points as the center, then we calculated eight vege-
tation parameters for each circle size (Table 1). Considering
the distance of different trees from the sampling point and the

Table 1
variables

Abbreviations and explanations of different vegetation

Abbreviation Explanation

Num The number of trees DBH >1 cm

Prop The proportion of the number of trees DBH >5 cm in
all trees

SBAw The weighted sum of basal area of all trees DBH >1 cm

BAw The weighted basal area of the nearest trees DBH >5 cm

DSBAy The weighted sum of basal area of deciduous trees
DBH >1 cm

ESBAw The weighted sum of basal area of evergreen trees
DBH >1 cm

SR Species richness

BI Biodiversity index (Shannon-Wiener index)

strong positive relationship between leaf litter production and
tree basal area (Adu-Bredu et al. 1997; Yuan et al. 2013), we
calculated the weighted sum of basal area of trees in each
circle (SBAy). The computation formula is as follows:

n

BA;
5B = ; Dist;’

where BA, is the basal area of tree i, Dist, is the distance of tree
i from the sampling point, and 7 is the number of trees in a
circle. All the calculated vegetation variables are listed in
Table 1. Finally, the vegetation variables calculated in a 20-
m radius were used in variation partitioning, since the explan-
atory power of vegetation variables at 20-m radius were was
much greater than that in 5- or 10-m radius.

As for spatial variables, we used principal coordinates of
neighbor matrices (PCNMs) to produce a series of dummy
variables, to represent the spatial structure of the study site at
multiple spatial scales. This method is based on principal co-
ordinate analysis of a truncated Euclidean distance matrix
among sampling points using the geographic coordinates
(Borcard and Legendre 2002). Topographic variables include
aspect, slope, slope position, and elevation at each sampling
point.

Forward selections of variables were conducted before the
variation partitioning analyses to keep only the variables that
significantly affect SOC and TN variations (Blanchet et al.
2008). Because a large spatial trend in the data across the site
violates the stationarity assumption, detrending of data was
conducted (Gallardo 2003). PCNM variable selection was ac-
complished after data was detrended.

As a complement, we used Mantel test to identify correla-
tions among matrices transformed by different variables, and
we also used partial Mantel test to examine relationships after
exclude the effect of spatial structure.

Statistical and geostatistical analyses were performed in R
3.3.0, using “geoR” package (R Development Core Team
2016). Forward selections were accomplished by using the
“packfor” package (Dray 2011). We used the “PCNM” pack-
age to generate the PCNM variables (Blanchet et al. 2008).
Both variation partitioning analyses and Mantel test were per-
formed by using the “vegan” package (Oksanen et al. 2016).

3 Results

3.1 Semivariogram analysis of SOC and TN

Descriptive statistics of soil data at different depth ranges are
shown in Table 2. The difference of SOC in 0-10- and in 10—

30-cm depth range was statistically significant (p < 0.05),
while no difference were discovered for TN between different
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Table 2  Descriptive statistics and parameters for the spherical
semivariogram models of SOC and TN in the BDGS 25-ha plots

Unit Mean SD CV Range® C Cy, C/Co+C

SOCy 1oem % 842 261 031 2921 001 0.03 031
SOCip30em % 471 146 031 23.66 0.04 0.06 042
T™No1oem % 063 0.17 027 3892 0.2 0.05 031
TNwsoan % 034 010 030 5429 0.02 0.02 047

C and C, are Box-Cox transformed variances

4 Units in meters

depth ranges (Table 2). SOC concentration ranged from 3.15
t0 22.33 % in 0—10-cm depth range and from 0.25 to 1.42 % in
10-30-cm depth range, respectively.

Both SOC and TN in both depth ranges showed a moderate
CV (27-31 %). Furthermore, the fitted spherical models
showed that there were moderate spatial autocorrelations at
the observed scale with explainable fractions (C/C + Cg)
ranged from 31 % for 0—10-cm depth range to 47 % for 10—
30-cm depth range. Semivariogram ranges (the distance of
spatial autocorrelation) of SOC were 29.21 m in 0-10-cm
depth range and 23.66 m in 10-30 cm, while semivariogram
ranges of TN were 38.92 m in 0—10-cm depth range and
54.29 m in 10-30 cm. However, the results of cross-
validation indicated a poor prediction when using kriging in-
terpolation based on the fitted model. Semivariograms of SOC
and TN also showed relatively large nuggets (Fig. 3).

3.2 Mantel’s test between variables

For soils of 0—-10 cm, results of simple Mantel tests indicated
significant effects of environmental variables on both SOC
and TN (Table 3). Partial Mantel test (removing the effects
of spatial structure) found similar significant effects of envi-
ronmental variables on both SOC and TN.

For soils of 10-30 cm, simple Mantel tests showed signif-
icant correlation between soil variables and SOC; this signif-
icant correlation maintains when using partial Mantel to re-
move the effects of spatial structure. Topographic variables
were found to be significantly correlated with TN for both
simple and partial Mantel tests. Meanwhile, the correlations
between soil variables and TN were found to be marginally
significant with a p value close to 0.05 for both simple and
partial Mantel tests (Table 3).

3.3 Variation partitioning of SOC and TN

According to the results of variation partitioning, the ex-
plained SOC variation by these groups of variables in 0—10-
cm depth range and 10-30-cm depth range were 47.8 and
24.4 %, respectively (Fig. 4). Likewise, the explained TN
variation in 0-10 and 10-30 cm were 39.0 and 29.9 %,
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respectively. The pure effects of each group of factors on
SOC and TN were significant in both depth ranges. The pure
effect of vegetation was lower than the interactions between
vegetation and other variables, but pure effects of soil mostly
had greater explanatory power for both SOC and TN. The
pure effect of space always has greater power than the inter-
actions. However, in terms of absolute values, they were all
very low.

For SOC in 0—10-cm depth range, the highest contribution
came from soil variables (35.8 %, including soil pH and AP),
followed by spatial structure (21.6 %, including 20 PCNMs)
and vegetation composition (11.1 %, including SBA,, and
SR). For SOC in 10-30-cm depth range and TN in both depth
ranges, the contributions consistently followed the order of
spatial variables > soil variables > vegetation variables.

When soil texture was taken into account, explanatory
power of soil variables for SOC in 0—10-cm depth range in-
creased from 35.8 to 42.7 %, and explanatory power of soil
variables for TN in 0—10-cm depth ranged from 18.8 to
22.6 %. According to multiple regressions, topographic vari-
ables were also significantly related with SOC and TN, even if
only about 4 % of SOC variation was explained by topogra-
phy. In addition, the results also indicated that soil pH and clay
content were negatively related with SOC, while soil AP,
SBA,,, and SR exhibited positive correlations with SOC.

4 Discussion

4.1 SOC and TN concentration and their spatial
variability

The estimation of the SOC and TN concentration in our study,
which was consistent with the technologic report for BDGS in
1982 (Liu 1983), was higher than that in other subtropical
forests under the same latitude (Ding et al. 2011; Xu et al.
2008). These results indicated that precise local estimates of
soil carbon stock with large sample size were indispensable
for regional and global estimates. Although semivariogram
analyses demonstrated that there were similarities in the pat-
terns of spatial variation for SOC at two different depth ranges
in our study site, the relatively lower C/C + C value (0.31) of
SOC and TN in 0-10-cm depth range, compared with that
value (0.42-0.47) in 10-30-cm depth range, confirm the first
hypothesis that subsurface soil has a stronger spatial autocor-
relation of SOC and TN than surface soil.

Because the nugget (Cy) represents the variance due to
sampling error and/or spatial dependence at scales not explic-
itly sampled (Ettema and Wardle 2002), the relatively high
value of C, suggested that there still existed a large variation
at finer scales. It has been reported that microbial biomass,
structure, and activity have a strong correlation with the min-
eralization of SOC (Von Liitzow and Kogel-Knabner 2009).
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Fig.3 Semivriograms of Box-Cox transformed SOC (a) and TN (b) concentration in 0—10cm depth range and SOC (¢) and TN (d) concentration in 10—

30 cm using the 972 soil samples. Distance is in meters

High spatial variations of soil respiration and microbial com-
munity composition at small scale in our plot have been found
(unpublished data). Thus, fine-scale microbial characteristic,
regulated by fine-scale environmental factors, may play a key
role in fine-scale (<2 m) spatial variation of SOC.
Furthermore, the higher heterogeneity of soil properties may
be one of the reasons for the higher plant diversity in this
forest than other subtropical forests.

4.2 The relative contributions of variables to SOC and TN

The determinants of SOC dynamics change with the spatial
scales (O’rourke et al. 2015). At local scale, many different
local environmental factors may influence the spatial dynam-
ics of SOC and TN, few studies used variation partitioning
with spatial variables to address the relative influence of these
factors (Yuan et al. 2013).

Table 3 Results of simple and

partial Mantel tests between SOC Variable Variable~space =~ SOC~variable ~ SOC~variable | TN~variable =~ TN~variable |
and TN matrices, environmental Space Space
variables matrices (soil,
vegetation, and topography) and r p r p r p r P r p
spatial structure matrices (space)
in the BDGS plot 0-10-cm depth range
Space - - 0.03 0.043 - - 0.01 0254 - -
Soil 0.02 0.112 034 0.001 034 0.001 022 0.001 0.22 0.001
Vegetation 0.04 0.002 0.09 0.001 0.08 0.001 0.05 0.008 0.05 0.009
Topography  0.09  0.001  0.05 0.027 0.04 0.026 0.07 0.002 0.07 0.002
10-30-cm depth range
Space - - 0.03 0.016 - - 0.03 0.032 - -
Soil 0.02 0.145 0.1 0.002 0.1 0.001 0.04 0.057 0.04 0.047
Vegetation 001 0.176 0.01 0.227 0.01 0.258 0 0499 0 0.482
Topography  0.08  0.001  0.02 0.127 0.02 0.145 0.1 0.001 0.1 0.001

The Mantel correlation coefficient (r) and significance level (p) is shown for each test
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Fig. 4 Variation partitioning a
results of SOC (a) and TN (b) in
0-10-cm depth range and SOC (¢)
and TN (d) in 10-30-cm depth
range against the soil (without soil
texture data), vegetation, and
spatial variables. Values <0 were
not shown. Significant values

(p < 0.05) after 999 permutations
are indicated with asterisk

Vegetation”
0.007

Unexplained variation = 0.522

Vegetation”

Unexplained variation = 0.610

Vegetation”
0.009

Unexplained variation = 0.756

Vegetation”
0.024

Unexplained variation = 0.701

In our study site, soil variables are the main determinants of
SOC patterns in surface soil. Soil conditions can directly influ-
ence the functional composition, activity, and biomass of mi-
crobes that control the rate of litter decomposition (Davidson
and Janssens 2006) and SOC mineralization (Von Liitzow and
Kogel-Knabner 2009). Despite the well-demonstrated positive
relationship between soil clay content and SOC at regional or
global scale (Jobbagy and Jackson 2000), soil sampling points
with higher clay content may experience stronger soil leaching
in this area due to the high annual precipitation; thus, the strong
soil leaching and the deposition of clays may result in an op-
posite phenomenon that the SOC concentration were negative-
ly related with clay content at local scale.

It has been argued that the mineralization of soil organic
matter was influenced by soil acidity through regulating soil
microbial and enzyme activity, and this may lead to a signif-
icant correlation between soil pH and SOC (Curtin et al. 1998;
Rousk et al. 2009). It is widely considered that phosphorus is
the limiting factors of primary production and litter decompo-
sition in tropical and subtropical forests (Kaspari et al. 2008).
High soil P availability can promote the growth of tree species
and increase the rate of litter decomposition, thus facilitate the
accumulation of SOC (Hobbie and Vitousek 2000; Cleveland
et al. 2006). Soil ecological processes at fine scale like the
physical protection of soil organic matter by soil particles
may also play an important role in the spatial variability of
SOC and TN (Stockmann et al. 2013; Vogel et al. 2014).

Vegetation composition can alter soil properties which are
important for SOC decomposition (Huang et al. 2013, 2014).

@ Springer

As for vegetation, compared with its pure effect, the interac-
tion between vegetation and soil was greater in the 0—10-cm
depth range which indicated that trees might regulate SOC
and TN indirectly through changing soil conditions. In addi-
tion, several studies have reported that the main source of
SOC were litter input and root exudates which have a strong
relationship with tree basal area (Yuan et al. 2010). Therefore,
the larger the basal area and the smaller the distances of trees
from sampling point, the more soil carbon input and
accumulation.

A strong positive relationship between plant species rich-
ness and soil C storage has been reported in previous studies
(Cong et al. 2014). Plant species richness or functional diversity
has a positive influence on aboveground primary production,
litter degradation, and microbial biomass (Diaz and Cabido
2001; Chung et al. 2007). These processes may be key contrib-
utors to the positive relationship between plant diversity and
soil C. Studies on how species richness may affect ecosystem
functions were mostly limited to grassland ecosystems. More
studies on forest ecosystem are imperative to understand the
mechanisms of tree diversity effects on soil C.

The effects of spatial structure on SOC and TN variations
are shared by soil, and vegetation variables may partly be a
consequence of abiotic and biotic processes such as soil
leaching and litter input which can be affected by soil auto-
correlation and the spatial distribution of tree individuals, re-
spectively. However, a large majority of variation was unex-
plained by these selected variables, a follow-up study refer to
other important variables such as root biomass and activities
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are helpful to understand the mechanism of SOC and TN
patterns further (Wiesmeier et al. 2013).

It has been reported that the proportion of recalcitrant car-
bon in soil carbon pool increased with soil depth, and soil
properties have little effect on the decomposition of recalci-
trant carbon (Rumpel and Kogel-Knabner 2011). In our study,
compared with surface soil, the explanatory power of environ-
mental variables was much lower for subsurface soil. This
result was consistent with the second hypothesis. This also
indicated that surface soil carbon and nitrogen were more
sensitive to soil properties than subsurface soil in this region.
These results suggest that the mechanisms of SOC and TN
patterns in 0—10-cm depth range are different from that in 10—
30 cm, although variation explained by vegetation and spatial
variables and their interactions in 0—10-cm depth range were
similar to 10-30-cm depth range. Few climate change models
distinguished the difference between surface soil and subsur-
face soil (Ortiz et al. 2013). A better understanding of the SOC
and TN patterns of subsurface soil and their impact factors are
helpful to improve these climate change models.

Yuan et al. (2013) found that topographic variables ex-
plained 17 % of SOC variation in an old-growth temperate
forest. By contrast, only 4 % of variation was explained by
topography in our studies. Topography can affect the forma-
tion and decomposition of SOM by changing soil hydrother-
mal conditions (Hicks and Frank 1984). However, because of
the very high canopy closure and the very high annual precip-
itation, soil temperature, and moisture may be not limiting
factors in subtropical forests at BDGS.

5 Conclusions

Our results demonstrated that subsurface soil had a slightly
stronger spatial autocorrelation in SOC and TN than surface
soil. There was a relatively high portion of spatial variations,
and SOC and TN were mainly determined by soil properties
like soil pH and AP and soil texture. Vegetation distribution
and topography also contributed significantly by changing
soil conditions, since a strong interaction of these variables
were discovered. The overall low explanatory power of these
variables in this study also suggested that fine-scale environ-
mental factors such as microtopography, soil microbes and the
composition of litterfall are likely important factors in affect-
ing SOC and TN distribution, which should be given more
attention in further studies.

The results of this study illustrated the large variation in soil
C and N and the differences in their determining mechanisms
should be taken into account when evaluating how forest man-
agement may affect C and N cycles regionally and globally.
When evaluating the effects of global climate change on forest
ecosystem, its effects on individual controlling ecological pro-
cesses should be carefully examined before drawing any

conclusion on its synthetic effects on the spatial distribution
of soil C and N.
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