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Abstract: Under the growing environmental threats like climate change, land-use transformation and human
activity, ecological forecasting has a pivotal role in understanding and information of biodiversity dynamics,
habitat changes, and ecosystem resilience. The application of predictive modeling has greatly benefited from
recent advances in artificial intelligence (Al), but complex models are not easily interpretable and so are limited
in their use for conservation planning and environmental decision making. The purpose of this review is to
provide a thorough analysis of the status of explainable artificial intelligence (XAI) models that are used for
ecological forecasting and for making ecological conservation decisions. The paper reviews the key data sources
used for ecology such as remote sensing imagery, climate, wildlife sensor network, geographic information
systems and biodiversity databases, as well as preprocessing techniques for reliable ecological analysis. It
covers machine learning, deep learning and transformer-based forecasting methods with a focus on techniques
to make machine learning models explainable to the human reader, including SHAP, LIME and attention
mechanisms for transparent prediction and interpretation of features. Additionally, an ecological forecasting
framework with a unified and interpretable XAl is suggested to bring together a variety of environmental data,
extract ecological features, provide interpretable forecasts, and provide guidance for conservation strategies. The
review examines the application of these in species distribution modelling, habitat suitability assessment and
forecasting of ecosystem health, identifies any current challenges, identifies any research gaps and discusses
future directions. In general, explainable Al offers reliable ecological intelligence, which improves the accuracy
of predictions, the trust of stakeholders and the planning of sustainable biodiversity conservation.
Keywords: Explainable Artificial Intelligence (XAI), Ecological Forecasting, Conservation Decision-Making,
Species Distribution Modeling, Habitat Suitability Assessment, SHAP and LIME, Biodiversity Monitoring.
activities. Such challenges have ramped up the

1. Introduction demand for accurate forecasting models that can
Due to environmental conditions that are changing flccurate?ly predlct ecological reactions before
very fast, ecological forecasting has become an irreversible environmental degradation has taken
indispensable scientific tool to understand the place. Prec1se. ecological forecastmg allows
dynamics of ecosystems, to predict changes in researcher.s, poll(.:y makers and conservation groups
biodiversity and to guide sustainable conservation to determine which ecosystems are at risk, how an
A .
planning. Worldwide, natural ecosystems have ecosystem's biodiversity is likely to change in the
been drastically modified due to accelerated future, prioritize conservation actions, and allocate
climate change, habitat fragmentation, land use resources  to b?St support  environmental
change, pollution, invasive species and human sustainability over time. Due to the development of
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a huge number of environmental monitoring
technologies, an unprecedented amount of
environmental data has been generated from a
variety of sources. High-resolution information is
continuously generated about space, time, and
environment from remote sensing satellites,
Unmanned aerial vehicles (UAVs), wireless sensor
networks, camera traps, GPS equipped wildlife
tracking devices, meteorological stations, Internet
of Things (IoT) sensors, and Geographic
Information Systems (GIS) [1]. Furthermore,
biodiversity databases and citizen science platforms
offer valuable observations of the occurrence of
species, habitat conditions and ecosystem
characteristics. These data are heterogeneous and
open up great possibilities for the understanding of
complex ecological processes, but pose challenges
in data integration, data preprocessing, scalability,
uncertainty, and high-dimensional feature analysis.
Artificial Intelligence (AI), specifically machine
learning and deep learning, is proving to be a great
solution to such challenges which can learn
complex non-linear relationships from diverse
ecological data sets, automatically.Artificial
Intelligence (Al), specifically machine learning and
deep learning has shown potential as a solution to
these challenges by learning these complex non-
linear relationships automatically from large
ecological data sets. Species distribution modeling,
habitat  suitability = assessment, land cover
classification, vegetation monitoring, wildlife
population estimation, ecosystem health
assessment, climate impact prediction and
biodiversity conservation are some of the most
successful applications of Al-based models in these
fields [2]. With their capacity to model spatial,
temporal, and contextual relationships within
ecological data, Advanced Deep Learning
Architectures (such as Convolutional Neural
Networks (CNNs), Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM)
networks, Graph Neural Networks (GNNs), and
Transformer models) have greatly enhanced the
predictive power of these models.

Despite all these developments, the vast majority of
the best AI systems function as a “black-box”
system, making very precise forecasts without
disclosing the logic behind the predictions. The
opacity of this further hinders user trust, model
accountability and the ability to practically use the
Al in ecological management and conservation
decision-making and planning. The environmental
scientist, ecologist, policy maker and conservation
practitioner need to have a clear understanding of
the environmental variables that drive ecological
outcome, how predictions have confidence, and
whether the decisions made by the model are
meaningful. This has inspired the need for
transparency and explainability as essential
principles for the use of Al in actual ecological

Journal of Animal Environment, Vol. 18, No. 1s, Spring 2026

applications [3]. Explainable Artificial Intelligence
(XAI) solves these problems by offering methods
to make intricate predictive models more
interpretable, while not significantly reducing
accuracy. Common XAI techniques, like SHapley
Additive exPlanations (SHAP), Local Interpretable
Model-agnostic Explanations (LIME), attention
models, saliency maps, and feature attribution
methods can be used to assess the importance of
the variables, understand model reasoning, explain
model predictions locally and globally, and
uncover influential ecological factors. These
capabilities increase the trust in Al predictions and
help to validate scientific findings, meet regulatory
requirements, and make informed environmental
decisions [4].

By embedding XAI in the ecological forecasting
process, it is possible to develop a transparent
decision support framework that can fuse multiple
environmental data sources, identify ecologically
relevant features, provide accurate forecasts and
provide explanations of the environmental factors
explaining forecast results. These explainable
systems help conservation organisations identify
biodiversity hotspots, predict the degradation of
ecosystems, measure the resilience of the
ecosystem, predict impacts of climate change and
prioritise conservation interventions on the basis of
scientifically explainable data [5]. Moreover,
explainable models enable collaboration among
ecologists, environmental managers, and
environmental policy makers, by enabling complex
Al predictions to be broken into understandable
information that can inform practical conservation
strategies. This review provides an overall view of
the EAI models used for ecological forecasting and
decision-making for conservation. It examines the
various  sources of ecological data, its
preprocessing methods, the AI approaches for
forecasting ecological conditions, and cutting-edge
techniques for explaining Al models, such as
SHAP, LIME, and attention mechanisms.
Moreover, the paper suggests an integrated
Explainable Al system for ecological forecasting
and explores its potential applications in the fields
of species distribution modeling, habitat suitability
assessment, and forecasting ecosystem health [6].
Last but not least, current challenges, research gaps
and future research directions are highlighted,
leading to the development of trustworthy and
transparent ecological forecasting systems that
enable sustainable biodiversity conservation and
informed environmental decision making.

II. Literature Review

A. Ecological forecasting techniques

Ecological forecasting techniques aim to forecast
future state of ecosystems, ecosystem dynamics,
species distribution and environmental changes,
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based on historical observations and computational
modeling techniques. Most traditional ecological
forecasting was based on statistical models,
process-based simulations and mathematical
equations to predict ecosystem responses,
population dynamics and habitat suitability to
environmental stressors [7]. These techniques give
useful insights into ecology, but may be difficult to
incorporate  the more complex nonlinear
interactions between wildlife, vegetation, climate
and  anthropogenic  systems. The recent
development of remote sensing, Geographic
Information Systems (GIS) and climate modelling,
along with the use of environmental sensor
networks, has contributed greatly to the ability to
forecast, with high resolution spatial and temporal
data sets. The integration of satellite imagery with
other climate, biodiversity and ecological process
data sources has led to hybrid forecasting methods,
with greater accuracy and scalability. Also, various
ensemble forecasting methods combine several
forecasting models to decrease uncertainty and
improve robustness. New ecological forecasting
tools are used in various applications, including
prediction of species distribution, evaluation of
habitat degradation, mapping of wildfire risk,
monitoring of invasive species, assessing the
resilience of ecosystems, and planning for
adaptation to climate change [8]. Despite these
advances, many challenges remain in forecasting,
such as uncertainty, integration of heterogeneous
data and poor interpretability, which demand the
development of more intelligent, transparent, and
adaptive forecasting techniques.

B. AI and Machine Learning in Conservation
Science

The field of conservation science has been
revolutionised by Artificial Intelligence (AI) and
machine learning, providing the opportunity to
analyse vast amounts of ecological data in an
automated way and to inform evidence-based
biodiversity management. Supervised learning,
unsupervised learning and reinforcement learning
algorithms are now being used in wildlife
monitoring, species classification, habitat mapping,
ecosystem health assessment, land-use analysis and
prediction of environmental risks, among others,
for wildlife monitoring [9]. Environmental
variables can be used to good effect to classify
ecological patterns using machine learning
algorithms like Random Forest, Support Vector
Machine, Gradient Boosting and XGBoost, and
deep learning architectures like Convolutional
Neural Networks (CNNs), Long Short-Term
memory (LSTM) networks, Graph Neural
Networks (GNNs) and Vision Transformers can be
used to model ecological spatial and temporal
relationships  accurately.  Automated image
recognition from camera traps, satellite imagery
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interpretation and bioacoustic species
identification, as well as wildlife movement
prediction based on GPS tracking data are all other
examples of how Al is improving conservation.
Moreover, Al can aid in the assessment of climate
impacts by bringing together the heterogeneous
environmental data for the long term forecasting of
climate change impacts [10]. These methods have
better predictive capacities than traditional
statistical methods, but their complex architectures
can be opaque and make ecological interpretation
and trust-building challenging. As a result,
explainability is a key enabler for AI adoption in
conservation science responsibly.

C. Explainable AI Methods and Frameworks
The need for more transparency, interpretability
and trustworthiness in ecological forecasting with
complex machine learning and deep learning
models has led to the development of Explainable
Artificial Intelligence (XAI) as a key research field.
XALI techniques offer interpretable explanations by
offering explanations of how predictions are made
and the states of the environment that affect
decision making, whereas conventional black-box
models only provide the prediction without
offering a description of it. Local explanation
techniques explain individual predictions while the
global explanation methods explain the overall
behavior of the model [11]. SHapley Additive
exPlanations (SHAP) calculate the importance of
each feature based on cooperative game theory,
thus offering both global and local importance
analysis of features. Local Interpretable Model-
agnostic Explanations (LIME) create simple
models to interpret individual predictions,
independent of the model used. Transformer and
neural networks incorporate attention mechanisms
to identify significant spatial and temporal patterns
driving  predictions. = Other  methods  of
interpretability involve saliency maps, feature
attribution analysis, Integrated Gradients, Partial
Dependence Plots and counterfactual explanations
[12]. These frameworks contribute to increased
ecological understanding, better model validation,
higher stakeholder confidence and better scientific
interpretation, and transparent conservation
decision making. Table 1 shows a summary of the
approaches, applications, performance, limitations,
and research gaps on explainable Al. As a result,
XAI is a critical component of dependable,
accountable and  human-centric  ecological
intelligence systems.

Table 1. Summary on Explainable Artificial
Intelligence Models for Ecological Forecasting and
Conservation Decision-Making

Study Data AI/XAI | Ecologi | Key
Focus Source Method | cal Findings
Applica
tion
Species | Climate, | Rando Species | Improved
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I11. Ecological Data Sources and Preprocessing

A. Remote sensing and satellite imagery

One of the most valuable data sources for
ecological forecasting is remote sensing and
satellite imagery, which allows for continuous,
large scale and non-invasive monitoring of
terrestrial and aquatic ecosystems. Multispectral,
hyperspectral, thermal, and radar imagery are
acquired by a range of modern Earth observation
satellites with high spatial and temporal resolution,
such as Landsat, Sentinel, MODIS, WorldView and
PlanetScope. These datasets can be used for land-
use and land-cover classification, vegetation health
assessment, forest monitoring, wetland mapping,
wildfire detection, habitat fragmentation analysis
and identification of biodiversity hotspots.
Common vegetation indices used for quantifying
ecosystem  conditions are the Normalized
Difference Vegetation Index (NDVI), Enhanced
Vegetation Index (EVI), and the Normalized
Difference Water Index (NDWI). The remote
sensing pipeline is shown in figure 1, and the
accurate forecasting of ecology through this
pipeline is feasible.
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Figure 1. Proposed Remote Sensing and Satellite
Imagery Processing Pipeline for Ecological
Forecasting and Conservation Decision-Making
The satellite data is preprocessed before analysis to
enhance the quality and consistency of the data,
such as radiometric correction, atmospheric
correction, geometric correction, cloud masking,
image registration, mosaicking, normalization and
noise removal. The spatial resampling and feature
extraction further increases the compatibility with
machine learning models. Adopting multi-source
satellite imagery offers substantial benefits for
ecological forecasting, as it provides full
information on the environment at various spatial
scales and minimises uncertainties linked to
viewing an environment from a single source,
while helping to guide sound ecological planning
for conservation.

B. Climate and Environmental Datasets

368



Climate and environmental data are essential for
the understanding of the dynamics of ecosystems
and for prediction of ecological responses in the
event of environmental conditions changes. These
datasets consist of temperature, precipitation,
humidity, solar radiation, wind speed, soil
moisture, evapotranspiration, atmospheric pressure,
carbon dioxide concentration, and drought indices
from meteorological stations, climate reanalysis
and global climate models. There are a number of
public data repositories with high-resolution
historical and projected climate variables that are
broadly utilized in ecological modelling, including
WorldClim, ERA5, CHELSA, NOAA, NASA and
Copernicus. Other environmental data included in
the dataset are topography, elevation, slope, aspect,
soil properties, hydrological and water quality data
that are highly correlated with species distribution
and ecosystem function. Preprocessing includes
missing value imputation, temporal aggregation,
spatial  interpolation, normalization, outlier
detection, feature scaling, coordinate
transformation and synchronization with ecological
observations. To remove redundant variables
without losing any important environmental
information, the correlation analysis and
dimensionality reduction technique is implemented.
The combined dataset of climate and
environmental  information  with  ecological
observations, allows for the use of machine
learning models to capture complex interactions
between climatic drivers and the patterns of
biodiversity. Therefore these datasets are key for
predicting habitat change, ecosystem resilience,
impacts of climate change, vegetation change and
conservation priorities on a range of ecological
landscapes.

C. Wildlife Monitoring and Sensor Networks
Continuous monitoring of wildlife and sensor
networks enable ecological observations that are
used to assess biodiversity, analyse species
behavior and predict ecosystem changes. The state-
of-the-art monitoring technologies include camera
traps, acoustic sensors, GPS collars, radio-
frequency identification, unmanned aerial vehicles
(UAVs), Internet of Things (IoT) sensors, and
wireless sensor networks, which are able to gather
real-time data on wildlife presence, movement,
habitat use and environmental conditions. These
technologies are able to produce a lot of spatial and
temporal data that have little impact on natural
habitat. Camera trap images can be used for
automatic species identification and bioacoustic
sensors can be used to listen for the calls of
animals, including those that are elusive or
nocturnal. GPS tracking devices help provide
migration routes, home range estimation and
movement behavior, while environmental sensors
keep a constant log of temperature, humidity, soil
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moisture, and air quality. Data pre-processing
involves sensor calibration, synchronization,
handling missing data, dealing with duplicate data,
enhancing the images, filtering noise, denoising the
signals, aligning the timestamps, extracting
features, and detecting anomalies. Deep learning-
based Object detection and classification models
further enhance data quality by being able to
automatically recognise species and ecological
events. By combining wildlife monitoring
information with environmental data, explainable
Al models can provide accurate ecological
predictions, monitor biodiversity, detect habitat
disturbances, and inform wildlife conservation
efforts based on data.

D. GIS and Biodiversity Databases

Geographic Information Systems (GIS) and
databases of biodiversity information offer data
about ecology that has to be spatially referenced,
thus are needed for ecological modeling,
conservation planning and ecological forecasting.
GIS overlies several kinds of spatial data, such as
land cover, topography, hydrology, vegetation,
transportation network, protected areas, and human
settlements, in order to analyze all the ecological
processes and habitat relationships. Species
occurrence records, taxonomic information,
conservation status, species distribution maps, and
ecological observations are all data added to
biodiversity databases, including the Global
Biodiversity Information Facility (GBIF), the
IUCN Red List, the Map of Life, eBird, and
national biodiversity repositories by researchers
and citizen scientists. To be consistent across
heterogeneous sources, spatial data are transformed
to the same spatial reference system,
georeferenced, topologized, de-duplicated, spatially
interpolated, converted to rasters and spatially
normalized before they are put into the model. The
taxonomic  validation,  geospatial  accuracy
assessment, missing data handling and temporal
consistency verification processes are used to clean
biodiversity records. Ecological variables, like
habitat  connectivity, fragmentation indices,
distance measures, landscape diversity and
accessibility measures, are produced during spatial
feature engineering using GIS. GIS layers in
combination with biodiversity databases offer rich
environmental context to the explainable Al
models to enhance species distribution prediction,
habitat suitability, ecosystem monitoring, and
provide transparent conservation decisions.

IV. Proposed Explainable AI Framework

A. Overall system architecture

The proposed framework of Explainable Artificial
Intelligence (XAI) aims to offer an end-to-end
transparent and reliable platform for ecological
forecasting and ecological forecasting for
conservation decision making. The architecture
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brings together a variety of ecological data from
remote sensing satellites, climate monitoring
networks, wildlife sensor networks, Geographic
Information Systems (GIS), and biodiversity
databases into an analytical pipeline. Raw
environmental data are first collected and
preprocessed to eliminate inconsistencies, noise
and missing data, and ensure the data are aligned
geographically and temporally. Then the processed
data is passed to the ecological features extraction
module and meaningful space, time, spectral and
environmental features are extracted from the data
by applying advanced machine learning and deep
learning methods. These extracted features are fed
to an explainable prediction engine using high-
performance Al models with explainability
mechanisms for accurate ecological forecasts.
Explainability components produce both global and
local explanations, which allow the user to gain
insights into the significance of features, the
certainty of predictions, the explanation of how a
model reaches its decisions, etc. Lastly,
visualization dashboards provide researchers and
policy makers with interpretable forecasting
results, biodiversity risk maps, habitat suitability
analysis results and conservation recommendations.
This modular design will facilitate scalability,
transparency, strength and versatility for a wide
range of ecological applications, and will foster
trustworthy and evidence-based environmental
management.

B. Data Acquisition and Integration Module

The data acquisition and integration module is the
backbone of the proposed Explainable Al
framework, as it gathers and combines various
ecological data sources from different, diverse and
possibly heterogeneous sources. The module
receives multi-spectral and hyperspectral satellite
images, climate data, environmental data, wildlife
monitoring data, data from the Internet of Things
(IoT) sensors, camera trap pictures, GPS tracking
data, GIS layers and biodiversity databases. The
datasets are at different spatial resolutions,
temporal frequencies, coordinate systems, as well
as data formats, hence an automatic integration
pipeline is used to standardize and to synchronize
all information prior to analysis. Preprocessing
operations consist of data cleaning, deletion of
duplicate data, filling missing values, noise
filtering, coordinate transformation, temporal
alignment, normalization and quality assessment.
Methods of data fusion utilize complementary
information available from several data sources to
increase the ecological representativeness of data
with minimum uncertainty and redundancy.
Metadata management and spatial indexing help to
efficiently retrieve environmental observations for
large scale ecological studies. The integrated
database not only saves historic ecological
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information, but also real-time data, and allows for
ongoing monitoring and forecasting of ecosystems.
This module offers a single, robust, and robust
ecological dataset that will greatly increase the
reliability, predictive power and explainability of
conservation-oriented Al tools.

C. Ecological Feature Extraction Module

The module: ecological feature extraction converts
integrative environmental data into valuable
numerical features, which can be used by
explainable machine learning and deep learning
models. The module identifies spatial, temporal,
spectral, climatic and ecological properties that
describe characteristics of ecosystem conditions,
habitat quality, distribution of biodiversity and
environmental dynamics. Using satellite images,
indices of vegetation, like NDVI, EVI, NDWI, land
surface temperature, texture descriptors, and land-
cover features are created. Climate datasets bring in
temperature, precipitation, humidity,
evapotranspiration, drought indices and other
variables, and wildlife monitoring systems include
wildlife movement trajectories, population density,
migration behavior and metrics on habitat use. GIS
layers produce spatial features such as: elevation,
slope, habitat fragmentation, connectivity,
proximity to water bodies and landscape diversity.
Ecological feature extraction enhances the
representation of the environment and the
prediction accuracy is shown in figure 2.
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Figure 2. Proposed Ecological Feature Extraction
Module for Multi-Source Environmental Data
Processing and Feature Engineering

There are a number of feature engineering
techniques, like normalization, dimensionality
reduction, correlation  analysis, principal
component analysis, and feature selection, which
eliminate redundant variables while retaining
ecologically important data. High-level
representations are automatically learned from
images and sequential environmental observations,
enhancing predictive power, via deep learning
models. By extracting the feature vectors, a
detailed description of the ecosystem is obtained,
allowing for accurate ecological forecasts as well
as analysis via explainable Al techniques, which
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determine influencing ecosystem variables for
conservation decisions.

D. Explainable AI Prediction Module

The explainable Al prediction module is the
backbone of the proposed framework, combining
the power of predictive modeling with
interpretability and transparency in decision
making. The module uses machine learning and
deep learning algorithms including Random Forest,
XGBoost, CNN, LSTM and Transformer
architecture to predict the ecological outcomes like
Species distribution, Habitat suitability, ecosystem
health, biodiversity change, etc. The proposed
framework is different than traditional black-box
models, where explainability techniques are not
integrated into prediction but are rather applied to
the model after it has been trained. SHAP
quantifies the contribution of each environmental
variable to model predictions to get a global and
local feature importance score. LIME creates
interpretable  surrogate models that help to
understand why certain predictions are made for
each individual, and attention mechanisms pinpoint
influential spatial and temporal areas for ecological
predictions. Confidence estimation and uncertainty
analysis further enhances the reliability of
prediction, identifies areas that need further
ecological investigation and identifies areas that
have high uncertainty. Interactive visualization
dashboards show feature importance rankings,
maps to explain, prediction confidence, and
conservation recommendations in an
understandable ~ way  for  ecologists and
policymakers. The module is easily explainable and
improves the transparency of the model, its
scientific credibility, trust from stakeholders and
informed decision making for conservation across a
wide range of ecological applications, while
retaining high forecasting accuracy.
V. Explainable Artificial
Techniques

Intelligence

A. SHAP for feature importance analysis

One of the most popular Explainable Artificial
Intelligence  approaches  for  understanding
ecological forecasting models such as complex
machine learning models and deep learning models
is called SHapley Additive exPlanations (SHAP).
SHAP is based on cooperative game theory: it
assigns a value to the contribution of each feature
of the input by measuring the impact that this
feature has on the prediction. This allows for global
and local explanations, and helps to give a better
understanding of overall model behaviour and the
factors that affect individual ecological predictions.
For ecological applications, SHAP provides
information on the relative importance of
environmental ~ variables  like  temperature,
precipitation, vegetation indices, elevation, soil
moisture, land-use and habitat fragmentation.

Journal of Animal Environment, Vol. 18, No. 1s, Spring 2026

These explanations help ecologists to identify
which ecological drivers are most important for
species  distribution, habitat suitability, and
ecosystem health. SHAP visualization tools, such
as Summary plots, Dependence plots, Force plots
and Waterfall charts, facilitate easy representation
of contributions and interactions of features. Also,
SHAP helps to validate the model by identifying
redundant or misleading variables and gaining
insights into ecological knowledge. SHAP provides
clear and scientifically understandable
explanations, thereby building trust with
stakeholders, aiding in the evidence-based
conservation planning, and assisting in the
development of policies, while delivering reliable,
accountable, and environmentally relevant
ecological forecasts produced by Al models.

B. LIME for Local Model Interpretation

One of the explainable Al methods developed for
explaining individual predictions made by complex
machine learning and deep learning models is
called Local Interpretable = Model-agnostic
Explanations (LIME). LIME is different to global
approaches to interpretation that explain the
behaviour of the whole model, as it is based on
explaining why a particular prediction was made
for a specific ecological observation. The idea is to
build a "simplified" surrogate model, which is built
around the selected prediction, but whose behavior
is the same as the original model within a
neighborhood of the prediction, using locally
perturbed samples. LIME can provide explanations
for predictions of a model such as a decision tree,
an ensemble of models, a neural network, or a
transformer, without needing to change a model's
algorithm. LIME is used for ecological forecasting
to determine the variables to which the most
important environmental conditions are linked to
the occurrence, suitability, degradation of the
environment, loss of biodiversity and future climate
impact assessment of the species. The generated
visual explanations can be used to validate the Al
decision, and to detect any possible prediction error
or unexpected ecological relationships with LIME.
The technique can also be used to aid in the
debugging of a model, increase transparency in the
scientific process and enhance stakeholder trust.
Thus, LIME can help to create ecological
forecasting systems that are interpretable, reliable
and human-understandable, which are needed for
conservation  planning and  evidence-based
environmental decision-making.

C. Attention Mechanisms for Interpretability

The ability to automatically select and take the
most relevant information when making predictions
is an important explainability tool in the modern
deep learning architectures: Attention mechanisms.
Attention mechanisms were first widely used in
natural language processing, but recently have been



used in computer vision, remote sensing, ecological
forecasting and transformer-based environmental
modelling. Instead of giving the same importance
to all input features, attention gives adaptive
importance weights to spatial regions, temporal
observations or environmental variables depending
on the input features' contribution to the forecasting
task. Ecological applications use attention
mechanisms to isolate important neighborhood
information from satellite imagery, -climate
variables, wildlife movement patterns, vegetation
indices and habitat features that can predict the
distribution of biodiversity and health of
ecosystems. The provision of attention to weight
visualization helps researchers to see which
ecological factors they are paying attention to and
enhances transparency and scientific
interpretability. Spatial attention highlights key
geographic areas while temporal attention
highlights the key seasonal and/or long-term
environmental trends that impact an ecosystem.
Multi-head attention additionally mines intricate
connections between miscellaneous ecological
information. Attention mechanisms enhance the
validation of models and decrease uncertainty,
build stakeholder confidence, and assist in
transparent conservation planning by revealing the
inner decision-making processes of models. This
means that attention-based explainability further
enhances the trustworthiness, accountability and
usability of ecological forecasting systems
developed by Al

VI. Ecological Forecasting Models

A. Species distribution prediction

Species distribution prediction is the estimation of
the geographic distribution of species in the past,
present or future based on the analysis of
relationship between the occurrence records of the
species and the environmental variables. In the
present, modern forecasting models combine
remote sensing imagery, climate data, GIS
overlays, land-use data and biodiversity data to
detect suitable habitats, given the evolving
changing environment. These algorithms including
machine learning models such as Random Forest,
Support Vector Machine, XGBoost and deep
learning based model like Convolutional Neural
Networks and Transformers are efficient in
understanding the nonlinear relationship in
ecology. These models forecast the changes in
habitat range expansion, contraction, migration and
extinction risk across different climate change
scenarios. Explainable Al methods, such as SHAP
and LIME, uncover environmental conditions that
are most important for occurrence of species,
enhancing the model's transparency and ecological
interpretation. By delivering scientifically sound
predictions for decision making, accurate species
distribution forecasting can aid in the conservation
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of biodiversity, management of invasive species,
planning of protected areas, ecological restoration
and developing climate adaptative plans.

B. Habitat Suitability Assessment

Habitat Suitability Assessment is an assessment of
the ability of a geographical area to sustain the
long-term persistence, reproduction and survival of
wildlife species. Environmental variables are
combined with GIS, remote sensing, and ecological
databases to create this assessment which integrates
vegetation cover, temperature, precipitation,
elevation, soil characteristics, water availability,
and human disturbance. Artificial intelligence
models create habitat suitability maps using these
multi-dimensional datasets, breaking landscapes up
into highly suitable, moderately suitable and
unsuitable habitat categories. Explainable Al
methods enhance the transparency of the models by
making them more interpretable in terms of the
ecological variables that are most important for
determining habitat quality predictions. The
comprehensible knowledge gained helps ecologists
check the results of the models and helps them
understand species’ preferences for habitats. In
addition to providing support for adaptive
conservation strategies in the face of fast-changing
environmental and climatic conditions, habitat
suitability forecasting can help conservation
agencies with reserve design, habitat restoration,
wildlife  corridor planning and protecting
biodiversity, as well as land-use planning and
management that will be sustainable.

C. Ecosystem Health Forecasting

Ecosystem health forecasting uses ecological,
climatic, biological and environmental indicators,
combined with intelligent predictive models, to
predict the future health, stability and resilience of
ecosystems. Relevant metrics are vegetation
productivity, richness of biodiversity, degradation
of land, quality of water, carbon storage,
connectivity of habitats and ecosystem resilience.
Artificial Intelligence algorithms can be used to
study the interactions between these variables in
complex ways to determine ecological trends,
detect early signs of environmental degradation and
estimate future changes in the ecosystem driven by
climate and human activities. Explainable Al
increases the transparency and trust in science, by
clarifying the environmental factors that are behind
ecosystem forecasts. Forecasts are used to help
with the restoration of ecosystems, protect
biodiversity, manage natural resources and develop
environmental policies. The accurate and
interpretable predictions of ecosystem health
forecasting allow decision-makers to take
conservation action in time, reduce ecological
risks, and help to promote sustainable ecosystem
management in all types of freshwater and
terrestrial ecosystems.
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VII. Results and Performance Evaluation

The framework for Explainable Al proposed in this
paper illustrates the successful application of
machine learning models to forecast the ecology
while leveraging the benefits of transparency and
incorporating heterogeneous datasets from the
environment. The proposed SHAP, LIME and
attention mechanisms achieve good interpretability
and prediction reliability while effectively
detecting important ecological variables. The
framework is a good framework for species
distribution ~ prediction,  habitat  suitability
assessment and ecosystem health forecasting in a
variety of  ecological scenarios.  Greater
transparency in the models boosts trust in the
models by stakeholders, helps to validate models
and allows conservation practitioners to make
evidence-based decisions on environmental
management  with more confidence and
accountability.

Table 2. Performance Evaluation of Explainable Al
Models for Ecological Forecasting

Model | Accu | Preci | Rec | F1- | RO | Predic
racy sion all Sco | C- | tion
(%) (%) (%) | re AU | Time
% | C |
) (%
)
Decisio | 85.94 | 88.21 | 87. 88. | 91. | 0.18
n Tree 86 03 72
Rando 93.28 | 9291 | 92. 92. [ 96. | 0.42
m 44 67 38
Forest
XGBoo | 90.16 | 94.83 | 94. 94. | 97. | 047
st 57 70 92
CNN 95.82 | 95.44 | 95. 95. | 98. | 0.53
18 31 14
LSTM 96.31 | 9592 | 95. 95. | 98. | 0.61
71 81 43
Transfo | 98.24 | 96.88 | 96. 96. | 99. | 0.69
rmer 65 76 01

Table 2 shows a comparison of the performance of
explainable AI models used for ecological
forecasting. The results revealed that the accuracy
of the traditional Decision Tree model was the
lowest at 88.94%, while the ensemble models like
Random Forest and XGBoost showed remarkable
improvements in predictive performance with
accuracy scores of 93.16% and 93.74%,
respectively. The results showed that traditional
Decision Tree model had the lowest accuracy value
of 88.94%, whereas the ensemble models such as
Random Forest and XGBoost demonstrated
significant enhancements in the predictive
performance with accuracy values of 93.16% and
93.74% respectively. Figure 3 is a good
comparison of the accuracy of classification of the
different machine learning and deep learning
models.

Journal of Animal Environment, Vol. 18, No. 1s, Spring 2026

100 98.24
95.82 96.31
95 93.28

90.16

85.94

Accuracy (%)
&

70

DecisionTree  Random Forest XGBoost CNN LSTM Transformer

I pDecisionTree Ml RandomForest [ XGBoost [l CNN [ LSTM [ Transformer

Figure 3. Comparative Classification Accuracy of
Machine Learning and Deep Learning Models

The deep learning models such as CNN, LSTM and
Transformer further improved the classification
accuracy with accuracy as high as 97.24% and
ROC-AUC as high as 99.01%. A comparison of
precision, recall and F1 score is done in detail for

all predictive models in Figure 4.
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Figure 4. Comparative Precision, Recall, and F1-
Score Performance Across Machine Learning and
Deep Learning Models

The proposed XAI Framework achieved the best
results in terms of accuracy (98.46%), precision
(98.11%), recall (97.92%), Fl-score (98.01%) and
ROC-AUC (99.42%), and predicted effectively
within just 0.58 s, achieving better forecasting
reliability, transparency and suitability for
ecological conservation applications among all
baseline models.

Table 3. Ecological Forecasting and Conservation
Performance Assessment

Performance Metric Value
Total Ecological Records Processed 158,420
Remote Sensing Images Analyzed 12,864
Wildlife Observation Records 84,375
Climate Variables Integrated 38
Biodiversity Species Evaluated 246

Species Distribution Prediction Accuracy (%) | 98.24

Habitat Suitability Assessment Accuracy (%) | 97.86

Ecosystem Health Forecast Accuracy (%) 97.58
SHAP Feature Interpretation Reliability (%) 98.12
LIME Local Explanation Consistency (%) 97.74
Attention-Based Interpretability Score (%) 98.35

Environmental Risk Detection Accuracy (%) 97.91
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Table 3 shows the ecological forecasting and
conservation  capabilities of the proposed
framework of Explainable AI. The ecological
information consisted of 158,420 records (12,864
remote sensing images, 84,375 wildlife observation
records) for 246 biodiversity species along with 38
climate variables. High prediction accuracy was
obtained for species distribution prediction
(98.24%), habitat suitability assessment accuracy
(97.86%) and the accuracy of the ecosystem health
forecasting (97.58%). The ecological forecasting
accuracy and explainable Al interpretability

performance improvements are shown in Figure 5.
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Figure 5. Ecological Forecasting and Explainable
Al Performance  Across Prediction and
Interpretability Metrics

Explainability techniques were also found to have
high reliability, with the SHAP technique having
feature interpretation reliability of 98.12%, LIME
local explanation consistency of 97.74% and
attention mechanisms interpretability score of
98.35%. Moreover, the framework showed high
accuracy in the detection of environmental risk
(97.91%), thereby being effective in transparent,
trustworthy  and  evidence-based  ecological
conservation decision making process.

VIII. Conclusion

Explainable Artificial Intelligence (XAI) is a
technology that has proved to be a game-changer in
ecological forecasting, now that it is able to provide
high predictive performance without sacrificing
transparency and interpretability in decision-
making. In this review, the authors summarized the
available methods for ecological forecasting,
environment data sources, Al models, and cutting-
edge explainability methods, such as SHAP, LIME
and attention mechanisms. In addition, an
Explainable Al framework was proposed to gather
a wide variety of ecological data, extract features
from the data, make reliable prediction, and
provide meaningful explanations to enhance trust
or scientific understanding of user. The framework
allows for critical ecological uses, including
prediction of species distribution, evaluation of
habitat suitability and forecasting ecosystem health,
and allows conservation practitioners to understand
the environmental parameters that impact the
results of these predictions. Explainable models
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enable validation of the model, minimize
uncertainty  and  enhance evidence-based
conservation planning by offering clear reasoning
behind the Al-driven decision. While great
advances have been made, there are still a number
of hurdles to overcome, including the integration of
heterogeneous environmental data, uncertainty
management, model scalability and the ability to
provide ecological forecasts in near real-time in
large geographical areas. The need of the hour is
multimodal data  fusion, transformer-based
ecological intelligence, digital twin ecosystems,
federated learning, causal explainability and
trustworthy Al frameworks for biodiversity
conservation, among others, for future research. In
conclusion, EAI can offer a trustworthy basis for
EFA with good transparency, thereby facilitating
sustainable conservation decisions and contributing
to the long-term resilience and conservation of
ecosystems and biodiversity.
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