Nigerian Journal of Science and Environment 2025 Volume 23 (3) 1 - 19 ISSN: 3043 - 4440

https://doi.org/10.61448/njse233251

Geospatial Modelling of Soil Fertility and Sodicity Indices in Aridisols of the
Sudano-Sahelian Savannah for Sustainable Soil Management

Dangiwa, A. L.
Department of Geography & Environmental Management, Faculty of Physical
Sciences, Ahmadu Bello University, Samaru - Zaria, Kaduna State.

Correspondence: aldangiwa@abu.edu.ng Phone: +2347066837780

ORCID ID: 0009-0009-3591-4332
https://orcid.org/0009-0009-3591-4332

Abstract

Effective management of Aridisol soils requires a robust understanding of fertility indices as
predictors of Exchangeable Sodium Percentage (ESP). Although Soil Organic Carbon (SOC),
Cation Exchange Capacity (CEC), and soil pH have been widely studied, their combined influence
on ESP prediction remains unclear. This study statistically and geospatially evaluated the
relationships between these indices and ESP. Thirty-six composite soil samples (0 - 30 cm depth)
were collected using a hybrid sampling method, with geodetic coordinates recorded. Spatial
interpolation was performed using Inverse Distance Weighting (IDW) in ArcGIS 10.8, while
regression analyses were conducted in Microsoft Excel. IDW interpolation revealed an inverse
spatial trend between SOC and ESP, with SOC >2.5% and 1.5-2.5% corresponding to ESP >25%
and 10-25%, respectively. Linear regression showed strong positive associations of ESP with CEC
(B=1.41, p=0.0045) and pH (B = 6.62), whereas SOC exhibited a weak, non-significant negative
relationship (R? = 0.086, B = —2.70, p = 0.52). The initial multiple regression model displayed
moderate predictive strength (adjusted R2 = 0.553). After excluding SOC and noting the reduced
significance of pH (p = 4.36), CEC emerged as the dominant predictor of ESP variability. The
refined model achieved higher accuracy with a root mean square error (RMSE) of 2.91 and an
average R? of 0.5671 from k-fold cross-validation. These findings underscore CEC as the most
influential determinant of ESP in Aridisols, with soil pH exerting moderate influence and SOC
contributing indirectly through soil structural effects.

Keywords: Aridisols, hybrid sampling, soil fertility indices, Soil Organic Carbon, Exchangeable
sodium percentage

Introduction soil fertility and health (Hailu and Mehari
2021). Within this context, ESP is widely
Sodicity, expressed as ESP, is a widespread recognized as a critical indicator of soil
challenge in semi-arid regions where degradation, as it represents the proportion of

evapotranspiration far exceeds precipitation sodium-occupied exchange sites compared to
(Adane et al. 2019; Husein et al. 2021). ESP the total cation exchange capacity

generally originates from both natural soil (Gebrehiwot 2022).
processes and irrigation water, particularly

when sodium concentrations surpass those of
essential cations such as calcium and
magnesium (Dodd et al. 2013; Stavi et al.
2021). This dominance of Na* ions relative to
Ca?" and Mg** disrupts soil chemical balance,
creating sodic conditions that compromise

In the Sudano-Sahelian savannah, soils are
inherently dry, low in fertility, and subjected
to inefficient irrigation practices. These
conditions accelerate sodium accumulation,
degrade irrigation water quality, and intensify
soil chemical imbalances (Pal et al. 2016;
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Stavi et al. 2021; Gebrehiwot 2022; Wang et
al. 2023; Naorem 2023). Elevated ESP
increases soil pH, induces alkaline hydrolysis,
reduces the availability of essential nutrients,
and alters soil solution chemistry, with serious
consequences for soil structure, plant growth,
and long-term productivity (Mamedov et al.
2006; Yang et al. 2016; Stavi et al. 2021;
Mendieta-Mendoza 2023).

Soil fertility, defined as the ability of soil to
supply essential nutrients in forms available
for plant uptake (Njoku et al. 2011), is central
to maintaining productivity and sustainable
agriculture. Key fertility indicators such as
soil organic carbon (SOC), cation exchange
capacity (CEC), and soil pH not only reflect
soil nutrient status but also influence sodicity
dynamics (Njoku et al. 2011; Stavi 2021;
Hailu and Mehari 2021; Trigunasih et al.
2023). Fertile soils enhance nutrient cycling,
maintain balanced cation exchange, and
improve structure through organic matter
accumulation, all of which contribute to
lowering ESP (Saidi 2012; Bao et al. 2017;
Stavi et al. 2021; Wang et al. 2023).
Conversely, nutrient-depleted soils under
sodic stress experience reduced resilience,
declining productivity, and constrained land-
use efficiency.

Despite its importance, soil fertility
assessment in semi-arid environments often
relies on conventional approaches that
inadequately capture the spatial variability of
fertility - sodicity interactions (Njoku et al.
2011). In recent years, geoinformatics and
geostatistical modelling have emerged as
powerful tools for monitoring soil fertility and
predicting ESP distribution at multiple scales
(Bhunia et al. 2016; Khan et al. 2019; EI-
Seedy et al. 2024; Jamaoui et al. 2025).
However, in many regions, local farmers and
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extension workers still lack reliable and
accessible information about soil fertility
status and hazardous soil - water interactions,
particularly salinity and sodicity (Njoku et al.
2011; Adane et al. 2019; Husein et al. 2021;
Baballe et al. 2022; El-Seedy et al. 2024).
This information gap underscores the need for
research that integrates field data with spatial
modelling to generate accurate, decision-
support information for sustainable soil
management.

Against this backdrop, the present study
investigates the distribution and variability of
soil fertility indicators - SOC, CEC, and soil
pH - and their relationship with ESP in
Aridisol soils of the Sudano-Sahelian
savannah. Specifically, the study sought to:
(1) assess the spatial variation of fertility
indices across the study area; (2) determine
the relationship between soil fertility
indicators and ESP levels; and (3) quantify
the extent to which fertility indices influence
ESP both statistically and geospatially. Data
were collected through conventional field
surveys and analyzed using geoinformatics
techniques, allowing for robust modelling of
fertility - sodicity interactions.

The findings of this research provide a
foundation for sustainable soil management in
semi-arid environments. By integrating
geostatistical modelling with  regression
analysis, the study enhances ESP prediction
using key fertility indicators, thereby
supporting targeted strategies for soil fertility
restoration, irrigation water management, and
the application of soil amendments. Such
approaches contribute to precision agriculture
by enabling site-specific nutrient
management, reclamation of sodic soils, and
efficient allocation of limited resources in
fragile environments (de Oliveira et al. 2014;
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Baballe et al. 2022; Trigunasih et al. 2023;
El-Seedy et al. 2024). Furthermore, the
generation of reliable soil information through
geoinformatics  empowers  policymakers,
xtension services, and farmers to make
informed decisions aimed at reducing soil
degradation, mitigating sodium accumulation,
and safeguarding long-term land productivity.

Ultimately, this study advances understanding
of the complex interactions between soil
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fertility indices and sodicity under semi-arid
conditions. It provides a geostatistical
framework for monitoring ESP variability,
guiding  reclamation and  conservation
practices, and ensuring sustainable soil health
in Aridisol soils of the Sudano-Sahelian
savannah.

Materials and Methods

3.> -33 .;~. .[:] Area of study (3,540 ha)
. | 36 - Sampling points
! Ajiwa dam (371 ha)
& !
" i ;- | Generated fishnet

4

1 c‘éin;i:meter = 400 meters

Excluded sampling points

Figure 1: Location of the study area (b) in relation with Katsina town and (a) the extent of the
study area - Ajiwa Irrigation Scheme with an area of 35.4 km? and presence of dam water body in
the mid. Thirty-six sampling points are shown, soil samples collected at 1 - 30 cm depth and
intervals of 1,000 m systematic (1 - 7) and purposive (8 - 36): hybridization sampling method (Liu

etal., 2024).

Geographical Setting of the Study Area

The study was carried out at the Ajiwa Dam
Irrigation Scheme, covering approximately
3,450 ha in Rimi Local Government Area of
Katsina State, Nigeria. The scheme lies
between longitude  7°43'37.51"E  and
7°46'40.81"E, and latitude 12°58'41.56"N and
12°53'9.92"N. The area falls within the semi-

arid climatic zone, characterized by a mean
minimum temperature of about 15.7°C in
January and peak temperatures exceeding
35°C during the hottest months. Rainfall is
unimodal, commencing in May and ending in
September, with August being the wettest
month (=283.5 mm). According to the USDA
Soil Taxonomy, the soils of the area are
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classified as Aridisols.

Data Collection and Analysis Approach
Soil sampling was carried out in two phases.
In the first phase, conducted in February
2025, seven purposively selected samples
were collected from sites exhibiting visible
whitish encrustations, indicative of surface
salinization. In the second phase, undertaken
in April 2025, an additional 29 samples were
systematically collected at predetermined
1000 m intervals. Sampling grids were
generated using the Create Fishnet Tool in
ArcGIS 10.8 to ensure uniform spatial
coverage of the study area (Figure 1).

This process vyielded a total of 36
georeferenced  sampling  points.  Field
navigation was facilitated using GPS-enabled
devices, supported by Locus and Avenza
Maps applications, which ensured precise
coordinate recording and accurate site
tracking. At each location, soil samples were
extracted from a depth of 0 - 30 cm using a
hybrid sampling technique with a soil auger,
consistent with established soil sampling
protocols (Liu et al. 2024).

Soil Sample Preparation

The fresh soil samples were air-dried at room
temperature, sieved through a 2 mm mesh,
and homogenized for uniformity (Gee and
Bauder 1986). The sieved soils were then
finely ground. The representative subsamples
were weighed and transferred into clean,
labelled containers for subsequent laboratory
analyses (Anderson and Ingram 1993).

Na + Concentration X CEC

Exchangeable Na™ = 00

where,
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Determination of Exchangeable Cations
(Ca*, Mg*, Na* and K*)

About 30 mL of 1 M NH4OAc solution (pH
7.0) was added to the soil sample, and the
mixture was shaken on an orbital shaker at
200 rpm for 30 minutes. It was then
centrifuged at 3000 rpm for 10 minutes, after
which the supernatant was filtered through
Whatman No. 42 ashless filter paper (pore
size ~2.5 um) to obtain a clear extract.
Finally, the concentration of extracted cations
was measured using Atomic Absorption
Spectrophotometer ~ (AAS,  PerkinElmer
Analyst 400, PerkinElmer Inc., USA). And
their corresponding results were expressed in
cmol(+)/kg (Jackson 1965).

Cation Exchange Capacity (CEC)
Determination

The CEC was determined by extraction with
ammonium acetate (Chapman 1965); CEC
was calculated by summing the
exchangeable cations (Ca?* Mg?* K* and
Na") and expressing the result in centimoles
of charge per kilogram [cmol(+)/kg]
(Jackson 1965).

CEC = Ca** + Mg* + K" + Na' =
[cmol(+)/kg] 1)

(Jackson 1965)
Exchangeable Sodium Percentage (ESP)
Determination

The ESP, the fraction of sodium on the
exchange sites is expressed as a percentage
and was determined by using as:

Exch. Na* = concentration of exchangeable sodium [cmol(+)/kg]

CEC = cation exchange capacity [cmol(+)/kg].

Soil Organic Carbon (SOC) Determination

The SOC was determined by Walkley-Black
method (Walkley and Black 1934). one
gram (1g) of the air-dried soil sample was

weighed and treated with 1IN potassium
dichromate (K,Cr,O;) and sulfuric acid
(H2SO,) of ~96 - 98% w/w) was added to
initiate oxidation. The mixture was swirled
followed by titration with ferrous sulfate
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(FeSQ,) for determination of the amount of

dichromate consumed. The amount of SOC
V; — V2 x N x 0.003 x 100

soC = —————

weight of soil sample (g)
where,

V1 = volume of K,Cr,0 used (mL)

V2 =volume of FAS used (mL)

N = normality of K,Cr,0O; (0.167N)

0.003 = conversion factor for carbon

Soil pH Determination

The Soil-pH was measured in a soil:water
suspension, typically 1:2.50 soil:water ratio.
The prepared soil sample was mixed with
distilled water stirred for about 30 minutes
to allow equilibration. The pH was then
measured using a calibrated pH meter. The
pH meter calibration was done using
standard buffer solutions of pH 4, 7 and 10
(McLean 1982).

Spatial Interpolation Analysis

To visualize the distribution of each variable
across the landscape, IDW interpolation was
employed using the Spatial Analyst Tool in
ArcGIS. IDW was chosen for its intuitive
weighting mechanism, EI-Seedy et al.
(2023), wherein closer points have more
influence on the interpolated surface than
those farther away. The outcome was
depicted in spatial thematic maps and
discussed in terms of spatial patterns,
gradients, hotspots and comparison with

ESP =a + b(S0C)+ c(CEC) + d(Soil pH

where,
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was then calculated based on the amount of
dichromate consumed:

(Walkley and Black 1934)

other variables (Figures 2a - 2h).
Linear Regression Analysis of Soil Fertility
Indicators

Statistical analysis was conducted in Ms
Excel where relationships of the soil fertility
indices and their respective values were
evaluated, compared and the degree of their
contributions ~ were  determined in
influencing the ESP dynamics and
invariably to sodicity risks under different
conditions. Scatterplot charts (ESP vs. CEC;
ESP vs. soil pH) were generated from the
relationships (Figures 3 - 5).

Multiple Regression Modelling for ESP
Estimation

Statistical analysis was conducted in Ms
Excel Data Analysis ToolPak tool confirm
statistical significance value (p < 0.05), the
regression model effectively predicts ESP
variations, validating independent variable
selection. The full specification was:

a = (intercept) the baseline ESP value when SOC, CEC and Soil pH are zero
b = (slope for SOC) the change in ESP per unit increase in SOC.

¢ = (slope for CEC) the change in ESP per unit increase in CEC.

d = (slope for Soil pH) the change in ESP per unit increase in soil pH.

After running the regression, accuracy and
validity of the regression model were
checked. Observed and predicted values of
ESP about the independent variables were
compared and the model performance was

assessed.

The model was revised by removing SOC
and only two statistically significant CEC
and Soil pH were considered to assess their
relationship with the dependent variable
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ESP. The revised model’s significance in
terms p-values; a, b, ¢, d - regression
coefficients; Adjusted R? were determined
and compared. Tables of Analysis of

variance  (ANOVA) and regression
coefficients for both original and revised
models that showed the variables’

relationships were generated, depicted and

w2 )]

!_\n_‘.'_ JEV;

Li =
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discussed (Tables 1 - 4).
Model Validation by k-fold Cross-
Validation

Comparison  between  observed and
predicted ESP was conducted after running
the k-fold cross- validation:

(Yan et al. 2022)

Given a dataset D of N samples and an integer k-folds):

where, | is a chosen loss function, the average cross-validation error is:

(6)

CVi 2_2 :
‘ k X , L;

The model's performance was evaluated using both RMSE and R? metrics, thus:

RMSE was computed as a set of n observations {(xi, yi)}and corresponding predictions {v;}.

-
1 PR
BN = J;ZX § o 2 R (1) (Yanetal 2022 and Kumar et al. 2023)

The R for each run were also computed and their accuracy calculated:

n
2o =70

—————————————— (8) (Yan et al. 2022 and Kumar et al. 2023)

. R
Rk . ?zl(yi 2 }—"’2
where,
yi = observed ESP values (actual values from dataset)
¥, = predicted ESP values (from regression)
yi = mean of observed ESP values
n = number of data points in each fold
k = number of folds (5 times of repetition).
The average performance metrics was (ESP).

averaged as RMSE and R? across all 5 (k)
repetitions, their ~ results are presented and
discussed.

Results and Discussion

Spatial Interpolation and SOC - ESP
Relationship

Figures 2a and 2b illustrate an inverse spatial
relationship between soil organic carbon
(SOC) and exchangeable sodium percentage

High ESP values (>25%) were
observed at sampling points 3, 4, 5, and 6
(Figure 2b), which correspond to areas with
low SOC concentrations (<1.5%) as shown in
Figure 2a. This inverse correlation supports
earlier findings that increased SOC can
mitigate the negative effects of sodicity (Lal
2003), enhance microbial activity, and
improve nutrient availability (Mahler et al.
2021).
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Chemically, SOC plays a critical role in
modifying ESP behaviour through its
influence on soil structure and cation
mobility. According to Mahler et al. (2021),
SOC improves soil aggregation and porosity,
reducing clay dispersion and thus alleviating
sodicity. Enhanced macro porosity facilitates
the leaching of Na' from the root zone,
effectively lowering ESP. Additionally, SOC-
rich soils exhibit improved hydraulic
conductivity, promoting Na® displacement
and reducing its accumulation (Lal et al.
2003).

SOC also enhances the soil’s cation exchange
capacity (CEC). Jamaoui et al. (2025) report
that SOC introduces negatively charged
functional groups (e.g., carboxylic and
phenolic), which preferentially bind divalent
cations like Ca®>" and Mg* over Na*. This
selective binding promotes cationic balance
and reduces Na* saturation on exchange sites.
Conversely, in soils with low SOC, fewer
exchange sites are available, allowing Na* to

— \
e Sampling points 4

(®)
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dominate and thereby increasing ESP (Lal et
al. 2003; Jamaoui et al. 2025).

Furthermore, SOC  supports  microbial
activity, which indirectly influences ESP
dynamics. Microbial respiration produces

CO: that dissolves in soil water, forming
carbonic acid and slightly lowering soil pH.
This process enhances Ca** solubility,
facilitating Na* displacement from exchange
sites (Mahler et al. 2021; Jamaoui et al.
2025). Such microbially driven carbon
cycling thus contributes to ESP reduction and
improved soil quality.

Overall, the spatial patterns observed
underscore the ecological value of SOC in
managing sodic soils. By improving

aggregation, nutrient availability, and cation
exchange processes, SOC not only lowers
ESP but also reduces dependence on external
soil amendments (Lal et al. 2003).

(
o 32. ° 3‘.
3

ESP (%)

=75 =
.2 B
B 0 - 25

e
<10 pS
® Sampling points \'\f'

Figure 2: An IDW-interpolation output for (a) SOC (%) and (b) ESP (%) - showing sites with high
quantity of (b) ESP (>25 and 10 — 25 (%) in points: 1, 2 16, 3, 4, 5, 6, 18, 21, 23, 30, 32, 34, 35
and 35 aligning with significant depletion of (a) SOC. This is an evident demonstration of inverse

7
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relationship between the two variables (Lal et al. 2003).

The relationship between soil organic carbon
(SOC) and exchangeable sodium percentage
(ESP) is primarily indirect, as depicted in
Figures 2a and 2b, where an inverse spatial
correlation is evident. Previous studies have
shown that SOC improves soil aggregation

and porosity, which enhances water
infiltration and reduces the fixation of
exchangeable Na* in surface layers (Adane et
al. 2019; Husein et al., 2021). In Figure 2a,
areas with higher SOC concentrations (>2.5%
and 15 - 25%) appear to buffer the
detrimental effects of Na*, thereby reducing
the risks of soil dispersion.

Despite this observed trend, regression
analysis (Table 2) revealed that SOC was not
a significant predictor of ESP (p = 0.962, p >
0.05), suggesting that the direct relationship
between these two variables is weak. This
highlights the complex nature of soil sodicity,
where SOC may influence ESP indirectly
through improvements in soil structure and
hydrological properties, but other factors may
play a more prominent role in determining
ESP levels.

Effects of Humic Substances on ESP

Humic substances released from organic
matter influence exchangeable sodium (Na®)
mobility in the soil matrix, though their effect
on ESP is indirect. As shown in regression
models (Tables 1 and 2), SOC exhibited weak
correlation with ESP, suggesting its limited
predictive power for sodicity (Gosh et al.
2021). High Na® concentrations can
deteriorate soil structure, reduce aeration, and
inhibit microbial activity, limiting soil organic
matter (SOM) decomposition (Mahler et al.
2021).

Moderate to high SOC levels (1.5 - 2.5% to
>2.5%) at sampling points 7, 15, 30, 32, 34,

and 36 (Figure 2c) show weak associations
with ESP, indicating limited buffering against
Na* effects. In contrast, low SOC areas
(<1.5%) - which dominate the study area -
coincide with higher Na" mobility and
increased dispersion risks, as noted by
(Phankamolsil et al. 2024).

SOC contributes to soil aggregation, porosity,
and ion stabilization, but does not bind ESP as
efficiently as clay particles. Its role in ESP
retention is largely indirect, mediated by
electrostatic interactions and improved soil
structure (Jamaoui et al. 2025). In areas with
higher SOC, soil aggregation prevents Na*
dispersion, while low-SOC soils allow Na*
mobility, increasing ESP levels (Adane et al.
2019). Additionally, the carboxyl and
phenolic groups in SOC provide negative
charge sites that preferentially bind divalent
cations (Ca** and Mg*), reducing Na*
retention and ESP (Bhunia et al. 2016;
Jamaoui et al. 2025). Phankamolsil et al.
(2024) found that SOC-rich soils buffer Na*
effects, thus reducing sodicity risks. However,
in low-SOC soils, Na* retention increases,
worsening dispersion and ESP accumulation
(Phankamolsil et al. 2024). Despite these
findings, the weak correlation between SOC
and ESP (p = 0.962, p > 0.05) suggests that
SOC is not the primary factor controlling
ESP.

Effects of Cation Exchange Capacity
(CEC) on ESP

CEC (Figure 2) shows a clear interconnection
with Na* dominance and nutrient availability,
as evidenced by the distribution patterns of
CEC and ESP across the study area. At point
5, where both CEC and ESP are at their
lowest (<10 cmol(+)/kg and >25%,
respectively), the two variables align. CEC
reflects the number of negatively charged
sites on soil particles (mainly clay and organic
matter) that can absorb and exchange cations,
including Na*. Soils with high CEC (e.g.,
points 3, 4, 7, and 36 in Figure 2c) can better
regulate ESP by providing more exchange
sites for Na* binding (Saidi, 2012). High CEC
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soils retain more cations, including Na*, but
when Na" dominates these sites, ESP
increases, disrupting soil structure and
permeability (Chapman 1965; Saidi 2012).
Conversely, low CEC soils struggle to bind
Na* effectively, resulting in Na* leaching and
reduced ESP, but the competition between
Ca*" and Mg>* for exchange sites significantly
influences Na* displacement, thus impacting
ESP variations (Fitzpatrick et al. 1994; Adane
et al. 2019).

In essence, while CEC is a key determinant of
soil's ability to buffer against Na*-induced
dispersion, the presence of Na® in the
exchange complex plays a critical role in ESP
dynamics. Soils with high CEC may still
exhibit low ESP if Na" is not a dominant
cation, whereas low CEC soils struggle with
Na" retention, affecting their ESP levels.
dispersion. In contrast, sandy soils with
inherently low CEC have limited buffering

Additionally, high CEC enhances a soil’s
buffering capacity by facilitating cation
exchange. In locations such as sampling
points 3, 4, 5, and 36 (Figures 2a and 2b),
where both CEC and ESP were elevated (>25

SoflpH

1 <5
I Addic
Neutral: 5.5-7.

0 Alkaline: >7.5
¢ Sampling points
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Another  important  chemical = mechanism
influencing the CEC - ESP relationship is the
competitive exchange of cations based on
valence and hydrated radius. As Chapman
(1965) noted, divalent cations such as Ca*
and Mg?** are more strongly adsorbed than
monovalent Na* due to their higher charge
and smaller hydration shells. When Na*
displaces these cations, inter-particle bonding

weakens, leading to clay dispersion, reduced
infiltration, and increased ESP (Hailu and
Mehari 202Stavi et al. (2021) observed that
clay-rich soils with high CEC can initially
buffer Na* more effectively; however, once
Na" dominates exchange sites, these soils
become prone to swelling and

capacity, and even small additions of Na* can
cause a sharp rise in ESP (Chapman 1965).

cmol(+)/kg and 10 - 25%, respectively), high
CEC may help moderate sodicity by enabling
the replacement of Na* with Ca?>" or Mg*
(Chapman 1965). Thus, while high CEC does
not eliminate sodicity risks, it can increase
soil resilience to Na‘*-induced degradation.
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Figure 2: An IDW-interpolation output for (e) Soil pH and (f) ESP (%) layers — Soil pH regulates
cation exchange dynamics and determines whether Na™ in ESP remains bound or gets displaced.
The interaction between both variables influences Na* mobility and soil dispersion behavior

(Fitzpatrick et al. 1994).

Effects of Soil pH on ESP

Soil pH and ESP are closely interconnected,
with elevated ESP often contributing to
alkalization and associated soil constraints
(Fitzpatrick et al. 1994; Gangwar et al. 2022).
This interaction is typical of Aridisol soils in
semi-arid regions, where low SOC and SOM
exacerbate fertility limitations (Singh et al.
2023; Jamaoui et al. 2025). In this study, sites
with alkaline pH (>7.5) corresponded to high
ESP, reflecting weak Na" bonding at negatively

charged clay surfaces, which enhances sodicity,
nutrient imbalance, and dispersion risks
(Trigunasih et al. 2019; Husnain et al. 2021,
Ghosh et al. 2021). By contrast, acidic sites were
characterized by lower ESP as Ca** and Mg**
effectively displaced Na* from exchange sites,
reducing sodicity and improving structural
stability (McLean 1982; Husnain et al. 2024;
Sani et al. 2024).

Thus, soil pH governs Na® mobility, ESP
accumulation, and their combined effects on
fertility and soil health (Dodd et al. 2013).

(h)

Figure 2: An overlay analysis output for (g) SOC, CEC & Soil pH layers - the chemical
interactions of these variables provide critical insight into Na* retention, displacement and soil
recovery potential. Their combined status determines whether a soil will accumulate Na* and
degrade of buffer stress and support heathy plant growth (Hailegnaw et al. 2019 and Dhanushkodi
et al. 2025).

Effects of SOC, CEC and pH on Soil
Fertility

SOC, CEC, and pH jointly regulate ESP
dynamics and soil fertility. SOC improves

10
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CEC through negatively charged functional
groups that preferentially bind Ca?" and Mg?",
thereby limiting Na® accumulation and
sodicity (Adane et al. 2019; Husnain et al.
2021). Although high CEC enhances
exchange capacity, ESP rises when Na*
dominates the exchange complex, while Ca**
and Mg** dominance stabilizes the soil even
at high CEC (Dodd et al. 2013). Soil pH
further modulates these interactions: under
alkaline conditions, enhanced surface charge
favours Na" adsorption and increases ESP,
whereas under acidic conditions, competition
from H* and AI** promotes Na* leaching and
exchange, lowering ESP (Stavi et al. 2021).
Together, SOC, CEC, and soil pH operate as
key  regulators of  Na®  retention,
exchangeability, and mobility, thereby
controlling ESP and shaping soil health and
fertility.

Figure 2g shows that these variables act
synergistically to mitigate the adverse effects
of ESP, consistent with Dhanushkodi et al.
(2025), who reported that optimal levels of
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SOC, CEC, and pH improve salt-affected
soils and enhance crop productivity.

Soil pH, often termed the master regulator,
dictates charge dynamics and cation solubility
in relation to ESP. At high pH (> 7.5), typical
of sodic soils, increased surface negativity
favors Na' retention while reducing Ca?*
solubility, thereby elevating ESP. Conversely,
at low pH (< 5.5), often induced by
amendments or organic acids, Ca** and Mg*
are released, displacing Na" from exchange
sites and lowering ESP (Hailegnaw et al.
2019).

Linear Regression Analysis of Variables

The regression analysis showed that CEC
had a positive but relatively weak influence
on ESP, with a slope of 1.94 and R? of 0.31.
This suggests that CEC accounts for only
about 31% of ESP variation, implying that it
contributes to sodicity but is not a dominant
predictor. High-CEC soils, such as at points
3, 5, and 36, may accommodate more Na*
without immediate sodicity effects if Ca**
and Mg** dominate the exchange complex.

v =1.9406x - 4.2039
R*=0.3088

o
— 4
=]
|
T

0

30 35

CEC [cmol(+)kg]

Figure 3: The relationship between ESP and CEC - the positive slope (y = 1.940) indicates a direct
relationship between the two variables. As CEC rises, ESP also tends to increase, suggesting that
soils with greater capacity to hold cations may accumulate more exchangeable Na* - especially

when Na* dominates the exchange complexes.

However, where these cations are deficient,
Na' accumulation increases ESP and risks
structural degradation. In contrast, low -
CEC soils are more sensitive, as even small
Na* additions sharply elevate ESP, making
them highly vulnerable to sodic degradation.
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Thus, CEC plays a background buffering
role in ESP dynamics but does not
independently control sodicity.

By comparison, soil pH emerged as a
stronger predictor, with a slope of 8.90 and
R2 of 0.47, explaining nearly 47% of the
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variation in ESP. The positive slope requiring careful management to limit
indicates that higher pH, typical of alkaline degradation risks (Mendieta-Mendoza et al.
soils, promotes Na* retention and sodicity, 2023).
140 1
120 4 ESP vs. Soil pH Linear Regression y =8.9047x - 47.339
- R?=0.4662
100 +
& 80 -
&
i 60 -
40 1
20 +
Il Il Dm D g\ Il Il Il Il Il Il |
0 Ll Ll /’ - L) L T L T 1
5.9 2 4 6 8 10 12 14 16 18 Soil pH20

Figure 4: Relationship between ESP (%) and Soil pH - the original model shows strong correlation
ESP (R? = 0.4662). The positive slope (8.9047) confirmed that higher pH increases ESP, sodicity
risks are reinforced.

The negative intercept (-47.36) suggested that (Phankamolsil et al. 2024). These findings
ESP would be negligible under strongly highlight that, while CEC contributes
acidic conditions, reinforcing the role of low indirectly, soil pH is a more significant
pH in mitigating Na* accumulation determinant of ESP and should be prioritized

in models and management strategies for
sodicity control.
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Figure 5: Relationship between observed and predicted ESP (%) - the equation y = x implies a
perfect 1:1 correspondence, where predicted values match observed values exactly. The R?
suggests that the regression model explains 59.19% of the variation in observed ESP, indicating
moderate reliability and room for further optimization. This indicates a moderate predictive
accuracy: the model performs reasonably well but leaves ~ 40% of ESP variability unexplained.

Multiple Regression Modeling of Variables pH on ESP. The model showed a moderate fit
Multiple regression analysis assessed the (R? = 0.592; Adjusted R? = 0.554), with CEC
combined influence of SOC, CEC, and soil (B=1.41, p=0.004) and soil pH (B = 6.62, p

12



Nigerian Journal of Science and Environment 2025 Volume 23 (3) 1 - 19

https://doi.org/10.61448/njse233251

= 0.001) emerging as significant positive
predictors, while SOC (B = -2.70, p > 0.05)
showed a weak, non-significant relationship.
This suggests that while CEC and soil pH
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significantly influence ESP, SOC contributes
little explanatory power and may weaken
model precision. The model was statistically
significant [F (3,32) = 15.47, p < 0.05].

Table 1: Analysis of variance (ANOVA) summary for the (original) multiple regression model
estimating ESP using SOC, CEC and Soil pH.

Df SS MS F Significance F
Regression 3 3264.0667 1088.02 15.4679 2.14862E-06
Residual 32 2250.8940 70.34
Total 35 5514.9608

The positive association between CEC and
ESP aligns with Saidi (2012), reflecting Na*
dominance in the exchange complex when
Ca* and Mg*" are deficient. Likewise, the
positive relationship between soil pH and ESP
supports earlier findings (Hailu and Mehari,
2021; Phankamolsil et al. 2024; Sani et al.
2024), attributable to Na.COs hydrolysis
(Fitzpatrick et al. 1994; Mamedov et al.
2006). Although SOC is typically critical for
soil health, its weak statistical effect here may
reflect non-linear dynamics or confounding

nutrient status (Phankamolsil et al. 2024;
Kramer et al. 2025).

A refined model excluding SOC improved
stability (R? = 0.586; Adjusted Rz = 0.561; SE
= 8.31), with CEC remaining highly
significant (f = 1.29, p = 0.004) but soil pH
losing significance (B = 7.29, p > 0.05). This
suggests that pH effects may depend on
interactions with SOC or CEC. The refined
model provided a more parsimonious fit [F
(2,33) = 23.40, p < 0.05], underscoring CEC

influences such as soil texture, climate, or as the dominant predictor of ESP.
Table 2: Regression coefficients, standard errors, t-Stat, p-values (significance levels) for
estimators of ESP for the original model.
(a-d) Standard
Coefficients Error t-Stat p-value Lower 95%

Intercept -41.3778  11.8772 -3.4838 0.0015 -65.5709

SOC -2.7017  4.1498 -0.6510 0.5197 -11.1547

CEC 1.4125 0.4620 3.0572 0.0045 0.4714

Soil pH 6.6225 1.8734 3.5350 0.0013 2.8064

This study has indicated that CEC and soil
pH are significant predictors of ESP, while
SOC does not show a significant influence
in the initial model, prior to refinement
(Table 2). The positive relationship between
CEC and ESP aligns with previous study by
Saidi (2012).
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Similarly, the positive association between
soil pH and ESP was consistent with the
findings of Hailu and Mehari (2021),
Phankamolsil et al. (2024) and Sani et al.
(2024), which could attribute to the
hydrolysis of Na,CO; (Fitzpatrick et al.
1994, Mamedov et al. 2006 and Sani et al.
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2024). Although, soil pH is not always a
direct indicator, other factors, such as the
Na* Adsorption Ratio (SAR) most often
played a vital role as well (Mamedov et al.
2006; Adane et al. 2019 and Husnain et al.
2024). The positive effect of CEC and soil
pH may also be attributed to possibly
increased CEC which could lead to a better
nutrient retention, while a suitable soil pH
range could enhance microbial activity and
nutrient availability (Husnain et al. 2021).

The lack of a significant relationship
between SOC and ESP was unexpected
given the widely recognized importance of
SOC. The SOC input, a favourable soil pH,
neutral or slight alkaline and the
accumulation of nutrients improved the
biological status of the soil in promotion of
microbial activities (Husnain et al. 2024).
However, the study of Phankamolsil
(2024), confirmed that high ESP levels
brought about a reduction in SOC content
and low concentrations of micronutrients in
soils of Thailand.

Several factors could explain this result.
First, the relatively low R? (0.592) suggests
that other important factors not included in
the model may be influencing ESP. These
might include climate variable Kramer et al.
(2025), nutrient levels Phankamolsil et al.
(2024) soil texture (Fitzpatrick et al. 1994).
Secondly, the relationship between SOC and
ESP may be non-linear and therefore not
captured by this linear model.

Since the relationship of SOC with the ESP
was not statistically significant. The model
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was revised by removing the SOC from the
modeling algorithm. The refined model
considered CEC and soil pH as independent
variables. The result demonstrated that the
soil pH that was hitherto significant, now it
lost its significance (p = 4.36, p > 0.05).
Based on the F-statistical metrics, significant
overall fit [F (2,33) = 23.40, p < 0.05)],
became statistically insignificant. Soil pH p
> 0.05 indicates that it no longer has a
meaningful impact on ESP in the refined
model. The implication for this is that its
effect might have been dependent on SOC
disrupted its significance or interaction with
CEC. The CEC p = 0.004, p < 0.05 was
highly significant and remains a strong
predictor of ESP, showing a reliable effect
even after SOC exclusion.

Despite the refinement with the exclusion of
SOC, the model still showed moderate
predictive strength, the loss of soil pH
significance suggests that its role should be
re-evaluated, possibly through interaction
effects (CEC and soil pH). Removing SOC
improved reliability, stability and predictive
efficiency of the model, nevertheless
affected variable significance. Furthermore,
when revised model’s F-statistics (F =
23.40) was compared to the previous model
(F = 15.46) more merit of SOC removal
became evident that the refined model fits
better than before. The result of the revised
model explains that 58.6% of the variance in
ESP (R?> = 0.586), the adjusted R? was
0.561, accounting for the reduced number of
predictors and standard error was estimated
as 8.31.

Table 3: Analysis of variance (ANOVA) summary for the (Refined) multiple regression model

estimating ESP using CEC and Soil pH.
SS

Df MS F Significance F
Regression 2 3234.2522 1617.1261 23.3985 4.70654E-07
Residual 33 2280.7086 69.1124
Total 35 5514.9608
Furthermore, analysis of the regression statistically significant, positive

coefficients of the revised model revealed
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relationships between CEC (B = 1.29, p =
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0.004, p < 0.05) and ESP; but not significant
between soil pH (B = 7.29, p = 4.36, p >
0.05) and the dependent variable ESP, hence
the negative relationship. This confirms that
CEC remains a key predictor in the overall
modeling task. This implies that toil pH may
not be a strong predictor of ESP when SOC
is excluded. However, the explanatory
power of the model (R? = 0.586) is
comparable to the previous model which
included SOC (R2 = 0.592), suggesting that

ISSN: 3043 — 4440

the removal of SOC did not substantially
reduce the model's predictive ability. The
adjusted R? values also show a similar trend
with only a slight decrease in the revised
model.

Secondly, the relationship between SOC and
ESP may be non-linear and therefore not
captured by the linear model (Ortom et al.
2014).

Table 4: Regression coefficients, standard errors, t-Stat, p-values (significance levels) for

estimators of ESP for the refined model.

Standard
Coefficients Error t-Stat p-value Lower 95%
Intercept -46.0382 9.3945 -4.9005 2.472E-05 -65.1515
CEC 1.2853 0.4150 3.0971 3.973E-03 0.4410
Soil pH 7.2945 1.5497 4.7070 4.362E-05 41416

Overall, these findings highlight CEC as the
most reliable determinant of ESP, with soil
pH exerting conditional influence and SOC
showing limited predictive power. Future
research should explore potential non-
linearities,  variable interactions, and
additional soil properties to enhance model
accuracy and inform management strategies
for sodicity control.

K-Fold Cross-Validation

The predictive reliability of the revised
regression model was evaluated using k-fold
cross-validation. The model achieved a low
RMSE of 2.91, reflecting relatively small
prediction errors and indicating moderate-to-
high accuracy in estimating ESP. The average
R2 was 0.567, showing that about 57% of ESP
variability was explained, a level of predictive
strength considered moderate but consistent
across folds. Importantly, both CEC and soil
pH retained predictive influence, reinforcing
their stability as determinants of ESP.

Furthermore, the refined regression model
and IDW-interpolated layers revealed
consistent spatial patterns of sodicity risk. The
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close alignment between chemical theory,
statistical predictions, and spatial outputs
validates the regression approach and
strengthens confidence in its application.
Collectively, these results provide a reliable
framework for ESP estimation and offer
practical utility for sustainable land use,
precision agriculture, and targeted soil
management in semi-arid regions.

Conclusion

This study has demonstrated the efficacy of
integrating  geostatistical modelling and
regression analysis to evaluate the spatial
dynamics of soil fertility and sodicity in
Aridisols of the Sudano-Sahelian savannah.
Through the application of IDW interpolation
in  ArcGIS and statistical modelling in
Microsoft Excel, the research revealed critical
insights into the relationships between SOC,
CEC, soil pH and ESP. While SOC exhibited

an inverse spatial relationship with ESP, its
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statistical influence was weak, suggesting an
indirect role mediated through soil structural
improvements. In contrast, CEC emerged as
the of ESP
variability, with soil pH exerting a moderate
The
validated through k-fold cross-validation,

most significant predictor

effect. refined regression  model,

achieved improved predictive accuracy,
underscoring the robustness of CEC as a
diagnostic  indicator for sodicity  risk
assessment. These findings highlight the
importance of spatially explicit soil fertility
evaluation in semi-arid environments, where
threat to

sodicity poses a persistent

agricultural productivity and land

sustainability.

By advancing a geospatial framework for soil
health monitoring, this research contributes to
precision agriculture and sustainable land
management. It provides actionable insights
for policymakers, extension services, and land
users seeking to mitigate sodicity, optimize
and enhance soil

nutrient management,

resilience in fragile ecosystems. Future

studies should explore the integration of
remote sensing data and machine learning
techniques to further refine ESP prediction
scalable soil reclamation

and  support

strategies across diverse agroecological zones.
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