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RESUMEN

Este articulo analiza la optimizacion de los planes nutricionales en la produccion
de banano, un cultivo clave para la economia de paises ubicados en regiones
tropicales y subtropicales. Se destaca la importancia de implementar modelos
multivariados para mejorar la eficiencia y la productividad en plantaciones
comerciales, facilitando la toma de decisiones basadas en datos precisos. La
investigacion combina el analisis foliar y el analisis de suelo para comprender
integralmente el estado nutricional de las plantas. Este enfoque se aplica
especificamente al banano. Se utilizaron analisis de componentes principales (ACP)
y analisis de conglomerados para identificar patrones y reducir la dimensionalidad
de los datos. Se emplearon los métodos de Ward y K-medias para discriminar
grupos segun la similitud de las condiciones nutricionales. Los resultados
permitieron agrupar lotes de banano, identificando estrategias de manejo mas
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efectivas. Ademas, se observo una alta correlacion entre las variables estudiadas,
lo que respalda la utilidad de las correlaciones de Pearson en la investigacion
agricola. La implementacion de modelos multivariados no solo mejora la gestion
de nutrientes, sino que también fomenta practicas agricolas sostenibles,
contribuyendo a la productividad y sostenibilidad del cultivo del banano en un
contexto agricola moderno y dinamico.

Palabras clave: Modelos multivariados, toma de decisiones, planes
nutricionales, banana.

MODELOS MULTIVARIADOS AVANZADOS PARA LA
OPTIMIZACION DE ESTRATEGIAS NUTRICIONALES EN LA
PRODUCCION COMERCIAL DE BANANO (MUSA AAA)

ABSTRACT

This article analyzes the optimization of nutritional plans in banana production, a
key crop for the economy of countries located in tropical and subtropical regions.
The importance of implementing multivariate models to improve efficiency and
productivity in commercial plantations is highlighted, facilitating decision-making
based on accurate data. The research combines foliar analysis and soil analysis to
comprehensively understand the nutritional status of plants. This approach
applies specifically to bananas. Principal component analysis (PCA) and cluster
analysis were used to identify patterns and reduce the dimensionality of the
data. Ward and K-means methods were used to discriminate groups according to
the similarity of nutritional conditions. The results allowed grouping banana lots,
identifying more sustainable management strategies effective. In addition, a high
correlation was observed between the variables studied, which supports the
usefulness of Pearson correlations in agricultural research. The implementation
of multivariate models not only improves nutrient management, but also
encourages sustainable agricultural practices, contributing to the productivity
and sustainability of banana cultivation in a modern and dynamic agricultural
context.

Keywords: Multivariate models, decision making, nutritional plans, bananas.
1. INTRODUCTION

Global banana production, Musa paradisiaca L., plays a fundamental role in the
global economy and food security. It is a priority to optimize nutritional plans to

maximize the yield and quality of this crop (Ploetz et al., 2015). In this sense,

385
ISSN: 2600-6030 Vol. 8. Nim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

3)|Uleam (S J: SAPIENTIAE

multivariate models are presented as advanced analytical tools that allow accurate
and data-driven decisions to be made, addressing the inherent complexity of
modern agricultural systems (Ding et al., 2018). It is essential to implement the
use of statistical mathematical models to optimize efficiency and productivity in
commercial banana plantations, therefore, multivariate models seem to provide a
wide range of possibilities to be used in decision-making to facilitate agro-

productive management (Arias et al., 2021).

Multivariate models not only allow for improved decision-making related to
nutrient management and more effective management of environmental variables,
but also facilitate strategic decision-making based on concrete data, which is
critical to meeting the complex and dynamic challenges of modern agricultural

systems (Jones et al., 2017).

These techniques allow the integration of environmental variables, agronomic
management practices and the nutritional status of banana plants, using models
such as principal component analysis, cluster analysis and multivariate regression
analysis to group by similarity and model the crop's responses to various
conditions (Cornejo-Reyes & Inca, 2022). Multivariate regression is a crucial
technique to understand how key variables, such as plant nutritional status and
environmental conditions, directly influence banana crop yield (Saed-Moucheshi
etal., 2013).

The implementation of multivariate techniques as a basis for decision-making in
agriculture is part of the modern era and a new way of doing agriculture. In the
specific case of plant nutrition, it will allow a better discernment in the nutritional
management of commercial banana plantations, which would translate into
significant increases in yields and fruit quality. In this way, sustainable agricultural
practices are promoted by reducing the inefficient use of inputs and minimizing
environmental impact (Flintlocksmith et al., 2023; of God et al., 2020; Jayasinghe
etal., 2022).
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The purpose of this research was to evaluate the use of the main techniques of
multivariate statistics to facilitate decision-making related to the application of a
specific and rigorous nutritional plan that allows zoning according to nutritional
characteristics of similarity, as a strategy in order to increase yields potentially.
This approach not only seeks to increase yields, but also to promote an integral
and responsible management of agricultural systems, highlighting the importance

of sustainable practices in agriculture.
2. MATERIALS AND METHODS

Location of the research

The research was carried out at Hacienda Naida, located in the Las Palmitas zone,
La Esperanza Parish, Valencia canton, Los Rios Province, Ecuador. The
experimental site is located at the geographical coordinates 0°50'17.3" S latitude

and 79°23'33.7" W longitude, at an altitude of 118 meters above sea level.
Experiment Management

The research was carried out in a commercial banana plantation cv. Williams
established six years ago. Conventional agronomic work on the farm was

implemented to maintain standard production and management conditions.

Variables evaluated

Nutritional levels in soil

To carry out the chemical analysis of the soil, 36 sampling points were selected
within the banana plantation, considering two sampling points per lot. The samples
were sent to the Department of Soils and Water of the Pichilingue Tropical
Experimental Station ofl INIAP for detailed analysis. Nitrogen (N), phosphorus (P),
calcium (Ca), magnesium (Mg), potassium (K), sulfur (S), copper (Cu), zinc (Zn),

boron (B), iron (Fe), manganese (Mn), organic matter, and pH levels were
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determined using recognized standard methods, such as Olsen’s Modified method
for phosphorus. These methods can provide more accurate and reliable results,
forming a solid basis for assessing soil conditions and developing agronomic

management strategies to improve productivity (Khan et al., 2024).
Nutritional levels in plant tissue

Leaf tissue samples were taken from banana plants to evaluate the contents of N,
P, Ca, Mg, K, S, Cu, Zn, B, Fe and Mn in the plant tissue. These leaf samples were
processed in the Department of Soils and Water of the Pichilingue Tropical
Experimental Station of INIAP for detailed analysis, following standardized
procedures for the chemical analysis of nutrients in plants. This foliar analysis
made it possible to complement the soil data, providing a holistic view of the crop's

nutritional status.
Multivariate statistical models used

For the purposes of grouping batches by similarity distances, principal component
analysis (PCA) and cluster analysis were applied to identify patterns and reduce
the dimensionality of the data. For this, the method of Ward2 and K means=6 was

used for the discrimination of the groups.

Subsequently, the groupings obtained and related previously in the cluster
analysis were correlated by the PEARSON method and by the batches that made
up each grouping. In this way, the intra- batch correlation was validated in order
to standardize the data and based on that make subsequent decisions at the
nutritional level. This intra-batch approach allows specific recommendations to

be established to optimize commercial banana production.

Principal Component Analysis

To address the complexity of the data, we apply principal component analysis

(PCA). This technique allowed us to condense the information on soil fertility and
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nutritional status variables into a few main dimensions, facilitating the
identification of key patterns and relationships. The ACP revealed the most
influential variables and helped to clarify their impact on production, which
allowed to generate practical recommendations to optimize agricultural

management.
Cluster Analysis

We used cluster analysis to explore how observations are grouped based on soil
fertility variables and crop nutritional status at the foliar level. This methodology
allows us to identify natural groupings in the data, revealing how the different
variables are related in specific contexts. By identifying these groups, we were
able to better understand variations in production and design specific strategies

to address the needs of each group, thus optimizing farm management.
Correlation

To check the closeness of the intra-cluster fertilization data, subgroups were
selected for both edaphic nutritional variables and foliar nutritional variables
resulting from cluster analysis through the K=means method. Subgroup "1" was
chosen for the edaphic variables and subgroup "3" for the foliar variables.

Validation through intragroup correlation allowed the standardization of the data.
3. RESULTS AND DISCUSSION

Principal Component Analysis (PCA)
Edaphic and foliar nutritional variables

The 11 edaphic nutritional variables (NH4, P, Zn, Cu, Fe, Mn, B, S, K, Ca and Mg)
were selected to differentiate the similarity between the studied batches.
According to the Principal Component Analysis (PCA) performed for these variables
(Table 1), 100% of the total variation was distributed in 11 principal components

(Figure 1A). However, the first two components represented in Figure 1A together
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explained 46.9% of the total variation, with the first component explaining 29.5%
and the second 17.4%.

In the first component, the most influential variables were Zn (0.46), Mg (0.45),
Ca (0.44) and K (0.41). This suggests that batches with medium to high levels
shared similar levels of Zn, Mg, Ca, and K. For the second component, the most

prominent variables were Fe and Mn (Table 1).

In addition, Figure 1B shows the distribution of the 36 lots, evidencing a wide
dispersion in the plane determined by the axes of components 1 and 2, grouped
according to the similarity of the edaphic levels of macro and microelements
(Figure 1B).

With respect to the foliar variables, the 11 nutritional variables sampled in the
plant tissue (N, P, Zn, Cu, Fe, Mn, B, S, K, Ca and Mg) were chosen to distinguish

the similarity between the analyzed lots.

According to the principal component analysis (PCA) performed for the leaf
variables (Table 2), 100% of the total variation was distributed in 11 principal
components (Figure 3A). However, the first two components, shown in Figure 3A,
accounted for 33.1% of the total variation, with a contribution of 16.9% from the

first component, which grouped the predominant characteristics in the PTA.

The second component contributed 16.2% to the variation (Figure 3A). In the first
component, the most relevant variables were S (0.41) and N (0.37). These results
suggest that batches with medium to high levels shared similar levels of

macroelements S and N.

For the second component, the most prominent variables were Cu and S levels
(Table 2). In addition, Figure 3B illustrates the distribution of the points

corresponding to the 36 lots, showing a wide dispersion in the plane defined by
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the axes of components 1 and 2, grouped according to the leaf levels of similarity

for the macro and micro elements (Figure 3B).

Lever et al., (2017) states that principal component analysis (PCA) simplifies the
complexity of high-dimensional data, while preserving trends and patterns. It does
this by transforming data into fewer dimensions, which act as feature summaries.
High-dimensional data are very common in biology and arise when multiple
characteristics, such as the expression of many genes, are measured for each
sample, however, the use of this statistical tool to improve the efficiency in

decision-making of nutritional plans for commercial crops is little known.

In the same way, Jolliffe & Cadima, (2016) They state that some types of data
present several challenges that PCA mitigates: computational expenses and a
higher error rate due to correcting multiple tests when testing each feature for

association with an outcome.

PCA is an unsupervised learning method and is similar to clustering. AndFind
patterns without reference to prior knowledge about whether samples come from
different treatment groups or have phenotypic differences (Vargas Sanchez et
al., 2022).

Likewise, some authors have launched the use of PCA as a grouping technique
used in agronomy, for example, Garcés-Fiallos et al., (2015) and Villamar-Torres
et al., (2018). In bean genotype studies, they used this tool to be able to group
the variables that were made up of health variables and productive variables.
The genotypes were grouped according to similarity and closeness to the vectors

that represented the variables.
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Table 1. Principal component analysis of 11 edaphic and foliar nutritional

variables for the 36 banana lots.

Soil variables CP1 CP2
NH4 0,05 -0,24
P 0,27 -0,37
Zn 0,46 0,19
With -0,05 0,37
Fe -0,07 0,47
Mn 0,30 0,44
B -0,17 0,38
0,16 -0,12
K 0,41 -0,01
Ca 0,44 -0,14
Mg 0,45 0,21
Foliar variables CP1 CP2
N 0,37 -0,29
P -0,32 0,29
K -0,39 -0,26
Ca 0,62 -0,05
Mg -0,12 -0,01
S 0,41 0,35
Zn 0,11 0,51
With -0,08 0,48
Fe -0,14 0,09
Mn -0,04 0,11
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Figure 1. Principal Component Analysis (PCA) of the study soil variables. (A)
Biplot of the ACP with lots and variables. (B) Scree plot showing the variance

explained by each principal component.
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Figure 2. Principal Component Analysis (PCA) of the study foliar variables
evaluated. (A) Biplot of the ACP with lots and variables. (B) Scree plot showing

the variance explained by each principal component.

Figure 2 A

PCA - Biplot

c0s2
9
(o]
e’ in 15
~ o e 1 L] o o
£ 29% | e33. 5™ | 3 8 \ °
3 -1- 27 16, 31 e | i : 1 5
i B
14 39, ; y &7
2- 18 15
: ce 8
1 1 I 1 1
Cluster Ai 2 4 0 ; 5
Dim1 (16.9%)
Edaphic and foliar nutritional variables
Scree plot Figure 2 B

S
o
|

[4%]
o
1

16.9% 16.2%

14.9%

Percentage of explained variances
S
1

Dimensions
394

ISSN: 2600-6030 Vol. 8. Niim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

3)|Uleam (S J: SAPIENTIAE

Figure 3. Dendrogram of banana lots grouped by similarity in edaphic and foliar

nutritional conditions using Euclidean distances and K=6.
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Dendrograms were generated using the Euclidean distance matrix for edaphic
nutritional variables, applying the WARD2 average distance method. The

variability observed between the batches (Figure 2) and the variables used to
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divide them into six subsets was carried out using the K = means technique (Figure
2), available in the RStudio 4.4.1 statistical package. All the subgroups formed
presented common nutritional characteristics. The batches were grouped as
follows: subset 1 (15 and 25); subset 2 (12, 2, 13, 3 and 6); subset 3 (4, 18, 11, 7,
1, 19 and 20); subset 4 (22, 26, 8, 5 and 10); subset 5 (29, 34, 30, 33, 32, 36, 21,
23 and 35); and subset 6 (31, 17, 24, 27, 28, 16, 9 and 14). Therefore, the ACP
analysis and the dendrogram analysis allowed to identify clear differences between

the studied batches, mainly based on their nutritional characteristics.

For the foliar nutritional variables, the same method was used as was proposed
for the edaphic variables. The studied batches were grouped into the following
subsets: subset 1 (, 35, 22, 4, 24, 34, 23 and 36); subset 2 (27); subset 3 (17, 32,
29, 31, 3, 14, 12, 19, 1, 15, 18, 30, 16 and 33); subset 4 (5, 7, 8, 2 and 6); subset
5 (25); and subset 6 (20, 21, 9, 26, 28, 11 and 13). The methods used in this study
coincide with the results of Monsoon et al., (2022), specifically in the
dendrograms generated from the Euclidean distance matrix and the K-means
clustering technique, which have proven to be robust tools for the analysis of

nutritional variables.

The application of the WARD2 average distance method in dendrogram
generation allowed for a clear visualization of variability between lots, which is
essential for identifying patterns and relationships within complex soil nutrition
data. Studies such as that of Miranda et al., (2010) have shown that classification
methods play an important role in identifying similarity and hierarchical distances,

since the final results have the greatest possible reliability depend on it.
Intra-lot correlations

The results of the Pearson correlation coefficients between the edaphic and foliar
nutritional variables are presented to establish relationships between the different

batches. Figure 4, both subfigures A and B show the correlations corresponding to

396
——

ISSN: 2600-6030 Vol. 8. Niim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

3)|Uleam (S J: SAPIENTIAE

the batches selected in the dendrogram of subgroup "1" for the edaphic variables
and subgroup "3" for the foliar variables, due to the greater number of batches
represented in these subgroups. For all comparisons, positive R2 values close to 1
(CP > 0.8) were observed, which indicates a directly proportional correlation
between all the variables under study. In Figure 4A, the correlations of these
subgroups are high, with R2 values ranging from 0.96 to 1.00. In Figure 4B, lots 33
and 19 show a relationship with an R2 of 0.84, this being the lowest correlation
within subgroup 3, while the other correlations between the lots vary between
0.87 and 1.00.

All these results have a concordance, as they denote the degree of association
between the lots, being considered of vital importance for nutrient management
in commercial banana plantations. Lalinde et al., (2018) indicates that Pearson’s
correlation coefficient is a measure that is widely used in various areas of
scientific work, from technical, econometric or engineering studies. It is
precisely this extensive and profuse dissemination that would explain the improper
use given to this statistical tool, especially in those scenarios in which it must be
interpreted correctly or in which the mathematical assumptions that support it

have to be verified.

On the other hand, the high correlation observed in Figures 4A and 4B, with R2
values close to 1, suggests a strong correlation between the batches grouped by
similarity characteristics. This finding is consistent with previous studies that
have demonstrated the usefulness of Pearson correlations in the evaluation of the

relationship between agronomic variables (Tofino-Rivera et al., 2016).
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Figure 4. Correlation between banana lots grouped by similarity in edaphic and

foliar nutritional conditions using Pearson.
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4. CONCLUSIONS

Principal component analyses (PCAs) and cluster analysis have identified
significant patterns in soil and foliar nutritional variables, facilitating the zoning
of banana plantations according to their specific nutritional needs. The application
of Pearson's method to assess the correlation between nutritional variables has
shown that there is a strong association between soil conditions and plant
nutritional status, supporting the importance of an integrated approach to nutrient

management.

The validation of the similarities between batches through the statistical
techniques employed has provided a solid basis for the formulation of accurate
recommendations in the implementation of nutritional plans, which can result in
a significant increase in the yield and quality of the banana crop. The
implementation of multivariate models not only improves efficiency in the use of
inputs, but also promotes sustainable agricultural practices by reducing the
environmental impact associated with the inefficient use of fertilizers and other

resources.

5. Acknowledgement
The authors would like to thank the company AGROCENTER for their collaboration

and willingness to facilitate access to the banana plantations and data collection.

6. Authors’ Conflict of Interest Statement

The authors declare no conflict of interest.

7. BIBLIOGRAPHIC REFERENCES

Ahmed, N., Zhang, B., Chachar, Z., Li, J., Xiao, G., Wang, Q., Hayat, F., Deng, L.,
Narejo, M.-U.-N., Bozdar, B., & Tu, P. (2024). Micronutrients and their
effects on Horticultural crop quality, productivity and sustainability.
Scientia Horticulturae, 323, 112512.
https://doi.org/10.1016/j.scienta.2023.112512

399
ISSN: 2600-6030 Vol. 8. Nim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

(3)|Uleam (S ): SAPIENTIAE

Arias, K. L. C., Maldonado, F. J., Olaya, R. M. D., & Saltos, M. B. G. (2021).
Strategic cost model: a competitive advantage of sustainability for banana
production. Metropolitan Journal of Applied Sciences, 4(3), Article 3.
https://doi.org/10.62452/8dw4zk71

Cakmakei, R., Salik, M. A., & Cakmakci, S. (2023). Assessment and Principles of
Environmentally Sustainable Food and Agriculture Systems. Agriculture,
13(5), Article 5. https://doi.org/10.3390/agriculture13051073

Cornejo-Reyes, J., & Inca, C. (2022). Algorithm to identify the causes of yield gaps
in Ecuadorian banana production systems. Polo del Conocimiento, 7, 1198-
1219. https://doi.org/10.23857/pc.v7i5.4022

de Deus, J. A. L., Neves, J. C. L., Soares, I., Alvarez V, V. H., de Lima Neto, A. J.,
de Albuquerque, F. M. R., dos Santos, L. L., & Natale, W. (2020).
Multivariate selection and classification of mathematical models to
estimate dry matter partitioning in the fertigated Prata banana in the
Northeast Brazil. Field Crops Research, 255, 107897.
https://doi.org/10.1016/j.fcr.2020.107897

Ding, Y., Wang, L., Li, Y., & Li, D. (2018). Model predictive control and its
application in agriculture: A review. Computers and Electronics in
Agriculture, 151, 104-117. https://doi.org/10.1016/j.compag.2018.06.004

Garcés-Fiallos, F. R., Olmedo-Zamora, |. M., Garcés-Estrella, R. E., & Diaz-
Coronel, T. G. (2015). Agronomic potential of 18 F6 bean lines in Ecuador.
Idesia  (Arica), 33(2), 107-118. https://doi.org/10.4067/50718-
34292015000200013

Islam, M., Islam, M., Ismail, Z., Islam, A., Khan, R., Hasan, F., Kabir, M., Bede, E.,
Ibrahim, K., & Idris, A. (2023). Assessment of trace elements in the long-
term banana cultivation field’s soil. Frontiers in Environmental Science, 11,
1272840. https://doi.org/10.3389/fenvs.2023.1272840

Jayasinghe, S. L., Ranawana, C. J. K., Liyanage, I. C., & Kaliyadasa, P. E. (2022).
Growth and yield estimation of banana through mathematical modelling: A
systematic review. The Journal of Agricultural Science, 160(3-4), 152-167.
https://doi.org/10.1017/50021859622000259

Jolliffe, I. T., & Cadima, J. (2016). Principal component analysis: A review and
recent developments. Philosophical transactions. Series A, Mathematical,
physical, and engineering  sciences, 374(2065), 20150202.
https://doi.org/10.1098/rsta.2015.0202

400

ISSN: 2600-6030 Vol. 8. Niim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

(3)|Uleam (S ): SAPIENTIAE

Jones, J. W., Antle, J. M., Basso, B., Boote, K. J., Conant, R. T., Foster, I.,
Godfray, H. C. J., Herrero, M., Howitt, R. E., Janssen, S., Keating, B. A.,
Munoz-Carpena, R., Porter, C. H., Rosenzweig, C., & Wheeler, T. R. (2017).
Brief history of agricultural systems modeling. Agricultural Systems, 155,
240-254. https://doi.org/10.1016/j.agsy.2016.05.014

Khan, Z., Tabasum, A., Muhammad, D., Mussarat, M., & Hassan, J. (2024).
Comparative Analysis of Soil Phosphorus Determination Methods and Their
Correlation with Plant Phosphorus in Standing Wheat Crops. Turkish Journal
of Agriculture - Food Science and Technology, 12, 568-574.
https://doi.org/10.24925/turjaf.v12i4.568-574.6393

Kolbe, H. (2022). Comparative Analysis of Soil Fertility, Productivity and
Sustainability of Organic Farming in Central Europe—Part 1: Effect of
Medium Manifestations on Conversion, Fertilizer Types and Cropping
Systems. Agronomy, 12(9), Article 9.
https://doi.org/10.3390/agronomy12092001

Kumar, S., Kumar, S., & Mohapatra, T. (2021). Interaction Between Macro- and
Micro-Nutrients in Plants. Frontiers in Plant Science, 12, 665583.
https://doi.org/10.3389/fpls.2021.665583

Lalinde, J. D. H., Castro, J. F. E., Tarazona, M. E. P., Rodriguez, J. E., Rangel, J.
G. C., Sierra, C. A. T., Torrado, M. K. A., Sierra, C. A. T., Torrado, M. K. A.,
Sierra, S. M. C., & Pirela, V. J. B. (2018). On the proper use of Pearson's
correlation coefficient: Definition, properties and assumptions. AVFT -
Venezuelan Archives of Pharmacology and Therapeutics, 37(5), Article 5.
http://saber.ucv.ve/ojs/index.php/rev_aavft/article/view/16165

Lever, J., Krzywinski, M., & Altman, N. (2017). Principal component analysis.
Nature Methods, 14(7), 641-642. https://doi.org/10.1038/nmeth.4346

Miranda, I., Varela Nualles, M., Fernandez, L., & Chavez Esponda, D. (2010). Use
of cluster analysis with mixed variables in the selection of maize genotypes
(Zea mays). Operational Research, 31(3), 209-216.

Monzén, J. A. C., Obando, A. R. N., & Montoya, L. L. V. (2022). UNSUPERVISED
LEARNING IN THE SEGMENTATION OF AGRONOMIC VARIABLES OF RAPHANUS
SATIVUS (RADISH) CROPS. REVISTA DE INVESTIGACION ESTADISTICA (ISSN:
2708-1125), 4(1), Article 1.
https://revistas.unitru.edu.pe/index.php/REDIES/article/view/4378

Ploetz, R. C., Kema, G. H. J., & Ma, L.-J. (2015). Impact of diseases on export and
smallholder production of banana. Annual Review of Phytopathology, 53,

269-288. https://doi.org/10.1146/annurev-phyto-080614-120305

401
——

ISSN: 2600-6030 Vol. 8. Niim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.


http://saber.ucv.ve/ojs/index.php/rev_aavft/article/view/16165

UNIVERSIDAD LAICA
ELOY ALFARO DE MANABI

(3)|Uleam (S ): SAPIENTIAE

Saed-Moucheshi, A., Fasihfar, E., Hasheminasab, H., Rahmani, A., & Ahmadi, A.
(2013). A Review on Applied Multivariate Statistical Techniques in
Agriculture and Plant Science. International journal of Agronomy and Plant
Production, 4, 127-141.

Shehu, B. M., Garba, I. I., Jibrin, J. M., Kamara, A. Y., Adam, A. M., Craufurd, P.,
Aliyu, K. T., Rurinda, J., & Merckx, R. (2023). Compositional nutrient
diagnosis and associated yield predictions in maize: A case study in the
northern Guinea savanna of Nigeria. Soil Science Society of America
Journal, 87(1), 63-81. https://doi.org/10.1002/saj2.20472

Tofifo-Rivera, A. P., Pastrana-Vargas, |. J., Melo-Rios, A. E., Beebe, S., & Tofifo-
Rivera, R. (2016). Yield, phenotypic stability and micronutrient content of
biofortified beans in the Colombian dry Caribbean. Agricultural Science and
Technology, 17(3), Article 3.
https://doi.org/10.21930/rcta.vol17_num3_art:511

Vargas Sanchez, A., Delboy Céspedes, M., Vargas Sanchez, A., & Delboy Céspedes,
M. (2022). ANALYSIS AND GROUPING OF STOCK MARKET INDICES. Research
& Development, 22(2), 5-21. https://doi.org/10.23881/idupbo.022.2-1e

Villamar-Torres, R., Montiel, L. G., MuA+oz-Rengifo, J., Montes, S. Z., Jazayeri, S.
M., Maddela, N. R., Torres, L. A., Matute, A. M., Pinos, M. H., & Salia, O. I.
(2018). Agronomic evaluation and web blight resilience of common bean
genotypes in the littoral region of Ecuador. African Journal of
Biotechnology, 17(10), 328-336.

402
ISSN: 2600-6030 Vol. 8. Niim. 17 (jun - dic 2025) Revista Cientifica SAPIENTIAE.



