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ABSTRACT

Although the evaluation of soil organic carbon (SOC) stocks across different types of land use and major re-
ference soil groups is essential for mitigating climate change, there remains, to date, limited comprehensive
understanding of whole tropical soil profiles. Therefore, this study aimed to explain the amount of SOC stocks in
different land-use systems and across various soil groups, as well as its spatial pattern in the topsoil (0-30 cm)
and subsoil (30-100 cm) within the savannah zone of Burkina Faso. Roughly 70 soil profiles were considered
along with additional auger sampling to account for spatial variation in both cropland (CR) and savannah (SA).
The machine learning technique random forest regression (RFR) and multiple linear regression (MLR) were used
for modeling the surface and subsurface SOC stocks. For model calibration, covariates including land use, to-
pographic, texture, and climatic data were considered as surrogate for soil forming factors. The prediction maps
produced by the calibrated models were validated by an independent dataset. The results indicated that about
53% of the SOC stock over 1 m depth was held in the upper 30 cm. Only a marginal difference was recorded
between the topsoil SOC stock in SA (41.4tCha~?!) and CR (39.1tCha™") soils. For the subsoil, a significant
difference (p < 0.05) was observed between the SOC stock of CR soils recording about 40.2tCha™" and SA
soils with 26.3tCha~'. Among the reference soil groups, the Gleysols located at lower elevation positions
revealed the highest SOC stocks over 0-30 cm (44 tC ha™!) and 100 cm depth (86.6 tCha™1). The Stagnosols
(45.2tCha™ 1) followed by the Gleysols (42.7 tCha™!) recorded the highest SOC stocks over 30-100 cm. The
variability of SOC stock in the topsoil was primarily related to site-specific elements, such as particle-size
fraction and wetness index, while its distribution in the subsoil was mainly associated with the topographical
orientation represented by the slope aspect. Compared to the MLR, RFR estimated mean top- and subsoil SOC
stocks of the catchment fairly well, along with lower statistical error metrics, though extreme values were not
covered. Nevertheless, the findings on SOC stocks reinforce the view that the semi-arid ecosystems of West Africa
still offer a significant opportunity for carbon sequestration for both topsoil and subsoil, and these results re-
present a baseline for future modeling of SOC dynamics in the region.

1. Introduction

The ecosystems in West Africa are facing severe degradation due to
changes in land use from perennial vegetation to cropping, increased

Globally, soils contain the largest terrestrial carbon pool on earth.
Though subject to regular change, the global amount of carbon in soils
is estimated at 2500 Gt, including 1550 Gt of soil organic carbon (SOC)
and 950 Gt of soil inorganic carbon (Batjes and Sombroek, 1997; Lal,
2008). As the SOC pool is 3.3 times the size of the atmospheric pool
(760 Gt) and 4.5 times the size of the biotic pool (560 Gt) (Lal, 2004),
slight changes in soil C cycling may significantly impact the global C
cycle. Nevertheless, little is known on the role of tropical soils in these
changes.
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cultivation in marginal lands, soil erosion, and nutrient mining (Bationo
et al., 2007; UNEP, 2006), as well as climate change (Brevik, 2013).
Models have predicted that climate change will lead to the conversion
of soils from carbon sinks to carbon sources (Cox et al., 2000). How-
ever, prediction uncertainty remains significant (Cox et al., 2000;
Smith, 2008), mainly due to the lack of adequate knowledge on SOC
distribution across the landscape. Nowadays, different measures to
conserve existing SOC stocks and trap the atmospheric carbon in the
soil are being implemented in many areas in Africa, and comprise
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Fig. 1. The Dano catchment and sampling sites.

afforestation of degraded lands, agroforestry, and application of best
agricultural practices and policies (Batjes, 2008). Recent works have
addressed the quantification of soil carbon stocks in African countries;
such studies include those by Akpa et al. (2016) for Nigeria and by
Minasny et al. (2017) for South Africa, Tanzania, Kenya, and Nigeria.
However, comprehensive data is still lacking on SOC stock for different
agrosystems (Anikwe, 2010), especially for other countries in Western
Africa. According to Batjes (2008), an estimation of the current carbon
stock should be carried out before considering the carbon change dy-
namics under land use and climate change.

To accurately address land degradation, spatial information on soil
properties is required for land evaluation. Spatial soil information as
represented in soil maps is beneficial for farmers, scientists, and policy
makers in identifying priority areas and for a sound and objective de-
cision making. However, maps from traditional surveys are mostly
qualitative, labor intensive, time consuming, and costly (Taghizadeh-
Mehrjardi et al., 2015), and thus in most cases also obsolete (Kilasara,
2010). Recent advances in remote sensing and information systems
have paved the way for digital soil mapping (DSM), which couples soil
point data with statistically correlated auxiliary data (McBratney et al.,
2003). This coupling of point and auxiliary data is carried out by using
(geo-) statistical classification or regression models. Multiple linear
regression (MLR) has been widely used in many studies for the pre-
diction of SOC (Florinsky et al., 2002; Guo et al., 2015; Meersmans
et al., 2008). However, soil-landscape relationships are often subject to
nonlinear dynamics that might not be captured by MLR (Grimm et al.,
2008). Many studies (Hengl et al., 2015; Rad et al., 2014; Wiesmeier
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et al., 2011) have reported on the potential of random forest regression
(RFR), an ensemble machine learning approach, to overcome this lim-
itation.

Potential factors that affect SOC stocks and are used as covariates
for DSM include climatic and topographic elements (for example, mean
annual precipitation and temperature, slope, etc.), land use, physical
soil characteristics (texture, parent material, etc.), and microbial bio-
mass (Albaladejo et al., 2013; Jobbagy and Jackson, 2000,; Ladd et al.,
2013). Many of these factors have been investigated in various studies
conducted across the globe (Albaladejo et al., 2013; Azlan et al., 2011;
Bationo et al., 2007; Burke et al., 1989; Chaplot et al., 2010; Jobbagy
and Jackson, 2000; Percival et al., 2000). However, these studies have
mostly focused on surface soil horizons. Nevertheless, > 50% of SOC is
usually allocated below 20 cm depth (Batjes, 1996). Fontaine et al.
(2007) showed that this subsoil carbon is readily decomposable upon
addition of a fresh C source, and Fierer et al. (2003) concluded that it is
even more sensitive to changes in temperature or nutrient availability
than topsoil carbon is. However, these latter studies were not per-
formed with tropical soils, which may have specific SOC storage con-
ditions—for instance, due to their special oxide assembly (Feller and
Beare, 1997; Kogel-Knabner and Amelung, 2014).

The study detailed in this paper was performed in the Sudanian area
of Burkina Faso, which is dominated by Plinthosols—that is, soils with
high Fe oxide accrual—particularly in the subsoil. To the best of our
knowledge, for such soils, neither (i) levels and distribution of SOC
stocks nor (ii) the interactions between SOC stock and landscape
properties have ever been investigated. Yet such quantitative data is
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crucial for estimating the local and regional carbon sequestration po-
tential and the participation of developing countries in the Clean
Development Mechanism (CDM) mentioned in the Kyoto Protocol, as
well as the “4 per thousand” initiative launched during the twenty-first
Conference of Parties (COP21) (Rhodes, 2016). Therefore, this study
aims to estimate the surface and subsoil organic carbon stocks in dif-
ferent land-use systems and across various soil orders, as well as as-
sessing the spatial variability of these carbon stocks and underlying
factors using RFR and MLR models.

2. Study area

The study was carried out in the Dano catchment (Lat. 11°09°00” N;
Long. 3°04’00” W), located in the Ioba province, southwest of Burkina
Faso (Fig. 1). The Dano catchment covers an area of 155 km? and
presents a relatively flat landscape with a mean average slope of 0.2%.
The elevation ranges from 252 to 498 m above sea level, with a mean
elevation of 295 m. The climate consists of one rainy season from May
to October, with a mean annual rainfall ranging between 800 and
1200 mm year~ ! for the period 1951-2005, along with a mean annual
temperature between 20.1 and 38.4°C (Schmengler, 2010). The li-
thology is composed of partly volcanic formations from the middle
precambrian period and is made up mainly of andesic rocks with
massive texture, basalt, diabase, gabbro, and quartz-rich andesites.

The vegetation of the area belongs to the Sudanian domain with
woody, arboraceous, or scrubby savannah, which is abundant in per-
ennial grasses. However, a major part of the vegetation has been de-
graded and subject to cultivation and fallowing. The present study does
not discriminate between fallow and degraded savannah and both are
thus grouped under the term savannah. The farming is mostly rain fed,
takes place on a small scale (Callo-Concha et al., 2012), and is sub-
sistence-oriented with low investments regarding fertilizer and ma-
chinery. The soil orders in the catchments range from Gleysols, Cam-
bisols, Lixisols, Stagnosols, Leptosols, and the Plinthosols, which are the
predominant soil type (73.1% of the area) (Yira et al., 2016).

3. Materials and methods
3.1. Soil sampling

Representative soil units were chosen for sampling, based on ex-
isting maps—mainly soil (Bureau National des sols, 2000) and land use
(Cord et al., 2010) maps—and a digital elevation model (DEM). The
DEM was provided by the Shuttle Radar Topography Mission (SRTM) at
a 90m resolution. About 70 soil profiles were described along 16
transects from August to October 2012. These profiles were excavated
up to 1 m where possible, and four soil cores (100 cm®) were collected
per horizon to determine bulk density (BD). These core samples were
dried at 105 °C for 24 h before assessment of the total weight and of the
stone content (SC). Additionally, composite soil samples were collected
from different horizons. These latter samples were dried at 40 °C and
sieved to <2 mm.

To account for the spatial variability of the SOC stock, intensive
auger grid sampling was carried out in 2012 (August-October) and in
2013 (August-October 2013) over the entire study area. The sampling
resulted in a total of 1257 samples for both soil and carbon mapping
purposes. Each sampling location was geo referenced using a global
positioning system device. At each auger point, composite samples, as
well as core samples (four replicates), for bulk density were taken, but
only from topsoil due to limitations in workload. Soil horizon descrip-
tion and soil classification were based on the World Reference Base for
soil resources (IUSS et al., 2006). As Plinthosols were the dominant soil
group across most of the study area (Yira et al., 2016)—that is, the
other soils (Gleysols, Cambisols, Lixisols, Stagnosols, Leptosols) were
hard to be found at a priori site selection. This resulted in an im-
balanced dataset regarding the distribution of soil pedons among the
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reference soil groups.

3.2. Soil analysis and mid-infrared prediction

Many studies have proven the ability of mid-infrared spectroscopy
(MIRS) to predict organic and inorganic soil properties (Baldock et al.,
2013; Bornemann et al., 2010; Grinand et al., 2012; Reeves, 2010;
Zimmermann et al., 2007). MIRS enables the identification of specific
soil minerals and of organic matter functional groups, such as alkyl or
carboxyl groups, carbohydrates, amides, amines, and aromatic func-
tional groups (Janik et al., 2007). The estimation of soil properties is
generated by calibrating spectral information against conventionally
obtained data using multivariate statistical procedures such as partial
least squares regression (Denef et al., 2009; Janik et al., 2007). As no
fractionation or chemical reagent is required, MIRS offers a simple,
rapid, and low-cost alternative, especially when dealing with large
numbers of soil analyses.

For spectra measurement, about 20 mg of the profile samples were
set into microplates and compacted with a plunger to get a level and
plain surface in five replicates. The spectra were generated using a
Bruker Tensor 27 having an automated high throughput device (Bruker
HTS-XT). This extension is equipped with a liquid N,-cooled mercur-
y-cadmium telluride detector. The spectra recording was carried out
using the OPUS/LAB software within the range of 8000-600cm ™!
(1250-16,700 nm) with a resolution of 4cm™! for each run. This
software provides the most representative spectra upon applying prin-
cipal component analysis, and about 50% of the corresponding profile
samples were chosen for conventional laboratory analysis. These sam-
ples were analyzed in the laboratory as a ground truth database for
SOC, nitrogen (N), pH, texture, and cation exchange capacity (CEC).
These parameters were determined following the procedure described
by Reeuwijk (2006).

A cross-validation approach was used to set up the models used for
prediction, and a Test t validation was carried out to check the model's
robustness. Different optimization schemes were run with the OPUS
QUANT software, which provided different data processing procedures
and combinations of spectral ranges. In the present study, data pre-
processing consisted of the multiplicative scatter correction method
(pH, CEC, silt fraction) and a combination of first-derivative and mul-
tiplicative scatter correction method (SOC, N, sand, and clay fraction).
The quality of the different models was assessed based on their pre-
dictive ability with the ratio of performance to deviation (RPD) and the
standard error of prediction (SEP) as presented in Table 1 (for more
technical information, see the review carried out by Bellon-Maurel and
McBratney (2011)). Here, only models exhibiting good predictive
ability (RPD > 2), or close to that (RPD 1.7-2.0), were used to make
predictions for the remaining samples (see Table 1 for parameter se-
lection).

3.3. Determination of SOC stocks

Though the sampling was initially carried out on a horizon basis, we
pooled all data as weighted averages of soil properties in order to
provide a quantitative element for the 0-30 cm and 30-100 cm depth
intervals. The carbon stock was therefore computed for these two
depths. For each depth interval, the SOC stock (SOC stock, tCha™1)
was determined by the product of the C content, the soil depth, and the
bulk density of the fine earth along the soil profile. Bulk density was
computed by dividing the weight of the oven-dry soil by the volume of
the soil cores (Hartge and Horn, 1989). Each quantified bulk density
was corrected for the coarse particle content, which was mainly made
up of plinthites. CaCO3; was absent in the collected soil samples;
therefore, the SOC stocks for each soil profile were obtained based on
the following equation:
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Table 1
Soil parameter quantification by mid-infrared spectroscopy.
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Parameters Range n Cross validation Test_t validation (V = 10%)
Rank R? (%) SEP RMSECV RPD Slope R? (%) SEP RMSEP RPD Slope

CEC (cmolc kg’1) 02.91-36.3 480 7 75.61 1.89 3.58 2.03 0.80 90.50 1.78 3.16 3.59 0.81
Sand (%) 02.20-51.7 480 7 70.45 2.60 6.76 1.84 0.76 80.93 2.39 5.73 2.52 0.77
Silt (%) 20.7-70.0 480 7 75.75 2.22 4.94 2.03 0.81 88.21 1.96 3.86 2.98 0.85
Clay (%) 10.7-62.9 480 8 77.58 2.48 6.16 2.11 0.82 80.55 2.34 5.49 2.41 0.82
SOC (g kg_l) 0.0-31.8 480 7 95.33 0.33 0.11 4.63 0.96 92.21 0.39 0.15 3.62 0.95
N (g kgfl) 0.0-2.14 480 7 85.45 0.12 0.02 2.62 0.88 85.73 0.14 0.02 2.95 0.82

n: number of spectra, SEP: standard error of prediction, RMSECV: root mean square error of cross validation, RMSEP: root mean square error of prediction, RPD: ratio

of performance to deviation, V: validation set.

Socstock =SOC X BD X T X (1 — C—P)

100 (@)

where SOC is the organic carbon content (%) of the fine earth
(< 2mm), BD is the bulk density (g cm ™ 3), T is the soil thickness (cm),
and CP is the coarse-particle content.

3.4. Selected variables to explain SOC stock variability

The variables (Table 2) considered as covariates consist of: terrain
attributes, land use, temperature and precipitation, geomorphology,
and lithology. These variables were maps covering the entire study
area. All the sample points were overlaid on the different maps con-
sidered, and related values at each location were extracted using the
ArcGIS 10.3.1 software (ESRI).

The terrain attributes were derived from the 90 m resolution DEM
provided by the SRTM. Since Aspect is a circular variable, sin (Aspect)
and cos (Aspect) were computed to account for the east-west and
north-south topographical orientation, respectively (Lin et al., 2013;
Rodriguez-Moreno and Bullock, 2014). The terrain parameters were
clustered into local, regional, and combined terrain attributes, as de-
fined by Grimm et al. (2008), without changing the spatial extent for
each cell—that is, the 90 m resolution for all these covariates was
maintained. The parent material (Geo) allocated to each sampling lo-
cation was derived using a geological map (1/1000000) of Burkina Faso
made by Hottin and Ouedraogo (1992). Since the former land-use map
(Cord et al., 2010) used for collecting data was too coarse and obsolete,

we consider the land use data from the map (5 m resolution) established
by Forkuor (2014). Climatic data includes the mean annual tempera-
ture (Temp) and annual precipitation (Prep) at 1 km resolution from the
WorldClim datasets. The climatic data were submitted to bicubic re-
sampling prior to data extraction. Though most studies have mainly
considered terrain attributes and land use data in predicting SOC, we
additionally considered soil properties, as mentioned in Kumar and Lal
(2011) and Were et al. (2015). We believed that using different cate-
gories of covariates, including soil properties, for digital soil mapping
would improve predictive accuracy, as soil forming factors are better
covered using more covariates. Therefore, soil texture fractions (sand,
silt, clay) were considered in addition to the environmental variables.
They were derived from interpolated maps using the ordinary kriging
method with the ArcGIS 10.3.1 software (ESRI). Ordinary kriging has
been used in many studies to predict soil properties at unsampled lo-
cations (Chaplot et al., 2010; Mishra et al., 2009; Were et al., 2015;
Zhang and McGrath, 2004).

The predictors were reduced for the subsoil carbon stock model due
to the smaller size of the dataset (n = 70). Feature selection was carried
out using the RF recursive feature elimination algorithm of the R
“caret” Package (Kuhn, 2015). The following variables were finally
retained for the subsoil carbon stock prediction: elevation, distance to
stream, sin (Aspect), cos (Aspect), ruggedness, curvature, catchment
area, sand, silt, clay, precipitation, and temperature. Finally, the digital
maps of the topsoil and subsoil carbon stock were predicted by the
models at a resolution of 90 m for the whole study area.

Table 2
Selected variables to explain variability of SOC stocks.

Group Parameters Definition Abbreviation Units Authors

Local Slope Inclination of the land surface from the horizontal Slope.per % Allen et al. (2013)
Slope length Distance from origin of overland flow to deposition point Slope.length m Wiesmeier et al. (2011)
Curvature Combination of horizontal and vertical curvature A.curv °m~! Grimm et al. (2008)
Maximum curvature Maximum curvature S.max.cuv °m~! Grimm et al. (2008)
Minimum curvature Minimum curvature S.min.cuv ‘m~! Grimm et al. (2008)
Plan curvature Horizontal (contour) curvature S.Plan.cur ‘m~! Wiesmeier et al. (2011)
Profile curvature Vertical rate of change of slope S.Profile.cur ‘m~! Davy and Koen (2013)
Elevation Vertical distance above sea level Elevation m Davy and Koen (2013)
cos (Aspect) North-south topographical orientation cosAsp Wang et al. (2013)
sin (Aspect) East-west topographical orientation sinAsp Wang et al. (2013)

Regional Catchment area Discharge contributing upslope area S.CA m? Grimm et al. (2008)
Distance to stream Distance to stream network Dist.stream m Grimm et al. (2008)

Combined Topographic Wetness Index Ratio of local catchment area to slope A TWI Wiesmeier et al. (2011)
Saga Wetness Index Ratio of local catchment area to slope S.Wet.Ind - Selige and Bohner (2006)

Climatic Temperature Temperature Temp °C Page et al. (2013)
Precipitation Precipitation Prep mm Page et al. (2013)

Soil properties Sand Sand Sand % Were et al. (2015)
Silt Silt Silt % Were et al. (2015)
Clay Clay Clay % Were et al. (2015)

Others Lithology Lithology Litho - Wiesmeier et al. (2011)
Geormorphology Geormorphology Geo -
Land use Land use LU - Wiesmeier et al. (2011)
Reference soil group Reference soil group rsg - Allen et al. (2013)
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Table 3
Basic soil characteristics under different land uses (mean values with SD).
N Sand Silt Clay BD pH
0-30 cm
LU CR 36 28.1%( £ 9.1) 43.2%(+£7.1) 28.5%( = 10.1) 1.4%( £ 0.1) 6.4°( = 0.5)
SA 34 29.9%( = 12.3) 44.8%( = 10.5) 25.9% £ 9.5) 1.5% = 0.1) 6%( + 0.4)
RSG CM 8 25.5%( = 11.3) 42.2%( £ 6.7) 32.2%( = 13.6) 1.3%( + 0.1) 7%+ 0.4)
GL 12 19.1%%( + 11.3) 50.3%( = 9.7) 31.73( + 11) 1.4%( = 0.1) 6.1°( +0.3)
LX 2 22.6%( £ 3.5) 55.3%°( £ 8.6) 20.5% £ 2.9) 1.4*( = 0.001) 6.23°( + 0.4)
PT 44 32.8% + 8.9) 429+ 8.2) 25.2%( + 8.4) 1.5 % 0.1) 6.1+ 0.4)
ST 4 29%¢( = 10.7) 43.9%°( £ 8.9) 27.3%( £ 9.8) 1.4*( = 0.1) 6.53bc( +0.4)
30-100 cm
LU CR 36 21.6%( £ 6.9) 40.7°( = 4.8) 37.23( £ 7.9) 2%(+0.7) 6.3%( = 0.5)
SA 34 22.8%( £5.3) 41.8%( £ 6.2) 34.9%( £ 4.5) 2.1*( = 0.7) 6.1°( = 0.4)
RSG CM 8 26.4%( £9.1) 39.5%( + 2.7) 33.7%( £ 9.9) 1.7%( £+ 0.6) 6.9°( = 0.7)
GL 12 19.7%( = 7.5) 45.3%( £ 7.9) 34.5%( £ 5.8) 1.6%( = 0.1) 6.1°( £ 0.3)
LX 2 17.9%( = 6.1) 46%( + 6.7) 34.4%( £ 2.3) 1.5% = 0.1) 6.1°°( + 0.2)
PT 44 22.2%( £ 4.6) 40.2°( = 4.3) 37.1%( £ 6.3) 2.3*(+0.7) 6.1°( = 0.3)
ST 4 22.9%( + 8.5) 41.3%( = 8.3) 35.1%( £ 4.1) 1.8%( = 0.8) 6.73( + 0.7)

LU: land use, CR: cropland, SA: natural/semi natural vegetation, RSG: Reference soil groups, CM: Cambisols, GL: Gleysols, LX: Lixisols, PT: Plinthosols, ST:
Stagnosols, n: number of samples, BD: bulk density. Means followed by the same letters are not significantly different (p < 0.05), topsoil and subsoil are to be

considered separately.
3.5. Statistical analysis

Descriptive statistics (means and standard deviations [SDs] of the
mean) were used to characterize the measured values of the variables.
Normality of the carbon data was checked with the Shapiro-Wilk test.
Student's t-test was used for comparison between the SOC stocks of the
different land-use systems. Bartlett's test for homogeneity of variance
was performed due to the unequal size of the data for the soil reference
groups (Yu, 2011). The significance of the difference in the mean SOC
stocks between the reference soil groups was examined using the Welch
analysis of variance test, while for multiple means comparisons the
Games-Howell test was performed, as carried out in Cornelissen et al.
(2001). All statistical analyses were carried out using the R version
3.0.3 software (R Core Team, 2015).

3.6. Prediction models: multiple linear regression and random forest
regression

In the present study, MLR and RFR were used as statistical models to
predict the spatial distribution of the topsoil SOC stock. MLR is a
commonly used statistical approach to predict the values of a depen-
dent variable (here, the SOC stocks) based on a set of independent
variables (here, the covariates in Table 2). In this study, MLR was im-
plemented using the R “caret” package (Kuhn, 2015) using tenfold
cross-validation with five repetitions.

RFR (Breiman, 2001) was used to get insight into the explanatory
variables which affect the variability of the SOC stock. RFR functions
are performed in a similar way as a regression tree, with the difference
that many classification trees are generated and averaged to give a
prediction for the response variable. Accuracy is reached with low bias
and low variance as a large number of trees is averaged (Grimm et al.,
2008). The reasons for using RFR in this study are related to its ro-
bustness towards nonlinearity, overfitting, and interaction, as well as to
its capacity to deal with continuous and categorical variables (Breiman,
2001). Each tree is built from a unique bootstrap sample of the dataset,
thereby providing a reliable error estimation based on the remaining
set, called the out-of-bag data. The measure of the variable importance
based on the mean decrease of the prediction accuracy before and after
random shuffling of the predictors gives insight into the influence that
each of the explanatory variables has on the response variable. The
latter was considered for identifying the most important factors af-
fecting the SOC stocks for both topsoil and subsoil. The RFR analysis
was also carried out using the R “caret” package (Kuhn, 2015) using
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tenfold cross-validation with five repetitions.
3.7. Model training and mapping

The topsoil dataset was split, with 70% of the samples to train the
model while 30% were used as an independent validation set. However,
for the subsoil we conducted a split of 80% for model training and 20%
for validation. The models derived from the MLR and RFR were used to
make the respective prediction maps, which were corroborated by
different validation sets. For the stability and robustness of the models,
the different calibrations were carried out based on a five-time repeated
10-fold cross-validation using the “caret” R Package (Kuhn, 2015). The
cross-validation was performed on the 70% and 80% of the data used
for training the model for the topsoil and the subsoil, respectively. The
root mean square error (RMSE) of cross-validation (RMSECV) and the
RMSE from prediction based the validation set (RSMEPV), as well as the
mean error (ME) were used to assess the model accuracies.

1

1 n 2
RMSE =|= ) (B - ol-)z]

1 n
ME=—% (R~0)

nia 3)
where “P” is the predicted value and “O” is the observed/measured
value.

4. Results and discussion
4.1. Basic soil characteristics

The different land use and reference soil groups were dominated by
silty soil texture with elevated clay contents in the subsoil (Table 3).
Textural variations occurred among the different soil groups: the
Gleysols were silty and less sandy than the Plinthosols which peaked in
the opposite direction. Possibly, the latter was caused by pseudo-sand
like oxide concretions which could not be destroyed completely during
conventional texture analyses. The bulk density increased with depth,
with larger values recorded in the subsoil for both land-use systems.
Maximum bulk densities were found for the Plinthosol subsoils, which
indicated the presence of petroplinthite in some of these profiles. The
pH was slightly acidic and comparably similar among land use and
reference soil groups at all soil depths. This trend is in line with values
reported by Yoni et al. (2005) in Western Burkina Faso.
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Table 4
SOC stocks in the different land use systems and reference soil groups.
LU RSG n 0-30 cm 30-100 cm 0-100 cm
Mean Sd Mean Sd Mean Sd
CR & SA 70 39 +16.7 339 +23.8 735 + 30.7
CR (tCha™ 1) 37  39.1* +16.5 40.2* +27.9 771 + 349
SA (tCha™1) 33  41.4* +17.4 26.3° +15.9 67.7% +27.3
CR (tCha™') M 6 40.27 +12.6 48.7* 30.7 88.97 + 40.5
SA (tCha™") 2 166" =83 206 16.0 37.2°  +76
CR (tCha™!) GL 5 39.9% + 122 52.7% + 32 94.4* + 354
SA (tCha™1) 7 46.6% +18.9 35.6° +15.1 825" + 31.2
CR (tCha™!) IX 1 27.6 26.0 53.6
SA (tCha™1) 1 37.6 . 21.9 . 59.5 .
CR (tCha™') PT 22 39.8° + 15 33.7% + 245 73.2% + 324
SA (tCha™1) 22 4247 +16.9 24.6% +16.3 67.0° + 259
CR (tCha™!) ST 3 9.0* +5 54.6% +42.7 63.6 + 46.8
SA (tCha™") 1 367" . 17.2* . 540 .
CR (tCha™!) M 6 40.27 +12.6 48.7% +30.7 88.9% + 40.5
GL 5 40.0% +122 52.7% + 32 92.7% + 38.3
PT 22 39.8* + 15 33.7% + 245 73.2% + 324
ST 3 9.0° +5 54.6% +42.7 63.6° + 46.8
SA (tCha™!) CM 2 16.6% + 8.3 20.6" +16.5 36.6" + 8.1
GL 7 46.6% +18.9 35.6° +15.1 82.2% + 314
PT 22 423" +16.9 24.6° +16.3 67.0° + 259

LU: land use, RSG: reference soil group, CR: cropland, SA: savannah, CM:
Cambisols, GL: Gleysols, LX: Lixisols, PT: Plinthosols, ST: Stagnosols; n: number
of samples, Means followed by the same letters are not significantly different
(p < 0.05).

4.2. SOC stock in relation to land use and reference soil group

The distribution of the SOC stocks in the different land-use systems,
as well as in the reference soil group of each specific land use, is pre-
sented in Table 4. About 73.5 t Cha ™! was recorded as the total average
of SOC stock in the entire profile (0—100 cm) of the Dano catchment
with 39tCha~? found for the topsoil (0-30 cm) and 33.9tC ha~! for
the subsoil (30-100 cm), amounting, respectively, to 53% and 47% of
the total stock. These results coincide with the findings reported by
other authors, with Batjes (1996) recording 39-70% of the SOC stock in
the first 30 cm and Doetterl et al. (2015) reporting about 52% of SOC
stock at the same depth. The total average of SOC stock over 100 cm
recorded in the present study is higher than the range estimations of
42-45tCha™! for West Africa and 64-67 t Cha™! reported for Africa
(Batjes, 2001); on the other hand, our average value is lower compared
to the 82tCha~! found by Hien et al. (2003) for southern Burkina
Faso.

In the topsoil, the SOC stock was similar for both land-use systems.
The average SOC stocks of the noncropped sites only slightly exceeded
that of the croplands (2.3tCha™'; not significant). The lack of sig-
nificance was due to the Cambisols, which showed significantly larger
SOC stocks in the surface soils of the croplands, likely due to former
land degradation or just site preference of farmers for the better
Cambisols. The larger SOC stocks in the surface soils for the other sites
under natural vegetation are in line with other studies (Bruun et al.,
2013; Singh et al., 2011).

A study in Ghana by Boakye-Danquah et al. (2014) reported
22.9tCha™! for the topsoil of cultivated areas but 49.4tCha™?! for
those under native vegetation. For Burkina Faso, Hien et al. (2006)
recorded 16-25 t Cha ™! for cropland soil and 61 t Cha™" for savannah
soils. However, our data for the Dano catchment pointed to smaller
differences among the two land-use systems (Table 4).

The small difference of SOC stocks between these two land-use
systems in the Dano catchment suggest a high level of degradation of
the sites under savannah, which is subject to overgrazing due to the
absence of sufficient grazing areas and the nonexistence of straw and
silage production (Callo-Concha et al., 2012). The pressure on these
noncropped fields is worsened by the presence of migratory herding,
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which adds to the local livestock (Gonin and Tallet, 2012). Moreover,
the production of a local beer (dolo) results in the use of about 6400 t of
firewood per year from the native savannah sites; this also constitutes a
major source for the degradation of natural resources (Blin and Sidibe,
2012). The sites under savannah may also include old fallow soils,
which, because of current herding pressure, have failed to rebuild their
carbon stock. Once degraded, it may take decades until SOC stocks in
such savannah soils are restored (Preger et al., 2010).

One additional peculiarity was the presence of stone lines (field
survey observation, Supplementary Information SI.1) in the croplands,
which may have also reduced soil erosion, as observed by Schmengler
(2010) in the same area. Zougmoré et al. (2004) reported a reduction of
runoff by 45% with the use of stone lines as conservation practice.
Therefore, the presence of these stone lines might have contributed to
slowing down the SOC loss from the cropland.

Intriguingly, significantly different C stocks were found for the
subsoils that contained more SOC in the cropland than in the savannah
sites (Table 4). This SOC storage overcompensated SOC gains in the
surface soils, so that significance disappeared on a whole soil profile
basis. In part, the larger SOC stocks under cropland may be attributed to
the presence of petroplinthite in the subsoil of the savannah soils, which
are thus not used for cropping nowadays. In addition, intensive trans-
location processes in the croplands may have been induced at elevated
precipitation events under a tropical climate, as formerly reported for
the leaching of basic cations into the subsoil (Eze et al., 2014) along
with clay and SOC, especially for low-acidity soils, which also prevailed
in our study (Lorenz and Lal, 2005).

Considering the different reference soil groups in the topsoil, the
Plinthosols (41.1 t Cha™') contained more or less as much SOC as the
Gleysols (43.8tCha~1). The latter also recorded the largest carbon
stock over 100 cm depth (86.6tCha™1) followed by the Cambisols
(75.8tCha~') and the Plinthosols (70.1tCha~1) (see Supplementary
information, SI. 2). The prevalence of SOC in Gleysols might not be
solely due to limited SOC decomposition under groundwater influence,
but could mainly be related to the occurrence of local erosion processes,
leading to the transport of SOC-rich sediments from upslope to the
lower slope, and thus from other soils into the Gleysols under the
combined effect of slope, elevation, and heavy tropical rain. Doetterl
et al. (2013) reported a significant difference in SOC stocks between
erosional and depositional areas due to soil relocation processes and
local topographical features. However, with similar SOC stocks in the
topsoil between Gleysols, Plinthosols, and Cambisols, depositional areas
might not correspond only to Gleysols due to the variability of topo-
graphic features across the landscape. On the other hand, the periodic
saturation by groundwater reduces oxidation processes in the subsoil.

The Stagnosols of the cropland exhibited the lowest SOC stocks
(9tCha™?, Table 4). As temporary saturation with water in the stag-
nosols should normally promote SOC storage, rather than distorting it,
we attribute this finding first to their position at a relatively medium to
high position in the landscape, favoring vulnerability to soil erosion,
and second to stagnic conditions occurring at a relatively deeper depth
regarding the high carbon stock in the subsoil (54.6tCha™'). More-
over, exposition to a longer cultivation duration with very low input
(Bationo and Buerkert, 2001) could also be responsible for the low
carbon level of the topsoil, but investigation into the land use history is
necessary before any sound conclusion can be reached. The Stagnosols,
exhibiting larger SOC stocks in the subsoil of the croplands, could be
taken as additional evidence that for mapping soil C storage, the con-
sideration of whole soil profiles is needed.

4.3. Factors affecting the spatial variability of the topsoil SOC stocks

The analysis of variable importance characterizes the influences
that different explanatory variables (see Table 2) have on the response
variable (here, SOC stock). The analysis revealed different preeminent
parameters controlling SOC stocks of topsoil and subsoil (Fig. 2) for
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Fig. 2. Top five variables from the RFR and MLR models for the topsoil (0-30 cm) and subsoil (30-100 cm). S.Wet.Ind: wetness index, Slope.per: slope (%), rsgGL:
Gleysols, Prep: Precipitation, S‘CA: catchment area, rsgST: Stagnosols, RFR: random forest regression, MLR: multiple linear regression, cosAsp: cosine(Aspect),

sinAsp: sine(Aspect).

RFR and MLR. Only the top five variables are considered in the figure
(see Supplementary information, SI. 3-4 for scatter plots as a function
of SOC stock).

The soil texture was revealed as the most prominent predictors for
the topsoil SOC stock, with the silt and sand ranking first for the RFR
while coming in inverse order with the MLR. The latter model also
recorded clay next to the first two variables. Soil texture in general, and
especially its fine particles (silt and clay), have been extensively dis-
cussed in the literature as important agents accounting for the variance
of SOC through adsorption of organic matter (Bationo et al., 2007;
Chaplot et al., 2010; Mao et al., 2015; Saiz et al., 2012; Zhang and Shao,
2014). The silt recorded a negative correlation with SOC stock (Sup-
plementary information, SI. 3) contrary to some studies which reported
a positive association (Sakin, 2012; Augustin and Cihacek, 2016). The
presence of pseudosilt as reported for many rich oxide tropical soils
might support this trend compared to previous studies (Embrechts and
Sys, 1988; Jungerius et al., 1999; Gidigasu, 2012). However, it is ob-
vious that not only linear patterns are at play within such soil-landscape
system. As recorded in Table 2, the dominant content of silt in the
topsoil makes it the most abundant soil particle involved in SOC storage
by, for example, adsorption or aggregation. In addition, silt is known to
affect the storage of plant-available water, which adds to the SOC sto-
rage via its control on primary plant production and carbon input. The
correlation of SOC stock to wetness index (indicator of soil moisture)
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with the RFR may be taken as additional evidence for such interactions,
as previously also reported by Zadorova et al. (2014). Beside its impact
on plant growth, the wetness index also affects SOC dynamics as a
hydrological factor at depositional and flat areas, where elevated hu-
midity results in slower decomposition rates for soil organic matter
(Doetterl et al., 2013). In logical consequence, elevation and slope are
thus recorded as one of the next prominent variables that influence SOC
storage (Fig. 2). The finding is in line with results of Hengl et al. (2015),
who also reported elevation as a major factor affecting SOC stocks in
Africa.

The subsequent parameters influencing surface SOC storage refer to
Gleysols and precipitation (Fig. 2) for the MLR. Obviously, their higher
level of humidity and position at lower elevation and slope areas ex-
plain Gleysols being positioned as the fourth-best predictor. Climate
variables have been widely acknowledged as an influential variable for
SOC stocks (Doetterl et al., 2013; Manning et al., 2015; Oueslati et al.,
2013). Temperature and precipitation distribution affect the production
of plant materials and soil fauna activity. Warmer temperatures and
wetter conditions would most likely result in higher biomass production
and microbial activity. Conversely, a lower heat transfer, coupled with
lower humidity, could result in reduced C decomposition. The dry
season of the study area is characterized by higher temperatures with
very scarce rainfall, which suppresses biomass production, whereas the
rainy season comes along with intense and heavy rainfall and
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subsequent vegetation growth. As a result, the final SOC stock at a given
location is likely interactively affected by climatic elements, such as
precipitation, which affect soil moisture (wetness index) distribution as
a function of elevation, slope, and soil texture.

For the subsoil, sin (Aspect) (east-west topographical orientation)
and cos (Aspect) (north-south topographical orientation) were revealed
as the first-best predictor for the RFR and MLR, respectively. The slope
aspect is reported to affect some microclimatic parameters, such as soil
temperature, moisture, vegetation, and soil fauna, by regulating the
incoming solar radiation and evapotranspiration (Dorji et al., 2014).
Consequently, differences in aspect-induced microclimate resulting in
higher biomass and moisture, as well as lower soil organism activities in
shady areas (north-facing slopes) compared with sunny areas (south-
facing slopes), would result in higher SOC stocks in the former com-
pared to the latter. For the subsoil, about 77 t Cha™! of SOC stock was
recorded for the north (and northwestern) facing slopes, while
31tCha ' and 19t Cha~ ' was recorded for the south- and west-facing
slope areas, respectively (results not shown).

Other variables of lower rank but still of major importance, such as
soil particle size (contents of sand and silt) and precipitation, were
identified by the RFR. Apart from precipitation, the MLR also identified
the Stagnosols and catchment area among the top-five variables. Earlier
studies from other regions also identified precipitation, among others,
as a major control variable for subsoil SOC stocks (Adhikari et al., 2014;
Doetterl et al., 2013).

As indicated above, the amount of precipitation drives soil moisture
and thus biomass production, contributes to waterlogging and thus SOC
storage conditions in the subsoil, and affects the vertical and lateral
transport of SOC-rich particles in the landscape. Consequently,
Stagnosols, which are soils affected by temporary waterlogging, pre-
sented the highest SOC stock in the subsoil (Table 4).

4.4. Spatial distribution of SOC stocks

The spatial distribution pattern of SOC stocks in the topsoil (Fig. 3)
based on the prediction of the RFR and MLR model presents an irregular
pattern. There were innumerable patches of small and large SOC stocks
across the study area, pointing to a pronounced variability of the SOC
stock over small distances. On large scales, elevated SOC stocks in the
topsoil were observed in the western and southeastern areas, especially
with the RFR maps. However, the MLR map also showed much higher
stock in the northern and northwestern part compared to the RFR map.
The western and southeastern areas correspond to the high elevation
part of the watershed (Fig. 1), with SOC stocks varying between 55 and
65tCha~'. The remaining areas displayed low (28-40tCha™') to
medium (40-55t Cha~') SOC stocks. Though land use did not come up
as key variable for SOC stocks in the topsoil, it had an indirect link with
elevation, being one of the major influencing factors (Fig. 1). In our
study area, the density of settlements and adjacent intensively culti-
vated fields was higher in the lower elevation areas due to the proxi-
mity of streams, which provide water for domestic purposes and for the
irrigation of crops. Consequently, larger SOC stocks were found in the
surface soils that belonged to areas in more remote and elevated parts
of the watershed, which thus exhibited less cultivation intensity and
larger areas covered by natural vegetation. This is further corroborated
by the positive correlation observed between elevation and SOC stock
in the topsoil (Supplementary information, SI. 3). The MLR map pre-
sents much lower (darker blue) and higher (green and yellow) values
compared to the RFR map. This suggests that the former covered a
larger range of the SOC stock and possibly allocated higher SOC stocks
in the northern and northwestern area compared to the latter.

Fig. 3 presents a different pattern for spatial distribution of the SOC
in the subsoil. The subsoil SOC stock map of the RFR displays the largest
SOC stocks in the northern and northeastern part, as well as in the
lower section of the southern part, though the latter covered only a
small area. The largest subsoil SOC stocks are primarily located in the
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lowest elevation part, which correspond to the predominant area of the
Gleysols, characterized by the smallest distance to the stream network.
As noted above, this finding was likely additionally influenced by re-
depositional processes. Schmengler (2010) identified various colluvial
deposits at footslope/toeslope level in the Dano catchment. The MLR
subsoil map shows larger SOC stocks in the western area, while the
remaining parts are mainly characterized by a much lower stock. The
spatial distribution of SOC stock observed with the RFR model for the
subsoil better reflected the high level of carbon stock observed in the
Gleysols located at lower positions, while the MRL attributed the lowest
amount to these soils. We suggest that the MLR failed to accurately
capture the spatial distribution of the subsoil SOC stocks due to the
small number of samples coupled with the existence of a nonlinear
pattern which the RFR was able to capture.

4.5. Performance of the RFR and MLR models

In general, the accuracy of the RFR and MLR prediction models
(Table 5) based on the R? was low (< 30%). The explained variances
could not be improved even when some reference soil groups were
removed from the dataset and modeling was carried out with the re-
mainder (see Supplementary information, SI. 5). The results of this
study regarding the low explained variances are consistent with some
existing findings in the literature. Grimm et al. (2008) found only 6% as
explained variance for topsoil and 8-25% for subsoil SOC content after
using the RFR approach in a tropical island in Panama. Henderson et al.
(2005) used a decision tree approach and reported an explained var-
iance of 41% for topsoil SOC and 24% for the subsoil. Wiesmeier et al.
(2014) analyzed the spatial distribution of SOC stocks and found 52% of
explained variance for the carbon stock based on climate, land use, and
environmental variables. Schulp and Verburg (2009) and Schulp et al.
(2013) reported 21-43% explained variance for SOC contents and
stocks in spite of the wide range of data from soil properties to terrain
attributes considered. These authors pointed out that low explained
variance for SOC prediction was recorded due to an intrinsic large
spatial variability of SOC with the interplay of a large range of factors at
local and regional level.

The low explained variance observed in the present study could be
attributed to the existence of other environmental and soil parameters
affecting SOC stock variability that have not have been investigated in
this study. Such parameters may account for specific soil properties,
such as soil structural stability, clay mineralogy, sesquioxide composi-
tion, as well as other factors beyond the scope of our design, such as
socio-ecological impacts in soil resilience (e.g., Linstddter et al. (2016)).
In addition, the RMSE obtained in this study is a reflection of errors
related to field sampling, laboratory measurement, and statistics, as
well as random errors. Since all of the soil properties used in the present
study were interpolated by ordinary kriging, it is evident that related
errors translated into the estimation of SOC stock. However, pre-
liminary modeling without these soil properties revealed much lower
variances (data not shown), proving them key variables to be taken into
account. Auxiliary data coming from different sources and different
scales infer variability in data quality, as also pointed out by Were et al.
(2015). For example, the resampled lithology file was originally pro-
duced at a scale of one million; as result, its distribution in the study
area might have been too coarse. Further model improvement would
require additional explanatory variables at a finer scale, with the con-
sideration of multi- or hyper-scale data in order to account for the
possibility of SOC stock being subject to factors operating at different
levels of scale (Behrens et al., 2010b; Behrens et al., 2010a).

Comparing the two models, the RFR performed marginally better
than the MLR, with higher R? values of 14% and 25% for the topsoil and
subsoil, respectively. In addition, the former recorded lower RMSEs for
both cross-validation and independent validation for all depths com-
pared to the latter (Table 5). This can be attributed to the nonlinear
pattern in the SOC stock dataset, which could not be accounted for by



O.K.L. Hounkpatin et al.

Catena 166 (2018) 298-309

RFR (030 cm) MLR (0—30 cm)
1240000
1235000
1220000 - Carbon stock
(tChal)
- value
5 150
=] 4
g 1225000
-g 100
A RFR (30— 100 cm) MLR (30 — 100 cm)
g 0
1240000
0
1235000
1230000
1225000
420000 495000 500000 420000 495000 500000
UTM Westing (m)
Fig. 3. Distribution of SOC stock in the topsoil (0-30 cm) and subsoil (30-100 cm) based on the RFR and MLR models. RFR: random forest regression, MLR: multiple
linear regression.
Table 5
Performance statistics of the RFR and MLR models and general statistics for measured data and SOC stocks of the maps.
R® RMSECV RMSEPV ME
Model and Topsoil RFR 14.0 13.8 14.9 -0.8
valida- (0-30 cm) (tCha™")
tion MLR 10.8 14.2 18.8 -31
(tCha™")
Subsoil RFR 25.6 21.6 23.0 +0.2
(30-100 cm) (tCha™")
MLR 18.23 25.07 34.07 -17.7
(tCha™")
Min Max Mean ( + SD) ME
Predicted map versus measured dataset Topsoil RFR predicted data (t Cha™') 25.4 58.4 452 (+4.2) -0.3
(0-30 cm) MLR predicted data (t Cha™") 0 85.2 43.4 (+9.9) —-2.1
Measured data (t Cha™?!) 11.3 79.2 45.5 (= 14.9)
Subsoil RFR predicted data (t Cha™') 17.3 54.4 36.3 (£ 5.8) +2.6
(30-100 cm) MLR predicted data (t Cha™}) 0.0 151.1 228 (+=21.1) -10.9
Measured data (t Cha™?!) 0.3 103.0 33.7 (£ 23.9)

RFR: random forest regression, MLR: multiple linear regression, RMSECV: root mean square error of cross validation, RMSEPV: root mean square error of prediction
based on validation set, SD: standard deviation, ME: mean error, —: underestimation, +: overestimation.
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the MLR. Other studies have also pointed out MLR's limitations with
respect to handling nonlinear patterns in datasets - hence its lower
performance compared to machine learning models such as RFR (Hengl
et al., 2015; Zhang et al., 2017). Moreover, the error metrics (Table 5)
showed that the RMSECV, as well as the RMSEPV from the RFR model,
were all slightly lower or comparable to the SD of the measured values.
This reveals that the predictions of the models from the RFR were as
accurate as the training set, in spite of the low explained variance. A
similar trend was also recorded by Were et al. (2015).

The general statistics for the predicted and measured SOC stocks
(Table 5) revealed that the predicted minimum value for the RFR maps
was larger than the measured one, while the predicted maximum values
were lower (Table 5). The opposite was observed with the MLR, whose
predictions were larger than the initial range of the measured data. This
further explains why the maps of the MLR for both topsoil and subsoil
presented much higher (green and yellow) and lower (darker blue)
values compared to the RFR maps (Fig. 3). For the RFR, this may be
attributed to the fact that the model considered the lowest and highest
values of the training data as outliers, as also observed by Were et al.
(2015). However, the mean SOC stocks measured for the topsoil
(45.5tCha ') were very near to the mean SOC stocks predicted from
the map (45.2tCha™1Y). In general, a trend of underestimation was
observed with the models when based on the mean error. However, this
underestimation tended to be even larger with the MLR applied to the
subsoil. In addition, the mean SOC stocks from the MLR map was about
two times lower in the subsoil than the mean of the measured stocks,
suggesting that pattern recognition with a machine learning method
such as RFR might be a better option in the context of a limited dataset
with an inherent nonlinear relationship.

5. Conclusion

This study provides insights into the quantitative status of topsoil
(0-30 cm) and subsoil (30-100 cm) SOC stocks in the Dano catchment
in different land-use systems and across different soil reference groups.
Additionally, the driving factors and spatial distribution of the topsoil
and subsoil carbon stock was investigated. RFR and MLR modeling
were used as statistical methods for identifying these factors and for
mapping the spatial distribution of SOC stocks for the topsoil and
subsoil carbon stock.

The results indicate only a marginal difference between SOC stocks
in the savannah and cropland, with most of the reference soil groups
related to the former recording a slightly larger carbon stock in the
topsoil. We attributed these findings to both site preferences by farmers
for better sites selected for cropping, as well as advanced land-use de-
gradation of the savannah land with increasing human grazing pres-
sure. The findings also show a significantly higher SOC stock in the
croplands compared to the savannah lands in the subsoil, suggesting a
higher vulnerability of the former to intensive translocation processes
induced by elevated precipitation events under a tropical climate.

The topsoil SOC stock variability was primarily affected by soil
properties (e.g., silt content), followed by the soil moisture distribution
with the wetness index. Sites at higher elevation exhibited elevated SOC
stocks in the surface soil. This disentanglement was due to landscape
controls on population density and cropping intensity, which were both
concentrated in the lowlands. The subsoil SOC stock was mainly asso-
ciated with the topographical orientation represented by the slope as-
pect. RFR performed slightly better than MLR in predicting the spatial
distribution of the topsoil and subsoil SOC stock, as the latter could not
account for the nonlinear pattern within the data.

Our findings reinforce the view that the semi-arid ecosystems of
West Africa still offer a significant opportunity for carbon sequestration
to offset ongoing C losses, with the spatial distribution of the topsoil
SOC stock driven not only by soil and climate, but also by landscape-
specific human pressure on ecosystems.
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