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ABSTRACT

Land use change caused by agriculture and inappropriate agricultural management cause soil organic carbon
(SOCQ) loss. This study was conducted in a smallholder communal area of Zimbabwe with the following objec-
tives: i) to quantify SOC stocks under contrasting land uses and soil types, and estimate landscape-level SOC
stocks, ii) to assess the impact of historical agricultural management parctices on SOC in croplands (homefields
vs outfields), and iii) to estimate temporal changes in SOC stocks due to land use change using field measure-
ments and geospatial data (Africa Soil Information Service, AfSIS). SOC stocks were measured across three soil
types and eight land uses (croplands, gardens, fallows, grasslands, vleis, shrublands, forests and tree plantations)
at soil depths of 0-20 and 20-40 cm. Estimates from AfSIS were also used for comparison. SOC stocks were
highest on black clay soils (66.9 + 2.30 Mg C/ha), followed by red clay soils (36.1 + 2.04 Mg C/ha) and sandy
soils (25.5 + 0.59 Mg C/ha). Among land uses, SOC stocks were highest in vleis (67.9 + 3.55 Mg C/ha), followed
by gardens (56.4 + 2.34 Mg C/ha) and grasslands (53.1 + 6.18 Mg C/ha). Croplands on sandy soils had the
lowest stocks (22.7 + 0.77 Mg C/ha). Distance from homestead had no significant effect on SOC stocks. SOC
stocks estimated by AfSIS were systematically underestimated in vleis, grasslands and gardens, resulting in a 20
% underestimation of landscape SOC stocks. Landscape SOC stocks declined slightly (—0.2 %) from 2002 to
2023, though the change was not statistically significant. Our findings highlight that SOC stocks hotspots are
concentrated in vleis, gardens and grasslands, mostly within communal grazing lands. Their conservation should
therefore be a priority, emphasizing the need for collective management. On the other hand, restoration of
degraded croplands could be enhanced by strenghtening linkages between cultivated fields and communal
grazing lands through improved livestock management.

1. Introduction

Soil organic carbon (SOC) is instrumental in the global carbon cycle
and in many functions related to soil fertility. It has a major influence on
soil physical structure, nutrient retention, and water storage (Cotrufo
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and Lavallee, 2022). However, in many smallholder farming systems
across sub-Saharan Africa (SSA), SOC levels are often depleted (Zingore
et al., 2005; Cardinael et al., 2022; Laub et al., 2023). This depletion is
primarily due to continuous cropping with inadequate nutrient inputs
(Rurinda et al.,, 2013) and limited availability and use of organic
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resources (Rusinamhodzi et al., 2016). These challenges are exacerbated
by the burden of climate change, which brings erratic and poorly
distributed rainfall, higher temperatures and declining crop yields
(Rufino et al., 2011), worsening food insecurity. With high poverty
levels, many farmers have limited capacity to adopt new adaptation
strategies (Zinyengere et al., 2013).

Increasing SOC levels is presumed to provide multiple benefits,
including climate change mitigation, enhanced soil fertility leading to
higher crop yields (Tittonell et al., 2010; Cardinael et al., 2022). This is
particularly important for smallholder farmers who are negatively
affected by large yield gaps that are associated with poor soil fertility
(Chivenge et al., 2011; Oldfield et al., 2019), curtailing the achievement
of sustainable development goals (SDGs), such as ending hunger and
eradicating poverty (Dutta et al., 2020).

SOC has a complex structure, and it interacts with soil minerals in
various ways (O’Rourke et al., 2015). Additionally, the amount of SOC
that can be stored at any given time depends on several factors
including, local climate, the type of land use and land management as
well as other site-specific conditions (Lal, 2004). SOC stocks have high
spatial variability, and the changes over time are usually small and
difficult to measure accurately. Understanding the drivers of SOC
change is critical for designing appropriate strategies to preserve or in-
crease SOC levels across different scales (Feller et al., 2001; Xiao, 2015;
Abegaz et al., 2020).

At the global scale, land use change is an important driver of SOC
change (Beillouin et al., 2023). This is supported by Wiesmeier et al.
(2019) as well as by Guo and Gifford (2002) who estimated SOC declines
of 30 — 80 % within 30-50 years following conversion of natural lands
(forests and grasslands) to croplands. This decline is attributed to lower
C inputs in croplands compared to natural lands, coupled with an in-
crease in decomposition because of higher temperatures and aeration,
deterioration of aggregate protected soil organic matter as well as
increased erosion. Land management also plays a crucial role at this
scale, with systems that have higher crop diversity including deep
rooting crops, perennial crops and cover crops maintaining higher SOC
stocks (Wiesmeier et al., 2019). Other practices such as reduced tillage
(Shumba et al., 2024), use of organic amendments (Fujisaki et al., 2018)
and conversion of croplands to agroforestry have also been found to
significantly improve SOC stocks (Cardinael et al., 2018). At a local
scale, important drivers of SOC change include topography, parent
material particularly as it relates to soil type and soil texture.

Although the importance of SOC maintenance and additional storage
is acknowledged in SSA, detailed information on the specific drivers that
influence these processes remains limited (Von Fromm et al., 2021). This
is largely due to the limited availability of comprehensive studies (Hengl
et al., 2017; Nenkam et al., 2024), as research has traditionally focused
on temperate soils, with few studies addressing tropical soils (Ewing
et al., 2022; Beillouin et al., 2023). Additionally, smallholder farming
systems in SSA are highly heterogeneous due to diverse biophysical and
socioeconomic factors. Historical management, such as limited use of
organic inputs and mineral fertilizers have led in many places to the so-
called “soil fertility gradients” typified by decreasing soil fertility with
increasing distance from homesteads (Tittonell et al., 2007; Masvaya
et al.,, 2010; Zingore et al., 2011). These complexities challenge the
analysis of SOC drivers and their impact on SOC stocks (Tittonell et al.,
2005; Giller et al., 2011; Dutta et al., 2020). Carbon losses at the land-
scape level have been reported, largely caused by the conversion of
forests to agricultural croplands. While carbon stock estimates are made
through soil sampling, these assessments face challenges such as in-
consistencies due to limited range of land use types used in analysis
(Olorunfemi et al., 2022). This is because the region’s heterogeneous
landscape makes it expensive to assess every land use type, resulting in
only a few being evaluated. This limited data availability complicates
efforts to extrapolate findings across the broader region.

Accurate region-wide data is essential for understanding and man-
aging SOC and nutrient cycling in SSA. Recent soil nutrient maps at
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resolutions of 250 and 30 m (Hengl et al., 2015, 2021) provide readily
available data. However, these global scale maps may not be sufficiently
detailed for the small land parcels typical of SSA’s smallholder farms
(Chikowo et al., 2014; Ewing et al., 2021). For instance, in Zimbabwe,
farms usually consist of one large field divided into smaller plots ranging
between 0.1 — 0.5 ha (Zingore, 2006; Rusinamhodzi et al., 2013; Van
Apeldoorn et al., 2014), with each plot managed differently based on
resource endowment (Mtambanengwe and Mapfumo, 2005; Chikowo
et al., 2014). The mismatch between predictions made using a model (e.
g. as in geospatial mapping) and the measured values might have a
substantial effect on the resulting management decisions (Berazneva
etal., 2018; Djagba et al., 2022; Ewing et al., 2022; Rossiter et al., 2022).
In addition, the inherent smoothing effect of machine learning models
can obscure critical fine-scale variations which calls for refinement
through data integration, local validation and robust ground-truthing
(Rossiter et al., 2022). Accurate soil data are crucial for tailored man-
agement and nutrient recommendations. Therefore, further accuracy
checks and refinement of the soil properties and nutrient maps are
needed to ascertain their applicability to the highly heterogenous
farming systems in SSA.

Given this context, the main objective of this study was to understand
the drivers of SOC stocks in a case study in the sub-humid region of
Zimbabwe. Specifically, we aimed to i) assess the impact of land use, soil
type and texture on SOC stocks, ii) determine differences in SOC stocks
as a function of historical cropland management between homefields
and outfields (field types) iii) estimate temporal change in SOC stocks
due to land use change at ward level (the smallest administrative unit in
Zimbabwe), using both ground measurement, and AfSIS geospatial data.

2. Materials and methods
2.1. Study area

Murehwa (17°39'S, 31°47'E) is a smallholder farming district situ-
ated about 80 km northeast of the capital of Zimbabwe, Harare. The
district has a population of approximately 205 442 people and an
average of 54 people km ™2 (ZimStat, 2022). Farmers in the area practice
a mixed crop-livestock farming system. The crops that are usually grown
include maize (Zea mays L.), groundnuts (Arachis hypogaea L.), cowpeas
(Vigna unguiculata L.), sweet potatoes (Ipomoea batatas L.), and horti-
cultural crops including tomatoes (Solanum Lycopersicum L.) and other
vegetables. Cattle used to be the predominant livestock in the area
however, due to recent increase in diseases such as bovine theileriosis
(Theileria parva L.) (Manyenyeka et al., 2021), many farmers have lost
their cattle, and are mostly raising goats, and local chickens. Livestock,
particularly cattle, graze freely in communal rangelands during the day
and are tethered in kraals near homesteads overnight. Crop residues are
used to feed cattle during the dry season, and manure is used to fertilize
crops (Rufino et al., 2011; Zingore et al., 2007b). The district is located
about 1300 m above sea level, in agroecological region II — a zone of
high agricultural potential in both crop and livestock production
(Mugandani et al., 2012). It receives an average annual rainfall of 750 —
1000 mm with a unimodal distribution from November to April. July is
the driest month with only 2 mm of rainfall whilst January is the wettest
month with 215 mm of rainfall on average. The average annual tem-
perature is 24 °C, with October being the warmest month at around
30 °C and July the coldest month at approximately 14 °C (Zingore, 2006;
Kafesu et al., 2018). The dominant soil type is granitic-derived sands
(Lixisols) which have inherently low fertility. However, there are
smaller sporadic areas with more fertile clay soils (Luvisols) resulting
from dolerite intrusions (Zingore, 2006). In the low-lying areas, dark
grey or black heavy clay soils (Vertisols) can be found, with a fertile
topsoil horizon (Ivy, 1981; Nyamadzawo et al., 2015).
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2.2. Farmer selection and soil sampling protocol

The district consists of 30 wards and this study was conducted in
Ward 28. The total area of the ward is 6751 ha. Three villages, Chite-
merere, Makombe and Manjonjo, were selected from this ward. Using a
list of farm households in each village provided by the agricultural
extension officer, 50 % of the households were randomly selected giving
a total of 183 farm households. Soil samples were collected from all
agricultural fields, including gardens and fields under fallow for each
selected household (Fig. 1). Gardens represent plots primarily located in
the low-lying areas usually near rivers and away from the homestead,
commonly designated for growing vegetables. The fallow fields are areas
where farmers have temporarily ceased cultivation for different reasons
and varying periods of time with no additional management taking
place. In our study, fallow fields had been uncultivated for 1 year to 15
years, with an average of 4 years. To describe the common lands based
on the major land-use patterns, a participatory approach was employed,
involving focus group discussions with key informants from each village.
Common lands refer to land units which belong to the whole village,
where users can obtain resources such as firewood, litter, and wild fruits.
The common lands were identified as miombo woodlands, grasslands,
vleis, and gumtree plantations. The miombo woodlands were comprised
of either dense woodland where the tree canopy exceeds 2 m in height,
and is identified as forests, and shrublands where the tree canopy is less
than 2 m height and less dense. Vleis are grassy areas usually found in
the low-lying areas and are seasonally waterlogged with few scattered
trees (Nyamadzawo et al., 2015).

Soil sampling was carried out between June and July 2021. Soil
samples were collected at two depths, 0-20 cm and 20-40 cm. In each
farmer’s field, the sampling for SOC measurements followed a zig-zag
transect pattern, with 8-10 sub-samples being collected at 10 m dis-
tance using an auger. These sub-samples were then pooled to obtain one
composite soil sample per field. Farmers’ fields were small, and ranged
from 0.01 to 1.6 ha, with an average size of 0.2 and 0.1 ha for croplands
and gardens, respectively. Common land areas exceeding 1 km in length
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were sampled by taking one composite sample at every 100 m distance.
At this location 10 sub-samples were collected within a 10 m radius to
make the composite sample using an auger. A Garmin GPSMAP 66 s
handheld unit was used to geo-reference the boundaries of each field,
and the size of each field was recorded. For the common lands a geo-
location was recorded at each point where a soil bulk density sample was
collected. Additionally, description of the common land was recorded,
specifying the type of ground cover and the presence of specific features
such as rock outcrops and termite mounds.

One undisturbed core sample was collected from each field and
common land area, at each of the two depths, 0-20 and 20-40 cm, using
a volumetric cylinder (20 cm length x 5 cm diameter) to determine soil
bulk density. A total of 671 georeferenced locations were sampled,
yielding 1342 soil samples from two depth ranges: 0-20 and 20-40 cm:
distributed as follows: 732 from croplands, 246 from gardens, 64 fallow
fields and 300 samples from common lands (vleis, grasslands, shrub-
lands, forests and plantations) (Fig. 2). Within the croplands, 626 soil
samples were collected from sandy soils, followed by 92 from red clay
soils and 14 from black clay soils. Furthermore, most samples were from
homefields (527 samples) which are located close to the homestead. In
Manjonjo village, field ownership was characterised by several small
fields belonging to one farmer at varying distances from the homestead.
This contrasted with Chitemerere village where famers usually had one
large piece of land fenced within the homestead. In Makombe village,
there was a mix of both types.

All soils were air dried and subsequently sieved through a 2 mm
sieve. For bulk density samples, the fine and coarse fractions (greater
than 2 mm) were weighed. Due to the high number of samples and
limited oven space, a representative aliquot of 20 g from the fine fraction
was oven dried at 105 °C for 24 h to determine the moisture content and
the dry mass of the soil. Bulk density was determined by dividing the
mass of the oven dry soil by the volume of the core used to collect the
sample.
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Fig. 1. Distribution of sampling locations across the study area based on land use and land cover maps derived from Landsat images at 30 m spatial resolution.
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Fig. 2. Total number of soil samples (0-20 and 20-40 cm) as a function of land use and soil type.

2.3. Spectral acquisition and chemical analysis

Spectra were acquired at the laboratory of the French Agricultural
Research Centre for International Development (CIRAD) in Saint Denis,
La Réunion, on all soil samples ground to 200 um. The MIR spectra were
measured using an Agilent 4300 handheld FTIR spectrometer (Agilent
Technologies, Santa Clara, CA). Spectral pre-processing was done to
ensure the removal of any variations caused by light scattering and to
enhance some features within the spectra (Wadoux et al., 2021). Firstly,
smoothing was done using the Savitzky Golay filter with a window size
of 11 and a polynomial order of 2 in the signal and plyer packages (Signal
Developers, 2023) of R (R Core Team, 2023), then to correct for light
scattering, Standard Normal Variate (SNV) was used and finally
resampling was carried out at wavelength of 10 nm. Spectra were
trimmed to remove the noise at the edges leaving the range between
800-4000 cm ™. A subset of 230 soil samples, corresponding to 17 % of
the total number of samples, was selected for laboratory analysis. This
number of samples was determined by striking a balance between the
cost of the soil analysis and the quantity required to obtain accurate
estimates with spectroscopy. The selection was based on spectra simi-
larity and the most representative spectra were chosen using the Ken-
nard Stone algorithm as implemented in the Unscrambler X 10.5
Software (CAMO Software Inc., Oslo, Norway). Total carbon (corre-
sponding to SOC in this case as soils are acidic and do not contain any
carbonates) was determined by the Dumas elemental dry combustion
method using an Elementar VarioMax Cube. Soil texture analysis was
done using the hydrometer method following Gee and Bauder (1986).
Following the laboratory analyses, two soil samples were disqualified
due to being outliers (i.e. they had unrealistically high carbon and ni-
trogen values). Consequently, a total of 228 samples were used for the
model building.

A multivariate feed forward artificial neural network (ANN) model
was developed to predict SOC and soil texture. The measured values of
the soil properties from the laboratory analyses used to fit the models
were split into training and validation sets using k-fold cross-validation

to assess prediction accuracy of the model predictions on unseen data.
Ten approximately equal-sized folds were created. Each fold was used as
a calibration set and the other nine sets as validation. The procedure was
repeated until each of the ten folds had been used once as a validation
set. For more details on model calibration see Nyawasha et al. (2024b).
After successfully calibrating the model, it was used to make predictions
on the rest of the dataset, i.e. on 1 112 soil samples. The RMSE and R?
values for the successful model were 3.09 g C kg™! and 0.89, 7 % and
0.77, 5 % and 0.73, 3 % and 0.57 for SOC, sand, clay and silt, respec-
tively (Fig. S1) (Nyawasha et al., 2024b).

2.4. Soil data processing

Using the predicted soil fractions, soil texture classes were assigned
based on the USDA classification system using the soiltexture package
(Moeys, 2018) in R (R Core Team, 2023). Distance from the homestead
was calculated using the geosphere package with the distGeo function
(Hijmans, 2022). Based on these distances, fields were classified as
homefields for areas within 50 m from homestead, midfields for those
within 50 — 100 m and outfields for areas beyond 100 m (Zingore et al.,
2007a). This classification was validated by cross-referencing with
actual field classes given by the farmers during the field visits.

The SOC stocks were calculated using the following equation:

SOCstocks(Mg C ha™") = SOCcontent(mg C g™*)
x Bulkdensity(g cm™®) x (1 — coarsefraction)

x thickness(cm) x 10

@

The equivalent soil mass approach is often recommended when
comparing SOC stocks in an experiment established on a given soil type
with different treatments to account for possible treatment changes in
soil bulk density. Our study comprises, however, very different soil types
with varying stoniness, making it very difficult to define a reference soil
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mass for the different soil types. The fixed depth approach was therefore
preferred, as commonly done in studies at landscape level.

Total SOC concentration and bulk density from AfSIS at a 30 m
spatial resolution were downloaded (Hengl et al., 2021) and stone
content data was accessed from https://zenodo.org/records/4090927.
The soil predicted property values were extracted from the AfSIS data
using the coordinates corresponding to the centre of each sampled field.
The AfSIS maps were available for 0-20 cm and 20-50 cm depth in-
crements, so the comparison was made for the 0-20 cm depth only as
this was the only depth overlapping with our samples. The SOC stocks
were calculated using equation (1) above.

Recent land use and cover maps developed for ward 28 for 2002,
2007, 2013, 2018 and 2023 (Girod, 2023) were used to estimate SOC
stocks per land use. These maps have been derived from Landsat images
at 30 m spatial resolution and a ground database, using a pixel-based
Random Forest classification algorithm. The maps are available on the
CIRAD repository (Girod et al., 2024). Eight land use classes, i.e. crop-
lands, forests, shrublands, grasslands, vleis, urban, mineral soils (rep-
resenting rock outcrops) and water are considered. The global accuracy
was 0.93 in 2002, 0.91 in 2007, and 0.90 for 2013, 2018 and 2023. Since
it was difficult to differentiate other land uses such as fallow fields and
gardens using the remote sensing data, these classes were excluded from
the maps for this section of the analysis.

From each of the maps, the total area covered by each land use was
calculated and this was subsequently used to determine its share of total
area in the ward. The total area under each land use was multiplied by
the average SOC stocks derived from either measured or AfSIS values for
each land use in the previous section, to obtain the aggregated stocks at
ward scale. This was done for each of the five years. This method as-
sumes that SOC stocks were at equilibrium in each land use. With this
assumption, changes in SOC stocks at landscape scale were driven solely
by changes in the share of different land uses.

To analyse the annual percent change in SOC stocks, firstly we used
two years, 2002 and 2023 and their corresponding aggregated SOC
stocks as calculated by either the measured values or the AfSIS derived
values. We specified the intermediary years (2002, 2007, 2013, 2018
and 2023) and used linear interpolation to estimate stocks for these
years for each of the land uses as well as for the total landscape. We fitted
a linear regression model to the data, extracting the coefficients to
obtain the regression equation.

2.5. Statistical analyses

The data was analysed using linear mixed models to determine the
variables that influence SOC stocks. We used the Ime4 package in R
(Bates et al., 2015). Two models were created, one with all the land use
types together and a second one using only croplands. The variable of
interest, SOC concentration, bulk density or stock, was treated as a linear
form of fixed and random effects. Several combinations of the fixed and
random effects were tested, and the final best model was selected based
on the lowest Akaike Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC) values. For the general model with all land use
types, the fixed effects were land use, soil type, soil depth, and texture
class, with soil type interaction with land use, soil type interaction with
texture class, whilst the village, and field identity (ID) nested within
sample ID were used as the random effects. For the model specific to
croplands, the fixed effects were soil type, soil depth, texture class, field
type and soil type interaction with field type, whilst the village and field
identity (ID) nested within farmer ID were used as the random effects. P-
values were calculated using the likelihood ratio tests of the full model
with the fixed effect in question against the model without the fixed
effect.

An analysis of variance (ANOVA) was carried out to determine the
effects of different factors on SOC stocks. A post-hoc Least Significant
difference (LSD) was done to investigate the pairwise differences using
the Ismeans function in the emmeans package (Lenth, 2024) at 5 %
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significance level.
3. Results
3.1. Drivers of SOC stocks

The model with all the land use classes showed that soil type, land
use, soil depth and texture class significantly (p < 0.05) influenced SOC
stocks. Additionally, significant interactions were found between soil
type and texture class and between soil type and land use (Table 1). The
model with croplands showed significant effects of soil type, soil depth
and texture class as well as a significant interaction between soil type
and field type (Table 2). The field type (homefield vs midfield vs
outfield) had no significant effect on SOC stocks; however, it showed an
effect with interaction with soil type, driven by black clay soil (Fig. S2).

3.2. SOC concentration and bulk density across different land uses

Vleis, grasslands, and gardens had significantly higher SOC concen-
trations than other land uses, with average values of 14.20 4 0.78,12.10
+ 1.46 and 12.4 + 0.47 g C kg™ ! respectively. SOC concentrations in
croplands and fallows were 4.77 + 0.12 and 4.09 + 0.33 g C kg~!
respectively, while shrublands had a SOC concentration of 4.72 + 0.18 g
Ckg™! (Fig. $3). Soil bulk density was generally below 1.5 g cm ™ across
all land use types (Fig. S2). Specifically, vleis, grasslands and gardens
had average bulk densities of 1.26 + 0.02, 1.29 + 0.05 and 1.27 + 0.01
g cm™3 respectively. Both croplands and fallows had average bulk
densities of 1.38 & 0.01 and 1.40 + 0.02 g cm > whereas bulk density in
shrublands was 1.34 + 0.01 g cm™>. The model showed that soil type,
land use, soil depth and texture class significantly (p < 0.05) influenced
total C. Additionally, significant interactions were found between soil
type and texture class and between soil type and land use (Table S1).
Similarly, the model showed that land use, and soil texture class had
significant effects on bulk density (Table S3).

3.3. SOC stocks under different land uses

SOC stocks at 0-40 cm were significantly higher on black clay 66.9
+ 2.30, followed by red clay 36.1 &+ 2.04 and lastly sandy soil 25.5 +
0.59. Across all soil types in the 0-40 cm layer, gardens had SOC stocks
of 68.6 + 3.16 Mg C ha~! on black clay soils; 34.8 + 1.60 Mg C ha™! on
red clay soils; and 22.0 + 0.35 Mg C ha™! on sandy soils. Across all soil
types vleis had the highest SOC stocks, followed by gardens (56.4 +
2.34MgC ha1) and then grasslands (53.1 + 6.18 Mg C ha™1). Vleis on
black clay had 67.9 + 3.55 Mg C ha~!, with grasslands on sandy soil
having 50.1 + 6.24 Mg C ha™ . In croplands, black clay had significantly

Table 1

Summary statistics of ANOVA for SOC stocks (Mg C/ha) under all land uses. The
best linear mixed effect model had soil type, land use, soil texture class, soil
depth, soil type interaction with land use and soil type interaction with soil
texture class as fixed effects, with village, and field ID nested within sample
identity (ID) as random effects. Variance and standard deviation (SD) of random
effects, and chi-square (Xz), degrees of freedom (df) and significance (P-value) of
fixed effects are shown.

Random effect Variance SD

Sample ID:Field ID 20.20 4.49

Sample ID 8.54 2.92

Village 0.0 0.0

Residual 23.80 4.88

Fixed effects x? df P-value
Soil type 89.40 2 2.2¢71¢
Land use 250.21 7 2.2¢71°
Soil texture class 108.28 4 2.2¢710
Soil depth 365.70 1 2.2¢71¢
Soil type:Land use 26.28 7 0.0004480
Soil type:soil texture class 23.15 6 0.0007471
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Table 2

Summary statistics of ANOVA for SOC stocks (Mg C/ha) under croplands only.
The linear mixed effect model had soil type, soil texture class, soil depth, soil
type interaction with field type as fixed effects, with village and field identity
(ID) nested within farmer ID as random effects. Variance and standard deviation
(SD) of random effects, and chi-square (Xz), degrees of freedom (df) and sig-
nificance (P-value) of fixed effects are shown.

Random effect Variance SD

Farmer ID:Field ID 5.51 2.34

Farmer ID 2.93 1.71

Village 0.61 0.78

Residual 13.64 3.69

Fixed effects x> df P-value
Soil type 72.00 2 2.2¢’10
Soil depth 221.87 1 2.2¢716
Soil texture class 51.30 4 1.926e1°
Soil type:Field type 29.97 7 9.630e°

higher stocks (45.2 4 6.35 Mg C ha™!), and red clay (40.2.9 & 2.72 Mg C
ha’l) than sand (22.0 + 0.35 Mg C ha’l). On shrublands and forests,
SOC stocks were 26.7 + 0.96 and 25.1 + 1.50 Mg C ha™! on red clay
soils, and 22.2 + 0.68 and 21.7 + 0.68 Mg C ha™! on sandy soils,
respectively (Fig. 3). The clay + silt percentage had a significant effect
on SOC concentration, particularly on black clay soils (Fig. S4) where
there was an increase in SOC concentration with an increase in the clay
+ silt percentage.
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Fig. 3. SOC stocks (Mg C ha 1y at 0-40 cm for the different land uses and soil
types. The numbers above each boxplot represent the number of samples.
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3.4. SOC stocks in croplands

Results from the linear mixed model indicate that soil type signifi-
cantly influenced SOC stocks in croplands (Table 2). Black clay soils had
a significantly higher SOC stock of 42.3 + 3.47 Mg C ha™! followed by
red clay soils at 40.2 + 1.42 Mg C ha~! while sandy soils had a much
lower stock of 22.0 + 0.49 Mg C ha! (Fig. 4). A similar trend was
observed for the soil texture classes, with the highest values for clay
(52.8 + 4.04 Mg C ha™!), followed by sandy clay loam (45.7 + 4.52 Mg
C ha™Y), sandy loam (29.1 + 1.02 Mg C ha™ '), sand 27.6 + 2.86 and
loamy sand (21.7 + 0.58 Mg C ha™!). There were no significant differ-
ences observed between field types (Fig. 4).

3.5. Comparison of measured and AfSIS SOC data

The measured SOC concentration in the 0-20 cm soil layer was more
than double that of the AfSIS data in vleis (16.94 & 0.57 vs 6.61 +£ 0.57 g
Ckg™), grasslands (13.78 =+ 0.96 vs 6.85 + 0.96 g C kg~ !) and gardens
(14.55 + 0.31 vs 6.18 + 0.31 g C kg’l) (Fig. 5A). In contrast, the
measured SOC concentration was slightly lower than the AfSIS values in
croplands (5.56 + 0.18 vs 5.95 + 0.18 g Ckg™1), shrubland (5.26 + 0.52
vs 6.63 £ 0.52 g C kg™ 1) and fallow (4.40 + 0.61 vs 5.65 + 0.61 g C
kg™ 1). The mean soil bulk densities from AfSIS were systemically higher
than the measured soil bulk densities regardless of land use with lowest
ranging from 1.44 + 0.01 to 1.48 + 0.01 g cm ™3 (Fig. 5B). In contrast,
the lowest measured bulk density value was 1.21 + 0.01 while the
highest was 1.42 + 0.02 g cm >, with gardens and vleis showing the
lowest average value at 1.21 + 0.01 and 1.24 + 0.02 g cm > respec-
tively. The range of variability for AfSIS was systemically low. The
proportion of coarse fraction was greater in the AfSIS data compared to
the measured values (Fig. S5).

The measured SOC stocks in the 0-20 cm soil layer were greater than
those predicted by AfSIS (Fig. 5C) in vleis, (39.9 + 1.10 vs 19.0 & 1.08
Mg C ha™1), grasslands (29.2 + 1.90 vs 19.7 + 1.83 Mg C ha™!) and
gardens (32.1 + 0.62 vs 17.6 + 0.60 Mg C ha ). In contrast, for the
other land uses, the measured SOC stocks were significantly lower than
those predicted by AfSIS, including croplands (14.5 + 0.35 vs 17.0 +
0.35 Mg C ha™1), forest (12.9 + 0.91 vs 18.7 + 0.91 Mg C ha 1) and
shrublands (14.4 + 1.0 vs 18.9 + 1.0 Mg C ha™!).

3.6. Change in SOC stocks with time at landscape scale

The four largest land uses by proportion of the total area as of 2023
are shrublands (0.46), croplands (0.24), forests (0.15) and vlei (0.13).
Since 2002, the area of these land uses has been slightly fluctuating, with
shrublands steadily increasing each year (Fig. 6). Forests and vleis
remained largely unchanged. A similar pattern was observed for crop-
lands peaking at 0.27 in 2008, whereas the other areas remained rela-
tively stable (Fig. 6).

The total SOC stock computed from ground measurement for Ward
28 was above 150 000 Mg C, whereas for the total SOC stock estimated
from AfSIS data was approximately 120 000 Mg C, indicating that AfSIS
data underestimates total SOC stocks by 20 %. The measured total SOC
stocks showed a declining trend from 2002 to 2023, although it was not
significant (Fig. 7A). Conversely, the AfSIS total SOC stocks remained
constant through the years from 2002 to 2023 (Fig. 7B).

4. Discussion
4.1. SOC stocks across different land uses

Our results indicate that soil type and land use are key indicators of
SOC stocks in the study area. Specifically, black clay soils had signifi-
cantly larger stocks than red clay soils, which in turn had significantly
larger stocks than sandy soils. There was also a significant interaction
between soil type and soil texture class as soils under sandy clay loam
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Fig. 4. Mean SOC stocks (Mg C ha 1) at 0-40 cm in croplands for A), all samples, B) by soil type, C) by field type and D) by soil texture class. Numbers represent the
number of samples; error bars show standard deviations. Different letters denote that values are significantly different.

had higher stocks than loamy sand texture class. Similar observations
were made for soils in Senegal, were they reported that SOC stocks were
significantly correlated with soil texture (Malou et al., 2021). This could
be attributed to the higher clay content found in black and red soils
compared to sandy soils. Clay content affects SOC stabilization by
facilitating the binding of organic matter particles, resulting in the for-
mation of soil aggregates (Six et al., 2002; Chivenge et al., 2007; Nya-
madzawo et al., 2007; Nyamangara et al., 2014), and physical protection
of organic matter by clays reduces the rate of SOM decomposition (Dalal
and Chan, 2001; Six et al., 2002; Xiao, 2015).

An interaction between soil type and land use was evident, with
vleis, grasslands and gardens having the highest SOC concentrations and
stocks compared to croplands, forests and shrublands. Vleis are mainly
located on black clay soils, often in lower-lying areas characterized as
seasonal “grasslands”, which typically have a higher clay content. Their
location in lower positions allows them to act as a sink of organic carbon,
where anoxic conditions lead to low rates of decomposition, thus
ensuring the long-term persistence of SOC (Whitlow, 1985; Grant, 1995;
Nyamadzawo et al., 2015). Grasslands and wetlands are known to hold
large amounts of SOC, and their conversion should be avoided as much
as possible to prevent further carbon emissions associated with the
AFOLU sector (Goldstein et al., 2020; Beillouin et al., 2023). In gardens,
in addition to clay content, management practices contribute to the
higher stocks. SOC stocks in gardens located on sandy soils were similar
to grasslands on sandy soils (Fig. 3), suggesting that effective manage-
ment practices, such as the application of organic residues and manure
probably also play a significant role in enhancing SOC stocks in gardens
(Campbell et al., 1998). Gardens are essential for income generation and
livelihoods, although they have been overlooked in many studies
(Zingore et al., 2007b; Masvaya et al., 2010; Dunjana et al., 2012), with
focus being placed on croplands. Due to the increasing uncertainties
from erratic rains and frequent droughts linked to climate change many
farmers are increasingly relying on gardens to cultivate maize and
vegetables for household consumption and for sale (Nyamadzawo et al.,
2015). Most gardens in our study are located near streams, where clay
and nutrient accumulation occurs via sedimentation from erosion up-
slope (Zingore, 2006), or within homestead enclosures, close to water
sources, allowing for continued access to water, which can boost pro-
ductivity. Additionally, gardens are near the homestead and are fenced
to keep livestock out, enabling the retention of crop residues to be used
as manure for the next crop. We consistently observed high SOC stocks
in gardens, regardless of soil type, highlighting the importance of
management practices that could potentially be replicated to croplands.
However, such management practices may not be possible for larger
crop fields, as the volume of organic resources required may not be

sufficient to build and maintain SOC stocks (Cardinael et al., 2022;
Assogba et al., 2023).

In comparison to gardens and grasslands, SOC stocks were signifi-
cantly lower in forests, shrublands and croplands, although soil type was
an important factor in these differences. SOC stocks in croplands ranged
between 14.4 — 20 Mg C ha ", and the majority of the croplands in the
study area were on sandy soils (Nyamapfene, 1991; Nyamangara et al.,
2014). These soils have been subject to continuous cropping with low
external inputs contributing to the SOC depletion (Ramesh et al., 2019).
Studies have shown that use of cattle manure, a key carbon source in
these systems, has been on the decline for decades due to reduced cattle
ownership (Mugwira and Murwira, 1997; Masvaya et al., 2010). This
decline, also observed in this study, was attributed by farmers to
frequent droughts and the higher incidence of disease mostly bovine
theileriosis (Manyenyeka et al., 2021), resulting in limited manure
availability. Low input use has a negative impact on SOC especially on
these predominantly poor soils that dominate the study area (Cardinael
etal., 2022; Falconnier et al., 2023). In tropical soils, carbon inputs have
been found to be the strongest predictor of SOC increase (Fujisaki et al.,
2018).

Surprisingly, croplands had higher or comparable SOC stocks to
shrublands and forests. This could be attributed to limited ground cover
in these natural areas, as farmers collect leaf litter from these lands for
use as soil amendments in croplands. In this study, we observed minimal
to no ground cover in forests and shrublands. Poor rainfall distribution
and low crop productivity have caused a decline in residue availability.
Many farmers are resorting to forests and shrublands for organic inputs
to put in their gardens and croplands. One of the functions of woodlands
has been providing leaf litter, with estimates reported at 0.5 t/ha per
year (Campbell et al., 1998). Although forests are expected to hold more
C than croplands, particularly as litter (Mujuru et al., 2013), frequent
litter removal can lead to a decline in SOC. If this practice continues, it
could have a significant effect on SOC stocks. Additionally, burning of
grass biomass in forests, whether naturally or by human activity, can
contribute to lower topsoil organic matter (Chidumayo and Kwibisa,
2003). We did not observe or collect data on burning effects, thus we
cannot conclude that it contributed to low SOC stocks. It is important to
note that SOC stocks in forests and shrublands found on sandy soils in
our study (20.5 Mg C ha™!) aligned with values found by other studies in
the region (Ryan et al., 2011).

4.2. No SOC gradients with distance to homesteads in croplands

No SOC gradients were observed between the different field types in
our study contrary to previous reports from this area (Zingore et al.,
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2007b; Masvaya et al., 2010; Chikowo et al., 2014). It is important to
highlight that in these studies, the authors looked at other soil param-
eters such as total nitrogen and cation exchange capacity in their
assessment. Thus, the existence of a soil fertility gradient was attributed
to the preferential application of scarce resources to fields closest to
homesteads at the expense of outfields which are located further away.
The preferential application of nutrient resources to homefields was also
reported in Senegal (Malou et al., 2021) where it was shown that fields
closest to the homestead received more organic amendments. Our re-
sults align with those of Namatsheve et al. (2021), who also found no
soil fertility gradient between homefields and outfields, despite testing
for other soil parameters other than SOC. These authors suggest that
small land holdings may allow for more uniform application of resources
across all fields and noted that some outfields were left fallow during
some years, potentially helping to restore their fertility. Similarly, van
Apeldoorn et al. (2014) also reported no SOC gradient at village scale in

the same area, in contrast to what was previously reported in this area
(Rufino et al., 2011; Zingore et al., 2011). Although they raised concerns
about their methodology as a possible reason for this lack of gradient.
Based on our findings, we would like to posit that there is general decline
in available organic resources (cattle manure and crop residues), forcing
a change in land management practices. In turn, farmers are leaving
other fields fallow during some years which could restore their fertility.
Consequently, farmers could also be focusing all their resources on
homefields that are perceived to be “more fertile” such that this
continuous cropping with limited resource input could be exacerbating
nutrient decline in the homefields.

4.3. Temporal SOC change analysis

We found that the most important land uses by total area were
shrublands, croplands, vleis and forests, with only marginal changes in
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these land use areas over the course of 20 years. Notably, forest areas
declined, with a corresponding increase in shrublands an observation
confirmed by another study in the same area (Mataruse et al., 2021).
Forest decline has been attributed to a combination of factors driven
primarily by human activity and climate change. Heavy reliance on
firewood for energy and use of branches and wooden poles for fencing
off gardens has led to severe forest degradation. Moreover, with frequent
droughts there’s a reduction in soil moisture which can lead to death of
natural forests (Mataruse et al., 2022). The transition from forests to
shrublands represents a significant change in land area which can lead to
alterations in the ecosystem dynamics. Land use change can have a
significant impact in SOC accumulation since loss of forest cover can
cause carbon losses (Beillouin et al., 2023). Shrublands have lower
biomass and subsequently reduced carbon inputs which can impact SOC
accumulation. Measurements of above ground carbon would have pro-
vided more insights to complement our findings, unfortunately this was
beyond the scope of our study. The study of both could provide a more
comprehensive understanding of the carbon dynamics, and subse-
quently allow an accurate evaluation of the sequestration potential of
the area including both soils and biomass. This is critical since studies
across southern Africa have shown that aboveground carbon is close to
30 % of the total carbon stored in an ecosystem (Frost, 1996; Ryan et al.,
2011; Ribeiro et al., 2013). Although deforestation and burning have
been found to remove nutrients from the system, luckily, most trees have
been found to resprout from rootstocks after being cut or burnt
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(Chidumayo, 1997; Walker and Desanker, 2004). The total aggregated
stocks showed a slight decline in value for the total landscape at ward
scale, which could indicate a loss of SOC over time. However, this
decline was not significant enough to result in variations of landscape
stocks. High SOC stocks found in vleis and grasslands in the region
should be preserved along with forests and shrublands that also contain
large amounts of carbon in their biomass (Cook-Patton et al., 2021).
Degraded croplands could be restored for example with agroforestry and
conservation agriculture (Corbeels et al., 2019). In terms of climate
change mitigation, changes in land use at landscape level can potentially
undermine any efforts to enhance SOC in the croplands. Croplands form
the major area, but with the lowest SOC stocks, therefore more sus-
tainable farming practices that increase soil organic matter need to be
adopted to enhance SOC stocks (Lal, 2004). In this context, a better
integration of livestock with cropping systems seems crucial to enhance
carbon and nutrient fluxes from grazing lands to croplands (Rufino et al.,
2007).

4.4. Measured SOC stocks and AfSIS maps

Our findings in this study were consistent with other observations
showing that data from digital soil maps tend to underestimate large
SOC values whilst overestimating low ones (Gray et al., 2009; Mulder
et al., 2016; Djagba et al., 2022). Measured stocks were largest under
vleis, grasslands and gardens, and these values were underestimated by
AfSIS geospatial data, whereas the SOC stocks for the other land uses
with lower measured values were overestimated by AfSIS geospatial
maps. This pattern was clear at the ward scale as total computed stocks
from measured data were 20 % higher than those for AfSIS geospatial
soil maps. In their study, Ewing et al. (2021) reported that AfSIS
underestimated SOC stocks in Malawi, attributing this to the mismatch
between remotely sensed resolution and sub-hectare scale of manage-
ment in smallholder farming systems. We posit that the limited number
of sampling points for tropical and wetland soils in Africa may also play
a role in this discrepancy (Hengl et al., 2017; Djagba et al., 2022).
Increasing sampling density could enhance accuracy in future assess-
ments. Additionally, the environmental covariates used to prepare AfSIS
maps might not match those of our study area, which could introduce
inaccuracies (Djagba et al., 2022). In another study covering Kenya and
Tanzania, Berazneva et al. (2018) found that AfSIS data showed less
variation than measured soil data, although the data patterns were
similar. In our study, the AfSIS mapped SOC stocks ranged between 16 —
19 Mg C ha ! whereas measured data showed more variation, especially
between contrasting land uses like vleis and croplands. Despite this
reduced variation, AfSIS remains valuable at larger spatial scales for
planning and policy decisions. Given the high costs of soil surveys and
analysis in heterogeneous smallholder farming systems across SSA,
AfSIS maps provide an accessible resource to bridge data gaps.

These results highlight the critical influence of soil type and land use
on SOC dynamics. However, it is crucial to acknowledge several limi-
tations in the study that warrant further in-depth studies. Firstly, the use
of measured SOC stocks per land use type from the field study to assess
temporal dynamics of SOC stocks provides only a coarse estimation of
the impact of land use change. Other factors, including soil type, climate
and management, influence SOC dynamics and should be accounted for
to accurately quantify the absolute change in SOC stocks at the land-
scape scale. Secondly, although our study demonstrated the importance
of soil type and texture in SOC stocks distribution, it is important to
mention that at landscape level, clayey soils are marginal, with sandy
soils being dominant. This pattern aligns with observations across most
of the smallholder farming communities in Zimbabwe (Nyamapfene,
1991; Van Apeldoorn et al., 2014). The absence of detailed soil type
maps for the study area limits our ability to effectively incorporate this
variable into the analysis. Other relevant factors, such as rainfall and
elevation, could contribute to SOC variability, but given the very small
study area (3 x 6 km), we assume these factors exert a minor influence
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Fig. 7. Regression analysis results showing A) measured and B) AfSIS derived aggregated SOC stocks (Mg C) at 0-20 cm for Ward 28 in Murehwa district. P values
were derived from the polynomial regression indicating the statistical significance of the relationship between stocks and year.

on SOC variability within the study boundaries. Overall, this study
provides valuable insights into understanding SOC dynamics within
smallholder farming areas.

5. Conclusion

We measured SOC stocks in a subhumid smallholder region of
Zimbabwe across eight major land uses, croplands, vleis, grasslands,
gardens, forests, shrublands, fallows, and plantations under three main
soil types, black clay, red clay and sandy soils and two depths 0-20 and
20-40 cm. Furthermore, soil predicted property values for total SOC
concentration, bulk density and stone content were also extracted from
the AfSIS data for each sampled field and a comparison was made with
the actual measured values. The main findings are:

o Stocks were significantly larger on black clay, followed by red clay

and finally sandy soils. Clay content and texture class were key in

explaining distribution of stocks as soils with high clay percent
showed larger stocks.

Vleis, gardens and grasslands were the land uses with significantly

larger SOC stocks than the other land uses, across all the soil types.

Gardens, whether on soils with high clay such as black soils or low

clay as in sandy soils, had higher SOC stocks.

e A comparison of measured data against AfSIS geospatial data showed
that the later underestimated larger SOC stocks from vleis, gardens
and grasslands, however it overestimated the smaller stocks found
under croplands, forests, shrublands, plantations and fallows. The

10

AfSIS data underestimated by 20 % SOC stocks at landscape level and
showed less variation than the measured data.

Overall, we conclude that soil type and land use are critical drivers of
SOC stocks. Management practices used for gardens are very important
in building and maintaining SOC for sandy soils which tend to be prone
to rapid decomposition and loss of organic matter. Our study illustrates
the necessity to acquire more field data in sub-Saharan Africa to reduce
uncertainties associated with using geospatial data from AfSIS.
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