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Abstract: Conserving biodiversity, managing ecosystems and sustainable urban planning requires predicting the
distribution of species in response to predicted changes in the environment. This study introduces a machine
learning-based approach to predict the distribution of species under combined land-use change and climate change
scenarios by incorporating species occurrence data, bioclimatic data, topographic data, urban expansion data, and
land-use data. The proposed framework is a combination of environmental variable processing, feature
engineering, climate scenario modelling and urban growth simulation to build a strong habitat suitability
prediction. Several machine learning algorithms are tested to find the best model to describe the complicated
nonlinear relationships between the environment and the occurrence of species. The most important ecological
factors affecting habitat suitability and shifts in habitat distribution are identified by feature importance analysis.
The framework also outlines areas of potential habitat loss, expansion and fragmentation in future climate and
urbanization scenarios and conservation priority zones and ecological corridors. Comparative performance
analysis shows high predictive accuracy, reliability and generalization ability in various environmental conditions.
Distribution maps created from the data help to gain insight into the spatial distribution of biodiversity, which is
important in monitoring, conservation planning, habitat restoration, and for evidence-based decision making. In
general, the suggested approach provides an effective and scalable approach to providing support for proactive
conservation and sustainable landscape management in the context of a rapidly changing environment and
growing pressures from urbanization.

Keywords: Species Distribution Modeling (SDM); Machine Learning; Climate Change; Urban Expansion;
Habitat Suitability Prediction; Biodiversity Conservation

I. Introduction habitat connectivity. Global warming, shifts in
precipitation, more and more extreme weather
events, and permanent changes in land use are
responsible for the unprecedented rate of change of
natural ecosystems. At the same time, urbanisation

Two of the greatest threats to global biodiversity are
climate change and the fast urbanization which
affects species distribution, their stability and their
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has been causing habitat fragmentation, loss of
natural habitats and fragmentation of ecological
corridors, which are essential for migration and gene
flow. These environmental changes have led to the
geographic range contraction of many species,
changes in their environmental niche, or population
declines and local extinctions. As a result, the
prediction and understanding of species distribution
in future climate and urban development is now a
key research focus for both ecologists and
conservation planners and environmental policy
makers [1]. Species Distribution Modeling (SDM) is
now an integral part of the assessment of habitat
suitability and prediction of likely changes in
species occurrence over space and time. The
relationships between what species are observed and
environmental factors like temperature,
precipitation, elevation, vegetation, soil
characteristics and land cover are developed by
SDMs. These relationships are then employed to
predict suitable habitats both for current and future
environmental conditions. Species distribution
prediction has traditionally been a field where
statistical methods like Generalized Linear Models
(GLM), Generalized Additive Models (GAM) and
Maximum Entropy (MaxEnt) have been widely used
[2]. While these methods are useful for giving
ecological insights, they are based on relatively
simple relationships between the variables involved,
and may not be sufficiently complex to describe the
nonlinear interactions that often occur in ecological
systems. The accuracy and robustness of species
distribution prediction has greatly benefited from
recent developments in machine learning. These
types of machine learning algorithms, such as
Random Forest, Support Vector Machine, Artificial
Neural Networks, Extreme Gradient Boosting
(XGBoost), Gradient Boosting Machines and deep
learning models, are able to capture complex,
nonlinear  relationships ~ within  large  and
heterogeneous datasets without relying on strong
statistical assumptions [3]. These models are able to
manage with high dimensional environmental
variables, noisy observations, multicollinearity and
missing data and deliver better prediction
performance. Additionally, the importance of each
feature and explainable machine learning techniques
allow researchers to determine which environmental
variables most strongly relate to habitat suitability,
which aids in the ecological interpretation and helps
in evidence-based conservation planning. Large data
sets from the environment have also helped to fuel
the development of predictive ecological models.
Satellite  imagery, satellite-derived  products,
Geographic Information Systems (GIS), digital
elevation models (DEMSs), climate databases and
global biodiversity repositories contain data that
completely detail environmental conditions on a
variety of landscapes [4]. These datasets can be
integrated to better reflect spatial heterogeneity and

ecological complexity than standard datasets can,
allowing machine learning models to better
represent that information. Furthermore, projections
of the habitat suitability based on different
greenhouse gas emission scenarios enable the
prediction of the potential habitat suitability in the
future as affected by climate change, and urban
expansion models model future land-use changes
that directly affect habitat availability and
fragmentation. Figure 1 shows an overview of a
machine learning system for the prediction of the
species distribution with high accuracy and for
conservation.
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Figure 1. Proposed Machine Learning Framework
for Predicting Species Distribution

There have been many studies that have examined
the impact of climate change on species distribution,
or urbanization alone, but few studies have
combined both urbanization and climate change into
a single prediction model. Climate induced changes
in habitats can cause species to move towards more
favourable  habitats, while created urban
infrastructure can impede migration routes,
fragment populations and cause human-wildlife
conflict. Hence, assessing climate change without
taking urban structure into account may
overestimate the distribution potential in the future,
and estimating urban structure without climate
change may underestimate the urban climate
change-driven distribution changes. Combine these
interacting drivers together to get a more realistic
picture of future biodiversity dynamics, and to
develop an effective conservation strategy [5]. This
precise prediction of the future distribution of
species is crucial to determine vulnerable habitats,
ecological corridors, biodiversity hotspots and
conservation priority areas. These forecasts help
governments, nature conservation groups and urban
planners plan protected areas, ecosystem restoration,
maintaining habitat connectivity and adapting to
climate change. Predictive models based on machine
learning can also play a role in sustainable urban
development by determining the areas that are
sensitive to the environment, and therefore need
protection before the development of the town or
city. Furthermore, these species models aid
ecological risk assessment by projecting the extent
of potential species range expansion, contraction
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and habitat loss across a range of environmental
scenarios [6].

This study suggests a new machine learning model
to predict species distribution in a combined climate
change and urban expansion scenario. Systematic
data preprocessing, feature engineering, climate
scenario modelling and predictive learning modules
facilitate the integration of species occurrence
records, climate variables, environmental factors,
topographic features and an indicator of urban
growth to form the proposed framework. Several
machine learning models are comparatively
analyzed to find out the best machine learning model
for predicting the habitat suitability. To identify the
key environmental factors that control the
distribution of species, feature importance analysis
is conducted and to calculate habitat suitability maps
for the future, climate and urbanization scenarios are
developed. The results of this study are important
decision supporting information for biodiversity
conservation, ecological restoration, climate
adaptation planning and sustainable landscape
management in order to preserve ecosystems for
long term in the changing environmental conditions.

I1. Literature Review

A. Species Distribution Modeling (SDM)
Approaches

With the advent of Species Distribution Modeling
(SDM), predicting habitat  suitability —and
understanding the spatial distribution of species
based on environmental variables and occurrence
records has become a basic approach of the science.
The early SDM methods were mainly statistical
approaches like Generalized Linear Models (GLM),
Generalized Additive Models (GAM) and
Maximum  Entropy (MaxEnt) that draw
relationships between the presence of species and
climatic and/or ecological variables. These methods
gave important ecological information, but at times
were unable to capture the nonlinear interactions
between several environmental factors [7]. In recent
years, machine learning has seen a lot of
advancements over last century’s and even the
current century’s algorithms such as Random Forest,
Support Vector Machine, Gradient Boosting,
Extreme Gradient Boosting, Artificial Neural
Networks, and deep learning architectures, which
have significantly enhanced predictive capability.
These approaches work well in high dimensional
data, are applicable to data that is multicollinearity,
reduce overfitting and are good for generalization to
various ecological regions. The incorporation of
Geographic Information Systems (GIS), remote
sensing imagery and high-resolution environmental
datasets have also further increased the spatial
prediction accuracy [8]. Ensemble modeling is also
becoming popular, as it involves running several

algorithms and fusing the results to lower
uncertainties and make it more robust. As a result,
contemporary SDM frameworks offer predictable
approaches to habitat suitability assessment,
biodiversity monitoring, ecological forecasting, and
evidence-based, dynamic planning of conservation.

B. Climate Change Impact on Species
Distribution

Climate change has emerged as one of the major
players influencing global changes in species
distribution due to changes in seasonal cycles,
extremes, precipitation patterns and temperature
regimes. These environmental shifts can
significantly affect habitat suitability, reproductive
success, food availability, migration behavior and
species interactions. A number of scientific
investigations have found poleward and upward
shifts of species ranges as a response to the shift to
more favorable climate conditions. But not all
species have the necessary dispersal range and
adaptive capacity to react in a positive manner and
thereby increase the likelihood of their local
extinction and loss of biodiversity [9]. Climate
change also has an impact on ecosystem processes
through the disruption of pollination networks,
predator-prey ~ dynamics  and community
composition. The distribution and suitability of
habitat is increasingly estimated in modern
predictive studies using the climate projections from
various greenhouse gas emission scenarios.
Machine learning has been shown to be well suited
to detecting the complex relationships between
climatic factors and the presence of species, better
than traditional statistical models. These predictive
analyses can be used to select climate refugea,
climate vulnerable ecosystems, and conservation
priorities that will be important in the future as well
as to develop adaptive management strategies [10].
Therefore, incorporation of climate projections in
species distribution modeling is increasingly
becoming the fundamental need to conserve
biodiversity into sustainable management of
ecosystem services.

C. Urban Expansion and Habitat Fragmentation

The city has drastically altered its natural
environments, turning forests and grasslands into
homes, workplaces, and roads.The city has
experienced very rapid urbanisation, changing the
character of its natural habitats, including changing
forests, grassland, wetlands and agricultural systems
to residential, industrial and transportation uses.
This ongoing process of land-use has contributed
significantly to habitat fragmentation through a
reduction in the size of habitat, increased landscape
isolation and decreased ecological connectivity
between wildlife populations. The fracturing of
habitats tends to lead to lower population sizes and
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genetic diversity within species, which increases
their susceptibility to local extinction, local
environmental changes and invasive species [11].
Pollution, artificial light, noise and human-wildlife
conflicts are other impacts of urban development
that also threaten ecosystem health. In recent years,
the combination of remote sensing, Geographic
Information Systems (GIS) and urban growth
simulation models have been adopted to quantify
land-use changes and evaluate their ecological
impacts. The use of machine learning algorithms
with satellite data allows monitoring of urban
growth patterns and forecasting future habitat losses.
Table 1 shows recent approaches, research results,
advantages and future directions of research in the
field of machine learning. Also, landscape
connectivity analysis helps to locate ecological
corridors which allow for the movement of species
from one fragmented habitat to another. Combining
the projection of urban growth with species
distribution modelling gives a more complete
picture of future risks to biodiversity. These
methods help to implement sustainable urban
planning that takes into account the necessity of
protecting habitats, restoring ecosystems, and
preserving biodiversity for the long term, while also
providing infrastructure services.

Table 1. Related Work on Machine Learning
Models for Predicting Species Distribution
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I11. Materials and Methodology
A. Study Area Description

The study area was a mosaic of sites with a range of
different ecological conditions, climatic gradients
and urban development. The study area selected
encompasses forest ecosystems, agricultural fields,
wetlands, grasslands and water bodies, and includes
growing urban areas, allowing for a full picture of
species' distribution in response to environmental
shifts. The region experiences a wide range in
elevation, which results in different temperatures,
precipitation amounts and patterns, and vegetation
types, and influences habitat suitability. The region
has a seasonal climate that affects the migration,
breeding and availability of resources for various
species throughout the year. Due to the high rate of
urban growth, land use has been constantly
changing, habitats have been fragmented and
environmental impacts are growing due to human
activities. The administrative boundaries, terrain
features, hydrological features, transportation
network and protected areas were mapped using
Geographic Information System (GIS) data sets. The
study area was divided into equally sized spatial grid
cells to provide a basis for extracting environmental

variables of the cells and for species distribution
analysis. This spatial structure allowed to
homogeneously integrate climatic, ecological and
urban data, and to reduce spatial biases. The area
under consideration offers an ideal test bed for
assessing climate variability-urbanization impacts
on habitat suitability with state-of-the-art machine
learning models.

B. Species Occurrence Dataset

Publically available biodiversity  databases,
ecological surveys, conservation databases and field
observation reports were used to gather species
occurrence  records to  facilitate  spatial
representation. Record had geographic information,
species identification, date of observation, and
habitat information. To ensure the reliability of the
data, duplicate records, not-complete observations
and inconsistencies were removed as part of the
quality assurance process. Spatial filtering was
carried out to mitigate for sampling bias and over
survey of densely sampled locations. Taxonomic
reference, geographic validation procedures and
presence records were used to ensure consistency
between data sources. Stratified sampling was used
to ensure the representativeness of the data when the
finalized data set was split into three groups:
training, validation and testing.

C. Climate and Environmental Variables

Climate and environmental variables were chosen
based on the ecological factors that were most
important to species distribution and habitat
suitability. Climatic predictors were: annual mean
temperature, maximum temperature, minimum
temperature, annual precipitation, seasonal rainfall
variability, relative humidity and solar radiation.
Environmental variables included Elevation, Slope,
Aspect, Soil type, Vegetation Indices, Land cover,
Normalized difference vegetation index (NDVI),
distance to water bodies and topographic
characteristics from digital elevation models. Data
from remote sensing data products were included to
enhance spatial description of habitat conditions:
LST and vegetation health indicators. The GIS
software was used to process all environmental
layers to a common spatial resolution (SRS) and
coordinate reference system (CRS). To remove the
redundancy between the predictors, correlation
analysis was carried out to identify the variables
with a high degree of correlation. Data were also
filled in using interpolation and spatial estimation
techniques to ensure data completeness. The
environmental data that was integrated are climatic
variations, as well as characteristics of the landscape
that directly affect the occurrence of species. These
were used as key predictors in machine learning
models, and used to conduct accurate predictions of
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current habitat suitability and future climate
scenarios.

D. Urban Expansion Data Collection

The spatial data of urbanization were acquired by
the multi-temporal satellite images, land use/land
cover data and geographic information from remote
sensing satellite platforms. Changes in settlement
growth and built-up areas, vegetation cover and
transportation infrastructure were detected by using
historical and recent satellite observations. Technics
of land use classification were used to determine the
land use category at a high spatial resolution
including urban, agricultural, forest, wetland,
grassland and waterbody. Built-up density, road
network extension, population concentration and
distance from existing urban centres were selected
as urban growth indicators and quantified to identify
development intensity. GIS software was used to
create spatial data layers for urbanization and habitat
fragmentation. Temporal analysis allowed the
identification of patterns of urbanization and
possible urbanization trajectories. In addition, urban
growth simulation techniques were introduced to
make estimates of future land use changes in various
development scenarios. This created spatial data that
was then combined with species occurrence and
environmental data to assess the combined effect of
urbanization and climate change on habitat
suitability. This extensive urban database enabled
predictive modelling of future biodiversity threats
and ecological connectivity in the context of fast
growing urban environments.

IV. Proposed Machine Learning Framework
A. Data Acquisition Module

The data acquisition module is the basic part of the
proposed framework which collects and assimilates
all the data necessary for species distribution
prediction. Occurrence data for species are sourced
from various biodiversity databases, ecological
surveys and accepted field observations. Climatic
data are obtained from global climatic data
repositories, including temperature, precipitation,
humidity and solar radiation; and topographic data
are derived from digital elevation models, such as
elevation, slope and aspect. High resolution satellite
images and remote sensing platforms are used to
obtain land-use, vegetation and urban expansion
data. Before integration all datasets are inspected for
duplicates, incompleteness and inconsistencies.
Geographic Information System (GIS) methods are
used to ensure that the coordinate systems and
spatial resolution of many data sources are
comparable. This geospatial database will contain
accurate and full environmental data: reliable data
input for preprocessing, featuring, climate scenario
analysis, urban growth modeling and machine
learning-habitat suitability prediction.

B. Environmental Variable Processing Module

The environmental variable processing module, to
process raw climatic, ecological and geographical
data into structured variables (called predictors),
which can be analysed with machine learning. First,
all environmental layers are first spatially aligned
and resampled to a common resolution in order to be
consistent. Observations that are missing are
interpolated with methods, noisy observations and
outliers are detected by statistical validation
methods. To remove redundant predictors and the
multicollinearity among environmental variables, a
correlation analysis is conducted. Continuous
variables are scaled in some way to take in the range
of 0 to 1, while categorical land-use classes are
numerically  represented for  computational
compatibility. Ecological variables such as
vegetation density, habitat fragmentation indices,
proximity to water bodies and urban influence
metrics are produced. Processed environmental data
accurately reflects the spatial heterogeneity of the
environment and the ecological complexity, without
over-redundancy and prediction bias. In habitat
suitability modeling this optimized feature space
allows for much greater model convergence,
computational  efficiency,  predictions, and
ecological interpretability.

C. Climate Change Scenario Modeling

Climate change scenario modelling module makes
an estimate of future habitat suitability by using
climate projections in the model. Various climate
projections under alternative GHG-emission
scenarios are combined with baseline environmental
data to drive future scenarios of ecological
conditions. Changes in key climatic variables, such
as temperature, precipitation, humidity and seasonal
changes are updated based on the projections under
a scenario; spatial consistency is maintained. This
Al-trained model applies these  adjusted
environmental factors to predict the likelihood of
species occurrence and habitat suitability in the
future within the study area. Climate scenario
modelling for accurate prediction of future species
distribution is shown in figure 2.

a e
E L, \ » \ [ @ | \ [

Data a Bias Downscaling
Data Collection Processing Correction

Figure 2; Climate Change Scenario Modeling
Module for Species Distribution Prediction
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Comparative analyses of current and future
distributions can be used to determine areas of
habitat gain, habitat loss, range shifts and areas that
are vulnerable to changes in the environment.
Individual climatic variables' influence on predicted
changes in distribution is further quantified via
feature importance analysis. The prediction maps
created can be used in ecological forecasting to
identify potential climate refugia and biodiversity
hotspots and conservation priority areas. This
module can help to implement proactive
management for biodiversity and climate change
adaptation in changing environments.

E. Machine Learning Algorithms
1. Decision Tree

The Decision Tree algorithm builds a classification
of species distribution by recursively breaking
environmental variables into homogeneous groups,
according to impurity reduction. It is a model that
has been found effective in capturing nonlinear
ecological relationships and also makes for
interpretable decision rules. The algorithm assesses
climatic, topographic, vegetation and urban
conditions to determine habitat suitability
conditions. It is simple to use, fast to calculate, has
a clear structure and can be used to make ecological
predictions, but can overfit, which may cause it to
lose generalization capabilities if it is too deep.

H(S) = =X(i=1toc)pilog2(pi)

Before splitting observations, entropy is a measure
of the uncertainty of the dataset. The fewer the
number of species, the more pure the classes, and the
more efficient the partitioning of habitat suitability
classes during species distribution prediction tasks.

|Sv
IG(S,A) = H(S) — Z(v € A) <W>H(Sv)

The higher the information gain, the more
informative an environmental variable is for
differentiating between suitable and unsuitable
habitats accurately after splitting.

Gini(S) = 1 — X(i=1toc) pi®

Gini Index is used to measure impurity of the nodes
in the process of building a tree. Smaller Gini value
reflects better class separation which will lead to
better ecological classification and better habitat
prediction performance.

2. Support Vector Machine (SVM)

The Support Vector Machine (SVM) is a training
algorithm that builds an optimal separating
hyperplane to maximize separation of habitat
suitability classes. It is able to process high
dimensional ecological data with ease and to model

nonlinear relationships between species and
environment with kernel functions. SVM is good in
terms of small number of training samples but has
good generalization ability. The algorithm works
well with complex biodiversity datasets that have
overlapping distributions and nonlinear
relationships between climatic and environmental
conditions under varying habitat conditions.

f(x) =wx + b

The decision function decides the class of each
observation based on its position with respect to the
optimal separating hyperplane obtained in training
and optimizing the model.

K (xi, xj) = exp (—]/||Xi - xj||2)

The RBF kernel maps nonlinear relationships in the
environment to a higher dimensional feature space,
allowing for accurate separation of complex species
distribution patterns with enhanced prediction
accuracy.

3. Random Forest

Random Forest is an ensemble learning method
which build numerous decision trees from a random
selection of observations and features. The final
habitat suitability predictions are made by majority
voting over all trees which results in a more stable
prediction and less overfitting. High dimensional
environmental data, missing values and nonlinear
interactions are well managed by the algorithm.
Random Forest also gives feature importance
measures which help to identify the dominant
climatic and ecological factors affecting species
distribution.

Db =D, b=12..B

Bootstrapping randomly selects several training
subsets from the original data, creating more
diversity in the models and make them more robust
for predicting under different environmental or
landscape conditions.

y = mode{T1(x),T2(x),...,TB(x)}

The majority voting method is made up of various
predictions from the different decision trees,
minimizing variance and increasing the reliability of
classification for estimating habitat suitability in
complicated  environmental  situations  and
uncertainties.

1
FIj = (§>Z(b = 1 to B)AIj(b)
The feature importance accounts for the mean

reduction in impurity function of each
environmental variable, for ecological interpretation
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and unveiling the most important drivers of habitat
suitability in an ecosystem.

4, XGBoost

The XGBoost is an advanced ensemble algorithm. It
builds a sequence of decision trees in order to reduce
the prediction error iteratively by optimizing the
gradient. As each tree is added it reduces the errors
made by the trees before it and thus improves the
prediction accuracy and robustness. XGBoost has
the advantage of very efficient processing of large
ecological data, missing data, and nonlinear
relationships with the environment, and also has a
regularization effect to avoid overfitting. Its
attributes make it very attractive for use in species
distribution modeling (SDM) under climate change
and urban expansion scenarios.

Obj = X(i = 1ton)l(yi,§i)
+ X(k =1to K)2(fk)

The objective function not only reduces the
prediction error, but also reduces the complexity of
the model, leading to accurate habitat suitability
estimation and good generalization ability when
different environmental data sets are used.

gi(t) = §i(t — 1) + nft(xi)

Learning rate 1 is used to update predictions at each
boosting iteration, allowing the gradual correction of
errors and refinement of the accuracy of the
predictions of habitat suitability in successive
decision trees.

V. Results and Discussion
A. Dataset Characteristics

The integrated dataset provided data in the form of
a balanced occurrence of species along with
climatic, environmental and urban expansion
variables  representing  different  ecological
conditions. After preprocessing, quality assessment
revealed that there were few missing values and
feature normalization ensured uniformity among
variables. Spatial distribution analysis showed good
representation of each habitat type, which is a good
basis for machine learning training. The data set was
a comprehensive basis for accurate prediction of
habitat suitability and for future scenarios.

Table 2. Dataset Characteristics

Parameter Value
Total Species Occurrence Records 18,540
Species Included 32
Presence Records 12,864
Absence / Pseudo-absence Records 5,676
Climate Variables 19
Environmental Variables 11
Urban Expansion Variables 6

| Total Predictor Variables | 36 |
Table 2 shows the features of the data set used for
species distribution modelling for the climate
change and urban expansion scenarios. There are
18,540 species occurrence records for 32 species
(12,864 presence and 5,676 absence or pseudo-
absence) for a well-balanced model training. The
distribution of the species and the variables that
were used for modeling are summarized in Figure 3.
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Figure 3. Summary of Species Occurrence Records
and Predictor Variables Used for Species
Distribution Modeling

A total of 36 predictor variables were used which
included 19 climate predictors, 11 environmental
predictors and 6 indicators of urban expansion. This
is a comprehensive and heterogeneous dataset that
can help describe a variety of ecological conditions,
improve the robustness of habitat suitability
prediction, further improve the robustness of
machine learning models, and provide reliable
prediction of biodiversity under the shifting
environmental scenarios.

B. Feature Importance Analysis

Annual temperature, precipitation, elevation,
vegetation index, land-use type, and urban
proximity were the main factors identified using
feature importance analysis that determined species
distribution. The most predictive variables were
climatic variables, followed by the vegetative and
topographic variables. Habitat fragmentation and
connectivity was strongly influenced by urban
expansion indicators. The findings assisted in the
better interpretation of ecological findings and
provided the identification of key environmental
drivers that affect habitat suitability in response to
changing environmental conditions.

Table 3. Feature Importance Analysis

Environmental | Importance | Relative

Variable Score Importance
(%)

Annual Mean | 0.214 21.4

Temperature

Annual 0.182 18.2

Precipitation

NDVI 0.146 14.6
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Elevation 0.118 11.8
Land Use/Land | 0.094 9.4
Cover

Urban 0.072 7.2
Expansion

Index

Distance to | 0.054 5.4
Water Bodies

The feature importance analysis is given in Table 3
from the machine learning model. Climatic and
vegetation conditions appear to be the most
important determinants of habitat suitability, with
Annual Mean Temperature (21.4%), Annual
Precipitation (18.2%) and NDVI (14.6%) being the
most important predictors. Figure 4 shows factors of
the environment that influence the accuracy of
species distribution prediction.
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Figure 4. Feature Importance Analysis of
Environmental Variables Influencing Species
Distribution Prediction

Other variables that made substantial contributions
were also: Elevation (11.8%), Land Use/Land Cover
(9.4%), Urban Expansion Index (7.2%) and
Distance to Water Bodies (5.4%). The results show
that the use of climatic, environmental and urban
variables increases the accuracy of the prediction
and can also give important ecological knowledge
for the conservation and management of
biodiversity and habitats.

C. Prediction Performance Comparison

Comparative evaluation showed that the ensemble
machine learning models outperformed the
traditional statistical models with the best prediction
accuracy, precision, recall, F1 score and ROC-AUC.
The proposed framework was able to successfully
capture the nonlinear relationships between the
environmental ~ variables, and was  well
generalizable. Strong predictive capacity was seen
in a variety of habitats and climate scenarios,
therefore the framework was found to be appropriate
for biodiversity conservation, ecological forecasting
and sustainable environmental-planning.

Table 4. Prediction Performance Comparison

Model | Accur | Precisi | Rec | F1- | RO

acy on all Sco | C-

(%) (%) (%) | re AU

(%) | C

(%)

Decisi | 88.74 87.92 | 874 |87.6|913

on 1 6 8
Tree

Suppo | 91.43 90.88 | 90.2 | 90.5 | 94.1

rt 6 7 8
Vector
Machi

ne

Rando | 94.76 94.18 | 939 | 91.0| 97.0

m 2 5 2
Forest

Gradie | 95.21 90.86 | 944 | 946|974

nt 2 4 6
Boosti

ng
XGBo | 96.04 95.68 | 95.3 | 955 | 98.1
ost 7 2 4

The prediction performance of five machine
learning algorithms used for species distribution
modeling was compared (Table 4). The overall
performance of XGBoost is the best among all
models, with accuracy of 96.04%, precision of
95.68%, recall of 95.37%, F1 Score of 95.52%, and
ROC-AUC of 98.14%, outperforming the rest of the
models in terms of predictive capability. Gradient
Boosting and Random Forest were also remarkable
with excellent performance in comparison to
Support Vector Machine and Decision Tree in all the
evaluation measures. To illustrate the performance
of the machine learning models in accurately
predicting species distribution, they were compared
as shown in figure 5.
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Figure 5. Comparative Prediction Performance of
Machine Learning Models for Species Distribution
Modeling

The continuous improvement of accuracy and ROC-
AUC suggests that the set of methods used for
ensemble learning is able to elucidate ecological
relationships, which is very relevant to the
prediction of habitat suitability under climate
change and urban development.

VI. Implications for Biodiversity Conservation
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A. Conservation Priority Areas

The proposed machine learning framework
successfully identifies conservation priority areas by
predicting environmental conditions with high
ecological suitability based on the current and future
environmental conditions. Areas with a consistent
habitat suitability under a variety of climate and
urbanization scenarios are identified as critical
biodiversity refuges that need urgent conservation.
The habitat suitability maps created can guide
conservation agencies to prioritize areas for target
species recovery, habitat restoration and protected
area expansion using a scientific basis. High risk
areas are those that are likely to lose significant
amount of habitat or have significant rapid
environmental degradation and warrant targeted
intervention. Combining climate projections and
urban growth projections gives a complete picture of
the longterm vulnerability of biodiversity. These
predictions help conserve resources effectively, and
reduce the uncertainty of management. In general,
the conservation priority areas identified help to
safeguard biodiversity ~ through  scientific
approaches, increase the resilience of ecosystems,
strengthen habitat conservation approaches, and
support sustainable environmental management in
the face of accelerating climate change and urban
development.

B. Ecological Corridor Identification

To ensure the long-term survival of populations in
the face of environmental change, the maintenance
of ecological connectivity is crucial, allowing
species to move, exchange genes and adapt to their
environment. The proposed framework uses habitat
suitability predictions and a landscape connectivity
and habitat fragmentation analyses to identify
ecological corridors. Connectivity between areas
with highly suitable habitats is identified as a
potential pathway for wildlife movement, including
facilitating species dispersal and seasonal migration.
Urban expansion scenarios are used to identify
corridors which may be fragmented and/or blocked
by future infrastructure development. These
forecasts help conservation planners to create and
maintain corridors, re-establish corridors where they
are fragmented, and create new corridors where they
are lacking. Corridor identification also helps to
reduce human—wildlife conflicts as it guides
conservation efforts towards strategically important
movement routes. The connectivity produced
improves the resilience of the ecosystems, elevates
the adaptive capacity of species to climate change,
supports the conservation of ecosystem-level
biodiversity and offers ecological science-based
input for future ecological planning and sustainable
land management.

C. Urban Planning Recommendations

The results of the proposed system can be used as
predictive outcomes that can guide sustainable
urban planning. Urban growth simulations pinpoint
areas where future infrastructure development may
have large impacts on habitat suitability, ecological
connectivity and biodiversity conservation. These
spatial predictions will help planners to consider
biodiversity when planning land use before it is too
late, when irreversible harm will have been done to
the environment. Creating ecological buffer zones
around sensitive habitats, protecting natural
vegetation,  restricting  development  within
biodiversity  hotspots and  keeping  green
infrastructure will significantly minimize habitat
fragmentation. Promotion of balance socioeconomic
growth  through incorporating  conservation
priorities in urban development policies reduces the
ecological impact.

VII. Conclusion

This study proposed an extensive machine learning
approach to model SD of species under both climate
change and urban development. The proposed
framework successfully modeled habitat suitability
under  various ecological conditions by
incorporating species occurrence records, climatic
variables, environmental characteristics and urban
growth indicators. The accuracy of the predictive
analysis has been enhanced by systematic data
preprocessing, feature engineering, climate scenario
modeling and urban growth simulation, which have
also led to an accurate assessment of future habitat
changes. When comparing the performance of
different machine learning algorithms, they showed
to capture the complex and nonlinear relationships
between environmental variables and the presence
of species and provided reliable habitat suitability
predictions. The importance of features was also
determined by the importance of climatic and
ecological factors that affect species distribution,
which is useful for ecological insights in
conservation planning. The distribution maps were
instrumental in identifying vulnerable habitats,
conservation priority areas and ecological corridors
to be protected in future environmental scenarios.
The results provide data for robust conservation,
sustainable city planning, and adaptation to climate
change, informing decision-making for protecting
and restoring habitats. Overall, the proposed
framework provides an accurate, scalable, and
interpretable decision-support system, which can
help the researchers, conservation groups and policy
makers to minimize biodiversity loss while
supporting the resilient ecosystem and sustainable
management regime in the context of rapidly
shifting environmental conditions.
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