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Fertilization practices in coffee plantations often overlook the spatial variability of

soils, particularly in mountainous regions with acidic conditions. Although

geostatistics has been used to map nutrient distributions, its integration with

multivariate analysis to identify differentiated fertilization zones in coffee systems

remains limited. This study evaluated the influence of soil properties, altitude, and

crop age on coffee yield by combining principal component analysis (PCA) and

ordinary kriging to design site-specific fertilization strategies. A total of 70 soil

samples were collected from three districts of the Peruvian high jungle (San

Martıń and Amazonas), measuring physical and chemical properties, altitude, and

crop age. The following analyses were applied: (1) Spearman correlations to

assess associations with yield, (2) PCA to identify fertility gradients, and (3)

geostatistical models with cross-validation. The PCA identified two main

gradients: PC1 (32.41% of variance) associated with cation exchange capacity

(CEC) and organic matter, and PC2 (17.88%) associated with the availability of K

and P and crop age. Cross-validation confirmed high accuracy in the spatial

prediction of available P and K across the three study areas. Kriging maps

revealed zones with high available K (>150 mg kg−1) and P (>20 mg kg−1)

associated with yields >1.5 t ha−1. The integration of PCA and geostatistics

enabled the delineation of management zones with differentiated nutrient

requirements, reducing fertilization needs by up to 30% in areas with high

fertility potential (e.g., Alto Saposoa). Overall, the results provide a solid

methodological basis for implementing precision fertilization strategies in

tropical coffee systems, promoting more efficient nutrient use and greater

production sustainability.
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1 Introduction

Coffee production (Coffea spp.) is an agricultural activity of

great economic and social importance, with a global production of

approximately 11 million tons per year, mainly concentrated in the

Americas (1). In Peru, coffee represents the fourth most important

agro-export product (2), positioning the country among the ten

largest producers worldwide. With an annual production of around

400,000 tons and an average yield of 0.9 t ha−1, coffee accounts for

7.8% of the gross agricultural production value (2) and constitutes

the main source of income for approximately 223,000 families (3).

Spatial and temporal variation in soil properties and

meteorological conditions significantly affects coffee growth,

quality, and yield (4). Therefore, tools that enable more efficient

crop management are required. In this context, digital soil mapping

has become a key tool in precision agriculture, as it allows for the

identification and quantification of soil spatial variability through

the collection of georeferenced data, laboratory analyses, and

geostatistical modeling, thereby facilitating the delineation of

homogeneous management zones (5, 6). This approach makes it

possible to adjust agricultural practices such as fertilization to the

specific conditions of each area, optimizing input use and

promoting the sustainability of the production system.

However, a critical knowledge gap remains. Although geostatistics

has been widely used to map nutrient distributions, its integration with

multivariate methods to identify differentiated management zones in

tropical coffee systems remains limited. Most studies focus on the

spatial description of nutrients without explicitly linking edaphic

gradients to crop productivity or considering factors such as

plantation age or altitude, which modulate nutrient dynamics.

To address this gap, the present study tests the hypothesis that

spatial heterogeneity in coffee yield across Peruvian plantations is

explained by the interaction between fertility gradients (CEC,

organic matter, P, and K), altitude, and crop age. Accordingly,

this research aims to (i) characterize the physical and chemical

properties of the soil, as well as complementary variables (altitude

and crop age), in high-yield coffee plantations of eastern Peru; (ii)

identify the most influential soil properties on yield through

multivariate analyses; (iii) and model the spatial structure of the

main edaphic variables and yield using geostatistical techniques, in

order to generate management maps that serve as a basis for

precision fertilization strategies.

This approach seeks to overcome traditional static analyses and

generate adaptive agronomic recommendations based on soil

spatial variability, thus contributing to more efficient and

sustainable coffee management in the tropical Andes of Peru.
2 Materials and methods

2.1 Study area

The study area is located in the Peruvian high jungle,

comprising the districts of Vista Alegre (Amazonas region) and

Alto Saposoa and Soritor (San Martıń region), areas noted for their
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coffee production (Figure 1). These locations were selected for their

agricultural relevance and contrasting environmental conditions,

which allow for analysis of the influence of climatic, edaphic, and

geological factors on crop productivity. A total of 70 soil samples

were collected at a depth of 30 cm, distributed across 12 samples in

Vista Alegre, 39 in Soritor, and 19 in Alto Saposoa, covering

representative coffee-growing areas.

The district of Vista Alegre is located at a higher altitude, with a

temperate humid climate, temperatures between 14 and 28 °C,

rainfall of 1500–2200 mm, and an average relative humidity of 85%.

Its geology is Cretaceous (100%), with a predominance of

Cambisols (92%) and Acrisols (8%), and its life zone corresponds

mainly to very humid tropical premontane forest (75%).

In Alto Saposoa, the climate is humid tropical, with

temperatures between 21 and 32 °C, annual rainfall of 1700–1800

mm, and an average relative humidity of 63%. Cambisols

predominate (70%), followed by Acrisols (20%) and Ferrosols

(10%), on Paleogene geology and in a zone of life corresponding

mainly to very humid tropical premontane forest (95%). In Soritor,

conditions are similar, with temperatures between 16 and 30 °C,

rainfall of 1800–2000 mm, and 80% relative humidity; the geology is

mainly Paleogene (90%), with Cambisols (87%), and the biome is

distributed between very humid premontane forest (39%) and low

tropical montane forest (61%).

Historical averages were calculated based on information from

the WorldClim v2.1—Climate Global Data climate database (7).
2.2 Sampling design

The sampling design followed the approach proposed by (8),

adapted to field conditions in high-yield coffee plantations. For each

selected producer, a high-yield coffee field (> 1 t ha−1) was

identified, and within it, a homogeneous zone (< 10 ha) was

delineated to ensure uniformity in slope, soil texture and color,

coffee variety, and planting age. This delineation served as a quality

criterion to minimize within-field variability and to guarantee that

each soil sample represented comparable soil and crop conditions.

Within each homogeneous zone, five representative coffee trees

were randomly selected, and subsamples were collected at a depth of

30 cm within the canopy projection of each tree. The subsamples

were composited to obtain one representative soil sample per field.

In total, 70 composite soil samples were collected across all

plantations (Figure 1). The operational steps of the sampling

process are illustrated in Figure 2.
2.3 Soil analysis

Soil samples were analyzed at the Soil, Water, and Foliar

Laboratories Network of the National Institute for Agrarian

Innovation (LABSAF-INIA). Before physicochemical analysis,

samples were air-dried (<40 °C) and sieved (<2 mm) following (9).

The analyses included particle-size distribution using the

hydrometer method (10); pH in a 1:1 soil-to-water suspension
frontiersin.org
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(11); electrical conductivity (12); organic matter by (13), total

nitrogen by (14); available phosphorus by (15); and available

potassium following (16). Exchangeable bases and acidity were

determined according to (17).

Bulk density (BD) and cation exchange capacity at pH 7 (CEC)

were obtained from the SoilGrids database (18), at 250 m resolution

for the 15–30 cm soil depth.
2.4 Statistical analysis

Statistical analyses were performed in R (v4.4.1). Descriptive

statistics (mean, median, standard deviation, coefficient of variation,

skewness, and kurtosis) were calculated for all soil and yield variables.

Differences in median coffee yield among study zones were assessed

using the Kruskal–Wallis test (p< 0.05), followed by Dunn’s post-hoc

test with Bonferroni adjustment for multiple comparisons.

Non-parametric Spearman correlations were used to assess

relationships among soil variables, with results visualized through

significant correlation matrices (p< 0.01). To identify multivariate

patterns and reduce data dimensionality, a Principal Component

Analysis (PCA) was conducted using FactoMineR and factoextra.

Only standardized numerical variables were included, and results

were visualized with biplots and confidence ellipses showing

variable contributions and groupings related to soil fertility.
FIGURE 1

Location of soil sampling areas in coffee plantations at the districts of Vista Alegre, Soritor, and Alto Saposoa.
FIGURE 2

Operational flowchart of the soil sampling design applied in high-
yield coffee plantations.
frontiersin.org
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2.5 Geostatistical interpolation

Understanding spatial variability through the appropriate

geostatistical semivariogram model is crucial for map-ping and

delineating soil fertility variability, thereby enabling the

optimization of fertilization programs (19). A geostatistical

analysis was conducted using data from 70 georeferenced

sampling points, incorporating both soil properties and crop

characteristics. The variables analyzed included sand, silt, and

clay percentages; pH; electrical conductivity (EC); organic matter

(OM); available phosphorus (P) and potassium (K); effective cation

exchange capacity (ECEC); concentrations of exchangeable cations

(H+, Al3+, Ca²+, Mg²+, K+, and Na+); altitude; plantation age; and

coffee crop yield. Spatial interpolations were performed using the

Ordinary Kriging (OK) method. The entire process was carried out

using the spatial and geostatistical tools available in the SAGA

software pack-age, including variogram generation and

implementation of the Kriging model, to ensure accurate and

efficient estimation (20). The resulting interpolated maps were

subsequently exported using QGIS software to facilitate effective

visualization and analysis of the spatial data (21).
2.6 Geostatistical analyses

The nugget (C0), sill (C0 + C), and the nugget-to-sill ratio (PSV)

(Equation 1) are key parameters in semivariogram analysis that

describe the spatial autocorrelation of the data. These parameters

are derived from fitting the semivariogram model used for

geostatistical interpolation (22).

PSV   =  
Sill  −  Nugget

Sill
=

C
C0 + C

(1)

Values of PSV< 0.25 indicate weak spatial dependence, 0.25 a

0.75 moderate dependence, and > 0.75 strong dependence.

The selection of the semivariogram model is based on criteria such

as root mean square error (RMSE), and the coefficient of determination

(R²) (23). Ideally, the chosen model should yield RMSE values close to

zero (Equation 2) and R² values close to one (Equation 3), indicating

high model accuracy and quality, respectively (24). Kriging

interpolations for each soil property were validated through cross-

validation using the leave-one-out method (25).

RMSE   =  

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
no

n
l=1½Z1(xi) − Z2(xi)�2

r
(2)

R2   = 1   −o
n
l=1½Z1(xi) − Z2(xi)�2

on
l=1½Z1(xi) − Z1�2

  (3)

Where n represents the number of samples, and Z1(xi) and Z2(xi)  

denote the predicted and observed values at site xi, respectively.
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3 Results

3.1 Descriptive statistics of soil
physicochemical properties, plantation age,
altitude, and coffee crop yield

Coffee yield did not follow a normal distribution (Table 1) and

is therefore better represented by the median (1.50 t·ha−1) and the

interquartile range (0.11 t·ha−1). The median comparison analysis

(Kruskal–Wallis, p = 0.85) showed no significant differences among

the study areas, indicating statistically similar productivity across

them. The negatively skewed and leptokurtic yield distribution

(Figure 1), together with a low coefficient of variation (CV =

7.12%), evidences a stable productive behavior with a slight

tendency toward relatively high yields in the coffee plantations of

the three study zones.

On the other hand, the results reveal pronounced heterogeneity

in soil properties associated with potential fertility among the study

zones, as indicated by high coefficients of variation (CV > 50%) for

available phosphorus (88.55%), organic matter (53.63%), available

potassium (50.20%), and effective cation exchange capacity

(56.95%). Similarly, variables related to the balance and saturation

of basic cations also exhibit high overall variability, with highly

dispersed deviations around the mean value.

Soil pH ranged between 3.80 and 6.80, with a mean of 5.03 and a

median of 4.85, indicating slight positive skewness (Skewness =

0.56) and negative kurtosis (Kurtosis = –0.99). This suggests a

platykurtic distribution, which is flatter than a normal distribution,

characterized by a lower frequency of extreme values. Nonetheless,

this behavior indicates that most coffee plantations are cultivated on

moderately to strongly acidic soils. This pH characteristic is relevant

for segmentation into different management zones, due to its

relatively homogeneous distribution. Exchangeable Al3+ and H+

display similar trends to pH; however, both exhibit greater positive

skewness, indicating a longer tail of high values up to a maximum of

3.58 and 6.33 cmol·kg−1, respectively. This suggests the presence of

localized areas with more severe degradation related to soil acidity.

Available phosphorus (P) ranged from 2.30 to 104.20 mg·kg−1.

The positive skewness (Skewness = 1.71) indicates a long tail toward

higher values, while the kurtosis value of 3.16 reflects a leptokurtic

distribution, more peaked than a normal distribution and

characterized by a higher frequency of extreme high values,

typical of highly productive plantations. The coefficient of

variation (CV = 88.55%) confirms pronounced heterogeneity

among the 70 high-yield coffee plantations evaluated across the

three study areas. This pattern suggests that some plantations still

exhibit low P levels potentially limiting coffee growth, whereas

others show locally high concentrations (P75 = 32.73 mg·kg−1),

likely associated with site-specific fertilization practices. This

variability highlights the need for zoned phosphorus fertilization

to ensure efficient nutrient replenishment.
frontiersin.org



Maita et al. 10.3389/fsoil.2025.1701602
Available potassium (K) ranged from 45.59 to 517.54 mg·kg−1,

with a mean of 152.82 mg·kg−1 and a median of 137.98 mg·kg−1.

Although the CV = 50.20% indicates high variability, the positive

skewness (Skewness = 1.76) and elevated kurtosis (5.64) reveal a

strongly leptokurtic distribution, where most plots cluster around

the mean. Nevertheless, some areas exhibit significantly higher

levels of available K. This pattern suggests the coexistence of

over-accumulated zones and areas with marginal levels (< 100

mg·kg−1), which may limit productivity. Consequently, site-

specific potassium management, supported by precision

agriculture techniques, is crucial for optimizing the efficiency of

potassium fertilization.
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3.2 Spearman correlation analysis of soil
properties and their relationship with
coffee crop yield

Spearman’s correlation analysis evaluated the non-parametric

monotonic associations between coffee yield (t·ha−1) and 28 soil

physicochemical properties (Figure 3). These results identified

potential covariance patterns between yield and factors related to

nutrient retention capacity, macronutrient availability, cation

exchange capacity, and variations in soil texture.

Moderate positive correlations (R > 0.30) were observed

between yield and total CEC at pH 7 (R = 0.35), along with low
TABLE 1 Descriptive statistics of soil physicochemical properties in the study area.

Variable Units Mean CV Min Max Shapiro Skewness Kurtosis

Altitude m
1454.76 ±
128.19

8.81 1165.00 1702.00 0.40 -0.28 -0.60

pH 5.03 ± 0.91 18.13 3.80 6.80 0.00 0.56 -0.99

EC dS·m-1 1.17 ± 0.58 49.05 0.36 2.75 0.00 1.01 0.49

OM % 6.05 ± 3.24 53.63 1.70 15.70 0.00 1.16 0.72

Pav mg·kg-1 23.44 ± 20.75 88.55 2.30 104.20 0.00 1.71 3.16

Kav mg·kg-1 152.82 ± 76.72 50.20 45.59 517.54 0.00 1.76 5.64

Ntotal % 0.30 ± 0.16 53.30 0.09 0.79 0.00 1.16 0.73

Al cmol(+)·kg−1 2.00 ± 2.69 134.54 0.00 9.00 0.00 1.07 -0.17

H cmol(+)·kg−1 3.30 ± 3.83 116.25 0.00 13.10 0.00 0.73 -0.88

Ca cmol(+)·kg−1 14.48 ± 14.00 96.66 1.10 51.89 0.00 1.30 0.62

K cmol(+)·kg−1 0.46 ± 0.23 50.96 0.14 1.65 0.00 2.11 7.61

Mg cmol(+)·kg−1 1.64 ± 0.96 58.52 0.36 5.21 0.00 1.28 1.67

Na cmol(+)·kg−1 0.11 ± 0.07 63.00 0.00 0.32 0.00 -0.02 0.38

ECEC cmol(+)·kg−1 21.99 ± 12.53 56.95 3.16 61.06 0.00 1.41 1.36

EAP % 28.93 ± 33.37 115.36 0.00 87.86 0.00 0.58 -1.39

ECP % 59.01 ± 31.16 52.79 7.86 94.43 0.00 -0.43 -1.51

EPP % 2.56 ± 1.75 68.34 0.43 9.49 0.00 2.30 5.79

EMP % 8.91 ± 6.93 77.79 1.06 48.42 0.00 3.48 15.78

ESP % 0.59 ± 0.48 80.31 0.00 2.56 0.00 1.11 2.66

CMK ratio 36.82 ± 33.91 92.10 5.02 189.78 0.00 2.08 5.40

CM ratio 8.87 ± 10.59 119.42 0.74 76.64 0.00 4.43 23.48

MK ratio 3.69 ± 1.46 39.65 1.23 7.20 0.13 0.37 -0.53

Sand % 54.54 ± 9.27 16.99 27.41 72.14 0.37 -0.07 -0.12

Clay % 22.77 ± 7.55 33.16 11.42 36.88 0.01 0.27 -1.07

Silt % 22.69 ± 6.79 29.93 7.42 44.88 0.31 0.34 0.50

Yield t ha-1 1.51 ± 0.11 7.15 1.03 1.70 0.00 -1.27 4.38

Age years 6.43 ± 1.16 18.07 4.00 9.00 0.00 0.23 -0.88
CMK, Ca²+ + Mg²+/K+; CM, Ca²+/Mg²+; MK, Mg²+/K+; EAP, ESP, EPP, ECP, and EMP, Exchangeable aluminum, sodium, potassium, calcium, and magnesium percentages, respectively; ECEC,
Effective cation exchange capacity.
frontiersin.org
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but statistically significant positive correlations (p< 0.05) with OM,

available K, and P (R = 0.27, 0.25, and 0.24, respectively). Moderate

negative correlations were also identified with plantation age (R = –

0.30), as well as low but significant negative correlations with silt

percentage and ESP (R = –0.27 and –0.26, respectively). These

associations, assessed using Spearman’s non-parametric approach,

explain the systemic tendency of certain soil fertility variables to

vary in conjunction with coffee crop yields. These results provide

robust evidence of joint multivariate behavior, indicating that P and

K availability processes, along with nutrient retention capacity,

positively regulate coffee productivity. In contrast, higher levels of

exchangeable sodium (Na+) and greater silt content are associated

with reduced yields.
3.3 Principal component analysis

Principal Component Analysis (PCA) was conducted by

selecting the variables most strongly correlated with coffee yield,

reducing collinearity, and transforming variables to homogenize

variances (Table 2). This resulted in 50.29% of variance explained
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between components 1 and 2. The first principal component (PC1),

which explains 32.41% of the total variance in the edaphic system,

represents an integrative axis of soil chemical fertility. This

component is primarily influenced by organic matter (factor

loading = 0.758), cation exchange capacity (0.643), yield (0.590)

and available potassium (0.536), and is negatively associated with

silt percentage (–0.654). These variables not only exhibited the

highest relative contributions and cos² values within the component

but also reflect interrelated soil processes that regulate the

availability of essential nutrients. PC1 describes a functional

gradient ranging from degraded soils with limited cation

retention capacity to more balanced matrices with enhanced

buffering ability, exchange capacity, and biological activity. This

gradient encapsulates key conditions for the nutritional efficiency of

coffee cultivation, suggesting that systems with high base retention

and well-developed colloidal structures are better suited to

supporting higher yields.

The second principal component (PC2), which accounts for

17.88% of the total variance in the edaphic system, represents a

gradient in macronutrient availability and the ontogeny of coffee

plants. This axis is primarily shaped by crop age (factor loading =
FIGURE 3

Spearman’s non-parametric bivariate correlation matrix between coffee yield (t·ha−1) and 28 soil physicochemical variables. Only statistically
significant correlations (p< 0.05) are shown. CMK, (Ca²+ + Mg²+)/K+; CM, Ca²+/Mg²+; MK, Mg²+/K+; ESP, EAP, EPP, ECP, and EMP, Exchangeable
sodium, aluminum, potassium, calcium, and magnesium percentages, respectively; CEC and ECEC, Total and effective cation exchange capacity,
respectively; BD, Soil bulk density; Pav and Kav are available phosphorus and potassium.
frontiersin.org
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0.649), available potassium (0.640), and available phosphorus

(0.553). Collectively, PC2 describes a trajectory from young,

intensively fertilized systems with high levels of low-mobility

macronutrients to older plantations, where continuous nutrient

extraction results in reduced potassium and phosphorus reserves.

This gradient integrates nutrient depletion processes and

replenishment strategies, providing a quantitative framework for

optimizing potassium and phosphorus fertilization according to the

age of the coffee plantation.

Biplot analysis (Figure 4) of the first two principal components

(PC1 = 32.41% and PC2 = 17.88%) reveals three differentiated soil

domains by district. The Alto Saposoa district is grouped within the

positive quadrant of PC1 and the positive sector of PC2, closely

aligned with the vectors representing available K, available P,

organic matter (OM), CEC at pH 7. This configuration indicates

soils with high fertility potential and immediate availability of

macronutrients. However, the oblique elongation of the ellipse

suggests underlying heterogeneity, likely driven by variability in

potassium and phosphorus replenishment strategies.

Soritor, situated in the negative region of PC1 and near the axis

of PC2, is associated with variables such as coffee plantation age and

silt percentage, indicating that older plantations are established on

silty soils and experience a progressive decline of K and P. The

extent of its ellipse suggests the coexistence of severely depleted

plots alongside others with an intermediate chemical profile.

In contrast, Vista Alegre is located in the positive quadrant of

PC1 and the negative quadrant of PC2, within the domain of OM,

CEC, and positioned near the yield vector. This placement indicates

soils with high buffering capacity and a substantial reservoir of

exchangeable bases, conditions associated with higher yields. The

narrow, nearly horizontal shape of the ellipse suggests a
Frontiers in Soil Science 07
homogeneous soil composition and consistent agronomic

management practices.

These multivariate trajectories provide a quantitative

foundation for site-specific fertilization strategies, prioritizing K

and P replenishment in Soritor, preserving buffering capacity in

Vista Alegre, and monitoring cation saturation in Alto Saposoa, to

enhance the sustainability and productivity of coffee cultivation in

humid tropical systems.
3.4 Semivariogram models for soil
properties in the Alto Saposoa locality

A total of nineteen variables were analyzed using empirical

semivariograms fitted to five theoretical models: Gaussian (8

variables), cubic (4 variables), exponential (3 variables), linear (2

variables), and spherical (2 variables), as shown in Table 3. These

included sixteen soil physicochemical properties, as well as altitude,

planting age, and coffee yield.

Variables fitted to the Gaussian model (pH, available K,

exchangeable Al3+, Ca²+, Na+, silt percentage, altitude, and yield)

displayed a quadratic increase at the origin of the semivariogram,

reflecting high spatial continuity and a gradual decay in correlation

with distance. This pattern is characteristic of processes governed by

diffusive gradients, leading to smooth kriging surfaces with broad

transition zones. In contrast, organic matter, total nitrogen, and clay

content followed exponential behavior, with abrupt increases in

semivariance at short ranges, consistent with micro-topographic

variability or sudden changes in management practices.

Twelve variables exhibited strong spatial dependence (PSV >

0.70), including pH, OM, available P and K, ECEC, exchangeable

Al3+, K+, and Na+, sand percentage, yield, altitude and age. This

indicates that more than 70% of their variability is explained by a

spatially structured component, justifying the use of ordinary

kriging for interpolation. Variables such as exchangeable Ca²+, silt

and clay percentage, showed moderate spatial dependence (PSV =

0.40–0.70), while exchangeable Mg²+, EC, total N, and exchangeable

H+ exhibited weak dependence (PSV< 0.40).

Cross-validation (leave-one-out) showed satisfactory model fits

for planting age (R² = 0.51), total N (0.41), clay (0.39), exchangeable

Na+ (0.37), yield (0.34), available P (0.32), exchangeable Al3+ (0.32),

and available K (0.30). Although these R² values are moderate, they

are acceptable for heterogeneous field conditions such as those

found in Alto Saposoa, where soil and management variability

introduce stochastic components not fully captured by spatial

models. Model performance was also evaluated using RMSE,

expressed in the original units of each variable, which confirmed

low prediction errors (e.g., ± 1.28 mg·kg−1 for available P, ± 1.68

mg·kg−1 for available K, and ±2.23 kg·ha−1 for yield).

The semivariograms selected to generate the maps were those

that minimized residual sum of squares (RSS), exhibited low nugget

effects, high structural variance, and the highest R² among

candidate models (Gaussian, exponential, spherical, cubic, and

linear). The high spatial continuity and predictive reliability

observed for available P, available K, total N, and clay content
TABLE 2 Results of Principal Component Analysis (PCA) showing
eigenvalues, percentage of variance, and variable loadings.

PCsa PC1 PC2 PC3 PC4

Eigenvalue 2.592 1.43 1.112 0.781

Variance (%) 32.41 17.881 13.903 9.766

Cumulative Variance
(%)

32.41 50.292 64.195 73.961

Factor loadings/eigen vector for each variableb

OM 0.758 0.160 -0.045 -0.133

Pav 0.447 0.553 0.558 0.190

Kav 0.536 0.640 -0.098 -0.084

ESP -0.468 0.343 0.484 -0.460

Silt -0.654 0.229 0.127 0.583

Yield 0.590 -0.312 0.408 0.361

Age -0.352 0.649 -0.462 0.162

CEC 0.643 0.018 -0.399 0.110
aOnly components with eigenvalues > 1 (Kaiser criterion) are highlighted, and components
are presented up to those with a cumulative variance ≥ 70%.
Variables in bold are those with absolute loadings ≥ 0.50.
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support the development of accurate spatial prediction maps for

site-specific nutrient management in Alto Saposoa (Figure 5).
3.5 Semivariogram models for soil
properties at the Soritor locality

In the Soritor district, Gaussian models predominated for

chemical properties such as OM, total N, available P and K,

exchangeable Al3+, H+, and Ca²+, ECEC, and yield, indicating

high spatial continuity consistent with diffusive gradients. In

contrast, variables such as EC, exchangeable Na+, Mg²+, K+, sand

percentage, and altitude were better described by exponential

models, suggesting greater local heterogeneity (Table 4).

Strong spatial dependence (PSV > 0.70) was observed for

variables including EC, total N, Mg²+, Na+, altitude, and yield,

supporting the suitability of ordinary kriging for spatial

interpolation. Moderate spatial dependence (PSV = 0.40–0.70)

was found for OM, available K, exchangeable K+, ECEC, sand

and clay percentage.

Among all variables analyzed, the best model fits were obtained

for altitude (R² = 0.70, RMSE = ± 0.65 m), pH (R² = 0.64, RMSE = ±

0.40), available P (R² = 0.62, RMSE = ± 1.16 mg·kg−1), and silt

percentage (R² = 0.61, RMSE = ± 0.88%), reflecting high spatial

prediction accuracy. Although available K showed a slightly lower

adjustment (R² = 0.50, RMSE = ± 6.58 mg·kg−1), it was retained for

its agronomic relevance as an essential nutrient influencing coffee
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productivity and its consistent spatial continuity across the study

area (Gaussian model, PSV = 0.44).

The high spatial continuity and predictive reliability observed

for pH, available P, available K, and silt content support the

generation of accurate spatial prediction maps for site-specific

nutrient management in Soritor (Figure 6).
3.6 Semivariogram models for soil
properties at the Vista Alegre locality

In the Vista Alegre district, Gaussian models predominated for

most soil chemical properties, including pH, EC, OM, available P

and K, exchangeable Al3+, H+, Ca²+, Mg²+, Na+, ECEC, and yield,

indicating a predominance of high spatial continuity consistent

with gradual soil variation processes. Conversely, variables such as

total N, exchangeable K+, and silt percentage were better

represented by linear models, suggesting limited spatial structure

and higher local randomness (Table 5).

Strong spatial dependence (PSV > 0.70) was observed for

variables including pH (0.99), EC (0.71), P (0.88), K (0.90), Al3+

(0.93), H+ (0.92), Ca²+ (0.91), Mg²+ (0.79), Na+ (1.00), ECEC (0.98),

and altitude (0.71), supporting the suitability of ordinary kriging for

accurate spatial interpolation in this area. Moderate dependence

(PSV = 0.40–0.70) was found for sand, clay, and age.

Among all variables analyzed, the best model fits were obtained

for exchangeable Al3+ (R² = 0.59, RMSE = ± 0.78 cmol·kg−1),
FIGURE 4

Principal Component Analysis (PCA) of soil variables, coffee plantation age, and yield in the districts of Alto Saposoa, Soritor, and Vista Alegre.
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available K (R² = 0.49, RMSE = ± 0.19 mg·kg−1), available P (R² =

0.49, RMSE = ± 1.16 mg·kg−1), and Clay (R² = 0.56, RMSE = ±

4.17%), indicating high prediction reliability and low absolute

errors relative to the measurement scales.

The high spatial continuity and predictive reliability observed

for available P, available K, Clay, and exchangeable Al3+ support the

generation of accurate spatial prediction maps for site-specific soil

fertility management in Vista Alegre (Figure 7).
4 Discussion

4.1 Soil conditions and their influence on
coffee yield.

The results obtained for the three study zones reflect partially

favorable conditions for coffee development, although specific

limitations could restrict yield if not properly corrected. The

mean soil pH was 5.03 ± 0.91 (CV = 18.13%), which is below the

optimal range of 5.5–6.5 (26). This acidity may compromise the

availability of nutrients such as phosphorus and magnesium and

enhance aluminum solubility (27), an element highly toxic to

plants. This condition is reflected in the mean Al3+ concentration

(2.00 ± 2.69 cmol kg−1; CV = 134.54%), classified as high for coffee
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cultivation (>1.0 cmol kg−1) (28), representing a direct source of

toxicity for the root system that hinders nutrient uptake (29).

The mean organic matter (OM) content was 6.05 ± 3.24% (CV

= 53.63%), below the optimal range of 8.0–16.0% (28), suggesting

the need to increase organic residue inputs or amendments to

improve cation exchange capacity (CEC), soil structure, and

biological activity (5, 30). Nevertheless, the mean effective cation

exchange capacity (ECEC) was 21.99 ± 12.53 cmol kg−1 (CV =

56.95), a relatively high value (28) indicating good nutrient

retention and supply capacity, especially in Vista Alegre, where

principal component analysis (PC1) associated OM and CEC

positively with higher yields.

Available phosphorus reached 23.44 ± 20.75 mg kg−1 (CV =

88.55%), a value considered high (>20 mg kg−1) (28) in some

management zones, which is favorable for floral and root

development (31). Similarly, exchangeable potassium averaged

0.46 ± 0.23 cmol kg−1 (CV = 50.96%), also considered high (>0.4

cmol kg−1) (28) in some zones, playing a crucial role in

physiological and reproductive functions, especially during bean

filling (5). However, multivariate analysis (PC2) indicated that the

availability of these nutrients tends to decrease with plantation age.

This pattern was particularly evident in Soritor, where the

combination of silty soils and older stands was related to lower K

and P levels and reduced yields. The Spearman correlation analysis
TABLE 3 Semivariogram models for soil properties in the Alto Saposoa district.

Variable Model Nugget (C0) Sill (C0 + C) Range (m)
PSV Cross-Validation

(C/C0 + C) R2 RMSE

pH Gaussian 0.06 0.19 3299.87 0.71 0.25 0.40

EC (mS m−1) Linear 0.05 0.00 3299.87 0.00 0.30 0.85

OM (%) Exponential 0.08 0.42 3299.87 0.81 0.05 0.72

P(mg Kg−1) Spherical 0.22 1.20 3299.87 0.82 0.32 1.28

K (mg Kg−1) Gaussian 0.32 2.55 3299.87 0.87 0.30 1.68

N (%) Exponential 0.03 0.05 3299.87 0.35 0.41 0.11

Al (cmol+ Kg−1) Gaussian 0.00 0.04 3299.87 0.90 0.32 0.21

H (cmol+ Kg−1) Linear 0.00 0.00 3299.87 0.00 0.31 0.38

Ca (cmol+ Kg−1) Gaussian 0.48 1.53 3299.87 0.68 0.18 1.14

K (cmol+ Kg−1) Cubic 0.01 0.05 3299.87 0.85 0.13 0.25

Mg (cmol+ Kg−1) Cubic 0.27 0.29 3299.87 0.10 0.11 0.46

Na (cmol+ Kg−1) Gaussian 0.00 0.00 3299.87 0.75 0.37 0.05

ECEC (cmol+

Kg−1)
Spherical 0.06 1.22 3299.87 0.95 0.28 1.02

Sand (%) Cubic 0.10 1.05 3299.87 0.91 0.23 0.94

Clay (%) Exponential 0.60 1.66 3299.87 0.64 0.39 2.80

Silt (%) Gaussian 0.24 0.52 3299.87 0.54 0.19 0.70

Age Cubic 0.18 0.84 3299.87 0.79 0.51 1.10

Altitude (m.s.n.m) Gaussian 0.56 1.75 3299.87 0.68 0.27 1.12

Yield (Kg ha) Gaussian 0.15 1.67 3299.87 0.91 0.34 2.23
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showed moderate positive associations between yield and potassium

(r = 0.25) and phosphorus (r = 0.24).

Calcium (mean = 14.48, median = 9.68 cmol kg−1) and

magnesium (mean = 1.64, median = 1.31 cmol kg−1) levels were

high, which is favorable for soil structural stability, photosynthesis,

and cation balance (27). However, the Ca: Mg ratio was 8.87—an

elevated value that may generate nutritional imbalances and hinder

the efficient absorption of Mg²+ and K+ due to cationic antagonisms

(31). This phenomenon may be particularly relevant in Alto

Saposoa, where PCA biplot analysis suggests potential cation

oversaturation and the need for continuous monitoring of base

saturation. Total nitrogen showed a mean of 0.30 ± 0.16% (CV =

53.30%), slightly below the critical threshold of 0.34% (28),

indicating the need to reinforce nitrogen supply—particularly

during vegetative stages—given its fundamental role in leaf,

branch, and flower node formation (32).

The Spearman analysis indicated that yield was moderately and

positively correlated with CEC (r = 0.35), and weakly but positively

with OM (r = 0.27), K (r = 0.25), and P (r = 0.24). These findings

reaffirm that soils with greater buffering capacity and adequate

macronutrient availability tend to produce higher yields (26, 33).

Additionally, a moderate negative correlation was observed between

yield and coffee plantation age (r = –0.30), consistent with previous

studies showing a natural decline in productivity beyond the fifth

year (34). This effect can be mitigated through rejuvenation
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practices such as pruning to restore vigor and productivity (35).

Negative correlations were also found with silt content (r = –0.27)

and exchangeable sodium (r = –0.26). High silt proportions can

impair soil structure by promoting encapsulation and compaction,

reducing aeration and root development, especially under high

rainfall (36). Likewise, excess Na+ in soil solution may induce

ionic toxicity and colloid dispersion, negatively affecting structural

stability and nutrient absorption (37). Both factors were significant

in Soritor, where they coincided with lower productivity. Overall,

these results highlight substantial spatial variability in edaphic

properties, particularly in OM, P, K, and Al, underscoring the

need for more precise and site-specific nutrient management.

Recent studies in acidic coffee soils confirm that acidity and Al3+

presence are critical yield constraints, and that spatial

characterization of these parameters is essential to design

localized liming and nutrient replenishment interventions (38).
4.2 Geostatistical validation of spatial
patterns for soil zoning

Geostatistical analyses across the three study sites confirmed

that available P and K, altitude, and yield exhibit robust spatial

structures that can be leveraged to design differentiated fertilization

strategies. The strong spatial dependence of these variables (PSV >
FIGURE 5

Spatial variability maps of soil available P, available K (mg·kg−1), N (%) and clay (%) in coffee plantations of the Alto Saposoa district, San Martıń
department.
frontiersin.org
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0.70) and their high predictive capacity (R² ≥ 0.49) agree with

findings by Ferraz et al. (39), who reported similar patterns in

Brazilian coffee fields using kriging. Likewise, Valente et al. (40)

demonstrated that soil electrical conductivity strongly correlates

with P and K distribution, allowing efficient delineation of

management zones, as also observed in Alto Saposoa and Vista

Alegre. Evidence from Molin et al. (41) supports this approach,

showing up to 34% yield increases and 23% and 13% reductions in P

and K use, respectively, under variable-rate fertilization schemes.

Similarly, studies by Mwendwa et al. (5) and Silva et al. (42)

support the application of spatial interpolation models in

topographically complex environments, using grid-based or

auxiliary variables such as elevation to optimize sampling. In this

regard, altitude not only acts as a physical descriptor but also

modulates nutrient availability by influencing temperature,

moisture, and soil activity, as reported by Ge et al. (43) who

confirmed that altitudinal gradients alter K and P dynamics,

affecting mineralization and root uptake—as observed in Soritor.

Our integrated approach, which combines multivariate analysis

with kriging, is consistent with recent studies demonstrating

substantial improvements in coffee yield prediction when

covariates and outlier management strategies are incorporated.

These approaches enhance the accuracy of management zone
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mapping and increase the practical utility of models for variable-

rate fertilization decisions (6, 42).
4.3 Differentiated agronomic management
based on soil zoning

The integration of the obtained results allows establishing

specific soil management strategies for each of the three evaluated

zones, consistent with the spatial variability of soil properties,

plantation age, and yield patterns. These strategies are based on

significant correlations, functional gradients identified through

PCA, and spatial distribution validated by kriging.

The results described above show that precision agriculture

enhances fertilizer use efficiency and reduces environmental

impacts when spatial variability is transformed into management

zones and variable-rate prescriptions (44). In perennial crops with

architecture similar to coffee, variable-rate fertilization has

demonstrated operational stability and energy savings without

yield penalties, reinforcing the relevance of site-specific strategies

in deep-rooted systems (45, 46). Moreover, recent studies in Coffea

canephora have shown root concentration in the 0–30 cm layer, but

with genotypes exploring 50–60 cm depths, whose distribution
TABLE 4 Semivariogram models for soil properties in the Soritor district.

Variable Model Nugget (C0) Sill (C0 + C) Range (m)
PSV Cross-Validation

(C/C0 + C) R2 RMSE

pH Cubic 0.12 0.13 7729.58 0.10 0.64 0.40

EC (mS m−1) Exponential 0.04 0.45 7729.58 0.90 0.26 0.67

OM (%) Gaussian 0.12 0.25 7729.58 0.52 0.28 0.44

P(mg Kg−1) Gaussian 0.99 1.09 7729.58 0.10 0.62 1.16

K (mg Kg−1) Gaussian 0.77 1.38 7729.58 0.44 0.50 6.58

N (%) Gaussian 0.00 0.01 7729.58 0.78 0.33 0.09

Al (cmol+ Kg−1) Gaussian 0.50 0.65 7729.58 0.24 0.50 0.75

H (cmol+ Kg−1) Gaussian 0.73 0.92 7729.58 0.20 0.36 1.22

Ca (cmol+ Kg−1) Gaussian 0.76 1.16 7729.58 0.35 0.10 1.15

K (cmol+ Kg−1) Exponential 0.01 0.03 7729.58 0.64 0.47 0.24

Mg (cmol+ Kg−1) Exponential 0.01 0.04 7729.58 0.74 0.18 0.32

Na (cmol+ Kg−1) Exponential 0.00 0.00 7729.58 1.00 0.50 0.36

ECEC (cmol+

Kg−1)
Gaussian 0.30 0.61 7729.58 0.50 0.46 2.02

Sand (%) Exponential 0.20 0.57 7729.58 0.65 0.19 0.65

Clay (%) Spherical 0.35 0.95 7729.58 0.63 0.29 0.81

Silt (%) Linear 0.69 0.00 7729.58 0.00 0.61 0.88

Age Exponential 0.61 0.88 7729.58 0.31 0.52 2.93

Altitude (m.s.n.m) Exponential 0.38 1.77 7729.58 0.78 0.70 0.65

Yield (Kg ha) Gaussian 0.20 1.72 7729.58 0.89 0.23 1.28
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FIGURE 6

Spatial variability maps of soil pH, available P, available K (mg·kg−1) and silt (%) in coffee plantations of the Soritor district, San Martıń department.
TABLE 5 Semivariogram models in the Vista Alegre locality.

Variable Model Nugget (C0) Sill (C0 + C) Range (m)
PSV Cross-Validation

(C/C0 + C) R2 RMSE

pH Gaussian 0.00 0.23 2703.15 0.99 0.23 0.36

EC (mS m−1) Gaussian 0.32 1.12 2703.15 0.71 0.42 0.67

OM (%) Gaussian 0.23 0.84 2703.15 0.73 0.20 0.75

P(mg Kg−1) Gaussian 0.44 3.63 2703.15 0.88 0.49 1.16

K (mg Kg−1) Gaussian 0.45 4.61 2703.15 0.90 0.49 0.19

N (%) Linear 0.00 0.00 2703.15 0.00 0.32 0.15

Al (cmol+ Kg−1) Gaussian 0.09 1.27 2703.15 0.93 0.59 0.78

H (cmol+ Kg−1) Gaussian 0.12 1.55 2703.15 0.92 0.48 1.15

Ca (cmol+ Kg−1) Gaussian 0.18 2.04 2703.15 0.91 0.38 0.90

K (cmol+ Kg−1) Linear 0.01 0.00 2703.15 0.00 0.11 0.16

Mg (cmol+ Kg−1) Gaussian 0.11 0.49 2703.15 0.79 0.35 0.39

Na (cmol+ Kg−1) Gaussian 0.00 3.73 2703.15 1.00 0.45 0.02

ECEC (cmol+ Kg−1) Gaussian 0.03 1.93 2703.15 0.98 0.50 5.99

(Continued)
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shifts under shade trees—indicating water competition and the

need for depth- and distance-specific management (47, 48). By

analogy, in avocado, integrating remote sensing with soil moisture

sensors allows irrigation adjustment to the critical root zone, with

field solutions proving useful for estimating water stress and

scheduling irrigation (49, 50). Complementarily, in citrus,

predictive models of soil moisture/electrical conductivity provide

operational forecasts for irrigation and fertilization, while in cacao

and agroforestry systems, apparent electrical conductivity and

management zone delineation have proven effective for stratifying

environments and guiding input application (51–53). Literature on

deep-rooted crops such as sugarcane, along with recent studies on
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root architecture in annual crops, indicates that characterizing only

the surface layer may underestimate nutrient reserves and dynamics

relevant to yield. Therefore, for coffee plantations with roots

exploring subsurface layers, it is recommended to complement

surface sampling with subsurface cores or to incorporate auxiliary

variables that capture depth and root biomass effects (6, 47).

In Alto Saposoa, the high availability of P and K, along with

elevated CEC and potential cationic imbalances (Ca/Mg > 10),

suggest reducing phosphate and potassic fertilizer doses by up to

30% in zones exceeding 30 mg kg−1 P and 180 mg kg−1 K. Regular

monitoring of base saturation is recommended, avoiding liming

where pH > 5.5 and Al3+< 1 cmol kg−1.
TABLE 5 Continued

Variable Model Nugget (C0) Sill (C0 + C) Range (m)
PSV Cross-Validation

(C/C0 + C) R2 RMSE

Sand (%) Gaussian 1.01 1.75 2703.15 0.42 0.07 1.25

Clay (%) Gaussian 0.67 1.35 2703.15 0.50 0.56 4.17

Silt (%) Linear 0.42 0.00 2703.15 0.00 0.05 0.85

Age Cubic 0.08 0.14 2703.15 0.42 0.43 0.54

Altitude (m.s.n.m) Gaussian 0.20 0.71 2703.15 0.71 0.23 1.59

Yield (Kg ha) Gaussian 2.98 3.22 2703.15 0.08 0.07 1.99
FIGURE 7

Spatial variability maps of soil available P, available K (mg·kg−1), Al+3 (cmol·kg−1) and clay (%) in coffee plantations of the Vista Alegre district, San
Martıń department.
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In Soritor, the combination of silty soils, low fertility, and aging

plantations necessitates intensified nutrient replenishment,

particularly in areas with P< 15 mg kg−1 and K< 120 mg kg−1.

The negative correlation between plantation age and yield supports

implementing rejuvenation or pruning practices in plots older than

seven years. Furthermore, low OM and CEC require greater organic

residue incorporation to improve soil quality.

In Vista Alegre, the good buffering capacity (OM > 6%, CEC > 20

cmol kg−1) and moderate acidity levels indicate favorable soil stability.

Current management practices should be maintained, applying liming

only selectively (when Al3+ > 1.5 cmol kg−1 or pH< 5.5), and

reinforcing soil conservation practices to preserve long-term fertility.

Although this study provides a quantitative framework for soil

zoning in coffee plantations, its limitations must be considered.

Extrapolation of results to other regions requires validation,

particularly where topography or agronomic management differ

substantially. In line with recent reviews on precision agriculture in

coffee and findings from perennial and deep-rooted crops, future

research should integrate deeper soil profiles, biological indicators,

and multitemporal remote sensing data to strengthen model

predictability and facilitate the scalability of management zones at

farm and regional levels (6, 54).

Moreover, the integration of climatic and microbiological

information, as well as the use of digital decision-support

platforms, represents an emerging field with high potential to

enhance the sustainability and resilience of coffee production

systems under environmental variability scenarios (42, 55).
5 Conclusions

This study demonstrated that the physicochemical properties of

acidic soils (IQR = 4.30–5.70) in the study areas of the Alto Saposoa,

Soritor, and Vista Alegre districts significantly influence coffee

productivity, confirming the hypothesis that edaphic variability

conditions crop yield. Multivariate analyses revealed that organic

matter, cation exchange capacity (CEC), and the availability of P

and K are the main positive regulators of productivity, whereas

exchangeable sodium and silt content act as limiting factors.

Principal component analysis (PCA) identified functional axes

of the soil system that define fertility gradients and establish

contrasting edaphic domains among districts. These domains

reflect soil degradation or conservation processes associated with

management practices and crop age, supporting the need for

differentiated strategies: liming and replenishment of P and K in

Soritor, conservation of buffering capacity in Vista Alegre, and

control of cation balance (Ca, Mg, Na) in Alto Saposoa.

Geostatistical modeling validated the spatial structure of soil

properties and yield, confirming its usefulness for generating high-

precision fertility and productivity maps. These results consolidate

the applicability of multivariate and geostatistical analyses as

effective tools for site-specific coffee management, fostering more

efficient and sustainable agriculture.

The integration of these approaches with soil biological

indicators and climatic variables could improve yield prediction
Frontiers in Soil Science 14
at the regional scale. Likewise, field validation of fertility maps and

the implementation of GIS-based decision-support systems will

enable progress toward precision coffee agriculture, optimizing

input use and enhancing the resilience of coffee agroecosystems

in the Peruvian Amazon.
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Cajamarca, Lambayeque, Junıń, Ayacucho, Arequipa, Puno y

Ucayali” CUI 2487112.
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Generative AI statement

The author(s) declare that no Generative AI was used in the

creation of this manuscript.
frontiersin.org



Maita et al. 10.3389/fsoil.2025.1701602
Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated
Frontiers in Soil Science 15
organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found online

at: https://www.frontiersin.org/articles/10.3389/fsoil.2025.1701602/

full#supplementary-material.
References
1. Food and Agriculture Organization of the United Nations. FAOSTAT: Producción
de cultivos (2024). FAO. Available online at: https://www.fao.org/faostat/es/data/QCL/
visualize (Accessed June 17, 2025).

2. Integrated Agricultural Statistics System. Calendario agrıćola (2024). Ministerio
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