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Abstract: This study addresses the critical challenge of the limited understanding of en-
vironmental factors influencing cocoa cultivation in Colombia, a region with significant
production potential but diverse agroecological conditions. The fragmented nature of
the existing agricultural data and the lack of targeted research hinder efforts to optimize
productivity and sustainability. To bridge this gap, this research employs a data-driven
approach, using advanced machine learning techniques such as supervised, unsupervised,
and ensemble models, to analyze environmental datasets and provide actionable recom-
mendations. By integrating data from official Colombian sources, as well as the NASA
POWER database, and geographical APIs, the present study proposes a methodology
to systematically assess environmental conditions and classify regions for optimal cocoa
cultivation. The use of an assembled model, combining clustering with targeted machine
learning for each cluster, offers a more precise and scalable understanding of cocoa estab-
lishment under diverse conditions. Despite challenges such as limited dataset resolution
and localized climate variability, this research provides valuable insights for a more com-
prehensive understanding of the environmental conditions impacting cocoa plantation
establishment in a given location. The key findings reveal that temperature, humidity, and
wind speed are crucial determinants of cocoa growth, with complex interactions affecting
regional suitability. The results offer valuable guidance for the implementation of adaptive
agricultural practices and resilience strategies, enabling sustainable cocoa production sys-
tems. By implementing better practices, countries such as Colombia can achieve higher
market shares under growing global cocoa demand conditions.

Keywords: cocoa production; Colombia; climate change; data-driven agriculture; ensemble
model; machine learning; environmental impact; sustainable farming practices

1. Introduction
Cocoa holds substantial economic and cultural significance globally, primarily as the

core ingredient in chocolate production, a commodity experiencing increasing demand
worldwide. Côte d’Ivoire and Ghana dominate global production, collectively contributing
over 70% of the world’s cocoa supply [1]. In Latin America, Brazil and Ecuador are
prominent producers [2]. Colombia has emerged as a growing player, with cocoa cultivation
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occurring in 29 of its 32 states. Santander, Arauca, Antioquia, Huila, Nariño, and Tolima are
key production regions, with Santander alone accounting for 34.4% of the national output
in 2023 [3].

Renowned for its fine-flavored cocoa beans, characterized by fruity, bitter, and acidic
notes [4], Colombia enjoys a prestigious position in the international market [5]. The supe-
rior quality of Colombian cocoa beans stems from a combination of genetics, climate, and
soil conditions, which create optimal growing environments in specific geographic areas [6].
Despite these advantages, most of Colombia’s exports fall within the category of ordinary
cocoa [7]. Previous research has highlighted productivity and quality as critical bottlenecks
in the Colombian cocoa agri-food value chain [8]. Government initiatives promoting sus-
tainable agricultural practices have gradually improved yield and bean quality, allowing
Colombian cocoa to expand its global market share. However, the industry continues
to grapple with significant challenges, including fluctuating market prices [9], limited
access to financial resources for smallholder farmers [10], and inadequate infrastructure in
rural areas [11]. Compounding these issues is the threat posed by climate change, which
introduces greater variability and exacerbates the existing vulnerabilities in agricultural
systems [12]. Climate change, characterized by an increased frequency of droughts, floods,
and storms, poses significant risks to agriculture both in Colombia and globally [13].

In the face of climate change, cocoa farmers encounter a multitude of challenges
that reduce yields, such as higher pest and disease incidence [14–16], aging farms and
trees [17], and the use of low-yield planting materials [18,19]. Diminishing soil fertility due
to poor nutrition [20,21] and inadequate plantation densities [22,23] further exacerbate these
issues. Cocoa cultivation, which thrives under stable temperatures and adequate rainfall,
is particularly vulnerable to climate fluctuations [24–26]. Projections suggest that in 2050,
suitable cocoa-growing areas could shrink in regions such as the Amazon, necessitating
crop adaptation or changes in agronomic practices [27,28].

Innovative strategies are being explored to mitigate these effects, such as develop-
ing climate-resilient cocoa varieties [29], improving soil management within agroforestry
systems [30], and optimizing irrigation practices [31]. Despite these efforts, the need for
data-driven approaches remains critical, especially in identifying which environmental
variables most strongly impact cocoa production across different regions [32,33]. While the
existing studies acknowledge cocoa’s vulnerability to climate change, a notable gap per-
sists in understanding the specific environmental factors influencing yields in Colombia’s
diverse agroecological zones [34].

To address these challenges, advanced technologies, including blockchain, IoT, Big
Data, and Machine Learning (ML), have been introduced to agricultural practices [35,36].
Machine Learning is a promising approach to improving cocoa production, offering tools
for yield prediction, disease detection, and efficient resource management [37]. However,
implementing ML in cocoa farming presents several challenges. A primary obstacle is
the lack of comprehensive datasets for training ML models, especially compared to staple
crops like wheat or maize, for which ample data sources are available [38]. The variability
in environmental conditions across different cocoa-growing regions also complicates the
creation of generalized models [39]. Additionally, smallholder farmers face limitations
in accessing advanced technologies and real-time data, which are essential for making
informed decisions. Bridging these gaps with intuitive, localized tools and infrastructure
investments is vital for increasing cocoa productivity and ensuring sustainability.

One promising approach for enhancing the performance of machine learning mod-
els, while reducing computational complexity, is assembling models [40]. Assembled
models, which combine multiple machine learning algorithms, such as bagging, boosting,
and stacking, have significantly improved prediction accuracy and robustness in various



AgriEngineering 2025, 7, 6 3 of 38

fields. These techniques are particularly advantageous in addressing crop production
challenges, where integrating multiple weak learners can help improve the reliability of
yield predictions and environmental impact assessments [41].

Despite their potential, the implementation of assembled models for the analysis of co-
coa production establishment remains limited. The complexity of the data architecture [42],
the fragmented nature of agricultural information generating data scarcity [43], and the
lack of sufficient computational resources are major challenges to adopting these advanced
ML approaches [44]. Furthermore, most research in cocoa farming—especially in produc-
tion activities—has focused on simpler, standalone models that are easier to interpret and
require less computational resources [45–48].

The limited use of assembled models represents an important gap in the current
research landscape. Addressing this gap could significantly increase model accuracy
and the reliability of cocoa models for estimating yield, quality, and resilience, especially
regarding climate variability. By supporting more advanced computational methods and
encouraging collaborations between agronomists and data scientists, the cocoa sector can
begin to harness the full potential of assembled ML models to tackle the complex challenges
it faces.

Thus, assembled models also offer significant potential for defining timely interven-
tions before cocoa crop establishment. The current research highlights several agronomic
practices aimed at improving cocoa productivity, such as optimizing shade management
through agroforestry [49,50], enhancing soil moisture retention through mulching [51],
and integrating pest management to reduce crop losses [52]. These practices help create
favorable plantation microclimates for optimal flower and fruit development under vari-
able environmental conditions [50,53]. However, there is still a gap in determining the
adaptability and effectiveness of these practices across different cocoa-growing regions,
particularly those with challenging environmental conditions.

For instance, while shade management has proven beneficial, determining the optimal
levels and types of shading that maximize yields under extreme conditions, such as high
solar irradiance and low humidity, still requires further investigation. By analyzing complex
datasets from multiple regions, assembled models can offer insights into the most effective
interventions tailored to specific environmental contexts. Leveraging these models can
lead to more precise, data-driven recommendations for farmers, improving overall crop
establishment success and productivity.

This research aims at evaluating environmental data and assessing its impact on cocoa
production using advanced analytics and machine learning, including assembled models.
Open-access datasets, such as meteorological data, agricultural outputs, and soil suitability
indicators sourced from the NASA POWER database, can classify Colombian regions based
on their suitability for cocoa cultivation. Techniques like logistic regression, decision trees,
random forests, support vector machines (SVMs), and neural networks are integrated into
assembled models to identify key climatic factors affecting yield.

2. Materials and Methods
This study focuses on the geographical suitability of cocoa cultivation across Colombia,

specifically targeting the identification and analysis of optimal growing areas. The study
area encompasses various regions across Colombia, characterized by diverse climates, soil
types, and topographical conditions. The climate varies from humid tropical to dry regions,
influencing the suitability for cocoa growth. Soil types include well-drained loamy soils,
generally favorable for cocoa, and areas with clay and sandy soils.

Data were systematically acquired through the official Colombian Open-Data program
using a dedicated Application Programming Interface (API) [54]. The primary dataset
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consisted of several variables, including spatial geometry in multi-polygon format, ad-
ministrative identifiers, geographic codes, land area measurements, and land suitability
classifications for cocoa cultivation. Specific sites included various municipalities across
cocoa-producing regions, such as Antioquia, Santander, and Huila, representing diverse
environmental conditions.

Centroid points were selected as representative markers of each region for data rep-
resentation. The selection depended on the characteristics of each polygon, particularly
its convexity and compactness. The centroid provided a precise representation in convex
polygons (in which all interior angles are less than 180◦). Furthermore, compactness metrics
and additional geometric evaluations, such as the moment of inertia and the compaction
index, were also employed to accurately represent the topographical conditions for more
complex, non-convex polygons. The maximum inner circle was calculated for highly ir-
regular polygons, and its center was chosen as the representative point. Figure 1 shows
four illustrative examples, while Figure 2 presents the overall process for selecting the
representative points. This study used a compactness threshold of 0.5, and compactness
values were calculated for polygons with low balance.
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2.1. Data Collection

The data collection focused on gathering essential variables related to cocoa cultivation,
including meteorological, soil, and crop-related data. Meteorological data were retrieved
from the NASA POWER database, providing variables such as solar radiation, precipitation,
temperature, relative humidity, and wind speed. The NASA POWER database offers
meteorological data with a spatial resolution of 0.5◦ by 0.5◦, approximately 55 km by 55 km
at the equator. While suitable for regional analyses, this resolution may not capture local
microclimatic variations, which are particularly relevant in cases of precision agriculture
and crops sensitive to treatment applications [55].

Soil data included soil moisture content, surface soil wetness, and root zone wetness,
which were also obtained from the NASA dataset at a spatial resolution of 0.25◦ by 0.25◦

(approximately 27.75 km by 27.75 km at the equator). Additionally, elevation data were
integrated for each representative point using the Open-Elevation API to accurately mea-
sure altitude, which plays a critical role in cocoa cultivation. The data collection from 2019
to 2023 focuses on the most recent and complete data without missing values to ensure
accuracy. The instruments used included APIs for data retrieval, specifically designed to
provide high-resolution spatial and environmental information. The variables analyzed
with their respective codification include the following:

• ALLSKY_SFC_SW_DWN (All-Sky Surface Shortwave Downward Irradiance): Mea-
sures the solar radiation reaching the Earth’s surface (kWh/m2/day), which is crucial
for photosynthesis in cocoa plants [56].

• PRECTOTCORR (Corrected Total Precipitation): Quantifies precipitation (mm), which
impacts irrigation and natural soil moisture levels, essential for cocoa’s well-watered
growth conditions [57].
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• CLRSKY_SFC_PAR_TOT (Clear-Sky Photosynthetically Active Radiation): Estimates
light availability (W/m2) for photosynthesis, indicating the potential for cocoa growth
in optimal sunlight [58].

• RH2M (2 m Relative Humidity): Represents atmospheric moisture content (%), in-
fluencing transpiration and pest/disease development. It is critical for cocoa’s high-
humidity needs [59].

• WS2M (2 m Wind Speed): Measures wind speed (m/s), which affects evapotranspi-
ration and microclimate conditions. It is essential for pollination and fungal disease
prevention [60].

• T2M_MAX and T2M_MIN (Maximum and Minimum Temperature at 2 Meters): Tracks
temperature (◦C), as stable temperatures are vital for cocoa growth and fruit develop-
ment [61].

• GWETTOP (Surface Soil Wetness): Assesses soil moisture in the top 5 cm, indicating
water availability for cocoa seedlings [61].

• GWETPROF (Root Zone Soil Wetness): This variable refers to the soil moisture content,
spanning from the surface to a depth of 100 cm. This measurement encompasses the
primary root zone where most mature cocoa plant roots are located, making it pivotal
for assessing water availability to support healthy plant growth [61].

• GWETROOT (Profile Soil Moisture): Measures total soil moisture from the surface to
bedrock, providing a long-term view of water supply [61].

This dataset, comprising 57,658 records, was meticulously curated to identify suitable
zones for cocoa production in Colombia. The dependent variable, “aptitude”, categorized
land into high, medium, and low suitability levels. Additional features, including altitude,
soil characteristics, and twelve environmental variables, were detailed with their mean
and standard deviation values across the dataset’s 81 columns, capturing the complexity of
factors influencing cocoa production.

2.2. Experimental Design

The experimental design featured two main parts. The first part involved selecting
the best ML model to estimate the suitability (aptitude) for establishing cocoa crops by
comparing performance on balanced and unbalanced datasets. A battery of ML models,
including logistic regression, decision trees, random forests, SVMs, and neural networks,
was applied. The second part of the design involved proposing an assembled model. Clus-
tering was performed to group similar regions within Colombia based on environmental
and geographical features. After clustering, the same battery of ML models was applied
to classify cocoa suitability within each cluster, followed by training a separate model to
classify the regions into these clusters based on location characteristics. The assembled
model consisted of two stages: (1) classification of locations into defined clusters and
(2) aptitude classification for each location within its corresponding cluster.

The dataset was divided into training and testing subsets using a 10-fold cross-
validation method to validate model accuracy and reliability. Control variables included
climatic and soil factors that were kept constant, while the primary variation was geo-
graphic location and corresponding environmental conditions. Advanced machine learning
classification techniques were employed to analyze this dataset, including the following:

• Logistic Regression (LR): This linear classifier utilized the logistic function to predict
the probability of the “aptitude” categories [62]. The logistic regression model was
implemented with standardized regression coefficients, providing insight into the
relative importance of each feature. To ensure convergence, the model was configured
to run with a maximum of 10,000 iterations, making it suitable for datasets with high
dimensionality like ours.
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• Decision Tree Classifier: The decision tree (DT) technique implemented had a max-
imum depth of 20 levels, allowing it to capture complex patterns in the data while
avoiding overfitting. The tree’s splitting criterion was based on the Gini impurity
index, which measures the purity of the node’s splits. Due to its inherent feature
importance metric, this model is particularly useful for interpreting which variables
significantly impact predicting land suitability [63].

• Random Forest Classifier: The random forest (RF) model, an ensemble of multiple
decision trees, was configured with a maximum depth of 15 per tree for the aptitude
problems and a maximum depth of 150 for the cluster classification problem. It used
the same Gini impurity criterion for node splitting as the decision tree model. The
ensemble approach of random forests, where multiple trees vote for the most popular
class, enhances the model’s robustness and reduces the risk of overfitting. This model
was instrumental in identifying key variables through aggregate feature importance
scores across the trees [64].

• Support Vector Machine (SVM): The SVM technique was configured with a radial
basis function (RBF) kernel, which is well-suited for handling non-linear relationships
within the data. This kernel maps the input features into higher-dimensional space,
allowing the SVM to find the optimal hyperplane that maximizes the margin between
classes. The SVM was also standardized to ensure that the features contributed equally
to the decision boundary [65].

• Neural Network (MLPClassifier): The Artificial Neural Network (ANN) model em-
ployed a Multi-Layer Perceptron (MLP) architecture [66] with one hidden layer and a
ReLU (Rectified Linear Unit) activation function. The ReLU function, known for miti-
gating the vanishing gradient problem, allowed the model to learn complex patterns
within the data. The model was trained with a maximum of 10,000 iterations, ensuring
thorough training and convergence.

• The k-means clustering algorithm was utilized to segment the data into distinct
clusters based on climate and soil characteristics [67]. The preprocessing pipeline
included standardizing features and regularizing the covariance matrix by means of
the LedoitWolf estimator method, ensuring numerical stability [68]. The data were
divided into sub-dataframes of 10,000 records to handle the large dataset efficiently.
The elbow method and silhouette score determined the optimal number of clusters,
ranging from 2 to 100, by calculating average inertia and silhouette scores across
batches. After selecting the optimal number of clusters based on silhouette scores, final
k-means clustering was conducted, allowing us to identify the inherent data structures.

2.3. Data Analysis

Exploratory data analysis (EDA) was conducted to uncover patterns, distributions,
and key features in the dataset. It involved visualizing environmental variables, such as
temperature, precipitation, and solar radiation, to understand their influence on cocoa
cultivation suitability. Heatmaps, boxplots, and confidence interval plots were used to
identify correlations between variables and detect anomalies. Multivariate data analysis
was performed using clustering techniques to group similar regions based on environ-
mental and geographical characteristics, excluding latitude and longitude. This approach
allowed for identifying distinct regions with comparable conditions, which is essential for
refining the classification of cocoa suitability. Data analysis was conducted using Python,
incorporating libraries like scikit-learn for machine learning, pandas for data manipulation,
and Matplotlib for visualization [69–71]. Statistical methods included descriptive analysis
(mean, standard deviation) and predictive modeling through machine learning models.
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2.4. Assembled Model Description

The assembled model was developed in three stages to improve the classification of
cocoa cultivation suitability across different regions in Colombia.

2.4.1. Stage 1: Cluster Analysis

Initially, clustering analysis was conducted to define groups of regions with similar
environmental and geographical characteristics. This clustering step allowed for a more tai-
lored analysis of regions, helping capture nuanced climate, soil, and topography differences
that influence cocoa suitability. The clustering process utilized k-means to group locations,
enabling the subsequent modeling steps to leverage this categorization for refined analysis.

2.4.2. Stage 2: Cluster Classification

After the cluster definition step, several machine learning models were trained to
classify each location into the appropriate cluster based on its geographical and environ-
mental attributes. The model with the best performance acted as the main model for
cluster classification, and the remaining four models were employed as predictors, so the
cluster predictions from these models were then integrated back into the original dataset as
additional features, thereby enhancing the dataset with cluster-specific information that
enriched the subsequent analysis.

2.4.3. Stage 3: Machine Learning Model Training per Cluster

The enriched dataset—including original features and cluster assignments—was used
in the third stage to train machine learning models specific to each cluster. By training
separate models for each cluster, the unique characteristics of each group were considered,
resulting in improved model performance. A random forest model with a maximum depth
of 150 was employed to classify cocoa suitability within each cluster. Machine learning
models were also applied to each cluster to refine the classification. Training and testing
models within each cluster aimed at accurately capturing local variations and improving the
precision of cocoa suitability predictions. Figure 3 shows a representation of the proposed
assembled model.
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2.5. Robustness Analysis Using K-Folds

Robustness analysis was conducted using k-fold cross-validation to evaluate the
stability, consistency, and reliability of the machine learning models applied in this study.
A 10-fold cross-validation approach was employed, involving the division of the dataset
into ten equal subsets. Each model was trained on nine of these subsets and tested on the
remaining one, with this process repeated ten times to ensure each subset served as a test
set once. This approach not only helped in assessing the consistency of the models but
also provided a comprehensive measure of performance. Multiple metrics were employed
during k-fold cross-validation to understand model robustness thoroughly. These included
the following:

• Accuracy: Measured the proportion of correctly predicted instances out of the total
instances, providing a general measure of how well the model performed across
all classes.

• Precision: Calculated as the ratio of true positives to the sum of true positives and
false positives, indicating how many predicted positive cases were correct.

• Recall: Also known as sensitivity or the true positive rate. Measured the ratio of
correctly predicted positive observations to all actual positives, reflecting the model’s
ability to identify positive cases.

• F1-Score: Represented the harmonic mean of precision and recall, balancing these two
metrics and providing a single measure of a model’s predictive performance, which is
especially useful when dealing with imbalanced datasets.

• Cross-Validation Scores: Cross-validation accuracy was averaged across the ten folds
to estimate model generalizability. Using cross-validation scores was crucial to deter-
mine the variance and ensure that the model did not overfit to a particular subset of
the data.

Figure 4 summarizes and organizes the process from data acquisition to agricultural
practice recommendations, integrating the ensemble machine learning model. The light
gray color represents the main activities; light blue indicates the subprocesses in each
activity, and light green denotes the decisions.
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2.6. Model Performance Evaluation

The machine learning experiments for classifying the aptitude of a terrain for cocoa
farming in Colombia were conducted using the cloud-based platform Google Colaboratory.
The virtual machine provided for the computations was configured with a Linux-based
operating system, specifically Linux-6.1.85+-x86_64-with-glibc2.35, ensuring a robust and
secure environment for data processing. The analysis was performed using Python 3.10.12,
leveraging its ecosystem of libraries for data manipulation and machine learning. The
computational core was powered by an Intel(R) Xeon(R) CPU @ 2.20GHz, equipped with
12.67 GB of RAM, which facilitated efficient handling of the environmental datasets. The
available disk space on the virtual machine was 107.72 GB, ample for the dataset and
intermediate outputs.

The specifications were adequate to handle the datasets and computations without
significant latency. The reliance on CPU-based computations rather than GPU acceleration
underscored the efficiency of the chosen models and preprocessing steps. For example, the
computational setup enabled iterative model training and validation within a reasonable
timeframe of approximately two hours for the entire suite of experiments. This demon-
strates that the system could handle the inherent complexity of environmental datasets
and multiple modeling techniques, including random forest and neural networks, which
are computationally intensive. Despite lacking a GPU, the CPU and memory resources
allowed the models to effectively process both balanced and unbalanced datasets. Table 1
explains the parameter selection for each model.

Table 1. Model parameters and their relevance in the classification of cocoa aptitude.

Model Parameters Default Settings
Not Mentioned Relevance to the Classification Problem

Decision Tree max_depth = 20, criterion = gini,
splitter = best

min_samples_split = 2,
min_samples_leaf = 1

Increased depth helps manage many
predictors by allowing more complex

decision paths.

Random Forest max_depth = 15, criterion = gini,
n_estimators = 100

min_samples_split = 2,
min_samples_leaf = 1

Depth and multiple estimators improve
accuracy and prevent overfitting with many

correlated variables.

Neural
Network

hidden_layer_sizes = (100,),
activation = relu, solver = adam

learning_rate_init = 0.001,
max_iter = 10,000

Layers and neurons can model complex
non-linear relationships in

high-dimensional data.
Logistic

Regression penalty = l2, C = 1.0, solver = lbfgs max_iter = 10,000,
multi_class = auto

Regularization (L2) and iterative solver handle
multicollinearity, enhancing stability.

Support Vector
Machine kernel = rbf, C = 1.0 gamma = scale

The RBF kernel efficiently manages
high-dimensional space, ideal for non-linear

data separation.

3. Results
3.1. Exploratory Data Analysis

The land suitability analysis for cocoa cultivation depends on the geographic location
of different study areas. Figure 5 illustrates the spatial distribution of potential cocoa
cultivation zones across Colombia, representing the farms selected by grey points. Figure 6
shows significant trends in the distribution of potential cocoa cultivation areas, empha-
sizing the role of smallholder farms. The data reveal that areas equal to 5 hectares or
less correspond to the lower 20% available land, aligning with the global trend of small-
holder farmers dominating cocoa production. This indicates that much of Colombia’s
cocoa-growing potential lies in smaller regions, likely integral to the local cocoa economy.
However, as the percentile increases, the available land size grows rapidly, with areas
exceeding 46 hectares by the 50th percentile and over 100 hectares by the 75th percentile,
indicating land suitable for agribusiness. Despite the availability of these larger areas, their
use for cocoa cultivation may be limited. Additionally, the data show a steady increase in
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altitude, with most large land tracts situated above 800 m above sea level (a. s. l.), some
even exceeding 1400 m a. s. l. While cocoa can be grown at these altitudes, it may require
specialized varieties or advanced agricultural practices.
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3.1.1. Climatological Analysis

The climatological data provide critical insights into the relationship between environ-
mental factors and cocoa cultivation. The analysis focuses on how wind speed, temperature,
relative humidity, precipitation, and solar radiation yearly variations could impact cocoa
crop establishment and its future production in different areas of Colombia (Figure 7 con-
tains the average and confidence interval, while Figure 8 shows a yearly boxplot for each
environmental variable).

• Wind Speed and Pollination: As shown in Figure 7, variability in wind speed signifi-
cantly affects cocoa pollination. Cocoa relies on wind and insects for pollination, and
erratic wind patterns can disrupt these processes. High wind speeds can damage
flowers and young pods, reducing yields and increasing water loss through increased
leaf transpiration.

• Temperature and Evapotranspiration: The data suggest that increasing temperature
variability, particularly extremes, can elevate evapotranspiration (ET0) rates, leading
to higher water demand for cocoa plants. If the water supply does not meet these
demands, it can result in plant stress, reduced photosynthetic efficiency, and yield
losses. Additionally, temperature extremes can accelerate or delay cocoa development,
disrupting the phenological cycle and yield quality.

• Relative Humidity and Disease Prevalence: Fluctuations in humidity levels can create
conditions favorable for diseases like witches’ broom and frosty pod rot, which thrive
in high humidity conditions. Periods of elevated humidity, especially when coupled
with high temperatures, can exacerbate these diseases, posing a significant risk to
cocoa production.

• Precipitation and Solar Radiation: Decreasing precipitation and solar radiation trends
could potentially challenge cocoa establishment. Insufficient rainfall may lead to
inadequate soil moisture, affecting water availability and increasing plant stress.
Meanwhile, lower solar radiation reduces the energy available for photosynthesis,
which is essential for plant growth and productivity.
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Decisionmakers must contemplate environmental characteristics to guarantee optimal
establishment. Soil fertility and quality are pivotal for optimal cocoa production, and evalu-
ating soil health could be necessary because, worldwide, many farms have suboptimal soil
fertility [72]. Pest infestations significantly impact cocoa yields. Research highlights that
low adoption of good farming practices combined with pest and disease attacks contribute
to reduced yields. Understanding local pest populations and implementing effective man-
agement strategies are crucial for mitigating these challenges. Sustainable farming practices
are essential for long-term cocoa cultivation [73]. A global review of cocoa farming systems
identifies six key drivers of on-farm productivity: variety cultivated, soils, farm husbandry,
farm age, abiotic factors (climate), and biotic factors (pests, diseases, weeds, parasitic
plants) [74]. Integrating these factors into farming practices can improve productivity and
sustainability. Additionally, agroforestry practices have positively impacted soil microbial
diversity and nutrient cycling, improving soil quality. Implementing such systems can lead
to more resilient and productive cocoa farms [75,76].
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Figure 8. Boxplot for annual climatic variable distributions in cocoa cultivation regions (2019–2023).

The environmental conditions for cocoa cultivation in Colombia demonstrate a gener-
ally stable and favorable climate with nuanced regional differences that influence produc-
tion potential. The temperature values, both maximum and minimum, show low variability
and remain within the optimal range for cocoa growth. This stability supports critical
physiological processes and reduces extreme heat or cold stress risks. The narrow spread
of solar radiation and photosynthetically active radiation (PAR) indicates consistent light
availability, which is crucial for photosynthesis and uniform growth cycles.
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Relative humidity reflects the tropical nature of the region, with moderate variability
centered around a high mean. These conditions are ideal for cocoa growth, although areas
with elevated humidity may influence disease dynamics. The precipitation data reveal
moderate variability, highlighting differences in rainfall distribution. Regions with lower
precipitation may face water stress, while areas experiencing higher rainfall might contend
with localized waterlogging.

The wind speed data suggest calm conditions with minimal variability, fostering a
stable microclimate and reducing risks such as excessive evaporation or physical damage to
plants. The soil moisture variables, including surface and profile wetness, exhibit moderate
variability with consistent water availability in most regions. However, root zone soil
wetness displays higher variability, with lower mean values indicating potential challenges
in deeper soil layers, particularly in drier or semi-arid zones. Table 2 describes the average
values observed in the window analysis.

Table 2. Interpretation of average environmental variable values for cocoa cultivation in Colombia.

Variable Mean Std Min 25% 50% 75% Max Interpretation of Distribution

Max
Temperature

(◦C)
28.18 0.72 27.12 27.76 28.58 28.71 28.74

Low variability in the annual average indicates a stable
temperature regime, suitable for enzymatic processes and

physiological stability. The small spatial and temporal standard
deviation (mean: 1.99 ◦C, std: 0.10 ◦C) across regions suggests
homogeneity in conditions. Minimal variation between areas

reduces the likelihood of extreme temperature disparities.

Solar
Radiation
(W/m2)

17.20 0.40 16.76 16.97 17.13 17.34 17.80

The consistent annual average reflects uniform energy
availability. Spatial and temporal variability (mean std:

3.52 W/m2, std: 0.07 W/m2) across regions is narrow, with
localized variations likely caused by transient atmospheric or

geographic factors. The overall trend supports predictable
growth conditions for cocoa.

Wind Speed
(m/s) 0.82 0.06 0.73 0.81 0.81 0.84 0.90

Low variability in wind speed is observed in both annual
averages and spatial distributions (mean std: 0.28 m/s, std:

0.02 m/s). These stable conditions prevent excessive water loss
through evaporation and support the microclimatic stability
necessary for consistent evapotranspiration and pollination

processes.

Clear-Sky PAR
(mol/m2/s) 132.91 1.39 131.23 131.61 133.60 133.88 134.25

The annual average photosynthetically active radiation (PAR)
values indicate highly consistent photosynthetic energy. The

spatial and temporal deviations (mean std: 6.47 mol/m2/s, std:
0.39 mol/m2/s) suggest minimal regional variability, with slight

peaks likely attributed to clearer atmospheric conditions or
reduced cloud cover in specific zones.

Relative
Humidity (%) 80.09 2.64 76.29 78.43 81.52 81.63 82.57

Moderate variability in the annual average is complemented by
spatial and temporal deviations (mean std: 7.10%, std: 0.79%).

The lower regional variability supports tropical climate
uniformity, though localized humidity peaks or troughs could
influence biological and fungal processes in specific cultivation

areas.

Min
Temperature

(◦C)
20.03 0.47 19.44 19.91 20.02 20.02 20.76

The narrow spread in annual averages demonstrates thermal
stability crucial for metabolic recovery. The spatial and temporal

variability (mean std: 1.06 ◦C, std: 0.06 ◦C) remains low,
confirming minimal geographical disparities in nighttime cooling
patterns, which benefits consistent development across regions.

Precipitation
(mm) 5.00 1.46 3.07 4.06 5.36 5.72 6.80

Precipitation shows moderate variability, with annual averages
and spatial and temporal deviations (mean std: 7.78 mm, std:
1.77 mm) indicating significant differences across regions and

days. Lower values represent drought-prone areas, while higher
values reflect zones of concentrated rainfall, requiring tailored

water management in specific locations.

Surface Soil
Wetness 0.77 0.11 0.39 0.70 0.79 0.85 0.98

Moderate annual averages with spatial and temporal deviations
(mean std: 0.12, std: 0.06) indicate variability in surface moisture
retention. Regions with high wetness likely benefit from greater

water availability, while areas with lower values suggest
transient drying or lighter soil textures.

Profile Soil
Wetness 0.79 0.10 0.36 0.71 0.79 0.87 0.99

High centrality in annual averages is paired with spatial and
temporal variability (mean std: 0.10, std: 0.04), reflecting

dependable subsurface water availability. Outliers near the
minimum may correlate with challenges in water retention

across less permeable soils or drier zones.

Root Zone Soil
Wetness 0.78 0.10 038 0.72 0.80 0.87 0.99

The high variability in root zone wetness (mean std: 0.10, std:
0.04) indicates significant regional disparities in deep soil

moisture. Areas with lower moisture retention may face stress
during dry spells, while higher values correspond to saturated

zones, highlighting diverse water dynamics across the landscape.
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3.1.2. Correlation Analysis

The correlation between the different environmental variables observed in Figure 9
reveals intricate relationships significantly impacting cocoa cultivation. These correlations
highlight how variations in one factor can influence or predict changes in another, shaping
the overall cultivation environment. Key findings include the following:

AgriEngineering 2025, 7, x FOR PEER REVIEW 18 of 41 
 

 

In addition, the standard deviations of maximum and minimum temperatures in Fig-

ure 10 often show correlations, indicating that the variability in temperature from day to 

night can be consistent across the years. This behavior suggests a stable but potentially 

challenging environment for cocoa cultivation, as significant temperature swings can 

stress plants and affect growth cycles. The relative humidity (RH2M) shows a correlation 

with soil moisture variables (GWETTOP, GWETPROF, GWETROOT), particularly in re-

cent years such as 2022 and 2023. This relationship highlights how ambient moisture lev-

els can reflect or influence soil moisture conditions, which is crucial for maintaining ade-

quate water availability for cocoa tree roots. 

 

Figure 9. Correlation heatmap of meteorological averages (2019–2023). Figure 9. Correlation heatmap of meteorological averages (2019–2023).

The maximum and minimum temperatures (T2M_MAX, T2M_MIN) consistently
correlate with the relative humidity (RH2M) across multiple years. This relationship
suggests that as temperatures increase, humidity levels also tend to be higher, which can
impact cocoa plants by increasing transpiration rates and potentially influencing pests and
disease prevalence. All-sky Solar Downward Radiation (ALLSKY_SFC_SW_DWN) and
precipitation (PRECTOTCORR) exhibit a significant inverse correlation, particularly noted
in 2019 and 2020. These correlations suggest that higher solar radiation often coincides
with lower precipitation levels. This dynamic can lead to increased water demand for
cocoa plants due to higher evapotranspiration on sunny days, necessitating effective water
management strategies during these periods.

Wind speed (WS2M) has a moderate to strong correlation with the maximum temper-
ature (T2M_MAX) across the years. This correlation indicates that higher temperatures can
be associated with increased wind speeds, which affect cocoa through mechanisms like
enhanced evapotranspiration and potentially increased pollination or dispersion of pests.
All-sky Solar Downward Radiation (ALLSKY_SFC_SW_DWN) has a high correlation with
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clear-sky photosynthetically active radiation (CLRSKY_SFC_PAR_TOT), particularly in
years like 2019 and 2020. This strong positive correlation underscores the critical role of
sunlight in providing energy for photosynthesis, which is essential for the growth and
productivity of cocoa plants.

In addition, the standard deviations of maximum and minimum temperatures in
Figure 10 often show correlations, indicating that the variability in temperature from day
to night can be consistent across the years. This behavior suggests a stable but potentially
challenging environment for cocoa cultivation, as significant temperature swings can stress
plants and affect growth cycles. The relative humidity (RH2M) shows a correlation with
soil moisture variables (GWETTOP, GWETPROF, GWETROOT), particularly in recent years
such as 2022 and 2023. This relationship highlights how ambient moisture levels can reflect
or influence soil moisture conditions, which is crucial for maintaining adequate water
availability for cocoa tree roots.
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Complementary datasets were generated to deepen the analysis of environmental
variables affecting cocoa cultivation, including correlation and p-value matrices for the
average of and variability in meteorological parameters. These datasets provide a quantita-
tive foundation for evaluating the significance and strength of observed relationships. The
standardized and average-based analyses provide a more holistic perspective, accommo-
dating typical conditions and variability, which are critical for anticipating environmental
challenges and devising resilient management strategies.
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3.2. Cluster Analysis Result

The first step in this stage is to identify the optimal number of clusters or homogeneous
groups. The selection of 10 clusters is grounded in a thorough examination of clustering
performance, validated through the elbow method and silhouette analysis. Each method
provides complementary insights that support the choice of 10 clusters as a viable structure
for distinguishing environmental patterns relevant to cocoa establishment.

In Figure 11, the elbow method plots the inertia, or within-cluster sum of squares,
against the number of clusters, revealing a distinct “elbow” at the 10-cluster mark. This
point represents a substantial reduction in inertia (especially considering the preliminary
change with fewer clusters), suggesting that increasing the number of clusters beyond
this point yields diminishing returns. Specifically, after 10 clusters, the decrease in inertia
becomes more gradual, indicating that additional clusters capture increasingly minor
variations within the data. This inflection point is a visual signal that 10 clusters effectively
balance the trade-off between data variance and clustering efficiency, capturing substantial
intra-cluster homogeneity without over-fragmentation.
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Complementing this, Figure 12 illustrates the results of silhouette analysis, which
measures the cohesion and separation of clusters by assessing how well each point aligns
with its assigned cluster compared to others. The average silhouette score across all clusters
is approximately 0.21, as indicated by the red dashed line. Although a higher silhouette
score is generally preferred, a score of 0.21 suggests that the clusters possess moderate
separation, allowing practical, if not highly distinct, data partitioning. This moderate
silhouette value implies that while clusters are adequately cohesive, the environmental
characteristics defining each cluster may not be sharply distinct, reflecting similarities or
overlapping environmental conditions across the clusters.



AgriEngineering 2025, 7, 6 19 of 38

AgriEngineering 2025, 7, x FOR PEER REVIEW 21 of 41 
 

 

 

Figure 12. Density of the ten clusters. 

The clusters in Figure 13 highlight distinct cocoa suitability zones across Colombia, 

shaped by regional climates and weather impacts. In the Andean region, moderate tem-

peratures, high humidity, and steady rainfall provide favorable conditions for cocoa, 

though mountainous terrain creates microclimates with varying moisture and tempera-

ture needs. Soil conservation and moderate shading are essential to enhance growth here. 

Along the Pacific coast and western Andes, intense rainfall and high humidity sup-

port cocoa but increase fungal disease risks, making agroforestry and canopy manage-

ment critical for airflow and moisture control. Warmer temperatures and variable rainfall 

in the northern lowlands challenge water availability and heat stress. Water conservation 

and shading are vital to retain soil moisture and reduce plant stress during dry periods. 

The Amazonian and southern regions experience high humidity and consistent warmth, 

which benefits cocoa but requires careful temperature management to prevent heat stress. 

Ground cover and mulching stabilize soil temperatures, while rainwater harvesting en-

sures reliable moisture. 

Figure 12. Density of the ten clusters.

The distribution of silhouette scores within each cluster further illustrates this point.
While most clusters show predominantly positive silhouette values, the absence of strong
peaks in the distribution of silhouette scores means that there are no clusters with a high
concentration of members that are exceptionally cohesive and clearly separated from
others. In other words, the clusters do not exhibit sharp, well-defined groupings that
stand out distinctly. Instead, the distribution suggests a more moderate level of cluster
definition, where groups are reasonably cohesive but not completely isolated. This balanced
distribution supports the idea that the clusters, while distinct enough to capture meaningful
variation, still share some environmental overlap, which may be inherent to the geographic
and climatic gradients observed in Colombia.

The clusters in Figure 13 highlight distinct cocoa suitability zones across Colombia,
shaped by regional climates and weather impacts. In the Andean region, moderate temper-
atures, high humidity, and steady rainfall provide favorable conditions for cocoa, though
mountainous terrain creates microclimates with varying moisture and temperature needs.
Soil conservation and moderate shading are essential to enhance growth here.

Along the Pacific coast and western Andes, intense rainfall and high humidity support
cocoa but increase fungal disease risks, making agroforestry and canopy management
critical for airflow and moisture control. Warmer temperatures and variable rainfall in
the northern lowlands challenge water availability and heat stress. Water conservation
and shading are vital to retain soil moisture and reduce plant stress during dry periods.
The Amazonian and southern regions experience high humidity and consistent warmth,
which benefits cocoa but requires careful temperature management to prevent heat stress.
Ground cover and mulching stabilize soil temperatures, while rainwater harvesting ensures
reliable moisture.
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Figure 13. Regional distribution of cocoa suitability clusters in Colombia.

The analysis of environmental variables across the ten clusters in Figure 14 highlights
distinct ecological patterns that influence cocoa establishment potential in Colombia. Clus-
ters 0 and 4 stand out for their elevated soil moisture levels across all three measured
depths: surface (GWETTOP), profile (GWETPROF), and root zone (GWETROOT). With
averages around 0.82–0.83 in Cluster 0 and approximately 0.78 in Cluster 4, these regions
maintain a high and consistent moisture profile supporting cocoa root development and
nutrient uptake. In contrast, Clusters 6 and 7, showing lower soil moisture (0.74–0.75), may
face drier conditions, suggesting a need for irrigation intervention to maintain soil moisture
levels favorable for cocoa.
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Figure 14. Boxplot comparison of environmental variables across cocoa suitability clusters in Colombia.

Solar radiation varies significantly across clusters, affecting the plant’s growth
rate and water requirements. Cluster 2 receives the highest solar radiation, averaging
17.86 MJ/m2/day, which could accelerate growth due to increased photosynthetic activ-
ity but may concurrently increase evapotranspiration. In comparison, Cluster 9 has the
lowest solar radiation (16.59 MJ/m2/day), which might reduce water stress but could
also slow plant metabolic processes if insufficient energy reaches the canopy. Meanwhile,
photosynthetically active radiation (PAR) shows minor variability. However, Cluster 9’s
slightly elevated average (133.61 µmol/m2/s) might offer an advantage in supporting
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photosynthesis and growth under low light conditions, provided that soil moisture is
adequately managed.

Precipitation levels further differentiate the clusters, impacting each area’s water
availability and suitability for cocoa cultivation. Cluster 0 receives the highest mean
precipitation (6.11 mm/day), contrasting sharply with Cluster 1, where precipitation
drops to 3.97 mm/day. This discrepancy suggests that Clusters 1 and 3, with lower
precipitation levels, may benefit from additional water resource management, such as
rainwater harvesting, to sustain crop health during dry periods.

Relative humidity patterns add another layer to the environmental profile. Clusters 7
and 9 exhibit high humidity levels (84.1% and 84.6%, respectively), which could reduce
drought risk by lowering plant transpiration rates. However, elevated humidity might also
predispose these regions to fungal diseases, a common concern in cocoa production under
humid conditions. On the other hand, Cluster 2, with a lower average humidity of 76.6%,
might face drier air conditions, which could lessen the prevalence of humidity-related
diseases but may require increased irrigation to mitigate soil moisture loss.

Wind speed provides insights into surface drying and potential evaporation rates,
with Clusters 3 and 5 experiencing higher average wind speeds (1.09–1.13 m/s). These
conditions could lead to accelerated soil drying, impacting the water retention necessary
for sustained cocoa growth. In contrast, Cluster 2’s notably lower wind speed (0.49 m/s)
may aid in preserving soil moisture, supporting cocoa growth with less evaporation-related
moisture loss.

Temperature variations between clusters add further complexity to cocoa suitability.
The maximum temperature in Cluster 6 (29.7 ◦C) suggests a warmer environment, con-
ducive to faster metabolic rates, but it might also heighten water requirements. Conversely,
Cluster 9’s lower average maximum temperature (25.2 ◦C) indicates a cooler environment,
which could slow metabolic processes and growth rates. Minimum temperatures also
vary, with Cluster 9 experiencing the lowest (17.7 ◦C), potentially affecting nighttime res-
piration. In comparison, Cluster 6’s higher minimum temperature (21.2 ◦C) maintains
warmer nighttime conditions that could accelerate plant processes but may also intensify
moisture loss.

Clusters 0, 4, and 6 appear favorable for cocoa establishment due to their soil moisture,
radiation, and temperature balance. However, clusters like Cluster 2, with lower humidity
and higher solar radiation, would require careful water management to prevent plant stress.
Cluster 9, with its cooler, humid environment, might suit cocoa but demands monitoring
for humidity-related diseases.

3.3. Model Performance Comparison

The algorithms performed well across both datasets—one unbalanced (different num-
ber of points in each category) and one balanced (same quantity of points corresponding
with each category), using the SMOTE or Synthetic Minority Over-sampling Technique to
balance the classes—in forecasting cocoa cultivation aptitude in Colombia, with random for-
est emerging as the most effective for classifying low-, medium-, and high-aptitude regions.
Solving the classification problem with unbalanced categories, random forest achieved
the highest accuracy (94.11%) on the balanced dataset, followed closely by decision tree
(92.97%) and SVM (85.93%). Logistic regression showed the weakest performance, with an
accuracy of 54.44%. Table 3 summarizes the algorithms’ performances. Figures 15 and 16
present confusion matrices for both the balanced and unbalanced datasets.
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Table 3. Classification report.

Model Dataset Accuracy Precision (Avg) Recall (Avg) F1-Score (Avg)

Decision Tree (Depth 20) Unbalanced 93.62% 93.70% 93.62% 93.62%
Balanced 92.97% 93.03% 92.97% 93.68%

Random Forest (Depth 15) Unbalanced 93.24% 93.40% 93.24% 93.23%
Balanced 94.11% 94.14% 94.11% 94.11%

Neural Network
Unbalanced 91.37% 91.45% 91.37% 91.34%

Balanced 91.14% 91.23% 91.14% 91.24%

Logistic Regression Unbalanced 54.44% 54.13% 54.44% 53.71%
Balanced 54.37% 54.27% 54.37% 54.57%

SVM (RBF Kernel) Unbalanced 85.93% 85.99% 85.93% 85.86%
Balanced 86.99% 86.99% 86.99% 86.99%
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3.3.1. Performance with Unbalanced Data

Decision Tree: This model demonstrates strong classification performance, with a
high overall accuracy of 93.62%. The precision rates are substantial across all aptitude
levels: 92.15% for high, 97.61% for low, and 92.75% for medium aptitude. The recall rates
are similarly balanced, particularly excelling in the high (94.43%) and medium (94.82%)
categories. This consistency results in a high weighted F1-score of 93.62%, indicating
the decision tree model’s robustness in scenarios where precision and recall are equally
important. This model is particularly reliable for balanced class identification with minimal
bias, making it suitable for diverse aptitude classifications.

Random Forest: With an impressive accuracy of 93.24% and the highest precision
for low aptitude at 98.25%, random forest proves exceptional for maintaining high recall
and precision, notably with a low tendency for misclassification. Its F1-score is strong
across all categories, especially for low aptitude (93.41%), highlighting its effectiveness and
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inconsistent classification. This model is particularly effective in accurately differentiating
classes with high precision, providing a reliable solution for nuanced classification tasks.

Neural Network: Achieving an overall accuracy of 91.37%, the neural network model
displays competitive performance but slightly lower precision for high aptitude (92.85%)
than the decision tree and random forest models. While it has strong recall and F1-scores—
particularly for medium aptitude (92.48%)—its slightly lower overall accuracy suggests it
may be less effective in high-precision and differentiation scenarios. This model remains a
valuable choice for tasks requiring a blend of high recall and general adaptability across
categories. However, it does not match the accuracy of the decision tree or random
forest models.

Logistic Regression: This model exhibits substantial limitations, with a significantly
lower overall accuracy of 54.44%. It has lower precision and recall scores across all aptitude
categories, underscoring a high risk of misclassification. The model’s limited performance
in distinguishing aptitude levels suggests it is less suitable for scenarios where accuracy and
reliable differentiation are essential. This highlights the need for either further adjustments
or an alternative model when accuracy is a priority.

SVM: This model performs well, achieving an accuracy of 85.93% and strong preci-
sion across all categories. While the recall for low aptitude is slightly lower at 78.58%,
SVM maintains a solid F1-score, especially for medium aptitude (87.84%), ensuring reli-
able performance in balanced classifications. Although slightly prone to underestimation
in the low-aptitude category, the model is well-suited for scenarios requiring balanced
classification with reasonable precision and recall across classes.

The performance differences among the models can be attributed to their inherent
structures and capacities to manage data complexity. Random forest emerged as the most
accurate model, thanks to its ensemble nature, which averages errors across multiple
decision trees, thus capturing complex patterns while minimizing overfitting due to diverse
trees, which helps smooth out noise and outliers [77]. In contrast, the decision tree model,
with a maximum depth of 20, performed well but slightly underperformed RF due to the
limitations of featuring only a single tree, which is more susceptible to overfitting.

The ANN, designed with a single hidden layer of 100 neurons, demonstrated strong
performance, leveraging its capacity to model non-linear relationships. However, its
accuracy was slightly lower than RF’s, suggesting that additional layers or neurons would
strengthen its capabilities. Nevertheless, single-hidden-layer ANNs do not experience
overfitting when overtraining is avoided by cross-validation [78]. SVM with an RBF
kernel offered reasonable accuracy. However, its reliance on kernel choice and parameter
tuning may limit its ability to fully capture the data’s complexity and make it sensitive to
overfitting [79].

Finally, logistic regression exhibited the lowest performance, primarily due to its
linear structure, which needs to be improved to capture the intricate, non-linear patterns
in the environmental variables. Overall, the superior performance of random forest high-
lights the advantages of ensemble approaches. At the same time, the ANN and SVM
provide robust alternatives for non-linear modeling tasks, albeit with certain limitations in
their configurations.

3.3.2. Performance with Balanced Data

The performance of the models in the balanced dataset (balance) mirrors their per-
formance in the unbalanced case, indicating that these models maintain their robustness
irrespective of dataset balance: decision trees and random forests continue to show high
accuracy and precision, which is critical for considering areas suitable for cocoa cultivation.
Their consistency across both datasets highlights their suitability for varied data scenarios.
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The neural networks, logistic regression, and SVMs also display similar metrics in the
balanced dataset, with the neural networks and SVMs providing reasonable alternatives
for applications requiring high recall rates and robust classification. Considering the need
to avoid underestimating cocoa cultivation aptitude, the random forest model is the most
reliable, given its high precision, recall, and F1-scores. It is especially accurate in identifying
low-aptitude areas. It demonstrates the capacity to minimize critical misclassifications
across balanced and unbalanced datasets.

3.4. Key Predictors of Cocoa Aptitude

This analysis revealed that the random forest algorithm emerged as the most effective
model for classifying areas into low-, medium-, and high-cocoa cultivation aptitudes. The
detailed examination of key variables cumulatively explaining 80% of the variance in
cocoa suitability highlights the intricate interplay of climatic and soil factors necessary
for optimal cocoa production (see Figure 17). Starting with the minimum temperature
(2023_std_T2M_MIN) as the most influential variable, it emphasizes the thermal sensitivity
of cocoa, where slight deviations can significantly affect crop viability. This factor, combined
with clear-sky photosynthetically active radiation (2023_std_CLRSKY_SFC_PAR_TOT),
illustrates how essential sunlight exposure and suitable temperature ranges are for maxi-
mizing photosynthesis and, ultimately, cocoa bean quality.
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The importance of relative humidity (2023_average_RH2M) and precipitation vari-
ability (2023_std_PRECTOTCORR) indicates that water availability, both in terms of
atmospheric moisture and soil moisture consistency (2022_std_GWETPROF, 2022_aver-
age_GWETROOT), plays a crucial role in determining areas suitable for cocoa cultivation.
These variables suggest that maintaining a balance in moisture levels is key to improving
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growth conditions and is a powerful tool in preventing diseases and providing reassurance
about the health of cocoa crops.

Moreover, wind speed (2023_average_WS2M, 2022_std_WS2M) is a critical factor
affecting cocoa farms’ evapotranspiration rates and pollination. This phenomenon accen-
tuates the need for strategic farm placement to harness or shield from wind effects based
on local climatic conditions. Indeed, constant and intermittent wind exposure at speeds of
2.5, 3.5, and 4.5 m/s for 3, 6, and 12 h significantly reduced photosynthetic rates, stomatal
conductance, transpiration, and water use efficiency in mature cocoa leaves, with young
leaves exhibiting greater sensitivity to mechanical stress and resulting damage [80].

Additionally, solar radiation (2023_average_ALLSKY_SFC_SW_DWN, 2022_aver-
age_ALLSKY_SFC_SW_DWN) directly correlates with the potential for energy capture by
cocoa plants, influencing growth rates and flowering times. By cross-referring environ-
mental variables, researchers could picture scenarios for enhancing cocoa aptitude and
crop establishment strategies, corroborating that optimal cultivation conditions require a
fine balance of temperature, moisture, solar radiation, and wind. In the case of Colombia,
precipitation is not a usual variable to control (e.g., using irrigation approaches) due to the
relatively high precipitation in many regions of the country.

3.5. Per-Cluster Model Performance

Examining performance outcomes is essential when considering whether to apply a
single model to the entire dataset or divide the data into clusters and apply distinct models
to each one of them (see Table 4). By comparing model accuracies in both the whole dataset
and the clustered subsets, it can be better understood how clustering affects predictive
accuracy and the overall utility of machine learning models.

Table 4. Comparative matrix of per-cluster model performance.

Cluster Random Forest
(Depth 15) Neural Network Decision Tree

(Depth 20)
SVM (RBF

Kernel)
Logistic

Regression

0 94.69% 92.54% 92.51% 88.32% 76.31%
1 92.79% 91.01% 90.37% 86.27% 66.63%
2 92.15% 89.49% 90.13% 85.34% 65.71%
3 92.98% 90.77% 91.30% 82.74% 67.08%
4 96.91% 96.49% 95.09% 93.21% 75.62%
5 94.28% 93.31% 92.08% 88.04% 76.74%
6 94.35% 93.15% 93.08% 88.20% 72.85%
7 91.79% 89.82% 90.35% 85.94% 71.77%
8 94.61% 93.62% 92.52% 87.53% 78.01%
9 90.92% 88.76% 88.96% 83.14% 72.93%

The performance of various models on the entire dataset shows that random forest
achieves the highest accuracy at 93.62%. Neural networks and decision trees also perform
reasonably well, with accuracies of 91.37% and 93.62%, respectively. SVM follows with
an accuracy of 85.93%, while logistic regression significantly lags with only 54.44%. This
disparity suggests that applying a single model across a heterogeneous dataset may not be
optimal for capturing the diverse patterns present.

When examining the results of clustered data, it becomes clear that dividing the dataset
into clusters provides a substantial performance boost, particularly for simpler models like
logistic regression. Logistic regression achieves a much higher accuracy in several clusters
than when applied to the whole dataset. For instance, in Cluster 0, its accuracy rises to
76.31%, while it improves to 78.01% in Cluster 8 and 76.74% in Cluster 5, respectively.
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These improvements indicate that clustering isolates homogeneous zones, where simpler
models perform much better, validating the homogeneity in the clusters.

For complex models such as random forest and neural networks, clustering also
leads to improvements, although the differences are less pronounced than with logistic
regression. Random forest’s accuracy, which is already high when applied to the entire
dataset, consistently increases when applied to clusters. In Cluster 40, for example, random
forest achieves an accuracy of 96.91%, a notable improvement over its whole-data accuracy
of 93.62%. This pattern is seen in other clusters, such as Cluster 0 (94.69%) and Cluster 8
(94.61%), highlighting that clustering enables more granular models to excel by focusing
on localized data patterns.

The improvements in the performance of the simpler logistic regression model when
applied to clustered data are a testament to the potential of this approach. Logistic re-
gression, which struggles when applied to the entire dataset, significantly benefits when
trained on clusters that capture consistent weather, soil, or environmental conditions. The
homogeneity within clusters allows logistic regression to represent linear relationships
better, leading to better performance in zones with similar conditions. This success story of
logistic regression on clustered data instills confidence in its potential.

Additionally, clustering helps avoid overfitting, as models applied to more homoge-
neous subsets of the data generalize better to specific regions within the dataset. A single
model applied to the entire data may need help with generalization, leading to overfitting
in certain areas while underperforming elsewhere. By applying distinct models to clusters,
the overall predictive performance improves as each model is better suited to the specific
characteristics of its respective subset.

Despite the added complexity of managing multiple models across clusters, the perfor-
mance gains justify this approach. Models like logistic regression, which perform poorly on
the whole dataset, become viable options when applied to clustered data, achieving accura-
cies above 0.70 in several cases. Moreover, complex models like random forest and neural
networks, while already strong on the whole dataset, further improve when applied to spe-
cific clusters. The clustering process successfully segments the data into more interpretable
and manageable portions, allowing each model to focus on more specialized zones.

Ultimately, the analysis demonstrates that dividing the data into clusters and applying
different models for each subset yields superior results compared to applying a single
model to the entire dataset. Clustering allows the models to specialize and perform better
by capturing homogeneity in the data. This approach enhances performance across all
models, especially for logistic regression, and offers significant improvements for random
forest and neural networks.

4. Discussion
4.1. Summary of Main Findings

This research integrates diverse datasets, including NASA POWER environmental
and topographical data, elevation data from APIs, and Colombian agricultural sources, to
address critical gaps in the existing studies [1–3,32,33,37]. The findings highlight the sub-
stantial impact of environmental factors on cocoa cultivation, offering data-driven insights
to enhance productivity and sustainability amidst changing climate conditions [12,24,34].
The clustering approach proved especially effective in isolating regional patterns, reducing
intra-cluster variability, and increasing prediction accuracy. This methodological refine-
ment significantly improved the performance of simpler models, such as logistic regression,
which showed better accuracy within clusters compared to the entire dataset. Such inte-
grated approaches underscore the importance of effectively selecting the number of clusters.
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The choice of the number of clusters played a critical role in these results. The elbow
method (Figure 11) was used to determine the optimal number of clusters, providing a bal-
ance between reducing intra-cluster variability and maintaining computational efficiency.
While this approach yielded logical results, it is worth noting that different cluster configu-
rations may lead to variations in homogeneity and subsequent predictions. This introduces
some uncertainty in the findings, especially in regions with highly dynamic environmental
conditions. Recognizing this complexity helps frame key methodological contributions.

This study’s methodological contributions are particularly noteworthy in using cluster-
ing to improve model performance without increasing complexity. The clustering approach
effectively isolated regional patterns while reducing intra-cluster variability and improved
model accuracy, particularly for simpler algorithms like logistic regression. By creating
clusters that grouped similar environmental conditions, this study tailored models to these
localized conditions, enabling a more refined analysis and facilitating specific agricultural
recommendations. Assessing cluster quality further illuminates these refinements.

The silhouette coefficient was calculated to measure the cohesion and separation of
data points within clusters to evaluate clustering quality. The average silhouette score
of 0.21 (Figure 12) indicates moderate clustering quality. This suggests that the clusters
captured regional environmental patterns reasonably well; however, the observed over-
lap in silhouette values across some clusters introduced uncertainty in the reliability of
region-specific predictions. This overlap may reflect inherent similarities in environmental
conditions between certain regions, resulting in less distinct boundaries. Incorporating
more granular environmental data or refining the clustering approach could further en-
hance the precision of agricultural recommendations. Model-specific analyses bolster these
insights by identifying pivotal environmental variables.

Random forest analysis was pivotal in identifying the key variables influencing cocoa
suitability. This approach achieved a high overall accuracy of 94.11% and balanced the
precision, recall, and F1-scores across different suitability levels, thereby validating the
model’s reliability. Random forest’s ability to handle non-linear relationships and its
feature importance analysis provided valuable insights, particularly in highlighting which
environmental factors—such as minimum temperature and soil moisture variability—were
most influential in determining cocoa suitability. Integrating these findings within an
ensemble approach amplifies predictive robustness.

The ensemble model was crucial for addressing the complexity of cocoa suitability
predictions by integrating multiple machine learning algorithms. Table 1 outlines the
key configurations used for each algorithm within the ensemble. Rather than relying on
extensive parameter tuning, the ensemble’s strength lies in combining the predictive power
of models such as decision trees, random forests, and neural networks, thus improving
accuracy and robustness. This strategy mitigated limitations inherent in individual al-
gorithms, such as overfitting in complex models or reduced interpretability in simpler
ones. By leveraging the complementary strengths of these algorithms, the ensemble model
provided reliable predictions across diverse environmental conditions without requiring
extensive parameter-specific adjustments. Notably, simpler algorithms also benefit when
tailored to cluster-based contexts.

Furthermore, this study revealed notable differences in model performance based on a
model’s complexity and data context. Simpler models like logistic regression demonstrated
limited accuracy when applied to the full dataset, achieving only 54.44%. However, their
accuracy improved significantly within specific clusters, often exceeding 70%. This finding
emphasizes the value of clustering in improving the interpretability and applicability of
simpler models by focusing them on more homogeneous data subsets. This approach
increases prediction accuracy and provides more actionable insights applicable in practical
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agricultural settings. Such performance gains reflect the synergy between clustering and
detailed environmental insights.

Further analysis revealed that environmental factors explained 80% of the variance
in suitability predictions, validating the model’s reliability and scientific utility, as demon-
strated in the model performance evaluation. Additionally, confusion matrix analysis
demonstrated high recall for the “low” suitability category, which is crucial for resource op-
timization by minimizing false negatives. However, occasional misclassifications between
“medium” and “high” suitability zones indicate that more granular environmental data
could further refine predictions and enhance reliability. These evaluations strengthen the
model’s validity while highlighting areas for improvement.

The practical implications of this study are particularly relevant to cocoa farmers,
policymakers, and agricultural planners. Identifying good agricultural practices based on
localized climatic conditions can help mitigate risks associated with water stress and dis-
ease prevalence, thereby increasing resilience to climate change and promoting sustainable
cocoa production. This study suggests several targeted practices based on environmen-
tal conditions:

• Shading and Sunlight Management: In regions with high solar radiation (ALL-
SKY_SFC_SW_DWN), agroforestry systems that integrate tall, leafy trees can provide
shade, reducing sunlight intensity and preventing heat stress in cocoa plants. In areas
with high clear-sky radiation (CLRSKY_SFC_PAR_TOT), using shade cloth during
the early stages of cocoa growth, especially during peak sunlight, can help enhance
photosynthesis without causing stress.

• Water Management Techniques: In regions with low precipitation (PRECTOTCORR),
rainwater harvesting systems can ensure water availability during dry spells, main-
taining necessary soil moisture levels. For areas with fluctuating surface and root zone
wetness (GWETTOP and GWETROOT), contour planting and mulching can enhance
water infiltration and retention, stabilizing moisture levels for cocoa plants.

• Soil Fertility and Moisture Conservation: In environments with low soil fertility
(GWETPROF), organic mulching and cover cropping can improve soil structure, in-
crease nutrient content, and retain moisture, ensuring optimal root zone wetness.
Organic compost application and soil turning can also enhance the water-holding
capacity of soils with high variability in root zone moisture.

• Pest and Disease Management: In high-humidity regions (RH2M), sanitation and
pruning techniques can reduce moisture in the cocoa canopy, minimizing fungal infec-
tion risks. Biological control methods are recommended to manage pest populations
without exacerbating humidity-related issues. Establishing windbreaks can protect
cocoa plants from wind damage in regions with variable wind speeds (WS2M).

• Temperature and Wind Control: In areas with high maximum and low minimum
temperatures (T2M_MAX and T2M_MIN), thermal insulation techniques such as
planting ground cover and using organic mulching can moderate soil tempera-
tures, protecting roots from extreme fluctuations that could affect growth or increase
disease susceptibility.

• Enhancing Pollination: In regions with high clear-sky radiation (CLRSKY_SFC_PAR_TOT)
but low natural pollinator presence, promoting the presence of Forcipomyia (flower
flies) can enhance pollination efficiency, ensuring cocoa plants benefit optimally from
sunlight through effective pollination.

Table 5 aligns each cluster’s specific environmental conditions with tailored agricul-
tural practices recommendations.
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Table 5. Recommended environmental management practices for cocoa establishment across clusters
in Colombia.

Cluster Key Environmental Conditions Recommended Practices Specific Application

0

- High soil moisture
(GWETTOP, GWETPROF,
GWETROOT).

- High precipitation
(PRECTOTCORR).

- High maximum and
minimum temperatures
(T2M_MAX, T2M_MIN).

- Pest and Disease
Management.

- Temperature Control.

- Implement sanitation and
pruning techniques to
reduce moisture in the cocoa
canopy, minimizing fungal
infection risks.

- Use organic mulching and
ground covers to moderate
soil temperatures, protecting
roots from extreme
fluctuations.

1

- Low precipitation
(PRECTOTCORR).

- Low minimum temperatures
(T2M_MIN).

- Water Management
Techniques.

- Soil Moisture
Conservation.

- Temperature Control.

- Install rainwater harvesting
systems to ensure water
availability during dry
spells.

- Apply mulching and cover
cropping to retain soil
moisture.

- Use organic mulching to
insulate the soil against low
temperatures thermally.

2

- High solar radiation
(ALLSKY_SFC_SW_DWN).

- High maximum
temperatures (T2M_MAX).

- Shading and Sunlight
Management.

- Temperature Control.
- Enhancing Pollination.

- Integrate tall, leafy trees to
provide shade, reducing
sunlight intensity and
preventing heat stress.

- Use mulching to moderate
soil temperatures.

- Promote the presence of
Forcipomyia (flower flies) to
enhance pollination
efficiency.

3

- Variable wind speeds
(WS2M).

- Average precipitation and
temperatures.

- Pest and Disease
Management.

- Soil Fertility and
Moisture Conservation.

- Establish windbreaks to
protect cocoa plants from
wind damage.

- Implement organic mulching
to improve soil structure and
retain moisture.

4

- High relative humidity
(RH2M).

- High precipitation
(PRECTOTCORR).

- Pest and Disease
Management.

- Water Management.

- Conduct sanitation and
pruning to reduce moisture
in the cocoa canopy,
minimizing fungal infection
risks.

- Ensure adequate drainage to
prevent waterlogging.

5

- High maximum and
minimum temperatures
(T2M_MAX, T2M_MIN).

- High solar radiation
(ALLSKY_SFC_SW_DWN).

- Shading and Sunlight
Management.

- Temperature Control.

- Use shade cloths during
early growth stages to
improve photosynthesis
without causing stress.

- Apply organic mulching and
ground covers to moderate
soil temperatures.
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Table 5. Cont.

Cluster Key Environmental Conditions Recommended Practices Specific Application

6

- High solar radiation
(ALLSKY_SFC_SW_DWN).

- High maximum and minimum
temperatures (T2M_MAX,
T2M_MIN).

- Shading and Sunlight
Management.

- Water Management
Techniques.

- Integrate tall, leafy trees to
provide shade and reduce
sunlight intensity.

- Apply mulching to enhance
water retention in the soil.

7

- High relative humidity (RH2M).
- Low minimum temperatures

(T2M_MIN).
- Low wind speeds (WS2M).

- Pest and Disease
Management.

- Temperature Control.

- Perform sanitation and pruning
to reduce canopy moisture in
cocoa plants.

- Use mulching to protect roots
from low temperatures by
maintaining soil warmth.

8

- High solar radiation
(ALLSKY_SFC_SW_DWN).

- Variable wind speeds (WS2M).

- Shading and Sunlight
Management.

- Wind Control.

- Provide shade to reduce light
intensity and prevent heat
stress.

- Establish windbreaks to protect
plants from wind damage.

9

- Low maximum and minimum
temperatures (T2M_MAX,
T2M_MIN).

- High relative humidity (RH2M).

- Temperature and Wind
Control.

- Pest and Disease
Management.

- Implement thermal insulation
techniques such as mulching
and ground covers to moderate
soil temperatures.

- Conduct sanitation and pruning
to reduce canopy moisture,
minimizing fungal infection
risks.

4.2. Comparison with Previous Studies

The results of this study align with the existing literature emphasizing the significant
impact of climatic factors, particularly humidity and temperature, on cocoa yield. Cocoa
is especially highly sensitive to its surrounding climatic conditions, with temperature,
humidity, and wind speed emerging as critical determinants of its growth and productivity.
The optimal temperature range for cocoa lies between 18 and 32 ◦C, where it maintains
efficient physiological processes [25]. Temperatures below 15 ◦C can reduce yields and
hinder development, while excessive heat exacerbates evapotranspiration, induces water
stress, and affects overall plant vigor. Similarly, humidity is pivotal, as cocoa requires
consistently high moisture levels to thrive. Low humidity levels can heighten the vapor
pressure deficit, reducing photosynthetic efficiency and imposing significant physiological
stress [50]. These alignments underscore the critical interplay of climate variables in
cocoa yield.

Furthermore, wind speed is a less apparent yet vital factor. Strong winds can physi-
cally damage cocoa trees, particularly young and fragile plants, while increasing evapo-
transpiration, compounding water loss and stress [26]. These climatic elements interact
synergistically, underscoring the necessity of precise environmental management in co-
coa cultivation to optimize yield and ensure sustainable production practices. Previous
studies have also reported that temperature extremes, in conjunction with high humidity,
contribute to disease prevalence in cocoa cultivation [24]. Such multifactorial interactions
highlight the need for region-specific approaches.

This research contributes uniquely by incorporating an ensemble clustering-based
model that tailors cocoa suitability classification to specific regional conditions, offering
a more localized and precise analysis. This approach sets this study apart from previous
work by increasing prediction accuracy and providing actionable insights for smallholder
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farmers, addressing the need for comprehensive data to understand cocoa cultivation [5].
In doing so, this study addresses important gaps that earlier investigations left open.

Additionally, this study builds upon previous findings, emphasizing the importance
of weather conditions on evapotranspiration—a crucial factor for determining cocoa water
requirements [31,49,50]. By recommending shade tree management practices, this research
is consistent with prior studies [52] that support agroforestry systems as an effective strategy
to mitigate temperature and moisture stress. This contribution is particularly significant
given the climatic diversity in Colombia, which presents complex interactions between
environmental variables and cocoa growth, as highlighted in the preliminary exploratory
data analysis.

4.3. Limitations and Uncertainties

This methodological approach is particularly innovative because it integrates detailed
datasets from sources like the NASA POWER database, which provides insights that
address the previously noted absence of comprehensive environmental data [43,48]. While
the computational setup employed an Intel Xeon CPU with 12.67 GB of RAM, the absence
of GPU acceleration posed some limitations in scaling the more complex models, such
as neural networks, to larger datasets. However, carefully selecting model parameters
and preprocessing strategies mitigated these challenges, enabling efficient and accurate
classification within the given computational constraints. For instance, decomposing
k-means clusters into subsets facilitated scalability, ensuring smooth execution without
exceeding memory limits. The results demonstrate that this configuration effectively
handled the experiments’ demands, supporting the reproducibility and accessibility of the
methodology in resource-constrained environments. Despite the robustness of the best
model, uncertainties such as data variability and localized weather events may impact the
generalizability of the findings.

Relying on historical data and predefined models may only partially capture the
dynamic nature of climate change, which continues to evolve rapidly. Changes such as
increased droughts, floods, and storms introduce greater variability and exacerbate the
existing vulnerabilities in agricultural systems [13]. While robust, the models used in this
study are inherently limited by the resolution and scope of the input data, potentially over-
looking localized environmental changes that could prove significant for cocoa cultivation.
For instance, while cocoa is sensitive to drought stress, Colombia’s high rainfall suggests
that precipitation is not always a primary factor in determining land suitability. Yet, these
environmental conditions vary greatly across global regions, making interpreting findings
within a localized context necessary.

Another area for improvement is the potential under-representation of certain cocoa-
growing regions that may need comprehensive historical data, especially in those farms
with high area and variability across the land [55]. The variability across Colombia’s
agroecological zones requires more dynamic modeling to capture localized changes ef-
fectively. Future work should incorporate real-time environmental data to improve the
models’ adaptability and relevance to changing climatic conditions. The findings of this
study contribute to the theoretical understanding of agroclimatic suitability for cocoa,
demonstrating how advanced data-driven techniques can identify nuanced environmental
influences on crop production. Future research should focus on developing more dynamic
models incorporating real-time environmental data and machine-learning models capable
of adapting to changing conditions. Progress in data collection and modeling could help
address these regional disparities.

Another limitation is the overfitting risk; several robust strategies were implemented to
mitigate that risk to ensure model generalization and reliability. The k-fold cross-validation
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approach was employed to evaluate model performance across diverse subsets of data,
effectively reducing overfitting risks and enhancing consistency. In the case of the ANN,
a single hidden layer with 100 neurons was configured, utilizing the ReLU activation
function to model non-linear relationships without introducing unnecessary complexity.
Additionally, L2 regularization was applied within the ANN to penalize large weights,
thereby preventing the model from becoming excessively complex and fitting noise in
the data.

4.4. Future Directions

Future work will explore hyperparameter optimization strategies to enhance forecast-
ing model performance while maintaining robust safeguards against overfitting. Tech-
niques such as grid search, random search, and advanced methods like Bayesian opti-
mization or evolutionary algorithms will be systematically tested to identify the optimal
configurations for each model. These approaches must be complemented by extensive
cross-validation and the use of validation curves to monitor overfitting risks, ensuring that
the enhanced models maintain their predictive reliability across unseen data. A strategic
blend of parameter tuning and rigorous validation can further elevate accuracy.

Lastly, this research contributes to the theoretical understanding of agroclimatic suit-
ability for cocoa by demonstrating how advanced data-driven techniques can identify
nuanced environmental influences on crop production. Applying clustering-based ap-
proaches to other crops or geographic regions may provide insights into the adaptability
and scalability of these models in diverse agricultural contexts. Additionally, integrating
advanced technologies, such as IoT sensors and satellite-based monitoring, could facilitate
the implementation of these strategies, thereby enhancing productivity and sustainability
in cocoa farming and supporting Colombia’s position in the global cocoa market.

5. Conclusions
This study explored the key environmental factors affecting cocoa establishment in

Colombia, focusing on water management and overall cultivation suitability. Given the
increasing global demand for cocoa, understanding these environmental influences is
crucial for improving productivity and ensuring sustainability in Colombia, a country
with considerable potential for expanding its cocoa production. This research employed
advanced machine learning techniques, including supervised and unsupervised models
and ensemble methods, to analyze diverse environmental datasets and provide actionable
insights into cocoa farming suitability under various conditions. The findings highlighted
that temperature, humidity, and wind speed are critical determinants of cocoa growth,
with specific interactions among these factors influencing the suitability of different regions
for cocoa cultivation. Integrating crop growth models with hydrological data within an
ensemble machine learning framework is innovative, offering practical recommendations
for improving agricultural practices and enhancing resilience to climate change.

The model performance analysis revealed that random forest achieved the highest ac-
curacy, effectively handling non-linear relationships and providing balanced metrics across
suitability levels. Simpler models like logistic regression showed limited performance
on the full dataset, but clustering significantly improved their accuracy within homoge-
neous clusters. This highlights the value of clustering in improving model interpretability
and effectiveness by focusing on specific environmental conditions. At the same time,
the ensemble approach provided nuanced, region-specific insights into cocoa cultivation
suitability. Nevertheless, this study also encountered limitations, such as data resolution
constraints and challenges in capturing localized climate dynamics. Looking ahead, the
broader impact of this research lies in its potential to guide adaptive agricultural practices
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and promote sustainable cocoa production, ultimately contributing to the resilience and
growth of Colombia’s agricultural sector.
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