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Abstract
Air pollution by fine particulate matter (PM2.5, PM10), nitrogen dioxide (NO2), sulfur dioxide (SO2), carbon
monoxide (CO) and ozone (O3) is among the leading environmental threats to public health in densely populated
urban areas, yet the tools available to health authorities rarely combine heterogeneous monitoring data with
interpretable risk estimates. This paper presents an intelligent system that assigns an observation to one of six air
quality index (AQI) classes, used as a proxy for the level of harm to population health, together with a comparative
evaluation of the six models behind it: a decision tree, a support vector machine, a random forest, XGBoost,
a convolutional neural network (CNN) and a long short-term memory (LSTM) network. All six are trained
on identically preprocessed data – the Air Pollution Image Dataset from India and Nepal, cross-checked with
structured measurements from two open sources – and are compared at the evaluation stage rather than chained
into a sequence. The system is implemented as a client-server application with a Python and Flask backend and a
React frontend, whose dashboard provides exploratory data analysis, model inference and model comparison.
The random forest and the CNN are the most accurate models (accuracy 0.988 and 0.987, macro-averaged F1-score
0.987 and 0.986), followed by the LSTM network (0.980 and 0.979), whereas the single decision tree falls to 0.856
because it does not separate the two most severe classes. Average training time ranges from 3 s for the decision
tree to 67 s for the LSTM network, which makes the random forest the best compromise between accuracy and
computational cost.
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1. Introduction

In recent decades, rapid industrialization, urban growth, and the intensification of anthropogenic activity
have led to significant degradation of atmospheric air quality, particularly in densely populated areas.
Prolonged exposure to fine particulate matter (PM2.5 and PM10), nitrogen dioxide (NO2), sulfur dioxide
(SO2), ozone (O3), and carbon monoxide (CO) is associated with a range of acute and chronic health
effects, including respiratory and cardiovascular diseases, adverse birth outcomes, neurodevelopmental
disorders, and increased mortality rates [1]. Public health authorities, environmental agencies, and
urban planners are therefore facing growing pressure to adopt evidence-based and technologically
robust strategies for mitigating the population health risks associated with air pollution.

Despite the growing body of epidemiological evidence, the implementation of intelligent systems
capable of assessing health risks at the population level remains underdeveloped. A gap persists
between theoretical models of health–environment interaction and practical applications able to process
heterogeneous data, account for spatial and temporal variation, and provide community-specific risk
assessments [2]. The main obstacle is the data itself. Standardized, high-quality, and openly available
datasets that simultaneously describe environmental conditions and population health parameters are

CS&SE@SW 2025: 8th Workshop for Young Scientists in Computer Science & Software Engineering, November 21, 2025, Kryvyi
Rih, Ukraine
https://doi.org/10.55056/cssesw2025/paper17
" nickolay.rud@gmail.com (N. Rudnichenko); vint532@gmail.com (V. Vychuzhanin); studylearner@gmail.com
(D. Shvedov); nati.sh@gmail.com (N. Shibaeva); firmn@gmail.com (I. Petrov)
� 0000-0002-7343-8076 (N. Rudnichenko); 0000-0002-6302-1832 (V. Vychuzhanin); 0009-0002-4823-8782 (D. Shvedov);
0000-0002-7869-9953 (N. Shibaeva); 0000-0002-8740-6198 (I. Petrov)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

247

https://doi.org/10.55056/cssesw2025/paper17
mailto:nickolay.rud@gmail.com
mailto:vint532@gmail.com
mailto:studylearner@gmail.com
mailto:nati.sh@gmail.com
mailto:firmn@gmail.com
https://orcid.org/0000-0002-7343-8076
https://orcid.org/0000-0002-6302-1832
https://orcid.org/0009-0002-4823-8782
https://orcid.org/0000-0002-7869-9953
https://orcid.org/0000-0002-8740-6198
https://creativecommons.org/licenses/by/4.0/deed.en


scarce: monitoring networks and health registries are maintained independently and differ in structure,
resolution, accessibility, and privacy constraints [3]. Air quality data come from satellite imagery,
ground-based monitoring stations, or mobile sensors with different spatial and temporal resolutions,
and health data come from hospitals, clinics, public health surveys, or wearable devices in incompatible
formats; unifying such streams into analyzable form requires substantial cleaning, feature engineering,
normalization, and imputation, while the use of individual-level health records is further restricted by
ethical and legal considerations [4]. Missing values, inconsistent measurements, temporal misalignment,
and limited geographic coverage additionally compromise the ability to construct models that generalize
across regions and populations.

As data availability increases and modeling techniques evolve, intelligent systems may nevertheless
enable early warning mechanisms, personalized exposure tracking, and adaptive strategies for urban
planning, health care delivery, and environmental regulation, becoming components of smart city
infrastructures [5]. The aim of the present work is an intelligent system that estimates the level of harm
to population health from the measured air pollution level, together with a reproducible comparison of
the models behind it. The contribution is threefold: a unified pipeline in which six machine learning
and deep learning models are trained on identically preprocessed air quality data and compared using
one set of metrics; a client-server implementation whose dashboard exposes exploratory data analysis,
prediction, and model comparison to a user without programming skills; and an assessment of the
accuracy versus training cost trade-off across the six models. The remainder of the paper analyzes related
work, describes the system and the formal statement of the problem, and reports the experimental
results.

2. Analysis of existing research and approaches

Machine learning (ML) [6, 7, 8] and deep learning (DL) [9, 10, 11] offer a practical way of addressing
the complexities inherent in modeling the health impact of air pollution. Unlike traditional statistical
methods, which require strong a priori assumptions and admit only limited variable interactions,
these models learn nonlinear relationships between input variables and outcomes, incorporate several
data modalities, and scale to high-dimensional data [12]. Convolutional and recurrent architectures,
attention mechanisms, and ensemble learning frameworks [13, 14] have been applied to predicting
pollutant concentrations, estimating exposure risks, and modeling disease incidence as a function of
environmental variables; combined with geospatial, temporal, and sociodemographic layers, they yield
high-resolution views of population vulnerability, and explainable AI methods are increasingly added to
make their output usable in public health decisions. The limitations are equally clear: many applications
[15] remain experimental and rest on limited or synthetic datasets, and real-world deployment requires
thorough validation, domain-specific customization, alignment with local policy frameworks and health
information systems, and interdisciplinary work with epidemiologists and environmental engineers, as
well as scrutiny of interpretability and fairness before the results influence resource allocation or risk
communication.

Lipatova and Potapchenko [16] classify air pollution levels with ensemble ML models and neural
network architectures, reporting accuracies above 90% for air quality index (AQI) levels with XGBoost
and long short-term memory (LSTM) models, with particular attention to model interpretability and to
the comparative evaluation of algorithms. The work is nevertheless limited to air quality prediction
and does not incorporate any direct assessment of health outcomes.

Ravindra et al. [17] follow a more applied route, linking PM2.5 and PM10 concentrations to the number
of outpatient visits for respiratory diseases. Using a multilayer perceptron together with seasonal and
demographic stratification of real medical records, the authors build reliable predictive models for
specific age groups, which is a crucial step toward personalized risk assessment, although the shallow
architecture and the limited spatial coverage constrain the result.

Wang et al. [18] combine spatial convolutional networks, temporal recurrent modules, and attention
mechanisms into a hybrid DL model for forecasting pollutant concentrations. Its ability to handle
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incomplete data and to capture spatiotemporal dependencies is the key contribution, but the scope
again ends at pollutant prediction, with no direct link to health outcomes.

Lee et al. [19] propose a conditional U-Net network as a surrogate model for the rapid assessment of
the health impact of short-term PM2.5 exposure, replacing resource-intensive atmospheric simulations.
Speed and scalability make the approach attractive for real-time deployment, yet it emulates a physical
model instead of forming a health risk evaluation pipeline and is not integrated with epidemiological or
clinical data.

A GIS-based line of work [20] maps air pollution and estimates health risk from satellite-derived
PM2.5 data, applying spatial interpolation and exposure–response functions to obtain fine-grained
exposure maps for urban areas with sparse ground sensors. Its spatial resolution is high, but temporal
dynamics are not modeled and no predictive ML component is involved; other studies show that the
spatial and the temporal dimension of exposure can be treated jointly with DL methods [21, 22].

Published systems thus either forecast pollution levels or estimate exposure, and they rarely make
the model selection step reproducible for the practitioner who has to operate them. The present work
therefore keeps the modeling target deliberately simple and verifiable: the AQI class of an observation,
treated as a proxy for the level of harm to population health, is predicted from the measured pollutant
concentrations and from the location and time of the measurement. Six models covering interpretable,
ensemble, and deep architectures are trained on the same feature set and compared on accuracy,
macro-averaged precision, recall, F1-score, and training time, and the whole procedure is embedded
in a deployable client-server system. The scientific novelty lies in this end-to-end combination of a
reproducible model comparison with a deployable analytical service; the practical significance stems
from the possibility of integrating such a service into public health monitoring and urban environmental
management.

3. System concept, implementation and technical aspects

The proposed framework integrates several ML and DL models, each covering a different aspect
of the risk evaluation task [23]. The models are trained independently on the same preprocessed
dataset and produce separate prediction outputs, which are compared at the evaluation stage rather
than used sequentially. Because all models see the same sample, a single set of pre-validation and
cleaning parameters – anomaly removal, verification of missing values, correlation screening, and
cross-validation – limits the influence of residual noise and prevents errors from propagating between
models, while keeping the contribution of every model separately interpretable.

The decision tree (DT) provides preliminary filtering and categorization of the data. Its hierarchical
logic is directly readable and exposes the threshold values of the pollutant indicators that separate risk
levels, which also makes it a baseline for classifying regions or time intervals by pollution level.

The support vector machine (SVM) addresses nonlinear relationships between air quality indicators
and the assigned risk level. It performs well on heterogeneous features and constructs accurate separat-
ing surfaces in a multidimensional feature space, which delineates the conditions under which pollutant
exposure becomes significantly detrimental to health.

The random forest (RF) aggregates multiple decision trees built on repeated samples. This refines the
structure of the risk factors, reduces the effect of outliers and noise, and improves the reliability and
reproducibility of the risk estimates.

The gradient boosting model XGBoost improves the predictive capacity of the system through iterative
error correction and handles complex dependencies between the temporal, spatial, and pollutant-related
features efficiently.

The convolutional neural network (CNN) extracts local patterns from the ordered feature representa-
tion. This is useful when observations are correlated in space and time and helps to identify clusters of
elevated health risk, which is relevant for targeted public health interventions.

The LSTM network captures the temporal dynamics of pollution. Owing to its ability to learn long-
term dependencies, it can represent delayed effects, which is a prerequisite for forecasting how risk
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evolves rather than only classifying the current state.
The primary dataset chosen for this research is the Air Pollution Image Dataset from India and Nepal

[24]. It comprises annotated images of urban and rural environments captured at varying levels of
air pollution, together with the pollutant concentrations, the location, the time, and the AQI class
recorded for every image; the structured attributes of this collection form the feature space used in the
present study. The six AQI labels – Good, Moderate, Unhealthy for Sensitive Groups, Unhealthy, Very
Unhealthy, and Severe – constitute the target variable and are used as a proxy for the level of harm to
population health. To improve the reliability and generalizability of the model outputs, the data were
extended and validated with structured environmental measurements from two authoritative sources
[25, 26], which allowed the pollution levels to be cross-validated and the prediction thresholds to be
calibrated.

The problem is therefore a multiclass classification task, in which the algorithm must assign an
observed instance to one of several predefined classes. The input dataset is represented as 𝑋 =
{𝑥1, 𝑥2, . . . , 𝑥𝑛}, where each object 𝑥𝑖 is a vector of features from the space R𝑑. For each object 𝑥𝑖 a
class label is matched 𝑦𝑖 ∈ {1, 2, . . . ,𝐾}, where 𝐾 is the number of classes (six in the present task). It is
required to build a function 𝑓 : R𝑑 → {1, 2, . . . ,𝐾}, which for any input object 𝑥 will predict the class
label 𝑦 (public health risk). The model is built using a training sample {(𝑥1, 𝑦1) , (𝑥2, 𝑦2) , . . . , (𝑥𝑛, 𝑦𝑛)}
formed from informative input features, and its task is to find an approximation of the function 𝑓 based
on this data. If 𝑃 (𝑦 = 𝑘|𝑥) denotes the probability that an object belongs to class 𝑘, then 𝑓(𝑥) predicts
the class with the highest posterior probability

𝑓(𝑥) = argmax
𝑘∈{1,2,...,𝐾}

𝑃 (𝑦 = 𝑘|𝑥) . (1)

To train the model, a loss function is employed to quantify the discrepancy between the predicted
class labels and the true class labels. One of the most commonly used loss functions for this purpose is
the cross-entropy loss:

𝐿
(︀
𝑦, 𝑦′

)︀
= −

𝐾∑︁
𝑘=1

𝑦𝑘 log
(︀
𝑦′𝑘
)︀

(2)

where 𝑦𝑘 is a binary indicator (0 or 1) showing whether an object belongs to class 𝑘, and 𝑦′𝑘 =
𝑃 (𝑦 = 𝑘|𝑥) is the probability of that class as predicted by the model. The model is optimized by
minimizing the loss function 𝐿 using optimization techniques such as gradient descent, and the final
prediction is made by selecting the class with the highest probability.

The operation of the system is formalized as a BPMN diagram with four lanes – user, web frontend,
server backend, and ML models – presented in figure 1. A session starts when the user loads a dataset
through the frontend; the backend saves it, runs the exploratory data analysis (EDA), and prepares the
data for prediction; the models produce their outputs; and the saved results are returned to the frontend
for visualization, which closes the session.

Within the study, the imported data are stored as Pandas DataFrame objects and pass through
preprocessing, which includes the detection of anomalies and outliers, the treatment of missing values,
and the mitigation of class imbalance in the target variable by oversampling of the minority classes.
Preprocessing is followed by EDA: descriptive statistics, correlation analysis, factor analysis, and, in
cases where the number of input features is high, dimensionality reduction. During the modeling phase,
the individual models are trained on the training subset obtained by data splitting and are checked by
cross-validation. They are then evaluated on unseen test data in terms of accuracy, precision, recall,
F1-score, and training time, and serialized into separate files for subsequent loading and deployment on
new datasets. The implementation uses NumPy and Pandas for data structure manipulation, Matplotlib
and Seaborn for visualization, scikit-learn (sklearn) for label encoding, normalization, metric evaluation,
and the classical models, and Keras for the neural networks.

The main classes of the system are shown in figure 2. The ExploratoryDataAnalysis class is responsible
for the exploratory analysis: it stores the paths to the directories with graphical output and generates
the visualizations through the methods generateDataDistributionPlot, generateEmissionIndexPlot,
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Figure 1: BPMN formalization scheme.

generateCorrelationMatrixPlot, generateZScorePlot, generatePairplotPlot, and generateClassDistri-
butionPlot. The central file server.py contains the core operational logic and defines the main API
endpoints get_session (session initialization), upload_file (data upload), start_eda (EDA execution),
predict (model inference), and compare (model performance comparison).

The Regression and Classification classes execute the corresponding families of models. Both keep the
prediction results and refer to the serialized models stored in the file system of the server, among them
decisionTreeModel.pkl, randomForestModel.pkl, XGBoostModel.pkl, mlpModel.keras, lstmModel.keras,
and dnnModel.keras; the Classification class additionally manages the assignment of environmental
data to the predefined classes and the extension of the output dataframe (classificationResult, ex-
tendDataframe). The CompareClassification and CompareRegression classes are responsible for the
comparative analysis of the outputs of the two families and provide the plotting operations generate-
ForecastComparePlot, generateHeatmapPlot, generateAQIDistributionPlot, generatePopularityPlot,
generateBoxPlot, generateModelPredValuesPlot, generateCorrelationMatrixPlot, and generateAQIFore-
castPlot, which facilitate the interpretation of model performance and cross-model benchmarking.

The intelligent system is built on a client-server architecture. The backend is implemented in
Python using the Flask microframework, which offers a lightweight and flexible basis for the RESTful
API and handles the HTTP routing that manages the acquisition, processing, and storage of the
environmental data; the structural organization of the backend project is presented in figure 3. The
frontend is implemented in JavaScript using the React library and provides a file upload page, modules
for displaying the EDA results, a prediction page for executing model forecasts, and a dedicated section
for model comparison. Interaction with the backend is handled via the Axios library, which executes
the HTTP requests.
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Figure 2: Main code classes diagram.

4. Experiments and results analysis

The imported data were cleaned before any model was trained. The Filename attribute was removed
because it identifies the source image and carries no analytical value in the context of the studied task.
The Year and Month attributes were excluded as well, since they exhibit strong intercorrelation and
contribute inconsistently to the data structure; their removal avoids potential collinearity and reduces
redundancy. Label encoding was applied to the remaining categorical variables, location and hour, using
LabelEncoder to convert textual data into a numerical form compatible with the algorithms. Missing
values were then analyzed with the isnull() method: the features O3, CO, SO2, and NO2 each contained
over 2,000 missing entries, which were imputed with the mean of the respective variable using the
mean() function, whereas records with a high proportion of missing values were removed.

The distributions of the key pollutants (PM2.5, PM10, NO2, SO2, CO, and O3) were visualized using
histograms and kernel density estimates to evaluate skewness, variance, and modality, and boxplots
stratified by AQI class label were used to locate outliers. Two independent criteria, the Z-score and
the interquartile range (IQR), were applied for anomaly detection, the former visualized as anomaly
heatmaps and the latter as boxplots. The target variable AQI_Class is imbalanced, so the minority
classes were augmented with the SMOTE and ADASYN oversampling algorithms; the resulting balanced
datasets were exported and used for training the classification models.

Correlation analyses were performed using both Pearson and Spearman metrics to evaluate linear
and monotonic relationships among features, and the resulting matrices were visualized as heatmaps
(figure 4). The significance of the associations was examined with Welch’s t-test for comparing AQI
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Figure 3: Project structure in IDE.

values across class pairs, one-way ANOVA for multi-class comparisons, and the 𝜒2 test for assessing
dependence between AQI categories and binned pollution levels (e.g., high versus low PM2.5). The
highest correlation values are observed among the attributes characterizing particulate pollution, notably
PM2.5 and PM10, which is attributable to the nature of their measurement and the similarity in the
instrumentation and methodologies used for their detection, whereas the indicator columns produced
for location and hour in this analysis show weaker and more localized associations with the pollutant
concentrations.

The dimensional structure of the dataset was examined through factor analysis and dimensionality
reduction. Factor analysis with a specified three-component model revealed the latent constructs
underlying the pollutant data and the AQI values, and the loadings were inspected to interpret the
contribution of the variables to each factor. Principal component analysis (PCA) and t-distributed
stochastic neighbor embedding (t-SNE) were subsequently applied to reduce the feature space to two
dimensions, which confirmed the separability of the risk classes and the intrinsic structure of the data.
The corresponding plots are generated by the system and are omitted here for reasons of space.

Figures 5–7 show the EDA workflow of the locally deployed system from the end-user’s perspective.
The data upload section provides a brief description of the basic requirements for the input file that

the user is allowed to upload, alongside an interactive button labeled “Upload file.” Upon uploading,
the user is shown the name and details of the selected file to verify its correctness. Once confirmed,
the user proceeds by clicking the “Confirm data” button, which transitions the interface to the data
analysis section.

The backend then applies its EDA module to the uploaded input, visualizing the statistical charac-
teristics of the dataset and generating correlation matrices, distribution plots, and the other analyses
described above. The REST API endpoints return the analytical outputs as images, which are rendered
in the frontend interface for interpretation.

For predictive modeling, the system incorporates both classification and regression algorithms based
on DT, SVM, RF, XGBoost, LSTM, and CNN. These models are pre-trained and serialized into .pkl or
.keras files stored within the file system of the server. When a user initiates a request, the Flask-based
backend deserializes the appropriate model, processes the prepared input data, and returns the resulting
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Figure 4: Heat map of the correlation estimates between the input features of the dataset.

Figure 5: Analytics dashboard: preview of the uploaded data, AQI class distribution and distribution of AQI
classes by month.

prediction as a structured JSON response.
To initiate forecasting, the user must first select both the desired model and its type, either classi-

fication or regression. Following the selection, a “Start Prediction” button becomes available, and its
activation triggers a backend request that launches the selected prediction pipeline. Once the results are

254



Figure 6: Analytics dashboard: percentage distribution of AQI classes and correlation matrix of the variables.

Figure 7: Analytics dashboard: distribution of AQI classes by location.

generated, the system returns a response to the frontend containing visual outputs and a detailed CSV
report. The content of the results varies depending on the selected model type, reflecting differences in
algorithmic logic and output structure.

For the evaluation, the dataset was partitioned into training and testing subsets using a 75:25 ratio.
The resulting confusion matrices for all implemented models are presented in figures 8–10, where the
output risk classes are numerically encoded in ascending order of severity, from 0 (Good) to 5 (Severe),
and were visualized using the Seaborn library.

The matrices show that all models except the decision tree classify the six risk classes with few
errors, and that the residual errors are almost entirely confined to neighboring classes, which is the
least harmful kind of error for a risk assessment task. The decision tree is the exception: it recognizes
the Very Unhealthy class in only 13.3% of cases and assigns most of these observations to the adjacent
Severe class, which is what lowers its averaged recall. The random forest and the convolutional network
leave the fewest misclassified observations, followed by the LSTM model.

The metrics derived from these matrices are summarized in table 1. Accuracy is computed over all
classes at once, whereas precision, recall, and F1-score are macro-averaged over the six classes, so that
the smaller classes contribute as much as the larger ones. To account for computational complexity in
addition to classification quality, the auxiliary indicator 𝑡𝑎𝑣𝑔 was introduced, representing the average
training time of a model in seconds.

The random forest attains the highest accuracy (0.988) and F1-score (0.987), with the convolutional
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(a) (b)

Figure 8: The confusion matrices for the models: Decision Tree (a) and Support Vector Machine (b).

(a) (b)

Figure 9: The confusion matrices for the models: Random Forest (a) and XGBoost (b).

(a) (b)

Figure 10: The confusion matrices for the models: LSTM network (a) and convolutional neural network (b).

network practically level (0.987 and 0.986) and the LSTM model close behind (0.980 and 0.979). XGBoost
and the support vector machine form the next group, around 0.96, and the single decision tree is clearly
the weakest (0.856), its low F1-score reflecting the collapse of one class rather than a uniform loss of

256



Table 1
Comparative analysis results for the created models, computed from the confusion matrices in figures 8–10. 𝑡𝑎𝑣𝑔
is the average training time in seconds.

Metric DT SVM RF XGB CNN LSTM

Accuracy 0.856 0.960 0.988 0.964 0.987 0.980
Precision 0.883 0.960 0.987 0.963 0.986 0.979
Recall 0.817 0.961 0.988 0.963 0.987 0.980
F1-score 0.795 0.960 0.987 0.963 0.986 0.979
𝑡𝑎𝑣𝑔 , s 3 18 7 8 45 67

quality. Read together with 𝑡𝑎𝑣𝑔 , the random forest is the most economical of the accurate models: it
matches the accuracy of the convolutional network after 7 s of training instead of 45 s, and the LSTM
model requires 67 s for a slightly lower result. The decision tree remains the fastest model of all (3 s),
but its inability to separate the two most severe classes makes it unsuitable for use on its own.

The macro-averaged one-vs-rest ROC curves of the models are presented in figure 11, which relates
the true positive rate (TPR) to the false positive rate (FPR) for each classifier: the closer a curve lies
to the upper left corner, the better the model separates the target classes. The curves of XGBoost and
the CNN run closest to that corner, with the LSTM model immediately behind them, which indicates a
consistently high level of sensitivity and specificity over the range of decision thresholds. The random
forest, the SVM and the decision tree progress in visible steps and remain farther from the corner; at
low false positive rates, where a risk assessment system has to operate, the decision tree is the weakest
of all, which reflects the limitations of a single tree structure in handling complex class boundaries
in a multiclass task. Since a ROC curve evaluates the ranking of the predicted scores rather than the
hard label finally assigned, this ordering need not coincide with the ordering by accuracy in table 1:
XGBoost separates the classes well when the threshold is varied, yet at the default threshold it makes
more errors than the random forest and the CNN.

Figure 11: Macro-averaged one-vs-rest ROC curves for the developed models.
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Both neural models converge to their final accuracy within a few tens of epochs. The LSTM model
approaches an accuracy of 0.98 by approximately the fifteenth epoch and the CNN by approximately
the twenty-fifth; beyond that point the improvement slows considerably and minor fluctuations appear,
which suggests a risk of overfitting that the selected regularization parameters keep under control. In
the initial training phase the CNN exhibits higher error values than the LSTM model, but its epochs are
cheaper, so its total training time remains lower (45 s against 67 s).

One limitation follows from the order of the preprocessing steps described above. The minority
classes were oversampled before the dataset was partitioned, so synthetic observations may be present
in both subsets, and the absolute values in table 1 should therefore be read as an upper bound on the
quality attainable on genuinely unseen data. Repeating the evaluation with the split performed before
augmentation, and on data from other monitoring networks, is left for further work.

5. Conclusion

The comparative evaluation of the six implemented models shows a clear advantage of the ensemble and
deep learning methods. The random forest reaches an accuracy of 0.988 with a macro-averaged F1-score
of 0.987, the convolutional network is practically indistinguishable from it (0.987 and 0.986), and the
LSTM model follows with 0.980 and 0.979, so the system assigns the health risk level correctly in more
than 98% of cases when one of these three models is used. XGBoost and the support vector machine
remain around 0.96, whereas the single decision tree, at 0.856, fails on the boundary between the two
most severe classes and is useful only as an interpretable baseline. Training time moves in the opposite
direction: 3 s for the decision tree and 7 s for the random forest against 45 s for the convolutional
network and 67 s for the LSTM model. The random forest therefore offers the best compromise between
accuracy and computational cost, while the deep architectures justify their cost where the temporal
structure of the data has to be modeled.

The confusion matrices and the ROC curves confirm the stability of the predictions across all six risk
classes: the residual errors are almost always confined to neighboring classes, and the ranking quality
measured by the ROC curves is high for XGBoost, the convolutional network, and the LSTM model.
From a systems perspective, the interpretable models proved useful at the data preparation stage, where
they expose threshold values and support the segmentation of the data, whereas the ensemble and deep
architectures carry the classification itself. Keeping the six models independent and comparing them
only at the evaluation stage made this division of labor visible, and cross-checking the primary dataset
against external structured sources improved the consistency of the estimates.

Further work will first address the limitation identified above, so that the reported quality can be
confirmed on strictly unseen data. On the system side, the planned extensions are the processing of
real-time data streams from sensor networks, so that the models adapt to dynamically changing envi-
ronmental conditions; deployable cloud components and monitoring subsystems that make continuous
operation scalable; the integration of attention mechanisms and transformer architectures to enhance
sequence modeling; federated learning for privacy-preserving risk assessment; and individual-level
risk personalization together with the simulation of long-term epidemiological trends, which would
increase the practical value of the system for public health planning and policy support.
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