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Abstract
Accurate species distribution modeling supports effective ecological conservation and management. This
study applies machine learning to predict the distribution of Vitex doniana (black plum) in Benin Republic
using selected topographical and environmental variables, including altitude, slope, aspect, hillshade, and
landcover, alongside species occurrence data from the Global Biodiversity Information Facility. Four
models, logistic regression (also known as generalized linear model), support vector machine, K-nearest
neighbors, and gradient boosting machine (GBM), were developed and evaluated. Feature importance
analysis led to the exclusion of aspect and landcover from some models due to limited predictive value,
with altitude emerging as the most influential feature across all models. GBM achieved the highest
performance (area under the receiver operating characteristic curve = 0.977, accuracy ≈ 94%) and
outperformed others in precision, recall, and F1-score, confirming its robustness. Model outputs revealed
that V. doniana is predominantly distributed in the southern and northern regions of Benin, where
conditions, especially elevation, appear favorable. The central region showed lower suitability, possibly
due to land-use patterns or climatic variability. These results underscore GBM’s utility in ecological
modeling and offer valuable insights for targeted conservation and habitat management strategies for V.
doniana.
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Introduction
Vitex doniana, commonly known as black plum, is a versatile and culturally significant tree species native
to sub-Saharan Africa, valued for its nutritional, medicinal, and economic roles. The fruits are vitamin-
rich and widely consumed, while its leaves and roots serve traditional medicinal purposes for treating
digestive issues and infections. These attributes highlight the species’ ecological and socioeconomic
contributions, particularly in supporting food security and public health in rural communities [1,2].

Botanically, V. doniana is a deciduous tree that can reach heights of 4-15 m, with a thick cylindrical trunk
and a wide root system that enhances its resilience in semi-arid environments. The species thrives in
various soil types and plays a critical ecological role as a source of food, medicine, and fuelwood [3,4].
While its distribution spans diverse regions in Benin Republic (Figure 1), its long-term sustainability is
increasingly threatened by land-use changes, deforestation, and climate variability [5].
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FIGURE 1: Occurrence distribution of Vitex doniana in Benin

To address these threats, effective conservation planning requires tools capable of accurately identifying
suitable habitats. Species distribution models (SDMs) provide such capabilities, using environmental
variables to map areas of potential occurrence. Although traditional SDMs like Maxent are widely used
particularly with presence-only data, they often lack the flexibility to handle complex interactions or
incorporate diverse datasets. Machine learning (ML) models offer a compelling alternative, excelling at
modeling nonlinear ecological relationships and integrating multiple variable types with high accuracy
[6,7].

Several ML algorithms such as Logistic Regression (LR), also known as Generalized Linear Model (GLM),
Support Vector Machines (SVM), K-Nearest Neighbors (KNN), and Gradient Boosting Machines (GBM)
have been successfully applied in ecological studies due to their adaptability and predictive strength.
These models leverage both presence and absence data, improving habitat discrimination and reducing
overprediction compared to presence-only approaches [8,9]. Compared to traditional tools like Maxent,
ML methods offer enhanced customization, interpretability, and robustness in dynamic and data-rich
ecological contexts.

In this study, we apply ML models to predict the distribution of V. doniana in Benin Republic using
presence-absence data and selected abiotic variables: Altitude, Aspect, Slope, Hillshade, and Landcover.
These features were chosen for their influence on habitat suitability through their effects on light
availability, soil moisture, and microclimate [10]. By developing and evaluating ML-based SDMs, this
research aims to generate spatially explicit insights that support conservation, habitat restoration, and
sustainable management efforts for V. doniana in the region [11,12].

Materials And Methods
Study area
The study was on the distribution of V. doniana in Republic of Benin, a West African nation situated
between latitudes 6°10′N and 12°25′N and longitudes 0°45′E and 3°55′E. Benin shares borders with Togo to
the west, Nigeria to the east, Burkina Faso and Niger to the north, and the Atlantic Ocean to the south. The
country's climate is predominantly tropical, characterized by alternating dry and rainy seasons, which
significantly influence vegetation patterns and biodiversity distribution [13].

Benin's landscape exhibits considerable variation, encompassing dense forests in the south to savanna
grasslands in the north. Approximately 65% of the country is covered by bushy vegetation, with grasslands
accounting for about 93.1% of the highlands [14]. The nation's topography includes low-lying coastal
plains, plateaus, and hills, with elevations ranging from sea level to approximately 800 m in the Atakora
Mountains in the northwest [13]. These diverse ecological zones and topographical features play a crucial
role in determining the distribution of plant species, including V. doniana (black plum).
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Vitex doniana is a tree native to tropical Africa, commonly known as the black plum. It grows to heights of
4-8 m, occasionally reaching up to 15 m, and thrives in various habitats such as woodlands, savannas, and
riverbanks. The species is widely distributed across tropical Africa, including Benin, and is considered
common in many regions without major threats to its population [15].

In this study, key abiotic variables, Altitude, Aspect, Slope, Landcover, and Hillshade, were analyzed to
assess their influence on the distribution of V. doniana. Understanding these factors is essential for
effective biodiversity conservation and sustainable management strategies for this species in the region.

Data collection
This study utilized species occurrence data and abiotic variables to model the distribution of V. doniana.
The data collection process involved two main components:

Species Occurrence Data

Species occurrence records for V. doniana were obtained from the Global Biodiversity Information Facility
(GBIF) [16], a widely recognized open-access database that provides species distribution data from various
sources, including research institutions like the National Herbarium of Benin Republic and citizen science
projects. The dataset included georeferenced occurrence points (latitude and longitude) within Benin
Republic, ensuring precise spatial mapping of the species. To improve data reliability, duplicate records,
erroneous coordinates (e.g., points located in water bodies or outside the study area), and incomplete
entries were removed through preprocessing following established SDM best practices [17]. A total of
2,596 occurrence records were downloaded. This reduced to 2,127 occurrence records after duplicate
records, and those with incomplete location information were removed. Absence data were obtained based
on ecological unsuitability, identified through expert knowledge and spatial analysis, by excluding areas
beyond the known ecological range of V. doniana. This was implemented using the drawExtent() and
crop() functions from the raster package in R to delimit environmentally improbable zones.

Abiotic Data

Five abiotic variables were used to model the distribution of V. doniana, comprising four topographical
features (altitude, aspect, slope, and hillshade) and one environmental variable (landcover), all known to
significantly influence species occurrence:

Altitude (m): Affects macro- and micro-climatic gradients such as temperature and precipitation, which
are critical for plant physiology and growth [18].

Aspect (degrees): Indicates the direction a slope faces, influencing solar radiation, temperature regimes,
and soil moisture retention [19].

Slope (degrees): Determines terrain steepness, which affects runoff, erosion rates, and soil formation [20].

Landcover: Represents surface vegetation and anthropogenic land use, key for identifying habitat
suitability and landscape structure [21].

Hillshade: A terrain-derived variable measuring shading intensity based on sun angle, influencing local
microclimatic conditions [22].

These layers were derived from public remote sensing datasets. Altitude, aspect, and slope were extracted
from the Shuttle Radar Topography Mission 30 m Digital Elevation Model (DEM) [23], while hillshade was
computed from the same DEM. Landcover data was sourced from the European Space Agency Climate
Change Initiative Land Cover dataset [21]. All raster layers were resampled to a consistent spatial
resolution using QGIS, and values were extracted for each occurrence and background point.

The final dataset was compiled by linking species presence and ecologically inferred absence records with
the corresponding abiotic variables. This structured data matrix served as input for the ML models.

Data Splitting

The dataset was randomly partitioned into training (70%) and testing (30%) sets. The training data was
further split into 80% for model training and 20% for validation. This hierarchical splitting allowed for
robust model training, hyperparameter tuning, and unbiased performance evaluation.

Machine learning models
Four supervised ML algorithms, LR, SVM, KNN, and GBM, were selected to model the distribution of V.
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doniana in Benin Republic. These algorithms were chosen to represent a diverse range of learning
paradigms that align with the characteristics of the dataset. The dataset includes a mix of continuous
features, such as altitude, and categorical variables, such as landcover. It also exhibits a mild class
imbalance, with presence records outnumbering absence data, which was generated through ecologically
informed background sampling. Furthermore, the data likely involve nonlinear interactions, a common
feature in ecological datasets where complex relationships exist among predictors and species responses.

Each algorithm offers distinct advantages: LR provides interpretability and serves as a linear baseline;
SVM is well-suited for high-dimensional, imbalanced data and can model nonlinear decision boundaries;
KNN captures local patterns in the data without assuming any specific distribution; and GBM, an
ensemble method, is highly effective at modeling complex interactions and iteratively correcting
prediction biases [24,25].

Logistic Regression

LR estimates the probability of class membership through a linear combination of input features. As a
baseline model, it provides interpretability of feature effects and is particularly useful for identifying
variables strongly associated with species presence or absence [26,27].

Support Vector Machine

SVM constructs an optimal separating hyperplane in high-dimensional space. A radial basis function
kernel was used in this study to account for nonlinearity in species-environment relationships. SVM is
suitable for ecological datasets due to its robustness to feature scaling, ability to manage imbalanced data,
and resistance to overfitting [28,29].

K-Nearest Neighbors

KNN is a non-parametric, instance-based learner that assigns class labels based on the majority class
among the k closest data points. It does not assume any functional form and is effective in capturing local
environmental patterns, making it well-suited for ecological modeling. The optimal k was determined
using cross-validation [25,30].

Gradient Boosting Machine

GBM builds an ensemble of decision trees in a sequential manner, where each subsequent tree corrects the
prediction errors of the previous one. GBM, implemented using the XGBoost package in R [31], is capable
of handling mixed data types and modeling complex feature interactions. It is known to outperform many
other algorithms in species distribution modeling, especially when the relationship between predictors
and response is nonlinear and hierarchical [24,25].

Feature analysis
To evaluate the contribution of each variable, feature importance analysis was conducted across all four
models. For LR, importance was derived from standardized model coefficients, while for SVM, KNN, and
GBM, permutation importance was applied. This approach assesses the change in model performance
measured by Area Under the Receiver Operating Characteristic Curve (AUC) when the values of a given
feature are randomly shuffled.

Variables that consistently contributed little to model performance were removed to simplify the models
and enhance their generalization. Specifically, Aspect was excluded from the LR model due to its low
coefficient magnitude and lack of statistical significance. Similarly, Landcover was removed from both the
SVM and KNN models based on its low permutation importance scores.

Base evaluation metric
Model performance was primarily assessed using AUC, as it effectively captures a model’s ability to
distinguish between presence and absence classes regardless of the classification threshold [32]. AUC also
enables meaningful comparisons across models with different underlying assumptions [33] and supports
robust model selection and hyperparameter tuning during cross-validation [28].

Despite its widespread use and strengths, AUC has certain limitations. It can be influenced by class
prevalence and may not fully capture model performance in cases of substantial class imbalance. To
address this, AUC results were interpreted alongside additional evaluation metrics derived from the
confusion matrix, namely, precision, recall, and F1-score, which offer complementary perspectives on
classification accuracy and balance.

Cureus Journal of Computer Science

2025 Ugege et al. Cureus J Comput Sci 2 : es44389-025-04581-6. DOI https://doi.org/10.7759/s44389-025-04581-6 4 of 10

javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


Results
Model performance overview
To evaluate the predictive capabilities of different algorithms for modeling the distribution of V. doniana,
four models, LR, SVM, KNN, and GBM, were compared based on their AUC scores (Figure 2). LR recorded
an AUC of 0.85236, indicating moderate discriminative ability. SVM achieved an improved AUC of 0.90713,
suggesting better classification performance. KNN further increased performance with an AUC of 0.92108,
reflecting a strong capacity to capture spatial variability. GBM outperformed all the models, with a notably
high AUC of 0.977, demonstrating superior predictive accuracy across the study area.

FIGURE 2: AUC scores for the various models
LR, Logistic Regression; KNN, K-Nearest Neighbors; SVM, Support Vector Machine; GBM, Gradient Boosting
Machine; ROC, Receiver Operating Characteristic; AUC, Area Under the Curve

Comparative evaluation and model selection
The progressive improvement in AUC scores from LR to GBM highlights the advantage of more
sophisticated algorithms. GBM emerged as the most effective model, not only by its highest AUC but also
by consistently outperforming others in subsequent evaluations.

GBM evaluation with additional metrics
Beyond AUC, GBM achieved an accuracy of 93.96%, correctly predicting 731 out of 778 test instances
(Figure 3). Its precision (0.96496), recall (0.96038), and F1-score (0.96266) affirm its robustness and
balanced performance. These results underscore GBM’s capacity to capture complex relationships
between environmental variables and species presence.
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FIGURE 3: GBM confusion matrix
GBM, Gradient Boosting Machine

Predictive map comparison
Predictive maps were generated for all models to visualize habitat suitability for V. doniana across Benin
Republic (Figure 4). Although all models utilized the same environmental inputs, their outputs differed in
granularity and spatial coherence. LR (GLM) predicted widespread suitability, but its relatively lower
accuracy suggests possible overgeneralization. The SVM model produced a more localized and refined
distribution map, highlighting distinct high-probability zones while exhibiting some uncertainty along
boundaries. KNN revealed well-defined clusters with abrupt transitions, reflecting sensitivity to local
variations, though this may lead to overfitting in areas with sparse data. In contrast, GBM generated the
most consistent and ecologically plausible distribution map, characterized by smooth transitions and
strong alignment with known species habitats. Its predictions generalized effectively across diverse
environmental gradients.

FIGURE 4: Predictive maps of the various models
GLM, Generalized Linear Model; RBF, Radial Basis Function; KNN, K-Nearest Neighbors; GBM, Gradient Boosting
Machine

Summary of model rankings
A cross-model comparison ranks GBM highest in predictive performance, followed by KNN, SVM, and LR.
The iterative boosting process in GBM likely enhances its ability to model complex, non-linear
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relationships between abiotic factors and species distribution.

Feature importance
Feature contribution analysis across all models identified Altitude as the most influential variable (Figure
5). Aspect had minimal influence in LR and was excluded. Similarly, Landcover was removed in SVM and
KNN due to negligible impact. These findings emphasize the role of topographical features particularly
altitude in shaping species distribution.

FIGURE 5: Feature importance of features in GBM model
GBM, Gradient Boosting Machine

Partial dependence analysis
Partial dependence plots (PDPs) generated from the GBM model (Figure 6) provide insights into how
individual variables influence habitat suitability for V. doniana. Altitude shows the highest suitability at
low elevations (0-200 m), followed by a sharp decline between 200 and 400 m, and then a gradual increase,
suggesting environmental constraints or species adaptability linked to elevation. For slope, suitability
increases at low to moderate gradients and then stabilizes, indicating a preference for gentle terrains.
Hillshade reveals optimal suitability around a value of 0.64, likely associated with favorable microclimatic
conditions such as sunlight exposure and moisture availability. Landcover demonstrates relatively stable
suitability across most classes, but a pronounced peak occurs around classes 16-17, followed by a sharp
decline, indicating selectivity for specific vegetative environments. Aspect does not exhibit any consistent
pattern, reinforcing previous findings that it has minimal influence on the distribution of V. doniana.

FIGURE 6: Partial dependence plots for the features

Discussion
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Predictive performance of the models
This study compared four ML algorithms - LR (GLM), GBM, KNN, and SVM - for modeling the distribution
of V. doniana across Benin Republic. Each model revealed distinct spatial patterns and predictive
strengths.

LR, a baseline linear model, achieved an AUC of 0.85236 and provided broad suitability estimates but
lacked the capacity to model complex environmental interactions. Despite this, its simplicity and
interpretability make it a useful benchmark.

SVM (AUC: 0.90713) captured non-linear relationships more effectively, producing smoother transitions
across habitat zones. However, its overall classification accuracy (~91%) was lower than that of KNN and
GBM, and its suitability predictions showed some spatial uncertainty.

KNN performed better than both LR and SVM, with an AUC of 0.92108 and a relatively high accuracy
(~92%). It produced sharper predictions but also displayed patchiness, likely due to sensitivity to local
data density and neighborhood structure, which may compromise generalizability in sparsely sampled
regions.

GBM outperformed all other models with an AUC of 0.977 and accuracy of 93.96%. Its ensemble-based
iterative learning approach effectively captured non-linear relationships and complex interactions among
variables, leading to precise and ecologically plausible predictions. Importantly, it consistently identified
key habitat areas with minimal overprediction.

Comparative analysis
Comparing the four models highlights a performance gradient: GBM > KNN > SVM > LR. GBM provided
the most refined and reliable distribution map, aided by its ability to handle high-dimensional
interactions and reduce bias through boosting. KNN, while strong, showed limitations due to local
overfitting and scattered predictions. SVM achieved good generalization but slightly underperformed in
spatial precision. LR, while the least accurate, remains valuable in contexts prioritizing model simplicity
and interpretability.

The comparative evaluation justifies the selection of GBM for focused distribution mapping, as it
consistently outperformed others across all key performance metrics and produced ecologically coherent
results.

Ecological interpretation and distribution mapping
Using the GBM model, we observed that V. doniana  is predominantly distributed in the southern and
northern regions of Benin Republic. These areas correspond to environmental conditions - particularly
low to moderate altitudes (0-200 m) - that are favorable for the species’ growth and survival.

Altitude emerged as the most influential feature across all models. This aligns with ecological
understanding that V. doniana, a savanna and forest-edge species, favors lowland tropical zones with
stable microclimates and fertile soils. Lower altitudes may also offer higher soil moisture retention and
reduced temperature variability, which support seedling establishment and long-term viability.

Conversely, the central region exhibited lower suitability, which may reflect anthropogenic pressures such
as land-use change, urban expansion, or shifts in microclimatic patterns that hinder natural regeneration.
This geographic delineation highlights potential conservation hotspots and areas requiring reforestation
or habitat protection efforts.

Limitations and implications
While GBM demonstrated high predictive performance, its complexity may limit interpretability and
overfit smaller datasets if not properly tuned. Additionally, all models relied on available occurrence and
environmental data, which may introduce spatial sampling bias or omit biotic interactions (e.g.,
pollinators, seed dispersers) that also influence species distribution.

Ecologically, the findings emphasize the importance of topographic and climatic variables in shaping
species niches, supporting the need for spatially explicit conservation strategies. The high performance of
GBM suggests that advanced ensemble methods are valuable tools in ecological modeling, especially when
fine-scale habitat delineation is essential.

Conclusions
This study demonstrates the effectiveness of ML models for SDM, using V. doniana as a case study in
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Benin Republic. Among the four models evaluated, LR (GLM), KNN, SVM, and GBM, GBM emerged as the
most robust, achieving the highest accuracy (93.96%) and AUC (0.977), and generating ecologically
consistent suitability maps. The model identified southern and northern Benin as high-suitability zones
for V. doniana, largely influenced by altitude, which was the most significant predictor across all models.
The strong correlation between altitude and species presence suggests that elevation-related factors, such
as temperature gradients, soil moisture, and nutrient availability, critically shape the species’ ecological
niche. These insights are crucial for guiding conservation strategies, particularly in prioritizing regions for
protection or restoration. In terms of algorithmic performance, GBM’s ensemble learning approach proved
highly effective in capturing complex, non-linear relationships among environmental variables. SVM also
performed well in modeling non-linear interactions, while KNN provided localized pattern recognition but
suffered from generalization issues. LR, though interpretable, lacked the capacity to model intricate
ecological patterns and was the least effective in predictive accuracy. Given these findings, GBM is
recommended for future SDM efforts, particularly where precision and spatial clarity are essential.
However, future studies could benefit from exploring hybrid approaches, such as stacking or blending
models (e.g., combining GBM with spatial autoregressive models or deep neural networks) to harness
complementary strengths of different algorithms.

Despite the promising results, this study has several limitations. First, it relied solely on environmental
variables, omitting biotic interactions (e.g., pollination, seed dispersal) and anthropogenic pressures,
which also influence species distribution. Second, potential sampling biases in occurrence data and spatial
resolution limitations in the environmental layers may have introduced predictive inaccuracies. Moreover,
model interpretability particularly with GBM remains a challenge, which can hinder the ecological
transparency of predictions. In conclusion, this research contributes to the growing body of knowledge
advocating ML for ecological modeling. It underscores the utility of advanced algorithms in supporting
evidence-based conservation planning. Future work should aim to integrate additional ecological and
socio-environmental variables, employ bias correction techniques, and explore interpretable AI
approaches to strengthen both the predictive and explanatory power of SDMs.
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