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Abstract

The spread of infectious diseases under wartime and resource-constrained conditions cre-
ates a need for analytical tools that support both population-level epidemiological monitor-
ing and preliminary patient-level image analysis. This study develops and evaluates a web-
based analytical framework incorporating two complementary modules: infectious-disease
forecasting and chest X-ray image analysis. For epidemiological forecasting, ARIMA, deep
neural network (DNN), and long short-term memory (LSTM) models were evaluated
to compare statistical, feed-forward neural-network, and recurrent neural-network ap-
proaches to one-month-ahead prediction using Ukrainian epidemiological data from 2020
to 2023. For chest X-ray analysis, YOLOv8 and YOLOv11 nano and small configurations
were compared in a proof-of-concept experiment involving five pulmonary categories. The
two analytical modules were integrated at the application level within a common web-
based interface providing data upload, model selection, analysis, and result visualization.
Under the adopted one-month-ahead hold-out evaluation, DNN and LSTM generally pro-
vided lower forecasting errors than the ARIMA baseline. In the image-analysis experiment,
YOLOv11s produced the highest validation mAP@0.5:0.95 among the evaluated configura-
tions, reaching 0.74. However, the public chest X-ray dataset had been augmented by its
provider before acquisition, and the present image-analysis evaluation used training and
validation partitions without an independent test subset for final performance assessment.
Therefore, the reported image-analysis metrics characterize only the adopted validation
partition, may overestimate performance on independent data, and should not be inter-
preted as estimates of clinical or external generalization. In addition, the manually prepared
bounding-box annotations were not independently verified by a qualified clinical expert.
Accordingly, the image-analysis component should be regarded as a proof-of-concept com-
putational evaluation rather than a clinically validated diagnostic system. The developed
prototype demonstrates the technical feasibility of providing epidemiological forecasting
and preliminary chest X-ray image analysis within a common application environment for
emergency and resource-constrained settings.

Keywords: infectious disease forecasting; YOLOv11; LSTM; ARIMA; chest X-ray image
analysis; deep learning; object detection; web-based analytical framework
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1. Introduction
Forecasting the prevalence of infectious diseases under wartime conditions represents

a challenging task in time series analysis due to dynamic and uncertain environmental
factors [1,2]. The military conflict in Ukraine has led to a serious deterioration in living
conditions, which increases the risk of spreading infectious diseases. The destruction of
medical infrastructure and lack of proper access to medical services in many regions weaken
the ability to control the disease [3–5]. The displacement of the population due to the
hostilities creates conditions for mass contacts in shelters and temporary accommodation
centers, where there is a lack of proper sanitary and hygienic standards, which contributes
to the transmission of infectious diseases. In particular, the war increases the vulnerability
of the population to infectious diseases due to deteriorating immunity, stress factors, and
lack of access to necessary medicines, among other things [6]. Official surveillance of
infectious diseases in Ukraine was disrupted by Russia’s invasion in 2022, which led to
problems with tracking and containing epidemics. Looking at open-source data from
EPIWATCH, one can see the numbers for the most commonly reported cases of diseases,
with figures from official sources [7]. There was an increase in the total number of reports
of infectious diseases compared to the period before the invasion (Figure 1).

Figure 1. EPIWATCH daily reports on outbreaks in Ukraine before and during the Russian invasion,
1 November 2021–31 July 2022 [7,8].

Looking at the behavior of infectious diseases, we can take into account the large-scale
measles epidemic that affected Ukraine in 2019, partly due to low vaccination coverage. Al-
though reported cases have decreased significantly, the recent shortage of vaccines against
many diseases poses a threat to society [8,9]. Despite the availability of machine learning
approaches for either epidemiological forecasting or medical image analysis, most existing
solutions address these tasks independently, without integrating them into a unified frame-
work. In application-oriented scenarios, especially under emergency conditions, there is a
need for systems that can provide both disease-spread forecasting and preliminary image-
analysis functionality within a common analytical environment. The main contributions of
this study are as follows:
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• Development of an application-level analytical framework that brings together two
complementary tasks: population-level infectious disease forecasting and individual-
level chest X-ray image analysis within a unified system.

• Comparative evaluation of ARIMA, DNN, and LSTM approaches for one-month-
ahead infectious disease forecasting using Ukrainian epidemiological data collected
for 2020–2023. The experiments consider measles, acute respiratory infections, and in-
fluenza, allowing statistical and neural-network forecasting approaches to be assessed
under the same application scenario.

• Comparative proof-of-concept evaluation of YOLOv8 and YOLOv11 object-detection
architectures for chest X-ray image analysis. Nano and small configurations of both
model generations are evaluated for five annotated categories—bacterial pneumo-
nia, COVID-19, tuberculosis, viral pneumonia, and normal lungs—under the same
validation-partition protocol.

• Implementation of a web-based prototype that provides access to both analytical mod-
ules through a common interface. The developed system supports epidemiological
data upload, forecasting-model selection and visualization of predictions, as well as
chest X-ray upload and visualization of image-analysis results.

Unlike approaches that address epidemiological forecasting and medical image anal-
ysis as separate application scenarios, the proposed prototype provides access to both
functionalities within a common web-based environment. The current implementation
integrates these components at the application level and is presented as a proof-of-concept
analytical prototype for resource-constrained and emergency-condition scenarios.

2. Comparative Analysis of Existing Approaches and Research Gap
Research related to the proposed system can be divided into two principal directions:

epidemiological time series forecasting and automated analysis of thoracic medical im-
ages. Although both directions contribute to infectious disease management, they are
usually investigated independently. Forecasting methods operate at the population level
and estimate future incidence dynamics, whereas image-based methods operate at the
individual-image level and provide computational analysis of radiological data. Under
wartime and resource-constrained conditions, these tasks can be considered complementary
within a unified analytical framework.

The numerical results reported in the reviewed studies cannot be compared directly
because the corresponding experiments differ in terms of diseases, geographical regions,
forecasting horizons, imaging modalities, dataset composition, model configurations, and
evaluation metrics. Therefore, the following analysis focuses on the methodological scope,
functional coverage, application context, and limitations of the considered approaches
rather than on a direct ranking of their reported numerical results.

Classical statistical models remain relevant as interpretable baselines for infectious-
disease forecasting. In [10], the ARIMA model was applied to COVID-19 morbidity and
mortality data from India. The obtained forecasts were consistent with the observed
dynamics, demonstrating that autoregressive models can capture short-term temporal
patterns when sufficiently regular historical observations are available. However, the use
of a single statistical model limits the ability to represent nonlinear dependencies and
abrupt structural changes that may arise during emergencies, population displacement, or
disruptions in disease surveillance.

A direct comparison between statistical and neural network forecasting was performed
in [11], where ARIMA and LSTM models were used to predict daily COVID-19 cases and
mortality in two regions of Indonesia. The LSTM model demonstrated better forecasting
performance according to RMSE and MAPE. This result indicates that recurrent neural
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networks can provide advantages when the time series contains nonlinear and long-term
temporal dependencies. Nevertheless, the experiment considered a short 13-day forecasting
horizon and a single infectious disease, while no medical-image-analysis functionality
was included.

The study in [12] further developed the idea of combining statistical and deep-learning
methods. Hybrid PSO-LSTM-ARIMA, MLR-LSTM-ARIMA, and BPNN-LSTM-ARIMA
models were evaluated using epidemiological data from Germany and Japan. The BPNN-
LSTM-ARIMA configuration achieved the best results according to MSE, RMSE, and MAE.
Hybridization can increase predictive capacity by combining linear and nonlinear represen-
tations; however, it also increases model complexity and the number of parameters that
must be configured. Moreover, the proposed approach remains limited to epidemiological
forecasting and does not include a patient-level medical-image-analysis component.

The model presented in [13] combines an improved susceptible-infected formulation
with NLP and LSTM components to account for differences in infection rates between
individuals. Its main contribution is the incorporation of additional contextual information
into short-term forecasting. The model reduced the average prediction error for several
countries compared with alternative approaches. At the same time, the study remained
focused on short-term COVID-19 forecasting and did not address radiological image
analysis or integration within a combined analytical software environment.

Taken together, studies [10–13] demonstrate a transition from classical ARIMA-based
forecasting to recurrent and hybrid neural network models. Their results support the com-
parative evaluation of statistical and deep learning approaches. However, the reviewed fore-
casting studies are primarily focused on COVID-19, are evaluated outside wartime condi-
tions, and do not integrate population-level forecasts with individual image-based analysis.

The second group of studies focuses on computer-aided analysis of thoracic images.
In [14], the Lung-DT framework combines YOLOv8 with digital twin and IoT technologies
for chest X-ray analysis. Importantly, one of the public datasets used in that study was
the same “Lungs Disease Dataset (4 Types)” employed in the present work. However,
Lung-DT combined this dataset with an additional public chest X-ray dataset, forming a
substantially larger unified dataset, and applied a different training and evaluation protocol.
The authors reported validation and test accuracies of 96.6% and 96.8%, respectively.
These values cannot be directly compared with the results of the present study because
the dataset composition, data partitioning, task formulation, annotation protocol, and
evaluation metrics differ. In particular, the present study evaluates bounding-box-based
YOLO detection using mAP@0.5:0.95, whereas Lung-DT primarily reports classification-
oriented accuracy, precision, recall, and F1-score. Nevertheless, the results of [14] confirm
the applicability of the selected public chest X-ray data to automated pulmonary image
analysis and provide a relevant reference point for the present experiments.

The influence of architecture selection and training configuration on respiratory dis-
ease classification was investigated in [15]. Pre-trained convolutional networks, including
ResNet50, DenseNet121, EfficientNetB4, and MobileNetV2, were evaluated using chest
X-ray images. The study showed that performance depends not only on the architecture
but also on the learning rate, optimizer, dropout, and other hyperparameters. This finding
supports the need for comparative model evaluation under a consistent experimental
protocol. However, the study addresses image classification only and does not include
disease incidence forecasting, object localization, or an integrated user-oriented platform.

The authors of [16] proposed an improved YOLOv8 model for detecting lung-cancer
targets and classifying their subtypes in CT images. High-resolution attention, multi-scale
feature interaction, modified spatial-pyramid pooling, and an alternative IoU-based loss
function were introduced to improve the recognition of small targets. The study illustrates

https://doi.org/10.3390/a19100894

https://doi.org/10.3390/a19100894


Algorithms 2026, 19, 894 5 of 28

the use of architecture-level modifications for a specialized medical-image task. Its ex-
perimental scope is limited to lung cancer and CT imaging, whereas no epidemiological
component or comparison with newer YOLO generations is provided.

A YOLOv8-based method for detecting COVID-19, H1N1 influenza, and cancer in CT
scans was evaluated in [17]. The study reported an average processing time of 2.38 s for its
YOLO-based image-analysis procedure. Consequently, it does not establish whether newer
YOLO architectures provide a more favorable balance between accuracy, model complexity,
and inference speed.

The comparative study in [18] evaluates YOLOv8, YOLOv9, YOLOv10, YOLOv11,
and Faster R-CNN for weed detection. Although the application domain is not medical,
the study provides relevant cross-domain evidence concerning the speed-accuracy trade-
off of recent object-detection architectures. In particular, its results demonstrate that
the newest model version is not necessarily the most accurate in every task and that
architecture selection should be based on experimental comparison rather than model
recency alone. The direct transferability of these results to chest X-ray analysis is limited
because agricultural and medical images differ substantially in visual structure, object scale,
annotation characteristics, and acceptable error levels.

The image-based studies therefore confirm the applicability of convolutional and
YOLO-based architectures to pulmonary image analysis. At the same time, most of them
either evaluate a single detector family, focus on a single disease or imaging modality, or
remain disconnected from epidemiological forecasting. The comparison criteria in Table 1
were selected to reflect the principal functional requirements of the proposed system and
to identify the corresponding research gap. The “Epidemiological forecasting” criterion in-
dicates whether a study supports population-level prediction of disease incidence, whereas
“Thoracic image analysis” reflects the availability of patient-level analysis of chest imaging
data. The “Integrated operational framework” criterion was included to distinguish stan-
dalone algorithmic studies from solutions that combine analytical functionality within an
application-oriented system. Finally, the “Principal limitation relative to the proposed task”
criterion summarizes the main methodological or functional restriction of each study with
respect to the combined forecasting and image-analysis scenario considered in this work.
The functional coverage of the reviewed studies is summarized in Table 1.

The comparison reveals four principal research gaps. First, the reviewed forecasting
studies [10–13] do not include an image-analysis component, while the medical-image
studies [14–17] do not estimate future disease incidence. As a result, population-level
epidemiological forecasting and individual-level image analysis remain separated into
different analytical workflows.

Second, several studies rely on a single statistical model or detector architecture.
Although studies [11,12,15,18] demonstrate the value of comparative evaluation, there
remains a need to compare classical forecasting, feed-forward neural network, recurrent
neural network, and modern object-detection approaches under consistent data-preparation
and evaluation conditions.

Third, most epidemiological studies focus on COVID-19 in non-wartime settings.
They do not explicitly consider the combined effects of disrupted surveillance, population
displacement, restricted access to healthcare facilities, and limited diagnostic resources.
These factors are particularly relevant to infectious disease monitoring in Ukraine.

Fourth, many existing works evaluate algorithms as independent experimental mod-
els without integrating them into an accessible system. An application-level analytical
environment can instead provide common access to epidemiological and radiological
data processing, model selection, analysis initiation, and result visualization through a
unified interface.
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Table 1. Summary of related studies and their functional coverage.

Ref. Epidemiological
Forecasting

Thoracic Image
Analysis

Integrated
Operational
Framework

Principal Limitation Relative
to the Proposed Task

[10] Yes No No

A single statistical model and a
single disease; nonlinear and

emergency-driven changes are not
explicitly addressed.

[11] Yes No No Short forecasting horizon; no
image-analysis component.

[12] Yes No No
Forecasting-only solution with

increased hybrid-model
complexity.

[13] Yes No No Short-term COVID-19 prediction
without radiological analysis.

[14] No Yes Yes

Patient-level image analysis
without epidemiological

forecasting or comparison of
YOLO generations.

[15] No Yes No Image classification and
hyperparameter analysis only.

[16] No Yes No Specialized for one pathology and
one imaging modality.

[17] No Yes No
No comparison with newer YOLO

architectures and no
forecasting module.

[18] No Non-medical No

Provides cross-domain
architecture comparison but has

limited direct
medical applicability.

This study Yes Yes Yes

Combines population-level
forecasting and preliminary

image-based analysis in a web
system intended for
resource-constrained
wartime conditions.

Accordingly, the research problem addressed in this study is the development and
experimental evaluation of an application-level analytical framework that provides com-
plementary population-level infectious-disease forecasting and individual-level chest X-ray
image analysis within a common software environment. The forecasting subsystem com-
pares ARIMA, DNN, and LSTM models using Ukrainian incidence data for measles, acute
respiratory infections, and influenza. The image analysis subsystem compares the nano
and small configurations of YOLOv8 and YOLOv11 for five chest X-ray categories: bacterial
pneumonia, COVID-19, tuberculosis, viral pneumonia, and normal lungs. Both subsystems
are incorporated into a web-based interface intended to support analytical work under
resource-constrained and wartime conditions.

The proposed framework differs from the reviewed approaches not by introducing a
single universally superior algorithm, but by combining complementary analytical tasks
and enabling model comparison within a common application environment. The resulting
system is presented as a proof-of-concept application-level framework for epidemiological
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forecasting and preliminary computer-aided image analysis and should not be interpreted
as a clinically validated diagnostic system or as a replacement for medical expertise.

3. Materials and Methods
Machine learning approaches have been increasingly applied to epidemiological

modeling and infectious disease analysis [19–22], as well as to intelligent control [23],
image recognition [24], and medical image processing [25]. At the same time, recent
studies emphasize that the effectiveness of a particular model depends strongly on the
structure of the input data, the application scenario, and the selected training and evaluation
protocol [26]. Therefore, rather than relying on a single modeling paradigm, this study
evaluates several complementary approaches for the two analytical tasks considered.

Recent time series studies demonstrate the diversity of forecasting formulations and
application scenarios, including discrete count-data models [27], transformer-based fore-
casting in healthcare [28], disease incidence forecasting combined with an interactive
software environment [29], and time series modeling of measles outbreaks [30]. These
examples indicate that forecasting-model selection should account for both the structure of
the available data and the intended application scenario.

Related methodological studies have considered autoregressive modeling under spa-
tial error structures [31] and scalable variable selection for spatial autoregressive mod-
els [32]. Machine learning approaches have also been applied to classification problems
involving medical data [33]. These studies further illustrate the dependence of model
design on data characteristics and task formulation.

For epidemiological forecasting, three approaches were selected: seasonal ARIMA, a
feed-forward DNN, and an LSTM network. This selection enables comparison between a
classical statistical model, a nonlinear feed-forward neural model, and a recurrent architec-
ture designed to represent temporal dependencies. All three approaches were applied to
monthly incidence data for measles, acute respiratory infections, and influenza collected in
Ukraine for 2020–2023.

ARIMA-based approaches remain widely used for infectious disease and non-
stationary time series forecasting [34–37]. Hybrid ARIMA-neural and related autoregressive
approaches have also been investigated in other forecasting domains, including traffic-
accident loss prediction and air-quality forecasting [38,39]. ARIMA has additionally been
applied to interrupted time-series analysis of communicable-disease incidence [40].

Seasonal and hybrid SARIMA formulations have been evaluated across a range of
forecasting tasks, including rainfall [41], monthly humidity [42], satellite-derived environ-
mental time series [43], hospital admissions [44], economic indicators [45], atmospheric
CO2 concentrations [46], and infectious disease incidence [47]. Collectively, these studies
demonstrate the applicability of seasonal autoregressive modeling to time series with
different domains and temporal structures.

For chest X-ray analysis, YOLOv8 and YOLOv11 were selected as representative one-
stage object-detection architectures. Nano and small configurations of both generations
were evaluated to examine the influence of both detector generation and model capacity on
the considered five category image analysis task. The overall methodology therefore con-
sists of two independent processing pipelines. In the forecasting pipeline, historical monthly
incidence observations are processed by the selected ARIMA, DNN, or LSTM model to gen-
erate a one-month-ahead disease incidence forecast. In the image-analysis pipeline, a chest
X-ray image is processed by a trained YOLO detector to obtain the predicted pulmonary
category, bounding-box localization, and confidence score. The outputs of both pipelines
are subsequently made available through the common web-based application.

https://doi.org/10.3390/a19100894
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Because the epidemiological series considered in this study exhibited seasonal behav-
ior, a seasonal ARIMA formulation was used as the statistical baseline. Autocorrelation
and partial autocorrelation functions were examined to assess the temporal structure of
each series; however, the cutoff points did not provide an unambiguous basis for manual
order selection. Candidate configurations were therefore identified using the auto.arima
procedure in R and compared using the Akaike information criterion (AIC) and root mean
squared error (RMSE). For each disease, the selected configuration was fitted to the avail-
able historical observations and used to generate a one-month-ahead incidence forecast.
Thus, the input of the statistical branch is the chronological morbidity series, whereas its
output is the predicted incidence value for the subsequent monthly observation.

Other recent studies further illustrate the diversity of modern time series forecasting
strategies, including transformer-based prediction of electric-vehicle charging demand [48],
comparative ARIMA/SARIMA modeling of traffic loads [49], and Box–Cox-integrated
SARIMA forecasting [50].

Deep neural architectures have likewise been applied to a variety of sequential-data
problems, including DNN-based time series distribution estimation [51], hybrid LSTM-
DNN modeling [52], DNN-based time series preprocessing and classification [53], and
hybrid sequence-oriented signal modeling [54]. The broader adaptability of DNN-based
architectures has also been demonstrated in cybersecurity [55], industrial information and
control systems [56], edge computing applications [57], neural model protection [58], intel-
ligent transportation systems [59], and image-based disease-related classification tasks [60].

For infectious disease forecasting, a feed-forward DNN model was implemented using
the Keras Sequential API and Dense layers. The network included hidden layers with 128,
128, and 64 neurons using ReLU activation, followed by a single-neuron output layer for
forecasting. Model training was monitored using the mean squared error (MSE) loss. The
loss values were used exclusively to assess the convergence of the optimization process and
should not be interpreted as classification or forecasting accuracy. The predictive perfor-
mance of the forecasting models was evaluated separately using held-out epidemiological
observations, as described in Section 4. The prepared historical incidence observations
were supplied to the DNN input, and the single-neuron output layer returned the fore-
casted incidence value for the following month. In this way, the DNN provides a nonlinear
feed-forward alternative to the seasonal ARIMA forecasting branch while producing the
same type of final output.

LSTM networks are recurrent neural architectures designed to model temporal de-
pendencies through gated memory mechanisms [61–71]. Their ability to preserve relevant
information over extended sequences makes them suitable for non-stationary epidemio-
logical time series, where current incidence may depend on observations from previous
periods. In this study, LSTM was therefore evaluated as a nonlinear recurrent alternative to
both the statistical ARIMA model and the feed-forward DNN approach. In this study, the
LSTM model was used for one-step-ahead forecasting of infectious disease incidence based
on historical observations. The input time series was transformed into sequential samples
representing previous observations and their corresponding target values. These sequences
were provided to the LSTM network, followed by a fully connected output layer producing
the forecasted incidence value. Model parameters were optimized during training using
the mean squared error loss, and the trained network was subsequently used to generate
the one-month-ahead forecasts evaluated in Section 4. The main computational steps are
summarized in Algorithm 1.

https://doi.org/10.3390/a19100894
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Algorithm 1. LSTM-based infectious-disease forecasting procedure

Input: historical incidence time series X
Output: one-step-ahead forecast ŷ
1. Load the historical epidemiological time series.
2. Prepare sequential input–target pairs from previous observations.
3. Reshape the input data into the format required by the LSTM network.
4. Initialize the LSTM forecasting model.
5. Add an LSTM layer for extracting temporal dependencies.
6. Add a fully connected output layer producing the forecast value.
7. Configure the model using mean squared error as the loss function.
8. Train the model on the prepared historical sequences.
9. Provide the most recent observation sequence to the trained model.
10. Generate the one-step-ahead disease-incidence forecast, ŷ.
11. Return ŷ.

The epidemiological dataset was obtained from the official website of the Center for
Public Health of the Ministry of Health of Ukraine [72] and covers the period from 2020
to 2023. The source reports infectious disease morbidity according to reporting form No.
1 and includes both absolute numbers of registered cases and incidence indicators per
100,000 population. For the experiments conducted in this study, data on measles, acute
respiratory infections (ARIs), and influenza were selected. The corresponding monthly
observations were consolidated into unified chronological time series and subsequently
used as input to the ARIMA, DNN, and LSTM forecasting models. Each model produced a
one-month-ahead incidence forecast for the selected disease.

A common one-month-ahead evaluation protocol was applied to the forecasting
models. December 2023 was excluded from the data used for model fitting and retained
as a held-out observation. This evaluation represents a single-origin one-step-ahead hold-
out experiment and was designed to provide a common preliminary comparison of the
three forecasting approaches under the same temporal setting. It does not constitute a
rolling-origin or repeated out-of-sample validation across multiple forecasting origins.

ARIMA, DNN, and LSTM were then used to forecast the incidence value for this
month separately for each considered disease, and the predicted values were compared
with the corresponding observed data. This procedure provided a common evaluation
scenario for the three forecasting approaches.

YOLO-based one-stage detectors were selected because of their favorable balance
between detection performance and computational efficiency [73,74]. Recent studies have
also considered YOLOv11-based processing in medical image region-of-interest applica-
tions [75], while optimized YOLOv8 architectures have been investigated for multi-scale
object detection [76]. These developments provide additional motivation for comparing
YOLOv8 and YOLOv11 under the same task-specific experimental protocol rather than
selecting a detector solely on the basis of model generation.

During model training, three principal optimization losses were monitored: box loss
for bounding-box localization, classification loss for class prediction, and Distribution Focal
Loss (DFL) for bounding-box coordinate estimation. The resulting validation-partition
predictions were subsequently summarized using precision, recall, and mean average
precision, with mAP@0.5:0.95 used as the principal metric for the internal comparison of
the evaluated detector configurations.

All four configurations were trained using the same image resolution and dataset-
preparation procedure and were compared under the same validation-partition protocol.

https://doi.org/10.3390/a19100894
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The nano configurations were trained for 50 epochs, whereas the small configurations
were trained for 10 epochs. The obtained results were subsequently compared using the
detection metrics described in Section 4.

The lung disease dataset was taken from the official Kaggle website [77]. The dataset
contains chest X-rays. The dataset was assembled by the dataset provider from several
source datasets, with duplicate images removed using VisiPics. It contains four disease
categories (bacterial pneumonia, COVID-19, tuberculosis, and viral pneumonia) and a
normal-lung category. The dataset provider subsequently expanded the dataset approxi-
mately sixfold through data augmentation, resulting in approximately 10,000 images.

It should be noted that the augmentation procedure had been applied by the dataset
provider before the dataset was obtained for the present study. The available dataset did not
provide explicit provenance links between each augmented image and its corresponding
original source image. Consequently, the subsequent random train-validation partition
could not be performed at the level of original-image groups.

The public dataset provides image-level category information through its predefined
disease folders but does not contain the bounding-box annotations required for YOLO-
based object detection. Therefore, bounding-box annotations were manually prepared for
the images using Label Studio, while the corresponding category labels were retained from
the source dataset. The annotation procedure was performed for the purpose of construct-
ing an object-detection dataset for the present computational experiment. The manually
prepared bounding-box annotations were not independently reviewed or validated by a
qualified radiologist or other clinical specialist. Therefore, these annotations should be
regarded as technical annotations used for the machine-learning experiment rather than as
independently verified clinical ground truth.

An example of the bounding-box annotation procedure applied to the chest X-ray
images is shown in Figure 2.

The dataset partition used in the present experiments contained 6054 training im-
ages and 2016 validation images. The class distribution in the training subset was as
follows: 1205 bacterial pneumonia images, 1218 COVID-19 images, 1207 normal-lung
images, 1220 tuberculosis images, and 1204 viral pneumonia images. The validation subset
contained 401 bacterial pneumonia images, 406 COVID-19 images, 402 normal-lung images,
406 tuberculosis images, and 401 viral pneumonia images.

The present experimental protocol used the available training and validation parti-
tions for model development and validation-partition assessment. No separately defined
independent test subset was used for final performance assessment. Because the public
dataset had been augmented before acquisition and the provenance of the augmented
images was unavailable, source-level grouping could not be reconstructed.

Therefore, although no image file was intentionally assigned to both subsets, the
possibility that transformed variants originating from the same source image occurred
in different subsets cannot be completely excluded. To provide an additional descriptive
assessment of potential cross-partition similarity, a near-duplicate analysis was performed
between all 6054 training and 2016 validation images. Exact byte-level duplicates were
first assessed using SHA-256 hashes. Perceptual similarity was then evaluated using 64-
bit perceptual hashes (pHash) computed with the ImageHash library (phash, hash_size
= 8) after EXIF orientation correction and RGB conversion. Each validation image was
compared exhaustively with every training image using the Hamming distance between
perceptual hashes, resulting in 12,204,864 cross-partition comparisons. Thresholds of
0, ≤2, ≤4, ≤6, ≤8, and ≤10 were examined as a sensitivity analysis, with a Hamming
distance of ≤4 used as a strict descriptive near-duplicate candidate threshold. The analysis
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was not intended to reconstruct unavailable source-image provenance or to establish
source-level independence.

Figure 2. Example of the bounding-box annotation procedure used to prepare the chest X-ray dataset
in Label Studio.

During YOLO training, each chest X-ray image was processed together with its cor-
responding manually prepared bounding-box annotation and class label. The models
were optimized to jointly determine the spatial localization of the annotated region and
its associated pulmonary category. During inference, the trained detector receives a chest
X-ray image without ground-truth annotations and returns the detected bounding box,
predicted class, and corresponding confidence score. These outputs form the result of the
image-analysis pipeline and are subsequently visualized in the web-based application.

The forecasting and image-analysis pipelines operate independently at the model level.
Their integration is implemented at the application level through a common web interface:
epidemiological observations are processed by the forecasting subsystem, whereas chest
X-ray images are processed by the selected YOLO model. No intermediate representations
or predictions are exchanged between the two models.

4. Results
This section reports the experimental results of the forecasting and image-analysis

models under the data partitions and hold-out procedures defined in Section 3. The
forecasting results characterize the adopted one-month-ahead hold-out scenario. For the
image-analysis component, all reported metrics were obtained on the validation partition
of a public dataset that had been augmented by the provider before acquisition. Because
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the provenance of the augmented images was unavailable, transformed variants derived
from the same source image may occur in both the training and validation subsets. No
independent test subset was used, and the manually prepared bounding-box annotations
were not independently verified by a qualified clinical expert. Consequently, the image-
analysis metrics reported in this section may be optimistic and should be interpreted only
as validation-partition results rather than as estimates of performance on independent or
clinical data. The descriptive cross-partition similarity audit identified no byte-identical
TRAIN–VALIDATION image pairs according to SHA-256 hashing. Using the strict pHash
Hamming-distance threshold of ≤4, 54 candidate cross-partition pairs were identified,
involving 47 training images (0.78% of the training subset) and 41 validation images (2.03%
of the validation subset). Among these 54 candidate pairs, the median Hamming distance
was 4. Across all validation images, the median distance to the nearest training image was
10. The strict-threshold similarity graph contained 34 cross-partition connected components,
with a maximum component size of eight images. These candidate matches represent visual
similarity only and do not establish that the corresponding images originated from the
same source image.

The training and validation loss curves and the corresponding precision, recall, and
mAP metrics for the four evaluated YOLO configurations are presented in Figures 3–6.

Figure 3. Training and validation losses and detection metrics obtained during training of the
YOLOv8n model.

Figure 4. Training and validation losses and detection metrics obtained during training of the
YOLOv8s model.
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Figure 5. Training and validation losses and detection metrics obtained during training of the
YOLOv11n model.

Figure 6. Training and validation losses and detection metrics obtained during training of the
YOLOv11s model.

The loss curves in Figures 3–6 provide additional information on the optimization
behavior of the evaluated YOLO configurations. For YOLOv8n, YOLOv8s, and YOLOv11n,
the training box, classification, and distribution focal losses generally decrease as training
progresses. The corresponding validation losses exhibit the same overall downward
tendency, although short-term fluctuations are present. At the same time, precision, recall,
and mAP increase during training, indicating that the reduction in optimization losses is
accompanied by higher metric values on the adopted validation partition.

The YOLOv11s curves exhibit greater epoch-to-epoch variability than those of the
nano configurations. This behavior should be interpreted in the context of the shorter
training schedule used for the small model, which comprised only 10 epochs compared
with 50 epochs for the nano models. Despite these fluctuations, the principal loss compo-
nents decrease over the training interval, while the detection metrics generally improve.
The presented curves therefore indicate model convergence within the applied training
schedules; however, the fluctuations in the validation curves do not justify a categorical
conclusion regarding the complete absence of overfitting. For this reason, the evaluated con-
figurations are compared descriptively using their validation-partition metrics, particularly
mAP@0.5:0.95, rather than training-loss values alone.

The precision-confidence curves for YOLOv8n and YOLOv8s (Figure 7) and for
YOLOv11n and YOLOv11s (Figure 8) show how class-wise precision changes with the
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confidence threshold. In general, stricter confidence thresholds retain fewer but more
precise predictions, although class-specific fluctuations remain.

Figure 7. Precision and confidence curve for (A) YOLOv8n and (B) YOLOv8s.

Figure 8. Precision and confidence curve for (A) YOLOv11n and (B) YOLOv11s.

In Figure 7A, representing YOLOv8n, the combined precision approached 1.0 at
a confidence threshold of 0.900. For YOLOv8s, precision likewise increased at higher
confidence thresholds. In Figure 8A, YOLOv11n reached a precision of 1.0 at a confidence
threshold of 0.934, while YOLOv11s reached the same precision value at a lower threshold
of 0.843. These curves describe the behavior of the evaluated models on the adopted
validation partition at different confidence thresholds and should not be interpreted as
evidence of diagnostic reliability or generalization to independent data.

The normal-lung and tuberculosis categories exhibit more pronounced precision
fluctuations at high confidence thresholds than several other categories, indicating greater
variability in the corresponding validation-partition predictions.

Representative model outputs obtained for images from the validation subset are
presented in Figures 9–12. These examples are provided for qualitative illustration of the
predictions produced by the evaluated YOLO configurations.

Figure 9. Representative validation-subset outputs produced by the YOLOv8n model.
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Figure 10. Representative validation-subset outputs produced by the YOLOv8s model.

Figure 11. Representative validation-subset outputs produced by the YOLOv11n model.

Figure 12. Representative validation-subset outputs produced by the YOLOv11s model.

Qualitative inspection of the validation examples shows that some images produce
multiple class predictions with different confidence scores. These cases illustrate variability
among predictions for visually similar annotated categories; however, they are presented
only for qualitative illustration and are not used as quantitative evidence of model general-
ization. Some errors involve the normal-lung category and disease categories with visually
subtle image patterns. These observations are limited to the current validation partition
and do not support conclusions about clinical diagnostic behavior.

Among the evaluated configurations, YOLOv11s produced the highest validation
mAP@0.5:0.95, reaching 0.74. This value characterizes only the adopted validation partition
and should not be interpreted as an estimate of performance on independent datasets.
Because the source dataset had been pre-augmented and the original-image provenance
was unavailable, the possibility of cross-partition similarity or overlap cannot be excluded.
Accordingly, the observed difference between YOLOv11s and the other configurations is
interpreted only as a relative result within the present proof-of-concept evaluation.
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The remaining configurations achieved lower mAP@0.5:0.95 values than YOLOv11s,
as summarized in Table 2. These differences indicate variation in validation-partition metric
values across model capacities and generations under the adopted protocol. Because no
independent external test dataset or clinical validation was used, these results should not
be interpreted in terms of diagnostic suitability.

Table 2. Validation-partition mAP@0.5:0.95 and final training statistics of the evaluated YOLO
configurations.

YOLO
Model

Training
Time (min)

Validation
mAP@0.5:0.95

Final Train
Box Loss

Final Train
Cls Loss

Final Train
DFL Loss

YOLOv8n 89.83 0.702 0.7631 0.6576 1.235

YOLOv8s 191.31 0.713 0.9221 0.9334 1.352

YOLOv11n 110.6 0.724 0.7848 0.6496 1.254

YOLOv11s 242.86 0.74 0.9369 0.8775 1.371

It should also be noted that the absolute training-loss values should not be used as
direct performance scores for ranking different model configurations. The final model
comparison is therefore based primarily on detection metrics obtained for the validation
subset, particularly mAP@0.5:0.95.

The four YOLO configurations produced different validation-partition metric values,
with YOLOv11s yielding the highest mAP@0.5:0.95 under the adopted split. Because the
evaluation did not include an independent test set and the bounding-box annotations were
not clinically verified, these results are used only for an internal comparison of model
configurations within the proof-of-concept experiment and should not be interpreted as
evidence of diagnostic suitability or external generalization.

To integrate multiple neural-network and machine-learning models within a common
user interface, a browser-based application architecture was adopted. The interface was
implemented using React to provide platform-independent access through a standard web
browser. This design facilitates access from different devices and enables the analytical
modules to be integrated within a common software environment.

React was used to implement a modular web interface integrating the forecasting
and image-analysis components. The application-level design is consistent with broader
research on AI implementation [78], visually interactive software systems [79], platform-
selection methodologies [80], deep-learning-based interactive systems [81], and intelligent
decision-support architectures [82]. These studies are considered here as methodological
context for software level organization rather than as direct medical analogues of the
proposed system. Separate interface elements provide access to ARIMA, DNN, and LSTM
forecasting outputs and to the results produced by the selected YOLO model.

The modular React-based design also simplifies system maintenance and future exten-
sion. Additional forecasting or image-analysis models can be integrated without restructur-
ing the entire user interface, thereby improving software maintainability and scalability.
The first page of the application is designed for predicting the incidence of infectious
diseases (Figure 13). It allows the user to upload epidemiological data files in .csv or .xlsx
format and select the type of neural network (DNN or LSTM). The user can initiate forecast-
ing based on the uploaded data and, if necessary, perform model training. In addition, the
interface provides navigation to the chest X-ray image analysis. The results of forecasting
infectious diseases are shown in Figures 14–16.
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Figure 13. Web interface for infectious-disease forecasting: (1) epidemiological data file upload;
(2) forecasting model selection; (3) disease incidence prediction; (4) model retraining; (5) navigation
to the lung disease classification module.

Figure 14. (a) Prediction graph of the ARIMA model for flu; (b) prediction graph of the DNN model
with the best performance for flu; (c) prediction graph of the LSTM model with the best performance
for flu.

The AIC and RMSE values obtained for the three best seasonal ARIMA configurations
for each disease are presented in Table 3.

Table 3. Candidate seasonal ARIMA configurations, corresponding AIC, and RMSE values.

Disease Models AIC RMSE

Measles
ARIMA(1,1,1)(1,0,0), 1540.740, 3.278,
ARIMA(2,1,2)(1,0,0), 1540.821, 3.274,
ARIMA(1,1,1)(2,0,1) 1541.651 3.278

ARI
ARIMA(1,0,1)(1,0,0), 3615.640, 55.728,
ARIMA(1,0,2)(1,0,0) 3615.891, 56.320,
ARIMA(1,0,1)(1,1,0) 3615.129 57.015

Flu
ARIMA(1,0,1)(0,1,0) 4665.911, 100.302,
ARIMA(1,0,2)(1,1,2) 4694.192, 101.258,
ARIMA(2,0,1)(1,1,1) 4701.994 102.456
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Figure 15. (a) Prediction graph of the ARIMA model for measles; (b) prediction graph of the DNN
model with the best performance for measles; (c) prediction graph of the LSTM model with the best
performance for measles.

Figure 16. (a) Prediction graph of the ARIMA model for ARI; (b) prediction graph of the DNN model
with the best performance for ARI; (c) prediction graph of the LSTM model with the best performance
for ARI.

The one-month-ahead forecasting results obtained for influenza are presented in Figure 14.
The one-month-ahead forecasted incidence of measles was compared with the original

dataset (Figure 15).
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Similarly, the one-month-ahead forecasted incidence of ARI (Acute Respiratory In-
fections) was analyzed against the original data. The corresponding one-month-ahead
forecasting results for ARI are presented in Figure 16.

Figure 17 shows the main page of the implemented chest X-ray image-analysis module,
labeled “Lung Disease Detector” in the prototype interface. The interface allows the user to
access usage instructions, upload a chest X-ray image, initiate analysis using the YOLOv11n
model implemented in the prototype, and return to the forecasting module. Representative
images from the validation subset were then processed through the web-based image-
analysis module to demonstrate the end-to-end application workflow; the corresponding
outputs are shown in Figure 18.

Figure 17. Main page of the “Lung Disease Detector” module.

Combining epidemiological forecasting and chest X-ray image analysis within a com-
mon application environment provides access to complementary population-level and
individual-level model outputs through a single interface. The forecasting component
produces one-month-ahead incidence estimates under the adopted hold-out scenario,
while the YOLO-based component provides preliminary class, localization, and confi-
dence outputs for chest X-ray images. The image-analysis module is intended solely as a
proof-of-concept computational component and not as a clinically validated diagnostic or
treatment-support tool.

Further experiments in training YOLO models could provide deeper insights into
fine-tuning models for specific tasks, paving the way for improvements tailored to medical
applications [83–85].

The common interface demonstrates the technical integration of population-level
forecasting and individual-level image-analysis functions within a single application
environment; the present study does not establish improved clinical or operational
decision-making.
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Figure 18. (a) Representative outputs of the web-based image-analysis module for validation-subset
images labeled as: (a) bacterial pneumonia; (b) COVID-19; (c) normal lungs; and (d) tuberculosis.

5. Discussion and Conclusions
The results of this study demonstrate the technical feasibility of integrating time series

forecasting and proof-of-concept chest X-ray image analysis as complementary analytical
functions within a common application environment. The two modules are integrated only
at the application level, while the underlying forecasting and image-analysis models remain
methodologically independent. This design provides a common interface for population-
level epidemiological monitoring and preliminary patient-level image analysis without
implying joint learning or multimodal data fusion.

Under the adopted one-month-ahead evaluation scenario, DNN and LSTM provided
better forecasting results than the classical ARIMA model for most of the considered disease
series. These findings characterize the specific December 2023 hold-out experiment and
should not be interpreted as evidence of a universally superior forecasting approach. One
possible explanation for this behavior is the ability of neural network models to represent
nonlinear temporal dependencies; however, the limited temporal validation does not allow
this explanation to be confirmed conclusively. At the same time, ARIMA demonstrates
stable performance for relatively stationary segments of the time series, which confirms
its applicability as a baseline model. The observed results suggest a potential advantage
of recurrent modeling for rapidly changing temporal patterns, although validation across
multiple forecasting origins is required to confirm this tendency. The observed advantage
of neural network forecasting over the classical ARIMA baseline is generally consistent
with previous studies. In [11], LSTM demonstrated lower forecasting errors than ARIMA
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for COVID-19 incidence and mortality data, supporting the ability of recurrent architectures
to represent nonlinear temporal dependencies. Similarly, the hybrid forecasting approaches
examined in [12] showed that combining statistical and neural network components may
improve predictive performance compared with conventional models. The results obtained
in the present study follow the same general tendency, as DNN and LSTM provide better
forecasting performance than ARIMA in most of the considered cases. However, direct
numerical comparison with [10–13] is not appropriate because the studies differ in terms of
diseases, geographical regions, forecasting horizons, dataset sizes, and evaluation metrics.
In contrast to these previous works, the present study evaluates ARIMA, DNN, and LSTM
within a common application scenario using Ukrainian epidemiological data for measles,
acute respiratory infections, and influenza under emergency conditions.

The forecasting evaluation is also subject to an important temporal-validation limi-
tation. The comparative experiment uses December 2023 as a single held-out forecasting
point for all three approaches. Although this provides a common one-step-ahead evalua-
tion condition for ARIMA, DNN, and LSTM, performance at a single temporal origin is
insufficient to establish the stability of the observed model ranking across different periods.
The forecasting results should therefore be interpreted as a preliminary comparison under
the adopted hold-out scenario. Future work should employ rolling-origin or walk-forward
evaluation over multiple forecasting points and report aggregated error metrics to obtain a
more robust estimate of out-of-sample forecasting performance.

Recent research on neural network forecasting of non-stationary infectious disease
time series has also demonstrated that forecasting accuracy can be improved by optimizing
the model input space and selecting informative exogenous variables without increasing
architectural complexity. For the proposed system, this provides a concrete direction for
extending the forecasting module with carefully selected calendar, demographic, mobility,
and emergency-related indicators that may capture structural changes not represented by
lagged incidence values alone.

In the image-analysis experiment, YOLOv11s produced the highest validation
mAP@0.5:0.95 among the four evaluated configurations, reaching 0.74 under the adopted
validation partition. This value should not be interpreted as an estimate of performance
on independent or clinical data because the public dataset had been augmented before
acquisition, no independent test subset was used, and the manually prepared bounding-
box annotations were not clinically verified. The observed metric differences therefore
characterize only the relative behavior of the evaluated YOLO configurations within the
present proof-of-concept experiment. Although YOLOv11s produced a higher validation
mAP@0.5:0.95 than the evaluated YOLOv8 variants, the current experimental design does
not support conclusions regarding superior external generalization or diagnostic reliability.

The image-analysis results should also be considered in relation to previous studies.
The Lung-DT framework presented in [14] demonstrated high performance using YOLOv8
for thoracic image analysis and partially relied on the same publicly available chest X-
ray dataset considered in this work. Nevertheless, the numerical results are not directly
comparable because [14] used a different dataset composition, experimental protocol, and
primarily classification-oriented metrics, whereas the present study evaluates bounding-
box-based object detection using mAP@0.5:0.95. The findings of [15] further indicate
that respiratory-image classification performance depends substantially on architecture
selection and training configuration, which is consistent with the differences observed
between the YOLOv8 and YOLOv11 configurations in this study. Studies [16] and [17]
provide additional examples of YOLO-based approaches applied to pulmonary imaging;
however, they focus on different imaging modalities or disease groups and use different

https://doi.org/10.3390/a19100894

https://doi.org/10.3390/a19100894


Algorithms 2026, 19, 894 22 of 28

experimental protocols, so their reported results are not directly comparable with those
obtained in the present study.

At the system level, the contribution of the present work differs from the individual
algorithmic approaches reviewed in Section 2. The forecasting and image-analysis modules
remain methodologically independent and are integrated at the application level through a
common web-based environment. Thus, the contribution should not be interpreted as joint
learning or multimodal data fusion. Instead, the implemented prototype demonstrates the
application-level integration of population-level forecasting and individual-level image-
analysis functionality within a single analytical interface.

The comparison was intentionally limited to YOLOv8 and YOLOv11 nano and small
configurations and should therefore not be interpreted as an exhaustive benchmark of all
available YOLO generations. Evaluation of additional detector architectures represents a
direction for future work.

A comparison with [14] is particularly relevant because the Lung-DT study partially
relied on the same publicly available chest X-ray dataset. Lung-DT reported consider-
ably higher classification-oriented accuracy; however, its experimental protocol differs
substantially from that used in the present study. The authors combined the considered
dataset with an additional chest X-ray dataset, used a different data partitioning strategy,
and evaluated their model primarily using classification metrics. In contrast, the present
work employs manually prepared bounding-box annotations and evaluates YOLO mod-
els using object-detection metrics, including mAP@0.5:0.95. Consequently, the reported
numerical values should not be interpreted as directly comparable measures of model
performance. Rather, the comparison illustrates that reported numerical results depend
strongly on dataset composition, task formulation, annotation strategy, and evaluation
protocol, and therefore should be interpreted within the context of the corresponding
experimental design.

Qualitative inspection of the validation-subset outputs indicates that some prediction
errors occur between visually similar annotated categories, including the normal-lung
category and disease categories with relatively subtle image patterns. Because the annota-
tions were not independently verified by a clinical expert, these observations should be
interpreted only as descriptive characteristics of the current validation partition and not as
evidence regarding clinical diagnostic behavior. Such variability further emphasizes the im-
portance of high-quality, independently verified annotations and robust data-preparation
procedures in medical-image studies. Although the cited method was developed for car-
diogram parameters, the same data-quality principle is relevant to radiographic analysis,
where acquisition noise, contrast variability, and source-dependent artifacts may affect
model predictions. In addition, the presence of overlapping visual patterns between
different disease categories may further complicate the classification process.

It is important to note that the size and composition of the dataset represent a limiting
factor in this study. An additional limitation concerns the augmentation history of the
public chest X-ray dataset. Because augmentation had been performed by the dataset
provider before the dataset was acquired, and the correspondence between augmented
samples and their original source images was not available, the available train–validation
partition may have placed transformed variants of the same original image into different
subsets. Therefore, the possibility of data leakage cannot be excluded, and the reported
image-analysis metrics may be optimistic. They should be interpreted solely as results
obtained under the current validation partition and not as estimates of performance on
independent datasets or of clinical generalization.

The additional perceptual-hash audit provided a descriptive quantitative estimate of
this issue. No byte-identical cross-partition files were identified, while the strict pHash
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threshold of ≤4 yielded 54 candidate pairs involving 41 validation images (2.03% of the
validation subset). However, these results do not establish source-level independence.
Perceptual hashing measures visual similarity rather than image provenance; therefore,
low-distance matches do not prove a common original source, while transformed variants
originating from the same source may also remain undetected when stronger geometric or
photometric augmentation has been applied.

Future image-analysis experiments should perform source-level or group-aware parti-
tioning before augmentation so that all transformed variants derived from the same original
image remain within a single subset. Such a procedure would provide a stronger basis for
unbiased evaluation than post hoc similarity analysis of an already augmented dataset.

An appropriate external dataset for direct validation of the complete five-category
detection task was not identified. Available public chest X-ray datasets differ from the
dataset used in this study in terms of disease taxonomy and/or annotation format and
do not simultaneously provide the five considered categories, such as bacterial pneumo-
nia, COVID-19, tuberculosis, viral pneumonia, and normal lungs, together with directly
compatible bounding-box annotations. Consequently, external evaluation using these
datasets would require category remapping or modification of the task definition, and
the resulting metrics would not constitute a directly comparable validation of the present
five-category detection setting. Therefore, the reported image-analysis metrics are specific
to the adopted validation partition and should not be interpreted as estimates of external
or clinical generalization. Independent external validation using a suitably matched and
clinically curated chest X-ray dataset remains necessary and is considered an important
requirement for future work.

A further limitation concerns the annotation protocol. Although the bounding-box
annotations required for YOLO training were manually prepared for this study, they were
not independently validated by a qualified radiologist or another clinical specialist. Conse-
quently, the resulting annotations cannot be considered clinically validated ground truth.
The reported image-analysis results should therefore be interpreted as a proof-of-concept
evaluation of the computational pipeline rather than as evidence of clinically validated
diagnostic performance. Future studies should include expert annotation or independent
review by qualified medical specialists, preferably with inter-rater agreement assessment.

Beyond the partition-related leakage risk, the public dataset may not capture the
diversity of chest X-ray images encountered across institutions and acquisition conditions.
Future work should therefore evaluate larger multi-source datasets and consider domain-
adaptation strategies.

At the system level, the current forecasting and image analysis modules remain
methodologically independent and are connected only through the common web inter-
face. Future research may investigate whether limited information exchange between
the modules can provide measurable benefits; however, such extensions would require a
dedicated cross-module validation protocol and are outside the scope of the present study.
In the current prototype, the web interface serves as a common access layer for the two
analytical functions.

Overall, the study demonstrates that machine-learning-based time series forecasting
and deep-learning-based image analysis can be implemented as complementary computa-
tional functions within a common web-based environment. The forecasting component
provides population-level one-month-ahead estimates under the adopted temporal hold-
out scenario, whereas the image-analysis component provides preliminary model outputs
for chest X-ray images under the adopted validation partition. The present evaluation
demonstrates technical integration and comparative model behavior within the available
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datasets but does not establish clinical effectiveness, diagnostic reliability, or operational
decision-support performance.

Despite the identified limitations, the present proof-of-concept results provide a basis
for further methodological development and independent validation of the proposed sys-
tem. Future improvements may include optimization of model architectures, incorporation
of additional data sources, and extension of the system to other types of diseases and
imaging modalities. These directions may contribute to the development of more robust
and scalable intelligent systems for healthcare applications. Future work will prioritize
independent external validation on clinically curated chest X-ray data with a disease tax-
onomy and annotation protocol compatible with the present task. Where exact category
compatibility cannot be achieved, future studies should define a dedicated harmonization
protocol before cross-dataset evaluation.

Overall, the study demonstrates the feasibility of exposing two complementary analyt-
ical functions through a common web-based prototype. The forecasting module provides
one-month-ahead incidence estimates under the adopted hold-out scenario, while the
image-analysis module provides validation-partition model outputs for chest X-rays. These
findings should be interpreted as proof-of-concept computational results rather than as
validation of operational or clinical effectiveness.
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ARIMA Autoregressive Integrated Moving Average
DNN Deep Neural Network
LSTM Long Short-Term Memory
YOLO You Only Look Once
CNN Convolutional Neural Network
MSE Mean Squared Error
RMSE Root Mean Squared Error
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
AIC Akaike Information Criterion
mAP Mean Average Precision
IoU Intersection over Union
NLP Natural Language Processing
BPNN Backpropagation Neural Network
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