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ABSTRACT 

Soil fertility is a key determinant of sustainable agricultural productivity, particularly in semiarid regions where 
conventional surveys are often limited. This study evaluated the fertility status of Bardarash district, Duhok province, 
Iraq, by developing a soil fertility index (SFI) through an integrative framework combining geostatistical methods, 
machine learning (ML), GIS, remote sensing, and laboratory analyses. A total of 52 composite soil samples (0-30 cm) 
were analyzed for 17 physicochemical properties, including texture, bulk density, soil moisture content (SMC), organic 
matter (OM), soil pH, electrical conductivity (EC), cation exchange capacity (CEC), calcium carbonate (CaCO3), and 
macro- and micronutrients including available nitrogen (N), phosphorus (P), potassium (K), magnesium (Mg), iron (Fe), 
manganese (Mn), copper (Cu), zinc (Zn), and boron (B). Principal component analysis (PCA) was applied to assign 
parameter weights for SFI computation, while ordinary kriging (OK) facilitated the spatial interpolation of soil 
properties. Additionally, ML techniques, including gradient boosting regression (GBR) and random forest (RF), were 
employed to enhance soil fertility prediction accuracy. The models were validated using performance metrics such as 
root mean square error (RMSE), mean absolute error (MAE), mean squared error (MSE), and the coefficient of 
determination (R2). The results indicate that GBR achieved the highest predictive accuracy, outperforming both RF and 
OK. Spatial analyses revealed that approximately 70% of the study area exhibits low fertility, with OM depletion, N and 
P deficiency, and suboptimal CEC identified as key limiting factors. In order to promote precision agriculture and 
sustainable land management practices in northern Iraq, these findings emphasize the significance of combining 
multivariate weighting approaches with geospatial ML and remote sensing to create precise, site-specific soil fertility 
maps. 
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INTRODUCTION 

 Soil fertility ensures that plants receive the 
essential macronutrients and micronutrients required for 
healthy growth. Although low soil fertility results in 
stunted crop growth, reduced yields, and economic 
losses, excessive nutrient inputs can also lead to nutrient 
imbalances, lower productivity, and severe environmental 
consequences, including eutrophication, greenhouse gas 
emissions, and soil degradation (Lal, 2021; Xing et al., 
2025). Additionally, the inefficient or unsustainable 
exploitation of soil resources accelerates land 
degradation, jeopardizes ecosystem services, and 
exacerbates long-term environmental consequences 
(Kopittke et al., 2025). These challenges underscore the 
urgent necessity for innovative, data driven, and scalable 
approaches to soil fertility assessment and management 

as global agriculture endeavors to achieve sustainable 
intensification in the face of climate change and resource 
constraints (Zhou et al., 2022; Zhang and Zhu, 2023; 
Kumar et al., 2025).  
 A contemporary and integrative approach for 
precisely evaluating soil characteristics, enhancing land 
management, and advancing sustainable agriculture is 
offered by combining the SFI and ML (Louzada et al., 
2025). For instance, remote sensing and GIS have been 
used to estimate the pH and the EC of the soils on a large 
scale (Singh et al., 2021). Fuzzy logic and digital 
mapping have been used to define fertility zones 
(Keshavarzi et al., 2020), while portable artificial 
intelligence (AI)- based sensors like handheld X-ray 
Fluorescence (XRF) have been adopted for quick nutrient 
assessment (Morais et al., 2021). The significance of 
integrating geostatistical analysis, GIS, and remote 

Journal of Animal & Plant Sciences, 36(2): 2026, Page: 375-390 

ISSN (print): 1018-7081; ISSN (online): 2309-8694 
https://doi.org/10.36899/JAPS.2026.2.0032 



Salih et al.,   J. Anim. Plant Sci., 36 (2) 2026 

 376 

sensing with ML techniques to enhance the precision of 
soil fertility prediction and mapping has been 
underscored by recent advancements in soil fertility 
research (Zhou et al., 2020; Li, 2022). The SFI offers a 
thorough assessment of soil productivity by integrating 
its physical, chemical, and biological characteristics 
(Askari and Holden, 2015; Rodrigues et al., 2021). This 
classification enables the delineation of fertility zones, 
which in turn enables site specific management and 
precision fertilization strategies (Adhikari et al., 2019). In 
comparison to conventional statistical methods, ML 
algorithms, particularly RF and GBR, have exhibited 
superior predictive capabilities (Zeraatpisheh et al., 
2020). Modern technologies, such as digital elevation 
models (DEMs), satellite imagery, and visible near 
infrared (VNIR) spectroscopy, provide rapid and cost-
effective alternatives to laboratory analyses for the 
estimation of critical soil parameters, including pH, CEC, 
and OM (Wang et al., 2023). The accuracy of soil 
fertility maps is improved and sustainable land 
management and precision agriculture are supported by 
the integration of spectral, topographic, and climatic 
variables with GIS and ML (Gökmen et al., 2023). 
 The Bardarash District of Duhok, Iraq, remains 
underserved by comprehensive studies that synthesize 
geostatistics, GIS, remote sensing, and ML within an 
integrated SFI framework, despite notable global 
advancements in this domain. This discrepancy 
underscores the necessity for a data-driven approach to 
promote sustainable land management and improve crop 
productivity in the region. In this study, robust ML 
algorithms (RF and GBR) and geostatistical interpolation 
(OK) were utilized to produce high resolution predictions 
of soil fertility through the integration of geospatial, 
spectral, and laboratory datasets. The resultant maps aim 
to identify key fertility limitations, enhance agricultural 
productivity, and offer actionable insights for sustainable 
land use planning in northern Iraq. The aims of this 
research are to assess the predictive accuracy of VNIR 
spectroscopy, remote sensing data, and laboratory 
analyses in estimating key soil fertility parameters, 
employing a comprehensive range of statistical 
performance metrics. The results of this study are 
anticipated to enhance scientific knowledge of soil 
fertility variability, identify principal fertility constraints 
affecting agricultural productivity, and ultimately 
promote sustainable land-use planning and informed 
agricultural decision-making within the region. 

MATERIALS AND METHODS 

The study location: This study was conducted on 
agricultural lands in Bardarash district, Duhok, Northern 
Iraq (36°18′– 37°20′ N; 42°20′–44°17′ E), at 233-485 m 
altitude. The district covers about 96,097 ha, of which 
~76,394 ha is arable according to the Directorate of 

Agriculture, Bardarash (Figure 1). The landscape is 
mainly semi-flat, with some non-arable slopes and 
mountainous areas excluded from sampling. The climate 
is semi-arid, with an average annual precipitation of ~486 
mm concentrated between November and April, and a 
mean annual temperature of 26.6 °C, ranging from 
summer maxima of 43 °C to winter minima of -3 °C 
(General Directorate of Meteorology, Duhok). 

Soil sampling and laboratory analysis: A preliminary 
survey was conducted to determine the locations from 
which samples would be taken. After excluding areas 
unsuitable for agriculture, valleys, mountains and 
inhabited lands, the samples were randomly distributed 
across the remaining area based on the shape and extent 
of the land surface, obstacles to sample taking, and other 
factors. A total of 52 soil samples (0–30 cm) were 
collected, and each of these 52 samples was as follows: A 
sample was taken from the previously specified location, 
then four other samples were taken around this sample 
from the four directions, at a distance of about 1 km in 
each direction. Then these five samples were mixed 
together to form a composite sample that is more accurate 
and representative of the location. Net samples were air-
dried, sieved (2 mm), and analyzed at the Central 
Laboratory of the University of Mosul following standard 
procedures (Rekani et al., 2022). The analyses included 
soil texture, bulk density, SMC, OM, pH, EC, CaCO3, 
CEC, and available nutrients (N, P, K, Mg, Fe, Zn, Mn, 
Cu, and B). In addition, hyperspectral reflectance was 
measured using a FieldSpec Pro sensor across the 350–
2500 nm wavelength range. 

Soil Fertility Index (SFI) and its Calculation: The SFI 
was calculated by identifying key soil properties and 
assigning weights based on their contribution to fertility. 
Data were normalized to a 0–1 scale using: 

�� =
�������

��	
�����
                           (1) 

 Where Ni represents the normalized value of the 
parameter, xi is the raw value of the parameter, and Xmin 
and Xmax indicate the minimum and maximum values for 
that parameter within the dataset. Weighted values were 
then combined as: 

��
 = ∑��� ⋅ ���                        (2) 
 Where Wi is the weight of each parameter 
derived from PCA, which reduced dimensionality and 
emphasized major variations (Pedregosa et al., 2011; 
Jolliffe, 2011). The index values close to 0 indicate low 
fertility, while those near 1 reflect high fertility (Zhang et 

al., 2018). 

Geostatistical and Machine Learning Analysis: Spatial 
variability of soil parameters was assessed using 
semivariograms and modeled with OK in ArcGIS 10.5 
(Webster and Oliver, 2007; Singh et al., 2010). The 
degree of spatial dependence (DD) was calculated 
following Cambardella et al. (1994), where values <25% 
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indicate strong, 25–75% moderate, and >75% weak 
dependence. To estimate the SFI, two ML algorithms RF 
and GBR were trained using soil spectral reflectance data 
across the UV, blue, green, red, and near-infrared (NIR1 
and NIR2) spectral regions. These spectral bands were 
chosen due to their ability to detect variations associated 
with OM, SMC, mineral composition, and surface 
reflectance, all of which are closely linked to soil fertility. 
Prior to modeling, the dataset was pre-processed through 
the removal of outliers and the handling of missing 
values to maintain data integrity. The processed dataset 
was subsequently partitioned randomly into a training 
subset (80%) for model development and a testing subset 
(20%) for independent validation. Model accuracy was 
assessed using standard regression metrics; RMSE and 
MSE gauge the magnitude of prediction errors, MAE 
measures the average absolute deviation between 
predicted and observed values, and R2 reflects the 
proportion of variance in SFI accounted for by the model. 
Reduced RMSE, MAE, and MSE values, along with 
higher R2 values, indicate improved predictive accuracy. 

Statistical Analysis: Descriptive statistics (minimum, 
maximum, mean, standard deviation, coefficient of 
variation, skewness, and kurtosis) were calculated to 
assess data distribution (Webster, 2001). Normality was 
tested using the Kolmogorov–Smirnov test (p > 0.05), as 
deviations from normality can affect geostatistical 
analyses (Kerry and Oliver, 2007). Pearson’s correlation 
coefficients were applied to examine relationships among 
variables at a significance level of p < 0.05. All analyses 
were performed using SPSS software (version 9.3). 

RESULTS 

Laboratory and Statistical Evaluation of Soil Physical 

Parameters: As illustrated in Table 1, the examination of 
soil qualities revealed substantial variation in critical 
properties, including bulk density, SMC, sand, silt, and 
clay content. The sediment content ranged from 26.05 to 
85.05%, with a mean result of 42.84%. Conversely, the 
silt concentration composition ranged from 2.00 to 45% 
(mean 26.16%), while the clay concentration ranged from 
12.95 to 51.45% (mean 31.00%). The bulk density ranged 
from 1.22 to 1.72 g cm-3, with a mean of 1.43 g cm-3. The 
average SMC was 17.66%, with a range of 11.13% to 
22.59%. The descriptive statistics (Min, Max, Mean, StD, 
Skewness, Kurtosis, CV, and P-values) are summarized 
in Table 1. Silt exhibited the maximum dispersion CV = 
34.45%, followed by sand 29.69%, clay 27.72%, SMC 
16.32%, and bulk density 8.05%.  

Laboratory and Statistical Assessment of Soil Physical 

Properties: Table 1 summarizes the descriptive statistics 
of the soil physical parameters, indicating significant 
variation in bulk density, SMC, and particle-size 
distribution. Sand content ranged from 26.05% to 
85.05%, with a mean of 42.84%. Silt content varied from 
2.00% to 45%, averaging 26.16%. Clay content ranged 
between 12.95% and 51.45%, with a mean of 31.00%. 
Bulk density ranged from 1.22 to 1.72 g cm-3 (mean 1.43 
g cm-3), while SMC varied between 11.13% and 22.59% 
(mean 17.66%). The coefficients of variation 
demonstrated moderate to high variability among the 
texture fractions, with the greatest dispersion observed in 
silt, followed by sand and clay.  

Table 1. Descriptive statistics of soil physical properties in Bardarash district. 

 
Soil properties Min Max Mean StD Skew Kurt CV (%) P-value 
Sand (%) 26.05 85.05 42.84 12.72 1.18 1.58 29.69 0.28 
Silt (%) 2.00 45 26.16 9.01 -0.51 0.51 34.45 0.41 
Clay (%) 12.95 51.45 31.00 8.59 0.17 -0.48 27.72 0.47 
Bulk Density (g cm-3) 1.22 1.72 1.43 0.11 0.29 -0.54 8.05 0.81 
SMC (%) 11.13 22.59 17.66 2.88 -0.16 -0.93 16.32 0.25 
Min= Minimum, Max= Maximum, StD= Standard Deviation, Skew= Skewness, Kurt= Kurtosis, CV= Coefficient of Variation 
Normality assessments (Kolmogorov–Smirnov) indicated no significant departures from normal distribution assumptions (minimum P 
= 0.25 for SMC). 
 

Spatial Distribution of Soil Physical Parameters: 

Figures 2 and 3 illustrated the spatial distribution of soil 
physical parameters, including bulk density, SMC, and 
soil texture (sand, silt, and clay). These variations were 
influenced by the prevailing topographical features. In the 
southern part of the study area, higher sand content 
signified soils that were well-drained but typically 
showed reduced productivity. Conversely, soils with 
higher silt content provided a better balance between 

water retention and drainage, which made them more 
suitable for agricultural cultivation. 
 Conversely, Figure 3 depicted higher levels of 
clay content in the eastern and northern regions. Clay-
rich soils had better CEC and water retention qualities, 
which could have enhanced soil fertility. 

Laboratory and Statistical Evaluation of Soil 

Chemical Parameters: Descriptive statistics and 
laboratory analyses of the soil chemical parameters 
included minimum, maximum, mean, standard deviation 
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(StD), skewness, kurtosis, coefficient of variation (CV%), 
and P-values (Table 2). These statistical measures 
indicated that the soils chemical properties varied 
substantially across several parameters. 
 OM content ranged from (0.20 to 2.79%), with a 
mean of (1.42%) and StD of (0.69%). The skewness 
(0.18) indicated an approximately symmetrical 
distribution, and the kurtosis value -1.008 suggested a 
platykurtic form. The CV was (48.84%). According to 
FAO (1980) classes, the soils were distributed as 23% 
medium, 35% very low, and 42% low. The P-value (0.38) 
indicated normal data distribution.  
 Soil pH ranged from (7.15 to 7.51), with a mean 
of (7.33 ± 0.01) and a StD of (0.076). Skewness (-0.17) 
and kurtosis (0.11) values indicated a near normal 
distribution. The CV was (1.04%), and normality was 
also supported by the P-value (0.92). Based on Jackson 

(1973), 23% of soils were neutral, and 73% mildly 
alkaline.  
 EC (1:1 soil–water suspension at 25°C) ranged 
between (0.12 and 0.59 dS m-1), with a mean of (0.32 ± 
0.012 dS m-1). Skewness (0.39) indicated slight right 
skewing, while kurtosis (0.71) reflected a slightly peaked 
distribution. The P-value (0.76) suggested normality, and 
the CV was (27.67%). According to Durand (1983), all 
soils were classified as non-saline.  
 CEC ranged from (12.22 to 31.70 cmol+ kg-1), 
with a mean of (24.50) and a StD of (4.88). Skewness (-
0.35) indicated slight left skewing, and kurtosis (-0.78) 
reflected a platykurtic distribution. The P-value (0.0005) 
showed deviation from normality. The CV was (19.91%). 
Based on Durand (1983), 52% of soils had high CEC, and 
48% had medium CEC. Spatial patterns of OM, pH, and 
EC across the study area are presented in Figure 4. 

 

 
Figure 1. Spatial distribution of Bulk density, and SMC in Bardarash district. 

 

 
Figure 2. Spatial distribution of soil particles (sand, silt, and clay) in Bardarash district. 
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Table 2. Dscriptive statistics of soil chemical properties in Bardarash district. 
 

Soil properties Min Max Mean StD Skewness Kurtosis CV (%) P-value 

OM (%) 0.2 2.79 1.42 0.69 0.18 -1.008 48.84 0.38 
Soil pH 7.15 7.51 7.33 0.076 -0.17 0.11 1.04 0.92 
EC (dS cm-1)  0.12 0.585 0.32 0.089 0.39 0.710 27.67 0.76 
CEC (Cmol+ kg-1) 12.22 31.7 24.50 4.88 -0.35 -0.78 19.91 0.0005 
CaCO3 (%) 9.00 45.00 28.14 9.23 -0.34 -0.64 32.82 0.81 
Avail. N (%) 0.0029 0.0078 0.0054 0.001 -0.15 -0.74 23.25 0.09 
Avail. P (ppm) 1.05 8.95 3.65 2.18 1.09 0.27 59.71 0.02 
Exch. K (ppm) 28 288 138.76 56.18 0.38 0.81 40.48 0.32 
Exch. Mg (ppm) 12.9 22.4 18.14 2.05 -0.24 0.69 11.32 0.78 
Exch. Fe (ppm) 2.72 97.5 36.05 30.80 0.79 -1.005 85.42 0.00 
Exch. B (ppm) 0.104 8.84 1.16 1.33 4.27 22.01 114.86 0.00 
Exch. Cu (ppm) 1.00 9.16 3.76 1.94 0.92 0.44 51.57 0.53 
Exch. Zn (ppm) 10.00 99.7 59.44 25.06 -0.28 -0.84 42.17 0.78 
Exch. Mn (ppm) 1.05 9.87 4.82 1.99 -0.0017 -0.46 41.27 0.47 
Min= Minimum, Max= Maximum, StD= Standard Deviation, Skew= Skewness, Kurt= Kurtosis, CV= Coefficient of Variation 
 

 
Figure 3. Spatial distribution of soil OM, pH, and EC in Bardarash district. 

 

 The CaCO3 content varied between 9% and 
45%, with an average of 28.14%. The distribution 
exhibited a minor left skew skewness (-0.34) and was 
platykurtic kurtosis (-0.64). The CV was (32.82%), 
signifying substantial variability. The P-value (0.81) 
suggested a normal distribution. According to Belay et al. 
(2025), 94% of the soils were categorized as high to very 
high in CaCO3, while 6% were classified as medium. 
Figure 5 illustrates the spatial distributions of CaCO3 and 
CEC. 
 Available N ranged from (0.0029% to 
0.0078%), with a mean of (0.0054%). The distribution 
was marginally negatively skewed skewness (-0.15) and 
exhibited platykurtic characteristics kurtosis (-0.74). The 
CV was (23.25%), and the P-value (0.088) indicated 
approximate normality. According to Counties (2010), 
94% of the soils were categorized as having very high 
levels of available nitrogen, whereas 6% were classified 
as high. Available P ranged from (1.05 to 8.95 ppm), with 
a mean of (3.65 ppm) and a StD of (2.18 ppm). The 

distribution exhibited positive skewness (1.09) and mild 
leptokurtosis (0.27). The P-value (0.021) suggested a 
statistically significant departure from normality. The CV 
was (59.71%), reflecting considerable variability. 
According to Matar (1992), 48% of soils exhibited very 
low levels of phosphorus, 46% were low, and 6% were 
medium. 
 Available K levels ranged from (28 to 288 ppm), 
with a mean of (138.76 ppm) and a StD of (56.18 ppm). 
The data demonstrated a minor right skewness of (0.38) 
and a moderate kurtosis of (0.81). The P-value (0.32) 
suggested a normal distribution. The CV was (40.48%), 
indicating moderate variability. Available Mg levels 
ranged from (12.9 to 22.4 ppm), with a mean of (18.14 
ppm) and a StD of (2.05 ppm). The distribution exhibited 
a modest left skewness (skewness -0.24) and a kurtosis of 
0.69. The P-value (0.78) suggested normality. The CV 
was 11.32%, indicating limited variability. Spatial 
distribution maps of soil macronutrients (N, P, K, Mg) 
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were generated employing ordinary kriging, as illustrated in Figure 6. 
  

 
Figure 4. Spatial distribution of CEC and CaCO3 in Bardarash district. 

 

 
Figure 5. Spatial distribution of soil macronutrients (N, P, K and Mg) in Bardarash district. 
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Micronutrients: Iron levels ranged from (2.7 to 97.5 
ppm), with a mean of (36.05 ppm) and a StD of (30.80 
ppm). The distribution exhibited right skewness (0.79) 
and platykurtic kurtosis (-1.01). The CV was (85.42%), 
and the P-value (0.00027) indicated a significant 
departure from normality. B ranged from (0.10 to 8.84 
ppm), with an average of (1.18 ppm). The data exhibited 
significant right skewness (4.27) and pronounced 
leptokurtosis kurtosis (22.01). The CV was (114.86%), 
and the P-value (0.0015) suggested a non-normal 
distribution. Cu levels ranged from (1.0 to 9.16 ppm), 
with a mean of (3.76 ppm) and a StD of (1.94 ppm). A 
slight right skewness (0.92) and modest kurtosis (0.44) 
were observed. The P-value (0.53) suggested normality. 
The CV amounted to 51.57%. Zn concentrations ranged 

from (10.0 to 99.7 ppm), with a mean of (59.44 ppm) and 
a StD of (25.06 ppm). The distribution exhibited 
moderate variability CV (42.17%), was mildly left-
skewed (-0.28), and demonstrated a platykurtic shape (-
0.84). The P-value (0.78) suggested a normal distribution. 
Mn levels ranged from (1.05 to 9.87 ppm), with a mean 
of (4.82 ppm) and a StD of (1.99 ppm). The distribution 
was approximately symmetrical skewness (-0.0017) and 
mildly platykurtic (-0.46). The P-value (0.47) suggests 
that the data conforms to a normal distribution. The CV 
was calculated at 41.27%. Micronutrient spatial 
distribution maps (Fe, Zn, Cu, Mn, B) were produced 
using the same ordinary kriging employed for 
macronutrients and were presented in Figure 7. 

 

 
Figure 6. Spatial distribution of soil micronutrients (Fe, Cu, Zn, Mg and B) in Bardarash district. 
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Semivariogram of Soil Properties: Before the models 
were selected, the semivariograms were fitted to 
spherical, exponential, Gaussian, or linear models, and 
the best fit with matching coefficients of determination 
(R2) was visually assessed. Nugget semivariance, range, 
and sill (total semivariance) were among the model 
parameters. The sill shows the lag distance beyond which 
values are no longer spatially connected, whereas nugget 
semivariance represents both field and experimental 
variability, displaying variance at zero distance. The 

range is the distance at which there is no longer any 
spatial association between variables. Table 3 
summarizes the model performance and spatial variability 
and presents the semivariogram parameters needed to 
produce OK interpolation for various soil attributes. 
Significant variance in geographical interdependence 
among soil properties was revealed by statistical markers 
as Spatial Dependence (SD %), MAE, RMSE, and R2. 
For instance, there was a notable regional dependence in 
the low nugget-to-sill ratios of OM and accessible Fe.  

Table 3. Semivariogram parameters and model error metrics for soil properties in Bardarash district. 

 

Soil Properties Model Sill Nugget Range SD (%) MAE RMSE R2 
OM (%) Spherical 0.518 0.183 8520 35.32 -0.00022 0.499 0.620 
Soil pH Exponential 0.00864 0.00419 40542 48.49 -0.00054 0.508 0.193 
EC (dS m-1

) Gaussian 0.00822 0.00034 2010 4.13 0.001909 0.087 0.684 
CEC (cmol (+) kg

-1
) Linear 27.42 19.45 25304 70.93 0.115 4.791 0.139 

CaCO3 (%) Spherical 83.08 20.06 1537 24.14 0.182 8.798 0.168 
Avail. N (%) Spherical 0.00003 0.00001 7720 33.33 1.13e- 0.001 0.686 
Avail. P (ppm) Gaussian 4.38 0.16 2226 3.65 -0.0083 2.193 0.683 
Exch. K (ppm) Spherical 2925 1053 4540 36 -0.016 55.74 0.511 
Exch. Mg (ppm) Gaussian 3.76 0.7 1197 18.61 -0.020 2.124 0.509 
Exch. Fe (ppm) Gaussian 951 1.01 2100 0.106 0.688 30.66 0.805 
Exch. B (ppm) Gaussian 2.16 0.001 1391 0.046 0.0305 1.343 0.413 
Exch. Cu (ppm) Gaussian 3.86 0.01 2230 0.25 0.0082 1.980 0.659 
Exch. Zn (ppm) Gaussian 629.5 1.02 2300 0.16 0.615 25.42 0.676 
Exch. Mn (ppm) Linear 6.56 2.79 32551 42.53 0.0066 2.097 0.252 
Bulk Density 
(Mg m-3) 

Gaussian 0.012 0.00001 1920 0.083 0.0004 0.116 0.645 

SMC (%) Gaussian 8.91 0.01 2900 0.11 -0.011 2.747 0.774 
Sand % Exponential 174.36 65.9 6637 37.79 0.0065 12.20 0.328 
Silt % Linear 98.83 83.98 14603 84.97 0.099 9.084 0.186 
Clay % Exponential 68.38 15.8 4530 23.10 -0.077 6.681 0.606 
SD%= Spatial dependence, MAE= mean absolute error, RMSE= root mean square error, and R2= coefficient of determination. 
On the other hand, comparatively higher nugget values for soil pH and silt concentration indicated poorer spatial organization. 
Additionally, the ranges were quite large, ranging from localized values for accessible Mg (1,197 m) and CaCO3 (1,537 m) to 
widespread values for soil pH (40,542 m) and CEC (25,304 m). The model's performance also varied, with lower R2 values for soil pH 
(0.189) and silt content (0.186) reflecting weaker predictions and higher R2 values for available Fe (0.805) and SMC (0.774) 
suggesting great predictive accuracy. 
 
Correlation Matrix Between Soil Properties: A 
dendrogram is presented in Figure 8, which also includes 
the clustered correlation matrix heatmap, to illustrate the 
relationships between soil and environmental properties. 
The dendrogram hierarchically groups variables based on 
their similarity, while the heatmap displays correlation 
coefficients that range from (-1 to 1), indicating the 
strength and direction of associations. The findings 
indicate that there are distinct clusters of variables that 
are significantly correlated. For example, the presence of 
a single cluster containing clay content, CEC, and OM 
suggests that a higher clay content is typically correlated 
with higher levels of CEC and OM. Another cluster was 
composed of nutrient-related variables, including 

available Mg, Ca, and K, which underscored their 
interconnection in nutrient availability. 
 The inverse association between soil fertility 
indices and factors such as sand content and bulk density 
was confirmed by the negative correlations observed. The 
most robust positive correlations were observed between 
clay content and CEC, as well as between OM and CEC. 

Spatial Distribution of Soil Fertility: To evaluate the 
performance of the applied models, Figure 9 illustrates 
the cumulative variance and scatter plots that were used 
to assess the dimensionality reduction and variable 
contributions. Building on this evaluation, three 
approaches OK, RF, and GBR were employed to generate 
soil fertility maps. 
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 The spatial distribution patterns derived from 
these models are presented in Figure 10, which provides a 
comparative visualization of fertility status across the 
study area. Understanding such regional variation is 
essential for effective land management and sustainable 

agricultural practices. Based on semivariogram modeling 
and geographic autocorrelation, OK generated fertility 
estimates using sill, nugget, and range parameters, as 
shown in Table 4.  

 

 
Figure 8. Correlation metric with dendrograms of soil properties. 

 
Figure 9. Assigning weight of soil properties by using PCA approach 
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Figure 10. Feature importance of soil properties in predicting SFI using ML models (RF and GBR). 

 
 The range (14,603 m) shows the distance of 
spatial correlation, the sill (0.0072) depicts total variance, 
and the nugget value (0.0043) indicates unexplained 

variation that is most likely caused by measurement error 
or microscale variability (Webster and Oliver, 2007; 
Cressie, 2015). 

Table 3: Semivariogram parameters of Soil fertility index (SFI) 

 

Soil properties  Nugget Sill Range SD % 
SFI 0.0043 0.0072 14603 59.72 
 
 There are noticeable variations between models 
in the fertility categorization results (Table 5). OK 
classified fertility as very low at 520 km2 (45.5%), low at 
497 km2 (43.5%), and moderate at 125 km2 (10.09%). 
316 km2 (27.68%), 738 km2 (64.69%), and 87 km2 
(7.36%) were classified as moderate, low, and extremely 

low by RF. The GBR forecasted 285 km² (25.11%) as 
moderate, 781 km2 (68.84%) as low, and 69 km2 (6.08%) 
as very low. The region is dominated by low fertility (68–
70%) across all models, however GBR and RF showed 
more pockets of intermediate fertility than OK. 

Table 4: Fertility classes resulted from geostatistical models used 

 

Model Very low fertility Low fertility Moderate fertility 
Area (km

2
) % Area (km

2
) % Area (km

2
) % 

Ordinary kriging (OK) 520 45.5 497 43.5 125 10.09 
Random forest (RF) 87 7.36 738 64.69 316 27.68 
Gradient boosting regression (GBR) 69 6.08 7 781 285 25.11 
 
 Additionally, there were differences in the 
spatial patterns: OK created smoother transitions between 
fertility zones, with low fertility in the southwest and 
moderate fertility in the north. GBR produced balanced 

maps that caught both subtle heterogeneity and seamless 
transitions, whereas RF produced more fragmented zones 
with clear borders and fine-scale detail as showed in 
Figure 11. 
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Figure 11. Spatial distribution of soil fertility in Bardarash region, predicted by GBR, RF, and OK. 

 

Accuracy Assessment of Spatial Distribution Models 

of Soil Fertility: Soil fertility was predicted using three 
models: OK, RF, and GBR. MAE, MSE, RMSE, and R2 

values were used to assess each model's accuracy (Table 
6). 

Table 5: Error metrics of ordinary kriging, random forest, and gradient bossing regression 

 

Model MAE MSE RMSE R² 
Ordinary kriging 0.0428 0.0025 0.0505 0.22 
Random forest 0.0184 0.0005 0.0228 0.83 
Gradient boosting regression 0.0075 0.0001 0.0087 0.97 
 
 With an R2 value of 0.22, the OK model 
performed the worst, explaining only 22% of the 
variation in soil fertility (Isaaks and Srivastava, 1989). 
Greater differences between actual and anticipated values 
were corroborated by its higher RMSE (0.0505) and 
MAE (0.0428). In comparison, the RF model performed 
noticeably better. It explained 83% of the variation with 
an R2 value of 0.83, although reduced prediction errors 
were suggested by MAE (0.0184) and RMSE (0.0228) 
values (Breiman, 2001). Both OK and RF performed 
worse than the GBR model. Its MAE (0.0075) and RMSE 
(0.0087) values showed exceptionally low prediction 
errors, and its R2 value of 0.97 explained 97% of the 
dataset variation (Friedman, 2001). According to these 
findings, GBR predicts soil fertility in the study area with 
the highest accuracy (Figure 12). 

Spatial Distribution of Environmental Characteristics 

and their effects on Soil fertility: Elevation, slope, and 
aspect are important environmental elements that have a 

significant impact on soil formation, hydrological 
processes, and land-use suitability. Figure 13 shows how 
these characteristics are distributed spatially. 
 The research area's elevation varied from 193 to 
840 meters, with the northern and central zones having 
the highest values. The local climate, drainage, and 
vegetation growth were all significantly impacted by 
these differences. Because of increased runoff and 
decreased soil stability, steep slopes (23.27° to 70.66°), 
which are concentrated in higher elevation areas, were 
shown to be more vulnerable to rapid erosion. Slope 
values also varied significantly. The gentler slopes (0°-
15°) that predominate in the southern zones, on the other 
hand, are less likely to experience erosion and are better 
suited for farming because of their easier access and 
stable soil. Variability in the microclimate was also 
influenced by aspect. In contrast to south-facing slopes, 
which had drier soil conditions, faster evaporation, and 
more solar radiation, north-facing slopes held onto more 
soil moisture and supported unique vegetation patterns. 
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Figure 12. Error metrics (MAE, MSE, RMSE, and R2) for OK, RF, and GBR. 

 

 
Figure 13. Environmental variable (Elevation, Slope, and aspect) of study region 
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DISCUSSION 

 The spatial and statistical distributions of soil 
properties in the Bardarash district demonstrate a highly 
heterogeneous environment influenced by parent 
material, topography, land use, and climatic factors. Soil 
texture demonstrated significant variability, with silt 
exhibiting a relatively uniform distribution, while clay 
and sand exhibited light-tailed and leptokurtic 
distributions, respectively, indicative of diverse 
depositional processes and land-use influences (Diaz-
Zorita et al., 2004). Because soil composition influences 
water and nutrient retention (Hillel, 1998), clay-rich 
regions are likely to retain greater amounts of moisture 
and nutrients, whereas sandy areas tend to exhibit rapid 
drainage and leaching characteristic of semi-arid 
environments (Cui et al., 2023). SMC enhances these 
textural effects by facilitating nutrient absorption and 
promoting biomass growth (Hudson, 1994). Nutrient 
partitioning among particle-size fractions specifically, K 
and Ca in medium-sized aggregates and P, Mg, and 
micronutrients in particles smaller than 10 μm (Isaboke et 

al., 2025) coupled with the increased erodibility of fine 
particles (Hao et al., 2016), accounts for the observed 
redistribution across the landscape. Topography exerts a 
significant influence on soil distribution patterns. Steeper 
slopes experienced the removal of fine sediments via 
erosion, resulting in coarser textures and diminished 
fertility, while lower areas accumulated finer materials 
and retained moisture, thereby improving nutrient 
availability (Amare et al., 2024; Zhou et al., 2024). 
Aspect effects were also observed: north-facing slopes 
maintained higher levels of moisture and organic matter 
compared to south-facing slopes, thereby enhancing 
fertility, in accordance with the findings of (Magdic et 

al., 2022; Bao et al., 2024). These findings highlight the 
importance of incorporating terrain characteristics into 
land-use planning. 
  Chemical properties exhibited comparable 
complexity. OM levels were diminished due to elevated 
temperatures, decreased rainfall, and limited organic 
inputs, as reported by Fayyadh and Ismail (2021), thereby 
impairing structural stability and nutrient cycling. Soil pH 
primarily remained within the optimal range (5.5-7.5), 
suggesting minimal limitations due to acidity or alkalinity 
(Landon, 1991; Nigussie et al., 2013). EC values 
persisted at low levels, indicating a minimal salinity risk 
(Fattah and Fayyadh, 2019), although ongoing 
monitoring is advised (Durand, 1983). CEC levels varied 
from moderate to high, indicating effective nutrient 
retention (Razvanchy and Fayyadh, 2022). High CaCO3 
levels associated with carbonate-rich parent material and 
arid conditions (Fayyadh and Rekani, 2022) contributed 
to phosphorus fixation, further exacerbated by low OM, 
elevated temperatures, and limited precipitation (Singh et 

al., 2010), rendering phosphorus the most limiting 
nutrient in Bardarash. 
 N availability varied geographically as a result 
of management practices and historical cultivation 
patterns, with increased nitrogen levels promoting soil 
structure improvement through enhanced organic matter 
decomposition and nitrification (Khudher and Alkhaled, 
2024). K was predominantly deficient due to root 
depletion and soil mineral composition, whereas Mg 
levels remained consistently elevated, negating the 
necessity for Mg fertilization. Micronutrients (Fe, Zn, Cu, 
Mn) were adequate, whereas B exhibited localized 
variability; these findings are consistent with (FAO, 
1980; Soltanpour, 1985; Johnson and Fixen, 1990). 
Correlation patterns emphasize the fundamental 
importance of OM: its robust relationships with clay and 
sediment underscore its impact on nutrient retention, 
aggregation, and cation exchange capacity (Brady and 
Weil, 2017; Lal, 2021). The inverse correlation between 
bulk density and OM corroborates enhanced soil structure 
resulting from OM enrichment (Six et al., 2000). These 
relationships highlight the significance of organic matter 
management, especially the application of organic 
amendments and cover crops (Jones and Jacobsen, 2005).  
 ML models (RF and GBR) surpassed OK in 
forecasting soil fertility owing to their capacity to capture 
nonlinear and spatially intricate interactions. Although 
OK demonstrates strong performance in datasets with 
significant spatial dependence (Webster and Oliver, 
2007), RF and particularly GBR exhibited superior 
predictive accuracy, corroborating findings by 
(Rodriguez-Galiano, 2012; Vaysse et al., 2017). The 
robust performance of GBR highlights its appropriateness 
for precision agriculture that necessitates detailed fertility 
mapping. Overall, the integration of laboratory data, 
geostatistics, and machine learning offers a 
comprehensive understanding of fertility limitations in 
Bardarash. The significant variability in OM, P, Ca CO3, 
and CEC underscores the importance of implementing 
site-specific nutrient management, precision fertilization, 
and organic matter improvement to promote sustainable 
agriculture within the semi-arid regions of northern Iraq. 

Conclusions: The results of this study indicate that soil 
fertility in the Bardarash district is primarily constrained 
by low organic matter (OM) content significant 
phosphorus (P) deficiency, and elevated calcium 
carbonate (CaCO3) levels, all of which impede nutrient 
availability and overall soil productivity. The evident 
spatial heterogeneity of these properties underscores the 
intricate interactions among parent material, topography, 
climate, and land-use practices. Machine learning (ML) 
models, especially Gradient Boosting Regression (GBR), 
demonstrated higher predictive accuracy in modeling the 
nonlinear and spatial heterogeneity of soil fertility 
relative to conventional geostatistical methods. These 
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findings highlight the significance of integrating 
laboratory analyses with sophisticated data-driven 
methods to enhance the precision of fertility evaluations. 
Overall, the study offers a robust scientific basis for 
instituting site-specific nutrient management, increasing 
organic matter inputs, and applying phosphorus-centered 
fertilization to promote sustainable agricultural practices 
in the semi-arid regions of Bardarash. 
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