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ABSTRACT

Plant biodiversity depends fundamentally on soil nutrient availability. However, nutrient
dynamics within university campuses remain poorly studied, and less attention has been
given to soil health, plant biodiversity, and the ecosystem services supported by campus
soils. This study evaluated the influence of soil depth on the distribution, relationships,
and multivariate interactions of soil nutrients and organic carbon across the University of
Calabar campus, Nigeria. Ten randomly selected sampling locations were established
using QGIS, and composite soil samples were collected from four depth intervals (0—15,
15-30, 30-60, and 60-100 cm). Soil organic carbon, nitrogen, phosphorus, potassium,
calcium, magnesium, silicon, and sulfur were determined using standard laboratory
procedures. Data were analyzed using Pearson correlation, one-way ANOVA, principal
component analysis, and multiple linear regression. Significant positive correlations were
observed between nitrogen and phosphorus (r =0.78, p = 0.0027), phosphorus and silicon
(r = 0.72, p = 0.0082), and calcium and potassium (r = 0.62, p = 0.0331), whereas
phosphorus and magnesium were negatively correlated (r =—0.65, p=0.0227). Soil depth
had no significant effect on organic carbon or nutrient concentrations (p > 0.05). The
regression analysis showed that the measured nutrients did not significantly predict
organic carbon. These findings indicate relatively homogeneous soil conditions within
the campus and provide a baseline for future studies on nutrient dynamics and distribution

within the University of Calabar campus and similar landscapes.

Soil depth, Soil fertility, Nutrient cycling, Nutrient dynamics, Tropical urban soils

Received: 02 Oct. 2026
Accepted: 27 Oct. 2026
Published: 31 Oct. 2026
Keywords:
INTRODUCTION

Soil organic carbon (SOC) is a fundamental component of
terrestrial ecosystems, playing a pivotal role in nutrient
cycling, soil fertility, and climate regulation (Zhao et al.,
2025). The vertical distribution of SOC and its interactions
with nutrients such as nitrogen (N), phosphorus (P), and
various micronutrients are highly variable (Qiao et al., 2020).
It is influenced by a range of biotic and abiotic factors,
including soil depth, mineralogy, moisture, and land use
practices (Kriiger et al.,, 2023). SOC is not uniformly
distributed throughout the soil profile; instead, its
concentration and chemical composition are reported to
change markedly with depth (Hu et al, 2024). The
interactions between SOC and nutrients are further modulated
by factors such as soil moisture and mineral composition,
which can enhance SOC stabilization through organomineral
associations (Von Fromm et al., 2025).

Studies show that SOC levels in university soils, like other
urban landscapes, vary significantly with land cover type
(Saha & Handique, 2022; Wachu & Ibrahim, 2025). This
variation may be linked to differences in vegetation,
management practices, and seasonal changes (Shapkota &
Kafle, 2021). SOC not only enhances nutrient cycling and
plant growth but also improves soil structure and water
retention, supporting the sustainability of campus green
spaces (Kabato et al., 2025).

Biodiversity, especially plants, relies on soil for nutrition;
however, research on their nutrient dynamics within campus
boundaries remains limited. Most sustainability initiatives in
higher education and campuses focus on energy, waste, and
infrastructure, with relatively little attention to soil health,

biodiversity, or ecosystem services (Oliveira & Proenca,
2025). There is a lack of comprehensive studies on nutrient
cycling, organic carbon dynamics, and the impacts of campus
management practices on soil quality especially in southern
Nigeria. Campuses serve as living laboratories, providing
accessible sites for ecological research, education, and
community engagement (Valliere, 2022). Understanding
nutrient and carbon dynamics in these settings can inform
sustainable land management and enhance urban biodiversity
(Colding & Barthel, 2017). Moreover, universities are
influential institutions that can model best practices for urban
sustainability, contributing to global efforts to mitigate
climate change and promote ecological stewardship (Genta et
al., 2021). In response to the identified gap, this study aimed
to evaluate the distribution, relationships, and interactions of
soil nutrients and organic carbon across different soil depths
on the University of Calabar campus.

MATERIALS AND METHODS

Study Area

Figure 1 shows the sample points within the University of
Calabar campus, Calabar, Cross River State, Nigeria. Calabar
is located at 4° 58' N, 8° 20' E. The campus comprises a mix
of land uses, including built-up areas, lawns, ornamental
plantings, and small patches of semi-natural vegetation. The
soils in the region are predominantly derived from coastal
sediments and are generally characterized as sandy to sandy-
loam. Calabar falls within the tropical equatorial climate
characterized by mean annual temperature of about 26 °C, a
mean annual relative humidity >80 %, and abundant mean
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annual rainfall exceeding 3000 mm during the wet season
(Awuh et al., 2018, Ononyume & Edu, 2026).
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Figure 1: Soil sample collection points within campus boundary

Sampling Design and Site Selection

A simple random sampling was adopted to obtain an unbiased
representation of soil conditions across the University of
Calabar campus. The campus boundary was delineated using
the OpenStreetMap layer in QGIS (version 3.44 Solothurn),
after which ten sampling points were randomly generated
within the study area. The geographic coordinates of the
selected points were uploaded to a Garmin GPSMAP 79sc
handheld Global Positioning System (Garmin Ltd., Kansas,
USA) and used to navigate to each sampling point during
fieldwork in December, 2025. Soil sampling was conducted
during the dry season to minimize the influence of short-term
moisture fluctuations on soil properties.

Soil Sample Collection

At each of the ten sampling locations, soil samples were
collected from four depth intervals: 0—15 cm, 15-30 cm, 30—
60 cm, and 60-100 cm. Before soil collection, surface litter
and other debris were carefully removed from the collection
point. At each depth, five soil cores were collected within a
5-m radius of the sampling point using a soil auger. The five
subsamples from the same depth interval were thoroughly
homogenized to produce one composite sample
representative of that depth at each location. The auger was
cleaned between sampling points and depth intervals to
prevent cross-contamination. Composite samples were placed
in labeled polyethylene bags, transported to the Department
of Soil Science, University of Calabar and air-dried at room
temperature for seven days. Afterwards, the soil was gently
crushed, and passed through a 2-mm sieve before laboratory
analyses. A total of 40 composite soil samples (10 locations
x 4 depths) were analyzed.

Laboratory Experiment

The laboratory analyses were conducted at the Department of
Soil Science, University of Calabar, where key soil properties
were measured. Soil organic carbon was determined using the
Walkley—Black wet oxidation method (Walkley & Black,
1934), while total nitrogen was assessed through the Kjeldahl
digestion method (Bremner, 1965). Available phosphorus
was extracted with Bray-1 solution and measured
colorimetrically (Bray & Kurtz, 1945). Potassium, calcium,

and magnesium were determined using the exchangeable
cations method (Reyes-Gutiérrez et al., 2008). Silicon was
measured by alkali extraction followed by colorimetric
analysis (Elliott & Snyder, 1991), and sulfur was analyzed
using the method by Kilmer & Nearpass, (1960). All
parameters were measured in triplicate to ensure analytical
precision.

Data Analysis

Data analysis was performed in R statistical software (version
4.4.3). One-way Analysis of Variance (ANOVA) was used to
evaluate the effect of soil depth on soil nutrient content,
including soil organic carbon (OC), nitrogen (N), phosphorus
(P), potassium (K), calcium (Ca), magnesium (Mg), silicon
(Si), and sulfur (S). Soil depth was treated as a fixed factor
with four levels (0—15 cm, 15-30 ¢cm, 30—60 cm, and 60—-100
cm). Pearson's product-moment correlation analysis was
conducted to determine the strength and direction of linear
relationships among soil nutrients and organic carbon, with
statistical significance assessed at p < 0.05.

To further explore multivariate relationships among the
measured soil properties, Principal Component Analysis
(PCA) was performed to identify the principal components
explaining the greatest proportion of variation in nutrient
relationships.

A multiple linear regression model was fitted to evaluate the
collective influence of soil nutrients (N, P, Ca, Mg, K, Si, and
S) on soil organic carbon. Model performance was evaluated
using R? and adjusted R?, while overall model significance
was assessed using the F-statistic. Individual predictor effects
were evaluated using regression coefficients, 95% confidence
intervals, and standardized coefficients. Model assumptions
were evaluated through the Shapiro—Wilk test for normality
of residuals, and Variance Inflation Factors (VIF) to assess
multicollinearity among predictor variables.

RESULTS AND DISCUSSION

The effect of soil depth on organic carbon and nutrient
concentrations is presented in Table 1 and Figure 2. One-way
ANOVA showed that soil depth did not significantly
influence organic carbon (F = 0.065, p = 0.977) or any of the
measured nutrients (all p > 0.05). Among the nutrients,
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magnesium exhibited the largest depth-related effect (F =
2.267, p = 0.158; n? = 0.459), although this effect was not
statistically significant. In contrast, organic carbon showed
the smallest effect of depth (n?> = 0.024), while nitrogen,
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phosphorus, potassium, and silicon exhibited moderate effect
sizes despite the absence of significant differences among
depths.

Table 1: Analysis of Variance (ANOVA) and Corresponding Effect Sizes for Soil Nutrients and Organic Carbon

Variable F value p-value Between SS Residual SS n? (proportion of total variance explained)
Organic carbon  0.065 0.977 0.000367 0.015 0.0239 (2.39%)
Nitrogen 0.75 0.552 0.000225 0.0008 0.2195 (21.95%)
Potassium 0.891 0.486 0.001425 0.004267 0.2504 (25.04%)
Phosphorus 0.862 0.499 1.241 3.838 0.2443 (24.43%)
Calcium 0.494 0.696 0.0667 0.36 0.1563 (15.63%)
Magnesium 2.267 0.158 0.1133 0.1333 0.4594 (45.94%)
Silicon 0.865 0.498 4.047 12.48 0.2449 (24.49%)
Sulfur 0.496 0.695 0.03562 0.19167 0.1567 (15.67%)
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Figure 2: Mean Distribution of Nutrients and Organic Carbon Concentrations Across Depths

The Pearson correlation matrix is presented in Figure 3.
Significant positive correlations were observed between
nitrogen and phosphorus (r = 0.78, p = 0.003), phosphorus
and silicon (r = 0.72, p = 0.008), and calcium and potassium
(r=0.62, p =0.033). In contrast, phosphorus was negatively
correlated with magnesium (r = —0.65, p = 0.023), while
magnesium was negatively correlated with silicon (r =—0.63,
p =10.029). Organic carbon showed no significant correlations
with the measured nutrients, although its strongest association

o o
= o L& =
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was a moderate positive relationship with calcium (r = 0.52,
p =0.087).

The principal component analysis showed that five
components explained most of the variability in the dataset
(Table 2 and Figure 4). The first principal component (PC1)
explained 38.78% of the total variance. The second principal
component (PC2) accounted for an additional 26.68%,
resulting in a cumulative variance of 65.46% for the first two
components. Inclusion of the third principal component
increased the cumulative variance explained to 78.36%.
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Figure 3: Correlation Matrix of Nutrients and Organic

Carbon in Soil
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Table 2: Eigenvalues and Proportion of Variance Explained by the Principal Components
Principal Component Eigenvalue Variance Explained (%) Cumulative Variance (%)
PC1 3.103 38.78 38.78
PC2 2.135 26.68 65.46
PC3 1.032 12.9 78.36
PC4 0.805 10.06 88.42
PC5 0.501 6.26 94.68
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Figure 4: Principal Component Analysis of the Associations Between Soil
Nutrients and Organic Carbon
The multiple linear regression model explained 79.2% of the  standardized negative coefficient (B = —1.406), whereas

variation in soil organic carbon (Multiple R? = 0.792).
However, after accounting for the number of predictors
relative to the sample size, the explanatory power decreased
to an adjusted R? of 0.428. The overall regression model was
not statistically significant (F7. = 2.174, p 0.236),
indicating that the measured soil nutrients did not collectively
predict soil organic carbon (Table 3). Nitrogen showed the
largest positive regression coefficient (f = 4.868, p = 0.097),
while potassium (f =—1.204, p =0.119) and phosphorus (f =
-0.077, p 0.111) exhibited negative coefficients.
Nevertheless, none of the regression coefficients were
statistically significant (Table 4).

Standardized regression coefficients indicated the relative
contribution of each predictor after accounting for differences
in measurement scale. Phosphorus exhibited the largest

nitrogen had the largest standardized positive coefficient ( =
1.257). However, because none of these predictors were
statistically significant in the regression model, these
coefficients should be interpreted only as relative
contributions rather than evidence of significant effects
(Table 4).

Variance inflation factor analysis showed moderate to
relatively high multicollinearity among several predictors.
Phosphorus had the highest VIF (9.13), followed by nitrogen
(6.54). Calcium, sulfur, potassium, and magnesium exhibited
comparatively lower VIF values (<5), indicating lower levels
of collinearity (Table 4). The Shapiro—Wilk test indicated that
the regression residuals did not deviate significantly from
normality (W =0.967, p = 0.882).

Table 3: Summary Statistics of Multiple Linear Regression of Soil Nutrients Predicting Soil Organic Carbon

Statistic Value
Number of observations (n) 12
Multiple R? 0.792
Adjusted R? 0.428
Residual standard error 0.028
F-statistic 2.174
Degrees of freedom 7,4
Model p-value 0.236

Table 4: Multiple Linear Regression Analysis of Soil Nutrients Predicting Organic Carbon

Predictor Estimate Standard Error  t-value p-value 95% Confidence Interval  Standardized p  VIF
Intercept -10.64 6.648 -1.601 0.185 -29.097 to 7.817 - -

Nitrogen 4.868 2.259 2.155 0.097 -1.404 to 11.140 1.257 6.54
Phosphorus -0.077 0.038 -2.04 0.111 -0.183 t0 0.028 -1.406 9.13
Calcium 0.113 0.059 1.909 0.129 -0.051t0 0.277 0.595 1.87
Magnesium 0.104 0.101 1.031 0.361 -0.177 t0 0.385 0.418 3.16
Potassium -1.204 0.609 -1.977 0.119 -2.896 to0 0.487 -0.733 2.64
Silicon 0.026 0.015 1.723 0.16 -0.016 to 0.068 0.857 4.76
Sulfur 0.104 0.072 1.441 0.223 -0.096 to0 0.303 0.398 1.47
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Discussion

The lack of depth effects on organic carbon and nutrient
concentrations is critical, as organic matter is central to
nutrient retention, cation exchange, and the solubility of key
nutrients such as P, Fe, and Cu (Gerke, 2022). At the same
time, the moderate effect sizes observed for several nutrients,
especially Mg, but also N, P, K, and Si, indicate that subtle
depth-related trends may exist beneath this apparent
uniformity. The distribution of organic carbon and nutrients
across soil depths in the campus reflects the management
practices, vegetation cover, and near constant human
disturbance typical in urban areas, which homogenize soil
profiles and gradients (Mwendwa et al., 2022; Omokaro et al.,
2024; John et al., 2020; Kotze et al., 2021; Li et al., 2020).
For instance, disturbances such as landscaping can
redistribute organic matter and nutrients vertically, and
reduce stratification when compared to natural systems which
usually show nutrient declines with depth. (Pattnaik et al.,
2023; Wang et al, 2021). One implication for plant
communities is that, a relatively homogeneous soil profile
allows roots at various depths to access comparable nutrient
pools. This may support consistent nutrient uptake, and
promote aboveground productivity to some extent (Seabloom
et al., 2020). These trends, though statistically unresolved
here, mirror findings from managed and disturbed soils where
weak or inconsistent gradients can mask underlying vertical
processes until higher-resolution sampling or more targeted
study designs are employed (Miiller et al., 2025; Abrar et al.,
2025; Alvarez, 2025). Such latent gradients may have
ecological relevance, potentially influencing nutrient cycling
rates and long-term soil development in university
landscapes.

The lack of statistically significant correlations between
organic carbon and most of the nutrients show that the
relationship between organic carbon and nutrient elements
can be complex and context-dependent (Luo et al., 2025). The
strong positive correlation between nitrogen and phosphorus
aligns with findings by Bashir et al. (2024) and Wu & Yu
(2023) that report co-increment of nitrogen and phosphorus
due to shared sources, plant uptake, and microbial processes
that couple their cycling in soils. Similarly, a strong positive
correlation between phosphorus and silicon indicates that
silicon fertilization can enhance the availability of both
nitrogen and phosphorus, likely through effects on soil
microbial activity and nutrient mineralization (Liang et al.,
2021). In contrast, the significant negative correlations
between phosphorus and magnesium, and between
magnesium and silicon, suggest antagonistic interactions,
possibly due to competition for adsorption sites or to differing
roles in soil mineralogy and plant nutrition (Gao et al., 2017;
Neu et al., 2017). These negative relationships are consistent
with broader soil nutrient mapping studies, which have shown
that certain cations (such as Mg and Ca) can be inversely
related to other nutrients depending on soil parent material
and management practices (Hengl et al., 2017; Wu & Yu,
2023). The moderate positive correlation between calcium
and potassium reflects their similar geochemical behavior and
co-occurrence in many soil types (De Freitas Aurivan et al.,
2017). Strong positive correlations among nutrients (N, P, Si,
K, Ca) indicate efficient mobilization and high productivity
potential, if antagonistic interactions are managed.

The PCA revealed substantial covariance among the
measured soil nutrients. Abdel-Fattah et al. (2021) reported
that the major sources of variation in soil fertility can often be
summarized by a few principal components representing
dominant pedogenic processes. The amount of variation
captured by the leading principal components agrees with
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observations reported in other soil studies. For example, Ellur
et al. (2024) found that a small number of principal
components explained most of the variability in cultivated
soils, demonstrating that soil nutrients tend to respond
collectively to common environmental drivers. Similar to the
results of this study, Tokgdz (2026) showed that three
principal components adequately represented the majority of
variation in soil physicochemical properties.

The regression model explained a relatively high proportion
of the variation in soil organic carbon (SOC). However, the
substantial decline from the multiple R? to the adjusted R?,
together with the non-significant overall F-test, suggests that
the model was overfitted rather than strongly predictive
(Dertli et al. 2024). Although nitrogen showed the strongest
positive relationship with SOC, none of the measured
nutrients significantly predicted SOC. Dai et al. (2022)
demonstrated that nitrogen enrichment can enhance SOC
accumulation in many ecosystems, while Hu et al. (2024)
emphasized that nutrient-SOC relationships are highly
dependent on local soil and environmental conditions. The
absence of significant nutrient effects in the present study
therefore suggests that SOC dynamics on the University of
Calabar campus are influenced by factors beyond nutrient
concentrations alone.

The elevated variance inflation factors for nitrogen and
phosphorus indicate substantial multicollinearity among the
predictors, which likely reduced the precision of the
regression coefficients. Kyriazos & Poga (2023) explained
that multicollinearity inflates standard errors and can obscure
genuine predictor effects, while Tesfay et al. (2025)
recommended variable selection or dimension-reduction
techniques to improve model stability. The regression
analysis suggests that the measured nutrients did not
independently predict soil organic carbon in the study area.
Rather, SOC appears to be influenced by multiple interacting
factors, highlighting the need for larger datasets and more
parsimonious modelling approaches in future studies. Future
research integrating spatial analysis of soil-plant indicators
may help to detect subtle interactions (Macci et al., 2025).
These results represent a snapshot of nutrient and organic
carbon dynamics within the University of Calabar campus
and is therefore limited in its spatial and temporal scope. The
relatively small sample size may also have reduced the
statistical power to detect subtle relationships. Consequently,
the findings should not be generalized beyond the study area
but could serve as a baseline for future investigations
involving broader spatial coverage and seasonal sampling.

Conclusion

This study evaluated the influence of soil depth on the
distribution, relationships, and interactions of soil organic
carbon and selected nutrients across the University of Calabar
campus. Soil depth had no significant effect on organic
carbon or nutrient concentrations, indicating a relatively
homogeneous soil profile across the sampled depths.
Nevertheless, significant associations among several
nutrients indicate that their distributions are interconnected
despite the absence of pronounced vertical gradients.
Multiple regression further showed that the measured
nutrients did not significantly predict soil organic carbon.
These findings should be interpreted cautiously because the
relatively small sample size may have limited the detection of
subtle depth-related patterns. Furthermore, the single-time
sampling provides only a snapshot of soil conditions in the
area. The findings are specific to the University of Calabar
campus and should not be extrapolated beyond the study area.
Despite these limitations, the integrated statistical approach
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provides a useful baseline for future investigations of soil
nutrient distribution and organic carbon dynamics on the
campus and in comparable landscapes.

REFERENCES

Abdel-Fattah, M. K., Mohamed, E., Wagdi, E. M., Shahin, S.
A., Aldosari, A., Lasaponara, R., & Alnaimy, M. A. (2021).
Quantitative Evaluation of Soil Quality Using Principal
Component Analysis: The Case Study of El-Fayoum
Depression Egypt. Sustainability.
https://doi.org/10.3390/sul3041824

Abrar, M. M., Waqas, M. A., Mehmood, K., Fan, R., Zhou,
B., Ma, X., Nan, S., Du, J., & Xu, M. (2025). Organic carbon
and nitrogen accrual evidenced by the underpinning
protection mechanisms in soil profile following contrasting
35-year fertilization regimes. Journal of Environmental
Management, 376, 124482.
https://doi.org/10.1016/j.jenvman.2025.124482

Alvarez, R. (2025). Increasing soil organic carbon by
applying farm-made organic fertilizers as a function of soil
depth: A global synthesis. The Science of the Total
Environment, 991, 179933.
https://doi.org/10.1016/].scitotenv.2025.179933

Awuh, M. E., Officha, M. C., Okolie, A. O., & Enete, 1. C.
(2018). Land-use/land-cover dynamics in Calabar Metropolis
using a combined approach of remote sensing and GIS.
Journal of Geographic Information System, 10(04), 398-414.
https://doi.org/10.4236/j2is.2018.104021

Bashir, O., Bangroo, S. A., Shafai, S. S., Senesi, N., Kader,
S., & Alamri, S. (2024). Geostatistical modeling approach for
studying total soil nitrogen and phosphorus under various
land uses of North-Western Himalayas. Ecological
Informatics, 80, 102520.
https://doi.org/10.1016/j.ecoinf.2024.102520

Bray, R. H., & Kurtz, L. T. (1945). Determination of total,
organic, and available forms of phosphorus in soils. Soil
Science, 59(1), 39-46. https://doi.org/10.1097/00010694-
194501000-00006

Bremner, J. M. (1965). Total nitrogen. In Agronomy
monograph/Agronomy (pp- 1149-1178).
https://doi.org/10.2134/agronmonogr9.2.¢32

Colding, J., & Barthel, S. (2017). The role of university
campuses in reconnecting humans to the biosphere.
Sustainability, 9(12), 2349.
https://doi.org/10.3390/su9122349

Dai, L., Ge, J., Wang, L., Zhang, Q., Liang, T., Bolan, N.,
Lischeid, G., & Rinklebe, J. (2022). Influence of soil
properties, topography, and land cover on soil organic carbon
and total nitrogen concentration: A case study in Qinghai-
Tibet plateau based on random forest regression and
structural equation modeling.. The Science of the total
environment, 153440.
https://doi.org/10.1016/j.scitotenv.2022.153440

De Freitas Aurivan, S., Edson, A. P., Adélia, A. a. P., De O
Soares Maria, G., Humberson, R. S., & Cristian, D. P. P.
(2017). Interaction between potassium (K) and calcium (Ca)
on the severity of Yellow Sigatoka in banana plants. African

Ononyume and Edu

FJS

Journal of Agricultural Research, 1353-1361.

https://doi.org/10.5897/ajar2017.12279

12(16),

Dertli, H. I., Hayes, D. M., & Zorn, T. (2024). Effects of
multicollinearity and data granularity on regression models of
stream temperature. Journal of Hydrology.
https://doi.org/10.1016/j.jhydrol.2024.131572

Elliott, C. L., & Snyder, G. H. (1991). Autoclave-induced
digestion for the colorimetric determination of silicon in rice
straw. Journal of Agricultural and Food Chemistry, 39(6),
1118-1119. https://doi.org/10.1021/jf00006a024

Ellur, R., Ankappa, A. M. Dharumarajan, S.,
Puttavenkategowda, T., Nanjundegowda, T. M,
Sannegowda, P. S., Mishra, A. P., Purin, B., & Doganci¢, D.
(2024). Soil Quality Assessment and Its Spatial Variability in
an Intensively Cultivated Area in India. Land.
https://doi.org/10.3390/1and13070970

Gao, J., Jansen, B., Cerli, C., Helmus, R., Mikutta, R., Dultz,
S., Guggenberger, G., & Kalbitz, K. (2017). Competition and
surface conditioning alter the adsorption of phenolic and
amino acids on soil minerals. European Journal of Soil
Science, 68(5), 667—677. https://doi.org/10.1111/ejss.12459

Genta, C., Favaro, S., Sonetti, G., Fracastoro, G. V., &
Lombardi, P. (2021). Quantitative assessment of
environmental impacts at the urban scale: the ecological
footprint of a university campus. Environment Development
and Sustainability, 24(4), 5826-5845.
https://doi.org/10.1007/s10668-021-01686-5

Gerke, J. (2022). The central role of soil organic matter in soil
fertility and carbon storage. Soil Systems, 6(2), 33.
https://doi.org/10.3390/s0ilsystems6020033

Hengl, T., Leenaars, J. G. B., Shepherd, K. D., Walsh, M. G.,
Heuvelink, G. B. M., Mamo, T., Tilahun, H., Berkhout, E.,
Cooper, M., Fegraus, E., Wheeler, 1., & Kwabena, N. A.
(2017). Soil nutrient maps of Sub-Saharan Africa: assessment
of soil nutrient content at 250 m spatial resolution using
machine learning. Nutrient Cycling in Agroecosystems,
109(1), 77-102. https://doi.org/10.1007/s10705-017-9870-x

Hu, Y., Deng, Q., Kétterer, T., Olesen, J. E., Ying, S. C.,
Ochoa-Hueso, R., Mueller, C. W., Weintraub, M. N., & Chen,
J. (2024). Depth-dependent responses of soil organic carbon
under nitrogen deposition. Global Change Biology, 30(3),
e17247. https://doi.org/10.1111/gcb.17247

John, K., Isong, I. A., Kebonye, N. M., Ayito, E. O,
Agyeman, P. C., & Afu, S. M. (2020). Using Machine
Learning Algorithms to Estimate Soil Organic Carbon
Variability with Environmental Variables and Soil Nutrient
Indicators in an Alluvial Soil. Land, 9(12), 487.
https://doi.org/10.3390/1and9120487

Kabato, W., Hailegnaw, N., Mutum, L., & Molnar, Z. (2025).
Managing soil health for climate resilience and crop
productivity in a changing environment. The Science of the
Total Environment, 1000, 180460.
https://doi.org/10.1016/j.scitotenv.2025.180460

Kilmer, V. J., & Nearpass, D. C. (1960). The determination
of available sulfur in soils. Soil Science Society of America

FUDMA Journal of Sciences (FJS) Vol. 10 No. 22, November, 2026, pp 249 — 256

N
«


https://doi.org/10.3390/su13041824
https://doi.org/10.1016/j.jenvman.2025.124482
https://doi.org/10.1016/j.scitotenv.2025.179933
https://doi.org/10.4236/jgis.2018.104021
https://doi.org/10.1016/j.ecoinf.2024.102520
https://doi.org/10.1097/00010694-194501000-00006
https://doi.org/10.1097/00010694-194501000-00006
https://doi.org/10.2134/agronmonogr9.2.c32
https://doi.org/10.3390/su9122349
https://doi.org/10.1016/j.scitotenv.2022.153440
https://doi.org/10.5897/ajar2017.12279
https://doi.org/10.1016/j.jhydrol.2024.131572
https://doi.org/10.1021/jf00006a024
https://doi.org/10.3390/land13070970
https://doi.org/10.1111/ejss.12459
https://doi.org/10.1007/s10668-021-01686-5
https://doi.org/10.3390/soilsystems6020033
https://doi.org/10.1007/s10705-017-9870-x
https://doi.org/10.1111/gcb.17247
https://doi.org/10.3390/land9120487
https://doi.org/10.1016/j.scitotenv.2025.180460

Distribution and Interactions of Soil...

Journal, 24(5), 337-340.
https://doi.org/10.2136/sss2j1960.0361599500240005001 1x

Ononyume and Edu

FJS

Literature review. Sustainability, 607.

https://doi.org/10.3390/sul7020607

17(2),

Kotze, D. J., Ghosh, S., Hui, N., Jumpponen, A., Lee, B. P.
Y., Lu, C.,, Lum, S., Pouyat, R., Szlavecz, K., Wardle, D. A,
Yesilonis, 1., Zheng, B., & Setild, H. (2021). Urbanization
minimizes the effects of plant traits on soil provisioned
ecosystem services across climatic regions. Global Change
Biology, 27(17), 4139-4153.
https://doi.org/10.1111/gcb.15717

Kriiger, N., Finn, D. R., & Don, A. (2023). Soil depth
gradients of organic carbon-13 — A review on drivers and
processes.  Plant and  Soil, 495(1-2), 113-136.
https://doi.org/10.1007/s11104-023-06328-5

Kyriazos, T., & Poga, M. (2023). Dealing with
Multicollinearity in Factor Analysis: The Problem,
Detections, and Solutions. Open Journal of Statistics.
https://doi.org/10.4236/0js.2023.133020

Li, J., Nie, M., Powell, J. R., Bissett, A., & Pendall, E. (2020).
Soil physico-chemical properties are critical for predicting
carbon storage and nutrient availability across Australia.
Environmental — Research  Letters, 15(9), 094088.
https://doi.org/10.1088/1748-9326/ab917¢

Liang, Y., Liao, M., Fang, Z., Guo, J., Xie, X., & Xu, C.
(2021). How silicon fertilizer improves nitrogen and
phosphorus nutrient availability in paddy soil? Journal of
Zhejiang  University SCIENCE B, 22(7), 521-532.
https://doi.org/10.1631/jzus.b2000708

Luo, T., He, Z., Xia, D., Xu, Y., Xia, L., Guo, T., Xu, W., &
Fang, J. (2025). Relationship between soil organic carbon
fractions and microbial nutrient limitations among different
woodlands in the western karst region of Hubei.
Environmental Technology & Innovation, 38, 104074.
https://doi.org/10.1016/j.€ti.2025.104074

Macci, C., Vannucchi, F., Scartazza, A., Masciandaro, G.,
Doni, S., & Peruzzi, E. (2025). Soil-Plant Indicators for
assessing nutrient cycling and ecosystem functionality in
urban forestry. Urban Science, 9(3), 82.
https://doi.org/10.3390/urbansci9030082

Miller, C. R., Six, J., Njiru, D. M., Vanlauwe, B., & Van De
Broek, M. (2025). Depth effects of long-term organic residue
application on soil organic carbon stocks in central Kenya.
Biogeosciences, 22(12), 2733-2747.
https://doi.org/10.5194/bg-22-2733-2025

Mwendwa, S. M., Mbuvi, J. P., Kironchi, G., & Gachene, C.
K. (2022). Assessing spatial variability of selected soil
properties in Upper Kabete Campus coffee farm, University
of  Nairobi, Kenya. Heliyon, 8(8), ¢10190.
https://doi.org/10.1016/j.heliyon.2022.e10190

Neu, S., Schaller, J., & Dudel, E. G. (2017). Silicon
availability modifies nutrient use efficiency and content,
C:N:P stoichiometry, and productivity of winter wheat
(Triticum aestivum L.). Scientific Reports, 7(1), 40829.
https://doi.org/10.1038/srep40829

Oliveira, M. C., & Proenga, J. (2025). Sustainable Campus
Operations in Higher Education Institutions: A Systematic

Omokaro, G. O., Abiola, K. A., Bakare, A., Airueghian, E.,
& Michael, 1. (2024). Forms and Distribution of Phosphorus
along A Toposequence at the University of Benin, Nigeria.
American Journal of Geospatial Technology, 3(1), 1-8.
https://doi.org/10.54536/ajgt.v3il.2591

Ononyume, M. O., & Edu, E. A. B. (2026). Microclimate
variation among four common urban tree species in Calabar,
Nigeria. FUDMA JOURNAL OF SCIENCES, 10(6), 45-53.
https://doi.org/10.33003/fjs-2026-1006-4249

Pattnaik, T., Dash, P. K., Mishra, A., Saren, S., Phonglosa,
A., & Kishore, M. A. (2023). Vertical distribution of available
plant nutrients in soils of Mid-Central Tableland Agro-
climatic Zone of Odisha, India. Environment and Ecology,
41(4D), 2982-2988.
https://doi.org/10.60151/envec/kowd4237

Qiao, Y., Wang, J., Liu, H., Huang, K., Yang, Q., Lu, R., Yan,
L., Wang, X., & Xia, J. (2020). Depth-dependent soil C-N-P
stoichiometry in a mature subtropical broadleaf forest.
Geoderma, 370, 114357.
https://doi.org/10.1016/j.geoderma.2020.114357

Reyes-Gutiérrez, L. R., Romero-Guzman, E. T., Cabral-
Prieto, A., & Rodriguez-Castillo, R. (2008). Characterization
of chromium in contaminated soil studied by SEM,
EDS,XRD and Mossbauer Spectroscopy. Journal of Minerals
and Materials Characterization and Engineering, 07(01),
59-70. https://doi.org/10.4236/jmmce.2008.71005

Saha, A., & Handique, S. (2022). Variation of soil organic
carbon in a university campus in temperate North-eastern
India. Environmental Challenges, 7, 100493.
https://doi.org/10.1016/j.envc.2022.100493

Seabloom, E. W., Adler, P. B., Alberti, J., Biederman, L.,
Buckley, Y. M., Cadotte, M. W., Collins, S. L., Dee, L., Fay,
P. A, Firn, J., Hagenah, N., Harpole, W. S., Hautier, Y.,
Hector, A., Hobbie, S. E., Isbell, F., Knops, J. M. H.,
Komatsu, K. J., Laungani, R., . . . Borer, E. T. (2020).
Increasing effects of chronic nutrient enrichment on plant
diversity loss and ecosystem productivity over time. Ecology,
102(2), e03218. https://doi.org/10.1002/ecy.3218

Shapkota, J., & Kafle, G. (2021). Variation in Soil Organic
Carbon under Different Forest Types in Shivapuri Nagarjun
National = Park, Nepal.  Scientifica, 2021, 1-9.
https://doi.org/10.1155/2021/1382687

Tesfay, T., Mohamed, E. S., Savin, 1., Kucher, D. E., Rebouh,
N., & Ogbazghi, W. (2025). Soil Organic Carbon Modelling
with Different Input Variables: The Case of the Western
Lowlands of Eritrea. Sustainability.
https://doi.org/10.3390/sul17219884

Tokgdéz, F. K. (2026). Multivariate Analysis of Soil
Properties in Burdur Province: Principal Component Analysis
and Canonical Correlation Approach. Bitlis Eren Universitesi
Fen Bilimleri Dergisi.
https://doi.org/10.17798/bitlisfen.1802648

Valliere, J. M. (2022). Cultivating scientific literacy and a
sense of place through course-based urban ecology research.

FUDMA Journal of Sciences (FJS) Vol. 10 No. 22, November, 2026, pp 249 — 256

N
W
W


https://doi.org/10.2136/sssaj1960.03615995002400050011x
https://doi.org/10.1111/gcb.15717
https://doi.org/10.1007/s11104-023-06328-5
https://doi.org/10.4236/ojs.2023.133020
https://doi.org/10.1088/1748-9326/ab9f7e
https://doi.org/10.1631/jzus.b2000708
https://doi.org/10.1016/j.eti.2025.104074
https://doi.org/10.3390/urbansci9030082
https://doi.org/10.5194/bg-22-2733-2025
https://doi.org/10.1016/j.heliyon.2022.e10190
https://doi.org/10.1038/srep40829
https://doi.org/10.3390/su17020607
https://doi.org/10.54536/ajgt.v3i1.2591
https://doi.org/10.33003/fjs-2026-1006-4249
https://doi.org/10.60151/envec/kowd4237
https://doi.org/10.1016/j.geoderma.2020.114357
https://doi.org/10.4236/jmmce.2008.71005
https://doi.org/10.1016/j.envc.2022.100493
https://doi.org/10.1002/ecy.3218
https://doi.org/10.1155/2021/1382687
https://doi.org/10.3390/su17219884
https://doi.org/10.17798/bitlisfen.1802648

Distribution and Interactions of Soil... Ononyume and Edu FJS

Ecology and Evolution, 12(6), ¢8985.
https://doi.org/10.1002/ece3.8985

Von Fromm, S. F., Jungkunst, H. F., Amenkhienan, B., Hall,
S. J., Georgiou, K., Pries, C. H., Montafio-Lopez, F.,
Quesada, C. A., Rasmussen, C., Schrumpf, M., Singh, B,
Thompson, A., Wagai, R., & Fiedler, S. (2025). Moisture and
soil depth govern relationships between soil organic carbon
and oxalate-extractable metals at the global scale.
Biogeochemistry, 168(1). https://doi.org/10.1007/s10533-
025-01208-9

Wachu, C. M., & Ibrahim, A. J. (2025). Assessment of land
use and slope influence on soil organic carbon stocks and soil
properties in Southern Ethiopia. Frontiers in Agronomy, 7.
https://doi.org/10.3389/fagro.2025.1536935

Walkley, A., & Black, I. A. (1934). An examination of the
Degtjareff method for determining soil organic matter, and a
proposed modification of the chromic acid titration method.

Soil Science, 37(1), 29-38.
https://doi.org/10.1097/00010694-193401000-00003

Wang, Y., Bauke, S. L., Von Sperber, C., Tamburini, F.,
Guigue, J., Winkler, P., Kaiser, K., Honermeier, B., &
Amelung, W. (2021). Soil phosphorus cycling is modified by
carbon and nitrogen fertilization in a long-term field
experiment. Journal of Plant Nutrition and Soil Science,
184(2), 282-293. https://doi.org/10.1002/jpIln.202000261

Wu, Y., & Yu, Y. (2023). Soil Carbon, Nitrogen and
Phosphorus Fractions and Response to Microorganisms and
Mineral Elements in Zanthoxylum planispinum ‘Dintanensis’
Plantations at Different Altitudes. Agronomy, 13(2), 558.
https://doi.org/10.3390/agronomy13020558

Zhao, M., Cao, G., Zhao, Q., Ma, Y., Zhang, F., Li, H., He,
Q., & Qiu, X. (2025). Distribution patterns and influencing
factors controlling soil carbon in the Heihe River Source
basin, northeast Qinghai—Tibet Plateau. Land, 14(2), 409.
https://doi.org/10.3390/land14020409

@ ® @ ©2026 This is an Open Access article distributed under the terms of the Creative Commons Attribution 4.0

distribution, and reproduction in any medium, provided the original work is cited appropriately.

FUDMA Journal of Sciences (FJS) Vol. 10 No. 22, November, 2026, pp 249 — 256

N

International license viewed via https://creativecommons.org/licenses/by/4.0/ which permits unrestricted use,

(@)


https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/ece3.8985
https://doi.org/10.1007/s10533-025-01208-9
https://doi.org/10.1007/s10533-025-01208-9
https://doi.org/10.3389/fagro.2025.1536935
https://doi.org/10.1097/00010694-193401000-00003
https://doi.org/10.1002/jpln.202000261
https://doi.org/10.3390/agronomy13020558
https://doi.org/10.3390/land14020409

