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• Digital soil mapping was efficient for
evaluation of the SOC changes at large
scale with limited data.

• Topsoil organic carbon increased in
North China and rapidly decreased in
Northeast China, however its stock
remained neutral.
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factor of the SOC changes in North and
Northeast China.
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Soil is recognized as the largest carbon reservoir in the terrestrial ecosystem. Soil organic carbon (SOC) is vulner-
able to changes in land use and climate. For a better understanding of the SOC dynamics and its driving factors,
we collected data of the 1980s and 2000s in the North and Northeast China and conducted the digital soil map-
ping for spatial variation of SOC for the respective period. In the 1980s, 585 soils were sampled and the area was
resampled in 2003 and 2004 (1062 samples) in a 30-km grid. The main land use in the area was cropland, forest
and grassland. The random forest was used to predict the SOC concentration and its temporal change using land
use, terrain factors, vegetation index, vis-NIR spectra and climate factors as predictors. The average SOC concen-
tration in 1985was 10.0 g kg−1 compared to 12.5 g kg−1 in 2004. The SOC variationwas similar over the two pe-
riods, and levels increased from south to north. The estimated SOC stockwas 1.68 Pg in 1985 and 1.66 Pg in 2004,
but the SOC changesweredifferent under different land uses. Over the twenty-year period, average temperatures
increased and large areas of forests and grasslandwere converted to cropland. SOC under croplandwas increased
by 0.094 Pg (+9%)whereas 0.089 Pg SOCwas lost under forests (−25%) and 0.037 Pg in the soils under grassland
(−25%). It is concluded that land use is the main drivers for SOC changes in this area while climate change had
different contributions in different regions. SOC loss was remarkable under the land use conversion while crop-
land has considerable potential to sequester SOC.
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1. Introduction
The increase in atmospheric greenhouse gas (GHG) has steered
attention on soil organic carbon (SOC) as soils contain the largest
carbon stock of all terrestrial ecosystems. The balance between SOC
inputs and outputs influences greenhouse gas and affects the global
climate. Small changes in SOC stock impacts the carbon cycle and
may significantly increase or decrease the carbon concentrations in
the atmosphere. Soil carbon change is influenced by the climate
and land use and varies in different soils. Changes in land use are
the second source of GHG emissions to the atmosphere after fossil
fuel burning (IPCC, 2013). The replacement of forest and natural
grassland to cropland may cause a reduction of SOC (Don et al.,
2011). In contrast, improved soil management in agriculture, such
as conversion from cropland into grassland and afforested or longer
fallow intervals, can reduce emissions by SOC sequestering since
plant residues and roots are accumulated in the soil as soil organic
matter (Guo and Gifford, 2002).

There have been a considerable number of studies on soil carbon
mapping for a specific period across different scale (McBratney et al.,
2003; Viscarra Rossel et al., 2014). Fewer studies have investigated
SOC dynamics and changes over time. Some studies have estimated
the effect of land use change on soil carbon through the use of
long-term experiments (e.g. Costa Junior et al., 2013), or using
process-based models such as CENTURY, SPEROS-C or RothC
(Falloon and Smith, 2002; Nadeu et al., 2015). These models contain
various parameters that represent the soil carbon cycle processes
which can handle past or future scenarios. As these methods require
data from long-term experiments, they are usually limited to small
areas.

Digital soil mapping is an efficient method to examine the spatial
variation of soil information with diverse auxiliary data and statistical
techniques (McBratney et al., 2003; Sanchez et al., 2009). Digital map-
ping of SOC has been conducted by extraction the soil-environment re-
lationship with covariates such as topography, vegetation indices,
climate, land use, soil types (McBratney et al., 2003). Topography and
soil types are relatively stable within decades while vegetation and
land use are influenced by human activities (Grinand et al., 2017), as
well as climate. Remote sensing technology can assess land use, climate
and vegetation indices over time (Stow et al., 2004; Chen et al., 2018).
Most digital soil C mapping studies have focused on the spatial assess-
ment of SOC levels – few studies have investigated SOC changes over
time across large areas.

In this study, we used historical SOC data with a range of environ-
mental covariates in North and Northeast China. The objectives of the
study were to map SOC in 1985 and 2004, assess the SOC changes
over time, and identify SOC changes under different land use and
climate change.

2. Materials and Methods

2.1. Study area

The area is located in the Northeast and Northern Plains, China,
covering approximately 642 000 km2. Cropland is the dominant
land use. The southern part of the region, which belongs to the
North China Plain, has a long history of agricultural development
(Han et al., 2018). The North China Plain has a temperate monsoon
climate, its mean annual precipitation ranges from 343 to
1277 mm yr−1 and mean annual temperature ranges from 2 to 14 °C
(Han et al., 2018). The northern part of the region has a shorter his-
tory of cultivation than the south part. Most parts of Northeast
China belong to the temperate zone. The climate is cool and humid
affected by the Eastern Asia Monsoon. The annual temperature
ranges from 2.0 to 5.0 °C and annual precipitation ranges from 300
to 1000 mm yr−1 (Ye et al., 2009).
2.2. SOC data

The historical data was from the Second National Soil Survey of
China with an average year of 1985 (Shi et al., 2004). The survey
provided detailed information on soil taxonomic classification, soil
thickness, soil organic matter, bulk density, coarse fragments. A total
of 585 soil samples were in the study area. The soil samples were col-
lected by genetic horizons continuously down along the depth. As the
depths of the horizons are inconsistent, an equal-area smoothing spline
depth function as in Bishop et al. (1999) was used to calculate the
0–20 cm top SOC concentrations. For a given soil profile, the boundary
of the horizons are denoted by xi (i = 0, 1, 2, … n), x0 b x1 b x2, … b xn
the soil property values yi at specific ith layer, are modeled as:

yi ¼ f i þ ei ð1Þ

where f i is the mean value of soil property at depth between xi-1 and xi,
and ei aremeasurement error with amean of 0 and a variance of σ2. We
denote f(x) as the spline function of soil property at x depth, which can
be found by minimizing:

1
n

Xn
i¼1

yi− f i
� �2

þ λ
Z xn

x0
f
0
xð Þ

h i2
dx ð2Þ

where the first term represents the fit of the spline to the data; the sec-
ond termmeasures the roughness of the function f(x). The λ parameter
controls the trade-off between the fit and the roughness of the spline.
Here we use a medium lambda value of 0.01 to obtain the 0–20 cm
SOC concentration.

The area was resampled in 2003 and 2004 and 1062 samples from
0 to 20 cm soil depth were collected in a 30-km grid. The samples
were air-dried and sieved to b2 mm. All samples were analyzed for
soil organic matter colorimetrically after H2SO4 dichromate oxidation
at 150 °C. Diffuse reflectance spectra of air-dried samples were
measured using an ASD Fieldspec ProFR vis–NIR spectrometer with
a spectral range of 350–2500 nm under laboratory condition. After
removing the noise at 350–400 and 2451–2500 nm, the remaining
spectra in the 400–2450 nm range were smoothed with a Savitzky–
Golay filter (Shi et al., 2015). The spectra were transformed with a
principal component analysis and the first three principal components
(PC1, PC2 and PC3), accounted for 92%, 4% and 1% of the total variance
respectively, were used.

The samples with SOM were converted to SOC by the relation be-
tween SOM and SOC using van Bemmelen factor:

SOC ¼ SOM=1:724 ð3Þ

2.3. Environmental covariates

Environmental covariates used in this study included remotely
sensed data, digital elevation model (DEM) and proximal sensing data
(Table 1). Several types of remote sensing data were used, including,
Moderate Resolution Imaging Spectroradiometer (MODIS), The Global
Inventory Modeling and Mapping Studies (GIMMS), Tropical Rainfall
Measuring Mission (TRMM) and Shuttle Radar Topographic Mission
(SRTM).

MODIS is useful in land surface research and provides information
on basic surface information. GIMMS is a NDVI product available from
1981 to 2006 and the data were obtained from Advance Very High
Resolution Radiometer (Tucker et al., 2004). The intra-annual variance
of the NDVI (VNDVI) was computed as an indicator for land cover
variations since its temporal change is linked to the state of the surface
vegetation (Zhou et al., 2016). The third type of remotely sensed data for
precipitation used in this study was TRMM, and in particular, products



Table 1
Environmental covariates used in the prediction models for 1985 and 2004.

Environmental variables SCORPAN factor Data origin Resolution Reference

1985 2004 1985 2004

Land use soil RESDC RESDC 1 km 1 km Liu et al. (2014)
Soil spectra (PC1, PC2, PC3) soil ASD Fieldspec ProFR
NDVI vegetation GIMMS MODIS 8 km 250 km NASA LP DAAC (2001)

Tucker et al. (2004)
VNDVI vegetation GIMMS MODIS 8 km 250 km NASA LP DAAC (2001)

Tucker et al. (2004)
Precipitation (mm) climate meteorological stations TRMM 0.25° Ma et al. (2017)
Temperature (°C) climate meteorological stations meteorological stations
Elevation (Ele, m) terrain SRTM SRTM 1 km 1 km USGS (2006)
Slope (°) terrain SRTM SRTM 1 km 1 km USGS (2006)
Curvature terrain SRTM SRTM 1 km 1 km USGS (2006)
Aspect (°) terrain SRTM SRTM 1 km 1 km USGS (2006)
MBI terrain SRTM SRTM 1 km 1 km USGS (2006)
TRI terrain SRTM SRTM 1 km 1 km USGS (2006)
TWI terrain SRTM SRTM 1 km 1 km USGS (2006)
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of 3B42 (Ma et al., 2017). The annual values for 2004 and 1985 of the
remote sensing data were calculated.

Digital elevation model provides terrain information, and it was
derived from the 90-m SRTM data. Terrain attributes, including slope,
curvature, mass balance index (MBI), terrain ruggedness index (TRI)
and topographic wetness index (TWI) were derived from the DEM
using SAGA GIS (http://www.saga-gis.org).

We used ground observations provided by the Chinese Meteorolog-
ical Data Sharing Service System (http://cdc.nmic.cn). There are 105
meteorological stations across our study area that collect daily precipi-
tation and temperature. The annual precipitation and temperature of
1985 and 2004 were calculated and interpolated to the whole study
area by inverse distance weighting.

We obtained land use data from the Data Center for Resources and
Environmental Sciences, Chinese Academy of Sciences (RESDC)
(http://www.resdc.cn) for late 1980s and 2005.

The proximal sensed spectra measured of the soil samples in 2003
and 2004 were interpolated onto the whole study area using inverse
distance weighting in ArcGIS 10.0.

2.4. Mapping the soil organic carbon and its uncertainty

Random forest (RF) was used to model the relationships between
the SOC and the environmental covariates. The RF model is based on
classification and regression trees (CART) methodology. To guarantee
themodel stability, RF grows a serious of trees which benefits from ran-
dom subsets of original training data sampling to build each tree
(Breiman, 2001). Only a randomly chosen subset of predictors is used
to produce thebest split. The number of treeswas set to 500. The predic-
tion for regressions is the average of all tree results,while it is themajor-
ity of the correct classified outputs for classifications. The RF algorithm
estimates the predictor importance by measuring the mean decrease
in prediction accuracy.

We used bootstrap which is a non-parametric statistical technique
for estimating the uncertainties of SOC predictions. Random errors are
generated from the samples and predictors, and we resampled each
model and the predictors creating a set of SOC probability distributions
through performing the individual model of bootstrap samples. The
final SOC predictions were an average of the bootstrapped models.
The uncertainty was quantified by the confidence interval (CI) at 95%
level, and each of the pixels was assigning to derive the CI. The uncer-
tainty was expressed as follows:

Uncertainty ¼ CIupper−CIlower
� �

=SOCmean ð4Þ
where CIupper and CIlower present the upper and lower 95% confident
limits of each pixel, and SOCmean is the average SOC value of the per-
formed bootstrap models.

We took 50 bootstrap samples of SOC and associated predictors to
implement the RF model. For each time, 10% of the data were selected
randomly as independent validation and 90% were used as calibration.

The following indiceswere calculated: themean error (ME), the root
mean square error (RMSE), and Lin's concordance correlation coeffi-
cient (LCCC) (Lin, 1989). They were used as assessment statistics for
both calibration and validation, as follows:

ME ¼ 1
N

XN
i¼1

ŷi−yið Þ ð5Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ŷi−yið Þ2
vuut ð6Þ

LCCC ¼ 2rsŷsy

s2ŷ þ s2y þ ŷ−y
� �2 ð7Þ

In these equations, y and ŷ are the observed and predicted values of

y, y and ŷ is the mean of the observed and predicted y, sy2 and s2ŷ are the

variances of the observed and predicted y, r is the Pearson correlation
coefficient between the observed and predicted values, and N is the
number of comparisons.

2.5. Calculation of soil organic carbon stock

The stock of organic carbon in the 0–20 cm topsoil was calculated as
follows:

SOCstock ¼
Xn
i¼1

Ti � ρi � SOCi � 1−Cið Þ � Ai=10 ð8Þ

where Ti, ρi, SOCi and Ci represent thickness (cm), bulk density
(g cm−3), SOC concentration, and percentage of the fraction N2 mm
of pixel i, respectively. Ai refers to the map resolution (1 km). As we
lack the measured bulk density (BD) for each sample, we used
pedotransfer functions (PTF) to estimate the BD. We selected six
common pedotransfer functions (Table S1) from previous research
and the final result was mean of the six estimated values with different

http://www.saga-gis.org
http://cdc.nmic.cn
http://www.resdc.cn


Table 3
Model accuracy for the prediction of soil organic carbon in 1985 and 2004.

Year Index Mean Minimum Maximum SD

1985 Calibration LCCC 0.91 0.90 0.92 0.01
RMSE 2.08 1.66 2.54 0.56
ME 0.05 −0.02 0.10 0.03

Independent validation LCCC 0.65 0.39 0.90 0.14
RMSE 6.37 3.14 13.01 2.45
ME 0.29 −1.12 1.62 0.88

2004 Calibration LCCC 0.97 0.97 0.97 0.00
RMSE 1.68 1.60 1.74 0.03
ME 0.01 −0.01 0.03 0.01

Independent validation LCCC 0.84 0.77 0.90 0.03
RMSE 3.91 3.12 5.33 0.58
ME −0.09 −0.84 0.68 0.38
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PTFs (Alexander, 1980; Huntington et al., 1989; Manrique and Jones,
1991; Wu et al., 2003; Song et al., 2005; Yang et al., 2007).

2.6. Variation partitioning analysis

To examine the contribution of climate change on SOC dynamic, we
collected the meteorological stations data (http://cdc.cma.gov.cn/) and
calculated the change of temperature and precipitation with the differ-
ence of averaged mean annual temperature/precipitation between
2003 and 2006 and averaged mean annual temperature/precipitation
between 1984 and 1987. The station data was interpolated into the
gridded data by inverse distance weighted method. A redundancy
analysis contributed by the package of vegan (Oksanen et al., 2016) in
R language (R Core Team, 2013) was used to partition the contribution
of land use and climate change to SOC change.

3. Results

3.1. SOC concentrations

The overall mean SOC concentration of the samples in 2004 was
12.5 g kg−1 which was slightly higher than the SOC concentrations in
1985 (10.0 g kg−1) (Table 2). Most of the soil samples were collected
in cropland (Table 2). In 1985, the soils of the cropland contained the
lowest SOC (8.3 g kg−1) whereas the soils under forest had the highest
concentrations (17.1 g kg−1). Soils under grassland, marsh and bare
soil had SOC concentrations of about 15.1 g kg−1, 16.0 g kg−1 and
10.0 g kg−1, respectively (Table 2). For the samples collected in 2004,
the soils of the marsh had the highest SOC concentrations
(20.8 g kg−1), following in the grassland (13.3 g kg−1), forest
(12.7 g kg−1) and cropland (12.2 g kg−1) (Table 2). Over time, SOC
increased in soils under cropland, marsh and bare soil whereas it
decreased in the soils under forest and grassland. The soils of 1985
showed higher variation than 2004 by the higher standard deviation.
(See Table 3.)

3.2. Spatial models of soil organic carbon

The calibration and independent validation of the prediction
models are summarized in Table 4 showing reasonable predict
accuracies, with the calibration LCCC of 0.91 (0.90–0.92) for 1985
samples, and 0.97 for 2004. We obtained the independent validation
LCCC of 0.65 (0.39–0.90) for 1985 and 0.84 (0.77–0.90) for 2004.
The RMSEs in 1985 are higher than 2004 for both calibration
and validation. The models for 2004 were more robust than for
1985 as indicated by a lower LCCC and RMSE as the sample density
was higher.

Fig. 2 showed the importance of the environmental covariates in the
prediction models for 1985 and 2004. Some covariates represented
similar importance for the twoperiods, such as slope, TWI,MBI, temper-
ature, precipitation and land use. The vegetation and climatic factors are
important predictors, and in particular temperature, precipitation, NDVI
Table 2
Summary statistics of the soil organic carbon concentration (0–20 cm depth) for each land use

Land use Number of samples Mean Max

g kg−1 g kg−1

Year 1985 2004 1985 2004 1985 2
Cropland 446 882 8.3⁎⁎ 12.2⁎⁎ 43.8 4
Forest 58 74 17.1⁎ 12.7⁎ 105.3 4
Grassland 51 46 15.1⁎ 13.3⁎ 69.1 3
Marsh 16 35 16.0 20.8 39.6 5
Bare soil 14 25 10.0 11.1 27.8 2
Total 585 1062 10.0** 12.5⁎⁎ 105.3 5

Significance code: ⁎⁎ b 0.01, and ⁎ b 0.05. SD: standard deviation.
and VNDVI. The aspect, curvature and MBI contribute little to the SOC
predictions in 2004 and aspect is the least important factor for the
both periods. The PCAs from the spectra of the 2004 soil samples
showed high importance in the prediction model. The importance de-
creases from PC1 to PC3 (Fig. 2).

3.3. Spatial variation of soil C for the 1985 and 2004

Thepredictions of SOC concentration in the 0–20 cm topsoil for 1985
and 2004 are shown in Fig. 3. SOC concentration in 1985 increased from
south to north in the study area. In the south part, the concentration of
SOC is mostly under 8 g kg−1. In the middle, which has a higher eleva-
tion (Fig. 1), the SOC concentration was higher than in the southern
part. In the north, the SOC concentration increased significantly with
latitude. The spatial distribution for SOC was similar for both periods
(Fig. 3). In the southern half, SOC concentrations were between 8 and
10 g C kg−1, which was higher than in 1985. In the northern part, SOC
concentrations increased with latitude.

The uncertaintieswere different between the twoperiods because of
the difference in the number and location of samples (Fig. 4). The lowest
prediction uncertainty was the northern regions. The high uncertainty
for the prediction of SOC of 1985 was in the middle part of the area
and at the margins in the south where elevation is higher (Fig. 4). The
high uncertainty of 2004 was in the middle-north part (Fig. 4) where
sample density was lower (Fig. 1).

3.4. Change of soil organic carbon

Between 1985 and 2004, the average SOC concentration decreased
under all land use except cropland. The SOC concentration increased
by 0.5 g kg−1 between 1985 and 2004 in cropland which is the largest
land use class in the study area (Table 4). The largest reduction in SOC
was in the forest soils with a reduction of 8.8 g kg−1 (−38%). The SOC
concentrations in grassland had decreased by−21% (Table 4).

Significant changes in SOC concentrationwere found, and the reduc-
tion of SOC was higher in areas with an initial higher concentration
in 1985 and 2004.

Min SD Skewness

g kg−1

004 1985 2004 1985 2004 1985 2004
3.3 0.8 3 6.9 4.5 1.8 1.4
8.3 2.5 2.9 17.1 6.2 1.5 1.2
1.4 1.1 2.3 10.2 5.1 1.6 0.5
4.9 3.5 2.8 11.6 8.3 0.8 0.2
6.9 3.6 2.5 7.1 7.2 1.2 0.6
4.9 0.8 2.3 15.7 6.1 3.6 1.1

http://cdc.cma.gov.cn


Table 4
Soil carbon change for each land use between 1985 and 2004.

Land use Soil C change (g kg−1) Rate of change (%) Area (km2)

Cropland 0.5 5 374,180
Forest −8.8 −38 78,713
Grassland −2.8 −21 60,270
Marsh −1.3 −7 4057
Bare soil −1.2 −11 16,102

Table 5
Soil organic carbon stocks (Pg) and change by land use for 1985 and 2004.

SOC stock 1985 (Pg) 2004 (Pg) Change (Pg) Rate of change (%)

Cropland 0.943 1.032 0.094 +9
Forest 0.305 0.227 −0.089 −25
Grassland 0.150 0.113 −0.037 −25
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(Fig. 3). The decrease of SOCmostly occurred in the northern part of the
study area (Northeast China). The decrease is over 6 g kg−1. In contrast,
SOC increased in the southern part (North China) where the initial SOC
is relatively low.

The total stock of soil organic carbon in 1985 and 2004 remains, with
the stock 1.68 Pg and 1.66 Pg respectively. We focused on three main
land use type in North and Northeast China and analyzed the SOC
stock and its change from 1985 to 2004. Generally, cropland contains
the largest account of organic carbon. The organic carbon in forest and
grassland is much less than in cropland (Fig. S1). About 25% of the
SOC was lost during the twenty years under forest soils (Table 5), but
9% of the organic carbon increased in the soils under agricultural
crops. Soils under grassland increased by 0.013 Pg SOC with the rate of
25% (Table 5).
Fig. 1. Study area and sample locatio
3.5. Effect of land use and climate change on SOC change

Land use contributed more than temperature and precipitation
change to SOC change in North and Northeast China (Fig. 5). Across
the whole area, land use contributed 38% of the total variation of SOC
change while temperature change shared approximate 9% and precipi-
tation change only 5%. Land use accounted for more variation in
Northeast China (42%) compared with that in North China (33%)
(Fig. 5). Change of temperature showed no significant impact on SOC
across the whole study area, as well as in Northeast China and North
China specifically. The change of precipitation had a small amount
(17%) of impact for the dynamic of SOC in North China but little in
Northeast China. Temperature showed no significant contribution to
SOC changes in Northeast China while accounted 20% in North China.
The total contribution of climate change for SOC variation in North
China reached 35% compared with 33% caused by land use but they
shared 19% interaction for the total variation (Fig. 5).
ns collected in 1980s and 2000s.



Fig. 2. Covariate importance in the random forest models for the prediction of soil organic
carbon concentrations in 1985 and 2004.
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4. Discussion

4.1. Digital SOC mapping and its uncertainty

We investigated soil carbon changes in North and Northeast China
bymapping SOC concentration in 1985 and2004. The indices of the pre-
diction accuracy (LCCC of 0.65 for 1985 and 0.84 for 2004)were compa-
rable with other regional studies. For example, Yang et al. (2016)
reported LCCC of 0.54 (0.53–0.55) in China and Viscarra Rossel et al.
(2014) reported LCCC of 0.81 in Australia. Our result indicated that the
soil carbon map for the two periods is reasonable and the comparison
between the periods is valid.

The prediction accuracy is different for the two periods and some
uncertainties remain in the process. The first uncertainties originate
from the spatial variation models and the covariates used. There were
1062 samples in 2004 compared to 585 samples collected from the Na-
tional Soil Survey collected in the 1980s. More samples were used for
calibration in the models of 2004 and better relationship between SOC
and environmental was obtained. The samples collected in 2004 were
evenly distributedwith 30kmgridswhile the samples from theNational
Soil Survey were not evenly distributed. This affected themodel perfor-
mance as some areamayhave little data to extract the soil-environment
relationship. The environmental covariates and their resolution differed
for the two periods. For 2004, soil spectra were used as covariates in the
prediction of soil carbon and such data was not available for 1985. The
Fig. 3. Soil organic carbon concentrations in 1985 an
spectra showed significant impact in the models (Fig. 2) and improved
the prediction. Lastly, the NDVI and VNDVI obtained from MODIS data
has a higher resolution than the GIMMS that was used for 1985.

Besides the samples and covariates, another uncertainty source is
the bulk density, which was themselves predicted by the PTFs rather
than measured, was used in calculation of C stock. Therefore uncer-
tainties in the predictions were propagated to the predictions of the
SOC stocks. It has been noticed that such inaccuracy in data on bulk
density is one of the major sources of uncertainty in the estimation of
carbon stocks in soil (Schrumpf et al., 2011). The integration of different
PTFs may reduce the uncertainty (Xu et al., 2015). In our study different
estimations of organic carbon in soils were found using the disparate
PTFs, but the trend of the SOC stock change remains similar for each
PTF (Fig. S1). Evidently, to obtain accurate estimates of the SOC stock,
measured bulk density is needed, or predict bulk density by combina-
tion of various PFT.

4.2. Soil carbon change under different land use

There have been a considerable number of studies on the dynamics
of SOC concentration and its stock across the world (Guo and
Gifford, 2002, Poeplau et al., 2011, Yu et al., 2012, Xiong et al., 2014,
Smith et al., 2016). Our study found small changes in SOC stock across
the study area which is the result of increasing soil carbon in cropland
and a decrease in the soils under forest and grassland. Similar results
have been reported (Xu et al., 2010; Deng et al., 2014; Han et al.,
2018). SOC concentration increases in soils under agriculture during
the last decades in China (Sun et al., 2010; Yu et al., 2012). Huang and
Sun (2006) found that the increase of SOC concentration is from
0.46 g kg−1 to 3.31 g kg−1 for North China and 0.29 g kg−1 to
6.09 g kg−1 for Northeast China in two decades. The main reason for
the increase of SOC is the addition of crop residues and organic manure
and higher fertilizer application and improved fertilization (Huang and
Sun, 2006). In the early 1980s, an increasing amount of fertilizer
and levels increased from 120 kg ha−1 in 1980 to 590 kg ha−1 in 2008
(Xu et al., 2006; Shi et al., 2013). These agricultural managements re-
sulted in SOC accumulation (Han et al., 2018).

In our study, SOC was declining in some areas whereas it increased
in others (Fig. 3). This was largely dependent on the land use and cli-
matic factors. Large area of land was converted from natural vegetation
to cropland in the northeastern part (Fig. S2) which resulted in a carbon
loss. The SOC in Northeast China was reported increased during last
three decades by Ou et al. (2017). The area with increasing SOC may
d 2004, and the change over the same period.



Fig. 4. Uncertainty in the prediction model of soil organic carbon concentrations (g kg−1) for 1985 and 2004.
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be partially cropland with a long history of cultivation and addition of
fertilizers and crop residues. Afforestation and paddy land use have con-
siderable potential in restoring the carbon into soil (Wu et al., 2003).

4.3. Influence of land use and climate change on soil carbon stock

Many studies have reported that climate change was an important
determinant of SOC concentration (Ou et al., 2017). The positive impact
of temperature on SOC decomposition was revealed by various studies
(Kirschbaum, 1995). However, the feedback of SOC to global warming
is still a concern due to the complex reaction of ecosystems to the cli-
mate change. The increasing temperature and precipitation may lead
to higher decomposition of SOC. It may also increase the SOC due to
vegetation-derived carbon inputs (Davidson and Janssens, 2006). The
feedback of SOC to global warming in temperate zone is regarded
with great potential of decline in concentration (Piao et al., 2009;
Wiesmeier et al., 2016). In our study, large SOC loss was found in
Northeast China's forests but less change in cropland while SOC
increased in North China under similar climate change condition. The
change of SOC showed significant difference under different land use
rather than following the trend of temperature and precipitation
change. The variation analysis revealed that land use is the dominant
Fig. 5. Variation contribution to the soil organic carbon change by the land use and climate ch
China, respectively.
driver of SOC change across the whole study area. However the effects
of land use and climate change are different in North China and
Northeast China. The difference may due to the land use and land use
conversion. The North China remains cropland from 1980s to 2000s
while large area was converted from forest and grassland to cropland
in Northeast China (Fig. S2).

Land use conversion affects SOC stocks (Deng et al., 2016). Our study
found soil carbon accumulation in North China and loss of soil carbon in
Northeast China (Fig. 3). Lands of forest and grassland have been
converted to cropland during the 1980s to 2000s (Fig. S2). Intensive
conversion of land use appears in northeast compared with north
China. As a result, the average thickness of soils has decreased
20–30 cm in some area in Northeast due to soil erosion (Xu et al.,
2010). The loss of SOC in land is related to the conversion of other native
forest and grassland to cropland (Fig. 3, Fig. S2). Global analysis found
SOC loss after deforestation between 30% and 42% and conversion
from grassland to cropland caused decline of 24–59% of total SOC
(Guo and Gifford, 2002; Van Wesemael et al., 2010; Wang et al.,
2011). As SOC loss happen rapidly in the earlier stage after natural
soils were converted, soil carbon is more potentially losing carbon
where lands were reclaimed with a shorter history. Unlike North
China plain with a long history of agriculture production, Northeast
ange using variation partitioning analysis in the whole study, North China and Northeast
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China shared a shorter history of anthropogenic cultivation (Yu et al.,
2006). In contrast, the soil in Northeast China contains high original
organic carbon but decrease significantly during the 1980s to 2000s.
The reason that Northeast China is a net source of greenhouse gas to
the atmosphere owing to overharvesting and degradation of forests in
recent years.

Anthropogenic activities influence SOC concentrations but also im-
pacts spatial heterogeneity of SOC. The decline of concentration in soil
with higher carbon and the increase in soil with lower carbon makes
the range of SOC concentration in 2004 is smaller than that in 1985
(Table 2). In North China, SOC showed more homogeneous variation
in 2004 than 1985. Themanagement of land use can have high influence
on the dynamics of SOC. Although magnificent loss of carbon in North-
east China soil, but the general soil carbon stock during the two decades
remains. Soil has high potential on sink greenhouse gas in cropland and
to reduce emission of C, forests should be preserved and overharvesting
should be avoided.

5. Conclusions

Our study estimated the 0–20 cm topsoil organic carbon concentra-
tion and stock change between 1985 and 2004. The digital soil mapping
approach predicted the spatial variation of SOC for the two periods
using environmental covariates in a random forestmodel. The following
conclusions can be made:

i. Random forest is efficient on prediction of SOC spatial variation at
large scale. SOC concentration shared a similar trend for the two pe-
riods, with lower SOC in Northeast China and higher in North China
Plain. Soil carbon increase in the northern part whereas it decreased
in most northeast areas.

ii. The overall stock of SOCwas stable. Carbon stock increased 0.094 Pg
in the soils of cropland with a rate of 9%. Significant carbon loss oc-
curred in soils under forest (−25%) and grassland (−25%).

iii. Land use change is the predominant driver of SOC changes in North
andNortheast China. Climate change accounted similar contribution
for SOC change compared to land use changewhile less contribution
in Northeast China.

This study revealed that land use change had significant effect on soil
organic carbon. Our results point out the emission of greenhouse under
inappropriate land use change and proved that cropland had high po-
tential on carbon sequestration.
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