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INTRODUCTION

Maize (Zea mays L.) is one of the most im-
portant crops worldwide due to its high yield 
potential, diverse uses, and broad distribution. It 
plays a key role in human nutrition, livestock feed 
production, and serves as a raw material for vari-
ous industries (FAO., 2003; Wang et al., 2024). 
Currently, it is cereal with the highest production 
volume globally and is projected to become the 
most widely planted and traded crop in the com-
ing decade (Tikuye and Ray, 2025). In developing 
countries, the significance of maize is particularly 

evident, accounting for more than 20% of the 
population’s caloric intake (Wang et al., 2024).

 Maize has high soil requirements and shows 
notable sensitivity to low fertility conditions 
(Dawar et al., 2022). In Peruvian highland agro-
ecosystems, where floury maize yields average 
only around 2.5 t/ha approximately three times 
lower than dent or semident varieties under more 
favorable conditions (Zambrano et al., 2021), 
this sensitivity to soil constraints is particularly 
evident. Several studies have demonstrated that 
growth and yield are significantly affected when 
the crop is grown in the soils with low organic 
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matter content and limited availability of essential 
nutrients (Abrol et al., 2024; Dawar et al., 2022). 
To reach its maximum productive potential, 
maize requires the soils with adequate physical, 
chemical, and biological characteristics, includ-
ing appropriate texture and structure, pH, macro 
and micronutrients, available moisture, and or-
ganic matter (Kuunya et al., 2025). The crop per-
forms best in loam-textured soils that are well-
drained with good water retention capacity, and a 
slightly acidic to neutral pH between 6.0 and 7.5, 
which optimizes phosphorus availability – one of 
the key nutrients for its development (MacCarthy 
et al., 2023). In highland agroecosystems, these 
ideal conditions are often compromised by shal-
low soils, natural acidity, low organic matter ac-
cumulation due to cooler temperatures, as well 
as nutrient depletion from continuous cultivation 
and erosion processes (Zambrano et al., 2021).

Soil chemical properties are fundamental 
determinants of nutrient availability and crop 
performance. Soil pH regulates nutrient acces-
sibility; when it drops below 5.5, aluminum and 
manganese toxicity can increase, damaging roots 
and hindering the uptake of nitrogen, phospho-
rus, calcium, and magnesium (Nwite et al., 2022; 
Rao et al., 2019). Cation exchange capacity 
(CEC) enables soil to retain essential nutrients 
such as Ca²⁺, Mg²⁺, and K⁺, which are crucial for 
plant nutrition (Al-Shammary et al., 2024; Zhou 
et al., 2024). Electrical conductivity (EC) reflects 
dissolved salt levels; elevated EC causes root 
stress that limits water uptake and stunts growth 
(Al-Shammary et al., 2024). Furthermore, nitro-
gen supports vegetative growth, phosphorus pro-
motes root and reproductive development, and 
potassium enhances grain quality and resistance 
to pests, drought, and diseases (Shahid et al., 
2023). In calcareous soils with high calcium car-
bonate (CaCO₃) content, phosphorus can become 
fixed, reducing its availability to plants (Igwe 
and Nkemakosi, 2007).

Physical soil properties are equally critical 
for maize cultivation. Soil texture the proportion 
of sand, silt, and clay directly affects water and 
nutrient retention, with loamy soils providing the 
ideal balance for crops like maize (Li et al., 2022). 
Organic matter improves soil structure, enhances 
water retention, and stimulates microbial activ-
ity, which helps release nutrients, such as nitro-
gen, phosphorus, and potassium (Julca-Otiniano 
et al., 2006). However, these properties are not 
static; they change over time due to agricultural 

practices, erosion, irrigation, and fertilization, 
leading to considerable spatial variability within 
the same field. This variability directly impacts 
soil fertility patterns and crop yield potential, 
particularly in topographically complex highland 
environments where erosion and deposition pro-
cesses create pronounced fertility gradients.

Understanding and managing spatial variabil-
ity in soil fertility is essential for optimizing agri-
cultural productivity and resource use efficiency. 
This variability refers to differences in soil prop-
erties within the same field that affect crop growth 
and fertilizer effectiveness (Ingle et al., 2018). In 
highland agroecosystems, factors such as slope 
position, water flow patterns, historical land use, 
and erosion intensity contribute to highly hetero-
geneous soil conditions. Consequently, uniform 
management practices applying the same fertil-
izer rates across entire fields often lead to nutrient 
imbalances, with some areas receiving insuffi-
cient nutrients while others experience excess ap-
plications that increase production costs and en-
vironmental risks. Adapting agricultural practices 
based on site-specific soil information is therefore 
essential for improving crop performance and 
sustainability (Tamburi et al., 2021).

Site-specific fertilization recommendations 
based on soil fertility mapping have demonstrat-
ed significant benefits across diverse agricultural 
systems worldwide. In Europe, adjusting phos-
phorus doses to target fertility classes has pre-
vented excessive accumulation and reduced run-
off losses (Steinfurth et al., 2022). In Asia, estab-
lishing critical soil values for nitrogen, phospho-
rus, and potassium enabled fertilizer reductions 
of 17–43% without compromising productivity 
(Yang et al., 2024), In turn, nitrogen fertilization 
in spring maize achieved optimal yields with split 
applications of approximately 180 kg/ha (Jia et 
al., 2023). In Africa, site-specific nitrogen rec-
ommendations increased nitrogen use efficiency 
by 30% and significantly improved wheat yields 
compared to blanket fertilizer applications (Liben 
et al., 2024). Similarly, nutrient offtake models in 
perennial crops, such as cocoa, have shown great-
er profitability compared with uniform applica-
tion schemes (Vasquez-Zambrano et al., 2025). 
This evidence demonstrates that well-founded 
fertilization recommendations not only enhance 
agricultural productivity, but also promote more 
sustainable soil resource management. However, 
such approaches remain underutilized in Peruvian 
highland agriculture, where smallholder farmers 
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typically rely on generalized recommendations 
that do not account for local soil variability.

Effective implementation of site-specific 
nutrient management requires accurate charac-
terization and mapping of soil fertility patterns. 
Traditionally, geostatistical techniques such as 
ordinary kriging (OK) have been used to predict 
spatial distribution of soil variables including pH, 
organic matter, phosphorus, and potassium (Is-
maili and Moughli, 2014; Valera and Rodríguez, 
2023). OK relies on spatial autocorrelation to in-
terpolate values based on neighboring observa-
tions, effectively capturing regional trends, but 
often failing to resolve fine-scale variability criti-
cal for micro-parcel management. This limitation 
is particularly problematic in smallholder systems 
where plot sizes are small and management histo-
ries are highly variable, resulting in abrupt spatial 
transitions that autocorrelation-based methods 
cannot adequately represent. In contrast, machine 
learning algorithms, such as random forest (RF), 
have gained prominence due to their capacity to 
model non-linear relationships, integrate multiple 
environmental covariates, and capture complex 
spatial patterns at fine resolution. Recent studies 
demonstrate that RF outperforms conventional 
geostatistical methods in spatial prediction of soil 
properties and fertility mapping, particularly for 
micro-scale assessments (Dharumarajan et al., 
2017; Shahare et al., 2024). The integration of 
RF with geographic information systems (GIS) 
represents a promising approach for delineating 
site-specific management zones in fragmented 
agricultural landscapes, improving fertilizer use 
efficiency, and promoting more sustainable agri-
cultural practices (Urso et al., 2023).

Despite the recognized importance of spatial 
soil fertility assessment, comprehensive studies 
characterizing the soil variability in Peruvian 
highland maize production systems remain limit-
ed. Most existing fertilization recommendations 
for the region are based on generalized guide-
lines that do not reflect local soil conditions or 
account for within-field variability, potentially 
limiting both productivity and resource use effi-
ciency. This knowledge gap is particularly criti-
cal given the economic importance of maize for 
highland farmers and the environmental sensitiv-
ity of these agroecosystems to inappropriate nu-
trient management.

The main objective of this study was to char-
acterize the spatial variability of soil fertility 
properties in a highland maize production area 

of Peru. Specifically, key properties of the ar-
able layer were evaluated, including pH, electri-
cal conductivity, exchangeable acidity, texture, 
organic matter, total nitrogen, available phos-
phorus, available potassium, exchangeable cat-
ions, and calcium carbonate. Using geostatistical 
techniques, machine learning algorithms (random 
forest), and GIS tools, the spatial distribution of 
these properties were mapped to identify fertility 
patterns and develop site-specific management 
zones. The findings will provide a foundation 
for tailored fertilization recommendations that 
can enhance maize productivity while promoting 
more efficient and sustainable use of soil resourc-
es in highland agroecosystems.

MATERIALS AND METHODS

Study area

The study was conducted in Huayucachi 
district, Huancayo province, Junín region, Peru 
(12°08′ S, 75°13′ W, 3.300 masl), located in the 
Mantaro River Valley, a major agricultural area 
in the central Peruvian highlands (MIDAGRI, 
2009) (Figure 1). The climate is temperate sub-
humid with mean annual temperatures of 12–15 
°C and precipitation concentrated between No-
vember and April, necessitating supplementary 
irrigation during the dry season (May–October) 
(Senamhi, 2020).

Agriculture is the predominant economic 
activity, characterized by smallholder farm-
ing systems with fragmented landholdings. The 
main crops include maize (Zea mays L.), potato 
(Solanum tuberosum L.), faba bean (Vicia faba 
L.), pea (Pisum sativum L.) and barley (Hor-
deum vulgare L.). Soils exhibit considerable 
spatial variability resulting from continuous cul-
tivation, differential fertilizer application, ero-
sion on sloped terrain, and inadequate nutrient 
replenishment, creating a highly heterogeneous 
fertility landscape that impacts crop productivity 
(Garay and Ochoa, 2010).

Soil sample collection

A total of 100 composite soil samples were 
collected in July 2024 from the topsoil layer 
(0–30 cm depth), following the standard proto-
col recommended by FAO for soil fertility as-
sessment and nutrient monitoring (FAO., 2006, 
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2017). Sampling locations were determined using 
a regular hexagonal grid designed in QGIS and 
loaded into the QField mobile application for field 
navigation. The grid was slightly modified in the 
field when sampling points fell on rural buildings 
or non-agricultural areas, with these points relo-
cated to the nearest agricultural parcel to maintain 
representative spatial coverage.

One composite sample was collected per 
agricultural plot, with each composite consist-
ing of nine subsamples arranged in a systematic 
grid pattern within the plot. Each sampling loca-
tion was georeferenced using QField on a mobile 
device with integrated GPS, and the subsamples 
were thoroughly homogenized in the field to ob-
tain approximately 1 kg of representative soil per 
composite sample. This composite sampling ap-
proach minimizes within-plot spatial variability 
and provides an adequate representation of soil 
properties in relatively homogeneous sampling 
units (FAO., 2006, 2017).

Laboratory analysis methods

The soil samples were air-dried at room tem-
perature, disaggregated, and sieved (2 mm) prior 
to analysis at the soil, water, and foliar laboratory 
of INIA Santa Ana Experimental Station, Huan-
cayo, Peru. Soil pH and electrical conductivity 

(EC) were measured in 1:1 soil-water suspension 
and saturation extract, respectively, following US 
EPA Method 9045D (US EPA, 2004) and ISO 
11265:1994 (ISO, 1996). Texture was determined 
by the Bouyoucos hydrometer method. Organic 
matter (OM) was analyzed by Walkley-Black di-
gestion, with total nitrogen (N) estimated as 5% 
of OM. Available phosphorus (P) was extracted 
using the Olsen method (0.5 M NaHCO₃) and 
quantified colorimetrically. Available potassium 
(K) and exchangeable cations (Ca²⁺, Mg²⁺, Na⁺, 
Al³⁺) were determined by optical emission spec-
trometry after ammonium acetate extraction; the 
sum of basic cations represents effective cation 
exchange capacity (CEC). Calcium carbonate 
equivalent (CaCO₃) was determined by acid neu-
tralization. All methods followed SEMARNAT 
(2002) unless otherwise specified (ISO, 1994; 
NOM-021-RECNAT-2000, 2002; UEPA, 2004).

Covariate analysis

To model the spatial variability of soil prop-
erties, environmental covariates derived from re-
mote sensing, topographic factors, and distance 
variables were integrated. Multispectral reflec-
tance from Sentinel-2 and derived spectral indi-
ces (NDVI, EVI, MSAVI, GCVI, NDWI, among 
others) have proven to be relevant predictors of 

Figure 1. Location map of the study area
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soil properties, such as pH, organic matter, and 
salinity (Abdullah et al., 2025; Dharumarajan et 
al., 2017; Urbina-Salazar et al., 2023). Spectral 
transformations, such as Tasseled Cap compo-
nents and topographic attributes (elevation, slope, 
aspect) also contribute significantly to explaining 
soil variability (Mirzaeitalarposhti et al., 2022a; 
Phinzi et al., 2025). Likewise, Sentinel-1 radar 
information (VV/VH backscatter and GLCM tex-
ture metrics) has been successfully used in the 
mapping of salinity and other soil properties (Ma 
et al., 2021; Tola et al., 2024). Finally, distance 
variables to rivers and roads have been employed 
as proxies of hydro-geomorphic controls and an-
thropogenic pressure in different agricultural con-
texts (Phinzi et al., 2025; Urbina-Salazar et al., 
2023) (Table 1).

Machine learning model

The RF algorithm was used to predict the 
soil properties related to fertility and texture. 
This approach combines multiple decision trees 
trained on bootstrap samples and randomly se-
lects predictors at each split, integrating the re-
sults through averaging (Bhanukiran Reddy et 

al., 2024; Bravo-García et al., 2025). The model 
was trained with an 80/20 train–test split, strati-
fied on the response variable, and evaluated us-
ing 5-fold cross-validation. For hyperparameter 
tuning, different configurations were explored 
for the number of predictors sampled at each 
split (mtry = 5–27), the minimum node size (min.
node.size = 5), the sample fraction (sample.frac-
tion = 0.1–1.0, step 0.1), and the number of trees 
(num.trees = 50–1000, step 50) (Pizarro et al., 
2025). The optimal model was selected based 
on the lowest root mean square error (RMSE) 
in cross-validation. The final performance on 
the test set was evaluated using the coefficient 
of determination (R²), RMSE, mean absolute 
error (MAE), and the ratio of performance to 
deviation (RPD = σy / RMSE). Predictor vari-
ables consisted of the previously described en-
vironmental and remote sensing covariates, after 
correlation filtering to reduce multicollinearity 
(Chai and Draxler, 2014). In addition, variable 
importance profiles facilitated the identification 
of dominant drivers and provided insights useful 
for guiding site-specific soil management deci-
sions (Mouazen and Shi, 2021).

Table 1. Environmental covariates used in modeling

Group Covariates (variable names) Description and function Key references

Multispectral 
reflectance

blue, green, red, re1, re2, re3, nir, 
nir2, waterVapor, swir1, swir2

Sentinel-2 spectral bands in the visible, red-
edge, near-infrared (NIR B8 & narrow NIR 
B8A), water vapor, and shortwave infrared 

(SWIR). These bands capture soil color, mineral 
composition, vegetation cover, and surface 

moisture conditions.

(Abdullah et al., 2025; 
Dharumarajan et al., 

2017)

Spectral 
indices

NDVI, MSAVI, EVI, GCVI, NDWI, 
NDWI2, MODCRC, NDTI, NBRI, 

TVI, MTCI, STI, ARVI

Vegetation, chlorophyll, water, soil, and 
disturbance indicators derived from spectral 
data, summarizing canopy vigor, greenness, 

water status, and surface stress.

(Phinzi et al., 2025; 
Urbina-Salazar et al., 

2023)

Spectral 
transforms brightness, greenness, wetness

Tasseled Cap components representing 
gradients of soil brightness, canopy greenness, 

and surface or soil wetness.

(Crist and 
Cicone, 1984; 

Mirzaeitalarposhti et 
al., 2022a)

Topography elevation, slope, aspect
Terrain attributes derived from DEMs that 

regulate energy balance, water redistribution, 
erosion, deposition, and local microclimate.

(Phinzi et al., 2025)

SAR 
backscatter & 
ratios

VV_a, VH_a, VV_d, VH_d, ratio_
VH_VV_a, ratio_VH_VV_d

Sentinel-1 C-band backscatter in ascending/
descending passes and VH/VV ratios, sensitive 
to surface roughness, structural properties, and 

soil moisture, independent of cloud cover.

(Ma et al., 2021; Tola 
et al., 2024)

SAR texture & 
statistics

VH_d_sd, VV_d_sd, VH_d_25, 
VH_d_75, VV_d_25, VV_d_75, 

VH_d_idm, VH_d_contrast, 
VH_d_corr, VH_d_var, VH_d_ent, 
VH_d_svar, VH_d_sent, VH_d_

asm

Statistical descriptors (standard deviation, 
quantiles) and GLCM texture metrics (inverse 

difference moment, contrast, correlation, 
variance, entropy, angular second moment, 

etc.) used to characterize spatial structure and 
heterogeneity.

(Haralick et al., 1973; 
Tola et al., 2024)

Distance 
factors D_rivers, D_Mroads, D_mroads

Euclidean distance to rivers, major and minor 
roads, serving as proxies for hydro-geomorphic 

processes and human disturbance.

(McBratney et al., 
2003; Urbina-Salazar 

et al., 2023)
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Soil suitability classification criteria		   
for maize production 

Table 2 shows the soil fertility thresholds for 
maize cultivation, established from INIA techni-
cal manuals (2014; 2017) and specialized litera-
ture (Havlin et al., 2014). Key parameters include 
pH, organic matter, nitrogen, phosphorus, potas-
sium, CEC, calcium carbonate, electrical conduc-
tivity, and texture. Optimal ranges, such as pH 
5.5–7.5, organic matter >2%, and phosphorus >11 
ppm, promote nutrient availability and crop yield, 
while loam textures and electrical conductivity 
<200 mS/m optimize water balance and reduce 
salinity risks. These values classify soil fertility 
as low, medium, or high, serving as a guide for 
soil diagnosis and maize management. 

Fertilizer demand

The fertilization demand of maize (Zea mays 
L.) was estimated based on the nutrient require-
ments per ton of grain yield reported in the litera-
ture (FAO, 2006b), corresponding to nitrogen (N 
= 22 kg t⁻¹), phosphorus (P = 4 kg t⁻¹), potassium 
(K = 19 kg t⁻¹), calcium (Ca = 3 kg t⁻¹), and mag-
nesium (Mg = 3 kg t⁻¹). These values were multi-
plied by the target yield (2.5 t ha⁻¹) to obtain the 
total elemental nutrient demand (Zambrano et al., 
2021). Subsequently, the results were converted 
into fertilizer form using specific conversion fac-
tors (FC), namely N = 1.00, P = 2.29 (to P₂O₅), 
K = 1.21 (to K₂O), Ca = 1.40 (to CaO) and Mg = 
1.66 (to MgO). In this manner, the estimated de-
mand for a yield of 2.5 t ha⁻¹ was 55.0 kg N ha⁻¹, 

22.9 kg P₂O₅ ha⁻¹, 57.5 kg K₂O ha⁻¹, 10.5 kg CaO 
ha⁻¹ and 12.5 kg MgO ha⁻¹.

Estimation of soil nutrient supply 		
into fertilizer-equivalent units

The contribution of the soil to nutrient supply 
was quantified from laboratory analyses of the 
samples collected at 0–25 cm depth, integrating 
soil bulk density estimation, nutrient conversion, 
and correction factors for nutrient availability.

Bulk density (BD, t m⁻³) was estimated using 
a pedotransfer function (PTF) that relates BD to 
soil texture and organic matter content (Manrique 
and Jones, 1991; Rawls et al., 2004) Equation 1:

	
𝐵𝐵𝐵𝐵 =  1.66 −  0.004 ×  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 

− 0.002 ×  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −  0.005 ×  𝑂𝑂𝑂𝑂 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑘𝑘𝑘𝑘 ℎ𝑎𝑎−1) =  𝐵𝐵𝐵𝐵 ×  
×  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ (𝑚𝑚) ×  10,000 ×  1000 

 

𝑘𝑘𝑘𝑘 ℎ𝑎𝑎−1 =  𝑝𝑝𝑝𝑝𝑝𝑝 ×  𝐵𝐵𝐵𝐵 ×  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ (𝑚𝑚) ×  10 

 

𝑁𝑁mineralized =  Soil mass × %𝑂𝑂𝑂𝑂
100 × 𝑁𝑁𝑂𝑂𝑂𝑂

100  × 

×  Mineralization 
100 ×  Season fraction 

 

NetReq𝑖𝑖
𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚(0, Demand𝑖𝑖

𝐹𝐹 − Supply𝑖𝑖
𝐹𝐹) 

 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖
𝐹𝐹 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖

𝐹𝐹

𝐹𝐹𝐹𝐹𝑖𝑖
 

 

 

	 (1)

Where clay and silt are expressed as percent-
ages of particle size fractions, and OM is the soil 
organic matter content (%). The predicted BD val-
ues were constrained between 0.9 and 1.7 t m⁻³, 
a realistic range for mineral soils (Bernoux et al., 
1998). The resulting BD was used to compute soil 
mass per hectare for the sampled depth Equation 2:

	

𝐵𝐵𝐵𝐵 =  1.66 −  0.004 ×  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 

− 0.002 ×  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −  0.005 ×  𝑂𝑂𝑂𝑂 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑘𝑘𝑘𝑘 ℎ𝑎𝑎−1) =  𝐵𝐵𝐵𝐵 ×  
×  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ (𝑚𝑚) ×  10,000 ×  1000 

 

𝑘𝑘𝑘𝑘 ℎ𝑎𝑎−1 =  𝑝𝑝𝑝𝑝𝑝𝑝 ×  𝐵𝐵𝐵𝐵 ×  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ (𝑚𝑚) ×  10 

 

𝑁𝑁mineralized =  Soil mass × %𝑂𝑂𝑂𝑂
100 × 𝑁𝑁𝑂𝑂𝑂𝑂

100  × 

×  Mineralization 
100 ×  Season fraction 

 

NetReq𝑖𝑖
𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚(0, Demand𝑖𝑖

𝐹𝐹 − Supply𝑖𝑖
𝐹𝐹) 

 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖
𝐹𝐹 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖

𝐹𝐹

𝐹𝐹𝐹𝐹𝑖𝑖
 

 

 

	 (2)

For conversion of elements the nutrients re-
ported in ppm (mg kg⁻¹) were converted to kg 
ha⁻¹ using Equation 3:

	

𝐵𝐵𝐵𝐵 =  1.66 −  0.004 ×  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 
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Table 2. Soil chemical suitability classes for amylaceous maize based on laboratory thresholds

Parameter Low / Limiting Medium/Acceptable High/Suitable References

Organic matter (OM, %) < 2.0 2.0–4.0 > 4.0 (Alvarado and Chavez, 
2009; MIDAGRI, 2020)

Total nitrogen (N, %) < 0.10 0.10–0.20 > 0.20 (CIMMYT, 1988)
Available phosphorus 
(P, ppm, Olsen) < 10 10–15 > 15 (CIMMYT, 1988; INIA, 

2008)
Available potassium 
(K, ppm) < 100 100–150 > 150 (Alvarado and Chavez, 

2009; CIMMYT, 1988)

Effective CEC (cmol/kg) < 10 10–20 > 20 (NOM-021-RECNAT-2000, 
2002)

Calcium carbonate 
(CaCO₃, %)

> 20 (Excessive, 
limiting)

10–20 
(Moderate, caution) < 10 (Suitable) (FAO, 2006; MIDAGRI, 

2020; Saidi, 2012)
Electrical conductivity 
(EC, mS/m) > 400 (Saline) 200 – 400 

(Slightly saline) < 200 (Non-saline) (FAO, 1976, 2006)

pH (water 1:2.5) < 5.5 or > 7.5 
(Limiting)

5.5 – 6.0 or 7.0 – 7.5 
(Acceptable) 6.0 – 7.0 (Optimal) (FAO, 2006)

Texture Very clayey / very 
sandy (limiting)

Clay loam 
(acceptable) Loam (suitable) FAO (1976);

(MIDAGRI, 2019, 2020)
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Cations expressed in cmol(+) kg⁻¹ were first 
converted to mg kg⁻¹ using atomic weight and 
valence, then to kg ha⁻¹ with the same factor 
(Burt, 2004).

Potential nitrogen supply was estimated from 
soil organic matter content, assuming 5% N with-
in OM and a mineralization coefficient of 1.3% 
during the cropping cycle. To reflect the actual 
duration of the crop in the field, a seasonal scaling 
factor equal to the ratio of months under cultiva-
tion to 12 months was applied (Raun and John-
son, 1999; Smil, 1999) Equation 4.
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No recovery fraction was applied at this stage, 
since recovery is accounted for later in the fertil-
ization efficiency step.

Availability corrections

Since not all nutrients measured in the soil are 
available to crops, correction factors (FD) were 
applied for P and K.

The available elemental nutrient supply was 
transformed into fertilizer-equivalent units using 
molecular weight conversion factors: N = 1.00, P 
= 2.29 (P₂O₅), K = 1.21 (K₂O), Ca = 1.40 (CaO), 
Mg = 1.66 (MgO), and S = 1.00 (FAO, 2006).

Net nutrient requirement and fertilizer dose

The net nutrient requirement was defined as 
the difference between the crop demand and the 
soil nutrient supply for each nutrient, both ex-
pressed in fertilizer-equivalent form. To avoid 
negative values, which would imply an excess 
supply from the soil, the calculation was con-
strained to a minimum of zero:
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contribution in fertilizer form (kg ha⁻¹). 
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 = 0) (Capetillo-Bu-
rela et al., 2021). 

The required fertilizer dose was then esti-
mated by correcting the net requirement with a 

nutrient-specific fertilizer use efficiency factor 
(FEI) which accounts for the fraction of applied 
fertilizer actually taken up by the crop (Rangaiah 
et al., 2024) (Table 3):
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Finally, an empirical adjustment factor 
Co=1.55 was applied to the calculated fertilizer 
dose. This factor originates from local calibration 
designed to adjust the calculated dose to the crop 
performance observed under field conditions. 
While there is no published precedent for this 
specific value in the maize literature, similar em-
pirical correction factors are commonly used in 
agronomic calibration when site-specific uptake 
dynamics deviate from general models (LIU et 
al., 2012; Maiti et al., 2006) (Table 4, 5).

Statistical analysis and geospatial tools

Statistical analyses were conducted in R soft-
ware version 4.4.0 (R Core Team, 2024), em-
ploying a range of specialized packages. Data 
visualization was carried out with ggplot2 and 
plotly (Wickham et al., 2019), while spatial data 
handling and analysis relied on sf, sp, raster, and 
terra (Pebesma, 2018). Machine learning model-
ing was performed with the randomForest pack-
age (Liaw and Wiener, 2002), used for predicting 
soil properties and assessing variable importance. 

Table 3. Correction factors (FD) for phosphorus 
availability according to soil pH (Mcfarland et al., 2001)

Soil pH FD (fraction of total P available)

≤ 4.5 0.08

4.6–5.0 0.10

5.1–6.0 0.15

6.1–7.0 0.30

> 7.0 0.15

Table 4. Correction factors (FD) for potassium 
availability according to cation exchange capacity, 
CEC (Dobermann, 2001)

CEC (cmol(+) kg⁻¹) FD (fraction of total K available)

< 10 0.50

10–14.9 0.35

15–19.9 0.25

≥ 20 0.15
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In addition, Google Earth Engine (GEE) was em-
ployed for large-scale preprocessing of Sentinel-2 
imagery, spectral index computation, and data 
extraction (Gorelick et al., 2017). Finally, QGIS 
software (QGIS Development Team, 2024) was 
applied for cartographic editing, plot georefer-
encing, and visual validation of results.

RESULTS

Descriptive analysis of soil fertility 
parameters

Table 6 shows the descriptive statistics of the 
main soil fertility parameters evaluated across 
100 agricultural plots in the study area. The re-
sults reveal a high degree of spatial variability in 
several key indicators relevant to maize produc-
tion. Among the exchangeable cations, calcium 
(Ca²⁺) showed the highest average concentration 
(24.29 cmol·kg⁻¹), with moderate variability (CV 

= 64.07%). In contrast, magnesium (Mg²⁺), so-
dium (Na⁺), and potassium (K⁺) exhibited much 
higher coefficients of variation (79.84–92.65%), 
indicating marked heterogeneity in nutrient avail-
ability among plots. The effective CEC averaged 
26.51 cmol·kg⁻¹, suggesting a generally good nu-
trient retention capacity.

The calcium carbonate content (CaCO₃) was 
also highly variable (CV = 74.88%), with values 
ranging from 0 to 20.2%, which can influence 
nutrient availability and soil pH buffering. EC 
values indicated low to moderate salinity levels, 
with a mean of 0.68 dS·m⁻¹ and moderate vari-
ability (CV = 36.02%). In terms of macronutri-
ents, both available phosphorus (P) and available 
potassium (K) displayed high variability (CV > 
70%), with maximum values of 88.48 ppm and 
835.64 ppm, respectively. These findings high-
light the need for site-specific fertilization strat-
egies to optimize maize yield. Organic matter 
(OM) content (mean = 3.75%) and total nitrogen 
(N) (mean = 0.19%) also showed high variability 
(CV ≈ 63%), which can significantly influence 
soil fertility and crop development.

Soil pH was relatively homogeneous (CV = 
3.51%), with a slightly alkaline average of 7.75, 
which is suitable for maize cultivation. Regarding 
soil texture, results indicate a predominance of 
sandy loam, with mean contents of sand (43.42%), 
silt (33.58%), and clay (23.00%). These propor-
tions, together with the low variability of texture 

Table 5. Fertilizer efficiency factors (FE) used for 
nutrient dose calculations

Nutrient Fertilizer efficiency 
(FE, fraction) References

N 0.20 (Randhawa et al., 2021)

P 0.20 (Fageria and Baligar, 2014)

K 0.40 (Yermiyahu et al., 2017)

Ca 0.40 (Butphu et al., 2020)

Table 6. Descriptive analysis of soil fertility parameters

Variable Mean ± SD CV (%) Min Max Skewness (As) Kurtosis (Kr)

Exchangeable Ca²⁺ (cmol·kg⁻¹) 24.29±15.56 64.07 2.23 50.83 0.11 -1.47

Exchangeable Mg²⁺ (cmol·kg⁻¹) 1.73±1.38 79.84 0.20 7.46 1.72 4.23

Exchangeable Na⁺ (cmol·kg⁻¹) 0.14± 0.13 92.39 0.02 0.92 3.34 15.96

Exchangeable K⁺ (cmol·kg⁻¹) 0.35 ± 0.32 92.65 0.04 2.46 3.37 17.24

Effective CEC (cmol·kg⁻¹) 26.51 ± 
15.63 58.96 2.50 61.00 0.90 3.00

CaCO₃ (%) 10.04 ± 7.52 74.88 0.00 20.20 0.10 -1.65

EC (dS·m⁻¹) 0.68 ± 0.25 36.02 2.35 19.23 2.01 7.59

Available P (ppm) 17.56 ± 
16.44 93.61 2.45 88.48 2.21 5.29

Available K (ppm) 179 ± 127 70.84 37.55 835.64 3.38 13.63

pH 7.75 ± 0.27 3.51 6.10 8.10 -2.62 12.19

Organic matter (OM, %) 3.75 ± 2.35 62.60 0.73 17.32 2.46 9.84

Total, nitrogen (N, %) 0.19 ± 0.12 62.62 0.04 0.87 2.46 9.82

Sand (%) 43.42±11.11 25.59 17.22 74.10 0.05 -0.20

Silt (%) 33.58 ± 7.89 23.51 16.98 53.93 0.51 -0.21

Clay (%) 23.00 ± 7.62 33.11 4.86 53.07 0.57 1.64
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components, suggest moderate physical limita-
tions for root development and water retention.

 Prediction parameters 

Table 7 shows the optimal hyperparameters 
and performance metrics of the random forest 
model, which varied depending on the soil prop-
erty evaluated. Excellent prediction accuracy was 
achieved for exchangeable sodium, followed by 
very good performance for exchangeable calci-
um, magnesium, and organic matter (RPD > 2.0, 
R² > 0.76). Moderate predictions (1.4 < RPD < 
2.0) were obtained for pH, electrical conductivity, 
calcium carbonate equivalent, available potassi-
um, and silt content. In contrast, poor predictive 
performance (RPD < 1.4) was observed for the 
available phosphorus, exchangeable potassium, 
and sand and clay fractions. The optimal hyper-
parameters varied considerably across properties, 
with mtry ranging from 4 to 27, ntree from 50 
to 650, and bag_fraction between 0.5 and 1.0, re-
flecting the different complexity and spatial struc-
tures of each soil property.

Spatial distribution of soil fertility indicators

Importance of variables

The relative importance of environmental 
covariates in the Random Forest models varied 
substantially among soil properties (Figure 2). 
Textural fractions (sand, silt, clay) and available 
phosphorus consistently exhibited low covariate 
importance across all predictor types, indicating 

limited predictability from remotely sensed and 
environmental variables. Conversely, chemical 
properties, including pH, organic matter, and ex-
changeable cations (Ca²⁺, Mg²⁺, Na⁺) demonstrat-
ed strong associations with topographic covari-
ates, with elevation and terrain-related variables 
emerging as the primary predictors. Spectral 
vegetation indices and synthetic aperture radar 
(SAR)-derived parameters contributed moder-
ately to model performance, while Euclidean dis-
tance variables showed limited predictive value 
for most soil properties. Exchangeable sodium 
exhibited the highest sensitivity to elevation gra-
dients, with normalized importance exceeding 35, 
followed by calcium and magnesium (importance 
> 15). This pattern suggests that soil chemical fer-
tility is predominantly controlled by topography-
mediated environmental gradients, rather than by 
surface spectral characteristics captured through 
remote sensing.

Spatial analysis of soil fertility for maize 
production

Figure 3 presents the spatial distribution of 
soil physical and chemical properties, classified 
according to interpretative categories (Table 1). 
Pronounced spatial heterogeneity was observed 
for most fertility indicators. Uncertainty maps 
are provided in Supplementary Material (Figure 
S1), particularly important for mobile nutrients 
where model performance was lower compared 
to stable properties.

Soil texture varied from sandy (>55% sand) 
in southern and western sectors to loam and 

Table 7. Optimal hyperparameters and performance metrics of the RF model for predicting soil fertility properties

Element mtry ntree bag_fraction R2 RMSE MAE RPD

CaCO3_eq 25 50 0.9 0.6113 4.6934 3.2783 1.6121

Ca_cmol 23 50 1 0.8218 6.6784 4.8667 2.3146

Clay 13 50 1 0.4561 7.3584 5.2027 1.2602

EC 21 100 1 0.6391 1.3660 1.0986 1.6464

K_cmol 9 100 0.9 0.3897 0.2206 0.1487 1.2833

K_disp 26 200 1 0.6620 76.7955 47.2833 1.6401

Mg_cmol 26 650 1 0.7612 0.6090 0.4610 2.0414

Na_cmol 27 500 1 0.8925 0.1258 0.0755 3.0170

OM 27 50 0.9 0.7590 0.9727 0.7567 2.0063

P_disp 4 200 1 0.3007 13.5153 8.8146 1.1574

Sand 9 600 1 0.5391 6.7598 5.5391 1.4166

Silt 26 300 1 0.6891 4.6417 3.5452 1.7589

pH 26 50 0.5 0.6940 0.1457 0.0995 1.6324
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clay-loam (25–35% clay) in central and northern 
areas. Organic matter exceeded 4% in central and 
western zones, but was below 2% in southern and 
eastern sectors. Soil pH remained predominantly 
between 6.5 and 7.5, with values approaching 
7.9 in the eastern sector. Electrical conductivity 
was generally low (3–9 mS/m), with localized el-
evated values (>9 mS/m) in northern and eastern 
zones, indicating incipient salinity.

Available phosphorus exceeded 15 mg/kg in 
northern and central areas, while southern zones 
showed lower availability (<10 mg/kg). Avail-
able potassium was high (>280 mg/kg) in central 
and eastern regions, with localized deficiencies 
in the southwest.

Exchangeable cations exhibited distinct pat-
terns. Calcium and magnesium showed elevat-
ed concentrations in northeastern and central-
eastern sectors. Exchangeable potassium was 
adequate in central areas, but decreased toward 
southern and western zones. Sodium exhibited 
localized accumulation in northeastern and east-
ern areas, spatially coinciding with elevated EC 
values. Calcium carbonate equivalent was con-
centrated in the eastern sector (10–20% CaCO₃, 
locally >20%), contributing to elevated pH and 
potential phosphorus fixation.

The co-occurrence of elevated CaCO₃, pH, 
Na, and EC in eastern sectors reflects distinct 
pedological conditions, possibly influenced 
by reduced drainage or capillary groundwater 

movement. These spatial patterns validate the 
need for site-specific nutrient management to 
optimize maize productivity across this heteroge-
neous landscape.

Spatial distribution of soil texture classes 		
in the study area

Figure 4 shows the spatial distribution and tex-
tural classification of soils according to the USDA 
system (Moreno-Maroto and Alonso-Azcárate, 
2022). Loam is the dominant textural class, cover-
ing most of the study area and providing favorable 
physical conditions for maize cultivation. Sandy 
clay loam and clay loam are concentrated in cen-
tral and eastern sectors, offering moderate water 
retention but increased compaction risk.

Sandy loam and sand loam textures occur 
along the western and northern river corridors, 
reflecting fluvial sediment deposition and charac-
terized by high drainage capacity and lower nutri-
ent retention. Small areas of clay texture present 
infiltration limitations and potential waterlogging 
constraints in poorly drained positions.

The textural triangle confirms that most sam-
ples cluster within the loam class, with second-
ary concentrations in clay loam and sandy clay 
loam categories. This distribution reflects both 
heterogeneous upland parent materials and flu-
vial processes along river boundaries, where al-
luvial deposition has created texturally distinct 
riparian zones. Site-specific management should 

Figure 2. Environmental covariate importance in spatial prediction of soil chemical and physical properties
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account for contrasting water dynamics between 
well-drained fluvial areas and moisture-retentive 
upland zones to optimize resource use efficiency.

Spatial distribution of soil fertility levels

Figure 5 shows the spatial distribution of soil 
chemical suitability under three classification 

approaches. The Strict approach represents the 
most restrictive condition, as it considers only the 
most unfavorable variable at each site, resulting in 
most of the territory being classified as not suitable. 
This scenario highlights the most severe limitations 
and suggests that, without improvement interven-
tions, agricultural use would be highly constrained.

Figure 3. Spatial distribution of soil fertility parameters
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The Conservative approach presents a more 
balanced pattern, with greater spatial diversity 
among suitable, marginal, and unsuitable areas. 
This method provides an intermediate perspec-
tive of productive capacity, integrating both fa-
vorable conditions and zones with moderate limi-
tations. Finally, the Optimistic approach assigns 
the largest proportion of the area as suitable, with 
a substantial reduction of marginal and unsuitable 
zones. This represents the most favorable scenar-
io for maize cultivation, although it could overes-
timate the actual soil quality if restrictive factors 
are not carefully considered.

Fertilizer recommendations for precision 
management

Figure 6 shows the spatial relationship be-
tween the natural soil nutrient supply and the 

fertilization requirements for maize cultivation, 
focusing on nitrogen (N), phosphorus (P₂O₅), and 
potassium (K₂O). The top row illustrates the soil 
nutrient supply: nitrogen ranges from 9 to 60 kg/
ha, with higher values in the northern and west-
ern zones; phosphorus varies between 10 and 30 
kg/ha, showing central enrichment; and potas-
sium exhibits the greatest heterogeneity (60–250 
kg/ha), with elevated levels in the eastern sector. 
These patterns reflect strong spatial variability in 
the natural availability of essential nutrients for 
maize production.

The middle row displays the gross fertilizer 
requirements, calculated as the difference be-
tween crop demand and soil supply. Under this 
approach, nitrogen requirements range from 9 to 
60 kg/ha, with critical hotspots in the southern 
and eastern areas; phosphorus needs vary from 
0 to 10 kg/ha, mainly in the regions with low 

Figure 4. Spatial distribution of soil texture classes

Figure 5. Spatial comparison of three classification approaches for soil chemical suitability
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natural supply; while potassium requirements re-
main minimal (0–1 kg/ha) due to adequate soil re-
serves. Red-colored zones indicate areas of high 
input dependency, where soil nutrient supply may 
not meet crop demands. The bottom row presents 
the adjusted fertilizer doses, which account for 
fertilizer use efficiency and nutrient partitioning 
into maize roots and stems. In this scenario, ni-
trogen adjustments range from 0 to 300 kg/ha, 
with high-demand patches in specific sectors; 

phosphorus adjustments reach up to 100 kg/ha in 
deficient areas, but are substantially reduced in 
nutrient-rich zones; and potassium remains neg-
ligible (0–1 kg/ha). Overall, the analysis high-
lights site-specific nutrient management patterns 
for maize cultivation, governed by the inverse 
relationship between soil nutrient supply and fer-
tilizer requirements, with phosphorus showing 
the strongest spatial correlation between natural 
availability and reduced input demand.

Figure 6. Spatial maps of soil nutrient supply (top row), fertilizer requirement (middle row),
and adjusted nutrient dose (bottom row) for amylaceous maize. Nutrients are expressed as N, P₂O₅, and K₂O (kg/ha)
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DISCUSSION

Spatial patterns of soil fertility and 
underlying controls

Spatial characterization revealed marked het-
erogeneity in soil fertility across the study area, 
with distinct patterns reflecting topography, par-
ent material, and management history. Variable 
importance analysis (Figure 2) demonstrated that 
elevation and terrain-related covariates were the 
primary predictors of chemical properties, par-
ticularly exchangeable cations and pH (normal-
ized importance 15–35), indicating that fertility 
patterns are predominantly controlled by eleva-
tion-mediated environmental gradients affecting 
weathering, hydrology, and nutrient redistribu-
tion (de Valença et al., 2017). 

Mobile macronutrients exhibited the stron-
gest spatial contrasts. Phosphorus showed pro-
nounced heterogeneity, with deficiencies (<10 
mg/kg) in southern zones versus adequate levels 
(>15 mg/kg) in northern areas, consistent with 
P fixation by Fe and Al oxides combined with 
heterogeneous fertilizer application in Andean 
soils (Behrends Kraemer et al., 2021; Kilic et al., 
2012; Selmy et al., 2022). Potassium displayed 
localized deficiencies (<80 mg/kg) in southwest-
ern areas that may compromise grain quality and 
stress tolerance, emphasizing the importance of 
K–Ca–Mg balance for crop productivity (da Silva 
Carneiro et al., 2022; Zhan et al., 2025).

Organic matter varied substantially (1–8%), 
with elevated values (>4%) in central-western 
zones versus depleted areas (<2%) in southern-
eastern sectors, likely reflecting differential 
residue management across smallholder farms 
(Ichami et al., 2020; Sanad et al., 2024; Taghipour 
et al., 2025). This spatial pattern is consistent 
with the findings from the Junín highlands, where 
land-use intensification and differential manage-
ment practices have resulted in substantial soil 
organic carbon depletion in cultivated areas com-
pared to grasslands and less intensively managed 
zones (Carbajal et al., 2024; Solórzano-Acosta et 
al., 2025). Soil pH remained predominantly ad-
equate (6.5–7.5) for maize, though alkaline con-
ditions (>7.5) in eastern sectors may restrict nutri-
ent availability (Kilic et al., 2012).

The co-occurrence of elevated pH (>7.5), EC 
(>9 mS/m), Na (>0.23 cmol(+)/kg), and CaCO₃ 
(10–20%) in eastern sectors suggests reduced 
leaching or upward capillary movement in lower 

topographic positions, resulting in incipient sa-
linity and conditions that may limit P and micro-
nutrient availability. Such patterns of carbonate 
accumulation in valley bottom positions have 
been documented in the Mantaro Valley system, 
where calcareous parent materials and restricted 
drainage promote neutral to alkaline soil condi-
tions (Goodman-Elgar, 2008). Soil texture was 
predominantly loam and clay loam, favorable for 
maize, though sandy textures along river corri-
dors reflect fluvial deposition creating zones with 
reduced water retention.

Model performance and methodological 
considerations

Random Forest demonstrated excellent 
performance (R² > 0.76, RPD > 2.0) for stable 
properties, including OM, pH, and exchange-
able cations (Ca, Mg, Na), confirming the ca-
pacity of RFs to capture non-linear relation-
ships between soil properties and environmen-
tal covariates (Alonso-Sarria et al., 2025; Bou-
slihim et al., 2024). Conversely, available P and 
exchangeable K showed poor predictions (R² = 
0.30 and 0.39), reflecting complexity of their 
spatial distribution driven by fixation process-
es, leaching, and management heterogeneity 
(Behrends Kraemer et al.; Houben et al., 2025). 
These challenges in predicting mobile nutri-
ents are particularly pronounced in smallholder 
farming systems, where heterogeneous manage-
ment practices, localized fertilizer applications, 
and variable residue management create fine-
scale spatial patterns that are difficult to capture 
with environmental covariates alone (Mponela 
et al., 2020; Snapp, 2022).

Textural fractions exhibited moderate accu-
racy for silt (R² = 0.69), but poor performance 
for sand and clay (R² < 0.55), consistent with 
the reports that texture, inherited from geo-
logical processes, does not respond directly to 
spectral covariates and is influenced by alluvial 
heterogeneity and surface modification (Liu et 
al., 2025; Mirzaeitalarposhti et al., 2022; Zhang 
et al., 2024). Traditional geostatistical methods 
like ordinary kriging effectively capture re-
gional trends, but fail to resolve fine-scale vari-
ability critical for micro-parcel management 
in smallholder systems (AbdelRahman et al., 
2020; Ouabo et al., 2020), validating the RF-
GIS approach for precision agriculture in frag-
mented landscapes.
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Implications for site-specific nutrient 
management

High-resolution fertility maps enable precise 
identification of zones with specific limitations, 
supporting site-specific fertilization that avoids 
over-application in balanced areas and deficien-
cies in critical zones (He et al., 2024; Yadav et al., 
2023). The pronounced heterogeneity confirms 
that uniform fertilization would be economically 
inefficient and environmentally unsustainable.

For phosphorus, the threefold difference be-
tween deficient and adequate zones necessitates 
differentiated management aligned with target 
fertility class approaches: maintaining optimal 
levels through crop removal replacement, while 
concentrating corrective applications in deficient 
areas (Steinfurth et al., 2022). In highland maize 
systems with yields around 2 t/ha, grain P remov-
al is approximately 5–6 kg P/ha (Haque et al., 
2024), suggesting maintenance applications of 
8–12 kg P/ha when accounting for typical recov-
ery efficiencies of 40–60%. In calcareous eastern 
sectors (10–20% CaCO₃), banded placement may 
improve P efficiency given fixation risks.

Potassium deficiencies in southwestern areas 
require targeted supplementation, as critical thresh-
olds near 150 mg/kg are established for cereal pro-
ductivity (Yang et al., 2024). In highland cereal sys-
tems of Ethiopia, K application rates of 50–140 kg 
K/ha are recommended depending on soil K status, 
with critical soil K thresholds of 210 mg/kg for op-
timal productivity (Mulugeta et al., 2019) Adequate 
K–Ca–Mg balance is critical for grain quality and 
stress tolerance (Zhang et al., 2016).

Nitrogen management should account for 
OM variability (1–8%), as OM is the primary 
N source. Depleted areas (<2%) require higher 
N inputs, while elevated OM zones (>4%) may 
benefit from reduced rates or split applications. 
This aligns with the calibration strategies achiev-
ing optimal rates around 180 kg N/ha through 
split applications (Jia et al., 2023), and critical 
soil value approaches enabling 17–43% fertilizer 
reductions without yield loss (Yang et al., 2024). 

A critical SOC threshold of 15 g C/kg (~1.5% 
OM) modulates fertilizer response, promoting 
particulate organic carbon in depleted soils ver-
sus mineral-associated organic carbon in enriched 
soils (Ling et al., 2025). In severely degraded soils 
(<2% OM), unfertilized maize achieved only 5.2 
kg N/ha uptake versus 25.6 kg N/ha under fer-
tilization (Chikowo et al., 2004), necessitating 

integrated organic amendments (3% biochar + 1% 
compost) that increased grain weight by 40%.(Ab-
bas et al., 2024). Conversely, split N applications at 
180 kg N/ha increased yields by 6.7–11.5% while 
reducing inputs from conventional 240 kg N/ha 
rates (Jia et al., 2023). Meta-analytical evidence 
confirms that yield responses improve with soil 
OM content, supporting variable-rate protocols 
calibrated to OM levels for optimizing productiv-
ity and efficiency(Jiang et al., 2025).

Machine learning-based recommendations 
in Africa increased N-use efficiency by 30% and 
improved wheat yields by 16–25% (Liben et al., 
2024), providing precedent for potential impacts. 
However, adaptation to smallholder contexts re-
quires addressing farm size, labor availability, 
and economic constraints. These adoption barri-
ers reflect broader challenges documented across 
developing regions, where small land size, high 
costs, and technology-related difficulties limit 
precision agriculture uptake (John et al., 2023). 
In Sub-Saharan Africa, smallholder farmers face 
poor input access and unaffordable advanced 
methods (Onyango et al., 2021), while high An-
des farmers (>2500 m) confront compounded 
challenges of land degradation, climate change, 
and limited capacity for large-scale technology 
adoption (Fonte et al., 2012). Structural barriers, 
including low educational levels with over half of 
Latin American farmers barely reaching basic ed-
ucation (Peña-Holguín et al., 2025), intersect with 
insufficient technical expertise and limited infra-
structure. Land tenure insecurity and incomplete 
administration systems in Andean regions (Sch-
ling et al., 2024) suggest that successful imple-
mentation requires addressing both technological 
and socioeconomic dimensions simultaneously.

Study limitations and future directions

This study characterized fertility at one time 
point (July 2024), not capturing temporal vari-
ability in mobile nutrients influenced by seasonal 
rainfall and mineralization. In tropical mountain 
systems, nutrient availability and especially N 
cycling varies along elevation gradients as tem-
perature and moisture shape pedogenesis and 
biogeochemical processes (Unger et al., 2010). 
Nitrogen mineralization is also strongly seasonal, 
often peaking in warmer months and varying with 
vegetation, elevation, and topographic position 
(Knoepp and Vose, 2007; Miller et al., 2009). To 
better predict management-sensitive properties, 
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integrating proximal VNIR/MIR spectroscopy 
with machine-learning approaches can add high-
resolution information; ensembles enhanced via 
external parameter orthogonalization have shown 
gains, particularly for organic-matter–related at-
tributes (Hutengs et al., 2024). At broader scales, 
including soil-forming factors can improve SOC 
mapping (Xia et al., 2022). Still, the benefits of 
adding management covariates that are context-
dependent and hinge on prior knowledge of local 
variability and on data availability, which is often 
sparse in large datasets (Pusch et al., 2023). 

Validation with crop yield data would strength-
en recommendations and enable economic analy-
sis. Field trials implementing differentiated man-
agement are needed to quantify responses and re-
turns; for example, purple maize in inter-Andean 
Peru has shown significant yield gains and reduced 
N requirements when combining fertilization with 
Azospirillum inoculation, underscoring the value 
of response curves calibrated to local conditions 
(Condori et al., 2024). Practical implementation 
requires addressing knowledge transfer and devel-
oping the decision-support tools that fit smallhold-
er realities lean, mobile-first, and co-designed with 
farmers ideally through collective approaches that 
spread costs and skills (Mizik, 2023). 

Despite its limitations, this study delivered the 
first high-resolution spatial characterization of soil 
fertility for maize in the Mantaro Valley agroeco-
system, establishing a robust baseline for tracking 
temporal trends and guiding site-specific manage-
ment in highland systems. Critically, the mapped 
variability of key nutrients enables delineation of 
fertilization management zones and preliminary 
rate recommendations that can be iteratively re-
fined with yield-response trials, seasonal resam-
pling of mobile nutrients, and proximal sensing 
(VNIR/MIR) to reduce uncertainty. Coupling 
these maps with lightweight decision-support tools 
and participatory extension will improve agronom-
ic efficiency, economic returns, and environmental 
performance of maize production in the valley.

CONCLUSIONS

The spatial analysis of soil fertility in maize 
agroecosystems of the Mantaro Valley revealed 
marked heterogeneity in phosphorus (P), potas-
sium (K), organic matter (OM), and total nitro-
gen (N). Approximately 25% of the study area 
presented phosphorus deficiencies, 15% showed 

localized potassium shortages, and nearly 20% 
had organic matter levels below 2%, which di-
rectly limits nitrogen availability. In contrast, soil 
pH and CEC remained relatively stable across 
the landscape.

The integration of laboratory analyses with 
machine learning, particularly RF, enabled the 
generation of high-resolution fertility maps that 
captured the spatial variability of soil properties 
with strong predictive performance for stable 
variables, such as OM and exchangeable cations. 
These maps clearly demonstrated that uniform 
fertilization strategies are inefficient, since they 
risk nutrient surpluses in some areas and persis-
tent deficiencies in others.

Overall, this study established a solid tech-
nical and scientific foundation for site-specific 
nutrient management in high-Andean maize sys-
tems. By tailoring fertilization to local soil con-
ditions, these differentiated strategies contribute 
to optimizing nutrient use efficiency, sustaining 
maize productivity, and reducing environmen-
tal risks in the Mantaro Valley. Future research 
should integrate yield-response trials, seasonal 
monitoring of mobile nutrients, and participa-
tory decision-support tools to refine fertilization 
rate recommendations as well as ensure practical 
adoption in smallholder contexts.
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