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Machine learning, Introduction: The changing climate is impacting the distribution and viability of animals through
Climate change, changes in temperature, rainfall, vegetation, and other environmental conditions. Thus, identifying

Species locations that may become vulnerable in future climatic scenarios becomes necessary for conserving
vulnerability, the environment and for developing adaptation strategies. This research proposes a machine learning
Habitat algorithm to map the vulnerability of animal species based on different future climatic scenarios.

suitability, Methodology: The presence of species was linked with climatic and environmental features like
Climate temperature, precipitation, elevation, vegetation features, and land cover. The data were preprocessed
scenarios, and split into training and test data sets. Three machine learning models namely support vector
Biodiversity machine, random forest, and XGBoost were assessed in terms of accuracy, precision, recall, F1 score,
conservation. and area under receiver operating characteristic curves. The model with the highest performance was

used for predictions in current as well as future SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios. Predicted
changes in habitat suitability were converted into spatial vulnerability classes.

Results: XGBoost model showed better predictive power with 83.2% accuracy, 82.6% precision,
82.1% recall, 82.3% F1-score, and AUC of 0.88. Vulnerability assessment showed a progressive rise
in regions categorized as high and very high vulnerability to the impacts of climate change with
increasing climate forcing scenarios. High and very high vulnerabilities combined increased from 27%
with the present-day situation to 49% with the SSP5-8.5 climate forcing scenario. The results
demonstrate that machine learning can effectively capture complex relationships between species
vulnerability and environmental predictors while providing spatially interpretable predictions.
Conclusion: Such a framework would present an effective method for determining vulnerable areas
due to their sensitivity to the climate and predicting any future changes regarding species vulnerability.
It may be beneficial in conservation, habitat preservation, ecological monitoring, and adaptation to
climate change.
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Introduction

Environmental  factors  affecting  the
distribution, survival, and sensitivity of animal
species are undergoing increasing changes due to
climate change. Changes in temperature, rainfall,
habitat, and climatic regimes can affect suitable
ecological ranges and can have impacts on
species whose tolerance levels are narrow. Thus,
finding areas where there will be a future
reduction in the suitability of their habitats has
become an essential consideration for
conservation purposes. Conventional modeling
methods are quite helpful, but the nature of
interactions between climatic variables and
species can lead to requirements for improved

predictive methods.

ML represents an appropriate framework for
describing nonlinear relations between the
presence of species and environmental variables.
Several recent applications have shown the use of
ML in relation to climate-dependent species and
ecosystems, such as threatened bird species,
mosquito habitat, freshwater fishes, migratory
birds, forests, and aquatic species. For instance,
ML-based habitat modelling was applied to
assess potential changes in the range of the nearly
threatened yellow-fronted canary in Ethiopia,
and results obtained in this study were important
for developing appropriate conservation
practices (Gelete et al., 2025). In addition,
ensemble species distribution modelling was able
to demonstrate the power of ML techniques for
predicting changes in the habitats of cold-water
freshwater fishes in different scenarios of climate

change (Kim et al., 2026). These developments

indicate that ML can provide a useful basis for
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spatially explicit assessment of climate-related

species vulnerability.

Additionally, the use of projections of climate
change with species distribution modeling makes
it possible to detect sites where habitat suitability
is expected to decrease in the future.
Computational methods based on Al and ML
algorithms were used to assess the pattern of
migratory birds habitat in the future on the basis
of data provided by remote sensing, thus proving
the capability of computational modeling for
ecological evaluation (Kumar et al., 2025).
Furthermore, ML algorithms have also been used
to forecast changes in forest distribution and
ecosystem vulnerability, proving the significance
of the combination of environmental factors and
spatial modeling (Mirhashemi et al., 2023;
Otieno et al., 2025). Nevertheless, the need for a
clear and transposable algorithm, which connects
the ML-based prediction with the vulnerability
classification under different scenarios of climate
change, is still important for conservation
purposes. This is why the current paper creates a
machine learning algorithm aimed at evaluating

animal species vulnerability under different

future climate scenarios.
Review of Literature

SDM has progressively adopted computer
science and ML in the process of making
predictions concerning ecological responses to
climate change. Previous modelling studies
highlighted that the effect of climate change on
the distribution of marine species could be
automated based on the information about the
species' distribution, thus showing the potential

of predictive modelling for detecting future
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ecological changes (Coro et al., 2016). Modern
studies have gone further in that regard using ML
techniques for predicting the habitat suitability of
different taxa in different environments. The
example of the modelling of Aedes albopictus
demonstrates how ML may be helpful in
estimating the habitat suitability in the
twenty-first century in conditions of climate
change (Georgiades et al., 2023). At the same
time, ML models were developed to predict the
distribution of Oncomelania hupensis under the

condition of climate change (Xu et al., 2023).

Moreover, ML has become highly important
in the field of conservation planning because of
its ability to incorporate heterogeneous
environmental factors and understand complex
ecological relationships. ML in
conservation-based studies has stressed its role in
aiding decision-making in dynamic climatic
environments and the identification of areas
which need to be managed through spatial
prediction (Mosebo Fernandes et al., 2020).
Studies pertaining to the Western Ghats have
additionally brought out the significance of ML
distribution, niche

in predicting species

occupancy, and ecological patterns for
biodiversity conservation (Shameer & Sanil,
2023).  These  approaches provide a
methodological basis for developing spatially
explicit vulnerability assessments that combine
conditions  with

environmental species

distribution information.

The increasing deployment of remote sensing
and environmental datasets has further enhanced
ML-based Studies

ecological  prediction.

involving the forest ecosystem of the Mount
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Kenya area have combined remote sensing and
ML to assess the impact of climate change and
predict the vulnerability of the future ecosystem
(Otieno et al., 2025). The wider implementation
of data-based environmental prediction, such as
deep learning techniques in environmental risk
assessment, shows that there is an increasing
capability of computational models in handling
large datasets related to the environment
(Muralisankar et al., 2025). Moreover, novel ML
systems based on sparse real-time environmental
sensor data show the capability of integrating
various environmental measurements into risk
prediction frameworks (Randive et al., 2026).
Collectively, the literature supports the use of
ML for climate-sensitive ecological prediction
while indicating the need for frameworks that
translate model outputs into interpretable spatial

vulnerability categories.
Methodology

The research makes use of the
machine-learning-based spatial model in order to
assess the vulnerability of animal species both
presently and in the future under different
climatic conditions. The data on the occurrence
of the species is used in conjunction with the
climatic and environmental predictors, which
include temperature, precipitation, elevation,
vegetative cover, and land cover data. All the

data sets are geo-referenced into the same

coordinate system and resolution.

These environmental parameters will be
standardized and filtered to eliminate any
redundancy in those highly correlated predictors.
Observations will be split into training and

testing data, where the training data will be used
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to build the predictive models, while the
independent testing data will be used to evaluate
the performance of these models. Random
Forest, Support Vector Machine, and XGBoost
models will be considered due to their capacity to
identify non-linear relationships between species
presence and environmental parameters. Models
will be evaluated by accuracy, precision, recall,

F1-score, and AUC.

The future -climatic scenarios will be
considered with the use of different Shared
Socioeconomic Pathways with low, moderate,
and high emission levels. The model that will be
developed will be wused on projected
environmental scenarios to find out the future
habitat suitability. The differences between
present and projected habitat suitability will be
mapped as vulnerability classes varying from low

to very high vulnerability. The feature

importance will also be considered to determine
the environmental variables which are important
for modeling the vulnerability. The results will be

mapped with the help of GIS processing.
Results and Discussion

As revealed by the comparative analysis,
machine learning algorithms may successfully
model the complex nonlinear dependency of
species vulnerability on environment. Within the
set of considered models, XGBoost demonstrated
the best general predictive power, which was
followed by the Random Forest algorithm and
Support Vector Machine. This is probably due to
the fact that ensembles of decision structures can
better identify relationships between the
predictor variables. Model results are given in

table 1.

Table 1: Comparative Performance of Machine-Learning Models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC

Support Vector Machine 78.6 77.9 76.8 77.3 0.82
Random Forest 81.4 80.7 81.2 80.9 0.86
XGBoost 83.2 82.6 82.1 82.3 0.88

From table 1, it can be noted that XGBoost
had the highest accuracy, precision, recall, F1
score, and AUC. This means that the model was
more successful in separating appropriate and
vulnerable environmental conditions. In addition,
the relatively similar values for precision and
recall also imply balanced predictive behavior as
opposed to performance being driven by one
classification. This is in line with past studies that
have shown that ML and ensemble models have

proven useful in predicting climate-dependent
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habitats (Georgiades et al., 2023; Kim et al.,
2026).

In addition to that, there was a clear
progressive increase in the level of vulnerability
with an increase in the level of climate forcing.
In case of the low-emission scenario SSP1-2.6,
most of the regions were classified as low to
moderate vulnerability. In case of the scenario
SSP2-4.5, there was an increase in highly
vulnerable regions whereas scenario SSP5-8.5

resulted in maximum area for highly and very
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highly vulnerable regions. The scenario-wise

distribution is presented in table 2.

Table 2 shows that there is a trend towards the
increase of regions belonging to more vulnerable
because of climate

classes change. The

combination of high and very-high vulnerability

raised from 27% in the current climate to 49% in
SSP5-8.5. Such a result suggests that more
intense climatic forcing can significantly
contribute to increased exposure and decreased
vulnerable

environmental  conditions  for

organisms.

Table 2: Predicted Distribution of Vulnerability Classes Under Climate Scenarios

Climate Low Moderate High Very High
Scenario Vulnerability Vulnerability (%) Vulnerability Vulnerability (%)
(o) (o)

Current 42 31 19 8

Climate
SSP1-2.6 38 32 21 9
SSP2-4.5 31 31 26 12
SSP5-8.5 22 29 31 18

There are several similar examples related to References

changes in habitat distributions due to climatic
influences and predicted by ML and remote
sensing methods (Coro et al., 2016; Otieno et al.,
2025). The findings emphasize the value of
spatial ML predictions for identifying priority
areas where habitat protection, restoration, and
should be

climate-adaptation =~ measures

concentrated.
Conclusion

The study is successful in showing how
machine learning can be used to map the
vulnerability of animal species under different
future climate conditions. The XGBoost model
proved to be the most predictive, while the
scenario analysis revealed that with higher levels
of climate forcing, the vulnerability levels
increased. The output of the spatial analysis can

be used for identifying vulnerable habitats.
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