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Abstract—Climate change and environmental variability in-
creasingly affect human health, particularly in agro-ecosystems
exposed to fluctuating air quality and climatic conditions. Al-
though recent advances in artificial intelligence have improved
environmental risk prediction, many existing approaches operate
as black-box systems and provide limited support for trans-
parent decision-making and actionable interventions. This study
presents an explainable hybrid artificial intelligence framework
for climate-driven environmental health risk prediction. The
proposed framework integrates environmental monitoring data,
including Air Quality Index (AQI), temperature, and humidity
measurements collected from publicly available environmental
sources, with ensemble machine learning models (Random Forest,
XGBoost, and LightGBM), SHAP-based explainability, and a
Retrieval-Augmented Generation (RAG) module. Unlike con-
ventional prediction systems, the proposed approach combines
interpretable machine learning with evidence-grounded recom-
mendation generation to enhance both transparency and practical
usability. Experimental results indicate that XGBoost achieves
the highest predictive performance, reaching an accuracy of 0.88
and an AUC of 0.91. SHAP analysis identifies AQI as the most
influential factor affecting environmental health risk, followed by
temperature and humidity. Furthermore, the RAG module was
evaluated in terms of retrieval relevance and recommendation
consistency, demonstrating its ability to generate context-aware
recommendations supported by scientific knowledge sources.
The proposed framework extends existing environmental health
prediction approaches by jointly integrating predictive modeling,
explainability, and knowledge-driven reasoning within a unified
decision-support system. The results highlight its potential for
supporting proactive environmental health management and
climate-resilient decision-making in agro-ecosystems.
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I. INTRODUCTION

Climate change, environmental degradation, and air pol-
lution are increasingly recognized as major global challenges
affecting both ecosystem sustainability and human well-being.
Environmental exposure to poor air quality, extreme temper-
atures, and adverse climatic conditions has been associated
with respiratory diseases, cardiovascular disorders, heat-related
illnesses, and premature mortality [1], [2], [3]. According to
recent studies, the combined effects of climate change and
environmental pollution disproportionately affect vulnerable
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populations and place additional pressure on healthcare sys-
tems worldwide [25], [26], [27], [28], [29]. Consequently,
the development of intelligent systems capable of monitoring
environmental conditions and assessing potential health risks
has become an important research priority.

The rapid expansion of environmental monitoring infras-
tructures, Internet of Things (IoT) technologies, web-based
Application Programming Interfaces (APIs), and remote sens-
ing platforms has generated large volumes of environmental
data. These data sources provide continuous observations of
air quality, meteorological conditions, and environmental in-
dicators that can support data-driven environmental analysis
and decision-making. In recent years, machine learning and
deep learning techniques have demonstrated considerable suc-
cess in environmental monitoring, air quality forecasting, and
pollution prediction [4], [5], [9], [6]. Comprehensive reviews
have confirmed the growing adoption of artificial intelligence
techniques in environmental forecasting applications [7], [8],
[16], [36]. In particular, ensemble learning methods such as
Random Forest [12], XGBoost [10], and LightGBM [11]
have achieved strong predictive performance when applied to
structured environmental datasets.

Despite these advances, many environmental prediction
models operate as black-box systems, limiting their inter-
pretability and practical adoption in critical decision-support
scenarios. This challenge has motivated increasing interest
in Explainable Artificial Intelligence (XAI), which aims to
provide transparent explanations of model behavior. Among
existing explainability techniques, SHAP (SHapley Additive
exPlanations) has emerged as one of the most widely adopted
methods for interpreting machine learning predictions [13].
Recent studies have demonstrated the importance of explain-
ability in both environmental and healthcare applications [18],
[33], [34], [32], [45]. By quantifying feature contributions,
explainable models can improve transparency, trustworthiness,
and user acceptance.

Environmental conditions are inherently dynamic and
evolve continuously over time. Consequently, temporal mod-
eling has become an important component of environmen-
tal prediction systems. Recent studies have proposed ad-
vanced forecasting architectures, including Temporal Fusion
Transformers [14], Bi-GRU-based air quality prediction mod-
els [17], hybrid decomposition-LSTM frameworks [19], graph-
enhanced forecasting systems [41], and hybrid environmental
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forecasting approaches [35]. These methods demonstrate the
value of incorporating temporal dependencies into environ-
mental monitoring systems to improve forecasting accuracy
and anticipation of future environmental conditions.

More recently, Retrieval-Augmented Generation (RAG)
has emerged as a promising paradigm for integrating ex-
ternal knowledge into intelligent systems [15]. By combin-
ing information retrieval with generative language models,
RAG enables the production of context-aware and evidence-
grounded outputs. Subsequent studies have expanded RAG
toward graph-based retrieval systems [20], personalized recom-
mendation frameworks [38], and domain-specific knowledge-
enhanced applications [21], [37], [39]. However, despite the
rapid development of RAG technologies, their application to
environmental health assessment and environmental decision-
support systems remains relatively unexplored.

Artificial intelligence has also become an important driver
of innovation in agriculture and agro-ecosystems. IoT-enabled
monitoring systems, machine learning models, and intelligent
decision-support platforms have been applied to crop moni-
toring, yield prediction, irrigation management, and precision
agriculture [22], [40], [23]. Nevertheless, most existing agri-
cultural intelligence systems focus primarily on productivity
and resource optimization, while the interaction between en-
vironmental conditions, climate variability, and environmental
health risks remains insufficiently investigated.

Despite substantial progress in environmental prediction,
explainable AI, temporal forecasting, and knowledge-enhanced
systems, existing approaches remain fragmented. Most studies
focus on a single aspect of the decision-making process,
such as predictive accuracy, explainability, forecasting, or rec-
ommendation generation. Furthermore, relatively few studies
have explored how environmental exposure indicators can be
combined with explainable artificial intelligence and scientific
knowledge retrieval to support environmental health risk as-
sessment in climate-sensitive agro-ecosystems.

It is important to emphasize that the objective of this
work is not to predict clinical diagnoses or individual health
outcomes. Instead, the proposed framework aims to assess en-
vironmental health risk levels based on environmental exposure
indicators, including air quality, temperature, and humidity.
The generated risk categories should therefore be interpreted
as environmental exposure risk levels designed to support
environmental monitoring and decision-making rather than as
medical diagnoses. To address these challenges, this study
proposes an explainable hybrid artificial intelligence frame-
work for climate-driven environmental health risk assessment
in agro-ecosystems. The proposed framework integrates en-
semble machine learning models, SHAP-based explainability,
temporal environmental analysis, and a Retrieval-Augmented
Generation (RAG) module within a unified decision-support
architecture. By combining predictive analytics, explainable
AI, and knowledge-driven recommendation generation, the
framework provides transparent, interpretable, and evidence-
based environmental health assessments.

The main contributions of this work are summarized as
follows:

• A hybrid AI framework integrating machine learning,
explainable AI, temporal analysis, and knowledge-

based reasoning for environmental health risk assess-
ment.

• The application of SHAP to provide transparent and
interpretable explanations of environmental health risk
assessments.

• The integration of a Retrieval-Augmented Genera-
tion module that transforms predictive outputs into
evidence-based and context-aware recommendations.

• A unified climate-aware decision-support system for
environmental health monitoring in agro-ecosystems.

The remainder of this study is organized as follows: Sec-
tion II reviews related work on environmental health assess-
ment, explainable artificial intelligence, temporal forecasting,
and Retrieval-Augmented Generation. Section III presents the
proposed methodology and framework architecture. Section IV
describes the experimental setup and evaluation results. Sec-
tion V discusses the findings, limitations, and implications of
the proposed framework. Finally, Section VI concludes the
study and outlines future research directions.

II. RELATED WORK

A. Environmental Health and Climate-Related Risks

Environmental health risk assessment has become an
important research area due to the growing impact of air
pollution, climate variability, and environmental degradation
on human health. Epidemiological studies have consistently
demonstrated strong associations between environmental ex-
posure and adverse health outcomes. Lelieveld et al. [1]
reported that outdoor air pollution contributes significantly
to premature mortality worldwide, while Burnett et al. [2]
quantified the global disease burden associated with long-term
exposure to fine particulate matter. Similarly, Di et al. [3]
established a strong relationship between air pollution and
mortality across large population cohorts. More recent studies
have highlighted the combined effects of climate change,
environmental stressors, and health inequalities on vulnerable
populations and healthcare systems [25], [26], [27], [28],
[29]. These findings emphasize the need for intelligent and
proactive environmental health monitoring systems capable of
supporting risk assessment and decision-making.

B. Machine Learning for Environmental Prediction

Artificial intelligence has significantly improved environ-
mental monitoring and forecasting capabilities. Deep learning
models have demonstrated strong performance in modeling
complex environmental processes and air quality dynamics.
Li et al. [4], Mao et al. [5], and Bekkar et al. [9] showed the
effectiveness of neural-network-based approaches for air qual-
ity prediction and smart-city applications. Machine learning
combined with big data analytics has also been successfully
applied to environmental monitoring tasks [6]. Recent stud-
ies proposed advanced prediction models for AQI estimation
and pollution forecasting [30], [31]. Furthermore, systematic
reviews and bibliometric analyses confirm the increasing adop-
tion of machine learning and deep learning techniques for
environmental prediction and air quality assessment [7], [8],
[16], [36]. Despite their high predictive performance, many of
these approaches operate as black-box models, limiting their
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interpretability and practical adoption in health-related appli-
cations. Among machine learning approaches, ensemble learn-
ing algorithms such as Random Forest [12], XGBoost [10],
and LightGBM [11] have demonstrated excellent performance
for structured environmental datasets. Their ability to model
nonlinear relationships and feature interactions makes them
particularly suitable for environmental health prediction tasks
involving heterogeneous environmental variables.

C. Explainable Artificial Intelligence for Environmental and
Health Applications

The increasing complexity of machine learning models has
stimulated growing interest in Explainable Artificial Intelli-
gence (XAI). SHAP (SHapley Additive exPlanations), intro-
duced by Lundberg and Lee [13], provides a theoretically
grounded framework for interpreting model predictions by
quantifying the contribution of each input feature. Recent
studies have demonstrated the importance of explainability in
environmental and healthcare applications. Tasioulis et al. [18]
investigated XAI techniques for air quality modeling, while
Reddy and Annamalai [33] applied interpretable machine
learning for clinical risk prediction. Aderemi et al. [34] re-
viewed explainability methods in environmental monitoring
systems. In addition, Chinnaraju et al. [32] and Gupta et
al. [45] emphasized the role of transparency, accountability,
and trustworthy AI in decision-support systems. These studies
collectively demonstrate that explainability is essential for
increasing user trust and facilitating informed decision-making.

D. Time-Series Forecasting for Environmental Monitoring

Environmental variables such as air quality, temperature,
and humidity evolve continuously over time, making tem-
poral modeling a critical component of environmental risk
prediction. Lim et al. [14] proposed the Temporal Fusion
Transformer, which combines forecasting accuracy with in-
terpretability for multivariate time-series prediction. Several
recent studies have explored advanced temporal forecasting
models for environmental applications. Fatima et al. [17]
proposed a Bi-GRU model for AQI prediction, while Zhou
et al. [19] developed hybrid decomposition and LSTM-based
approaches for PM2.5 forecasting. Han et al. [41] introduced
graph-enhanced temporal models for NO2 prediction, and El
Guma et al. [35] further demonstrated the effectiveness of
hybrid forecasting frameworks for environmental monitoring.
These studies highlight the importance of capturing temporal
dependencies to improve environmental risk anticipation and
forecasting reliability.

E. Retrieval-Augmented Generation and Knowledge-Based AI

Retrieval-Augmented Generation (RAG) has recently
emerged as a promising paradigm for combining information
retrieval with generative artificial intelligence. Lewis et al. [15]
introduced the original RAG architecture, demonstrating its
ability to generate responses grounded in external knowledge
sources. Subsequent research extended RAG toward graph-
based retrieval systems [20], personalized recommendation
frameworks [38], and domain-specific knowledge-enhanced
applications [21], [37], [39]. By integrating retrieval mecha-
nisms with large language models, RAG systems reduce hal-
lucinations and improve factual consistency. However, despite

their success in natural language processing and recommen-
dation systems, RAG approaches remain largely unexplored
in environmental health risk assessment and decision-support
applications.

F. AI in Agriculture and Agro-Ecosystems

The integration of artificial intelligence into agriculture
has accelerated significantly in recent years. IoT technologies,
machine learning, and predictive analytics have been applied
to crop monitoring, irrigation management, yield prediction,
and precision farming [22], [40], [23]. These approaches have
improved agricultural productivity and resource management
through data-driven decision-making. Nevertheless, most ex-
isting smart agriculture systems focus primarily on crop per-
formance and environmental monitoring. Comparatively fewer
studies investigate the interaction between environmental con-
ditions, climate variability, and potential health risks affecting
populations living in agro-ecosystems.

G. Hybrid AI Frameworks and Research Gap

Hybrid AI systems that combine predictive modeling,
explainability, and knowledge-driven reasoning have recently
attracted increasing attention. CardioRiskNet [24], hybrid AI
systems for heart failure prediction [44], and interpretable
frameworks for cancer risk assessment [43] illustrate the
benefits of integrating multiple AI paradigms within a unified
decision-support framework. Chudasama et al. [42] further
highlighted the importance of combining machine learning
with structured knowledge representations to improve both
performance and interpretability. Despite substantial progress
in environmental health assessment, air quality prediction,
explainable artificial intelligence, temporal forecasting, and
knowledge-enhanced AI systems, current approaches remain
fragmented. Most studies focus on individual components
such as prediction accuracy, explainability, forecasting, or
recommendation generation. To the best of our knowledge, few
works simultaneously integrate machine learning-based envi-
ronmental health prediction, SHAP-driven explainability, tem-
poral environmental analysis, and Retrieval-Augmented Gen-
eration within a unified framework. This gap motivates the de-
velopment of the proposed explainable hybrid AI framework,
which combines predictive analytics, interpretable decision
support, temporal environmental monitoring, and evidence-
based recommendation generation for climate-driven environ-
mental health risk assessment in agro-ecosystems.

As shown in Table I, existing approaches remain limited as
they focus on individual components such as prediction, ex-
plainability, or knowledge integration. In contrast, the proposed
framework integrates all these aspects into a unified climate-
aware environmental health prediction system.

III. METHODOLOGY

Fig. 1 illustrates the overall architecture of the proposed
explainable hybrid AI framework for climate-driven environ-
mental health risk prediction. The framework is organized
into five sequential stages. First, environmental data, including
Air Quality Index (AQI), temperature, and humidity measure-
ments, are collected from real-time and historical data sources.
Second, the acquired data undergo preprocessing and feature
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TABLE I. COMPARATIVE ANALYSIS OF RELATED WORK IN ENVIRONMENTAL HEALTH RISK PREDICTION

REF Domain Approach ML/DL XAI RAG Limitation
[1] Environmental Health Statistical Analysis No No No No predictive model
[2] Health Impact Epidemiological Model No No No No real-time prediction
[4] Air Quality Deep Learning Yes No No Black-box model
[5] Air Quality Deep Learning Optimization Yes No No Lack of interpretability
[9] Smart City Deep Learning Yes No No No explainability
[6] Air Quality ML + Big Data Yes No No Limited transparency

[13] Explainable AI SHAP Yes Yes No No predictive framework
[18] Air Quality ML + XAI Comparison Yes Yes No No knowledge integration
[14] Time Series Temporal Fusion Transformer Yes Yes No No health application
[19] Air Quality LSTM Hybrid Model Yes No No No interpretability
[15] NLP / AI RAG Framework Yes No Yes Not applied to environmental

health
[20] AI Systems RAG Survey Yes No Yes No predictive modeling
[22] Smart Agriculture IoT + ML Yes No No No health risk integration
[23] Smart Farming On-device AI Yes No No No explainability
[24] Healthcare Hybrid AI Yes Yes No No environmental factors
[42] Hybrid AI Knowledge + ML Yes Yes No No climate-health integration

engineering to ensure data quality and consistency. Third,
ensemble machine learning models, namely Random Forest,
XGBoost, and LightGBM, are employed to predict environ-
mental health risk levels. Fourth, SHAP-based explainability is
applied to identify the contribution of individual environmental
factors to the predicted risk. Finally, a Retrieval-Augmented
Generation (RAG) module retrieves relevant scientific evidence
and generates context-aware recommendations. By combining
predictive modeling, explainability, and knowledge riven rea-
soning, the proposed framework provides an interpretable and
actionable decision support system for environmental health
monitoring in climate-sensitive agro-ecosystems.

A. Dataset Description

The dataset used in this study was constructed from pub-
licly available environmental monitoring sources and histor-
ical environmental records. Air quality measurements were
obtained from the World Air Quality Index (WAQI) platform,
while meteorological variables were collected through the
OpenWeatherMap API. These sources provide continuous en-
vironmental observations and are widely used in environmental
monitoring and climate-related studies.

The study focused on the Casablanca-Settat region, Mo-
rocco, which represents one of the country’s most densely
populated and economically active areas. The region experi-
ences significant environmental variability due to urbanization,
industrial activities, transportation emissions, and seasonal
climatic fluctuations, making it a relevant case study for envi-
ronmental health risk assessment. Environmental observations
were collected over a one-year period from January 2024 to
December 2024 at hourly intervals, resulting in a total of
10,950 observations organized as a multivariate time-series
dataset. The collected measurements were synchronized using
timestamp alignment to ensure temporal consistency across
data sources.

The environmental variables considered in this study in-
clude:

• Air Quality Index (AQI)

• Ambient Temperature (◦C)

• Relative Humidity (%)

These variables were selected because of their established
relationship with environmental health risks. Air pollution ex-
posure has been associated with respiratory and cardiovascular
diseases, while temperature and humidity influence thermal
comfort, heat stress, and environmental well-being.

Data preprocessing involved timestamp synchronization,
duplicate removal, missing-value handling through interpola-
tion, and Min-Max normalization to ensure data quality and
consistency. Following preprocessing, the dataset was used for
environmental health risk labeling, machine learning model
training, explainability analysis, temporal forecasting, and
RAG-based recommendation generation. The resulting dataset
provides sufficient temporal variability to capture seasonal
environmental changes, pollution episodes, and short-term cli-
matic fluctuations, making it suitable for environmental health
risk prediction and climate-aware decision-support applications
in agro-ecosystems and semi-urban environments.

B. Data Acquisition

Environmental data were collected from publicly accessi-
ble environmental monitoring services and weather informa-
tion repositories through Application Programming Interfaces
(APIs). Data acquisition was performed at hourly intervals
to ensure adequate temporal resolution for environmental risk
analysis.

AQI measurements were used to characterize exposure
to air pollution, while temperature and humidity were used
to represent climatic and thermal stress conditions. These
variables were continuously recorded and integrated into a
unified database for subsequent analysis. To improve data
diversity and temporal coverage, real-time observations were
complemented with historical environmental records. This in-
tegration enabled the framework to capture both short-term en-
vironmental fluctuations and long-term seasonal patterns. The
resulting time-series dataset provides a robust foundation for
machine learning-based environmental health risk prediction
under varying climatic conditions.

C. Data Preprocessing and Feature Engineering

Prior to model development, the collected environmental
data undergo a preprocessing stage to ensure data quality, con-
sistency, and suitability for machine learning analysis. Missing
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Fig. 1. Proposed explainable hybrid AI architecture for climate-driven environmental health risk prediction in agro-ecosystems.

observations are handled using interpolation and imputation
techniques, while duplicate records and potential inconsisten-
cies are removed. Numerical variables, including Air Quality
Index (AQI), temperature, and humidity, are normalized using
Min-Max scaling to ensure comparable feature ranges and
improve model convergence.

To preserve temporal dependencies, the dataset is organized
as a multivariate time-series structure. Feature engineering
techniques are then applied to enhance the predictive capability
of the models. These techniques include lag-based features,
moving averages, rolling standard deviations, and short-term
trend indicators. Such temporal descriptors enable the frame-
work to capture both recent environmental fluctuations and
underlying seasonal patterns.

An exploratory data analysis (EDA) is performed to better
understand the statistical characteristics of the dataset and
identify potential data imbalances. Fig. 2 illustrates the dis-
tribution of the Air Quality Index. The observed right-skewed
distribution indicates that moderate pollution levels occur more
frequently than severe pollution events. This characteristic
reflects realistic environmental conditions and motivates the

use of robust machine learning algorithms capable of handling
heterogeneous data distributions.

Fig. 2. Distribution of Air Quality Index (AQI).
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The distribution of environmental exposure risk levels is
presented in Fig. 3. The dataset exhibits a moderate class
imbalance, with High-risk exposure observations being less
frequent than Low and Mediumrisk categories. This distribu-
tion is consistent with real-world environmental monitoring
scenarios, where severe exposure conditions occur less fre-
quently than normal or moderate conditions. The observed
imbalance is therefore considered during model evaluation and
interpretation.

Fig. 3. Distribution of environmental exposure risk levels in the dataset.

Fig. 4 and Fig. 5 present the distributions of humidity and
temperature, respectively. Both variables exhibit approximately
normal distributions with moderate variability, indicating stable
environmental conditions throughout the observation period.
These climatic indicators complement AQI measurements by
capturing thermal stress and atmospheric conditions that may
influence environmental health risks preprocessing and fea-
ture engineering procedures improve data quality, strengthen
temporal representation, and provide informative features for
predicting environmental health risk. These steps contribute
to the robustness and reliability of the proposed explainable
hybrid AI framework.

Fig. 4. Distribution of relative humidity.

Fig. 5. Distribution of ambient temperature.

D. Health Risk Labeling

Environmental health risk levels are defined using a rule-
based labeling strategy derived from established environmental
quality guidelines and health-related thresholds. The labeling
process utilizes three key environmental indicators: Air Qual-
ity Index (AQI), ambient temperature, and relative humidity.
Based on these variables, each observation is assigned to one
of three risk categories: Low, Medium, or High.

The labeling framework is designed to approximate envi-
ronmental conditions that may negatively affect human well-
being. AQI is considered the primary indicator of pollution-
related exposure, while temperature and humidity are incor-
porated to capture climatic stress factors that may exacerbate
environmental health risks. The combination of these variables
provides a practical representation of environmental risk con-
ditions in climate-sensitive environments.

The adopted labeling strategy enables the creation of a
structured dataset suitable for supervised machine learning
while maintaining transparency and reproducibility. However,
it should be noted that the generated labels represent estimated
environmental health risk levels rather than directly observed
clinical outcomes. Therefore, the proposed framework should
be interpreted as a risk assessment and decision-support system
rather than a medical diagnostic tool.

Future research will focus on integrating independent
ground-truth data sources, such as hospital admissions, res-
piratory disease records, epidemiological indicators, or public
health reports, to further validate and refine the environmental
health risk labeling process.

TABLE II. ENVIRONMENTAL EXPOSURE RISK CATEGORIZATION
CRITERIA.

AQI Range Environmental Exposure Risk Level
0-50 Low

51-150 Medium
¿150 High

As summarized in Table II, the environmental exposure risk
levels were defined using AQI thresholds derived from widely
adopted air-quality assessment guidelines. These categories
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are intended to represent environmental exposure conditions
rather than clinical diagnoses or observed health outcomes.
Consequently, the generated labels serve as environmental risk
assessment indicators designed to support decision-making and
recommendation generation within the proposed framework.

E. Machine Learning Models

The environmental health risk prediction task is formulated
as a multi-class classification problem, where each observation
is assigned to one of three environmental risk categories:
Low, Medium, or High. To address this task, three super-
vised machine learning algorithms are investigated: Random
Forest (RF), XGBoost, and LightGBM. These models were
selected due to their proven effectiveness in handling struc-
tured environmental datasets, their ability to model nonlinear
relationships, and their robustness when dealing with heteroge-
neous environmental conditions. In addition, ensemble learning
techniques have consistently demonstrated strong performance
in environmental forecasting and risk assessment applications.
Random Forest constructs an ensemble of decision trees and
combines their predictions through majority voting, improv-
ing generalization and reducing overfitting. XGBoost and
LightGBM are gradient boosting algorithms that iteratively
minimize prediction errors by combining multiple weak learn-
ers into a stronger predictive model. These approaches are
particularly suitable for capturing complex interactions among
environmental variables such as air quality, temperature, and
humidity.

Let X = {x1, x2, ..., xn} denote the input feature vector,
where each feature represents an environmental indicator or
engineered temporal attribute. The objective is to learn a map-
ping function f(X) capable of predicting the corresponding
environmental health risk class (y):

where, y ∈ {Low,Medium,High}

y = f(X) (1)

The dataset is divided into training and testing subsets to
evaluate the generalization capability of each model. Model
performance is assessed using standard classification metrics,
including Accuracy, Precision, Recall, F1-score, and the Area
Under the Receiver Operating Characteristic Curve (AUC).

The comparative evaluation of Random Forest, XGBoost,
and LightGBM enables the identification of the most suitable
predictive model for environmental health risk assessment.
Furthermore, the best-performing model is subsequently cou-
pled with SHAP-based explainability analysis and the RAG-
based recommendation module to provide transparent and
actionable decision support.

F. Explainability Analysis

To enhance the transparency and interpretability of the pro-
posed prediction framework, SHapley Additive exPlanations
(SHAP) are employed to analyze model outputs. SHAP is
a game-theoretic explainability approach that quantifies the
contribution of each feature to a prediction through Shapley
values derived from cooperative game theory.

Let f(X) denote the prediction function of the trained
model and X = {x1, x2, ..., xn} the input feature vector. The
SHAP value ϕi represents the contribution of feature xi to the
prediction:

f(X) = ϕ0 +

n∑
i=1

ϕi (2)

where, ϕ0 is the expected model output and ϕi denotes the
marginal contribution of feature xi. SHAP provides both global
and local interpretability. Global explanations identify the over-
all importance of environmental variables across the dataset,
while local explanations reveal the contribution of individual
features to a specific prediction. This dual perspective enables
a deeper understanding of the model behavior and improves
transparency in environmental health risk assessment.

Fig. 6. Global feature importance based on SHAP values, illustrating the
contribution of environmental variables to health risk prediction.

As shown in Fig. 6, AQI is identified as the most influ-
ential feature affecting environmental health risk prediction,
followed by temperature and humidity. This finding is consis-
tent with previous environmental health studies that recognize
air pollution as a major determinant of health-related risks,
while climatic variables provide complementary information
regarding thermal stress and environmental exposure.

Beyond improving model interpretability, the SHAP ex-
planations are incorporated into the proposed decision-support
pipeline and subsequently used by the Retrieval-Augmented
Generation (RAG) module. The identified feature contributions
help guide the retrieval of relevant scientific evidence and
support the generation of context-aware recommendations.
Consequently, SHAP serves not only as an explainability
mechanism but also as a bridge between predictive analytics
and knowledge-driven recommendation generation.

The SHAP-based analysis enhances model transparency,
improves user trust, and strengthens the practical applicability
of the proposed environmental health risk prediction frame-
work.

G. RAG-Based Recommendation Module

To enhance the decision-support capability of the proposed
framework, a Retrieval-Augmented Generation (RAG) module
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is integrated to generate evidence-based and context-aware
environmental health recommendations. Unlike conventional
prediction systems that only provide a risk category, the
proposed RAG component connects environmental health risk
predictions with external scientific knowledge, enabling ac-
tionable, interpretable, and scientifically grounded recommen-
dations.

The RAG module receives three primary inputs: The
predicted environmental health risk level (Low, Medium, or
High), The SHAP-based explanation identifying the most in-
fluential environmental factors, and the environmental context
represented by AQI, temperature, and humidity measurements.
These inputs are used to formulate a retrieval query that guides
the recommendation generation process.

The knowledge base consists of scientific publications,
environmental health guidelines, climate change reports, and
public health recommendations collected from trusted sources.
Prior to retrieval, documents are segmented into smaller text
chunks and transformed into dense vector representations
using the multilingual BAAI/bge-m3 embedding model. This
model was selected due to its strong semantic representation
capabilities and its effectiveness in retrieving domain-specific
scientific information.

Each document chunk is encoded into a 1024-dimensional
vector and stored together with its associated metadata, includ-
ing source, title, publication type, and thematic category. The
generated embeddings are indexed using the Qdrant vector
database, which enables efficient similarity search over large
collections of scientific documents.

Given a prediction request, the environmental context
and SHAP explanations are converted into a semantic query
representation. Similarity-based retrieval is then performed
using cosine similarity to identify the most relevant scientific
evidence. The system retrieves the top-k most relevant doc-
ument segments, where k = 5, providing a balance between
contextual richness and computational efficiency. The retrieved
scientific evidence is subsequently combined with the predicted
risk level and SHAP explanations to construct a structured
prompt. This prompt is processed by the language model
GPT-4o-mini, which generates personalized recommendations
grounded in the retrieved evidence. By incorporating external
knowledge during generation, the framework reduces hallu-
cinations and improves factual consistency compared with
standalone language-model-based approaches.

Predicted
Risk Level

Scientific
Retrieval

Evidence
Selection

Personalized
Recommendation

Knowledge Base
Scientific Papers

Health Guidelines

Environmental Context
AQI, Temperature, Humidity

SHAP Explanations

Fig. 7. RAG-based recommendation module integrating predicted risk levels,
SHAP explanations, and scientific knowledge retrieval to generate

evidence-based recommendations.

As illustrated in Fig. 7, the recommendation process com-
bines predictive analytics, explainability, and scientific knowl-
edge retrieval. For example, elevated AQI levels may trigger
recommendations related to respiratory protection and reduced

outdoor exposure, whereas high temperature conditions may
generate hydration and heat-stress prevention advice. Similarly,
combined environmental conditions can produce recommenda-
tions tailored to multiple risk factors.

A key contribution of the proposed framework is the
integration of SHAP explanations within the retrieval process.
Rather than relying solely on the predicted risk class, the re-
trieval query incorporates feature importance information, en-
abling the system to identify scientific evidence that is directly
related to the environmental factors driving the prediction.
Consequently, the generated recommendations are not only
context-aware but also explainable and scientifically justified.

By combining machine learning predictions, explainable
AI, semantic retrieval, and large language model generation,
the proposed framework transforms environmental health risk
assessment into a comprehensive knowledge-driven decision-
support system.

IV. RESULTS

A. Model Performance Evaluation

The predictive performance of the proposed machine learn-
ing models was assessed using standard multi-class classifica-
tion metrics, including Accuracy, Precision, Recall, F1-score,
and the Area Under the Receiver Operating Characteristic
Curve (AUC). These metrics provide a comprehensive evalua-
tion of the models’ ability to correctly classify environmental
health risk levels while maintaining a balance between sensi-
tivity and precision.

TABLE III. PERFORMANCE COMPARISON OF MACHINE LEARNING
MODELS.

Model Accuracy Precision Recall F1-score AUC
Random Forest 0.84 0.83 0.82 0.82 0.88

XGBoost 0.88 0.87 0.86 0.86 0.91
LightGBM 0.87 0.86 0.85 0.85 0.90

Table III summarizes the classification results obtained
for Random Forest, XGBoost, and LightGBM. Among the
evaluated models, XGBoost achieved the highest overall per-
formance, reaching an accuracy of 0.88, a precision of 0.87, a
recall of 0.86, an F1-score of 0.86, and an AUC of 0.91.

The superior performance of XGBoost can be attributed
to its gradient boosting mechanism, which effectively cap-
tures nonlinear interactions among environmental variables
and improves classification boundaries between risk categories.
LightGBM achieved comparable results, with an accuracy of
0.87 and an AUC of 0.90, while Random Forest obtained an
accuracy of 0.84 and an AUC of 0.88.

The AUC values above 0.88 for all evaluated models
indicate strong discriminative capability in distinguishing be-
tween environmental health risk levels. In particular, the AUC
value of 0.91 obtained by XGBoost demonstrates its ability to
reliably separate Low, Medium, and High risk environmental
conditions.

The results confirm that ensemble learning methods are
highly effective for environmental health risk prediction. Based
on its superior predictive performance, XGBoost was selected
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as the primary model for subsequent explainability analysis
and knowledge-driven recommendation generation.

B. Classification Analysis

To further evaluate the predictive capability of the proposed
framework, confusion matrix analysis, Receiver Operating
Characteristic (ROC) curves, and Precision-Recall (PR) curves
were examined for the best-performing model, namely XG-
Boost.

Fig. 8. Confusion matrix for multi-class health risk prediction.

Fig. 8 presents the confusion matrix obtained for the
multi-class environmental health risk classification task. The
model correctly classifies the majority of observations across
the three risk categories. However, some misclassifications
are observed between adjacent classes, particularly between
Low and Medium risk levels, and between Medium and High
risk levels. Such behavior is expected because environmental
health risks often evolve gradually rather than through abrupt
transitions, making class boundaries inherently difficult to
separate.

Fig. 9. Multi-class ROC curves showing the discriminative performance of
the XGBoost model.

The multi-class ROC curves shown in Fig. 9 demonstrate
the strong discriminative capability of the XGBoost classifier.

The curves remain substantially above the diagonal baseline,
indicating effective separation between environmental health
risk categories. The overall AUC value of 0.91 confirms the
model’s ability to distinguish between Low, Medium, and High
risk environmental conditions. It should be noted that the ROC
analysis was performed using a one-vs.-rest strategy commonly
adopted for multi-class classification problems. The resulting
AUC values therefore represent the aggregate discriminative
performance of the classifier across all classes.

Fig. 10. Precision-Recall curves for multi-class health risk prediction.

Fig. 10 presents the Precision-Recall curves for the three
environmental health risk classes. The results indicate a favor-
able balance between precision and recall for most classes.
Slightly lower performance is observed for the High-risk
category, which can be attributed to the relatively smaller
number of samples belonging to this class. Nevertheless, the
model maintains satisfactory predictive capability across all
risk levels.

Fig. 11. ROC curve comparison between XGBoost, Random Forest, and
LightGBM.

Fig. 11 compares the ROC performance of the three evalu-
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ated machine learning models. XGBoost achieves the highest
AUC value (0.91), followed by LightGBM (0.90) and Random
Forest (0.88). Although all models exhibit strong discrimina-
tive performance, XGBoost consistently demonstrates superior
classification capability, confirming the findings reported in
Table III.

The classification analysis demonstrates that the proposed
framework provides reliable environmental health risk predic-
tion with strong discriminative power and satisfactory class
separation. The combination of ensemble learning, explainabil-
ity analysis, and knowledge-driven recommendation generation
contributes to a robust and practical decision-support system
for climate-aware environmental health monitoring.

C. Explainability Results

The SHAP analysis provides quantitative insights into the
contribution of individual environmental variables to the pre-
diction process. Fig. 6 presents the global feature importance
obtained from the XGBoost model based on mean absolute
SHAP values. The results reveal that Air Quality Index (AQI)
is the most influential feature, with a mean absolute SHAP
value of 0.245, followed by temperature (0.176) and humidity
(0.102). This ranking indicates that air pollution is the primary
driver of environmental health risk prediction, while climatic
variables provide complementary information that helps refine
the model output.

The dominant contribution of AQI is consistent with previ-
ous environmental health studies reporting strong associations
between air pollution exposure and respiratory as well as car-
diovascular health outcomes. Temperature and humidity further
contribute to the prediction process by capturing climatic stress
conditions that may intensify environmental health risks.

Beyond improving model transparency, SHAP plays an im-
portant role within the proposed framework by identifying the
environmental factors responsible for each prediction. These
feature-level explanations are subsequently utilized by the
Retrieval-Augmented Generation (RAG) module to guide the
retrieval of relevant scientific evidence and generate context-
aware recommendations. Consequently, the explainability layer
serves as a bridge between predictive analytics and knowledge-
driven decision support.

The SHAP-based analysis, therefore, enhances the inter-
pretability, transparency, and trustworthiness of the proposed
framework. By explicitly quantifying feature contributions, the
system enables users and decision-makers to better understand
the factors influencing environmental health risks and supports
more informed preventive actions.

The explainability results validate the relevance of the
selected environmental indicators and demonstrate that the
proposed framework not only achieves strong predictive per-
formance but also provides meaningful and actionable insights
for environmental health monitoring.

D. RAG Recommendation Evaluation

To assess the effectiveness of the proposed Retrieval-
Augmented Generation (RAG) module, a qualitative evaluation
was conducted using a representative set of environmental
health risk scenarios. The evaluation focused on three key

dimensions: recommendation relevance, recommendation con-
sistency, and scientific validity.

A total of 30 environmental scenarios covering Low,
Medium, and High risk conditions were generated using dif-
ferent combinations of AQI, temperature, and humidity values.
For each scenario, the framework produced recommendations
based on the predicted risk level, SHAP explanations, and
retrieved scientific evidence. The generated recommendations
were subsequently reviewed according to their relevance to
the environmental context, their consistency across similar
scenarios, and their alignment with established environmental
health guidelines.

TABLE IV. EVALUATION OF THE RAG-BASED RECOMMENDATION
MODULE.

Evaluation Metric Score
Recommendation Relevance 4.42 / 5
Recommendation Consistency 4.31 / 5
Scientific Validity 4.48 / 5

Table IV summarizes the evaluation results. The recom-
mendation relevance score of 4.42/5 indicates that the gener-
ated recommendations were highly aligned with the predicted
environmental health risks and contextual conditions. The
consistency score of 4.31/5 demonstrates that the framework
produces stable recommendations when similar environmental
conditions are encountered. Furthermore, the scientific validity
score of 4.48/5 confirms that the generated recommendations
are well supported by the retrieved scientific evidence and
environmental health guidelines.

These findings demonstrate that the integration of RAG
significantly enhances the practical utility of the proposed
framework. Rather than providing only risk predictions, the
system is capable of delivering evidence-based, context-aware,
and interpretable recommendations that support proactive envi-
ronmental health decision-making. The results further validate
the complementary role of SHAP explanations and scientific
knowledge retrieval in improving recommendation quality and
user trust.

E. Time-Series Analysis

The integration of temporal modeling and uncertainty esti-
mation enhances the robustness of the proposed framework for
real-world environmental health monitoring. By incorporating
temporal dependencies, the framework is able to capture
environmental dynamics and anticipate potential changes in
health risk conditions.

Fig. 12 illustrates the temporal evolution of environmental
health risk based on observed environmental conditions and
model predictions. The lag-based prediction closely follows
the observed risk score over time, indicating that the proposed
framework successfully captures short-term temporal depen-
dencies and environmental fluctuations.

Although slight deviations between observed and predicted
values can be observed at certain time intervals, the overall
prediction trend remains consistent with the actual environ-
mental risk trajectory. These discrepancies are expected due
to the inherent variability of environmental conditions and
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Fig. 12. Time-series analysis of environmental health risk showing observed risk score, lag-based prediction, short-term forecast, and uncertainty bands.

the complex interactions among air quality, temperature, and
humidity.

The short-term forecasting component further demonstrates
the ability of the framework to anticipate future environmental
health risks. The forecasted trajectory follows the underlying
temporal pattern observed in the historical data, suggesting that
the model can effectively identify emerging risk trends before
they fully materialize.

In addition, the uncertainty band provides valuable in-
formation regarding prediction confidence. Wider confidence
intervals are observed during periods of increased environ-
mental variability, while narrower intervals indicate greater
prediction stability. This uncertainty estimation contributes to
the reliability and practical usability of the framework by
allowing decision-makers to assess the confidence associated
with future risk predictions.

The results demonstrate that the proposed framework is
capable of modeling dynamic environmental conditions, cap-
turing temporal trends, and providing early warning signals
for potential environmental health risks. Such predictive ca-
pabilities are particularly important for climate-sensitive envi-
ronments, where proactive monitoring and timely interventions
can contribute to improved environmental health management
and decision-making.

V. DISCUSSION

The experimental results demonstrate the effectiveness of
the proposed explainable hybrid AI framework for climate-
driven environmental health risk assessment. Among the eval-
uated machine learning models, XGBoost achieved the highest
performance, reaching an accuracy of 0.88 and an AUC
of 0.91. These findings are consistent with previous studies
reporting the superior performance of gradient boosting tech-
niques for environmental monitoring, air quality assessment,

and environmental forecasting tasks [4], [5], [9], [8]. Compared
with Random Forest and LightGBM, XGBoost provided better
discrimination among environmental risk categories, highlight-
ing its ability to capture complex nonlinear relationships within
structured environmental datasets.

Beyond predictive performance, the proposed framework
incorporates explainability through SHAP analysis. The results
identified AQI as the most influential environmental indicator,
followed by temperature and humidity. This observation is
consistent with epidemiological evidence demonstrating the
significant impact of air pollution and environmental stressors
on respiratory and cardiovascular health outcomes [1], [2],
[3]. Unlike conventional black-box models, the SHAP-based
explanations provide transparent insights into the factors driv-
ing environmental risk assessments, thereby improving model
interpretability and supporting informed decision-making.

The temporal analysis further demonstrates the capability
of the framework to capture environmental dynamics and
short-term fluctuations. While several studies have relied on
advanced deep learning architectures such as LSTM, Bi-
GRU, and Temporal Fusion Transformers for environmental
forecasting [14], [17], [19], [41], the results obtained in this
work indicate that lag-based feature engineering combined
with ensemble learning algorithms can achieve competitive
performance while maintaining lower computational complex-
ity. This characteristic is particularly beneficial for real-time
environmental monitoring systems and resource-constrained
deployment environments.

A distinguishing contribution of the proposed framework
is the integration of Retrieval-Augmented Generation (RAG)
for recommendation generation. Although RAG has attracted
considerable attention in knowledge-intensive artificial intel-
ligence applications [15], [20], [38], its use in environmental
health decision-support systems remains relatively limited. The
evaluation results indicate that the generated recommendations
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achieved high relevance (4.42/5), consistency (4.31/5), and sci-
entific validity (4.48/5). These findings suggest that combining
SHAP-based explanations with scientific knowledge retrieval
can effectively transform environmental assessments into ac-
tionable, context-aware, and evidence-based recommendations.

Compared with existing studies summarized in Table I,
the proposed framework offers a more comprehensive ap-
proach by integrating environmental assessment, explainable
AI, temporal analysis, and knowledge-driven recommendation
generation within a single architecture. Most previous works
focus on one or two of these components independently,
whereas the proposed framework combines all of them to
provide both environmental risk assessment and interpretable
decision support.

Despite these contributions, several limitations should be
acknowledged. First, the environmental health risk labels
used in this study are derived from environmental expo-
sure indicators and expert-defined thresholds rather than di-
rectly observed clinical outcomes. Consequently, the proposed
framework should be interpreted as an environmental health
risk assessment and decision-support system rather than a
medical diagnostic or disease prediction tool. The generated
risk categories represent environmental exposure levels that
may contribute to health risks, rather than confirmed health
outcomes.

Second, the framework relies on a limited set of envi-
ronmental indicators, namely AQI, temperature, and humidity.
Although these variables are widely recognized as important
determinants of environmental exposure, they may not fully
capture the complexity of environmental-health interactions.
Additional variables such as wind speed, particulate composi-
tion, noise pollution, population density, and socio-economic
factors may further improve environmental risk characteriza-
tion.

Third, some misclassifications remain observable between
adjacent risk categories. This behavior is expected because
environmental conditions evolve continuously and the bound-
aries between Low-, Medium-, and High-risk exposure levels
are inherently gradual rather than discrete. Similar challenges
have been reported in previous environmental forecasting and
classification studies [7], [16].

Future research should focus on integrating additional envi-
ronmental, spatial, and epidemiological information to improve
environmental risk assessment accuracy. The incorporation of
public health records, hospital admission statistics, or epi-
demiological datasets could provide more realistic validation
targets and strengthen the relationship between environmen-
tal exposure and health outcomes. Furthermore, advanced
temporal forecasting models and domain-specific knowledge
repositories may further improve both prediction performance
and recommendation quality.

The proposed framework advances the state-of-the-art by
combining machine learning, explainable artificial intelligence,
temporal environmental analysis, and Retrieval-Augmented
Generation within a unified environmental health decision-
support system. The integration of predictive analytics, trans-
parency, and evidence-based recommendation generation pro-
vides a promising foundation for future climate-aware envi-
ronmental monitoring and risk management applications.

VI. CONCLUSION

This study presented an explainable hybrid artificial in-
telligence framework for climate-driven environmental health
risk assessment in agro-ecosystems. The proposed framework
integrates ensemble machine learning models, SHAP-based
explainability, temporal environmental analysis, and Retrieval-
Augmented Generation (RAG) to provide transparent, inter-
pretable, and evidence-based decision support.

Experimental results demonstrated the effectiveness of the
proposed approach. Among the evaluated models, XGBoost
achieved the best performance, reaching an accuracy of 0.88
and an AUC of 0.91, confirming the suitability of gradient
boosting techniques for environmental risk assessment using
structured environmental data. The SHAP analysis identified
Air Quality Index (AQI) as the most influential environmental
indicator, followed by temperature and humidity, providing
transparent insights into the factors driving environmental
exposure risk assessments.

The temporal analysis further demonstrated the ability
of the framework to capture environmental dynamics, char-
acterize short-term risk evolution, and provide uncertainty-
aware forecasts. In addition, the integration of the RAG
module enabled the generation of context-aware and sci-
entifically grounded recommendations. The recommendation
evaluation results demonstrated high relevance (4.42/5), con-
sistency (4.31/5), and scientific validity (4.48/5), highlighting
the benefits of combining predictive analytics with scientific
knowledge retrieval.

The proposed framework contributes to the existing lit-
erature by integrating environmental assessment, explainable
artificial intelligence, temporal analysis, and knowledge-driven
recommendation generation within a unified architecture. Un-
like conventional environmental prediction systems, the pro-
posed approach combines predictive performance with inter-
pretability and evidence-based reasoning, thereby enhancing
transparency, trustworthiness, and practical usability.

Nevertheless, several limitations should be acknowledged.
The environmental risk categories used in this study are
derived from environmental exposure indicators and expert-
defined thresholds rather than directly observed clinical out-
comes. Consequently, the proposed framework should be
interpreted as an environmental health decision-support and
risk assessment system rather than a medical diagnostic tool.
Furthermore, the framework currently relies on a limited set
of environmental variables, namely AQI, temperature, and
humidity, which may not fully represent the complexity of
environmental-health interactions.

Future work will focus on incorporating additional envi-
ronmental, spatial, and epidemiological variables, as well as
integrating real-world public health and healthcare datasets to
improve validation and strengthen the relationship between
environmental exposure and health outcomes. The explo-
ration of advanced temporal forecasting architectures, domain-
specific knowledge repositories, and real-time environmental
data streams may further improve both assessment accuracy
and recommendation quality. In addition, extending the frame-
work with multilingual recommendation capabilities could
enhance accessibility and support broader deployment across
diverse geographical regions.

www.ijacsa.thesai.org 945 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 6, 2026

This work demonstrates the potential of combining ma-
chine learning, explainable artificial intelligence, temporal en-
vironmental analysis, and Retrieval-Augmented Generation to
support proactive, transparent, and data-driven environmental
health risk assessment under climate variability. The proposed
framework provides a promising foundation for the devel-
opment of next-generation intelligent environmental decision-
support systems capable of transforming environmental obser-
vations into actionable and scientifically grounded recommen-
dations.
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