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Abstract

The paper presents the development of an intelligent decision support system for assessing and analyzing
population health risks associated with air pollution using a hybrid machine learning and deep learning
framework. The study is motivated by the growing impact of atmospheric contaminants, including PM2.5,
PM10, NO,, SO,, CO, and Os, on public health, especially in densely populated urban areas. The necessity
of applying intelligent data-driven approaches for accurate, scalable, and interpretable environmental risk
assessment is substantiated. A review of existing studies is carried out to identify the limitations of
traditional statistical methods and to demonstrate the potential of neural networks and ensemble algorithms
for capturing nonlinear relationships and spatiotemporal patterns in environmental datasets. The proposed
system is based on a six-stage analytical workflow incorporating decision trees, support vector machines,
random forests, XGBoost, convolutional neural networks, and long short-term memory networks. These
models are integrated into a unified process covering data preparation, classification, forecasting, and risk-
level determination. Model training and validation are performed using the Air Pollution Image Dataset
collected in India and Nepal, supplemented with structured air quality data. The software solution follows
a client-server architecture with a Python and Flask backend and a JavaScript-based frontend. UML
diagrams are used to describe system components and their interactions, while the analytical dashboard
provides tools for data visualization, prediction generation, and comparative model analysis. Experimental
evaluation demonstrates the applicability of the proposed approach, with ensemble and deep learning
techniques delivering the most accurate results. Comparative model assessment is conducted using
accuracy, precision, recall, F1-score, and average training time metrics.

Keywords
decision support system, health risk assessment, machine learning; deep learning, data mining, predictive
analytics

1. Introduction

In recent years, environmental conditions have become an increasingly important determinant of
population health. Rapid urbanization, industrial development, intensive transportation, and other
forms of anthropogenic activity have contributed to the deterioration of atmospheric air quality,
especially in densely populated regions. Long-term exposure to pollutants such as particulate matter
(PM..s and PM,,), nitrogen dioxide (NO,), sulfur dioxide (SO,), ozone (O,), and carbon monoxide (CO)
is associated with a broad spectrum of adverse health outcomes, including respiratory and
cardiovascular diseases, complications during pregnancy, impaired neurodevelopment, and
premature mortality. The increasing complexity of environmental health interactions creates a need
for intelligent tools that can transform heterogeneous observations into reliable population health
risk assessments. Public health institutions and environmental authorities require not only
continuous monitoring of pollutant concentrations but also analytical mechanisms for identifying
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dangerous trends, vulnerable population groups, and territories with elevated health risks [1].
However, there remains a considerable gap between the results of epidemiological studies and their
practical implementation in intelligent decision support systems. Existing approaches often lack the
ability to integrate environmental and health-related information, process rapidly changing data,
account for spatial and temporal dependencies, and provide decision-oriented interpretations of
identified risks [2]. A significant challenge is the limited availability of integrated and standardized
datasets combining environmental measurements with population health characteristics.
Environmental monitoring systems, medical databases, demographic statistics, and epidemiological
surveys are usually maintained independently and differ in structure, temporal frequency, spatial
resolution, and accessibility. In addition, real-world datasets frequently contain missing
observations, inconsistent measurements, temporal gaps, and incomplete geographic coverage.
These limitations can reduce the reliability and generalization capability of analytical and predictive
models used for population health risk assessment [3]. Data integration also requires substantial
preprocessing because information may originate from fixed monitoring stations, satellite
observations, mobile sensors, healthcare institutions, public surveys, and other sources. Such data
can differ considerably in format, scale, accuracy, and sampling frequency. Their effective
combination requires data cleaning, normalization, feature construction, missing-value treatment,
and alignment of spatial and temporal characteristics. The use of individual-level medical
information additionally introduces requirements related to privacy protection, anonymization, and
responsible data management [4]. Despite these challenges, intelligent decision support technologies
provide considerable opportunities for improving environmental health risk management. Statistical
analysis, machine learning, anomaly detection, and predictive methods can be combined to identify
complex relationships between environmental exposure and population health indicators, estimate
current risk levels, and detect potentially hazardous changes at an early stage. Such capabilities can
support evidence-based preventive measures, resource allocation, healthcare planning, and targeted
interventions. Therefore, intelligent analytical platforms can become an important component of
smart and sustainable public health infrastructure [5]. In this context, the present research focuses
on the development of an intelligent decision support system for assessing and analyzing population
health risks associated with air pollution. The proposed system is intended to integrate
heterogeneous environmental and health-related data, identify significant patterns and
dependencies, evaluate population risk levels, and provide analytical information to support
informed public health decisions.

2. Analysis existing researches and approaches

Given the complexity of environmental determinants of population health, intelligent decision
support systems have become an important direction for transforming heterogeneous data into
actionable risk information. Recent advances in machine learning (ML) and deep learning (DL) [6]
provide effective tools for modeling complex relationships between environmental exposure and
health-related outcomes. These methods can identify nonlinear dependencies, process
heterogeneous data sources, automatically select informative features, and adapt to changing
environmental and population conditions [7]. In comparison with conventional statistical
approaches, ML methods are less dependent on predefined relationships between variables and can
reveal latent patterns within high-dimensional datasets. A wide range of architectures, including
deep neural networks, convolutional and recurrent models, attention mechanisms, and ensemble
learning approaches [8], has demonstrated considerable potential for environmental and population
health analysis. Their applications include pollutant concentration forecasting, exposure assessment,
disease incidence prediction, and evaluation of environmental risk dynamics. The integration of such
models with geospatial, temporal, demographic, and socioeconomic information makes it possible to
obtain more detailed representations of population vulnerability.



Nevertheless, the transition from experimental ML applications [9] to operational intelligent
decision support systems remains challenging. Many existing studies rely on relatively small,
synthetic, or highly specialized datasets and therefore require additional validation before practical
deployment. Reliable implementation also depends on adaptation to regional characteristics,
compatibility with existing health information systems, and consideration of local public health
policies. Furthermore, cooperation between data scientists, epidemiologists, environmental
specialists, and public health professionals is required to ensure that computational models produce
meaningful and ethically justified results. Issues of model interpretability, fairness, uncertainty, and
potential bias are particularly important when analytical results can influence health-related
resource allocation and risk communication. For example, the study [10] investigates high-accuracy
classification of air pollution levels using ensemble ML algorithms and neural network architectures.
XGBoost and LSTM demonstrated particularly strong performance, achieving AQI prediction
accuracy above 90% in the reported experiments.

The research presented in [11] provides a closer connection between environmental exposure and
health outcomes by analyzing the relationship between PM,.; and PM,, concentrations and
outpatient visits for respiratory diseases. The use of a multilayer perceptron demonstrates the
possibility of predicting health-related indicators for specific age groups, which is relevant to
differentiated population risk assessment. The use of real medical observations and seasonal and
demographic characteristics strengthens the practical value of the approach. However, the relatively
simple model architecture and restricted geographic coverage limit its applicability to larger-scale
intelligent decision support. These limitations can be addressed through more advanced
architectures, including LSTM and attention mechanisms, together with broader spatial coverage
and additional environmental and demographic indicators. The hybrid DL methodology described in
[12] combines spatial convolutional neural networks, temporal recurrent components, and attention
mechanisms to forecast pollutant concentrations. Its ability to process incomplete observations and
represent spatiotemporal dependencies is particularly relevant to intelligent environmental
monitoring. Nevertheless, the resulting model remains focused on forecasting pollution rather than
determining its consequences for population health.

Another relevant approach is presented in [13], where U-Net neural networks are used as a
surrogate model for rapid assessment of health impacts associated with short-term PM,.; exposure.
By replacing computationally expensive atmospheric simulations with a conditional DL model, the
authors achieve substantially faster processing and demonstrate the feasibility of scalable
assessment. However, the proposed methodology primarily reproduces the outputs of a physical
simulation model and does not constitute a complete health-risk assessment pipeline. In particular,
its integration with epidemiological, demographic, or clinical information remains limited. The GIS-
based methodology proposed in [14] represents another important direction by combining satellite-
derived PM,.; measurements, spatial interpolation, and exposure-response functions to estimate
population exposure in urban areas with insufficient ground-based monitoring. The major advantage
of this approach is its ability to provide detailed spatial representations of pollution exposure.
However, limited consideration of temporal variability and the absence of advanced ML-based
predictive mechanisms restrict its potential for dynamic decision support [15].

Overall, existing research demonstrates the increasing role of ML and DL in environmental data
preprocessing, feature extraction, classification, forecasting, and risk modeling. However, these
capabilities are frequently implemented as separate analytical solutions rather than as components
of an integrated intelligent decision support environment. A more comprehensive approach requires
the joint processing of environmental observations and health outcome indicators, followed by risk
estimation, interpretation, and presentation of results in a form suitable for decision-makers. The
objective of the proposed research is therefore to develop a scalable and interpretable framework



that combines these capabilities and supports not only accurate population health risk prediction but
also the identification of factors and conditions requiring targeted preventive interventions [16].

The scientific novelty of the research consists in developing an integrated end-to-end approach
for intelligent population health risk assessment that combines heterogeneous environmental and
health-related information within a unified analytical framework. Particular attention is given to the
problems of data incompleteness, heterogeneity, spatial and temporal variability, and model
interpretability. The practical significance of the proposed system is associated with its potential
application in public health monitoring, environmental risk management, and urban planning. By
combining predictive analytics with interpretable decision-support mechanisms, the proposed
approach provides a technological basis for more timely identification of population health risks and
evidence-based selection of appropriate preventive measures.

3. System concept, implementation and technical aspects

The proposed intelligent framework combines several ML and DL techniques into a sequential
decision-support architecture, where each model addresses a specific analytical component of
population health risk assessment [17]. Such a layered organization allows the system to combine
interpretable statistical learning with more complex predictive models, improving both the accuracy
of risk estimation and the transparency of the resulting decisions. It also provides flexibility for
processing heterogeneous environmental and population data under different spatial, temporal, and
contextual conditions [18].

The first processing layer performs initial data screening and risk-oriented categorization using
a decision tree (DT). The main advantage of DT at this stage is its transparent hierarchical structure,
which makes it possible to identify the environmental indicators and threshold conditions most
strongly associated with changes in population health risk.

The second layer applies a support vector machine (SVM) to investigate more complex
relationships between environmental exposure and medical-demographic characteristics. By
operating in a multidimensional feature space, SVM can identify nonlinear boundaries between
observations associated with different levels of health risk.

The third layer employs a random forest (RF) ensemble to consolidate and refine the information
obtained from previous processing stages. By constructing and aggregating multiple decision trees
based on different subsets of observations and features, RF reduces the influence of individual
observations and random noise.

The fourth stage incorporates XGBoost to further improve predictive performance. In contrast to
the preceding models, this algorithm sequentially corrects prediction errors generated by previous
trees, allowing complex dependencies between environmental, temporal, spatial, and socioeconomic
variables to be represented more effectively.

The fifth stage introduces a convolutional neural network (CNN) for extracting spatial and
contextual characteristics from image-based or geospatial information. This component is
particularly important when pollution observations are represented through environmental images,
spatial layers, or distributed sensor structures. CNN can identify local spatial patterns and
correlations that may be difficult to represent through conventional tabular models, thereby
supporting the detection of areas with potentially elevated environmental and health risks.

The final analytical component is based on a long short-term memory (LSTM) model, which is
responsible for representing temporal dependencies in environmental exposure and health-related
indicators. Its ability to retain information from previous observations makes LSTM suitable for



analyzing prolonged exposure effects and identifying temporal patterns that may not be apparent
from individual measurements.

The combination of these models creates a multidimensional decision-support pipeline capable
of integrating complementary analytical capabilities rather than relying on a single predictive
algorithm. Interpretable ML models provide an initial explanation of risk factors, ensemble methods
improve the robustness of classification, while CNN and LSTM extend the analysis toward spatial
and temporal dimensions.

The primary dataset selected for the study is the Air Pollution Image Dataset from India and Nepal
[19]. To improve the reliability and generalization of the analytical results, the image dataset was
supplemented and cross-validated using structured environmental measurements obtained from two
authoritative sources [20, 21].

Within the proposed research, population health risk assessment is considered not as a
conventional classification problem solved by a single ML algorithm, but as a hybrid decision-making
process that combines several complementary analytical mechanisms. The central idea is to
transform heterogeneous environmental and population-related observations into an integrated
representation of health risk through successive stages of classification, refinement, spatial analysis,
and temporal interpretation.

Each observation represents a specific environmental and population state and may contain
information about pollutant concentrations, demographic characteristics, geographic conditions,
temporal parameters, and other factors associated with population health. The available observations
are divided into six predefined risk categories, representing different levels of potential health
impact. The task of the intelligent system is therefore to determine the most appropriate risk
category for a new observation while preserving information about the factors and analytical stages
that contributed to the final decision.

Unlike a conventional approach in which the prediction of a single ML model is directly treated
as the final result, the proposed hybrid methodology introduces a sequential refinement mechanism.
At the initial level, DT is used to establish an interpretable preliminary categorization of observations
and identify the most influential environmental conditions. The resulting information is
subsequently analyzed by SVM to distinguish more complex combinations of risk factors. RF then
performs ensemble-based refinement of the obtained classification, reducing the sensitivity of the
assessment to individual observations and measurement noise. XGBoost further enhances the
decision process by learning residual patterns and incorporating additional contextual
characteristics.

The hybrid architecture is extended through the integration of CNN and LSTM, which introduce
spatial and temporal dimensions into the assessment process. CNN extracts relevant spatial
characteristics from pollution-related images or geographic representations, while LSTM analyzes
the evolution of environmental and health-related conditions over time. Their outputs are used as
additional evidence for the final risk assessment rather than as independent predictions.
Consequently, the system combines structural, statistical, spatial, and temporal information before
producing the final population health risk category.

The proposed novelty therefore consists in the organization of ML and DL models as cooperating
analytical components of a unified decision-support mechanism. Each model contributes a specific
type of knowledge and compensates for limitations of the other approaches. Interpretable models
provide an initial explanation of risk conditions, ensemble algorithms increase classification stability,
while CNN and LSTM extend the assessment toward spatial and temporal dependencies.



The training process is consequently oriented toward minimizing not only classification errors
but also inconsistencies between the different analytical stages. The quality of the final system is
evaluated by comparing its predicted risk categories with reference observations and by analyzing
the stability of predictions across different data conditions. Particular attention is given to the ability
of the hybrid system to correctly distinguish neighboring risk categories, maintain reliable
performance when individual indicators are incomplete or noisy, and preserve an interpretable
connection between input characteristics and the resulting population health risk assessment.

The model is optimized by minimizing the loss function L using optimization techniques such as
gradient descent. The final prediction is made by selecting the class with the highest probability
based on the trained model. The overall system pipeline used for conducting the study is presented
in Fig. 1.

Data collection
Image dataset + numeric sources

Preprocessing
Anomaly removal, class weighting

Exploratory analysis
Correlation, distribution, factor analysis

Train / test split
Cross-validation setup

Six-stage model pipeline
DT, SVM, RF, XGBoost, CNN, LSTM

Evaluation & comparison
Accuracy metrics, benchmarking

Deployment
Flask API, React frontend, serialized models

Figure 1: General concept pipeline

The imported datasets are loaded using Pandas and represented as DataFrame objects. The
preprocessing stage includes data quality assessment, anomaly and outlier detection, missing-value
treatment, feature transformation, and correction of class imbalance. EDA is then performed using
statistical, correlation, and factor analysis, with dimensionality reduction applied when required. At
the modeling stage, DT, SVM, RF, XGBoost, CNN, and LSTM components are trained on



appropriately prepared training and testing subsets, with cross-validation used to assess the stability
of the obtained results.

Class imbalance is handled through class weighting based on the frequency of risk categories,
increasing the influence of underrepresented classes without generating synthetic observations. This
preserves the original data structure and reduces the possibility of introducing artificial patterns.
The individual models are evaluated using selected performance metrics and then integrated
according to their roles in the hybrid pipeline. Their outputs provide complementary evidence for
the subsequent risk assessment rather than independent final predictions.

After training, the resulting models and preprocessing components can be serialized and reused
for new datasets. This enables the developed system to process previously unseen environmental
and population information and produce an updated assessment of public health risk. The
implementation uses NumPy and Pandas for data processing, Matplotlib and Seaborn for
visualization, and relevant modules of the scikit-learn (sklearn) library for encoding, normalization,
model construction, cross-validation, and performance evaluation.

In the components diagram (Fig.2) we can see that the proposed system is organized as a three-
component architecture that connects the user interface, analytical processing, and data
management into a unified decision-support workflow. The Frontend component, implemented
using JavaScript, provides the user-facing dashboard and interactive map-based visualization of
environmental conditions and population health risks. It receives analytical results and presents
them in an accessible form for monitoring and decision-making. The Python + Flask component
serves as the central analytical layer of the system. It provides the REST API, performs data
preprocessing, executes the integrated ML/DL models, and conducts population health risk analysis.
This component acts as an intermediary between the user interface and the underlying data
resources, transforming incoming information into structured analytical results. The Data Layer
component provides storage and retrieval of environmental observations, structured datasets, and
generated model results using SQL and CSV-based resources. It supplies the analytical layer with the
required input data and stores processed results for subsequent visualization and analysis.

~ ™
Python + Flask
Frontend Preprocessing Data Layer
JavaScript ML/DL inference sQL /Csv
Dashboard « Maps Risk analysis Model results
REST API
- /

Client — APl — Analytics — Decision Support

Figure 2: Base components scheme

The use-case model defines the main interaction between the Health analyst and the intelligent
decision support system. The analyst can upload air quality data, which initiates data processing and
preparation for subsequent analysis. The Request risk assessment use case applies the hybrid ML/DL
pipeline to the available environmental and population-related data and generates an assessment of
the corresponding health risk level. The View analytical dashboard use case provides access to
processed results through visual representations, allowing the analyst to examine risk levels,
environmental indicators, spatial patterns, and changes in population health risk. The Compare
model performance use case supports evaluation of the individual and hybrid analytical components,
helping determine their reliability and contribution to the overall assessment. Together, these use



cases define the main decision-support cycle from data acquisition and risk analysis to result
interpretation and model evaluation, supporting evidence-based assessment of population health
risks associated with air pollution. Base use case diagram is shown if Fig.3.

Upload air quality data

Request risk assessment

Health analyst

View analytical dashboard

Compare mode| performance
Figure 3: Base use case diagram

4. Experiments and results analysis

The locally deployed application provides an interactive environment through which users can
access the principal functions of the proposed decision support system. The interface integrates data
submission, analytical processing, predictive modeling, and risk interpretation within a coherent
workflow. Its design is intended to make the principal computational stages accessible while
preserving the relationship between the underlying environmental data and the resulting analytical
outputs. The data acquisition section presents the requirements for the input dataset and provides
an interactive control labeled “Upload file.” After a file has been selected, the interface displays its
name and relevant metadata, enabling the user to verify the correctness of the uploaded resource.
Following this verification procedure, the user can select “Confirm data” to initiate the subsequent
analytical stage.

Once the dataset has been confirmed, it is transferred to the backend processing service. The
exploratory data analysis module processes the uploaded information and generates statistical and
graphical outputs associated with the characteristics of the environmental observations. These
outputs may include pollutant distribution plots, correlation heatmaps, descriptive summaries,
anomaly visualizations, and dimensionality reduction representations. The analytical results are
subsequently transmitted to the frontend and displayed for interpretation by the user. The interface
also presents the six-stage analytical pipeline and the risk decision logic, enabling users to examine
the relationship between data acquisition, preprocessing, exploratory analysis, model development,
model evaluation, and decision support. This visual representation contributes to the transparency
of the system by providing an overview of the procedures through which environmental
observations are transformed into predictive and risk-related outputs.

. The predictive modeling service is responsible for managing the trained machine learning and
deep learning models. Conventional machine learning estimators may be serialized in the .pkl format,
while neural network models may be stored using the .keras format. The serialized models are
maintained within the server-side file system and are loaded when a corresponding prediction
request is received. During inference, the backend identifies the appropriate model, retrieves the
stored model representation, and applies the preprocessing operations required for the submitted
input data. The processed input is then supplied to the selected model, which generates the



corresponding prediction or forecasting result. The output is returned to the frontend as a structured
JSON response containing the relevant predictive information and, where applicable, the associated
risk classification. This backend configuration separates the analytical and predictive services from
the presentation layer, thereby supporting the modular organization of the application. It also
provides a foundation for the integration of additional analytical procedures and predictive
architectures as the system evolves. The proposed system combines quantitative environmental
analysis with an interactive decision support interface, allowing users to examine pollutant
distributions, investigate relationships among environmental variables, evaluate alternative
predictive models, and interpret air-quality-related risk categories. The resulting architecture is
intended to support environmental health monitoring, the identification of potentially hazardous
pollution conditions, and the communication of analytical information to relevant stakeholders.
System’s user’s prototype interface fragment is shown in Fig.4.

POLLUTAN ML/ DL MODE E ISION OUTPUT

20,000+ 6 6 XGBoost 5 Levels

Six-Stage Analytical Pipeline

Data Acquisition Preprocessing EDA Model Training Evaluation Decision Support

- — - -

Risk Decision Logic

llustrative AQI-oriented thresholds

Low 0-50
Moderate 51-100
Unhealthy 101-150
Very Unhealthy 151-200
Hazardous >200

Outputs include risk maps, warnings, forecasts and comparative model reports

Deep Learning Processing Flow

Input Data CNN LST™M Feature Fusion Prediction Risk Decision
Images + time series Spatial features Temporal patterns [T | Hybridrepresentation | | Class / forecast Actionable output
Figure 4: System’s user’s prototype interface fragment

To initiate the forecasting procedure, the user selects the required model and task type, either
classification or regression. The “Start Prediction” button then becomes available, allowing the user
to submit a request to the backend and execute the corresponding prediction pipeline. Upon
completion, the system returns the generated visualizations and a detailed CSV report to the
frontend. For machine learning model evaluation, the dataset was divided into training and testing
subsets using a 75:25 ratio, respectively. Comparative assessment of classification performance was
supported by confusion matrix visualizations generated using the Seaborn library. The resulting
confusion matrices for some ML models are presented in Fig. 5.
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Figure 5: The confusion matrices for the implemented models

The comparative evaluation demonstrates substantial differences in the predictive performance of
the developed models. As illustrated in Figure 6, all classifiers achieve ROC curves substantially
above the random-classification baseline, indicating effective discrimination between air-quality risk
classes. XGBoost exhibits the highest area under the ROC curve (AUC = 0.998), followed by CNN
(0.995), LSTM (0.992), Random Forest (0.990), SVM (0.980), and Decision Tree (0.910). The near-unity
AUC values of the ensemble and deep learning models indicate strong classification capability,
whereas the comparatively lower AUC of the Decision Tree suggests limited generalization
performance.

The results presented in Table 1 confirm the superiority of XGBoost, which achieves the highest
accuracy (0.993), precision (0.991), recall (0.989), and F1-score (0.988). Random Forest demonstrates
the strongest performance among the remaining conventional machine learning models, with an
accuracy of 0.968 and an F1-score of 0.962. CNN and LSTM also achieve high predictive performance,
reaching accuracies of 0.987 and 0.981, respectively. SVM provides moderate performance, whereas
Decision Tree records the lowest values across all evaluation metrics, with an accuracy of 0.912 and
an F1-score of 0.906.

A consistent trend is observed across the evaluation metrics, as accuracy, precision, recall, and
F1-score increase in a broadly similar order. The relatively small differences between these measures
suggest a balanced classification performance, although the slightly lower recall values indicate that
some risk categories remain more difficult to identify correctly. The computational results reveal a
trade-off between predictive effectiveness and training time. Decision Tree requires approximately
3 seconds for training, compared with approximately 15 seconds for XGBoost, 45 seconds for CNN,
and 67 seconds for LSTM. Despite its higher computational cost than the conventional tree-based
models, XGBoost provides the most favorable combination of predictive accuracy and computational
efficiency among the evaluated high-performing models. These findings support its selection as the
principal predictive model for integration into the proposed intelligent decision support system.



1.0

0.8

0.6

0.4 4

True Positive Rate (Sensitivity)

= DT (AUC=0.910)
SVM (AUC=0.980)
=== RF (AUC=0.990)
— XGB (AUC=0.998)
=== CNN (AUC=0.995)
—— LSTM (AUC=0.992)
Random classifier

0.2 1

0.0

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 — Specificity)

Figure 6: ROC curve for the created models

Table 1
Created models metrics comparative analysis results
Model Accuracy Precision Recall F1-score Avg.t'itrrg;ning
DT 0.912 0.908 0.905 0.906 ~3s
SVM 0.934 0.929 0.926 0.927 ~12s
RF 0.968 0.964 0.961 0.962 ~7s
XGBoost 0.993 0.991 0.989 0.988 ~15s
CNN 0.987 0.984 0.982 0.983 ~45 s
LSTM 0.981 0.978 0.975 0.976 ~67s

Overall, the experimental results demonstrate that the developed models provide a high level of
accuracy in classifying population health risks associated with air pollution. Among the evaluated
architectures, XGBoost achieved the strongest overall performance, with an accuracy of 0.993,
precision of 0.991, recall of 0.989, F1-score of 0.988, and an AUC of 0.998. CNN and LSTM also
demonstrated high classification capability, reaching accuracies of 0.987 and 0.981, respectively,
while their AUC values of 0.995 and 0.992 confirm strong class discrimination. These results indicate
that both ensemble and deep learning approaches are capable of capturing complex nonlinear
relationships between pollutant concentrations and population health risk categories.

The experimental comparison also demonstrates a clear relationship between predictive
performance and computational requirements. XGBoost required approximately 15 s for training,
whereas CNN and LSTM required approximately 45 s and 67 s, respectively. This indicates that the
higher computational complexity of the neural network architectures does not result in a
corresponding improvement over XGBoost under the considered experimental conditions. The



introduction of the average training time indicator \(t_{avg}\) therefore provides an additional
criterion for assessing model applicability in an operational decision support environment.

The scientific novelty of the proposed approach lies in the integration of heterogeneous air-
quality indicators with machine learning and deep learning models within a unified population
health risk decision support framework. In particular, the joint consideration of PM,.5, PM,o, NO,,
SO,, CO, and O, enables the system to capture complex nonlinear interactions among multiple
pollution factors rather than relying on individual pollutant indicators. The combination of
predictive modeling with a five-level risk classification mechanism further transforms numerical
model outputs into interpretable population health risk assessments. The obtained results
demonstrate that XGBoost provides the most effective balance between predictive accuracy,
discriminative capability, and computational efficiency, supporting its selection as the principal
predictive component of the proposed system.

5. Conclusion

The developed intelligent decision support system provides an integrated framework for the analysis
and assessment of population health risks associated with air pollution. The experimental results
demonstrate that the considered models provide reliable classification performance, with the
proposed XGBoost model achieving the most favorable overall results and an AUC of 0.998. The
obtained results confirm the suitability of the framework for distinguishing different levels of air-
quality-related risk.

The main contribution of the study is the integration of exploratory analysis, statistical
assessment, predictive modeling, and risk classification within a unified decision support
environment. The combination of conventional machine learning and deep learning approaches
enables the system to account for both the multidimensional structure of pollutant data and temporal
characteristics of environmental observations. The inclusion of computational efficiency in model
comparison additionally supports the selection of models suitable for practical deployment.

The developed interface and backend architecture provide a basis for transforming environmental
measurements into interpretable risk-oriented outputs, including predictions, forecasts, and warning
information. This makes the system applicable to environmental monitoring and population health
assessment. Further development may focus on real-time sensor integration, extended temporal
forecasting, and scalable deployment to support continuous air-quality risk monitoring.
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