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Critical edaphic and altitudinal
factors influencing cation
exchange capacity in coffee-
growing soils of northeastern
Peru: implications for sustainable
fertility management
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Amazonas, Peru, “Facultad de Ciencias Agrarias, Universidad Nacional de San Martin, Tarapoto, Peru

Introduction: Effective cation exchange capacity (ECEC) is a key indicator of soil
fertility and sustainable soil management assessment in coffee-growing systems.
Methods: This study aimed to identify the principal edaphic and altitudinal factors
explaining ECEC variability in 69 soil samples collected from coffee farms in
northeastern Peru.

Results: ECEC results exhibited substantial variation, ranging from 0.14 to 55.49
cmol(+)-kg™* (mean = 15.21; SD = 12.47), and were significantly correlated with
organic matter (r = 0.71), clay content (r = 0.62), exchangeable acidity (r = —0.63),
and altitude (r = 0.33). Principal component analysis accounted for 64.3% of the
edaphic variability, identifying Ca®*, pH, Mg?*, and exchangeable acidity as the
most influential variables. The Random Forest model demonstrated high
predictive accuracy (R> = 0.93; root mean square error (RMSE) = 2.1 cmol
(+)-kg™), outperforming the generalized additive model (GAM) and identifying
Ca®* as the most important predictor (IncMSE% = 3177.37). A functional altitudinal
gradient was also evident: areas above 1150 m.a.s.l. showed higher acidity and
aluminium content, whereas areas below 900 m.a.s.l. exhibited greater base
saturation and higher ECEC.

Discussion: These findings support the development of sitespecific fertilization
strategies and soil-climate zoning, emphasizing the value of integrating
multivariate analyses with machine-learning models as key tools for optimizing
fertility management and coffee crop productivity in tropical mountain
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ecosystems; where soil texture represents a key factor influencing coffee
sustainability, as greater nutrient retention capacity and improved nutritional
balance are associated with enhanced potential for sustainable production and
reduced environmental impact.

KEYWORDS

altitude, cation exchange capacity, multivariate analysis, random forest, soil fertility,
soil zoning, sustainable coffee production, tropical soils

1 Introduction

Coffee farming is one of the most important agricultural
activities for Peru’s economy and rural development. Coffee
(Coffea arabica L.) propagate sexually and asexually using
microtunnels for rooting cuttings (1) and is the country’s fourth-
largest agricultural export, with annual production exceeding
400,000 tonnes and significantly contributing 7.8% to the gross
value of agricultural output (2). This activity directly supports more
than 223,000 farming households. It is practiced across 16 regions,
with San Martin standing out for its significant contribution to the
national production, representing 21.5% of the overall cultivated
area (3). Despite its economic relevance, many coffee-growing
plantations still rely on inadequate fertilization practices that
overlook soil spatial variability, resulting in inefficient nutrient
management and compromising long-term sustainability (4).

In this context, detailed knowledge of soil properties and their
interactions with environmental factors such as altitude is essential
for designing site-specific management strategies (5). Cation ex-
change capacity (CEC) is a key indicator of soil fertility, as it
determines the soil’s ability to retain and supply essential nutrients,
including Ca’t, Mg2+, K", and NH,", to plants. Its value is
influenced by intrinsic factors, such as organic matter content,
soil texture, and pH, as well as extrinsic factors, such as altitude,
which can affect organic matter accumulation and mineralization
(5). In tropical mountainous regions like northeastern Peru, the
interaction between soil and climate generates substantial soil
heterogeneity, directly influencing coffee-tree fertility and produc-
tivity (6, 7).

This complexity requires multivariate analytical approaches,
such as principal component analysis (PCA), generalized additive
models (GAM), and machine-learning algorithms like Random
Forest, to identify latent patterns, homogeneous zones, and key
variables relevant to agronomic management (8, 9). This study aims
to determine the most influential edaphic and altitudinal factors
affecting the CEC of coffee-growing soils in northeastern Peru,
using an integrated statistical and geostatistical approach to support
the identification of soil typologies and the development of more
efficient and sustainable fertilization strategies.

The physico-chemical properties of acidic soils in the districts of
Alto Saposoa, Soritor, and Vista Alegre, located in the San Martin
region of Peru, significantly influence coffee productivity, confirm-
ing the hypothesis that edaphic variability constrains crop perfor-
mance. In particular, soil organic matter, cation exchange capacity,
and the availability of P and K were identified as the main positive
regulators of productivity, whereas exchangeable sodium and silt
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content acted as limiting factors (10). In another study, Ahmed et al.
(11) reported both increases and decreases in secondary metabolites
and sensory attributes determining coffee quality in response to
changes in environmental and management conditions. The most
consistent evidence identified through this systematic review high-
lights two main trends: (1) increasing altitude is associated with
improved sensory attributes of coffee; and (2) increased light
exposure is associated with a decline in coffee sensory quality.

2 Materials and methods

The present study followed a quantitative, observational, and
cross-sectional design, integrating descriptive, inferential, multivar-
iate, predictive, and geostatistical approaches. This design enabled
the characterization of soil fertility variability and the modelling of
the determinants of effective cation exchange capacity (ECEC)
along an altitudinal gradient in coffee production systems.

2.1 Study area

The study was conducted in the Peruvian high jungle, specif-
ically in the districts of San José de Sisa and Santa Rosa, in the
province of El Dorado, in the San Martin region, an area well known
for its coffee production (Figure 1). The province’s climate corre-
sponds to a warm, humid highland jungle environment. The
average annual rainfall is approximately 1,157 mm, and annual
relative humidity averages 78.5%, typically fluctuating between 77%
and 80%. The mean annual temperature is around 25.0 °C, with
recorded minimums of 12.5 °C and maximums of 38.4 °C.
Regarding seasonal dynamics, the most intense rainfall occurs
between January and April, marking the onset of the rainy
season, followed by alternating dry and wet periods throughout
the remainder of the year. These historical climatic averages were
derived from meteorological data recorded at stations operated by
the National Service of Meteorology and Hydrology of Peru (12).

2.2 Soil sampling and analysis

RStudio software was used to determine sampling points using
the sample function from the sp package (13). The R script
generated sampling coordinates by integrating a raster layer with
high-resolution satellite imagery (e.g., Sentinel-2) as the basemap
and applying a stratified sampling design. A total of 69 soil samples
were collected at a depth of 30 cm from fields managed by
coffee producers.
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The collected samples were analysed at INIA (Instituto
Nacional de Innovacion Agraria)’s Soil, Water, and Foliar
Laboratory network. The variables assessed formed part of a
comprehensive soil characterization following established reference
methodologies. Soil texture (sand, silt, and clay percentages) was
determined using the Bouyoucos hydrometer method (14). Soil pH
was measured according to the U.S. Environmental Protection
Agency (15) guidelines. Organic matter (OM) content was analysed
according to the protocol of the Secretariat of the Environment and
Natural Resources (16), while total nitrogen (N) was determined in
accordance with the International Organization for Standardization
(17). Available phosphorus (P) in both neutral and acidic soils was
measured using the method of Bray et al. (18), and available
potassium (K) was measured according to Helmke et al. (19).
AP*, Cat, Mg2+, K*, and Na") were
quantified following the procedures of Sumner et al. (20). In

Exchangeable cations (H",

addition, soil property data with a spatial resolution of 250 m for
the 15-30 cm depth interval were retrieved from the SoilGrids
database in TIFF format and processed to extract the correspond-
ing values.

2.3 Statistical analysis

All statistical analyses were performed using R software version
4.5.2 (13) within the RStudio environment. Spatial analyses were
conducted using the packages sf, terra, gstat, and automap under the
same software version, ensuring full computational reproducibility.
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2.3.1 Descriptive statistics

For this analysis, exploratory data analysis and visualisation
techniques were applied to the soil dataset comprising 69 soil
samples from coffee plots. The summary function and the describe
function from the psych package (2023) were used to estimate the
following:

1

K=l i s sey

n

Sexi-%)?

SE =

Ja

Mean (X), standard deviation (s), standard error (SE), and

. CV(%) = (%))(100

coefficient of variation (CV) were computed. These metrics enabled
the assessment of soil heterogeneity, particularly the detection of
extreme soil acidity and variability in organic matter and available
cations. The results were visualized using boxplots, histograms, and
customised graphics generated with the ggplot2 package (21), which
facilitated the identification of outliers and non-normal distribu-
tions. This combined methodological approach enabled the detec-
tion of preliminary patterns that justified the subsequent
application of multivariate techniques.

2.3.2 Pearson correlation
To evaluate the bivariate relationships among soil variables,

Pearson’s correlation coefficient (r) was computed using the cor
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function in R, following the approach described by Wei et al. (4).
This coefficient is calculated as:

 SGi-9Gi-7)
r=
\/E(xi—i)z . \/E(yi-y)z

Visualisation was carried out using heatmaps generated with

ggplot2 and corrplot, which facilitated the identification of associ-
ations between ECEC and other variables such as OM, pH, and
exchangeable acidity. Statistical significance of the correlations was
assessed using the cor.test function.

2.3.3 Principal component analysis

This multivariate analysis used principal component analysis
(PCA) via the prcomp function to reduce data dimensionality and
identify latent patterns. Visualisations were generated using
fviz_pca_biplot from the factoextra package. The PCA revealed
that the first two principal components accounted for a large
proportion of the total variance and enabled the segmentation of
edaphic units into distinct clusters, information crucial for agro-
nomic decision-making (13).

2.3.4 Generalized additive models

A generalized additive model (GAM) was fitted using the gam
function from the mgcv package, employing an identity link
function and a Gaussian distribution (22). The model evaluated
ECEC as the dependent variable as a function of smoothed
predictors (penalized splines) as follows:

Yl =0+ EJP:lSj (Xij)+ Ei

2.3.5 Random forest model

The Random Forest (RF) model was implemented to predict
effective cation exchange capacity (ECEC) as a function of 15 soil
and altitude variables, using the randomForest package in R as
described by Liaw et al. (23). The algorithm constructs an ensemble
of multiple regression trees and aggregates their predictions, allow-
ing it to capture complex non-linear relationships without requiring
assumptions of normality or linearity (24).

h(x)

~<

Il
= -
-

=1
T = number of trees; h(x) = prediction of the t-th tree; ¥ = final
predicted value.

2.3.6 Cross-validation

K-fold cross-validation (k = 5) was applied to evaluate the
performance of the GAM and RF models. The coefficient of
determination (R*) and the root mean square error (RMSE) were
calculated following standard procedures (25).
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1 n
RMSE = \/;Z(Zl(xl) ~Z, (x)))?

The selection of the analytical methods employed was driven by
the high heterogeneity and complexity of the evaluated tropical
soils. Descriptive statistics and Pearson correlation analysis were
used to identify preliminary patterns and bivariate associations.
Principal component analysis (PCA) was applied to reduce dimen-
sionality and detect multivariate fertility gradients. The generalized
additive model (GAM) was used to capture potential nonlinear
relationships between effective cation exchange capacity (ECEC)
and its predictors, whereas the Random Forest model was applied to
model complex interactions and rank variable importance without
assuming normality. Finally, universal kriging was implemented to
model spatial dependence and interpolate ECEC after confirming
spatial autocorrelation.

2.4 Spatial analysis

The spatial distribution of cation exchange capacity (CEC) in
the study area was determined using a comprehensive geostatistical
kriging workflow implemented in R Study version 4.5.2 (13). The
analysis began with data preparation, in which soil sampling points
within CEC measurements and their geographic coordinates were
integrated with the study area boundary and an environmental
covariate (elevation). All spatial layers were harmonised to a unified
coordinate reference system (WGS 84/UTM Zone 18S,
EPSG:32718) using the sf and terra packages. A spatial autocorre-
lation analysis using Moran’s I statistic confirmed that the CEC
values exhibited significant spatial clustering (p < 0.05), validating
the use of geostatistical interpolation methods. For the universal
kriging (UK) scenarios, elevation values were extracted for all
sampling locations to incorporate this covariate into trend model-
ling. This variable enabled the capture of potential topographic
effects on CEC spatial variability and improved the model’s pre-
dictive accuracy.

The core of the analysis focused on variogram modelling and
kriging interpolation using the gstat package. An empirical
variogram was first computed to quantify how the CEC variance
changes with distance between sampling locations. Subsequently,
theoretical variogram models (spherical, exponential, Gaussian,
and Matern) were automatically fitted using the automap package.
The optimal variogram model was selected using weighted least
squares, yielding key geostatistical parameters, including the
nugget effect (micro-scale or measurement-error variance), partial
sill (structured spatial variance), and range (distance of spatial
influence). Given the availability of auxiliary environmental data,
universal kriging (UK) was applied to incorporate elevation,
extracted from NASA JPL (26), as an explanatory trend variable.
The fitted variogram model was then used to interpolate CEC
values over a regular prediction grid with 50 m spatial resolution
across the entire study area. In parallel, the kriging variance was
calculated to quantify the spatial uncertainty associated with
the predictions.
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The model was validated using k-fold cross-validation (k = 5),
in which the dataset was iteratively partitioned into k subsets, with
one subset used for testing and the remaining k-1 for training. For
each fold, the variogram was re-fitted using only the training data,
and predictions were generated for the withheld test locations to
emulate an independent validation process. Performance metrics,
including root mean square error (RMSE), mean absolute error
(MAE), coefficient of determination (R?), and bias, were calculated
to assess the interpolation’s accuracy.

3 Results
3.1 Descriptive statistics

The descriptive results for the 69 coffee-growing soil samples
revealed substantial variability across the evaluated soils (Table 1).
Soil pH averaged 4.87 (SD = 1.14), ranging from 3.4 to 7.5,
indicating that most soils are strongly acidic, although some units
fall within moderately acidic to neutral conditions. Electrical
conductivity (EC) exhibited a mean of 14.06 dSm™ (SD = 7.37),
suggesting highly saline levels. Organic matter (OM) averaged
4.30% (SD = 2.76), with extreme values ranging from 0.7% to
13.9%, indicating soils that vary from very poor to very rich in
organic content, likely influenced by differences in altitude and
vegetation cover. Available phosphorus (P) exhibited a highly
dispersed distribution (M = 10.27 mg kg''; SD = 12.40), reaching
a maximum of 84.6 mg kg™', suggesting localized fertilization events
or natural accumulation processes. Available potassium (K) showed
a mean value of 112.56 mg kg™ (SD = 63.49), while total nitrogen
(N) remained low (M = 0.21%; SD = 0.13), indicating a limitation of
this macronutrient in most soils. Exchangeable acidity averaged
2.83 cmol(+)-kg ™!, with high variability (SD = 3.63), confirming the
presence of sites with strong active acidity.

Regarding effective cation exchange capacity (ECEC), the soils
averaged 15.21 c:m01(+)-kg’1 (SD = 12.47), with a wide range from
nearly negligible levels (0.14) to highly reactive soils (55.49),
reflecting pronounced soil heterogeneity across the study area.
Exchangeable Ca**, Mg, and K" also exhibited high
variability, with Ca*" emerging as the dominant base cation
(M = 10.54 cmol(+)~kg'1; SD = 12.82). Textural analysis revealed
a predominance of loam- to sandy-loam soils, with average pro-
portions of 54.64% sand, 26.11% clay, and 19.25% silt. Altitude
varied markedly among sampling plots, ranging from 462 to 1,362
m.a.sl. (M = 963.32; SD = 255.33), a variable known to strongly
influence soil pH and organic matter.

In general, the standard error coefficients were low across most
variables, indicating high precision in estimating their mean values.
This statistical consistency reinforces the need to evaluate how
interactions among pH, OM, soil texture, and altitude influence
ECEC and, consequently, the fertility and long-term sustainability
of these coffee-growing soils.
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3.2 Statistical analysis

Bivariate associations between the main physico-chemical soil
properties were analysed using Pearson’s correlation coefficient
(Figure 2) to identify multivariate patterns that explain the vari-
ability of effective cation exchange capacity (ECEC) in coffee
plantations in north-eastern Peru. The ECEC showed substantial
and statistically significant positive correlations with organic matter
(r = 0.71"%) and clay content (r = 0.62***), and a moderate but
significant association with altitude (r = 0.33*). These results
suggest that these three factors are key determinants of cation
retention in acidic soils. Likewise, soil pH showed strong negative
associations with exchangeable acidity (r = —0.65***), exchangeable
aluminium (r = -0.59***), and exchangeable hydrogen (r =
-0.51***), confirming its buffering role against acid toxicity in
highly leached soils. A positive relationship was also observed
between sand content and pH (r = 0.36**), and an inverse
association between clay content and pH (r = —0.42***). These
patterns reflect the structural influence of soil texture on acid-
ity dynamics.

The organic matter content also showed a strong positive
association with altitude (r = 0.53***) and a negative correlation
with sand (r = -0.60***), which may be attributed to greater organic
matter accumulation rates in higher, more humid environments,
where lower mineralization prevails. Similarly, clay content corre-
lated negatively with sand (r = -0.83***), as expected from the
inherent balance of soil textural fractions. Overall, the visualization
enabled the identification of clusters of highly interrelated variables,
supporting the selection of robust predictors for subsequent mul-
tivariate analyses such as PCA and GAM. Correlation coefficients
were represented using a colour gradient (blue for positive associ-
ations and red for negative associations), while significance levels
were denoted using asterisks (p < 0.05%, p < 0.01**, p < 0.001***),
following APA standards.

3.3 Principal component analysis by soil
characteristics

A principal component analysis (PCA) was performed using 11
edaphic and altitudinal variables, thereby identifying latent multi-
variate patterns that explain soil fertility variability in coffee-
growing areas of the El Dorado district. The first two principal
components (Diml and Dim2) accounted for 71.2% of the total
variance in the dataset, with Dimension 1 explaining 45.0% and
Dimension 2 explaining 26.2% (Figure 3).

Dimension 1 (the horizontal axis of the biplot) was strongly
associated with key fertility variables, including Ca?t, Mgz+, K*, and
effective cation exchange capacity (ECEC). These indicators showed
factor loadings above 0.70, indicating strong explanatory power
within the first component. Organic matter (OM) also aligned
positively with this dimension (loading > 0.65). In contrast, ex-

13+

changeable acidity and AI*" projected in the opposite direction, with

substantial negative loadings (< -0.60), revealing a chemical
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TABLE 1 Descriptive statistics of soil physico-chemical properties and altitude.

10.33

89/fs0il.2026.1770292

Variable \| Mean SD Minimum Maximum Median Range SE
pH 69 4.87 1.14 3.40 7.50 4.60 4.10 0.14
EC (dS/m) 69 14.06 7.37 3.50 36.10 12.90 32.60 0.89
OM (%) 69 4.30 2.76 0.70 13.90 3.50 13.20 0.33
P bray (mg kg'") 69 10.27 12.40 0.40 84.60 6.60 84.20 1.49
Avail K mg kg 69 112.56 63.49 20.00 292.26 103.97 272.26 7.64
Total N (%) 69 0.21 0.13 0.00 0.70 0.18 0.70 0.02
Exc Acidity (cmol(+)/kg) 69 2.83 3.63 0.00 13.60 0.70 13.60 0.44
Exc H (cmol(+)/kg) 69 1.61 1.67 0.00 5.40 0.70 5.40 0.20
Exc Al (cmol(+)/kg) 69 1.22 2.17 0.00 9.10 0.00 9.10 0.26
CaCOs; (%) 69 0.30 1.00 0.00 4.70 0.00 4.70 0.12
Exc Ca (cmol(+)/kg) 69 10.54 12.82 0.31 50.29 4.10 49.98 1.54
Exc K (cmol(+)/kg) 69 0.31 0.21 0.00 1.01 0.27 1.01 0.03
Exc Mg (cmol(+)/kg) 69 1.46 1.38 0.11 7.85 0.97 7.74 0.17
Exc Na (cmol(+)/kg) 69 0.13 0.18 0.00 0.60 0.00 0.60 0.02
ECEC (cmol(+)/kg) 69 15.21 12.47 0.14 55.49 11.77 55.35 1.50
Sand (%) 69 54.64 13.37 3331 79.53 51.38 46.22 1.61
Clay (%) 69 26.11 9.41 10.74 43.59 27.84 32.85 1.13
Silt (%) 69 19.25 5.85 5.93 32.07 19.34 26.14 0.70
Altitude m a.s.l. 69 963.32 255.33 462.00 1362.00 1069.00 900.00 30.74
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FIGURE 2

Matrix of non-parametric bivariate Spearman correlations between edaphic and altitudinal variables. * — p < 0.05 (significant) ** — p < 0.01 (very
significant) *** — p < 0.001 (highly significant)

Frontiers in Soil Science

06

frontiersin.org


https://doi.org/10.3389/fsoil.2026.1770292
https://www.frontiersin.org/journals/soil-science
https://www.frontiersin.org

Diaz-Chuquizuta et al.

10.3389/fs0il.2026.1770292

Dim 2 (26.2%)

Dim 1 (45%)

FIGURE 3
Principal component analysis biplot based on edaphic characteristics.

Col.

® Group 1: High pH, moderate OM
A Group 2: High acidity and A+

MW Group 3: Low CEC and scarce OM

Cluster

[®] Group 1: High pH. moderate oM
E‘ Group 2: High acidity and AP+
|E| Group 3: Low CEC and scarce OM

gradient that distinguishes highly acidic soils from those with
greater base saturation. Dimension 2, meanwhile, primarily
showed variations related to soil acidity and structural properties.
Variables such as soil pH and exchangeable Na* were projected in
the opposite direction to exchangeable acidity and AI’" axes,
indicating a possible differentiation of soil units with greater
chemical stability. The analysis enabled grouping the observations
into three edaphic clusters with quantifiable differences. Group 1
was characterized by higher pH values (M = 5.9) and medium to
high ECEC levels (M = 19.6 cmol(+)-kg71), indicating more ba-
lanced chemical conditions. In contrast, Group 3 showed low ECEC
values (M = 4.3 cmol(+)~kg71) and a predominance of active acidity
(AP’* and HT), suggesting lower fertility and greater risk of AI’**
toxicity. Group 2, representing an intermediate condition, clustered
plots with moderate ECEC but high acidity, highlighting a critical
zone for soil management interventions. Overall, these results
indicate that ECEC is strongly influenced by the concentrations
of Ca**, Mg®", and OM, whereas its antagonistic relationship with
exchangeable acidity reflects the competition between basic cations
and protons for cation exchange sites in the soil. This multivariate
classification supports the design of differential fertilization strate-
gies and corrective amendments to optimize the agronomic man-
agement of coffee crops.

3.4 Principal component analysis by
textural class

Principal component analysis (PCA) stratified by texture class
was used to evaluate how different soil fractions (sand, silt, and clay)
condition soil composition and, consequently, fertility in coffee-
growing soils in the El Dorado district. The resulting biplot
(Figure 4) showed a clear differentiation among texture classes,
highlighting three dominant categories, clayey loam, sandy clay
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loam, and loamy sand, with well-defined groupings on the facto-
rial plane.

Clayey loam soils were positioned in the right quadrant of the
biplot, closely associated with variables such as ECEC, Ca*", Mg2+,
and OM, indicating favourable chemical behaviour. This group
exhibited the highest ECEC levels (M = 28.65 cmol(+)~kg’1,
SD = 18.51) and elevated Ca** concentrations (M = 20.51 cmol
(+)~kg_1, SD = 17.99), supporting their greater nutrient retention
capacity and active colloidal structure. Moreover, the organic
matter content was notably high (M = 6.37%, SD = 3.52), reinforc-
ing the hypothesis that this texture class promotes the accumulation
of humic fractions and a higher density of effective surface charges.

In contrast, the loamy sand soils were positioned in the lower-
left region of the biplot, far from the edaphic centroid and in the
opposite direction of the ECEC and exchangeable base axes. These
units were characterized by chemically limiting behaviour, with low
ECEC values (M = 4.75 cmol(+)-kg_1), reduced exchangeable Ca**
M = 3.62 cmol(+)~kg_1), and scarce organic matter content
(M = 1.92%). This pattern reflects the limited capacity of the
exchange complex to retain nutrients, a typical condition of sandy

soils, which exhibit weak aggregation and a minimal proportion of
active colloidal fractions.

Sandy clay loam soils and intermediate textures exhibited
greater dispersion across the factorial space, reflecting wide hetero-
geneity in their edaphic properties. Although their ECEC and
exchangeable base contents were intermediate, they showed a
marked tendency toward acidity, as indicated by their proximity

vectors associated with AI**

and exchangeable acidity. This textural
pattern analysis reinforces the idea that soils with a higher clay
content have superior nutrient retention capacity due to their
greater specific surface area. These findings validate the use of
PCA as an effective tool for delineating soil units with distinct

management requirements, thus supporting agronomic zoning and
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the design of site-specific fertilization strategies in coffee-grow-
ing systems.

3.5 Principal component analysis by
altitude

Regarding altitudinal effects, plots located at high altitudes
(>1150 m.a.s.l) were predominantly clustered in the upper-left
quadrant of the biplot, closely associated with vectors representing
exchangeable acidity (exc_Acidity) and exchangeable aluminium
(AP’"). These soils exhibited more acidic chemical conditions, likely
driven by intensified leaching processes under higher precipitation
and lower organic matter mineralization rates. Statistically, this
group showed lower mean pH values (M = 4.2) and higher AI**
concentrations (M = 2.74 cmol(+)-kg '), suggesting a potentially
restrictive edaphic environment for coffee cultivation in the absence
of corrective management practices such as liming.

The medium-altitude group (900-1150 m.a.s.1.) showed greater
dispersion in the PCA ordination space, indicating higher edaphic
heterogeneity. Nevertheless, these soils were positioned in an
intermediate zone between those dominated by active acidity and
those enriched in exchangeable bases. This pattern suggests a
transitional edaphic condition along the altitudinal
gradient, where processes of moderate organic matter accumulation
and partial saturation of the exchange complex coexist.
Accordingly, this group displayed intermediate ECEC values
M = 12.6 cmol(+)okg’1) and an average organic matter content
of 3.9%, supporting its characterization as a transition zone.

Finally, soils at lower elevations (<900 m.a.s.l.) were concen-
trated in the lower-right quadrant of the biplot, closely aligned with
variables such as Ca*, Mg2+, K", ECEC, and pH. This pattern
indicates greater availability of exchangeable bases and lower levels
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of active acidity. These soils exhibited the highest mean ECEC
M=223 cmol(+)-kg71) and Ca** content (M = 17.2 cmol(+)-kg71),
suggesting higher fertility and greater cation exchange capacity at
lower altitudes. This altitudinal stratification reinforces the hypoth-
esis that altitude acts as an indirect modulator of soil fertility by
influencing organic matter accumulation, pH regulation, and cation
balance. Consequently, this environmental gradient should be
explicitly considered in agroecological zoning and in the design of
differential liming practices and fertilization strategies (Figure 5).

3.6 Generalized additive model

A generalized additive model (GAM) with an identity link
function and a Gaussian error distribution was fitted to model
effective cation exchange capacity (ECEC) as the dependent vari-
able, using 15 soil and altitudinal predictors represented by penal-
ized smoothing splines. The statistical contribution of each
predictor was evaluated using the F statistic and the effective degrees
of freedom (EDF). The results indicated that exchangeable calcium
[s(Ca**)] was the most influential predictor of ECEC (F = 1265.66;
EDF = 1.00), with a highly significant non-linear effect.
Exchangeable magnesium (s(Mg>")) also exhibited a strong influ-
ence (F = 78.26; EDF = 1.00), followed by sand content (s(Sand %);
F =22.24; EDF = 0.41). Moderate effect predictors included s(Silt %)
(F = 5.22; EDF = 0.89), s(Clay %) (F = 3.59 EDF = 0.71), s(AI*")
(F = 1.96; EDF = 5.21), s(exchangeable acidity %) (F = 1.83;
EDF = 1.82), and s(available P) (F = 1.75; EDF = 3.41). In contrast,
several predictors showed limited statistical contribution to the
model, including s(Na*) (F = 0.36; EDF = 1.00), s(total N) (F = 0.23;
EDF = 1.00), s(pH) (F = 0.23; EDF = 1.00), s(altitude) (F = 0.22;
EDF = 1.00), s(K*) (F = 0.14; EDF = 1.00), s(OM) (F = 0.013;
EDF = 1.00), and s(available K) (F = 0.006; EDF = 1.00).
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Overall, the model explained a high proportion of the total
variability in ECEC (adjusted R* = 0.89), indicating an adequate fit
to the observed data. Parameter estimation was conducted using the
restricted maximum likelihood (REML) method, which is well-
suited for penalized regression models incorporating multiple
smooth terms (Figure 6).

3.7 Random forest model

A Random Forest (RF) model was implemented to predict effective
cation exchange capacity (ECEC) in coffee-growing soils of northeast-
ern Peru, using 15 soil and altitudinal variables as predictors. Variable
importance was assessed using the percentage increase in mean
squared error (IncMSE%), which estimates the loss of model accuracy
when the values of a given predictor variable are randomly permuted.

The results indicated that exchangeable calcium (Ca**) was the
most influential variable in predicting ECEC, with an importance
value of 3177.37 IncMSE%, highlighting its dominant and strongly
non-linear relationship with the response variable. This was fol-
lowed by soil pH (1638.36 IncMSE%) and exchangeable acidity
(1595.95 IncMSE%), both of which also exerted a substantial
influence on model performance. Variables with intermediate
importance included exchangeable potassium (K*; 1021.95
IncMSE%), exchangeable magnesium (Mg2+; 667.14 IncMSE%),
total nitrogen (N; 526.70 IncMSE%), available potassium (K;
428.54 IncMSE%), and organic matter (OM; 365.97 IncMSE%).
In contrast, variables with relatively lower contributions to model
accuracy were clay content (%; 212.31 IncMSE%), sand content (%;
169.46 IncMSE%), available phosphorus (P; 128.65 IncMSE%),
altitude (99.74 IncMSE%), exchangeable sodium (Na'; 91.94
IncMSE%), silt content (%; 81.92 IncMSE%), and exchangeable
aluminium (AI**; 70.60 IncMSE%).
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From a statistical perspective, the Random Forest model re-
vealed a clear hierarchy in variable importance, dominated by basic
cations, particularly Ca®", and by parameters related to soil reaction
(pH and exchangeable acidity). This pattern is characteristic of non-
parametric models, which are well-suited to capturing complex
non-linear interactions and combined effects among soil properties.

The Random Forest model was fitted with 500 decision trees
(ntree = 500), achieving high predictive performance with a
validated coefficient of determination (R*) of 0.93 and a root
mean square error (RMSE) of approximately 2.1 units of ECEC.
These results indicate satisfactory model fit and strong predictive
capability. Finally, prediction variables with comparatively low
influence on model performance included the silt fraction [Silt
(%), IncMSE = 114.7%] and exchangeable aluminium (AI’",
IncMSE = 101.3%), suggesting a limited direct contribution to
ECEC variability within the modelled system.

Overall, the Random Forest model exhibited high predictive
performance, with a coefficient of determination (R*) of 0.93 and a
low root mean square error (RMSE) following cross-validation.
These results demonstrate the model’s robustness and its effective-
ness in identifying and ranking critical edaphic factors controlling
effective cation exchange capacity (ECEC) in tropical coffee-grow-
ing ecosystems (Figure 7).

3.8 Performance cross-validation between
the GAM and random forest models

K-fold cross-validation (k = 5) was applied to compare the
predictive performance between the generalized additive model
(GAM) and the Random Forest (RF) model, both designed to
estimate effective cation exchange capacity (ECEC) based on soil
physico-chemical properties and altitudinal variables.
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FIGURE 6
Relative importance of predictors in the generalised additive model.

The results demonstrated clear superiority of the Random
Forest model, which achieved a mean validated coefficient of
determination (R?) of 0.93 and a root mean square error (RMSE)
of approximately 2.1 ECEC units. In contrast, the GAM exhibited
slightly lower predictive performance, with a validated R* of 0.89
and an RMSE of approximately 3.4 CICe units.

These results indicate that, although both models exhibit high
predictive performance, the Random Forest model explains a
greater proportion of the variance in ECEC and yields a lower
prediction error. This difference suggests that Random Forest

EDF=

1000
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captures complex nonlinear relationships and interactions among
soil variables more effectively, whereas the GAM is particularly
useful for interpreting smoothed individual effects.

3.9 Spatial distribution of cation exchange
capacity

Geostatistical analysis of the 69 soil samples revealed a signif-
icant spatial structure in the distribution of CEC across the study
area. Spatial autocorrelation analysis, assessed using Moran’s I
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statistic, yielded a value of 0.1314 (p = 0.015), indicating statistically
significant positive spatial clustering. This pattern suggests that
areas with high CEC values tend to be located near other high-value
areas, while low CEC values are similarly spatially associated. These
findings confirm the presence of spatial dependence in CEC and
validate the use of kriging interpolation methods to predict CEC at
unsampled locations.

Variogram modelling identified the exponential model as the
best-fitting theoretical structure, characterized by a nugget effect of
49.37 (representing 23.5% of the total variance), a partial sill of
160.44, and a range of 1,199 m (Figure 8). The spatial dependency
ratio of 76.5% was classified as strong, indicating that most of the
variability in CEC is spatially structured rather than random, thus
providing favourable conditions for reliable kriging interpolation.
This relatively large range suggests that CEC remains spatially
correlated over distances exceeding one kilometre, reflecting the
influence of large-scale environmental gradients, likely driven by
topographic and edaphic factors across the landscape.

The application of universal kriging (UK), incorporating eleva-
tion as an external drift to capture spatial trends, generated
continuous prediction surface interpolations of CEC across the
entire study area at a 50 m spatial resolution (Figure 9), along with
kriging variance maps, which were produced to quantify the spatial
uncertainty associated with the predictions (Figure 10). The uncer-
tainty analysis indicated a mean kriging variance of 180.86, with
approximately 11.7% of the study area classified as high uncertainty
(variance > 228.72). This relatively limited extent of high-uncer-
tainty zones suggests that the sampling design provided generally
adequate spatial coverage, resulting in moderate to high confidence
in most predictions. Areas of low prediction variance were primar-
ily located near sampling points and in regions where the elevation
covariate effectively explained CEC variability. In contrast, zones of
higher uncertainty were concentrated in sparsely sampled areas,
where spatial extrapolation is inherently less reliable (Figures 9, 10).

Validation of the model using 5-fold cross-validation yielded
mixed performance metrics, warranting careful interpretation. The
RMSE of 11.57 and the MAE of 8.36 represent moderate prediction

10.3389/fs0il.2026.1770292

errors relative to the observed range of CEC values in the dataset.

However, the low coefficient of determination (R* = 0.127) suggests
that the model explains only 12.7% of the total CEC variance,
reflecting limited predictive capacity. Despite this, the model dem-
onstrated excellent calibration, with a minimal bias of 0.211 (equiv-
alent to 1.39% of the mean CEC), indicating the absence of systematic
over- or underestimation across the prediction range. This unbiased
behaviour, together with the strong spatial dependence identified in
the variogram analysis, supports the model’s predictive utility for
identifying broad spatial patterns and delineating management zones.

However, individual predictions should be interpreted with caution.

4 Discussion

4.1 Principal component analysis by soil
characteristics

The high edaphic variability observed in coffee-growing soils of
north-eastern Peru, particularly in pH, organic matter (OM),
exchangeable acidity, and ECEC, reflects a marked agroecological
complexity that requires multivariate approaches for proper inter-
pretation (27, 28). The mean soil pH (4.87) confirms the predom-
inance of acidic soils, which are negatively associated with AI** and
active acidity, as evidenced by significant correlations (r = —0.59
and -0.65, respectively) and negative loadings on the first
PCA dimension (Diml) (29). ECEC showed strong associations
with Ca*", Mg2+, and OM across PCA, GAM, and Random Forest
models, reaffirming its role as a key indicator of soil fertility in
tropical environments (30, 31). The GAM identified exchangeable
Ca?" as the most influential predictor (F = 1,265.66), while the
Random Forest model ranked it as the most important variable
(IncMSE% = 3,177.37), surpassing even soil pH and exchangeable
acidity. These findings are consistent with previous studies high-
lighting the dominant role of basic cations in nutrient retention and
exchange processes in coffee-growing agroecosystems (32, 33).
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Soil texture also strongly influenced ECEC distribution.
Clay loam soils exhibited the highest values of ECEC (M = 28.65
cmol(+)-kg ™), OM (M = 6.37%), and exchangeable Ca** (M = 20.51
cmol(+)kg™"), supporting their superior colloidal activity and
charge retention capacity (34, 35). In contrast, sandy-textured
soils were characterized by low ECEC and OM contents, indicating
reduced exchange capacity and greater susceptibility to nutrient
leaching, a pattern commonly observed in coarse-textured tropical
soils (36).

4.2 Principal component analysis by
altitude

The altitudinal gradient emerged as another key modulator of
soil fertility. High-altitude soils (>1,150 m.a.s]l) were associated
with greater acidity and higher AI’* concentrations, whereas low-
altitude soils (<900 m) exhibited higher ECEC and base saturation.
This vertical stratification aligns with previous studies that have
associated altitude with OM accumulation and soil acidification
(37). Furthermore, the positive correlation between altitude and
OM (r = 0.53***) supports the hypothesis that higher elevations
promote organic matter accumulation due to lower temperatures
and reduced mineralization rates (38). Furthermore, temperature
appears to be a determining factor influencing the edaphic charac-
teristics of soils under coffee vegetation cover along the altitudinal
gradient, likely due to slower decomposition processes (39).
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FIGURE 10
Uncertainty map based on kriging variance
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4.3 Performance cross-validation between
the GAM and random forest models

Cross-validation between the GAM and RF models demon-
strated superior predictive performance of the Random Forest
approach (R* = 0.93; RMSE = 2.1), suggesting that non-parametric
models are better suited to capturing complex non-linear interac-
tions among soil variables (24, 40). Nevertheless, the GAM offered
greater interpretability of smoothed individual effects, which is
particularly valuable for designing targeted agronomic recommen-
dations and soil management strategies (41).

The variogram fitted to the exponential model showed a
moderate nugget effect, indicating acceptable data quality, some
short-range variability, and a well-defined spatial structure suitable
for kriging. The estimated range, exceeding 1,000 m when defining
spatial influence, suggests the presence of large-scale spatial patterns
and supports the efficiency of kriging even with relatively dispersed
sampling designs. Variograms can also be used to guide sampling
strategies; for instance, the sampling interval is often recommended
to be less than half of the spatial dependence range. In this context,
Kerry et al. (42) proposed defining appropriate sampling intervals
for future soil studies using average variogram ranges and stan-
dardized mean variograms derived from four parent materials in
southern England, adopting half the variogram range as a practi-
cal reference.

The uncertainty maps generated in this study provide practical
guidance for adaptive sampling strategies by identifying specific
locations where additional soil samples would most effectively
improve prediction accuracy in future assessments. Digital soil
mapping products provide estimates of soil properties that vary
by location. These estimates have some spatial uncertainty, which is
not evenly distributed across the area. Explicitly quantifying spatial
uncertainty enhances mapping quality by enabling the optimization
of sampling efforts, particularly in areas with sparse observations or
high prediction variance (43).

4.4 Spatial distribution of cation exchange
capacity

The low R? values obtained during model validation can be
attributed to several factors: (1) the high intrinsic variability of CEC,
driven by complex soil-forming processes that are not fully cap-
tured by elevation alone; (2) potential non-stationarity in the spatial
structure across a heterogeneous landscape; and (3) the need of
additional environmental covariates required to model spatial
trends adequately. Consequently, several improvements are recom-
mended. First, targeted additional sampling in areas of high
uncertainty would help reduce prediction variance. Second, incor-
porating complementary environmental covariates (e.g., terrain
derivatives, vegetation indices, or climate variables) could enhance
the performance of Universal Kriging (UK). Finally, the application
of alternative geostatistical approaches, such as regression kriging, is
strongly recommended. Due to its popularity, practicality, and
robustness, regression kriging is widely used as a hybrid spatial
interpolation technique within the digital soil mapping toolkit to
model soil distribution patterns across multiple spatial and tempo-
ral scales (44).
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One of the limitations of this study was the lack of assessment of
soil microfauna, which plays an important role in carbon aggregate
formation and soil stabilization (45). Although it is true that the
coffee crop is a mycotrophic crop, in this study the fungal potential
and its response to the edaphic characteristics at the altitudinal level
were not evaluated. Coffee is highly dependent on symbiotic
associations with arbuscular mycorrhizal fungi, which enhance
nutrient uptake and contribute to shaping soil properties (46). In
addition, redundancy analysis revealed that microbial phyla were
closely associated with soil pH. These findings suggest that Coffea
arabica cultivation at mid- to high-elevation zones may favour
more sustainable management and improved bean quality (47).
Furthermore, edaphic properties are strongly influenced by the
continuous input of plant residues across different coffee produc-
tion systems.

5 Conclusions

This study demonstrated, through a multivariate statistical
approach, that effective cation exchange capacity in coffee-growing
soils of north-eastern Peru is strongly influenced by key edaphic
variables, particularly exchangeable calcium, magnesium, organic
matter, soil texture, and altitude. Descriptive statistics revealed high
data dispersion, justifying the application of non-linear models and
dimensionality reduction techniques. Pearson’s correlation analysis
showed significant positive associations between ECEC and OM,
clay content, and altitude. In contrast, soil pH exhibited strong
negative correlations with exchangeable acidity and exchangeable
aluminium, indicating a structure of edaphic relationships consis-
tent with leaching and base saturation processes.

The Random Forest (RF) model achieved a validated R* of 0.93
and an RMSE of 2.1, clearly outperforming the GAM in predictive
capacity. The variable importance ranking identified exchangeable
calcium soil pH (1,638.36), and exchangeable acidity as the most
influential predictors, which is entirely consistent with the patterns
observed in the PCA and Pearson correlation analyses. Five-fold
cross-validation (k = 5) confirmed the robustness and stability of
the RF model, with low fold-to-fold variability and high accuracy in
ECEC estimation. In the spatial modelling framework, the use of
elevation as a covariate in Universal Kriging (UK) enabled the
generation of continuous ECEC prediction surfaces with good
spatial coverage. Only 11.7% of the study area exhibited high
prediction uncertainty, indicating that the sampling strategy was
generally adequate for reliable spatial interpolation. This assessment
is supported by the relatively low mean kriging variance (180.86)
and the presence of high-variance areas in unsampled regions.
Overall, integrating variogram-based spatial structure with eleva-
tion data enabled reliable ECEC predictions, reinforcing the suit-
ability of the adopted sampling and modelling strategy.

Although the model exhibited limited explanatory power, its
excellent calibration and moderate prediction errors indicate that the
approach is suitable for identifying general spatial patterns and
delineating soil management zones. Despite the low R* value, the
predictions should be interpreted with caution, as the model is more
effective at capturing broad trends than local-scale variability. These
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findings highlight the importance of evaluating geostatistical models
not only for predictive accuracy but also for calibration and spatial
reliability. The methodology and results of this study can be extrap-
olated to other tropical regions with similar soil and climatic
conditions, providing a robust basis for designing differentiated soil
management strategies that optimize fertilizer use efficiency and
promote agro-environmental sustainability at the regional scale.

An important aspect of this study is that shaded and high-
elevation coffee systems tend to accumulate greater amounts of soil
organic matter; consequently, soils exhibit an enhanced capacity to
retain nutrients. Therefore, coffee sustainability depends more on
ecologically sound soil management than on a single isolated factor,
and regenerative practices such as vegetation cover, shade manage-
ment, and the incorporation of organic residues are essential to
maintain the resilience of the production system under climate
change and soil degradation scenarios. Furthermore, soil texture
represents a key factor influencing coffee sustainability: greater
nutrient retention capacity and improved nutritional balance are
associated with higher potential for sustainable production and
reduced environmental impact.
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