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Preface

This volume collects the scientific contributions presented at the Workshop “Explo-
ration of Spatio-Temporal Environmental Conditions: Harmonized Databases and
Analytical Techniques (ECoST-DATA)”, held at the University of Bari on July
3-4, 2025, as Satellite event of DUST 2025. It is a key result of the ECoST-
DATA Project, funded by European Union — NextGenerationEU with the Cascade
Open Calls published by ALMA MATER STUDIORUM - University of Bologna,
inside the Project GRINS within the PNRR — Mission 4, Component 2, Investment
1.3 “Partnership extended to Universities, Research Centers, Firms and research
projects funding”, D.D. 341 of 15/03/2022, CUP: J33C22002910001.

The contents are dedicated to advanced tools and techniques for analyzing and
predicting environmental variables with a spatial or spatio-temporal structure. In
particular, they include theoretical reviews on spatio-temporal covariance modelling
as well as innovative approaches for assessing environmental quality and its effects
on climate change by integrating georeferenced data from multiple sources.

Among the primary objectives of this collection, it is worth mentioning: transfer
advanced analytic skills for the modelling, estimation, and prediction of spatial and
spatio-temporal environmental variables; provide practical guidance on integrating
heterogeneous georeferenced data while accounting for measurement error and
spatial misalignment; support risk assessment by equipping practitioners with
methods to quantify exposure and uncertainty relevant to human health; and
inform sustainability planning through models that identify spatially and temporally
targeted mitigation or adaptation strategies.

As a result, the contributions are intended for researchers and graduate students
in spatial statistics, environmental science, and geosciences; data scientists and
practitioners working on environmental monitoring, climate impacts, and public-
health risk assessment; policy analysts interested in data-driven sustainability
planning.

Regarding the outcomes, readers will gain both the theoretical grounding and the
practical toolset necessary to build, validate, and deploy spatio-temporal models for
environmental variables, produce reliable forecasts, and translate model outputs into
actionable insights for health and sustainability interventions.
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The volume is organized in three parts.

In the first one, Random fields and Covariance modelling, Posa clarifies the
relationship between covariance functions and positive definite functions, emphasiz-
ing that Crum’s theorem is the necessary generalization of Bochner’s theorem. De
Taco discusses on some families of spatio-temporal complex covariance functions
for vectorial data. It is also described how these functions can be generalized to
the spatio-temporal setting, as well as how some other complex-valued covariance
families can be constructed as positive mixtures of infinite components or as a
convolution of the real part. Hristopulos presents the hybrid spectral approach for
generating physically inspired, non-separable covariance kernels from stochastic
ordinary differential equations. Pere et al. propose the stationary subspace analysis
to decompose a random field into independent stationary and non-stationary
subspaces.

In Part 11, Environmental control and integration, Stein focuses on the use of
modern deep learning methods for the analysis and management of large data
volumes. His study explores the use of satellite imagery and time series to analyze
air quality and monitor environmental changes. A further challenging approach is
presented in Gémez-Herndndez et al. to identify atmospheric dust sources, using the
ensemble smoother with multiple data assimilation methodology. Capasso discusses
the optimization of pollution control within an economic growth system, presenting
a spatially structured model. This model analyzes an optimal control problem
designed to maximize intertemporal utility while minimizing pollution, the disutility
of taxation, and intervention costs. Additionally, the study by Duttilo and Di Battista
explores the functional structure and variation of Italian carbon emissions from
electricity using functional data analysis. Daily and monthly profiles are constructed
using Fourier basis functions and analyzed at national and electricity market zone
levels.

The volume concludes with Part III, Environmental Analysis, where Jalilian et al.
apply a flexible generalized additive model framework for surface ozone prediction,
using spatio-temporally varying coefficients to correct biases between satellite and
in situ data. Gomes et al. investigate the geostatistical characterization of climate
extremes dynamics, focusing on drought. A Random Forest-based short-term alert
system is presented for predicting drought severity classes at a monthly scale,
demonstrating strong predictive performance for local areas and offering a flexible
tool for managing drought-related risks. For environmental quality assessment, the
work by Masoumi et al. addresses a gap in biodiversity modelling in the Apulia
region by comparing the performance of various machine learning models (Random
Forests, Support Vector Machines, Extreme Gradient Boosting, Decision Trees,
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and Linear Regression) for assessing the effects of environmental variables on the
multilevel biodiversity index. Furthermore, in Cappello et al., spatio-temporal blind
source separation model is reviewed and employed to model and predict ground-
level ozone concentration in a complex multivariate spatio-temporal framework.

Lecce, Italy Sandra De Iaco
September 2025 Donato Posa
Monica Palma
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Using Machine Learning Methods to ®)
Explore the Effects of Environmental e
Variables on Biodiversity

Iman Masoumi, Amirhossein Najafabadipour, Sabrina Maggio,
and Giuseppina Giungato

Abstract Environmental factors, notably air pollutants and meteorological con-
ditions, significantly impact biodiversity distribution and ecosystem dynamics.
Among these, P M is identified as a major stressor, affecting plant physiological
responses, reducing species abundance, and modifying soil microbial activity and
nutrient cycling. These effects are often compounded when P M/ interacts with
climatic conditions.

A comprehensive understanding of these combined effects is crucial for regions
like Apulia, where biodiversity is shaped by both climate variability and localized
human activities. The region remains underexplored in biodiversity modeling,
particularly regarding the use of machine learning methods with the Multilevel
Biodiversity Index (MBI).

This study aims to address this gap by a comparison of the performance of several
Machine Learning (ML) models, including Random Forests (RFs), Support Vector
Machines (SVMs), Extreme Gradient Boosting (XGBoost), Decision Trees (DTs),
and Linear Regression (LR), for predicting MBI based on P M( concentrations and
meteorological variables. Among the models tested, DTs and XGBoost performed
best, reliably predicting MBI based on various evaluation metrics.

Keywords Multilevel Biodiversity Index (MBI) - Machine learning (ML) - Fine
particulate matter (P M1g) - Supervised machine learning algorithms
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1 Introduction

Biodiversity is crucial for several essential ecological functions, including pol-
lination, water filtration, and climate regulation. However, global biodiversity is
currently undergoing a rapid and sustained decline, often referred to as the sixth
mass extinction [8, 27, 29]. Localized pressures are responsible for the increase in
this decline, especially in biodiversity hotspots such as Italy’s Apulia region, which
balances significant ecological value with notable vulnerability to both regional and
global environmental drivers [4].

Indeed, Apulia hosts diverse ecosystems, including farmlands, forests, urban
areas, and protected zones, which are fundamental for unique species and ecological
integrity. Despite this richness, Apulia faces increasing threats from pollution, land
use changes, and climate variability. Human-driven factors such as urban expansion,
intensive agriculture, and diffuse water contamination contribute to ecosystem
fragmentation, placing rare and endemic species under additional stress.

Biodiversity decline has broader implications for global sustainability targets,
particularly concerning the United Nations Sustainable Development Goals (SDGs),
such as Goal 13 Climate Action and Goal 15 Life on Land. Changes in climate,
including rising temperatures, altered precipitation regimes, and increased fre-
quency of extreme weather events, can accelerate biodiversity loss by disrupting
ecological stability. Local environmental factors, including land degradation and
high levels of air pollutants, like P Mg, produce a negative impact on ecosystem
resilience.

Abiotic factors like air pollutants and meteorological conditions significantly
influence biodiversity patterns. P M1¢ impacts plant processes, species richness, and
soil function [24]. These effects are amplified by climate factors, with temperature
and precipitation changes affecting habitats and productivity and extreme weather
potentially increasing pollutant deposition [24, 26, 29]. In this context, an integrated
analysis of multiple drivers is necessary for managing biodiversity in ecologically
diverse regions like Apulia [24, 29].

Despite the strong capabilities of machine learning (ML) models like Support
Vector Machines (SVMs), Extreme Gradient Boosting (XGBoost), and Decision
Tree (DTs) in ecological modeling, limitations persist concerning data quality,
spatial heterogeneity, and generalization [9, 15, 25, 32, 35-37, 42]. While remote
sensing and citizen science initiatives have improved data coverage, integrating
diverse sources into consistent predictive models remains challenging, particularly
for citizen science data with uneven spatial effort [28]. Given these limitations, there
is a clear need for unified frameworks that can integrate various data types and
spatial dimensions, especially in data-constrained regions such as Apulia.

Recent research has shown the power of advanced ML techniques, including
ensemble methods like stacking and bagging, to handle complex and nonlinear
ecological datasets and enhance predictive accuracy, although these techniques are
rarely applied for biodiversity prediction purposes in the Mediterranean area [1, 20],
compared to other environmental contexts and sustainability areas [17—19].
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This study aims to predict the Multilevel Biodiversity Index (MBI), a composite
indicator of species richness and land cover diversity [10] in Apulia region. In
particular, a comparison of the performance of four supervised machine learn-
ing algorithms such as SVMs, XGBoost, DTs, and LR is discussed. Spatially
interpolated environmental variables (P Mg, atmospheric temperature, atmospheric
pressure, and precipitation) are considered to evaluate model accuracy and identify
the best approach for catching spatial variation in biodiversity patterns throughout
the Apulia region.

The developed ML framework provides accurate, spatially explicit biodiversity
forecasting, thereby fostering scientific comprehension and supporting strategic
policy in the study area.

Furthermore, this research improves MBI modeling framework in Mediterranean
and data-scarce landscapes by resolving existing methodological issues and increas-
ing predictive reliability through comparative model evaluation.

This chapter is organized into three main sections. Section 2 details the methodol-
ogy and data covering the study area, data acquisition, the creation of the Multilevel
Biodiversity Index (MBI), as well as the machine learning methods used, along with
their evaluation metrics. Section 3 presents the biodiversity modeling outcomes,
specifically the spatial interpolation of environmental variables in Apulia and the
prediction performance of the MBI. Finally, Sect.4 summarizes the key findings
and discusses their implications for biodiversity conservation.

2 Methodology and Data

The methodological framework for predicting the MBI in Apulia has involved
several key stages: (1) data collection and preprocessing to correct spatial misalign-
ments and address data quality issues, (2) computation of MBI and interpolation
of environmental variables via Ordinary Kriging, (3) fitting of ML models (DTs,
XGBoost, SVMs, and LR) to predict MBI, and (4) validation of results.

In particular, the first step has consisted of gathering essential spatial datasets
for the Apulia region, including species occurrence records, land use and land
cover (LULC) data, and environmental variables such as P My concentrations,
temperature, atmospheric pressure, and precipitation. Then, all datasets have been
preprocessed to correct spatial misalignments and address data quality issues.

Following this, meteorological and air quality variables have been interpolated
using geostatistical methods implemented in dedicated routines of the GSLib
software. This process has allowed for the creation of a uniform prediction grid
across the study area, enabling consistent spatial integration of heterogeneous inputs
suitable for ML applications. Subsequently, the modeling phase has been based on
the comparison of four supervised ML algorithms: XGBoost, SVM, DT, and LR.
The dataset has been split into 70% for training and 30% for testing to thoroughly
evaluate model performance. Each model has been trained to estimate MBI based
on selected environmental predictors. Finally, model performance has been assessed
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using various metrics, allowing comprehensive comparative evaluation of predictive
accuracy.

2.1 Study Area and Data Acquisition

Apulia, located in Southern Italy, is a pivotal Mediterranean biodiversity hotspot
featuring diverse ecosystems like farmlands, forests, urban areas, and protected
zones. It is a crossroads of species and hosts vital habitats such as temporary ponds
and coastal lagoons, essential for unique species and ecological integrity [7, 10].
However, the region faces growing threats from pollution, land use changes, and
climate variability [30]. Human activities, including urban expansion, intensive
agriculture, and water contamination, cause ecosystem fragmentation, endangering
rare and endemic species. This highlights the need for targeted regional evaluations
to comprehend and mitigate biodiversity loss in Apulia’s vulnerable environments.
For this aim, the analysis has started by gathering the following spatial datasets for
the Apulia region:

— Species Occurrence Data, obtained from the Global Biodiversity Information
Facility (GBIF) (https://www.gbif.org/). The dataset has comprised 729 species
records from 1,014 georeferenced locations. These records have spanned three
taxonomic kingdoms: Animalia (519 species), Plantae (206 species), and Fungi
(4 species). Preprocessing for reliability, consistent with GBIF and Darwin Core
standards, has been performed, which has included the removal of duplicate
records, correction of geospatial inaccuracies, and exclusion of fossil data,
enhancing data usability for MBI modeling.

— Land Use and Land Cover (LULC) Data, obtained from Italy’s National Geopor-
tal (http://www.pcn.minambiente.it/mattm/servizio-wms/). This detailed dataset,
adhering to CORINE Land Cover standards, has been essential for analyzing
biodiversity distribution and mapping key habitats like Mediterranean Temporary
Ponds and forests.

— Environmental Variables (including P M1y concentrations, temperature, atmo-
spheric pressure, and precipitation), collected from ARPA Puglia (Regional
Agency for Environmental Protection) monitoring networks (https://www.arpa.
puglia.it). These data have been collected from a range of monitoring station
types, including traffic, industrial, and background sites, located in major urban
centers such as Foggia, Bari, Brindisi, Taranto, and Lecce. P Mo is known to
pose significant anthropogenic pressure, impacting plants and soil. Exposure to
fine particulate matter (P M> 5 and P Mjp) negatively affects stomatal function
and physiological processes in plants, while also promoting soil acidification,
which disrupts microbial communities and nutrient cycling in Mediterranean
ecosystems. In Mediterranean regions like Apulia, P Mg levels, often affected by
African dust intrusions, can significantly influence both soil characteristics and
ecosystem functioning. Temperature variations, including long-term warming
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trends, contribute to shifts in species distributions, reduced habitat suitability,
and increased mortality during extreme heat periods. Elevated temperatures
within Mediterranean ecosystems can also affect phenological timing, decrease
pollination efficiency, and disrupt plant communities. Biodiversity is influenced
by atmospheric pressure through its effects on microclimates, soil moisture
retention, and nutrient cycling, particularly in coastal and mountainous areas.
The distribution of precipitation is crucial for governing water availability
and ecosystem productivity. Reduced rainfall exacerbates drought conditions,
negatively affecting soil microbial activity, plant biomass, and water-dependent
species.

2.2  Multilevel Biodiversity Index (MBI) and Spatial
Interpolation

To evaluate spatial biodiversity patterns, the Multilevel Biodiversity Index (MBI)
has been computed as an integrated metric combining species richness with land
cover diversity, as follows:

MBI = (S x LULC)/A

where:

— S represents true species occurrence, reflecting the effective number of existing
species.

— LULC denotes the number of land use/land cover diversity classes.

— A is the sampled area in (km?).

This index standardizes biodiversity values across a spatial grid, making it possible
to compare ecologically heterogeneous landscapes. Higher MBI values indicate
greater ecological diversity, while lower values suggest limited biodiversity or
uniform land cover types. The MBI values were derived from species occurrence
data aggregated on a regular grid with dimensions of 15 x 13 and cell sizes of
19.5km x 19.5 km. The results have shown elevated MBI values in coastal areas,
where species richness and landscape diversity are higher, and reduced values in
inland zones characterized by intensive agriculture and industrial activity. Unlike
traditional indices, MBI has provided a more holistic view of ecological complexity
by integrating land cover diversity and rarity, which has proven especially useful in
regions with high environmental variability like Apulia.

For the meteorological and air quality variables, Ordinary Kriging has been used
for spatial interpolation. This geostatistical method has been chosen for its ability
to account for spatial autocorrelation and produce unbiased, reliable predictions.
This process created a uniform prediction grid (19.5 km x 19.5 km) across the study
area, ensuring consistent spatial integration of heterogeneous inputs suitable for



122 1. Masoumi et al.

Legend

MBI
0.50
1.00
150
2.00
2.50
3.00
350
4.00

B 450

B 500 Kilometers

Bl 550 0 30 60 120
B .00 1
N 6

Fig. 1 (a) Number of species occurrence, (b) number of LULC classes, and (¢) MBI contour map
in the Apulia region

ML applications. Structural analysis, involving variogram estimation and model
selection, has been conducted for each variable under study to guarantee spatial
continuity and compatibility with the biodiversity modeling.

Figure 1 illustrates the regional spatial patterns of species occurrences, LULC
diversity, and the derived MBI

2.3 Machine Learning Methods

Machine learning methods have increasingly been used in biodiversity studies due to
their ability to manage complex ecological datasets, identify nonlinear relationships,
and select influential environmental predictors [6, 12]. In this study, four supervised
ML algorithms (XGBoost, DT, SVM, and LR) have been applied to model MBI in
the Apulia region.

XGBoost is a supervised machine learning algorithm that uses an additive
process called gradient boosting to build predictive models from an ensemble of
decision trees. It excels at identifying complex, nonlinear relationships and is both
scalable and robust to missing data. However, its performance relies heavily on
hyperparameter tuning [32], and it can be computationally expensive for very large
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datasets [12]. The model has been successfully used in a variety of ecological
contexts, such as modeling forest biomass and predicting species richness.

The Decision Tree (DT) algorithm is a nonparametric supervised model that
recursively partition data for predictions, valued for interpretability and handling
nonlinear interactions [13]. However, DT is prone to overfitting if the tree becomes
too complex, which can be mitigated through pruning [22]. In ecology, DTs have
been applied to various tasks, from predicting vegetation types to analyzing bird
migration.

Support Vector Machine (SVM) is a robust supervised method for classification
and regression, effective with high-dimensional, nonlinear data. SVM identifies
optimal separating hyperplanes using support vectors and kernel functions [14].
It also has a strong ability to prevent overfitting [43]; however, SVM can be
computationally expensive with large datasets and sensitive to parameter tuning. In
ecological studies, SVM has been successfully applied to modeling forest diversity,
assessing habitat suitability, and predicting species richness [5, 6, 37].

Linear Regression (LR) is a fundamental and efficient statistical method used
to model the linear relationship between a dependent variable (like a biodiversity
index) and one or more independent variables (like environmental factors) [23].
However, its primary limitation is its inability to effectively model nonlinear rela-
tionships and complex ecological patterns, which are very common in biodiversity
data. Despite this limitation, LR remains a widely used tool for evaluating how
land use impacts species richness or predicting biodiversity changes due to climate
variation.

2.4 Model Evaluation Metrics

In this research, the forecasting capability of the machine learning models has been
evaluated through the application of several widely used statistical measures. The
metrics employed have encompassed the Nash-Sutcliffe Efficiency (NSE) [2, 31],
the Mean Absolute Percentage Error (MAPE) [11, 16, 33, 39], the Root Mean
Square Error (RM SE) [34], the coefficient of determination (R?) [3], as well as the
Williams plot diagnostics.

Nash-Sutcliffe Efficiency (NSE) measures the relative magnitude of residual
variance compared to the variance of the observed data. Its values range from — co
to 1, with 1 denoting a perfect match between observed and predicted values. It is
computed as follows:

> (0i—P)?

NSE=1-°L )]

> (0i — 0y
i=1
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where O; and P; are observed and predicted values, respectively, n is the number of
observations, and O is the mean of observed values.

Mean Absolute Percentage Error (M A P E) determines the average magnitude of
a model’s prediction errors as a percentage of the observed values. This provides
a clear and consistent way to interpret a model’s precision, even when comparing
forecasts for different metrics. It is defined as follows:

n

MAPE = 12

nx
i=1

= t1.100, (2)

i

where 7 is the number of observations.

Root Mean Square Error (RM SE) is a common metric used to measure the
average difference between a model’s predicted values and the actual observed
values. It is often used to quantify a model’s accuracy, with lower values indicating
a better fit. It is given by

1 n
RMSE = |- (0i — P)*. (3)
n
i=1

Coefficient of determination (Rz) is a statistical measure that evaluates the
proportion of variance in observed data explained by the model. This metric is
mathematically similar to the NSE. While both are powerful tools for evaluating
model performance, they are used in different contexts. A key distinction is that
while R? is typically used for assessing how well a linear model fits the original
data, NSE is more commonly used to evaluate the predictive power of a model on
new or simulated data, especially in fields like hydrology. It is expressed as

> (0i—P)?
i=1

RP=1-"F0
n -
> (0i = 0)?
i=1

“)

R? values range from 0 to 1, with higher values indicating better model performance
and explanatory power.

Williams plot diagnostics employ a combination of leverage and standardized
residuals to evaluate a model’s validity and identify outliers. The values for leverage
(h;) and standardized residuals (r;) are computed as follows:

hi =xI(XTX)™x,
O; — P
ri = )
o
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where xl.T represents the predictor vector for observation i, X is the matrix of
predictors, and o denotes the standard deviation of residuals.

Collectively, these diagnostic tools have offered a complete appraisal of the
model’s predictive performance, the error magnitude, and its overall reliability.

3 Environmental Variables and Biodiversity Prediction

This section details the spatial interpolation results for environmental variables and
the MBI’s predictive performance.

3.1 Geostatistical Interpolation of Environmental Indicators

The spatial mapping of several key environmental factors across the Apulia region
has been conducted. This has been achieved using Ordinary Kriging, a geostatistical
technique widely recognized for its ability to address spatial continuity and provide
unbiased estimations in a variety of environmental contexts [38, 40]. In particular,
the structural analysis, characterized by the variogram estimation and the model
selection, has firstly been carried out for the environmental indicators. According to
the spatial modeling results and to ensure spatial consistency with the MBI dataset,
Kriging interpolation has been performed on a uniform 19.5 km x 19.5 km grid.

The resulting interpolated maps (Fig.2) have highlighted the distinct spatial
diversity within the region and have also facilitated the evaluation of environmental
drivers that have influenced biodiversity characteristics throughout Apulia.

The generated colormaps are used as inputs for biodiversity modeling as they
capture the landscape’s essential abiotic patterns. These interpolated outputs provide
a continuous spatial representation of key environmental variables (like P My,
atmospheric temperature, atmospheric pressure, and precipitation), which effec-
tively show the region’s environmental variability. By applying a uniform grid, the
datasets create a consistent foundation for machine learning applications, ensuring
all environmental predictors are aligned within a coherent spatial framework. As
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Fig. 2 Colormaps illustrating (a) Precipitation, (b) Temperature, (¢) Atmospheric Pressure, and
(d) P Mo concentrations in Apulia, obtained by applying Ordinary Kriging
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shown in Fig.2, these maps highlight spatial differences and are fundamental to
evaluate the influence of environmental factors on biodiversity patterns in Apulia.
Elevated PMjo concentrations are found in urban and industrial hubs (e.g.,
Taranto, Brindisi, and Bari). These areas are correlated with diminished MBI
values, suggesting a potential link between atmospheric pollution and ecological
stress. Temperature shows both latitudinal and coastal-to-inland variations, with
warmer conditions prevalent in the southeastern peninsula and coastal zones,
aligning with established Mediterranean climate tendencies and species range shifts.
Atmospheric pressure tends to be lower over elevated terrains and more stable
across coastal lowlands, reflecting the influence of topography on atmospheric
mass. Precipitation exhibits a north-to-south gradient, with higher amounts in the
northern Apennine foothills and reduced rainfall in the drier southeastern plains,
a critical factor for water-dependent species and ecosystems. These interpolated
maps define abiotic gradients directly informing biodiversity modeling. Indeed, by
comparing the interpolation results with MBI data, it has been highlighted that
regions characterized by elevated particulate matter levels, scarce precipitation, or
heightened temperatures have generally displayed reduced biodiversity, underscor-
ing the predictive significance of these factors in spatial ecological risk assessments.

3.2 Model Accuracy and Validation for MBI Prediction

The forecasting accuracy of four machine learning algorithms (XGBoost, DT, SVM,
and LR) for MBI estimation in Apulia has been assessed using a multi-metric
validation methodology. These models have been trained with fine particulate matter
levels, temperature, atmospheric pressure, and precipitation as input features. Model
efficacy has been gauged using the NSE and MAPE, complemented by diagnostic
tools such as scatterplots comparing predicted versus actual values, cumulative
distribution functions of RMSE, Williams plots, and a Taylor diagram [41].

With the highest predictive accuracy (NSE: 0.87, MAPE: 1.08%), the Decision
Tree (DT) model has demonstrated strong concordance between observed and
predicted MBI values.

XGBoost has also produced commendable performance (NSE: 0.81, MAPE:
3.71%). Conversely, SVM (NSE: 0.54, MAPE: 4.58%) and LR (NSE: 0.16, MAPE:
6.51%) models have exhibited inferior predictive capabilities, indicative of their
limited effectiveness in capturing the intricate spatial and nonlinear characteristics
of Mediterranean biodiversity.

Williams plot diagnostics for all models have indicated that the majority of
standardized residuals fell within the 43 range (£ 3 times the standard devia-
tion) and within the leverage boundaries, suggesting reliable and generalizable
predictions. Outliers might reflect ecotonal regions (e.g., transitions between urban
and rural areas or coastal buffer zones) where ecological variability complicates
prediction accuracy. A Taylor diagram comparison has shown the DT model
achieved the highest correlation coefficient (above 0.95) and a standard deviation



Using Machine Learning Methods for Biodiversity 127

closely aligned with observed data, while XGBoost also performed strongly. SVM
and LR models were positioned farther from the reference point, indicating lower
predictive accuracy.

Finally, relevancy factor analysis has quantified the contribution of each input
variable to the model predictions [21]. Spatial coordinates were identified as the
most influential predictors, suggesting the significant influence of underlying spatial
gradients and latent spatial heterogeneity not entirely explained by environmental
variables alone. Among the atmospheric inputs, pressure and temperature have
shown the strongest impact, followed by precipitation and P M.

4 Conclusions

This study highlights the crucial role of algorithm selection in ecological modeling,
particularly for MBI prediction over the Apulia region. A comparative analysis
of four supervised machine learning models (XGBoost, DT, SVM, and LR)
consistently demonstrated that tree-based methods, specifically Decision Tree (DT)
and XGBoost, outperformed linear and kernel-based models across all validation
metrics.

The DT model proved to be the most reliable and accurate, exhibiting excellent
concordance between observed and predicted MBI values (NSE: 0.87 and MAPE:
1.08%). Its strong performance, supported by diagnostic plots, can be attributed
to its capacity to effectively model the complex, nonlinear interactions vital for
spatially heterogeneous ecosystems like those found in Apulia. EXGBoost also
delivered a strong performance (NSE: 0.81 and MAPE: 3.71%). Conversely, the
SVM and LR models showed limited predictive capability, struggling to handle
the intricate spatial and environmental variability characteristic of Mediterranean
landscapes.

From a conservation standpoint, the accuracy of DT and XGBoost in pro-
ducing spatially explicit biodiversity maps is paramount for informing adaptive
management strategies in sensitive areas. Their ability to integrate complex abiotic
gradients, including P Mo concentrations and precipitation, highlights their utility
in addressing real-world ecological challenges, as these factors are known to
influence biodiversity.

In conclusion, this research confirms that carefully selected and validated
machine learning methods, particularly tree-based ones, offer powerful tools for
MBI prediction and provide a transferable framework for biodiversity model-
ing in other Mediterranean and data-scarce regions. Future investigations should
broaden this approach by incorporating additional environmental descriptors (e.g.,
vegetation indices, land use shifts, and soil characteristics) and exploring hybrid
modeling architectures or temporal data integration to refine predictive accuracy
and ecological insight, thereby supporting targeted, evidence-based conservation
strategies.
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