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Introduction: The comprehensive characterization of native Capsicum chinense

ecotypes represents a strategic priority for genetic improvement, germplasm

conservation, and the sustainable use of Amazonian crops. The objective of this

study was to evaluate morphological, phenological, and productive variability

among 12 ecotypes from the Peruvian Amazon by integrating multivariate análisis

and machine learning with soil physicochemical characterization.

Methods: The research was conducted on acidic tropical soils with low organic

matter content and limited availability of exchangeable bases, conditions

representative of degraded Amazonian agroecosystems, which enabled the

assessment of soil–plant interactions and their influence on phenotypic

expression and crop yield.

Results: The results revealed a broad, well-structured range of phenotypic

variability, with fruit diameter, fruit length, fruit weight, and seed weight

identified as the primary morphological determinants of yield and adaptive

capacity under low-fertility soil conditions. Principal component analysis

indicated that four components explained more than 70% of the total variance,

primarily associated with productivity, fruit morphometry, and phenological traits.

Cluster análisis identified groups with high internal consistency, while linear

discriminant analysis validated the phenotypic structure, achieving a

classification accuracy of 91.8%. The ecotypes JEB-028 and LAG-022 exhibited

superior productive performance, whereas BAL-012 and YUR-001 demonstrated

greater phenotypic stability under restrictive soil conditions.
frontiersin.org01
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Discussion: Overall, these findings confirm the strategic value of native

Amazonian germplasm and underscore the importance of integrating edaphic

diagnostics into genetic selection programs and into strategies for the

sustainable management and restoration of degraded agricultural soils in

the Amazon.
KEYWORDS

Acidic soils, Capsicum chinense, multivariate analyses, Peruvian Amazon, phenotypic

variability
1 Introduction

The Capsicum genus harbors extensive genetic and phenotypic

diversity, making it a strategic resource for food security, the food

industry, and biotechnology. Over the past decade, the application

of multivariate and machine learning approaches to characterize

phenotypic diversity and predict yield in horticultural crops has

accelerated, facilitating the identification of key traits of value for

breeding programs and germplasm industrialization (1, 2). These

integrated methodologies, including principal component analysis

(PCA), clustering techniques, and predictive models such as

Random Forest (RF), have proven particularly effective in

reducing the dimensionality of complex phenotypic datasets and

prioritizing traits with the most significant contribution to yield

(1, 2).

At the international level, research on Capsicum has achieved

substantial advances in genetics, phenotyping, and predictive tools

that facilitate the selection of materials with high productivity and

enhanced phytochemical quality. Recent reviews emphasize that

integrating multi-omic and advanced analytical approaches is

critical for accelerating breeding programs and guiding their

commercial deployment, while also creating opportunities in

sectors such as functional foods and phytochemicals (3, 4).

Collectively, these developments position multivariate

phenotyping and machine learning at the core of applied research

on species with high commercial value.

In the national context, Peru has consolidated its position as a

major player in the global Capsicum market, with sustained

increases in both export volume and value in recent years. The

strengthening of value chains, growing international demand for

differentiated products (such as paprika, piquillo peppers, and dried

Capsicum), and the wide diversity of native varieties create a

strategic opportunity to enhance the value of Peruvian germplasm

through applied research aimed at identifying ecotypes with high

yield potential and desirable commercial attributes (5). Multivariate

characterization of native ecotypes directly supports value-added

policies, genetic improvement programmes, and in-situ and ex-situ

conservation strategies. In addition, the use of liquid biofertilizers

derived from cocoa shells has shown positive effects on the growth

of Capsicum chinense, promoting sustainable agricultural practices

and highlighting its potential applicability in the Amazon

region (6).

At the local level, in the Loreto region and the Peruvian

Amazon, native varieties such as charapita, along with other

ecotypes of Capsicum chinense and C. frutescens, constitute an
02
agrobiodiversity heritage of high cultural value and significant

productive potential. Regional studies and technical reports have

documented the phenotypic variability and socio-economic

relevance of these chillies in local markets and short supply

chains, as well as their traditional uses and potential for the

development of differentiated, value-added products (7).

However, integrated studies that combine morphological and

productive characterization with predictive modelling in native

ecotypes of the Peruvian Amazon remain scarce, limiting the

systematic identification of key traits that are truly decisive for

selection and production scaling.

The multivariate analyses employed in this study are supported

by the approach described by Mishra et al. (8), who applied

multivariate statistical methods and machine learning techniques,

including Random Forest, to assess genetic diversity, trait

associations, and genotypic differentiation in guava (Psidium

guajava L.). Long et al. (9) conducted a multivariate analysis of

yield in ten agronomic traits across 59 maize hybrids to investigate

yield performance, providing a theoretical foundation for the

development of high-yielding varieties adapted to mountainous

regions. Similarly, Tlahig et al. (10) applied multivariate statistical

approaches to classify alfalfa genotypes into distinct yield groups

aligned with specific breeding objectives, such as seed production

optimisation and biomass yield enhancement. Sameway, Al Galib

et al. (11) employed multivariate analysis to identify high-yielding

rice cultivars based on seed yield and morphological traits, revealing

substantial genetic diversity among the evaluated cultivars that

could be harnessed in future breeding programs for varietal rice

improvement. Collectively, these studies highlight the value of

multivariate statistical tools in plant breeding. By integrating

information from multiple correlated traits, breeders can make

more informed selection decisions, facilitating the development of

stable, high-yielding genotypes adapted to diverse environmental

conditions. This approach not only enhances the efficiency of

breeding programs but also supports the long-term sustainability

and productivity of agricultural systems (12).

This study directly addresses this knowledge gap by integrating

robust descriptive statistics, principal component analysis (PCA),

clustering techniques, mixed-effects models, and machine learning

approaches, such as Random Forest (RF) and linear discriminant

analysis (LDA) to: (i) characterize phenotypic variability, (ii)

identify traits that best predict yield performance, and (iii)

propose selection criteria applicable to breeding programmes and

regional commercial valorization strategies. The expected

contribution is twofold: first, to generate reproducible,
frontiersin.org
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methodologically robust scientific evidence to support selection and

genetic improvement efforts; and second, to provide technical

inputs to strengthen local value chains in Loreto, including

varietal improvement, differentiated product development, and

agrobiodiversity conservation.
2 Materials and methods

2.1 Study area

The study was conducted at the San Ramón Agrarian

Experimental Station of the National Institute of Agrarian

Innovation (INIA), located in the district of Yurimaguas,

province of Alto Amazonas, Loreto region, Peru. The site is

situated within a humid tropical ecosystem, characterized by

mean annual temperatures of 27–28 °C, relative humidity

exceeding 80%, and annual precipitation above 2,500 mm (13).

Previous studies have shown that humid tropical environments

strongly influence phenotypic expression in horticultural crops,

underscoring the importance of integrating environmental

variables to improve agronomic interpretation (14).

2.2 Plant material

Twelve native ecotypes of Capsicum chinense from different

Amazonian localities (Yurimaguas, Jeberos, Balsapuerto, Lagunas,

Santa Cruz, and Teniente César López Rojas), in the province of

Alto Amazonas, Loreto region, Peru, were evaluated (Figure 1,
Frontiers in Soil Science 03
Table 1). Ecotype selection was based on observed morphological

var iab i l i ty , agr icu l tura l re levance , and geographica l

representativeness. The characterization of native germplasm is

essential for genetic improvement programmes and for

elucidating the phenotypic structure and diversity of Capsicum

species (3, 15).

2.3 Soil physico-chemical analysis

The physico-chemical analyses of the soil samples were

conducted within the framework of the “Peru 2M: Know the

Fertility of Your Soil” campaign at the Soil Laboratory of the San

Ramón Agrarian Experimental Station and the Soil Laboratory of

the El Porvenir Agrarian Experimental Station (Table 2). Soil

samples were collected at 0–30 cm depth, air-dried, and sieved

through a 2 mm mesh prior to analysis, as indicated by Quispe

Huincho (16). Soil pH, electrical conductivity (EC), organic matter

(OM) content, available phosphorus (P), exchangeable bases,

texture, and effective cation exchange capacity (ECEC) were

determined following the methodologies described by the

Secretariat of Environment and Natural Resources (17). The

interpretation of soil physico-chemical properties is essential for

explaining productive and morphological differences in

horticultural crops (18–20).

2.4 Experimental design

A completely randomized block design (CRBD) was employed,

with 12 treatments and three replicates. The experimental

population comprised native Capsicum chinense germplasm from
FIGURE 1

Location of the collection area of Capsicum chinense ecotypes.
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the Peruvian Amazon, while the sample included 12 representative

ecotypes selected based on their phenotypic variability and local

agricultural availability.

2.5 Identification of variables

Morphological, productive, and seed-related variables were

selected following internationally recognized phenotyping

standards and descriptor lists for Capsicum (3, 15). These

variables included plant height, canopy and stem diameter, fruit

length and width, pericarp thickness, number of fruits per plant,

fruit weight, and seed weight (Table 3). Measurements were

obtained using a measuring tape, digital calliper, and precision

balance. The use of these instruments has been validated for

phenotyping fruit, seed, and morphological traits in Capsicum

species (21, 22). Observations were recorded over three

consecutive harvests at 20-day intervals.

2.6 Crop management

Seeds were sown in a sterilized organic substrate composed of

soil and organic matter at a 1:2 ratio. Light irrigation and preventive
Frontiers in Soil Science 04
management practices were applied to ensure uniform seedling

emergence and growth (23). Transplanting was carried out 70 days

after sowing, using a spacing of 0.80 m × 0.60 m. Weed control,

supplementary irrigation, and phytosanitary monitoring were

conducted throughout the crop cycle. Similar management

protocols have been reported in recent studies on Capsicum

production systems (24).

2.7 Statistical analysis

Prior to statistical analysis, extreme values, data consistency,

variable distributions, and normalization were assessed. Data

normality was evaluated using the Shapiro–Wilk test, in accordance

with recent guidelines for multivariate analyses in agronomic

research (18). Descriptive statistics, including mean, median,
TABLE 2 Results of soil physicochemical analysis.

Characteristics Characteristics

Chemical analysis: Value
Exchangeable

bases:
Value

pH (1:1) 4,2 Calcium (cmolc·kg-1) 0,71

Electrical conductivity 5,2 Magnesio (cmolc·kg-1) 0,2

Organic matter (%) 1,3 Sodium (cmolc·kg-1) 0,12

Available phosphorus
(ppm)

4,5 Potassium (cmolc·kg-1) <0,10

Available potassium
(ppm)

17,2 Texture:

Total nitrogen(%) 0,07 Sand (%) 63,26

ECEC 2,49 Clay (%) 13,03

Silt (%) 23,71
TABLE 3 Variables evaluated and their identification codes.

ID Variables evaluated CODE

1 Yield (kg·ha-1) YIELD.kg.ha

2 Days to emergence DY.E

3 Days to 50% flowering DY.FLO.50

4 Days to 50% fruiting DY.FRU.50

5 Number of fruits per plant N.FRU.P

6 Weight of 10 fruits (g) W.10.FRU (g)

7 Fruit weight per plant (g) P.FRU.W/P (g)

8 Fruit diameter (cm) FRU.D (mm)

9 Fruit length (cm) FRU.L (mm)

10 Fruit wall thickness (mm) FRU.W.T (mm)

11 100-seed weight (g) X100.S.W (g)

12 Seed diameter (mm) S.D (mm)

13 Seed length (mm) S.L (mm)

14 Plant height (cm) P.H (cm)

15 Canopy diameter (cm) C.D (cm)

16 Stem diameter (cm) ST.D (mm)
TABLE 1 Origin and georeferencing of 12 Ajı ́ Charapita (Capsicum chinense) ecotypes studied in Alto Amazonas, Loreto.

N° Ecotypes Origin Latitude (S) Longitude (O)

1 YUR008 Yurimaguas 6°02’05,1’’ 76°15’23,2’’

2 JEB027 Jeberos 5°18’07,1’’ 76°17’00,2’’

3 TNTE CL019 Teniente César López Rojas 5°57’24,6’’ 75°56’44,1’’

4 LAG022 Lagunas 5°13’54,0’’ 75°40’02,1’’

5 SC024 Santa Cruz 5°30’51,5’’ 75°51’30,2’’

6 LAG021 Lagunas 5°18’30,6’’ 75°43’22,1’’

7 TNTE CL017 Teniente César López Rojas 6°01’23,1’’ 75°52’23,2’’

8 YUR001 Yurimaguas 5°48’50,0’’ 76°07’26,9’’

9 BAL012 Balsapuerto 5°50’03,2’’ 76°32’54,7’’

10 YUR007 Yurimaguas 6°02’05,3’’ 76°15’21,8’’

11 JEB028 Jeberos 5°16’34,4’’ 76°16’43,2’’

12 JEB026 Jeberos 5°17’20,9’’ 76°16’54,9’’
frontiersin.org
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standard deviation, standard error, coefficient of variation, minimum,

and maximum values, were calculated, as descriptive analyses are

essential for characterizing the distribution and variability of plant

germplasm (22). Linear mixed-effects models were fitted using the

lme4 and lmerTest packages, considering ecotype as a fixed effect and

block as a random effect (18). Pearson’s correlation analysis was

applied to explore relationships between phenotypical and

productive variables.

Principal component analysis (PCA) was used to reduce

dimensionality and to identify phenotypic patterns among ecotypes

(3, 25). Both k-means and hierarchical clustering methods were applied,

and the optimal number of clusters was determined using multiple

indices implemented in the NbClust package. Multivariate clustering

approaches are widely used for classifying and differentiating agricultural

germplasm (19). Random Forest (RF) models were employed to identify

trait relative importance and predict yield performance, as this method

has demonstrated high accuracy in agricultural applications (1, 26–28).

Linear discriminant analysis (LDA) was used to validate the clusters

obtained, confirming the phenotypic structure among ecotypes (24). A

dendrogram was generated to visualize multivariate similarity among

ecotypes and to identify consistent phenotypic groups based on

morphological and productive characteristics. This method provides a

hierarchical representation of how materials are grouped by their

statistical distance, thereby facilitating selection and comparison

among ecotypes (29).
3 Results

3.1 Descriptive statistics

Descriptive statistics revealed two distinct patterns of variation

under acidic soil conditions: (a) relatively stable phenology and (b)
Frontiers in Soil Science 05
highly heterogeneous productivity. Regarding phenology, DY.E,

DY.FLO.50, and DY.FRU.50 exhibited moderate to low dispersion

and distributions close to symmetry (skewness near zero or moderate;

negative kurtosis), suggesting that temporal variation in the crop cycle

is limited within this environment. In contrast, YIELD (M = 76.51,

SD = 65.65; skewness = 1.429; kurtosis = 1.861) and several production

variables (e.g., W.10.FRU with skewness = 2.067 and kurtosis = 5.822;

P.FRU.W/P with skewness = 1.423 and kurtosis = 1.876) displayed

pronounced right-skewed distributions and extreme values.

Statistically, this pattern is consistent with substantial heterogeneity

among ecotypes and with high residual variability expected under

edaphic stress. These distributional characteristics anticipate (i)

potential overlap among means in multiple comparisons when

standard errors are large and (ii) greater suitability of non-parametric

or robust approaches for assessing bivariate relationships (Table 4).

3.2 Results of morphological variables in
Capsicum chinense

Comparative analysis using box plots revealed statistically

significant differences among ecotypes for productive,

morphological, and phenological variables. Days to seedling

emergence exhibited a distribution concentrated around 18 days

(median ≈ 18), with low dispersion across most ecotypes, indicating

uniformity in early developmental stages (Figure 2a). Plant height

(cm) showed marked variability among ecotypes, with JEB-028 and

TNTECL-017 reaching greater heights (median ≈ 40 cm), whereas

YUR-001 and BAL-012 exhibited shorter stature (median ≈ 20 cm),

as shown in Figure 2b. Phenological variables, including days to

50% flowering (Figure 3a) and days to 50% fruiting (Figure 3b),

revealed differences in developmental timing among ecotypes. JEB-

028 and TNTECL-019 displayed later phenological events (median

≈ 102 days), while BAL-012 and YUR-007 reached flowering and

fruiting earlier (median ≈ 98 days).
TABLE 4 Descriptive analysis results of the evaluated variables.

Vars Mean Sd Median Trimmed Mad Min Max Range Skew Kurtosis Se

DY.E 17.08 1.05 16.84 17.07 1.24 15.33 19.00 3.67 0.09 -0.91 0.18

DY.FLO.50 100.08 3.53 100.67 100.14 4.69 94.00 105.67 11.67 -0.08 -1.26 0.59

DY.FRU.50 109.95 2.50 110.34 110.09 2.47 103.67 113.67 10.00 -0.56 -0.58 0.42

P.H.cm. 19.56 9.82 17.40 18.50 8.81 6.52 48.44 41.92 0.99 0.60 1.64

ST.D.mm. 5.15 2.24 5.12 5.03 2.79 1.72 10.15 8.43 0.26 -0.90 0.37

C.D.cm. 0.396 0.04 0.41 0.40 0.02 0.32 0.47 0.15 -0.28 -0.74 0.01

N.FRU.P 23.78 11.14 22.86 23.25 12.32 5.83 49.56 43.73 0.36 -0.78 1.86

P.FRU.W.P.g. 22.23 18.83 16.73 19.66 12.94 1.82 83.91 82.09 1.42 1.88 3.14

FRU.L.mm. 9.26 2.18 9.41 9.17 2.39 6.19 14.59 8.40 0.24 -0.87 0.36

FRU.D.mm. 8.60 1.35 8.33 8.68 1.26 5.840 10.36 4.52 -0.28 -0.97 0.23

FRU.W.T.mm. 1.25 0.09 1.27 1.25 0.10 1.08 1.46 0.38 0.11 -0.69 0.02

W.10.FRU.g. 8.25 6.01 6.45 7.51 3.58 1.25 33.21 31.96 2.07 5.82 1.00

S.L.mm. 3.17 0.27 3.18 3.16 0.19 2.55 4.28 1.73 1.56 6.41 0.05

S.D.mm. 2.68 0.17 2.66 2.68 0.22 2.36 3.00 0.64 -0.10 -1.19 0.03

X100.S.W.g. 0.45 0.11 0.45 0.45 0.10 0.26 0.63 0.37 0.12 -1.13 0.02

YIELD.kg.ha 76.51 65.65 52.04 67.48 48.39 6.33 291.35 285.02 1.43 1.86 10.94
front
iersin.org
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3.3 Yield results of Capsicum chinense

The number of fruits per plant exhibited high variability among

ecotypes. TNTECL-017 and LAG-021 showed wide ranges (> 40

fruits), whereas BAL-012 and YUR-008 produced fewer fruits

(median ≈ 20 fruits per plant) with greater uniformity (Figure 4a).

Mean fruit weight per plant (g) was higher in JEB-028 and LAG-022

(median ≈ 11 g), with broad ranges indicating internal heterogeneity,

while SC-024 and YUR-001 displayed lower values (median ≈ 7 g)

and reduced dispersion (Figure 4b). Seed length (mm) showed
Frontiers in Soil Science 06
relative stability across most ecotypes (median ≈ 2.8–3.0 mm);

however, LAG-022 and SC-024 exhibited greater dispersion (IQR >

0.5 mm), possibly reflecting underlying genetic variability (Figure 5a).

Regarding yield (kg·ha-1), ecotypes JEB-028 and LAG-022 recorded

the highest medians (≈ 320 and ≈ 300 kg·ha-1, respectively),

accompanied by wide interquartile ranges (IQR > 100 kg·ha-1),

suggesting high productive potential coupled with internal

variability. In contrast, BAL-012 and YUR-001 showed lower

median yields (< 200 kg·ha-1) and reduced dispersion, indicating

greater stability but limited productive performance (Figure 5b).
FIGURE 2

(a) Boxplot of days to seedling emergence in Capsicum chinense ecotypes. (b) Boxplot of days to plant height in Capsicum chinense ecotypes.
frontiersin.org
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3.4 Correlation analysis between
morphological variables and yield in
Capsicum chinense

Correlation analysis among agronomic variables revealed

significant linear associations that explain the structural,

functional, and productive relationships among the evaluated

ecotypes. The Pearson correlation matrix, visualized as a heat

map, showed coefficients ranging from moderate negative values

(r = −0.40) to strong positive values (r > 0.80), indicating both

inverse and highly positive relationships. Regarding productivity,

yield (kg·ha-1) exhibited significant positive correlations with weight

of 10 fruits (g) (r = 0.85), fruit weight per plant (g) (r = 0.82), and

number of fruits per plant (r = 0.78), indicating that yield is

primarily driven by cumulative fruit weight, average weight per
Frontiers in Soil Science 07
fruit, and fruit number per plant. These relationships suggest that

yield performance can be effectively explained by measurable

reproductive components, making them highly relevant for direct

selection strategies in breeding programmes. Fruit morphological

variables also displayed strong internal correlations. Fruit diameter

(mm) was positively associated with fruit length (mm) (r = 0.88)

and fruit wall thickness (mm) (r = 0.81), indicating coordinated

expression of fruit size across longitudinal, transverse, and thickness

dimensions. Likewise, fruit weight per plant (g) showed strong

correlations with fruit diameter (mm) (r = 0.79) and fruit length

(mm) (r = 0.76), suggesting that individual fruit weight is primarily

determined by structural fruit volume (Figure 6).

Regarding seed-related variables, 100-seed weight (g) showed

moderate positive correlations with seed diameter (mm) (r = 0.65)

and seed length (mm) (r = 0.62), indicating that seed mass is
FIGURE 3

(a) Boxplot of days to 50% flowering in Capsicum chinense ecotypes. (b) Boxplot of days to days to 50% fruiting in Capsicum chinense ecotypes.
frontiersin.org
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influenced by seed size. However, these associations were weaker

than those observed among fruit-related variables, suggesting a

lower degree of structural dependence in seed characteristics.

Phenological variables exhibited negative correlations with yield.

Specifically, days to 50% fruiting and days to 50% flowering were

negatively associated with yield (kg·ha-1) (r = −0.42 and r = −0.38,

respectively), indicating that ecotypes with later flowering and

fruiting tended to have lower yield levels. This inverse

relationship suggests that earliness may represent a favourable

attribute under intensive production conditions. Finally, days to

seedling emergence showed low correlations with the remaining

variables (r < 0.30), indicating that early development is mainly

independent of the morphological and reproductive traits

evaluated. This finding suggests that days to emergence may be

more strongly influenced by physiological seed traits or
Frontiers in Soil Science 08
environmental conditions rather than by the structural attributes

measured in this study.

3.5 Correlation analysis between
morphological variables and yield in
Capsicum chinense

The Spearman heat map indicated that yield (YIELD, kg·ha-1)

was primarily associated with variables reflecting direct productivity

and plant vigor, showing very strong positive correlations:

P.FRU.W/P (r = 0.99, p < 0.001), N.FRU.P (r = 0.91, p < 0.001),

W.10.FRU (r = 0.90, p < 0.001), P.H (r = 0.90, p < 0.001), and ST.D

(r = 0.88, p < 0.001). This pattern suggests a dominant vigor–load–

commercial biomass axis, whereby more vigorous plants support a

greater fruit load and/or heavier fruits, ultimately increasing YIELD
FIGURE 4

(a) Boxplot of number of fruits per plant in Capsicum chinense ecotypes. (b) Boxplot of the average fruit weight per plant in Capsicum chinense
ecotypes.
frontiersin.org
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(Figure 7). In contrast, YIELD exhibited weak negative associations

with phenological variables (DY.E and DY.FLO.50, r ≈ −0.14; no

evidence of statistical significance in the figure) and low correlations

with fruit and seed morphometric traits (e.g., FRU.L, FRU.D,

100.S.W; small |r| values without significance indicators). These

results suggest that, within this dataset, yield is driven primarily by

fruit number and plant vigour rather than by systematic increases in

fruit or seed size.

3.6 Principal component analysis

Principal component analysis (PCA) showed that PC1 explained

33.2% of the variance and PC2 explained 23.9%, accounting for 57.1%

cumulatively. These components captured two dominant axes

consistent with the univariate and bivariate patterns. PC1
Frontiers in Soil Science 09
(productive–vigour gradient): The vectors for YIELD, P.FRU.W/P,

N.FRU.P, P.H, and ST.D were closely aligned, reflecting the same

covariation block identified in the Spearman analysis (high

correlations). This alignment explains why these traits, although noisy

at the univariate level, define a stable multivariate axis associated with

plant productivity and vigour. PC2 (fruit–seed morphometry gradient):

Variables such as FRU.L, FRU.D, S.D, and 100.S.W contributed

strongly to this component. This pattern is consistent with the Tukey

test results (which showed separation among ecotypes) and with the

descriptive analysis, which indicated moderate variation and lower

distortion from heavy-tailed distributions. Overall, the PCA integrates

the evidence into two main dimensions: (i) a performance-driven axis,

where YIELD is statistically anchored to plant vigour and fruit load, and

(ii) a reproductive structure axis (fruit and seed traits) that more clearly

discriminates among ecotypes (Figure 8).
FIGURE 5

(a) Boxplot of seed length in Capsicum chinense ecotypes. (b) Boxplot of yield in Capsicum chinense ecotypes.
frontiersin.org



Dı́az-Chuquizuta et al. 10.3389/fsoil.2026.1786422
FIGURE 6

Heat map of correlations among variables evaluated in Capsicum chinense ecotypes.
FIGURE 7

Spearman correlation heamap of variables evaluated in Capsicum chinense ecotypes.
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3.7 Cluster analysis

K-means clustering applied to ecotype centroids on the PC1–

PC2 plane (explaining 57.1% of the total variance) partitioned the

ecotypes into three multivariate profiles, consistent with the PCA

axes and the univariate evidence. Cluster 2: LAG-022 and JEB-028

(extreme negative PC1). This group corresponds to a profile closer

to the productive axis. The pattern is consistent with the Tukey

results, in which LAG-022 ranked among the highest values for

yield and related metrics, and with the Spearman correlations

linking yield to fruit load and plant vigour. Cluster 1: YUR-007,

YUR-008, SC-024, and YUR-001 (negative PC2). This group

aligns with the fruit–seed morphometry gradient and Tukey

separations observed in structural traits, suggesting that these

ecotypes are grouped primarily by reproductive traits rather than

yield performance. Cluster 3: TNTECL-019, LAG-021, BAL-012,

JEB-026, JEB-027, and TNTECL-017 (positive PC1 and moderate

to high PC2), as shown in Figure 9. This cluster comprises
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ecotypes with relatively closer multivariate profiles in the PCA

plane, consistent with the overlaps anticipated from the

descriptive statistics and the partial separation observed in the

Tukey analysis.

3.8 Linear discriminant analysis

The LD1–LD2 plot was interpreted as an exploratory

multivariate similarity map. LD1 represented the primary axis of

separation, distinguishing a group of LD1-negative individuals (e.g.,

YUR-007 and YUR-008) from a cluster of LD1-positive individuals

(e.g., JEB-026, JEB-027, TNTECL-019, and LAG-021). This pattern

suggests a high degree of internal similarity and potential overlap

among the ecotypes located within the LD1-positive cluster. LD2

functioned as a complementary axis, highlighting BAL-012 as the

most distinct ecotype (with high LD2 values) and positioning SC-

024 and YUR-001 toward the positive LD2 region, which was

separated from the right-hand cluster (Figure 10).
FIGURE 8

PCA biplot of variables evaluated in Capsicum chinense ecotypes.
FIGURE 9

K-means Clustering of PCA centroids evaluated in Capsicum chinense ecotypes.
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3.9 Dendrogram

The dendrogram generated using Ward’s method (Ward.D2)

was consistent with the PCA and k-means results, separating the

ecotypes into a small group of high-performance and a broader pool

of intermediate or mixed profiles under acidic soil conditions.

Cluster 1 (JEB-028, LAG-022): This cluster forms a very compact

group associated with high yield. The pattern is consistent with the

Tukey results, in which LAG-022 ranked within the highest YIELD

group, and JEB-028 showed high to intermediate performance. It

also aligns with the Spearman correlation structure, where YIELD is

primarily associated with the vigour–load axis (P.FRU.W/P,

N.FRU.P, W.10.FRU, P.H, and ST.D). Cluster 2 (LAG-021, JEB-

027, TNTECL-019): This compact group exhibits a profile that is

more morphophenological than yield-extreme. For example, LAG-

021 showed a lower S.D., whereas TNTECL-019 displayed a longer

phenological duration and a lower 100.S.W. These patterns suggest

a stable combination of traits distinct from that of the high-yield

cluster. Cluster 3 (SC-024, YUR-007, YUR-008, BAL-012, YUR-

001, JEB-026, TNTECL-017): This larger, more heterogeneous

cluster exhibits internal substructure. It includes ecotypes with

intermediate or contrasting profiles depending on whether fruit

and seed traits (e.g., YUR-007, YUR-008) or earliness and plant
Frontiers in Soil Science 12
architecture traits (e.g., BAL-012, YUR-001) are more

prominent (Figure 11).

3.10 Random forest

The Random Forest (RF) analysis based on permutation

importance indicated that multivariate differentiation among

ecotypes under acidic soil conditions is primarily driven by

structural fruit and seed traits. The highest importance scores

were observed for FRU.L (0.0327), FRU.D (0.0245), and 100.S.W

(0.0241), followed by C.D (0.0204) and FRU.W.T (0.0169).

Intermediate contributions were associated with phenological

variables (DY.FLO.50 = 0.0143; DY.FRU.50 = 0.0120) and S.D

(0.0134), whereas W.10.FRU (~0.0013) and S.L (~0.0012) showed

minimal contributions. In contrast, variables associated with the

yield–vigor axis exhibited negative importance values (ST.D =

−0.0076; P.FRU.W/P = −0.0053; P.H = −0.0050), a pattern

consistent with redundancy or collinearity and with the high

residual variability observed in these traits. Overall, the RF results

converge with the Tukey and PCA analyses in indicating that the

fruit–seed trait cluster provides more consistent discrimination

among ecotypes. In contrast, traits closely linked to YIELD,

although strongly correlated in the Spearman análisis, contribute
FIGURE 10

PCA-LDA: LD1 vs LD2 evaluated in Capsicum chinense ecotypes.
FIGURE 11

Dendrogram on standardized in Capsicum chinense ecotypes.
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less incremental information within the multivariate

framework (Figure 12).
4 Discussions

The results indicate that the morphological and productive

traits of Capsicum chinense exhibit a well-defined multivariate

structure, in which fruit-related attributes, such as individual fruit

weight, cumulative fruit weight, and total yield, emerge as the main

determinants of variation. This trend has been widely documented

in recent studies, which demonstrate that reproductive traits are

robust predictors of yield and should be prioritized in breeding

programmes under modern approaches such as marker-assisted

selection and multi-omic models (3). Moreover, the fact that a

limited number of principal components accounted for more than

70% of the total variance confirms the robustness and coherence of

the observed phenotypic structure. This finding is consistent with

previous research reporting similar patterns in landraces and local

populations, in which principal component analysis has proven

effective at clearly differentiating genetic and functional groups

based on agronomic performance (15).

The multimodal distributions observed in phenological traits,

such as days to flowering and fruiting, suggest the presence of

subpopulations with contrasting developmental strategies. This

pattern has been reported in studies of intraspecific variability,

where phenology acts as a key driver of morpho-productive

divergence and adaptive differentiation (30). In addition, the

negative relationship between precocity and yield reflects a

physiological trade-off documented in yield prediction models,
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underscoring the importance of incorporating phenology as a

critical variable in machine-learning-based agricultural

predictions (1). The convergence of relevant variables identified

through principal component analysis, correlation analysis, and

Random Forest modelling further supports the robustness and

internal consistency of the dataset. This methodological

concordance highlights the value of integrating classical

multivariate statistics with modern machine learning algorithms

to enhance the reliability and precision of priority trait

identification in crop improvement programmes (31).

The prominence of 100-seed weight and fruit size as predictors

of yield is consistent with recent literature highlighting the role of

early vigour and fruit morphometry as determinant factors in final

productivity, particularly in tropical cropping systems where

environmental conditions tend to amplify phenotypic

differentiation (32, 33). These findings indicate that integrating

seed- and fruit-related traits is an efficient strategy for accelerating

the selection process in Capsicum breeding programmes. Moreover,

integrating digital phenotyping methods and multisensor data

fusion has the potential to further improve measurement

accuracy and predictive performance, enabling the development

of higher-resolution predictive models for yield forecasting and trait

prioritization, as demonstrated by recent advances in high-

throughput phenotyping platforms (34).

Regarding productivity and fruit morphology, PCA indicated

that the first principal component (31.3%) accounted for the largest

proportion of total variability, clearly separating high-yielding

ecotypes (JEB-028 and LAG-022), which were associated with

greater fruit diameter and length, from low-productivity ecotypes

(BAL-012 and YUR-001). The separation of centroids and the

amplitude of the confidence ellipses reflect underlying genotypic
12FIGURE

Random Forest plot showing the relative importance of agronomic variables in Capsicum chinense ecotypes.
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diversity that can be effectively exploited in selection programmes.

Similar studies have demonstrated that yield is strongly correlated

with fruit morphological attributes and cumulative fruit weight,

enabling efficient indirect selection strategies (35, 36). In terms of

phenology and vegetative vigour, the second principal component

(17.0%) captured phenological and vegetative variability,

differentiating late- and vigorous-maturing ecotypes (TNTECL-

019 and SC-024) from earlier-maturing ecotypes. This pattern

confirms the central role of phenology in agroecological

adaptation and yield stability. Recent research in peppers and

other crop species has shown that PCA is an effective tool for

identifying phenotypic diversity and population structure,

highl ight ing phenology as a cr it ica l axis in varieta l

characterization (15).

Hierarchical cluster analysis , supported by a high

agglomeration coefficient, revealed well-defined phenotypic

groupings, providing a robust framework for developing varietal

recommendations tailored to contrasting management conditions.

This finding is consistent with previous studies that have

successfully used dendrograms and hierarchical clustering to

identify agronomically relevant groups in Capsicum germplasm

collections (33). The high accuracy of linear discriminant analysis

for classifying individuals further reinforces the internal consistency

of these groups; however, the slight overlap observed among certain

clusters highlights the influence of environmental factors and

underscores the need to validate these patterns across multiple

environments and crop cycles (1). The high coefficients of variation

observed for several productive traits not only indicate significant

potential for genetic improvement but also reveal opportunities for

optimizing agronomic management practices. In this context,

approaches based on explainable artificial intelligence (XAI) have

emerged as valuable tools for understanding how specific factors

influence crop yield performance and for guiding field practices

using quantitative evidence (37). In parallel, the incorporation of

single-nucleotide polymorphism (SNP) markers generated through

genotyping-by-target sequencing (GT-seq) in Capsicum represents

a promising alternative for integrating genetic variability into

predictive models, thereby accelerating the selection of superior

lines through combined phenotypic and genomic information (32).

The morphological and productive variability observed among

native ecotypes of Capsicum chinense was closely associated with the

soil conditions at the experimental site, characterized by acidic, low-

fertility tropical soils. Soil acidity restricts the availability of essential

nutrients and negatively affects root development, thereby conditioning

crop yield performance and favouring only ecotypes with higher

adaptive capacity. Previous studies have demonstrated that, under

acidic soil conditions, soil–plant interactions and tolerance to chemical

stress, particularly aluminium toxicity, are critical determinants of

phenotypic expression and crop productivity (38, 39). In this context,

the present results underscore the importance of incorporating edaphic

diagnostics into selection strategies and sustainable management

practices for Capsicum chinense in Amazonian agroecosystems.

One limitation of the present study is the absence of molecular

marker analyses to identify significant associations among multiple

traits related to yield performance under drought stress. The use of
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molecular markers could provide an innovative approach to

enhancing drought tolerance in Capsicum chinense. Molecular

analyses may also reveal a high level of genetic diversity within

native C. chinense germplasm, which could be exploited in future

breeding programs for varietal improvement. Furthermore,

molecular tools highlight the potential to accelerate genetic

improvement efforts and facilitate the development of stress-

tolerant C. chinense cultivars, thereby contributing to sustainable

fruit production under diverse climatic conditions throughout the

year. Another important consideration for future research is the

maintenance of soil quality, particularly regarding soil acidity

management. Effective control of soil acidity requires an

integrated strategy that combines the application of organic

amendments, liming, balanced inorganic fertilisation, and

beneficial microorganisms such as arbuscular mycorrhizal fungi

and Trichoderma spp., among others (40, 41).
5 Conclusions

This study demonstrates that native Capsicum chinense

ecotypes from the Peruvian Amazon exhibit a clearly

differentiated phenotypic structure, characterized by high

variability in morphological, productive, and phenological traits.

The integration of multivariate analyses, mixed-effects models, and

machine-learning algorithms enabled a robust and reproducible

characterization of the evaluated germplasm. Ecotypes such as JEB-

028 and LAG-022 emerged as elite materials, consistently exhibiting

high yield and superior fruit morphology. In contrast, BAL-012 and

YUR-001 showed lower productivity profiles but high phenotypic

stability, positioning them as valuable genetic resources for breeding

strategies focused on resilience, adaptation, or exploratory

hybridization. Overall, the results confirm that an integrative

framework combining classical statistical approaches, multivariate

analyses, machine learning techniques, and discriminant validation

is highly effective for phenotypic characterization of Capsicum

chinense. Moreover, this study underscores the strategic value of

Amazonian germplasm as a key resource for developing high-

yielding varieties, differentiated products, and agrobiodiversity

conservation strategies, thereby contributing to sustainable

agricultural innovation in tropical environments. The results

indicate that the physicochemical properties of the evaluated

Amazonian soil, characterized by high acidity, low organic matter

content, and limited availability of exchangeable bases, significantly

condition the morphological, phenological, and productive

expression of native Capsicum chinense ecotypes. These findings

demonstrate that the observed phenotypic variability arises not only

from genetic differences but also from soil–plant interactions. In

this context, ecotypes exhibiting higher yield and enhanced

morphological development reflect a superior capacity to adapt to

acidic, low-fertility soils. This highlights the critical importance of

integrating edaphic diagnostics into selection strategies, sustainable

soil management practices, and genetic improvement programmes

for humid tropical agroecosystems.
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