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Abstract

Soil heterogeneity and acidity are major constraints to Coffea arabica production in the Ama-
zonian soils of Peru. This study developed a spatial predictive framework that integrates a
weighted Soil Quality Index (SQIw) and geostatistical modelling (Regression-Kriging and
Ordinary Kriging) to estimate lime requirements (LRs) and delineate management zones.
A total of 69 coffee-cultivated soil samples were analysed, and spectral information (NDVI)
was incorporated to estimate relative yield (RR). Multivariate analysis defined a Minimum
Data Set (MDS) composed of exchangeable Na, available P, pH and silt percentage; the
highest weights were assigned to P (Wi = 0.292) and pH (Wi = 0.276). SQIw exhibited wide
variability (0.01-0.87; CV = 51.8%) and was grouped into five classes, with low (43.5%)- and
very low (21.7%)-quality classes predominating. SQIw showed a strong relationship with
RR (r = 0.64). Geostatistical models performed differently between localities: in Nuevo
Huancabamba, Regression-Kriging improved prediction accuracy (SQIw: R? = 0.58; LR:
R? = 0.396), whereas in San José de Sisa, Ordinary Kriging provided better fits only for LRs
(R? = 0.32). Nuevo Huancabamba is dominated by moderate-to-high-quality soils (87.29%;
SQIw > 0.6) and low lime requirements (74.94%; <0.84 t ha™1), in contrast with San José
de Sisa, where low-quality soils prevail (89.45%; SQIw < 0.4) alongside high LRs (75.26%;
2.54-7.13 t ha™!). The resulting maps enable targeted interventions—precision liming and
focused P fertilisation—to correct acidity and phosphorus deficiency, thereby improving
input-use efficiency and enhancing the sustainability of Amazonian coffee systems.

Keywords: soil quality index; regression kriging; soil acidity; NDVI

1. Introduction

Coffee cultivation is a cornerstone of the global agricultural economy, ranking among
the most traded commodities and supporting over 25 million rural households in devel-
oping countries [1]. In Peru, coffee is a strategic driver of rural development, generating
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more than two million direct and indirect jobs across its value chain and involving over
230,000 farming families in 16 regions, thereby underpinning rural livelihoods and local
sustainability [2,3]. National average yield is 0.83 t ha~!; the San Martin region leads
production (20.61% of national output), with an average yield of 1.01 t ha~! and a mean
annual growth of 3.3% over the last five years [4]. In El Dorado province, coffee contributes
29.4% of the agricultural gross production value, with mean yields near 1.12 t ha=! [5].

This productive expansion takes place on inherently challenging Amazonian soils.
Oxisols and Ultisols in the region exhibit marked natural acidity, where base cations (Ca?*,
Mg?*, K*) are replaced by H* and AI**, leading to low natural fertility and elevated
exchangeable aluminium that constrains root growth [6-8]. Acid conditions also limit
nutrient availability by promoting P fixation, slowing nitrification and reducing cation-
exchange capacity; at pH < 5.0 phosphate is strongly adsorbed by Al oxides, forming
insoluble compounds [9,10]. Acidic soils may also exhibit high soluble concentrations of
Zn, Cu, Fe and Mn, increasing the risk of micronutrient toxicity [11,12].

Soil acidity is the main edaphic constraint for coffee, causing Al>* and Mn?* toxicities,
deficiencies of Ca, Mg, P and N, and reduced fertilizer-use efficiency [13,14]. Liming is
the primary corrective measure to raise pH into the optimal 4.9-5.7 range, but uniform
lime application is often inefficient under high spatial variability and may lead to over- or
under-application when based only on pH and exchangeable Al [15,16]. Overliming can
excessively raise pH and diminish cationic micronutrient availability, thereby inducing
secondary deficiencies [17,18].

Precision agriculture offers a solution by enabling spatially explicit management.
Variable-rate application of fertilizers and amendments improves input-use efficiency and
system sustainability by matching inputs to local needs; site-specific recommendations have
reduced P and K requirements substantially compared with uniform methods, while liming
requirements under variable-rate regimes range widely (0-866 kg ha~!) versus conventional
single-rate prescriptions [19,20]. Delineation of homogeneous management zones using
indicators such as organic matter (OM), pH and electrical conductivity effectively proxies
soil fertility potential and informs targeted interventions [21,22].

Remote sensing and GIS-based analyses further strengthen precision soil management
by incorporating crop response and environmental variability into spatial decision-making
frameworks [23]. Vegetation indices such as the Normalized Difference Vegetation Index
(NDVI), derived from multispectral satellite imagery, provide a robust proxy for crop
vigor and spatial patterns of yield potential, capturing the integrated effects of soil fertility,
climate, and management over time. When combined with edaphic, climatic, and topo-
graphic covariates within a GIS environment, NDVI enables the delineation of management
zones that reflect not only soil chemical constraints but also the spatial variability of crop
performance. This multivariate integration improves the reliability of spatial predictions of
soil quality indices and lime requirements by accounting for multiple interacting drivers,
thereby supporting site-specific lime application strategies consistent with the principles of
precision agriculture.

Geostatistical interpolation, particularly kriging, provides robust spatial prediction
and uncertainty quantification, with Universal Kriging accommodating deterministic spa-
tial trends [24-26]. Regression-Kriging, which couples a regression model with kriging of
residuals, is especially suitable here because it integrates edaphoclimatic covariates, reduces
bias from spatially structured residuals, and delivers more accurate, robust estimates in
soils with high spatial variability.

This study develops a spatial predictive framework based on Regression-Kriging
to estimate liming requirements in coffee plantations by integrating a Soil Quality Index
(SQIw) with edaphoclimatic variables. Specific objectives are to: (i) derive the SQIw via
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multivariate analysis, (ii) estimate lime requirements across SQIw classes, and (iii) spatially
model these requirements to delineate management zones that optimize coffee productivity
and sustainability in the Amazon.

2. Methods
2.1. Study Area

This study was conducted in the Peruvian high jungle, within the districts of San José
de Sisa and part of Santa Rosa, El Dorado Province, San Martin Region (Figure 1). 69 Soil
samples were collected from coffee plantations at a depth of 30 cm: 23 samples from Nuevo
Huancabamba (San José de Sisa district) and 46 samples from the San José de Sisa locality
(San José de Sisa and Santa Rosa districts).
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Figure 1. Location map with 69 sampling points in El Dorado province.

San José de Sisa presents a humid climate with a dry-winter regime and temperate
conditions and is classified within the Humid Forest life zone. The mean annual temper-
ature ranges from 22 to 24 °C, and the mean annual precipitation is 1359 mm. Elevation
varies between 854 and 1392 m above sea level (m a.s.1.). Soils are predominantly Ferralsols
(58.7%) and Cambisols (41.3%).

Nuevo Huancabamba exhibits a warm, rainy climate with consistently high humidity
throughout the year; however, its life zone is classified as a Dry Forest owing to the
characteristic balance between precipitation and evapotranspiration. The mean annual
temperature ranges from 24 to 25 °C, while the mean annual precipitation is approximately
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1400 mm, and elevation ranges from 469 to 800 m a.s.l. Soils are dominated by Ferralsols
(95.7%) with a minor proportion of Acrisols (4.3%).
Climatic normals were obtained from the WorldClim version 2.1 database [27].

2.2. Soil Sampling

Soil sampling was conducted following the procedure described by [28]. Each sample
corresponded to a homogeneous management unit (<10 ha), delineated based on slope, soil
texture and color. Within each homogeneous zone, ten subsamples were randomly collected
from the 0-30 cm soil layer and subsequently composited to obtain a single representative
sample. A total of 69 composite soil samples were collected across the main coffee-growing
areas of San José de Sisa and Nuevo Huancabamba, El Dorado Province, San Martin Region
(Figure 1). Of these, 46 samples were obtained from San José de Sisa, which encompasses
approximately 1204.58 ha of agricultural land, and 23 samples from Nuevo Huancabamba,
covering about 1219.63 ha. Soil samples were spatially distributed throughout both study
areas to capture the variability of coffee production systems, which represent the dominant
land use in these localities. The operational steps of the sampling process are illustrated
in Figure 2.

( Identification of a representative coffee production field ]

Y

Delineation of a homogeneous zone within the plantation
(based on slope, soil texture and color, variety & age; <10 ha)

Y

Random selection of 10 representative coffee trees

l

Collection of subsamples at 30 cm depth
(within canopy projection)

:

Preparation of one composite soil sample per field

l

( Total: 69 soil samples collected ]

Y Y
N N A N

Figure 2. Operational flowchart of the soil sampling design applied in coffee plantations.

2.3. Soil Analysis

Soil samples were analyzed at the Network of Soil, Water and Foliar Laboratories of
the National Institute of Agrarian Innovation (LABSAF-INIA). Samples were pre-treated,
air-dried at <40 °C and sieved to <2 mm [29]. Soil texture was determined by the Bouy-
oucos hydrometer method [30]. Soil pH was measured following the standardized EPA
9045D method [31]. Electrical conductivity (EC) was measured according to [32] ISO
11265:1994/Cor.1:1996. Calcium carbonate (CaCO3) content was determined by acid neu-
tralization (calcimeter) following [30]. To convert EC measured in diluted soil-water
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extracts to the electrical conductivity of the saturated paste extract (EC.), we followed the
procedure proposed by [33]:

283.4
49.699 + 0.524 x Clay% — 0.339 x Sand%

EC, = (1054+ ) X EC1.5

Soil organic matter was estimated by the Walkley-Black method [34], and available
phosphorus was determined by the Bray-Kurtz method [35]. Exchangeable bases (Ca?*,
Mg?*, K* and Na*) were extracted with ammonium acetate and quantified following [36].
Effective cation exchange capacity (ECEC) was calculated as the sum of exchangeable
cations. Bulk density (g cm~2) was estimated using pedotransfer functions reported
by [37,38]. In general form the pedotransfer relationship used can be expressed as:

BD = 1.66 — (0.004 x Clay) — (0.002 x Silt) — (0.005 x OM)

2.4. Determination of Relative Coffee Yield (RR)
2.4.1. Extraction of the Normalized Difference Vegetation Index (NDVI)

NDVI was computed in Google Earth Engine using Sentinel-2 Surface Reflectance
Harmonized imagery (Level-2A) for the period June 2021-June 2024. This temporal window
was selected to derive a multi-year average NDVI, thereby reducing interannual variability
related to climatic fluctuations, crop phenology, and atmospheric noise, and providing a
more stable and representative indicator of coffee canopy vigour.

The four-year period was defined based on the fact that, at the time of soil sampling in
2024, the youngest coffee plantation in the study area was four years old. This criterion
ensured that all images used in the analysis corresponded to areas consistently occupied by
coffee throughout the selected interval, avoiding the inclusion of spectral signals associated
with previous land uses or other crops.

NDVI was calculated as (NIR — Red)/(NIR + Red) using Sentinel-2 bands B8 and B4.
To minimize cloud-related effects, a cloud-masking procedure based on the QA60 quality
band was applied, and only cloud-free pixels were retained. Subsequently, multi-year mean
NDVI values were extracted at each soil sampling location and linked to their geographic
coordinates, ensuring that NDVI predominantly reflected persistent spatial differences in
canopy vigour associated with underlying soil conditions.

2.4.2. Calculation of Relative Yield (RR)

Relative yield (RR) was estimated using NDVI as a proxy for crop vigor and productive
performance. NDVI has been shown to provide an early, rapid and low-cost estimate of
crop yield and thus serves as a useful complement to conventional assessments [39]. For
each sampling point, the temporal mean NDVI was computed from the cloud-filtered
observations; RR was then calculated as the ratio between each point’'s mean NDVI and the
maximum mean NDVI observed across all sampling points:

meanNDV I

RR= —M————
maxNDVI

2.5. Development of the Weighted Soil Quality Index (SQIw)
2.5.1. Selection of the Minimum Data Set (MDS)

The relationship between RR and soil properties was evaluated using Spearman’s
rank correlation coefficient (¢), appropriate for non-linear relationships and non-normally
distributed data. Variables showing moderate to strong associations with RR (1¢| > 0.40)
were retained for further analysis. Variables with skewness > 1.0 were log-transformed,
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and those with skewness between 0.5 and 1.0 were square-root transformed to improve
distributional symmetry.

Pairwise Pearson correlations were then computed among the retained variables to
detect collinearity. Variable pairs with 1| > 0.70 were considered collinear; within each
collinear pair, one variable was excluded, preferentially retaining the variable exhibiting
the stronger correlation with RR or greater analytical reliability. The remaining variables
were standardized (z-score) and subjected to principal component analysis (PCA). Compo-
nents with eigenvalues greater than 1 were retained, and for each retained component the
two variables with the largest absolute loadings were selected to compose the MDS. The
resulting MDS variables were used to construct the weighted SQIw.

2.5.2. Assignment of Weights to the MDS Variables

Principal component analysis (PCA) was applied to the MDS to calculate the relative
weights (W;) of each variable based on their contributions to the principal components that
together accounted for at least 70% of the cumulative variance. The weight assigned to
each variable was obtained as a weighted sum of its individual contributions (C;j), adjusted
by the proportion of variance explained by each component (Vj), following the expression:

p
W — Y1 (Cij x Vj)
i = Zp v
j=1"]

2.5.3. Normalization of Variables

The MDS variables were normalized to a dimensionless scale ranging from 0 to 1,
where values approaching 1 indicate favorable soil-quality conditions and values near 0
reflect limiting conditions. Normalization was performed using threshold ranges defined in
Table 1. Three scoring functions were applied “more is better”, “less is better” and “optimal
range” depending on the expected relationship between each variable and soil quality. This
procedure standardized measurement units and facilitated direct comparison among the
different soil-quality indicators.

Table 1. Theoretical thresholds and response types of the soil variables used for normalizing the
weighted soil quality index (SQIw) in coffee cultivation.

Variable Lmin Lopt_Low Lopt_High Lmax
Silt (%) 10 — — 50
Na (cmol kg’l) 0.0 — — 0.6
P (mgkg™!) 0.4 4.0 11 20
pH 49 — — 52

2.5.4. Calculation of the Weighted Soil Quality Index (SQIw)

The SQIw was calculated by linearly combining the normalized values (N;) of the
selected indicators, weighted according to their relative contributions (W;) derived from
the PCA. The index was computed following the expression:

n
SQIy = Y (Wi x Nj)
i=1

Classified as very low (<0.3), low (0.3-0.5), moderate (0.5-0.6), high (0.6-0.7), and very
high (>0.7).

https:/ /doi.org/10.3390/agriengineering8030079
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2.6. Calculation of Agricultural Lime Requirement (LR) for Coffee Cultivation

The LR was determined based on soil pH and organic matter (g kg~!) using the
method proposed by [40], which expresses LR in t ha~!.

LR = 0.1059 x [(6.0 — pH) x OM]0'8729

2.7. Comparative Analysis of LR Across SQIw Classes and SQIw Across Study Zones

Differences in LR and SQIw among soil-quality classes and between study zones
were evaluated using non-parametric tests. A Kruskal-Wallis test was applied to assess
overall effects (p < 0.05), followed by pairwise Dunn’s tests with Bonferroni adjustment for
multiple comparisons.

2.8. Regression Kriging

Regression kriging was applied for the spatial prediction of SQIw. This technique
combines multiple linear regression with kriging of the residuals, using a set of predictor
variables (Table 2). The spatial estimation was expressed according to the following equation.

N

Z(S0) = ) Z(S)

i=0

where Z(S;) approaches the measured value at location i; S; is the unknown estimated
value at point i; N represents the number of measured values; and i denotes the prediction
location (an unsampled point) [41].

Table 2. Environmental predictors.

Variable Description
Topographic variables Digital Elevation Model (DEM); slope; aspect; hillshade
Topographic indices Topographic Position Index (TPI); Terrain Ruggedness Index (TRI); Topographic

Wetness Index (TWI)

Landform classification

Geomorphons (categorical variable with 10 landform classes: flat, summit, ridge,
shoulder, spur, slope, hollow, footslope, valley, depression)

Vegetation indices

Normalised Difference Vegetation Index (NDVI); Soil-Adjusted Vegetation Index
(SAVI); Normalised Difference Water Index (NDWI)

Climatic variables

Annual total precipitation; annual mean temperature

Model Validation

The semivariogram model was selected based on the fit metrics RMSE, MAE and R?,
considering as optimal the model with the lowest RMSE and MAE values and an R? close
to 1 [42,43]. The RMSE and MAE values quantify the average deviation between observed
and predicted soil properties and therefore represent the level of uncertainty associated
with the spatial predictions. From a soil management perspective, these error levels are
sufficiently low to support the delineation of management zones and the identification of
areas with comparable soil conditions, which is more relevant for site-specific interventions
than exact point-scale accuracy. The R? values indicate that the kriging models adequately
capture the dominant spatial patterns of soil variability, which are critical for precision soil
management decisions.

The predictive performance and robustness of the kriging interpolations were assessed
using leave-one-out cross-validation (LOOCV). Although alternative validation approaches
such as k-fold or split-sample validation exist, LOOCV was selected due to the relatively
limited number of soil samples and the need to maximize the use of available observations
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for model calibration. This method provides an unbiased and reliable estimate of prediction
error and is widely recommended for local-scale geostatistical applications where sample
density is constrained [44].

RMSE = \/ii[ Z1(xi) = Zo(x;))?
i1

1 n
MAE = ;2|Z] (xl-) — Zz(xi)|
I=1
Y[ Zi(xi) — Zo(x:))?
Yl Zi(x) = Za]?
where n represents the number of samples, and Z; (x;) and Z(x;) denote the predicted and
observed values at site i, respectively.

R?=1-

3. Results
3.1. Statistical Distribution of Soil Properties

Descriptive statistics revealed high variability in most soil chemical properties, as
indicated by coefficients of variation exceeding 50% for key variables such as available
phosphorus, exchangeable bases, active acidity (H* and A13*), and effective cation exchange
capacity (Table 3). Soils were predominantly acidic, with low to moderate organic matter
contents and widespread phosphorus deficiency. In contrast, physical properties, including
texture and bulk density, exhibited comparatively lower variability and generally favorable
conditions for root development. This pronounced chemical heterogeneity across the study
area indicates that uniform soil management practices are unlikely to be effective and
supports the need for site-specific soil management strategies.

Table 3. Descriptive statistics of 17 physicochemical parameters related to the potential and current
quality of coffee-growing soils.

Variable Unidad Mean SD Ccv Min Median Max
pH ratio 4.87 1.14 23.46 3.40 4.60 7.50
EC dSm™! 1.06 0.54 50.60 0.23 1.02 2.59
OM % 4.30 2.76 64.18 0.70 3.50 13.90

CaCOs % 0.30 1.00 338.07 0.00 0.00 4.70
P mg kg*l 10.27 12.40 120.78 0.40 6.60 84.60
K mg kg*l 112.56 63.49 56.40 20.00 103.97 292.26
Sand % 54.64 13.37 24.48 33.31 51.38 79.53
Silt % 19.25 5.85 30.36 5.93 19.34 32.07
Clay % 26.11 9.41 36.05 10.74 27.84 43.59
BD g cm 3 1.50 0.05 3.24 1.42 1.48 1.58
Ca cmol kg*1 10.54 12.82 121.53 0.31 4.10 50.29
Mg cmol kg*l 1.46 1.38 95.08 0.11 0.97 7.85
Kexc cmol kg*l 0.31 0.21 69.76 0.00 0.27 1.01
Na cmol kg*1 0.13 0.18 137.09 0.00 0.00 0.60
H cmol kg_1 1.61 1.67 103.80 0.00 0.70 5.40
Al cmol kg1 1.22 217 177.61 0.00 0.00 9.10
ECEC cmol kg_1 15.21 12.47 82.04 0.14 11.77 55.49

3.2. Multivariate Statistical Analysis for Selecting the MDS

Spearman’s rank correlation analysis was first applied to identify soil variables asso-
ciated with the relative yield of Coffee fields (RR) and to reduce the dimensionality of the
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dataset (Figure 3). Sodium (Na) showed the strongest positive association with RR, followed
by pH, whereas phosphorus (P), organic matter (OM), aluminum (Al), and exchangeable
acidity (H) were negatively correlated. Based on the adopted threshold (1¢! > 0.40), these
variables were selected as candidates for the minimum data set (MDS).

™
kel O () (8]
2 § r = 2 o 838 2858z 3%¢ 28 s 1
BD  1.00 0.92 -0.65-0.93 -0.74~0.69~0.74~0.74

Sand 1.00 -0.80-0.92 -0.61-0.61-0.69-0.66 08

H 1.00 0.88 -0.90 -0.72
Al 1.00 -0.84 -0.64 06

EC | 1.00 0.48 0.52
P 1.00 0.57 - 04
RR 1.00 0.69 0.47
OM  1.00 0.57| 0.52 0.48 02
Na 1.00 0.65

-0

CaCO3 1.00 0.49 0.47 ).41| 0.47
Silt | 1.00| 0.56| 0.45| 0.41| 0.45| 0.58 0.50 0.51 oo

Clay  1.00 0.67| 0.60| 0.63| 0.68 0.50
pH  1.00 0.50| 0.60| 0.51| 0.83 L 04

Kav | 1.00 0.77 0.76 0.96 0.69
ECEC | 1.00 0.77| 0.81 0.80 - —0.6

Mg | 1.00 0.77/ 0.82
-0.8

Kexc | 1.00 0.76

Ca 1.00
-1

Figure 3. Non-parametric Spearman bivariate correlation matrix between 17 soil physicochemical
variables and Relative Yield (RR). Only statistically significant correlations are shown (p < 0.001).

In addition, Ca, EC, and silt were retained despite their lower correlation coefficients
because of their well-established pedological relevance for characterizing soil acidity sta-
tus, exchangeable base balance, and water-related processes. This step ensured that key
functional soil attributes were not excluded solely on statistical grounds.

Subsequent Pearson correlation analysis was used to assess multicollinearity among
the selected variables (Figure 4). Strong correlations were observed between pH and Ca,
and inverse relationships were observed between pH and both Al and H, reflecting the
chemical behavior of acidic soils. To avoid redundancy, pH was retained as an integrative
indicator of soil acidity, while Ca, Al, and H were excluded from the final MDS.
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5 2 % 3 % 8 % o < T ]
pH 1.00 0.66 0.55 0.85 0.44 -0.76 -0.85
0.8
Na 1.00 0.80
0.6
RR 1.00
- 0.4
Ca 1.00 0.50 .60 | -0.66
- 0.2
Silt  1.00
- 0
EC 1.00 0.56 0.47
- —0.2
OM 1.00 0.52
-—0.4
P 1.00
- —0.6
Al 1.00 0.93
-0.8
H 1.00
-1

Figure 4. Pearson bivariate correlation matrix among nine soil physicochemical variables and Relative
Yield (RR). Only statistically significant correlations are shown (p < 0.001).

Similarly, negative associations between P and acidity-related variables highlighted
the role of Al and H in limiting phosphorus availability. Exchangeable bases (Na and
Ca) showed inverse relationships with potential acidity, supporting their relevance for
soil fertility diagnosis. Based on this combined statistical and pedological evaluation,
the final MDS retained variables that were both minimally redundant and functionally
representative of soil quality constraints affecting coffee production.

Principal component analysis (PCA) reduced the dimensionality of the soil dataset and
identified two components with eigenvalues greater than 1, explaining 68.71% of the total
variance (Table 4). PC1, which accounted for 41.33% of the variance, was mainly associated
with exchangeable Na, available P, organic matter, and EC, representing a gradient related
to nutrient availability and salinity effects. PC2 explained 27.39% of the variance and was
dominated by pH and silt content, reflecting soil acidity and textural control over nutrient
retention and leaching processes.
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Table 4. Principal Component Analysis (PCA) of soil variables.
PCs? PC1 PC2 PC3 PC4
Eigenvalue 248 1.64 0.85 0.56
Variance (%) 41.33 27.39 14.18 9.29
Cumulative Variance (%) 41.33 68.71 82.89 92.19
Factor loadings/eigen vector for each variable P©

P 0.76 0.28 0.13 0.53

OM 0.71 0.51 —0.20 —0.15
pH —0.44 0.80 0.23 0.22

Silt —0.33 0.62 —0.66 —0.07

Na —0.81 0.35 0.40 —0.08

EC 0.66 0.40 0.37 —0.44

2 Only components with eigenvalues > 1 are highlighted (Kaiser criterion). P Variables in bold denote absolute
loadings > 0.50. © Variables with underlined factor loadings are considered highly weighted and compose
the MDS.

Based on the highest absolute loadings and to avoid redundancy among correlated
variables, Na, P, pH, and silt were selected as the minimum data set (MDS). These variables
capture the dominant chemical and physical constraints affecting soil quality in coffee-
growing systems and were subsequently used to compute the soil quality index (SQIw).

3.3. Edaphic Influence of the MDS Variables on the Weighted SQIw

The weighting values (W) obtained for the MDS variables (Figure 5) reveal the relative
importance of each soil property in shaping the Weighted SQIw. Available P exhibited the
highest weight (W; = 0.292), followed closely by pH (W; = 0.276), indicating their dominant
role in determining soil quality. In contrast, Na (W; = 0.263) and silt content (W; = 0.169)
showed comparatively lower influence. Overall, these results underscore that P availability
and soil acidity are the primary drivers of soil quality in coffee-growing systems.

pH

Silt

0.292

0.0

0.1 0.2 0.3
W,

Figure 5. Relative weights (Wi) of the minimum data set (MDS) indicators used in the estimation of
the weighted Soil Quality Index (SQIw).
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The frequency histogram of the SQIw (Figure 6) exhibited a positively skewed distribu-
tion with high variability (CV = 51.75%), with values ranging from 0.01 to 0.87. Based on the
defined classification thresholds, SQIw was grouped into five categories: very low (<0.30),
low (0.30-0.50), moderate (0.50-0.60), high (0.60-0.70), and very high (>0.70). The class
distribution indicated that low-quality soils represented the largest proportion (43.50%),
followed by very low—quality soils (21.70%) and high—quality soils (15.90%). This pattern
reflects a predominance of soils with limiting quality levels primarily associated with
strong acidity.

i
(=]
|

Frequency

| [ 11 | 1]

0.00 0.25 0.50 0.7
SQlLy

w

SQIw classrange .  Low (0.30-0.50) ' Medium (0.50-0.60) |  High {0.60-0.70) | Very high (= 0.70)

Figure 6. Distribution of the weighted Soil Quality Index (SQIw) in coffee-growing soils from the
localities of San José de Sisa and Nueva Huancabamba.

Among the variables analyzed, soil pH exhibited the strongest positive correlation
with the SQIw (r = 0.71; Table 5), indicating that higher-quality soils were characterized
by values closer to neutrality (6.29 £ 0.74), whereas soils classified as very low qual-
ity showed pronounced acidification (4.09 =+ 0.43). These patterns were consistent with
the negative correlations observed for exchangeable H (r = —0.58) and exchangeable Al
(r = —0.45), both of which increased markedly in the lower SQIw classes (2.38 + 1.54 and
1.89 4 2.48 cmol kg !, respectively).

Regarding soil texture, silt content showed a moderate positive correlation with
the SQIw (r = 0.47), indicating that soils with intermediate proportions of fine particles
tended to exhibit higher relative quality. Exchangeable Na also presented a strong
positive correlation (r = 0.74). Both variables are related to water infiltration through
the soil profile and, consequently, to the leaching of exchangeable bases. Available P
exhibited a moderate negative correlation with the SQIw (r = —0.37), with the highest
concentrations occurring in the very low- and low-quality classes. This pattern does
not reflect an improvement in soil quality; rather, P accumulation in these soils may be
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associated with concurrent increases in organic matter (OM) and electrical conductivity
(EC), suggesting enhanced mineralization. In contrast, the increase in OM coincided
with marked rises in Al and H, which supports the negative correlation between P and
the SQIw.

Table 5. Mean values of the soil variables across different SQIw classes.

. Pearson SQIw
Variable . . . N
Correlation Very High High Medium Low Very Low
Sand (%) —0.29 46.06 = 11.44 51.46 £12.89 57.07 £19.76 57.68 £ 12.27 56.12 + 14.64
Silt (%) 047 24.56 £ 5.67 21.87 £ 6.56 19.59 + 10.73 17.81 + 3.84 16.61 +5.50
Clay (%) 0.13 29.41 £ 8.58 26.67 £ 8.07 23.35 £ 10.00 24.50 £ 9.84 27.25 £10.26
pH 0.71 6.29 + 0.74 5.76 £ 0.54 5.60 £ 0.62 4.38 £1.03 4.09 £0.43
OM (%) —-0.17 2.85 £ 0.81 4.09 £2.49 223 +£0.38 5.15 + 3.36 4.15+218
EC (dsm™1) —0.19 0.86 + 0.52 1.03 £ 0.46 0.71 £ 0.23 1.13 £ 0.55 1.14 £ 0.60
CaCOs3 (%) 0.26 0.96 + 1.63 0.25 + 0.81 0.00 % 0.00 0.27 £+ 1.05 0.00 £ 0.00
P (mg kgfl) —-0.37 591+1.62 4.51 £3.45 1.67 £1.32 12.23 + 15.57 15.17 + 12.02
K(mg kgfl) 0.12 13225 +£77.05 12597 £ 68.34 69.04 £ 36.16 104.11 £ 67.15  115.23 +43.72
Ca (cmol kgfl) 0.52 19.95 £ 12.73 17.48 £+ 12.69 5.99 £ 3.95 8.54 £+ 14.06 412 4+291
Mg (cmol kgfl) 0.29 1.81 £ 0.87 1.75 £0.79 0.98 + 0.63 1.27 £ 1.63 1.47 £ 1.59
Na (cmol kg_l) 0.74 0.37 + 0.13 0.28 £ 0.19 0.34 +0.18 0.02 £ 0.06 0.04 + 0.09
H (cmol kgfl) —0.58 0.08 + 0.06 0.07 £ 0.06 0.10 + 0.00 2.38 £ 1.54 2.49 4+ 1.56
Al (cmol kgfl) —0.45 0.00 £ 0.00 0.00 £ 0.00 0.00 £+ 0.00 1.89 +2.48 1.83 +2.47
ECEC (cmol kgfl) 0.34 22.69 £ 12.92 19.97 + 13.36 7.63 + 4.60 14.43 £ 13.51 9.80 £+ 6.10
BD (g cm ) —-0.17 1.48 £ 0.04 1.49 £0.05 1.52 £ 0.06 1.50 £ 0.05 1.50 £ 0.05
RR 0.64 0.48 £ 0.04 0.44 + 0.05 0.47 £0.03 0.38 + 0.03 0.39 £ 0.05

Finally, the RR derived from coffee plantations showed a strong positive correlation
with the SQIw (r = 0.64). This pattern confirms the ability of the index to capture the
functional response of the crop: areas with higher SQIw values exhibited greater vegetative
vigor, whereas lower index values corresponded to plantations with reduced canopy
density and lower photosynthetic activity. Integrating RR into the analysis strengthens the
link between soil quality and the physiological expression of coffee in the field, supporting
the agronomic relevance of the SQIw as a composite indicator of soil conditions and
crop performance.

3.4. Non-Parametric Comparison of Agricultural Lime Requirement Across SQIw Classes and
Study Zones

Agricultural LRs differed significantly among SQIw classes (Figure 7a). The highest
median LR values were observed in the Low (4.36 t ha~!, p.adj < 0.01) and Very Low classes
(4.24 t ha™!, p.adj < 0.001), in contrast to the High (0.76 t ha—!) and Very High classes
(0.00 t ha™1), which required minimal or no liming.

Significant differences were also detected in SQIw values between the two study
localities (Figure 7b; p.adj < 0.0001). Nueva Huancabamba exhibited more than 50% of
its coffee-growing soils within the high-quality category (median = 0.67), whereas San
José de Sisa was predominantly characterized by soils within the very low-quality class
(median = 0.32).
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Figure 7. (a) Comparison of agricultural lime requirement (LR) across SQIw classes, and compar-
ison of (b) SQIw between coffee-producing localities. Results correspond to Dunn’s post hoc test
following the Kruskal-Wallis analysis, with Bonferroni correction for multiple comparisons. Sta-
tistical significance levels wkhkdkr ukkk and “kk” indicate p-adj < 0.0001, p-adj < 0.001, and
p-adj < 0.01, respectively.

3.5. Modelling and Spatial Zoning of the Soil Quality Index (SQIw) and Lime Requirement (LR)

Semivariogram analysis revealed strong spatial dependence for the LR in both locali-
ties (PSV = 0.95), indicating that the lime requirement is primarily governed by intrinsic soil
properties with limited random variability (Table 6). This strong spatial structure supports
high reliability of kriging-based predictions and allows detailed spatial delineation of
liming management zones.
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Table 6. Statistical indicators from cross-validation for the prediction models of lime requirement and
the Soil Quality Index (SQIw).

. Nugget Sill Range PSV Cross-Validation
Locality Variable Model 2
(Cp) (Co+QO) (m) (C/Cy + Q) RMSE MAE R
IR OK 0.029 0.58 1497.54 0.95 0.847 0.661 0.021
Nuevo RK 0.004 0.09 1497.54 0.95 0.527 0.438 0.396
Huancabamba SQIw OK 1.527 3.21 1497.62 0.52 0.219 0.179 0.278
RK 0.252 0.53 1497.62 0.52 0.122 0.098 0.580
IR OK 0.432 8.63 1479.11 0.95 2.483 1.920 0.320
RK 0.074 1.55 1479.11 0.95 2.390 1.745 0.314
San Jose de Sisa

SOIw OK 3.835 8.05 1479.00 0.52 0.144 0.103 0.154
RK 0.742 1.56 1479.00 0.52 0.077 0.054 0.087

In contrast, SQIw exhibited moderate spatial dependence (PSV = 0.52), reflecting
its integrative nature as a composite index that combines soil chemical properties with
vegetation response derived from NDVI. The higher nugget effect observed for SQIw
suggests greater influence of local-scale variability related to management practices and
biological factors, which is expected for composite indicators. Consequently, SQIw maps
are robust for identifying relative soil quality patterns and management priorities, although
they should be interpreted at a slightly coarser decision-making scale than LR maps.

The combined use of Regression-Kriging and Ordinary Kriging allowed the selec-
tion of the most appropriate modelling approach according to the dominant sources of
variability at each site. Regression-Kriging outperformed OK in Nuevo Huancabamba,
where auxiliary environmental variables explained a significant portion of the spatial trend,
whereas in San José de Sisa, the spatial structure captured by OK alone was sufficient,
indicating limited added value of regression covariates at that site.

Table 7 summarizes the areal distribution by classes of LR and the SQIw. The total
agricultural area of the study sites Nueva Huancabamba and San José de Sisa was 1204.57 ha
and 1219.63 ha, respectively.

Table 7. Distribution of lime requirement (LR) and SQIw in the San José de Sisa (a,b) and Nuevo
Huancabamba (c,d) localities.

(a) LR Total (b) SQIw Total
(tha™1) (ha) (ha)
<0.33 363.03 <0.40 10.23
0.33-0.84 550.87 0.40-0.50 39.28
0.84-1.36 242.07 0.50-0.60 103.57
1.36-1.87 45.70 0.60-0.70 491.37
>1.87 291 >0.70 560.13
Area Total (ha) 1204.58 Area Total (ha) 1204.58
(o) LR Total (d) Total
(tha~1) (ha) SQIw (ha)
<2.54 161.14 <0.20 33.88
2.54-4.84 504.59 0.20-0.30 447.59
4.84-7.13 413.33 0.30-0.40 643.40
7.13-9.43 110.22 0.40-0.50 67.92
>9.43 30.35 >0.50 26.84
Area Total (ha) 1219.63 Area Total (ha) 1219.63

In Nueva Huancabamba, the LR is concentrated mainly in the <0.33 t ha~! (29.77%)
and 0.33-0.84 t ha~! (45.17%) classes, which together account for approximately 74.93%
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a

of the total area; classes > 1.36 t ha~! represent only 3.99% (Table 7a). Regarding the
Soil Quality Index (SQIw), values > 0.70 (46.50%) and 0.60-0.70 (40.79%) predominate,
indicating that more than 87% of the area exhibits moderate to high soil quality (Table 7b).

By contrast, in San José de Sisa, the LR is mainly distributed in the 2.54—4.84 t ha™1
range, which comprises 41.37% of the area, followed by 4.84-7.13 tha~! (33.89%), reflecting
a substantially greater liming demand than in Nuevo Huancabamba (Table 7c). With respect
to SQIw, the 0.30-0.40 (52.75%) and 0.20-0.30 (36.70%) classes predominate, indicating that
roughly 90% of the area has low to moderate soil quality (Table 7d).

The spatial distribution of the Soil Quality Index (SQIw) and the liming requirement
(LR) is shown in Figures 7 and 8. In Nuevo Huancabamba, extensive zones of medium to
high SQIw are observed, which are associated with low to moderate LRs and denote gener-
ally favourable edaphic conditions (Figure 8). In contrast, San José de Sisa is characterised
by a greater proportion of areas with low to medium SQIw accompanied by elevated LR,
indicating stronger soil chemical constraints (Figure 9). These spatial patterns confirm
marked contrasts in soil quality and liming requirements between the two study sites.

b

312,400 314,600

316,800

319,000

312,400 314,600 316,800 319,000

9,273,600

9,271,300

312,400

314,600

W volHuancabambal

009'€/2'6

Legend Legend
©  Localities | ©  Localities

D Study area D Study area
SQIw © o LR (Tn ha-1) ©
T ]s<o04a0 | N § [1s<o3 [ [N
B 0.40-050 o & B o033-084 | [Y
I 0.50-0.60 = & B o084-136 .
Il 0.60-0.70 B 136-187
Ml >o070 M 1987

316,800 319,000 312,400 314,600 316,800 319,000

o
S
©«
©
e
N
o

009'€/2'6

Figure 8. Maps of the spatial distribution of (a) the Soil Quality Index (SQIw) and (b) lime requirement

in the Nuevo Huancabamba.
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Figure 9. Maps of the spatial distribution of (a) the Soil Quality Index (SQIw) and (b) lime requirement

in the San Jose de Sisa.
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4. Discussions

4.1. Importance and Application of the Soil Quality Index (SQIw) in Relation to Relative Yield
(RR) of Coffee in the Peruvian Amazon

The NDVI-derived weighted soil quality index (SQIw) represents a significant ad-
vance for the management of coffee production systems characterized by strong edaphic
heterogeneity. The positive association observed between the SQIw and relative yield
(RR) confirms the value of the SQIw as an integrative indicator of soil conditions that
regulate crop vegetative vigour and photosynthetic performance, thereby linking below-
ground constraints with canopy-level responses captured by spectral information [45]. This
integration of soil properties and remote sensing metrics strengthens the delineation of
agronomically coherent management zones, a central objective of precision agriculture in
perennial tropical crops.

Multivariate analysis identified available phosphorus, soil pH, exchangeable Na
and silt content as the variables contributing most to the total variance of the assessed
soil systems, thereby justifying their inclusion in the construction of the SQIw and the
delineation of management zones. It is important to emphasize that their selection does not
imply direct causal relationships with relative yield (RR); rather, these variables function as
integrative proxies of the soil system and its dominant processes.

For instance, available P exhibited a negative correlation with RR; however, this
relationship should not be interpreted as a direct yield-limiting effect. In our dataset, both
available P and soil organic matter were positively associated with exchangeable Al, a
key driver of potential acidity and root toxicity in coffee systems [46], which helps to
explain their inverse relationships with RR. Thus, P availability in these contexts appears
to co-occur with acidity-related constraints (Al mobilization and P fixation) and functions
as an indicator of broader edaphic processes rather than as an isolated fertility benefit.

Similarly, soil pH represents a central regulatory variable that integrates multiple
chemical processes, including Al solubility, base saturation and phosphorus availability,
all of which indirectly condition root development and nutrient uptake [46]. Silt content
emerged as a key textural modulator influencing water infiltration and leaching intensity
in these humid environments, thereby indirectly affecting the retention of exchangeable
bases and soil chemical stability [47]. Exchangeable Na, although present at low absolute
concentrations, acted as a sensitive indicator of base status in highly weathered soils, show-
ing consistent associations with Ca and inverse relationships with potential acidity [48].
Together, these variables capture interacting chemical and physical controls that govern
soil functioning and its expression in coffee canopy vigour, as reflected by NDVL

It is important to acknowledge the limitations of NDVI as an indirect indicator of ac-
tual coffee yield. NDVI primarily reflects canopy structure, leaf area, and photosynthetic
activity [49], rather than direct fruit production. Its sensitivity can be influenced by canopy
density, leaf overlap, phenological stage, and shading [50]. A well-documented limitation is its
tendency to saturate at high canopy densities, where further increases in leaf area or biomass
do not result in higher NDVI values [51,52]. Nevertheless, the positive correlation between
NDVI-derived metrics and the weighted SQIw in this study indicates that canopy density in
the assessed coffee plantations remained within NDVI's sensitive range, avoiding significant
saturation. As a result, NDVI provided a reliable basis for relative comparisons of canopy
vigour and potential productivity across management zones, supporting its use in deriving
the relative yield metric and informing the SQIw. While NDVI does not replace direct yield
measurements, it is widely used to characterize spatial variability in crop vegetative condition
and growth, provided its limitations and capabilities are carefully considered [49,53].

Recent GIS- and remote-sensing-based studies have demonstrated that combining
soil quality indices with spectral metrics such as NDVI improves the identification of man-
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agement zones with differential agronomic responses and input requirements [52]. Areas
characterized by higher index values generally exhibit greater productivity and reduced
need for corrective amendments, enabling more efficient allocation of resources [54]. The
spatial zoning developed in this study, together with the demonstrated predictive capacity
of the SQIw, confirms its operational utility for prioritizing agronomic interventions and
implementing site-specific fertilization strategies in humid tropical coffee systems.

4.2. Interpretation of the Weighted Soil Quality Index (SQIw) Under Acidic Soil Conditions in
Amazonian Coffee Systems

Soil acidity represents the principal edaphic constraint for coffee production because
it reduces phosphorus availability and restricts nitrification processes, thereby directly
limiting yield potential [55,56]. In the present study, the SQIw exhibited a strong positive
correlation with soil pH (r = 0.71), which enabled the precise identification of areas with
pH values below the optimal range for coffee (5.0-5.5) [57]. Accordingly, zones classified as
having low and very low soil quality showed mean pH values of 4.38 &= 1.03 and 4.09 £ 0.43,
respectively. Moreover, more than 50% of the soils within these categories require liming
rates exceeding 4.36 and 4.24 t ha—!, respectively, which are significantly different from the
requirements of high- (p-adj < 0.01) and very high-quality zones (p-adj < 0.001).

These findings indicate that the SQIw is a robust indicator for identifying areas with
differing degrees of acidity-induced degradation and, consequently, differing liming re-
quirements. The comparative median analysis revealed highly significant differences
(p-adj < 0.0001) in SQIw values between localities. Notably, 97.79% of the agricultural area
of San José de Sisa and 4.11% of that of Nuevo Huancabamba are classified as having low
or very low soil quality.

Furthermore, the results show that soil acidity in the studied sites is strongly influenced
by the leaching of exchangeable bases, a process that depends on the spatial variation in soil
texture. In this study, silt percentage was the only textural fraction significantly correlated
with relative yield (r = 0.25) and showed the highest correlation with SQIw (r = 0.47); it
also made a substantial contribution to the variance explained by principal component
2 (factor loading = 0.62). These features position silt content as a modulator of excessive
base leaching, as it restricts infiltration in humid, high-precipitation environments [58].
In our dataset, silt contents of 21.87 £ 6.56% and 24.56 & 5.67% observed in high- and
very high-quality zones contributed to buffering intensified leaching processes, a condition
present in 86.21% of the agricultural soils of Nuevo Huancabamba but only in 2.23% of
those in San José de Sisa.

Finally, it is important to highlight the relevance of exchangeable Na as a reliable indicator
of edaphic variability in acidic soils. Although Na ranged from 0.00 to 0.60 cmol kg~ !—below
the 1.0 cmol kg~ threshold above which sodicity risk is considered high [59]—increases
in Na were positively correlated with SQIw (r = 0.74) and with relative yield (r = 0.80),
exerting a marked influence on the variability captured by principal component 1 (factor
loading = —0.81). Similarly, to available P, Na functions as an integrative indicator of
edaphic variability in acidic soils with very low levels of exchangeable bases, rather than as
a direct causal agent of fertility. This behaviour is explained by Na’s positive correlation
with exchangeable Ca (r = 0.36) and its negative correlations with exchangeable H and Al
(r=—0.28 and r = —0.30, respectively).

Taken together, the observed patterns demonstrate that high- and very high-quality
soils for coffee in the Peruvian Amazon share clearly differentiated edaphic attributes
that underpin their superior agronomic performance. These soils are characterised by
elevated exchangeable Ca (17.48-19.95 cmolc kg~ 1), high ECEC (19.97-22.69 cmolc kg~ 1),
pH values within or above the optimal range (5.76-6.29) and relatively low sand contents
(46.06-51.46%), conditions that mitigate base leaching and maintain a chemically stable soil
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system. These contrasts with low- and very low-quality soils underscore the importance
of indicator variables such as Na, available P, silt percentage and pH; their statistical
associations and high factor loadings in the principal components enabled capture of
the soil system’s functional logic and the construction of an SQIw that is both highly
interpretable and spatially coherent.

4.3. Spatial Modelling of the Weighted Soil Quality Index (SQIw) and Liming Requirement (LR)

Spatial modelling of the weighted soil quality index (SQIw) and the liming requirement
(LR) enabled the delineation of differentiated management zones in both localities, revealing
marked contrasts in edaphic conditions. In Nuevo Huancabamba, the predominance of
moderate-to-high SQIw values and low liming requirements suggests soils with greater
chemical stability, improved base retention and higher productive potential, favouring
low-intensity management strategies. By contrast, San José de Sisa exhibits extensive areas
with low-to-medium SQIw and high liming requirements, indicating the need for more
intensive interventions aimed at acidity correction and fertility restoration. These findings
are consistent with previous reports indicating that targeted correction of soil acidity is
essential to optimize nutrient availability and productivity in tropical systems [28,60].

From a precision-agriculture perspective, spatial maps derived from Ordinary Krig-
ing and Regression—Kriging constitute key tools for delineating site-specific management
units, thereby avoiding blanket applications of amendments and fertilizers. Such zon-
ing enhances input-use efficiency, reduces production costs and mitigates environmental
impacts—critical outcomes for agricultural systems operating in fragile ecosystems such
as the Peruvian Amazon. Prior studies have demonstrated that management practices
informed by spatial variability can substantially increase productive efficiency and soil
sustainability [61-63]. In this context, the integrated use of SQIw and LR as zoning criteria
directly contributes to strengthening the resilience of Amazonian coffee agroecosystems
against ongoing chemical degradation of soils.

Although the predictive performance of the spatial models showed moderate R?
values in some cases, these levels are consistent with previous studies in heterogeneous
tropical environments, where soil chemical properties are influenced by complex, non-
linear interactions and limited sampling density [61,63]. From a practical perspective,
such predictive accuracy is sufficient to delineate management zones and discriminate
liming requirement classes, which is more relevant for variable-rate applications than
point-scale precision. Nevertheless, the inherent spatial uncertainty associated with kriging
predictions implies that liming recommendations should be interpreted as decision-support
guidance rather than exact application rates, particularly near class boundaries. Incor-
porating this uncertainty into site-specific management strategies—through conservative
lime rates, field verification or phased corrections—can reduce the risk of over-liming
and enhance nutrient-use efficiency, thereby supporting sustainable soil management in
Amazonian agroecosystems [28,60].

5. Conclusions

The results of this study demonstrate that construction and spatial modelling of a
weighted Soil Quality Index (SQIw) provide robust tools for diagnosing soil functional status
and guiding site-specific management in coffee systems of northeastern Peru. Pronounced
acidity, high spatial variability in chemical properties and textural heterogeneity indicate that
base leaching and related chemical degradation are the principal constraints on productivity,
thereby justifying differentiated liming and fertilisation strategies. The Minimum Data
Set (MDS)—comprising pH, available P, exchangeable Na and silt percentage—captured
the principal functional gradients governing soil quality in these environments, and the
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weighted combination of these indicators produced an index highly sensitive to acidification
processes, aluminium saturation, base cation depletion and infiltration dynamics.

The positive correlation observed between SQIw and relative yield (RR) confirms the
index’s capacity to reflect crop performance, while the strong associations of SQIw with
pH, Na and silt underscore the controlling role of active acidity and texture in regulating
fertility. Pronounced contrasts between sites were evident: Nuevo Huancabamba exhibited
a greater proportion of soils with moderate—high SQIw and correspondingly low lime
requirements, which are indicative of greater chemical stability and lower degradation;
conversely, San José de Sisa was dominated by low-quality soils characterised by strong
acidification, elevated exchangeable AI** and intensive losses of Ca?* and Mg?*, which
translate into substantially higher liming demands.

Spatial modelling using Regression-Kriging and Ordinary Kriging revealed differ-
ential model performance conditioned by the spatial structure and heterogeneity of each
locality. In Nuevo Huancabamba, the inclusion of edaphoclimatic covariates improved
predictive capacity and enabled the production of higher-resolution maps, whereas in San
José de Sisa, the spatial dependence was more effectively captured by Ordinary Kriging.
The complementary application of these geostatistical approaches permitted the delineation
of management zones with agronomic coherence, making them suitable for prioritising
liming and targeted nutritional interventions.

Overall, these findings demonstrate that integrating multivariate analysis, soil qual-
ity indexing and advanced geostatistics provides a rigorous scientific basis for precision
agriculture in Amazonian coffee landscapes. The SQIw and the derived lime-requirement
maps support a move away from uniform amendment practices towards spatially differen-
tiated management that improves input-use efficiency, reduces chemical degradation and
enhances the long-term sustainability and resilience of Peruvian coffee agroecosystems.
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