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Abstract

In Eritrea, efforts are being made to tackle the widespread land degradation and promote
natural resources and the agricultural sector. However, these efforts lack digital resources
assessment, mapping, planning and monitoring. Thus, we developed soil organic carbon
(SOC) predictor models for the Western Lowlands of the country, employing 6 machine
learning models with different input variables (36, 27, 15, and 08) obtained following these
variables selection strategies: (1) all proposed SOC predictor variables; (2) very high multi-
collinearity (≥0.900 **) reduction; (3) high multicollinearity (≥0.700 **) reduction; (4) the
Boruta feature selection algorithm. The results revealed that SOC levels were generally low
(mean = 0.43%). Grazing lands, rainfed croplands, and irrigated farmlands all exhibited
similarly low SOC values, attributed to unsustainable land management practices that
deplete soil nutrients. In contrast, natural forestlands exhibited significantly higher SOC
concentrations, highlighting their potential for soil carbon sequestration. Among the tested
models, the XGBoost algorithm using 27 covariates achieved the highest predictive per-
formance (RMSE = 0.118, R2 = 0.758, RPD = 2.252), whereas the multiple linear regression
(MLR) model with 8 variables yielded the lowest performance (RMSE = 0.141, R2 = 0.742,
RPD = 1.883). Compared to the Boruta-based feature selection, the MLR, PLS, XGBoost,
Cubist, and GB models showed performance improvements of 10.41%, 10.06%, 6.72%,
6.50%, and 3.15%, respectively. Rainfall emerged as the most influential predictor of SOC
spatial variability in the study area. Other important predictors included temperature,
soil taxonomy, SWIR2 and NIR bands from Landsat 8 imagery, as well as sand and clay
contents. We conclude that reducing very high multicollinearity is essential for improving
model performance across all tested algorithms, while reducing moderate multicollinearity
is not consistently necessary. The developed SOC prediction models demonstrate robust
predictive capabilities and can serve as effective tools for supporting soil fertility manage-
ment, land restoration planning, and climate change mitigation strategies in the Western
Lowlands of Eritrea.

Keywords: SOC modelling; multicollinearity reduction; model discrepancy; land
use; rainfall
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1. Introduction
Soil organic carbon (SOC) plays a pivotal role in the global carbon (C) cycle and holds

significant potential for addressing global environmental challenges [1]. Enhancing SOC
levels contributes to improved soil health and fertility, increased microbial diversity and
activity, more efficient nutrient cycling, greater water retention, restoration of degraded
ecosystems, and mitigation of climate change [1,2]. Effective management of soil resources
can contribute to the achievement of several Sustainable Development Goals (SDGs),
including No Poverty (Goal 1), Zero Hunger (Goal 2), Climate Action (Goal 13), and
Life on Land (Goal 15) [3]. Soil represents the largest terrestrial carbon reservoir, storing
approximately 2500 Gt of carbon comprising about 1550 Gt as organic carbon and 950 Gt as
inorganic carbon within the top one meter of the soil profile [4]. However, soils have been
extensively and often unsustainably exploited. Agricultural expansion, in particular, has
led to the widespread conversion of natural forestlands, resulting in significant losses of
SOC stocks and increased atmospheric CO2 concentrations [5–7]. These land use change-
related emissions contribute approximately 25–30% of the total global greenhouse gas
emissions [8]. Regrettably, soils have lost approximately 116 Gt of carbon (C) as a result of
land cultivation [9]. Conventional and chemical fertilizer-based intensive farming practices
have contributed to a range of environmental and socio-economic challenges, including
food and nutrition insecurity, deforestation, land degradation, drought, desertification, and
climate change. Addressing these issues requires a transition to sustainable agricultural
systems, which have the potential to eradicate hunger and poverty, conserve natural
resources, mitigate climate change, and promote sustainable development.

Likewise, Eritrea faces widespread environmental challenges, including land degra-
dation, soil erosion, declining soil fertility, food and nutrition insecurity, deforestation,
desertification, drought, and the impacts of climate change [10–16]. Eritrea is situated
within the Sahel region, where rainfed agriculture presents significant challenges. Approx-
imately 72% of the country’s land area is classified as semi-desert or arid. Nevertheless,
over 75% of the population relies on mixed subsistence farming—combining crop and
livestock production—dependent primarily on rainfed systems for their livelihoods. Crop
productivity remains low, averaging less than 0.7 t ha−1 [17], and total crop failures and
mass livestock deaths are common due to recurrent droughts after each 3–4 years. Sev-
eral remote sensing and GIS-based spatio-temporal studies have identified deforestation,
drought, desertification, and climate change as major environmental challenges in the
country. Ref. [18] reported that the country has experienced moderate to severe droughts
since the 1960s. Moreover, Ref. [19] notified very high deforestation rate, 62 km2 y−1, from
1972 to 2014, and as a result, strongly desertified land increased from 38.5% to 66.9%, and
85% of the country was under serious desertification with high temperature and limited
rainfall. Ref. [20] also confirmed that the country has been subjected to recurrent droughts
ranging from moderate to extreme conditions between 2000 and 2014, accompanied by
increasing temperatures, decreasing rainfall, and declining NDVI values. The mean multi-
annual and multi-growing season MODIS NDVI for the entire country were 0.158 and
0.184, respectively [20].

To address the aforementioned challenges and promote ecosystem resilience and sus-
tainable agriculture for sustainable development, the country has implemented extensive
soil and water conservation (SWC) campaigns through mass mobilization under the self-
reliance policy. Consequently, significant SWC works, including soil and stone bunding,
hillside terracing, check dams, micro- and macro-dam construction, tree planting, and the
establishment of enclosures have been initiated [14]. In recent years, numerous micro- and
macro-dams have been constructed across various regions of the country, resulting in sig-
nificant water conservation within these structures. Notable macro-dams include Kerkebet,
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Gahtelai, Misilam, Logo, Gerset, Fanco-Rawi, Bademit, and Fanco-Tsimu, with storage
capacities of 330, 50, 35, 31, 20, 20, 17, and 14 million cubic meters of water, respectively.
Successively, the extent of irrigated farmland downstream of these dams has increased
over time.

Although moisture stress has been partially alleviated, challenges related to soil man-
agement and fertility remain largely unaddressed. Soil management practices are generally
inadequate, and soil data and research within the country are limited. Furthermore, existing
soil studies primarily rely on traditional soil sampling and laboratory analyses, which are
destructive to soil structure, labour-intensive, time-consuming, costly, environmentally
unsustainable, and fail to provide continuous and comprehensive information across the
entire target area [21,22]. Therefore, there is an urgent need for digital assessment, mod-
eling, and mapping of soil resources in the country to enhance food production, support
ecosystem restoration, and enhance climate change mitigation strategies and monitoring.

Advancements in remote sensing, geographic information systems (GIS), and ma-
chine learning (ML) enable the processing, assessment, modeling, and interpretation of
large environmental datasets, thereby improving our understanding and facilitating the
development of effective resource management and monitoring plans [23]. Countries
with limited resources and capacity must leverage these technological advances to achieve
efficient resource management and sustainable development. Although Eritrea currently
lacks digital soil mapping (DSM), complex soil-landscape relationships and soil properties,
including SOC, can be modelled and predicted with high accuracy using environmental
data and machine learning techniques, often at minimal or no cost [24].

The accuracy of digital soil mapping (DSM) depends on various factors, including the
selection of models and predictor variables, topographic complexity, as well as the quantity
and quality of input data. Several studies have demonstrated that different machine learn-
ing models can predict SOC with high accuracy. Ref. [25] reported that extreme gradient
boosting (XGBoost) model with a coefficient of determination (R2) of 0.870, and root mean
squared error (RMSE) of 1.818 t C ha−1 outperformed random forest (RF) and support
vector machine (SVM) models. Ref. [24] also found that XGBoost model with R2 = 0.7548,
RMSE = 7.6792 g kg−1, and ratio of performance to deviation (RPD) = 1.1311 gave the
highest SOC prediction accuracy. Ref. [26] revealed that RF (R2 = 0.79, RMSE = 1.2) and
Cubist (R2 = 0.77, RMSE = 1.2) recorded better accuracies than SVM and gradient boosting
(GB) models. Moreover, Ref. [27] testified that Cubist model (R2 = 0.64, RMSE = 1.95) gave
the most precise spatial prediction of soil organic matter (SOM), and [28,29] reported that
multiple linear regression (MLR) and GB models performed best in their respective studies.
These findings underscore the importance of model selection and highlight the advantage
of evaluating multiple models to enable comparison and identify alternative approaches.

Variables selection is critical in SOC modeling, where soil-forming factors such as
climate, soil properties, topography, parent material, vegetation, and human activities
are commonly used as predictors. Several studies have reported that climate exerts the
strongest control on SOC variability [30–35]. However, other studies have identified differ-
ent primary drivers of SOC, including vegetation [36], climate and altitude [37], altitude
and clay content [24], and use/land cover, soil properties, and bioclimatic variables [26],
rainfall and vegetation [38,39], as well as geological units, soil taxonomic units, climatic,
and topographic factors [40]. Moreover, Ref. [27] noted that the red and near-infrared (NIR)
spectral bands were the most important predictors of SOM. These results suggest that
including all potential SOC predictor variables enables the identification of key drivers
through feature importance ranking. Decision tree-based machine learning algorithms,
such as RF, GB, and XGBoost, are particularly robust for this purpose.
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This study aimed to develop SOC prediction models and generate SOC map for
the Western Lowlands of Eritrea using machine learning approaches employing multiple
SOC predictor variables, including soil characteristics, land use, climate, topography,
geology, soil taxonomy, Landsat 8 spectral bands, and various vegetation and bare soil
spectral indices. Multiple machine learning algorithms—MLR, PLS, Cubist, RF, GB, and
XGBoost—were employed to compare model performance and provide alternative SOC
prediction approaches.

The study area encompasses the majority of the country’s agricultural activities and
represents a key target for modern agriculture due to its expansive, and nearly flat terrain
with deep lowland soils. Considerable efforts have been made to promote natural resource
conservation and to transform from the rain-dependent subsistence farming to sustainable
agricultural practices. Accordingly, this study provides valuable insights into the status
and drivers of SOC in the region, supporting farmers, policymakers, and land-use planners
in developing effective short-, medium-, and long-term management and monitoring
strategies to improve soil health, enhance food production, restore ecosystems, and mitigate
climate change. Furthermore, the findings offer a valuable resource for researchers working
in data-scarce arid environments.

2. Materials and Methods
2.1. Study Area

The study was conducted in the Western Lowlands of Eritrea, located within the
Gash Barka administrative zone. Gash Barka is the largest zone in the country, covering
approximately 37% of the national territory. It is subdivided into 16 subzones: Sel’a,
Kerkebet, Forto, Dghe, Akordet, Mogolo, Mensura, Logo Anseba, Molqi, Shambko, Barentu,
Gogne, Haykota, Teseney, Goluj, and Laelay Gash (Figure 1b). The study area encompasses
most of the subzones within the Gash Barka, excluding Sel’a in the north, and Mensura,
Logo Anseba, Molqi, and parts of Shambko in the east. The Sel’a subzone was excluded due
to lack of soil data, while the others were omitted because they are located in the transition
zone between the Highlands and Lowlands and exhibit distinct topographic characteristics
compared to the main Lowlands.

The climate of the study area is predominantly arid [41] with mean monthly tempera-
tures ranging from 23.7 to 29.4 ◦C and annual rainfall varying between 184 and 680 mm [42].
Temperature increases from South to North, while rainfall exhibits the opposite trend, de-
creasing from South to North (Figure 1d,e). The topography predominantly consists of flat
lowland plains with deep soils. Elevation generally decreases from South to North and
from East to West (Figure 1c). The crop growing season is very short where most of the time
rain starts late and ends early; the rainy season expands from early July to early September.

The study area predominantly practices extensive subsistence rainfed agriculture,
characterized by mixed crop-livestock and agro-pastoral systems in most parts, with
pastoralism prevailing primarily in the northern regions. Thirty years of data (1992–2021)
from the Ministry of Agriculture (MoA) indicate that sorghum is the dominant crop,
occupying 72.26% of the cultivated area, followed by pearl millet (12.52%), sesame (8.33%),
and finger millet (1.68%), among others. Crop productivity remains low, with average
yields (t ha−1) of rainfed sorghum at 0.52, pearl millet at 0.32, and sesame at 0.33. Livestock
rearing is also widespread, with herds of camels, cattle, sheep, and goats commonly
observed. These animals often overgraze the land, contributing to land degradation, as
they freely move in search of pasture and water.
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Figure 1. Location map of Eritrea and Gash Barka administration zone (a), Gash Barka subzones and
the study area (b), soil samples and digital elevation model (DEM) imposed on the study area (c),
mean monthly temperature (d), annual rainfall (e), NDVI (f) of the study area.
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The construction of numerous micro- and macro-dams in the study area has promoted
irrigated agriculture, enabling the cultivation of various vegetables, fruits, and crops such
as banana, tomato, onion, hot pepper, cotton, teff, leafy vegetables, and others. Irrigation
using groundwater along the banks of the Barka, Sawa, and Gash Rivers, as well as their
tributaries, is also practiced. However, crop productivity remains low; for example, average
yields for key irrigated crops—onion, banana, and tomato—are 20, 26, and 25 t ha−1,
respectively (MoA records).

The area hosts a diverse range of plant and animal species [16,43]. However, biodiver-
sity is progressively declining due to both anthropogenic and natural disturbances, with
agricultural expansion being a primary driver [16]. Most of the study area is characterized
by bare soils or scattered Acacia trees and shrubs, particularly in the western, central, and
northern regions. The soils predominantly consist of Fluvisols, Leptosols, Lixisols, Vertisols,
and Cambisols, which have been conventionally cultivated and grazed for centuries. Culti-
vation occurs during the rainy season, followed by heavy grazing after harvest, leaving
the soils bare for the remainder of the year. Deforestation rates are high in the study area,
with several studies reporting hotspots of declining annual and seasonal NDVI trends [20],
land productivity decline [10], and serious desertification [12]. The NDVI map of the area
(Figure 1f) indicates that vegetation cover is sparse across most of the study area. However,
patches of Acacia trees and shrubs are commonly found in the southern regions, along with
riverine forests lining the riverbanks.

2.2. Soil, Taxonomic, Geologic, and Land Use Data

In this study, we proposed a range of soil, land use, taxonomic, geological, topographic,
climatic, Landsat 8 spectral bands, and spectral index variables as predictors of SOC in the
study area, which are discussed below.

Three soil datasets were utilized in this study: (1) soil samples collected during
the current study, (2) soil samples obtained from the Regulatory Service of the Ministry
of Agriculture (MoA), and (3) legacy soil data from the soil laboratory of the National
Agricultural Research Institute (NARI).

A total of 92 georeferenced composite surface soil samples (0–30 cm) were collected
between September and November 2023 from various land uses and topographic settings
using a 30 cm soil auger, following a stratified sampling technique [15,16]. Each composite
sample was formed by collecting five subsamples within a 10 m radius, which were thor-
oughly mixed, packed, and labeled. The geographic coordinates (latitude and longitude)
were recorded at the center of each sampling point.

The soil samples were air-dried, ground, and sieved according to standard procedures
at the Soil Laboratory of Hamelmalo Agricultural College, Hamelmalo, Eritrea. They
were analyzed for soil pH (using a pH meter) [44], electrical conductivity (using an EC
meter) [45], and particle size distribution (via the hydrometer method) [46]. Soil organic
carbon (SOC) was analyzed using the wet oxidation method [47] as modified by [48]
at the Soil Laboratory of the National Agricultural Research Institute (NARI), Halhale,
Eritrea. Additionally, key informant interviews were conducted during the soil sampling
campaign to gain a deeper understanding of resource management practices, particularly
those related to soils, within the study area.

Georeferenced surface soil samples (0–30 cm; n = 31) were also collected by the
Regulatory Service of the Ministry of Agriculture (MoA) from small-scale farmers’ irrigated
fields along the banks of the Sawa River. These samples were primarily intended to assess
general soil conditions, with particular emphasis on salinity. Sampling, preparation, and
laboratory analysis followed the same procedures described earlier. All laboratory analyses
were conducted at the Soil Laboratory of the National Agricultural Research Institute
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(NARI), Halhale. During sampling, interviews were also conducted with farmers to gain
insights into soil and water management practices.

In addition, legacy soil data were obtained from the NARI Soil Laboratory. These
samples were collected mainly from government-managed large-scale irrigated farms,
including Kerkebet, Afhimbol, Fanco, Adi Omer, and Gerset—as well as surrounding
grazing lands and rainfed farming systems. From this dataset, only georeferenced surface
samples (0–30 cm) with recorded SOC values were extracted, as the dataset also included
subsurface samples and entries with missing SOC values or geographic coordinates.

The three datasets were compiled and subjected to Z-score analysis to identify and
exclude outliers exceeding ±2 standard deviations. The final dataset consisted of 204 SOC
data points, each with associated values for clay, silt, sand, soil texture, pH, electrical
conductivity (EC), and geographic coordinates (latitude and longitude).

Parent material has great influence on soil formation and development, and thus,
different studies employed soil taxonomy and geology in SOC studies [37,40]. Thereby,
geology and soil taxonomy were included in the study. Soil taxonomy data were ex-
tracted from the Harmonized World Soil Database (HWSD) v2.0 [49]; Eritrea currently
lacks a national soil map and an established soil classification system. In this study,
five soil taxonomic units were identified—Cambisols, Lixisols, Leptosols, Fluvisols, and
Vertisols—which were numerically coded as 1, 2, 3, 4, and 5, respectively, to convert the
categorical data into a quantitative format suitable for modeling. Additionally, geological
information was extracted from the national geological map of Eritrea developed by the
Ministry of Energy and Mines (MoEM). The identified geological units included gneiss-
based formations, alluvial deposits, intrusive rocks-based, meta-volcanic rocks-based, and
late basin development-based sediments. These were also numerically coded as 1, 2, 3, 4,
and 5, respectively.

Land use/land cover is an important factor that affects soil, and is commonly incor-
porated in SOC studies [26,37,40,50,51]. Accordingly, land use and land use history data
were recorded during soil sampling for most locations. For samples with missing land
use information, land use types were identified based on prior knowledge of the study
area and verified using Google Earth Pro. Four primary land use types were identified:
communal grazing (CG), rainfed farming (RF), irrigated farming (IF), and natural forest
(NF), and were numerically coded as 1, 2, 3, and 4, respectively.

In this context, communal grazing (CG) refers to areas used for year-round livestock
grazing, excluding regions with significant natural forest cover. Natural forest includes
areas with a well-developed forest canopy, even if they fall within communal grazing
zones. Rainfed farming fields are also subject to communal grazing during the dry season.
Figure 2 presents photographs of different land use types, taken during the soil sampling.

2.3. Topographic, and Climatic Data

Topography plays a critical role in soil formation and distribution; consequently, many
studies have incorporated topographic variables into their SOC prediction models [52–55].
The dominant topography of the study area consists of flat lowland plains; therefore,
topographic influence on soil properties is expected to be limited. Nonetheless, to assess
the potential impact of topography on SOC variability, several topographic variables were
included in the analysis. The elevation within the study area ranges from 1598 to 344 m
above sea level and exhibits variation in slope, aspect, and other terrain characteristics.
Topographic variables were derived from the ASTER Digital Elevation Model (DEM) of
Eritrea and included: altitude, slope, aspect, topographic position index (TPI), LS factor
(slope length and steepness), terrain roughness index (TRI), surface roughness, hill shade,
sediment balance, upslope slope, negative openness, and positive openness.



Sustainability 2025, 17, 9884 8 of 30

Climate variables, particularly rainfall and temperature are among the most frequently
used predictors in SOC studies, as these factors exert dominant influence on soil formation,
organic matter decomposition, and carbon dynamics [30–35]. In this study, long-term
historical rainfall and temperature data were extracted from the WorldClim 2.1 dataset
(30 arc-seconds resolution), available at https://www.worldclim.org/data/worldclim21.
html# (accessed on 3 September 2025) [42]. This approach was necessary due to the scarcity
of long-term recorded climate data in Eritrea, and particularly within the study area.

  

(a) (b) 

  

(c) (d) 

Figure 2. Photos (November 2023) showing grazing land around Mogorayb (a), poorly managed
drip-irrigated cotton crop at Kerkebet farm (b), rainfed field around Kerkebet farm (c), and River
Barka and its riverine ecosystem around Afhimbol (d).

2.4. Landsat 8 and Spectral Indices Data

We downloaded four L8 images with (path, row, dated) of (170, 049, 17 April 2024),
(170, 050, 29 February 2024), (171, 049, 8 April 2024), and (171, 050, 8 April 2024) from the
USGS archives https://earthexplorer.usgs.gov/ accessed on 24 May 2024. We chose images
with <10% cloud cover in the dry months of February to April to avoid the interferences
of clouds and seasonal vegetation. We computed different spectral indices using their
respective formula (Table 2) using the raster calculator in QGIS 3.38. These spectral indices
were normalized difference vegetation index (NDVI), infrared percentage vegetation in-
dex (IPVI), optimized soil adjusted vegetation index (OSAVI), modified SAVI2 (MSAVI2),
normalized difference water index (NDWI), normalized difference soil index (NDSI), bare
soil index (BSI), hyperspectral BSI (HBSI), soil organic carbon index (SOCI), normalized
difference moisture index (NDMI), burn ration (BR), BR2, colouration index (CI), hue index
(HI), and brightness index 2 (BI2). Different studies employed these spectral indices in
different combinations [52–56].

L8 bands B1, Blue, Green, Red, NIR, SWIR1, SWIR2, and B10 [23,52,57] were also
included with the dataset as potential SOC predictors.

The initial dataset consisted of 48 input variables. To eliminate both redundant and
non-significant predictors, a preliminary Spearman correlation analysis was conducted,
as it accounts for both linear and non-linear relationships. Variables that did not show a
statistically significant correlation with SOC (p > 0.05) were excluded. Additionally, among
pairs of variables that were perfectly correlated, one variable from each group was removed

https://www.worldclim.org/data/worldclim21.html#
https://www.worldclim.org/data/worldclim21.html#
https://earthexplorer.usgs.gov/
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to avoid redundancy. As a result, the number of input variables was reduced to 36 (Table 1),
which were retained as potential SOC predictor variables. Further refinement to address
multicollinearity is described in Section 2.6.

Table 1. Proposed potential SOC predictor variables after preliminary Spearman correlation analysis.

Variable Type Variables, and Their Short Form, If Given Resolution Source

Soil properties Clay, Silt, Sand, Texture, pH 10 m Lab
measurement

Land use Land Use (LU) 10 m LU history
Soil Taxonomy Taxonomy (Taxom) 1 km HWSD v2.0
Geology Geology (Geogy) 1 km MoEM

Topography Altitude (Alt), Slope, LS Factor (LSfctr), TRI, Roughness (Rough), Negative
Openness (NvOp), Positive Openness (PvOp), Upslope Slope (UspSp), 30 m ASTER GDEM

Climate Temperature (Temp), Rainfall (Rain) 1 km WorldClim 2.1

L8 bands B1, Blue, Green, Red, NIR, SWIR1, SWIR2
B10

30 m
100 m

L8—OLI sensor
L8—TIRS sensor

Spectral Indices NDVI, OSAVI, MSAVI2, NDWI, NDSI, HBSI, SOCI, NDMI, BR2, BI2 30 m Computed

Table 2. Proposed potential SOC predictor spectral indices, and their formula.

Spectral Index and Formula Reference Formula No.

NDVI = (NIR − Red)/(NIR + Red) [58] (1)
OSAVI = (NIR − Red)/(NIR + Red + 0.16) [59] (2)
MSAVI2 = 0.5 [2 × NIR + 1 −

√
[(2 × NIR + 1)2 − 8(NIR − Red)]] [60] (3)

NDWI = (Green − NIR)/(Green + NIR) [55] (4)
NDSI = (SWIR1 − Green)/(SWIR1 + Green) [61] (5)
HBSI = [(SWIR2 + Green) − (NIR + Blue)]/[(SWIR2 + Green) + (NIR + Blue)] [62] (6)
SOCI = Blue/(Red × Green) [57] (7)
NDMI = (NIR − SWIR1)/(NIR + SWIR1) [63] (8)
BR2 = (SWIR1 − SWIR2)/(SWIR1 + SWIR2) [64] (9)
BI2 =

√
[(Red2 + Green2 + NIR2)/2] [65] (10)

2.5. Selection of Machine Learning Algorithms

Modelling the relationship between continuous independent variables and a contin-
uous dependent variable typically involves regression fitting, which may take various
functional forms such as linear, logarithmic, exponential, or power functions depending on
the nature of the relationships. To accommodate these diverse relationships, we employed
both linear regression-based and decision tree-based machine learning models. Specifically,
we evaluated the performance of six algorithms: Multiple Linear Regression (MLR), Partial
Least Squares (PLS), Cubist, Random Forest (RF), Gradient Boosting (GB), and Extreme
Gradient Boosting (XGBoost). This approach enabled a comprehensive comparison of
model performances and facilitated the identification of robust alternative models for
SOC prediction.

MLR model is based on fitting many independent variables linearly to a dependent
variable. The model has broad applicability in SOC prediction [28,57,66,67], though it is
not robust with multicollinearity and outliers. PLS, a linear relationship-based model,
focuses on maximizing covariance between predictors and responses, and seems robust
with multicollinearity. This model is commonly used in SOC prediction modeling, and its
performance is satisfactory [54,64,68,69].

Decision tree ensemble machine learning algorithms are generally more robust to
multicollinearity and outliers compared to traditional regression methods. The Cubist
model, a rule-based algorithm, combines decision trees with multiple linear regression
models [70]. For each rule, a regression model is fitted based on the subset of data defined
by that rule. These rules are hierarchically organized, where recursive partitioning of the
response variable is performed to minimize the standard deviation across all potential
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splits [71]. The Cubist model is widely applied in SOC modeling and has consistently
demonstrated strong predictive performance [27,54,72,73].

Random Forest (RF), introduced by [74], constructs multiple decision trees by boot-
strapping samples from the training dataset and subsequently aggregates their outputs to
form a robust predictive model [71]. This ensemble approach reduces overfitting, improves
model accuracy, and decreases computational time compared to individual trees. RF is
widely applied across various data mining fields, including SOC modeling, due to its strong
predictive performance and robustness [26,38,54,69,72,73,75].

GB is a powerful ensemble learning model that builds models in a sequential manner
where each new model corrects the errors made by the previous ones. It combines multiple
weak learners to create a strong learner through boosting. It uses the concept of gradient
descent to minimize the loss function. This model is also commonly used in SOC prediction
studies [32,76,77].

XGBoost is also a decision tree-based ensemble model [78], advantaged by boosting
algorithm. It tries to punish the weak learners and develop strong learners. Through
parallel learning, computing speed is improved and over-fitting is prevented effectively.
XGBoost model is gaining popularity in DSM [24,25,72].

2.6. Selection of Input Variables

Utilizing a large number of input variables in predictive modeling may result in inac-
curate conclusions due to multicollinearity among certain independent variables. Therefore,
the selection of appropriate input variables is essential for developing robust predictive
models [79,80]. This enhances model performance by mitigating multicollinearity and
reducing model complexity, thereby facilitating faster model calibration [81]. In DSM, two
approaches are commonly employed for covariate selection: (1) Selecting key covariates
prior to modeling using correlation analysis or principal component analysis [82,83], which
are based on linear relationships and may overlook covariates with nonlinear associations
with the target variable [84,85]; (2) Feature importance ranking based on the model during
calibration [85–87], which is rooted in nonlinear relationships, but may introduce mul-
ticollinearity effects. While most studies have employed one of these approaches, few
have compared their impacts on model performance, despite findings suggesting that both
approaches are effective for variable selection [29,80].

In this study, we employed both approaches to compare their performance: (1) multi-
collinearity reduction using Spearman rank correlation, and (2) feature selection based on
the Boruta algorithm. Multicollinearity between input variables was progressively reduced
based on their correlations with each other and the target variable, as outlined below.

1. In the first step, we executed the SOC modeling with all proposed input variables
(36 variables) (Table 1).

2. Based on Spearman correlation, we identified each set of variables that were very
highly correlated (≥0.900 **) with each other, and we omitted the variable with weaker
correlation with SOC by keeping the one with higher correlation with SOC [56]. For
example, the correlation SWIR2 vs. SWIR1 = 0.975 ** (very high collinearity), and
SWIR2 vs. SOC = −0.534 **, and SWIR1 vs. SOC = −0.505 **. Thus, SWIR2 is
retained for the fact that it has higher correlation with SOC than SWIR1 (−0.534 ** vs.
−0.505 **) but SWIR1 is removed.

3. From each set of input variables that had high correlation (≥0.700 ** but <0.900 **)
with each other, we omitted the variable with weaker correlation with SOC by keeping
the one with the higher correlation with SOC.
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4. The Boruta feature selection wrapper algorithm was employed to select from the
36 proposed input variables. The algorithm is among the commonly used feature
selection techniques in SOC prediction studies [85,88].

2.7. Calibration, Validation and Evaluation of Models

Figure 3 presents the conceptual flowchart of the methodologies employed. The
models were trained, calibrated, and validated based on the extraction of independent
SOC predictor variables to estimate target SOC values. The SOC modeling process was
executed using Python 3.11.7 in the Jupyter Notebook environment. The dataset was
randomly partitioned into training (80%) and testing (20%) subsets. We tested multiple
algorithms, including MLR, PLS, Cubist, RF, GB, and XGBoost. Hyperparameter tuning
and refinement were performed for each algorithm, with the exception of MLR, to optimize
model performance, with particular emphasis on minimizing model discrepancies. Models
were fitted, trained, calibrated, and validated, and their performance was assessed using
commonly established metrics: RMSE, R2, RPD [24,69,88,89], and model discrepancy (MD),
as defined by Equations (11), (12), (13), and (14), respectively.

 

Figure 3. Conceptual flowchart of the methodologies used; ** indicates significant at 0.01.

RMSE =

√
1
n∑n

i=1(Oi − Pi)2 (11)
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R2 = 1 − ∑n
i=1(Oi − Pi)2

∑n
i=1

(
Oi − Ô

)2 (12)

RPD =

√
∑n

i=1

(
Oi − Ô

)2

√
∑n

i=1(Oi − Pi)2
(13)

MD =
T − t

T
∗ 100% (14)

where n = number of SOC observations, Oi = observed SOC values, Pi = predicted SOC
values, Ô = mean of observed SOC values, T = RMSE of the training data, and t = RMSE of
the testing data

Furthermore, models are categorized as per their RPD values as; very poor (RPD < 1),
poor (1–1.4), fair (1.4–1.8), good (1.8–2.0), very good (2.0–2.5), and excellent (>2.5) [89].

3. Results and Discussions
3.1. Statistical Analysis of Observed Soil Properties

The studied soils exhibited moderate clay and silt content and high sand content,
with average percentages of 26.28%, 27.89%, and 46.11%, respectively (Table 3), showing
significant spatial variability (CV = 53.92%, 45.19%, and 41.08%, respectively). Soil texture
ranged from sandy loam to clay, with sandy loams (32.8%) and loams (24.5%) being the
most dominant. The dominant soil order was Fluvisols (46.6%), followed by Lixisols
(20.6%) and Leptosols (16.2%). The study area is a lowland region that receives substantial
runoff and soil sediments from the surrounding highlands, which may influence soil
formation processes.

The soils were non-saline but moderately alkaline, with mean EC and pH values of
0.20 dS m−1 and 8.45, respectively. A small proportion of soils in areas such as Adi Hakin,
Tekombia, Fanco, Mogolo, and Kerkebet exhibited stronger alkalinity. This alkalinity
is likely attributed to the calcareous nature of soils in arid regions [90], where calcium
carbonate tests can provide valuable insights for informed management strategies. It is
also important to note that alkaline soils may exhibit deficiencies in micronutrients such as
manganese, copper, zinc, and boron [91,92].

The SOC content of the soils ranged from 0.02% to 1.01%, with a mean of 0.43%,
standard deviation (SD) of 0.27%, and coefficient of variation (CV) of 61.65% (Table 3). SOC
content decreased from south to north, following a similar pattern to rainfall distribution,
but inversely correlated with temperature across the study area. The Laelay Gash subzone
(in the south) recorded the highest mean SOC content, while the Kerkebet subzone (in the
north) had the lowest mean SOC content.

According to [91–93], the SOC content is considered poor. This finding is consistent
with other studies conducted within the country. For instance, Ref. [16] reported low SOC
levels at Laelay Gash (part of the study area), and Refs. [13–15] observed similar trends in
other regions. Factors such as conventional tillage practices, continuous monocropping,
excessive crop residue removal, minimal organic matter addition, overgrazing, and soil
erosion, likely contributed to the low SOC content [13–16].
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Table 3. Statistical analysis of observed soil properties.

Parameter MinimumMaximum Mean Status SD CV, % Skewness Kurtosis

Sand, % 5.80 87.50 46.11 High 18.94 41.08 0.22 −0.77
Clay, % 4.50 62.50 26.28 Moderate 14.17 53.92 0.46 −1.11
Silt, % 2.50 58.00 27.89 Moderate 12.60 45.19 0.00 −0.41
EC, dS m−1 0.03 1.29 0.20 Non-saline 0.24 121.46 3.06 9.77
pH 7.18 9.72 8.45 Moderately alkaline 0.62 7.33 −0.13 −0.60
SOC, % 0.02 1.01 0.43 Poor 0.27 61.65 0.37 −1.13

SD = standard deviation, CV = coefficient of variation, Status is given based on [91–93].

SOC can be improved through effective agronomic practices such as crop rotation,
legume–cereal intercropping, crop residue retention, cover cropping, technology-supported
agroforestry practices, push-pull technology, farmyard manure application, integrated and
diverse organic farming systems, no/minimal tillage, and the incorporation of biochar or
other organic amendments.

In regions with limited natural vegetation, such as the study area, organic amendments
play a critical role in enhancing soil fertility. Two abundant organic sources—Prosopis
juliflora and organic municipal waste—are yet underutilized in the study area, and across
the country. Integrating these resources into farming systems could yield multiple benefits,
including improvements in food and nutrition security, as well as positive ecological, socio-
economic, health, and environmental outcomes. Therefore, promoting composting and
biochar technologies using these resources, alongside pilot research initiatives, is crucial.

Given that the study area is impacted by overgrazing, managing the appropriate
stocking rate, implementing rotational grazing, allowing sufficient rest periods for pastures,
establishing enclosures, promoting cut-and-carry methods, reseeding with legumes, and
developing and utilizing grazing and SOC dynamics models [5,94] could significantly
enhance soil health and fertility.

3.2. SOC Along Land Uses, Soil Taxonomic Units, and Irrigated Farms

The mean SOC values for the observed land use types were ranked as follows: natural
forests (NF) > rainfed farming (RF) > irrigated farming (IF) > communal grazing (CG), with
respective values of 0.66%, 0.48%, 0.42%, and 0.33% (Figure 4). The ANOVA test revealed
that land use had a highly significant effect (p < 0.001) on SOC. However, the Tukey HSD
post hoc test indicated no statistically significant difference in SOC between IF and RF, as
well as between IF and CG land uses. These results suggest that NF has the potential for
soil carbon (C) sequestration, whereas the other land uses are more likely to contribute
to soil C release. Ref. [16] also emphasized the importance of conserving and enhancing
natural forests for C sequestration, while highlighting the risks associated with RF and CG
land uses, which may contribute to C release into the atmosphere.

Our results contradict with the findings that reported significantly higher SOC contents
in irrigated farming (IF) compared to rainfed farming (RF) and communal grazing (CG)
land use types [15,95]. Ref. [15] emphasized the importance of IF for carbon storage in
Keren, Eritrea. In general, numerous studies have highlighted the significant effect of land
use on SOC levels [13,15,16,96,97].
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Figure 4. Effect of land use (left), and soil taxonomic units (right) on SOC; lowercase letters indicate
which specific group means are different after conducting ANOVA test.

Based on the interviews with farmers and key informants, along with general observa-
tions during soil sampling, it is evident that agronomic and soil management practices in
the study area are suboptimal. Soil nutrient depletion is pronounced due to extensive grain
and biomass harvesting, coupled with overgrazing and minimal organic matter inputs.
Furthermore, irrigated soils are cultivated 2–3 times per year with little to no nutrient
replenishment, exacerbating nutrient depletion. Crop biomass is primarily harvested and
either fed to livestock or sold for cash. In this arid environment, vegetation is scarce,
rangelands and crop fields are overgrazed shortly after the autumn harvest, and the har-
vested crop biomass constitutes the primary feed for livestock during the winter and spring
seasons across much of the study area.

The mean SOC values for the soil taxonomic units were ranked as follows: Cambisols
> Lixisols > Vertisols > Leptosols > Fluvisols, with respective values of 0.75%, 0.72%, 0.56%,
0.50%, and 0.22% (Figure 4). The ANOVA test revealed that soil taxonomy had a highly
significant effect (p < 0.001) on SOC. However, the Tukey HSD post hoc test indicated no
significant difference in SOC between Cambisols and Lixisols, nor between Vertisols and
Leptosols. Fluvisols exhibited the lowest mean SOC, with most of the sampled Fluvisols
located along the banks of the Barka and Sawa Rivers in the northern part of the study
area. The low SOC in Fluvisols may be more attributable to the regional climate rather than
the inherent properties of the soils, a conclusion that aligns with the findings presented in
Section 3.5 on the importance of variables.

Table 4 presents the descriptive statistics of SOC in the irrigated farms. All the
irrigated farms, whether government or privately operated, exhibited low SOC content,
primarily due to inadequate agronomic and soil fertility management practices. Common
issues include mono-cropping, nutrient depletion through frequent grain and crop residue
harvesting (2–3 times per year) with minimal nutrient replenishment. Additionally, deep
nutrient and water percolation may significantly impact SOC levels, as most farms rely on
furrow irrigation systems, despite the soils being sandy and permeable. Furthermore, the
practice of deep ploughing with heavy tractors and discs exacerbates nutrient losses. To
address these challenges, awareness campaigns and training programs on proper tillage
practices, soil nutrient and irrigation water management, crop rotation, legume–cereal
intercropping, agroforestry practices, cover cropping, green manuring, composting, and
the application of bio-fertilizers and biochar technologies are essential for farmers and land
managers in the study area.
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Table 4. Descriptive statistics of SOC in irrigated farms.

Subzone Farm/s Minimum Mean Maximum SD CV, % Skewness Kurtosis

Kerkebet Kerkebet * 0.06 0.24 0.42 0.13 53.95 −0.15 −1.50
Dghe Afhimbol * 0.05 0.14 0.23 0.07 52.77 0.29 −1.70
Forto Forto Sawa ** 0.11 0.26 0.48 0.08 29.33 0.71 1.42
Teseney Adi Omer * 0.34 0.45 0.68 0.12 26.73 1.73 3.29
Haykota Fanco * 0.42 0.58 0.87 0.14 23.41 1.08 1.52
Goluj Gerset * 0.44 0.63 0.86 0.15 24.17 0.37 −0.65
Laelay Gash Tekombia ** 0.56 0.71 0.88 0.12 17.16 0.29 −1.15
Shambko Shambko ** 0.57 0.73 0.90 0.13 18.37 0.05 −2.03

* Government-led large-scale farm, ** farmers’ small-scale number of farms.

Farms in the northern part of the study area (Kerkebet, Afhimbol, and Forto Sawa)
exhibited relatively lower mean SOC contents compared to farms in other regions. The
highest and lowest mean SOC values were recorded at Shambko farms (in the south-
east) and Afhimbol farm (in the north), with values of 0.73% and 0.14%, respectively.
These differences are likely attributed to climatic variations rather than differences in farm
management practices.

3.3. Correlation Analysis, and Multicollinearity Reduction

Spearman correlation analysis revealed that most of the input variables showed strong
correlations with SOC (Figure 5). Rainfall (0.746 **) exhibited the highest correlation with
SOC, followed by temperature (−0.732 **), altitude (0.729 **), NIR (−0.640 **), Green
(−0.632 **), SOCI (0.612 **), BI2 (−0.609 **), Red (−0.591 **), Blue (−0.589 **), and Sand
(−0.573), among others. These results suggest that climate factors, specifically rainfall
and temperature, may have the greatest impact on SOC and may offer strong predictive
capacity for SOC in the study area. Altitude also serves as a surrogate for climate, as higher
altitudes generally correspond to cooler temperatures and vice versa.

Figure 5. Correlation heatmap: only 20 input variables are displayed (due to limited display space),
arranged in decreasing magnitude of their correlations with SOC.

Following the climate variables, L8 bands and bare soil indices demonstrated strong
potential for SOC prediction. Soil attributes like sand and clay content, as well as soil
taxonomy, also exhibited good correlations with SOC and may contribute significantly to
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SOC prediction. However, land use, geology, and topographic variables showed relatively
lower correlations with SOC and likely exert less influence on it.

Many of the input variables exhibited very high correlations (≥0.900 **) with each
other, necessitating multicollinearity reduction. For example, rainfall, temperature, and
altitude were highly correlated, and only rainfall was retained due to its stronger correlation
with SOC compared to the other two. Similarly, very high correlations were observed
among Green, B1, Blue, Red, BI2, and SOCI, and only the Green band was retained. As a
result, nine variables—temperature, altitude, B1, Blue, Red, SWIR1, BI2, SOCI, and OSAVI—
were removed due to high multicollinearity with other input variables. Consequently, the
number of input variables was reduced from 36 to 27.

High correlations (≥0.700 **) were also observed between different groups of the
independent variables. Accordingly, 12 variables were omitted at this step; Green, SWIR2,
clay, NDVI, MSAVI2, HBSI, NDWI, NDSI, slope, LS factor, TRI, and roughness, and the
input variables were reduced to 15.

According to the Boruta feature selection algorithm, eight variables were selected from
the 36 proposed input variables: rainfall, sand, taxonomy, clay, SWIR2, SOCI, Green, and
temperature. SOC modeling was then conducted using four categories of input variables:
36, 27, 15, and 8. Based on the Boruta algorithm, the importance score for rainfall was
dominant (>0.6), while none of the other variables had an importance score greater than 0.1
(Figure 6), highlighting the significant influence of rainfall on SOC in the study area.

Figure 6. Feature importance score and selection using the Boruta algorithm: selected (green),
rejected (red).

3.4. Performance of Models

The observed SOC ranged, in %, 0.02–1.01 with a mean = 0.43, SD = 0.27, and
CV = 61.65%, and that of the training and testing SOC varied 0.02–1.01, and 0.04–0.85,
with means of 0.44, and 0.39, respectively (Table 5). Generally, the soils had low SOC, and
showed high spatial variation (CV > 60%), which high spatial variation may challenge SOC
modeling.

Table 5. Statistics of total (observed), training and testing SOC (%).

Dataset Count Minimum Maximum Mean SD CV, % Skewness Kurtosis

Total
SOC 204 0.02 1.01 0.43 0.27 61.65 0.37 −1.13

Training
SOC 163 0.02 1.01 0.44 0.27 61.51 0.36 −1.19

Testing
SOC 41 0.04 0.85 0.39 0.24 61.82 0.36 −1.01

The performance of the examined models with different input variables to the training
and testing data is shown in Table 6. All models fit well to both data types in all the varied
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number of input variables. For the training data, the highest performance was achieved by
the MLR_36 model (MLR model with 36 input variables) with an RMSE of 0.114, R2 of 0.824,
and RPD of 2.342. However, its model discrepancy (MD) was 21.71%, which is high enough
to logically question this model. Thus, the highest credit was taken by the XGB_36 model
(XGBoost model with 36 input variables) with RMSE = 0.115, R2 = 0.818, RPD = 2.308, and
MD = 3.99%. The lowest model performance was recorded by the PLS_08 model with
RMSE = 0.135, R2 = 0.731, RPD = 1.964, and MD = 3.43% (Table 6, Figure 7a,c). Figure 7
displays the RMSE, RMSE change, and MD of the models with different input variables.

 

 

 

(a) 

(c) (b) 

Figure 7. RMSE (a), RMSE change (b) and MD (c) with different input variables: RMSE Change (x
stands for the lowest RMSE in each model; positive and negative changes indicate model enhancement
and model deterioration, respectively).
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Table 6. Performance of models for the training and testing data with different number of
input variables.

36 Variables 27 Variables 15 Variables 08 Variables

Model Dataset RMSE R2 RPD RMSE R2 RPD RMSE R2 RPD RMSE R2 RPD

PLS
Training 0.124 0.789 2.139 0.122 0.797 2.181 0.129 0.774 2.067 0.135 0.731 1.964
Testing 0.128 0.717 2.084 0.126 0.725 2.111 0.126 0.722 2.101 0.140 0.746 1.899

Cubist
Training 0.132 0.763 2.020 0.127 0.778 2.088 0.119 0.806 2.232 0.129 0.773 2.065
Testing 0.136 0.677 1.951 0.128 0.717 2.084 0.119 0.754 2.232 0.127 0.718 2.086

XGB
Training 0.115 0.818 2.308 0.117 0.811 2.263 0.121 0.799 2.194 0.122 0.795 2.173
Testing 0.120 0.751 2.219 0.118 0.758 2.252 0.125 0.730 2.131 0.127 0.722 2.101

GB
Training 0.117 0.811 2.263 0.118 0.810 2.255 0.129 0.773 2.064 0.122 0.796 2.175
Testing 0.122 0.742 2.182 0.121 0.744 2.190 0.132 0.698 2.015 0.125 0.727 2.121

MLR
Training 0.114 0.824 2.342 0.120 0.801 2.207 0.129 0.774 2.067 0.132 0.743 2.009
Testing 0.138 0.668 1.924 0.137 0.676 1.947 0.126 0.722 2.101 0.141 0.742 1.883

RF
Training 0.126 0.783 2.112 0.121 0.799 2.194 0.127 0.780 2.099 0.122 0.796 2.178
Testing 0.128 0.716 2.078 0.122 0.741 2.176 0.127 0.720 2.092 0.121 0.746 2.197

For the validation data, the highest model accuracy was recorded by the XGB_27
model with an RMSE of 0.118, R2 of 0.758, RPD of 2.252, and MD of 0.48%, and on the
contrary, the lowest was observed in the MLR_08 model with RMSE = 0.141, R2 = 0.742,
RPD = 1.883, and MD = 6.68 (Table 6, Figure 7a,c). The XGBoost model is a powerful and
efficient gradient boosting algorithm that is gaining popularity in many fields including
SOC prediction. Different authors also confirmed that the XGBoost model performed the
best in their SOC prediction studies [24,25,98]. Generally, the accuracies obtained are on
the average of most of DSM and SOC prediction modeling reports [24–27,99].

The highest model discrepancy (MD), 21.71%, was observed in the MLR_36 model,
followed by the MLR_27 model (13.38%). This can likely be attributed to the multicollinear-
ity effect, as the MLR model does not address multicollinearity. The lowest MD, 0.02%, was
observed in the Cubist_08 model. Overall, the Random Forest (RF) model exhibited the
lowest MD, followed by the Cubist model. All models, except the MLR model, maintained
an MD of less than 5% across all stages with different input variables (Figure 7c). MD
is the difference in performance of a machine learning model when applied to training
versus testing data, which is crucial for assessing how well a model generalizes to unseen
data. The acceptable level of MD tolerance depends on the accuracy requirements of the
target application.

According to their RPD values, most of the models were categorized as ‘very good’
for both datasets across all different input variable sets. The PLS and MLR models with
8 input variables showed relatively weaker performance but still fell within the ‘good’
model category, with an RPD > 1.80. RPD represents the factor by which prediction
accuracy increases compared to using the mean of the original data. This indicates that all
trained, calibrated, and validated models—except for the MLR_36 and MLR_27 models
due to their high MD—demonstrated good SOC predictive accuracy. These models can
be used for planning and monitoring soil fertility improvements, food production, carbon
sequestration, and climate change mitigation.

All models showed improvements when the number of input variables was reduced
from 36 to 27 (following the removal of very high multicollinearity), with the greatest
improvement recorded by the Cubist model (6.42%), followed by the RF model (4.53%)
(Figure 7b). This may indicate that removal of very high multicollinearity (≥0.900 **) is
important for better model performance. However, when the number of input variables
was reduced from 27 to 15 (after high multicollinearity removal), performance of most
of the models deteriorated (GB, XGBoost, RF, and PLS), and only the MLR and Cubist
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models continued improving (Figure 7b). This may imply that high multicollinearity
(≥0.700 ** but <0.900 **) removal may not be necessary especially for the models that deal
well with multicollinearity.

In comparison to the Boruta algorithm-based selection of variables (08 input variables),
all the models, except the RF model, benefited from the multicollinearity reductions. The
highest model performance improvement was obtained by the MLR (10.41%) model fol-
lowed by the PLS (10.06%), and the XGBoost (6.72%), respectively, and the lowest improve-
ment was in the GB model (3.15%) (Figure 7b). This indicates the potential of Spearman
rank correlation-based multicollinearity reduction to enhance performance of models.

During the calibration, and validation of models, the following hyperparameters
settings were used: Cubist (n_committees = 100, n_rules = 2), RF (max_depth = 3,
min_samples_split = 2, min_samples_leaf = 2), GB (learning_rate = 0.07, max_depth = 1,
min_samples_split = 7), XGBoost (colsample_bytree = 0.9, max_depth = 1, learning_rate =
0.07, subsample = 0.7), PLS (n_components = 26, 16, 15, 5, respectively), and no hyperpa-
rameter was used with the MLR model.

3.5. Importance of Variables

Variable importance rankings from the XGBoost, Random Forest (RF), and Gradient
Boosting (GB) models revealed that, across all categories of input variables, rainfall was the
most important variable for SOC prediction in the study area. In some cases, rainfall alone
explained more than 60% of the SOC variance, particularly with the GB model.

According to the XGBoost_36 model, the top five most important variables for SOC
prediction were rainfall, temperature, taxonomy, altitude, and SWIR2, which together
accounted for 73.61% of the SOC spatial variation in the study area. Notably, rainfall alone
explained 32.62% of the SOC variance (Figure 8a). Similarly, the RF_36 model identified
rainfall, temperature, altitude, taxonomy, and NIR as the top five variables, accounting for
66.32% of SOC variability, with rainfall explaining 20.48% of the variance (Figure 8b). In
the GB_36 model, the top five variables were rainfall, altitude, sand, SWIR2, and taxonomy,
collectively explaining 92.17% of the variance in SOC, with rainfall contributing the largest
share, 58.28% (Figure 8c).

Climate through rainfall (mainly), temperature, and altitude was identified as the
first to have the highest impact on SOC in the study area. Altitude is a surrogate variable
for climate. From the Spearman correlation analysis, we also realized that SOC had the
highest correlation with rainfall followed by temperature and altitude. Moreover, these
three variables had very high correlation (>0.900 **) with each other, which shows that they
can substitute each other. Different studies in different regions also reported that climate
had the highest influence on SOC [30–35].

Similar trends were observed with the 27, 15 and 08 input variables that rainfall
occupied the first place in all with the XGBoost, RF, and GB models. Moreover, the
importance of rainfall increased as the number of input variables decreased. For instance,
rainfall addressed 33.41, 28.51, and 62.50% of the SOC variation according to the XGBoost,
RF, and GB models with 08 input variables, respectively (Figure 8d–f). Thus, rainfall has
the greatest SOC predictive capacity in the study area.

Figure 9 summarizes the average variables importance for the XGBoost, RF and GB
models with 36 variables. It also distinguishes different variable types through different
colours. The first most important variable was rainfall and addressed 37.13% of the SOC
variance. The second most important SOC predictor variable was altitude (12.00%) followed
by temperature (11.36%), taxonomy (7.96%), SWIR2 (5.73%), sand (5.65%), clay (2.87%),
NIR (2.09%), pH (1.25%), and NDVI (1.09%), respectively, among others.
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Figure 8. Variables importance for SOC prediction: XGBoost, RF, and GB models with 36
and 08 variables.

Climate, mainly through rainfall, and secondly through temperature, and altitude,
holds the highest influence (60.48%) on SOC in the study area. This finding agrees with
the findings of [20,100] who reported that rainfall dictates the vegetation dynamics in the
country, and [101] also stated that rainfall is crucial variable for deforestation and desertifi-
cation studies in the country. Since the 1960s, in the country, the frequency of moderate
and extreme droughts has increased [18] and temperature has risen in the past 6 decades
by about 1.7 ◦C, which has led to climate change with great loss impacts on agricultural
production, biodiversity and overall ecosystem resilience [102]. A comprehensive analysis
on East African agriculture and climate change by [103] also presented decreasing rainfed
sorghum yield due to climate change in the study area. Thus, adoption of climate-smart
agriculture that enhances soil moisture and minimizes water loss could be effective in
the study area. In this essence, the country’s widespread campaigns on soil and water
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conservation are encouraged. However, monitoring and evaluation is needed for more
effective and efficient actions.

Soil nature (taxonomy, sand, and clay) and L8 spectral bands (SWIR2, NIR) had also
good capacity of SOC prediction in the study area. Sand is mostly correlated to SOC
negatively as coarse texture is the sign of removal of fine particles by soil deflation, and
clay holds the opposite. Thus, these two particles are important indicators of SOC status.
Moreover, SWIR2 and NIR are sensitive to soil moisture and soil organic matter [104] and
are important SOC predictors. Land use, geology, vegetation indices, bare soil indices, and
topographic variables showed weak SOC predictive capacity.

 

Figure 9. Average variables importance for SOC prediction of the XGBoost, RF, and GB models with
36 variables.

3.6. SOC Mapping

Here, we selected the best one from each model and presented their predicted SOC
(Table 7). In all models the SD, CV and skewness of the predicted SOC were reduced as
compared to the observed SOC. The lowest CV (50.00%) was recorded by the RF_08 model
and the highest CV (56.39%) by the PLS_27 as opposed to 61.65% for the observed SOC.
The XGBoost, GB, and RF models gave relatively lower ranges between the minimum and
maximum SOC values as compared to the MLR, PLS and Cubist models. Almost all the
models fell short of predicting the minimum and maximum values, and the predicted SOC
values were shrunk towards the mean. However, the PLS_27 model recorded a minimum
SOC value of −0.02%, as opposed to 0.02% for the observed SOC.
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Table 7. Descriptive statistics of observed and predicted SOC.

SOC, % Range Min Max Mean Median 25% 50% 75% SD CV, % Skewness Kurtosis

Obs_SOC 0.99 0.02 1.01 0.43 0.35 0.21 0.35 0.68 0.27 61.65 0.37 −1.13
MLR_15 0.86 0.05 0.91 0.44 0.43 0.22 0.43 0.63 0.24 55.24 0.12 −1.33
Cubist_15 0.85 0.06 0.91 0.44 0.43 0.23 0.43 0.67 0.24 54.24 0.18 −1.35
PLS_27 0.94 −0.02 0.92 0.43 0.41 0.21 0.41 0.66 0.24 56.39 0.12 −1.29
RF_08 0.66 0.13 0.79 0.44 0.44 0.24 0.44 0.63 0.22 50.00 0.10 −1.45
GB_27 0.68 0.12 0.80 0.43 0.42 0.25 0.42 0.63 0.22 50.27 0.11 −1.50
XGB_27 0.69 0.12 0.81 0.43 0.40 0.24 0.40 0.64 0.22 51.22 0.11 −1.51

Obs_SOC = observed SOC, Min = minimum, Max = maximum, SD = standard deviation, CV = coefficient of
variation.

Rainfall was found to be the main SOC deriver in the study area. Thus, we plotted
scatter diagrams of rainfall versus predicted SOC and executed equations and R2 for each
model (Figure 10). The R2 was the highest in polynomial relations in each model, and
degree 2 quadratic equations were developed for each model. Predicted SOC in all models
showed high correlation with rainfall; the highest R2 be 0.8485 for the MLR_15 and the
lowest, 0.8172, for the PLS_27. These high correlations indicate the high possibility of
calculating and mapping SOC as a function of rainfall using the equations developed in
each model for the study area. Figure 10 displays scatter plots of rainfall versus predicted
SOC from the selected models and their respective R2 and quadratic equations.

Figure 10. Predicted SOC versus rainfall scatter plots, R2 and quadratic equations for the
different models.

We generated continuous SOC maps using the equations we developed from the
rainfall versus predicted SOC scatter plots of each model. These were done using the raster
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calculator in QGIS 3.38 having raster rainfall map of the study area and executing the
equations. All the models showed similar pattern that predicted SOC increased from the
North to the South in the study area (Figure 11) in the same pattern as the rainfall and
altitude do, and vice versa as the temperature does. The MLR_15 and PLS_27 models
showed relatively denser SOC values for the high SOC areas (southern part), and relatively
lower SOC values for the low SOC areas (northern part) as compared to the other models.
Generally, all the models revealed that the southern and southeastern parts had the highest
and northern and northwestern parts had the lowest predicted SOC.

 
Figure 11. SOC maps developed using the equations from the rainfall versus predicted SOC scatter
plots in each model.

3.7. Comparison with the SoilGrids250m Product

Eritrea doesn’t have its own soil database, and it adopts the SoilGrids250m [105] prod-
uct [10,11], which is used for different purposes; for instance, national Land Degradation
Neutrality (LDN) assessments and reports [10,11]. Global digital soil maps (DSM) such
as the SoilGrids250m are useful assets. However, these may underestimate or overesti-
mate targeted soil properties in regions where there were no/limited soil data for training
such as most of the African countries including Eritrea. Thus, we compared our model
(Predicted_RF), and SoilGrids250m SOC against the observed SOC. The mean SOC of the
observed, predicted (RF model), and SoilGrids250m were 0.43, 0.44, and 0.99%, respectively
(Figure 12). The mean observed and predicted SOC were statistically equal. However,
the SoilGrids250m highly significantly overestimated the mean SOC. Moreover, the range
between the minimum (0.00%) and maximum (2.06%) SOC for the SoilGrids250m was large.
Similar studies also reported that SoilGrids250m product overestimated SOC [106–109].
Thus, we have developed workable local SOC predictor models for the Western Lowlands
of Eritrea, and the necessity for modeling SOC in other parts of the country seems urgent.
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Figure 12. Mean SOC according to Observed, Predicted_RF and SoilGrids250m models; extreme out
layers (black diamond shapes) are shown within the SoilGrids250m indicating its high uncertainty
for the study area.

3.8. Limitations of the Study

The study focused solely on the spatial distribution of SOC in surface soils (0–30 cm)
using only one-time Landsat 8 images, along with other environmental covariates. This
limited the analysis of subsurface soil layers and temporal dynamics of SOC. Additionally,
the developed models may exhibit deficiencies due to the small amount of training data,
variations in timing, and uneven soil sampling frames. Thus, to enhance the models further,
it is essential to incorporate spatio-temporal dynamics of both surface and subsurface soils,
utilizing multispectral and hyperspectral satellite images, along with other environmen-
tal covariates. This should include studies of climate scenarios with a larger and more
evenly distributed set of soil samples in the study area, particularly in the context of a
changing climate.

4. Conclusions
The soils of the Western Lowlands of Eritrea were non-saline with moderately alkaline

pH, characterized by high sand content, moderate silt and clay, and low SOC (0.43%)
content with high spatial variability. The low SOC levels require urgent attention due
to their critical role in soil fertility, food production, ecosystem restoration, and climate
change mitigation. Furthermore, SOC levels in grazing, rainfed, and irrigated farming
land uses were poor and statistically similar, primarily due to suboptimal management
practices that deplete soil nutrients. In contrast, natural forestlands exhibited significantly
higher SOC, highlighting their potential for soil carbon sequestration. To address these
challenges, it is essential to implement awareness-raising campaigns and training programs
for farmers and land managers in the study area, focusing on soil nutrient and irrigation
water management, crop rotation, legume–cereal intercropping, agroforestry practices,
cover cropping, green manuring, composting, and the application of bio-fertilizers and
biochar technologies.

The spatial distribution of SOC in the study area was modeled with high accuracy
using MLR, PLS, Cubist, RF, GB, and XGBoost models. The XGBoost model with 27 input
variables achieved the highest SOC prediction accuracy, with RMSE = 0.118%, R2 = 0.758,
RPD = 2.252, and MD = 0.48%. In contrast, the MLR model with 8 input variables showed
the lowest accuracy, with RMSE = 0.141, R2 = 0.742, RPD = 1.883, and MD = 6.68%. Rainfall
emerged as the most significant predictor of SOC, explaining over 60% of the variance,
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while other important predictors included temperature, soil taxonomy, SWIR2, NIR, sand,
and clay.

Reducing very high multicollinearity (>0.900**) proved beneficial for all models. How-
ever, a reduction in high multicollinearity (>0.700**) did not lead to improvements for the
PLS, RF, GB, and XGBoost models. When compared to the Boruta algorithm-based variable
selection, the multicollinearity reduction strategy resulted in notable model improvements
for the MLR, PLS, XGBoost, Cubist, and GB models, with performance gains of 10.41%,
10.06%, 6.72%, 6.50%, and 3.15%, respectively.

We conclude that all the developed models, except for MLR_36 and MLR_27, demon-
strated good accuracy and can be effectively utilized for the planning and monitoring of
soil fertility and productivity improvements, ecosystem restoration, and climate change
mitigation efforts. For more robust results, we recommend conducting additional SOC
modeling studies with larger soil sample sizes from multiple areas and comparing a wider
range of models, both in the study area and in other regions of the country.
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