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Abstract

This paper aims to improve the accuracy of infectious disease forecasting using machine
learning methods. The main results of this work are an analysis of infectious diseases spread
in Ukraine during the time span from December 2016 to January 2024 and a performance
comparison of different neural network architectures in the scope of time series forecasting.
The following steps were taken: analysis of current forecasting methods, selection of neural
network architectures, dataset preprocessing, and model testing. The developed system
can be an effective tool for rational management decisions to ensure the epidemiological
well-being and biosecurity of the population.

Keywords: infectious diseases; forecasting; time series; machine learning; neural networks

1. Introduction
Wars significantly amplify the spread of infectious diseases due to disrupted healthcare,

reduced vaccination coverage, poor sanitation, and population displacement. Recent
conflicts, such as in Syria and Yemen, have triggered major outbreaks of measles and
cholera despite prior disease control. These examples highlight the critical need for robust
epidemiological forecasting to predict infection dynamics and support timely public health
interventions during wartime [1–3]. These include COVID-19, tuberculosis, viral hepatitis
A, diarrhea, respiratory infections, HIV (human immunodeficiency virus), leishmaniasis,
dengue fever, and many others [4–6]. The scientific literature provides numerous examples
of how the conditions created by war facilitate the transmission of infectious diseases [7,8].
Therefore, the study of the conditions and risks of the spread of infections, the features of
the manifestations of epidemic processes of infectious diseases can become the basis for the
development of effective tools for adopting adequate situations and rational management
decisions to ensure the epidemiological well-being and biosecurity of the population.

The main research objectives are the methods and technologies of time series forecast-
ing, development and performance comparison of different neural network architectures
that are most suitable for infectious disease spread predictions.

This study makes four main contributions. First, it compiles and carefully normalizes
a national monthly dataset on 57 infectious diseases in Ukraine from December 2016 to
January 2024, enabling consistent comparison across years and before/after the start of
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the full-scale war. Second, it provides a quantitative assessment of war-related changes in
morbidity, showing that 22 diseases experienced an average increase of 62.38% in reported
cases, while 35 diseases showed an average decrease of 35.52%. This analysis thus docu-
ments how cascading emergencies reshape the epidemic landscape. Third, it conducts a
systematic empirical comparison of six advanced neural network architectures, RNN [9–15],
Block RNN [16–22], N-BEATS [23–30], TCN [31–36], Transformer [28,32,37–40], and
N-HiTS [41–43], under two training strategies (jointly on all time series vs. separately
for each disease), using MAPE, MAE, and RMSE as evaluation metrics. Finally, the re-
sults demonstrate that training on multiple time series consistently improves accuracy
compared to single-series training, suggesting informative cross-disease patterns, and
N-BEATS achieves the best performance, while also highlighting the limits of all tested
architectures on time series without clear seasonality, thereby outlining priorities for future
model extensions.

The work aims to improve the accuracy of infectious disease forecasts based on
comparing neural network architectures.

2. Related Works and Problem Statement
Long-horizon forecasting is critical in many important applications including risk

management and planning [44,45]. Statistical modeling approaches, particularly those
based on exponential smoothing and its various adaptations, are well-established and
often serve as the default choice in industry. In healthcare, predictive monitoring of vital
signs allows the detection of preventable adverse outcomes and application of life-saving
interventions [44–47]. Let us consider some analogs of time series forecasting.

This study [46] presents a new two-dimensional epidemic prediction model that incor-
porates diffusion processes to account for spatial transmission—something most existing
single-point, time-only models cannot do. The authors establish the model’s mathematical
soundness and introduce multiple parameterization schemes to better represent real-world
factors influencing disease spread. Their results show that the model significantly improves
predictions of both where and when infections occur. Applied to COVID-19 data, the
model achieved regional average prediction scores of 76.5% for the July 2022 outbreak in
Lanzhou and 70.7% for cases in China during May 2023. Overall, the study demonstrates
that spatially aware modeling enhances understanding of epidemic dynamics and can
support more effective public health planning.

This paper [47] introduces an extended SEIR model incorporating a vaccination com-
partment to simulate the spread of COVID-19 in Saudi Arabia. The model features seven
infection stages: susceptible, exposed, infectious, quarantined, recovered, deaths, and
vaccinated. A mathematical analysis is conducted to establish key properties such as
non-negativity, boundedness, and the basic reproduction number of the model. To address
uncertainties inherent in the model, the ensemble Kalman filter (EnKF) is employed to align
model outputs and parameters with available data. The results demonstrate that the model
can accurately predict epidemic developments over two-week periods and also explores
the impact of vaccination on pandemic spread.

This study [48] focuses on developing and evaluating three statistical machine learn-
ing models—Random Forest, K-Nearest Neighbors, and Gradient Boosting—to predict
COVID-19 incidence. The models were assessed for their predictive accuracy over 3, 7, 10,
14, 21, and 30-day periods, using data from Germany, Japan, South Korea, and Ukraine,
chosen for their varying epidemic dynamics and control measures. The disadvantage of
this study is that it is only focused on the COVID-19.

This study [49] proposes a probabilistic state-space model inspired by a susceptible-
infectious-recovered (SIR) model to improve forecasting while addressing various uncer-
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tainties. The authors demonstrate the effectiveness of their approach compared to other
methods using multiple forecast accuracy metrics.

This study [50] aims to support global efforts against COVID-19 by applying artificial
intelligence methods to real-time national data. It proposes a new predictive approach
called the Exponential Smoothing Long Short-Term Memory (ESLSTM) model, which
combines exponential smoothing with deep learning sequence networks to analyze daily
trends in COVID-19 transmission and forecast the virus’s short-term spread across countries.
Using data from the Johns Hopkins dashboard, the model’s performance is assessed
through RMSE and R-squared metrics. Overall, the study highlights the potential of
advanced machine learning and deep learning techniques to improve epidemic forecasting
and provide actionable insights during a global health crisis.

This study [51] explores different deep learning and artificial neural network tech-
niques, including Deep Belief Networks, AutoEncoders, and LSTM (Long short-term
memory), to enhance power forecasting. Experiments were conducted using combinations
of these algorithms to evaluate their forecasting capabilities against a standard multilayer
perceptron (MLP) and a physical forecasting model for the energy output of 21 solar power
plants. The results indicate that deep learning algorithms significantly outperform tradi-
tional artificial neural networks and other reference models, including physical models, in
forecasting performance.

This paper [52] introduces a new electric load forecasting model that combines fuzzy
time series (FTS) and a global harmony search algorithm (GHSA) with least squares
support vector machines (LSSVM), referred to as the GHSA-FTS-LSSVM model. The
approach begins by using the fuzzy c-means clustering (FCS) algorithm to determine the
clustering centers for each group. The LSSVM then models the resulting series, which is
optimized through the GHSA. To assess the model’s effectiveness, real-world data from the
Guangdong Province Industrial Development Database is utilized, with results compared to
the autoregressive integrated moving average (ARIMA) model and other LSSVM hybrids
such as genetic algorithm (GA) and particle swarm optimization (PSO). The findings
demonstrate that the GHSA-FTS-LSSVM model provides more accurate predictions than
the other tested methods.

So, after reviewing all the above studies, it is possible to highlight all the advantages
and disadvantages. Among the advantages, the following can be highlighted: a high
percentage of accuracy of forecasting and varied range of forecasting applications. Among
the limitations, it is possible to single out the difficulty with the accurate modeling of
epidemic processes that requires considering different factors, the incorporation of which
complicates forecasting models and makes them less practical. Additionally, the unique
transmission dynamics of different diseases and the variability of conditions across locations
necessitate that models be rebuilt for each disease and territory. As diseases mutate, quickly
adapting models becomes challenging, making long-term predictions difficult; thus, reliable
forecasts can typically only be achieved for short-term periods.

3. Materials and Methods
This section is divided into three parts. Section 3.1 presents an overview of neural

network architectures for forecasting that were chosen for this study. Section 3.2 presents
an overview of the data collected for this study as well as steps taken for its normalization.
Section 3.3 presents the methodology that was followed for the development of the time
series forecasting models which were applied to the collected data.
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3.1. Neural Network Architectures for Forecasting

Presently, numerous neural network (NN) architectures exist, each designed to address
a wide array of tasks [53–57]. However, significant variations among these architectures
arise in terms of learning speed, execution efficiency, adaptability to diverse platforms, and
performance on less capable hardware. Consequently, developers must thoroughly analyze
the intricacies of each architecture to identify the most suitable option for their specific task
requirements [47–49]. During the study, the following neural network architectures were
chosen for forecasting and analysis of time series: N-BEATS, N-HiTS, TCN, RNN, Block
RNN, and Transformer Model [44,45,53,56–71].

Architectural design approach for the N-BEATS neural network is guided by several
fundamental principles: the foundational architecture is simple and generic, yet capable of
deep expression; it avoids dependence on time series-specific feature engineering or input
scaling, and lastly, to facilitate interpretability, the architecture is adaptable to enhance the
human readability of its outputs [44,46,58].

The basic building block of N-BEATS features a fork architecture. Each block takes
an input and produces two output vectors. The first block’s input is a history lookback
window of varying lengths, typically between 2H and 7H, based on the forecast horizon.
Subsequent blocks use residual outputs from the previous blocks as their inputs, generating
a forward forecast and a backcast of the input. Internally, each block includes a fully
connected network for generating forecasts and backcasts, along with layers that project
expansion coefficients onto a set of basis functions to produce the final outputs [44,47,59].

Rather than adding extra connections from the output of each stack to the input of
all subsequent stacks—an approach that enhances the trainability of deep architectures
but complicates interpretability—N-BEATS employs hierarchical doubly residual topology.
This innovative architecture features two residual branches: one that operates on the
backcast predictions of each layer and another that runs over the forecast branch of each
layer [44,49,58–60]. Figure 1 shows N-BEATS model architecture.

Figure 1. N-BEATS architecture.

N-BEATS also implements ensembling as a more effective regularization technique
than alternatives like dropout or L2-norm penalties; although those methods improve
individual models, they detract from the ensemble’s performance. The effectiveness of
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an ensemble relies on diversity, which was achieved through various approaches. To
test the performance of N-BEATS architecture, models were trained on three different
metrics—sMAPE (symmetric mean absolute percentage error), MASE (mean absolute
scaled error), and MAPE (mean absolute percentage error)—and each model was developed
using input windows of different lengths for a multi-scale perspective. Additionally,
a bagging procedure was performed by incorporating models with different random
initializations, resulting in a total of 180 models, with the median used as the aggregation
function for the ensemble [44,50,58–60].

With these approaches, the N-BEATS model outperformed pure ML, Statistical, ProLo-
gistica, ML/TS combination, DL/TS hybrid architectures [44,51,58].

N-HiTS reimagines the existing fully connected N-BEATS architecture by improving
its input decomposition through multi-rate data sampling and enhancing its output synthe-
sizer with multi-scale interpolation. Extensive experiments demonstrate the significance of
these novel architectural components, showing notable improvements in both accuracy
and computational efficiency. Multi-rate data sampling of this architecture was achieved
by introducing subsampling layers before the fully connected blocks, which greatly reduce
memory usage and computational requirements while preserving the ability to model
long-range dependencies. Smoothness in multi-step predictions was ensured by lowering
the dimensionality of the neural network’s outputs and aligning its time scale with that of
the final output through multi-scale hierarchical interpolation. This innovative technique
can be applied to various architectures beyond the N-HiTS model [45,46].

This architecture also presents a novel approach to synchronizing the input sampling
rate with the output interpolation scale across blocks, allowing each block to focus on
forecasting its specific frequency band within the time series. N-HiTS achieves leading
results on six large-scale benchmark datasets relevant to long-horizon forecasting, including
electricity transformer temperature, exchange rates, electricity consumption, highway
traffic in the San Francisco Bay Area, weather data, and influenza-like illness [45,46,64].

Like N-BEATS, N-HiTS performs local nonlinear projections onto basis functions
across multiple blocks. Each block is made up of MLP that learns to generate coefficients
for both the backcast and forecast outputs associated with its basis. The backcast output
helps refine the inputs for the subsequent blocks, while the forecasts are aggregated to
create the final prediction. The blocks are organized into stacks, with each stack focusing
on learning different characteristics of the data through distinct sets of basis functions.
N-HiTS consists of S stacks, each containing B blocks, where each block includes an MLP
that predicts forward and backward basis coefficients [45,47,64].

N-HiTS, operating in the univariate regime and accepting only the predicted time
series’ history, significantly outperforms all previous Transformer-based multivariate mod-
els using an order of magnitude-less computation [45,52,64]. Figure 2 shows N-HiTS
model architecture.

Unlike RNNs, where predictions for later time steps depend on the completion of
earlier ones, TCNs leverage convolutions that can be executed in parallel. This allows TCNs
to process long input sequences as a whole during both training and evaluation, rather than
sequentially as in RNNs [65–69]. TCNs can also adjust their receptive field size through
various means, such as stacking additional dilated (causal) convolutional layers, employing
larger dilation factors, or increasing filter sizes. This flexibility provides better control
over the model’s memory requirements and facilitates adaptation to different domains.
TCNs have a backpropagation pathway that is independent of the temporal direction of
the sequence, thereby mitigating the issues of exploding and vanishing gradients that are
prevalent in RNN architectures [56,57,68,69]. This characteristic addresses a significant
challenge that has historically necessitated the development of LSTM networks [72–74],
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Gated Recurrent Units (GRUs) [56,68], and other architectures. Particularly with long
input sequences, LSTMs and GRUs can consume substantial memory to maintain partial
results across their multiple cell gates. In contrast, TCNs utilize shared filters across layers,
leading to backpropagation paths that depend solely on the network depth, resulting in
TCNs typically requiring less memory compared to gated RNNs. Similar to RNNs, TCNs
can handle inputs of arbitrary lengths by employing 1D convolutional kernels, making
them suitable drop-in replacements for RNNs when processing sequential data of varying
lengths [49,75]. Figure 3 shows TCN model architecture.

Figure 2. N-HiTS architecture.

Figure 3. TCN architecture.

However, in evaluation or testing phases, RNNs maintain only a hidden state and
the current input to generate predictions, effectively summarizing the entire history with
a fixed-length set of vectors, which allows the actual observed sequence to be discarded.
Conversely, TCNs must retain the raw sequence up to the effective history length, poten-
tially leading to increased memory requirements during evaluation. Moreover, different
domains may necessitate varying amounts of historical context for accurate predictions.
Consequently, when transferring a model from a domain with minimal memory needs
to one that requires extensive memory, TCNs may underperform due to their insufficient
receptive field size [50,75].

DeepAR RNN architecture was designed for probabilistic forecasting, which includes
a negative binomial likelihood for count data and special handling for cases where the time
series magnitudes vary significantly. This model delivers accurate probabilistic forecasts
across various input characteristics, highlighting the effectiveness of modern deep learning
approaches in addressing the probabilistic forecasting problem. In addition to achieving
better forecast accuracy than past methods, the DeepAR approach offers several key advan-
tages over classical and other global methods: as the model learns seasonal patterns and
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dependencies on specific covariates across time series, minimal manual feature engineering
is required to capture complex, group-dependent behaviors; DeepAR generates proba-
bilistic forecasts as Monte Carlo samples, enabling consistent quantile estimates for all
sub-ranges within the prediction horizon [46,76]. Figure 4 shows RNN model architecture.

Figure 4. RNN architecture.

Block RNN is a neural network model that uses an RNN encoder to encode fixed-
length input chunks and a fully connected network to generate fixed-length output data.
This model supports past covariates [68,69].

Transformer Model is a cutting-edge deep learning model introduced in 2017. It
utilizes an encoder–decoder architecture, with its key feature being the “multi-head atten-
tion” mechanism. This mechanism effectively captures intra-dependencies within both
the input and output vectors through “self-attention,” as well as inter-dependencies be-
tween the input and output vectors through “encoder–decoder attention.” The multi-head
attention mechanism allows for high parallelization, making the Transformer architecture
particularly well-suited for training on GPUs [70,71,77–79].

Figure 5 shows Transformer Model architecture.

Figure 5. Transformer Model architecture.
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3.2. Data Collection

In the course of the study, a systematic collection of data on the spread of infectious
diseases in Ukraine was carried out from December 2016 to January 2024. Monthly reports
were obtained from national healthcare databases, namely the Public Health Center of the
Ministry of Health of Ukraine. The data collected by the Public Health Center are provided
in accordance with reporting form No. 1 [80]; the reports give absolute figures and intensive
indicators per 100,000 population. The data is given in a comparison for a certain period of
time for the current and previous years, as well as for a full year (12 months). To take into
account fluctuations in the number of the population during the studied period, the data
were normalized according to the estimates of the number of the population of the State
Statistics Service of Ukraine. The absolute values were normalized to reflect the number
of diseases for the current month per 1,000,000 population of Ukraine for the current year.
The following formula was used to normalize the number of patients:

abs. number o f cases per month × 1, 000, 000
population per year

(1)

This normalization allowed analysis per 1,000,000 population, facilitating comparisons
across months and years. In cases where there were duplicate reports or conflicting data, a
consensus approach was used, prioritizing the months with the highest number of reported
cases to ensure the accuracy and reliability of the data set. This thorough data processing
was essential to ensure a clear and accurate representation of infectious disease trends
in Ukraine during the specified time period. Due to some unreliable data present in the
original dataset (latter reports include diseases that were not present in the former reports as
well as some inconsistencies in the number of cases in former reports) among 65 infectious
diseases, 57 were chosen, including Cholera, Typhoid, Paratyphoid A, B, C and others.
These diseases were manually reviewed for the highest quality training data.

Each infectious disease was modeled as a separate univariate time series, and no
aggregation across different diseases was performed. In the global learning setup, models
were trained jointly on a collection of parallel disease-specific time series, where the same
model parameters were shared across all series, but the temporal sequences remained
independent. Diseases were not grouped into epidemiological transmission categories (e.g.,
respiratory, water-borne, vector-borne, and so on).

The monthly national surveillance reports did not contain explicit missing months
for the diseases included in the final dataset. However, inconsistencies across successive
reports were observed, including retrospective corrections and occasional reclassification
of cases. To ensure consistency, a manual curation step was applied, during which diseases
with unstable or incomplete reporting histories were excluded entirely from further analysis,
resulting in the final set of 57 diseases.

For the retained diseases, no temporal interpolation, smoothing, or artificial gap filling
was applied, in order to avoid introducing synthetic temporal structures into outbreak
dynamics. Zero values, when present, were kept unchanged, as they may reflect either true
absence of reported cases or disruptions in case registration during crisis periods.

Graphs of diseases with normalized values were constructed and analyzed. Figure 6
shows graphs of the cases of infectious diseases in the time span from December 2016 to
January 2024.

Among 57 selected infectious diseases 22 were observed to have increased in the
number of cases after the beginning of war in Ukraine (24 February 2022), such as giardiasis
cases with the average before the war of 4.53 increased to 10.06, which is a 121.91% increase,
intestinal protozoan diseases with the average before the war of 5.06 increased to 11.19,
which is a 120.9% increase.
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Figure 6. Graphs of the cases of infectious diseases.

Overall, 35 infectious diseases were observed to have a decrease in number of cases,
with an average of 35.52% decrease in the number of cases, and 22 diseases with an average
of 62.38% increase in the number of cases.

With these numbers, the impact of the emergency situations is obvious. Russia’s large-
scale aggression in Ukraine has led to a significant emergency situation that has impacted
all facets of life and triggered additional emergencies, such as floods and droughts resulting
from the damage to the Kakhovskaya Hydroelectric Power Plant. Other risks include poten-
tial radionuclide contamination from incidents at the Chernobyl and Zaporizhzhya Nuclear
Power Plants, forest fires on the Kinburn spit that have devastated over 1500 hectares of
forest, and chemical substance emissions, including chlorine and ammonia. In the context
of these emergencies, the dynamics and manifestations of infectious disease epidemics may
differ from their natural progression. Key risk factors influencing the epidemic situation
amid the cascade of emergencies instigated by the war include significant population
migration, overcrowding in bomb shelters and migration routes, heightened stress levels
leading to increased vulnerability to infections, disruption of water and energy supplies, a
surge in rodent populations and related epizootics, food contamination, runoff of various
chemicals into water bodies, flooding of natural ecosystems, activation of transmission
mechanisms for infectious agents, a rise in stray animals and their interactions with wildlife,
and contamination of areas due to rocket and artillery strikes and landmines [81,82].

3.3. Methodology for Performing Time Series Forecasting

A normalized dataset of infectious disease cases in Ukraine for the period from
December 2016 to January 2024 served as the basis for training several advanced neural
network architectures. These data were also normalized between 0 and 1 to improve neural
network training. The models used in this study included RNNs, Block RNNs, N-BEATS,
TCNs, Transformer Models, and N-HiTS.

Each neural network was trained in two separate approaches: first, using all time series
covering all infectious diseases present in the dataset; and second, focusing on a single
time series for a specific infectious disease. A single neural network model was trained
jointly on the entire collection of disease-specific time series. Each disease constituted
an independent univariate sequence, while the model parameters were shared across all
series. During training, loss was computed across all series and time windows, enabling the
model to learn common temporal structures across different infections without aggregating
case counts. We wanted to not only find the best neural network architecture for our task,

https://doi.org/10.3390/computation14020054

https://doi.org/10.3390/computation14020054


Computation 2026, 14, 54 10 of 22

but find the best way to train it. Training an independent model for each infection is
appropriate since independent models allow each estimator to specialize in the temporal
dynamics unique to its respective infection without interference from dissimilar infections.
Training global (or pooled) models using the full dataset covering all infectious diseases
can help uncover if infections share common drivers and allow the models to learn gener-
alizable temporal structures. This approach is preferable since a single model simplifies
deployment and maintenance. Larger aggregated datasets reduce variance and improve
generalization [83–85].

The neural networks were created in Python 3.12.12 using Darts library in Google
Colab [86–88]. Darts is a Python library designed for intuitive forecasting and anomaly
detection in time series data. It features a range of models, from traditional ones like
ARIMA [89–92] to advanced deep neural networks. All forecasting models can be utilized
similarly, with fit() and predict() functions, akin to scikit-learn. The library simplifies
backtesting, allows for the combination of predictions from different models, and incorpo-
rates external data. Darts accommodates both univariate and multivariate time series and
models. The machine learning-based models can be trained on large datasets with multiple
time series, and several models provide robust support for probabilistic forecasting [93].

The RNN model was created with the size for feature maps for each hidden RNN
layer of 25 and 1 recurrent layer [94–106].

The Block RNN model was created with a size of 25 feature maps for each hidden
RNN layer and 1 layer in the RNN module and ReLU activation function that is applied
between the layers of the fully connected network.

The N-BEATS model was created with 30 stacks and 1 block for each stack, as well
as 4 fully connected layers preceding the final forking layers in each block of every stack.
Each block of every stack had 256 neurons that make up each fully connected layer. The di-
mensionality of the waveform generator parameters, also known as expansion coefficients,
had the value of 5 with the degree of the polynomial used as waveform generator in trend
stacks of 2 with ReLU activation function of encoder/decoder intermediate layer.

The N-HiTS model was created with 3 stacks and 1 block per stack with 512 neurons
that make up each fully connected layer in each block of every stack and 2 fully connected
layers preceding the final forking layers in each block of every stack. The dropout probabil-
ity used in fully connected layers had the value of 0.1 with ReLU activation function.

The TCN model was created with the size of every kernel in a convolutional layer of
3 and 3 filters in a convolutional layer. The base of the exponent that determines the dilation
on every level had the value of 2 and the dropout rate of 0.2.

The Transformer Model was created with 64 expected features in the transformer en-
coder/decoder inputs, 4 heads in the multi-head attention mechanism and 3 encoder/decoder
layers in the encoder/decoder. The dimension of the feedforward network model had the
value of 512 with ReLU activation function.

For both training configurations, the models used historical data from the previous
24 months to predict cases for the next 6 months. These time frames were intended to
capture trends and patterns that could improve forecasting accuracy. Figure 7 shows
training results of neural network architectures on all time series in the following order:
N-HiTS, N-BEATS, Block RNN, RNN, TCN, Transformer. Models were trained in Google
Colab using the T4 GPU hardware accelerator. N-BEATS training took the least amount of
time, which was approximately 1 h and 10 min, while Transformer took the most amount
of time, training of which took around 2 h.

Figure 8 shows training results of neural network architectures on a single time series
at a time in the following order: N-HiTS, N-BEATS, Block RNN, RNN, TCN, Transformer.

https://doi.org/10.3390/computation14020054

https://doi.org/10.3390/computation14020054


Computation 2026, 14, 54 11 of 22

RNN training took the least amount of time, which was approximately 17 min, while
Transformer took the most amount of time, training of which took around 30 min.

Figure 7. Training of neural network architectures on all time series.

Figure 8. Training of neural network architectures on a single time series.

The MAPE, also known as the mean absolute percentage deviation (MAPD), was used
to determine the forecasting results [107]. It is worth noting that most infectious diseases do
not have some seasonal fluctuations or trends, which is reflected in the predictions of neural
networks. Neural networks gave better predictions on time series that fluctuate relatively
constantly (for example, the number of diseases increases in summer and decreases in
winter). Figure 9 shows neural network predictions on time series with clear seasonality.

Figure 9. Neural networks predictions on time series with clear seasonality.

Figure 10 shows the prediction of neural networks on time series with no clear seasonality.

Figure 10. Neural network predictions on time series with no clear seasonality.
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Neural networks designed for forecasting tend to perform better on datasets with
visible fluctuations and/or trends, such as seasonal patterns. When fluctuations, such
as seasonal rises and drops, are clearly visible, the network can recognize these patterns
and incorporate them into its predictions. In datasets with pronounced seasonal effects
or trends, the network can discover features that capture these fluctuations, improving
forecasting accuracy. Datasets with clear seasonal effects and trends provide temporal
dependencies that neural networks can exploit to make more informed predictions.

4. Results
To analyze the prediction accuracy of neural networks, a 95% confidence interval was

used [108]. Thus, the mean MAPE prediction values of neural networks trained using all
time series covering all infectious diseases 95% of the time are shown in Table 1.

Table 1. Predictions of neural network architectures that were trained on all time series.

Neural Network Average MAPE, % Average MAE Average RMSE

TCN 110.91 1480.7 1780.4
Block RNN 76.79 1214.9 1520.1

N-HiTS 75.31 1165.7 1454.3
RNN 71.35 1184.5 1490.3

Transformer 67.99 1304.9 1406.0
N-BEATS 63.56 1140.8 1322.6

The better results of N-BEATS can be attributed to its residual block architecture and
explicit signal decomposition strategy, which are suited to epidemiological time series char-
acterized by strong seasonal patterns, long-term trends, and so on. By iteratively modeling
and subtracting trend- and seasonality-related components, N-BEATS can progressively
refine residual dynamics, which is particularly beneficial in noisy data affected by reporting
delays and crisis-driven disruptions. In contrast, recurrent and convolutional models tend
to accumulate errors over long horizons and are more sensitive to non-stationary shifts in
baseline incidence levels.

The average prediction MAPE values of neural networks trained to focus on one time
series for a specific infectious disease 95% of the time are shown in Table 2.

Table 2. Predictions of neural network architectures that were trained on a single time.

Neural Network Average MAPE, % Average MAE Average RMSE

TCN 160.02 1435.7 1753.2
Block RNN 149.43 1320.2 1626.2

N-HiTS 98.36 1466.3 1892.5
RNN 153.06 1307.3 1619.6

Transformer 122.72 1452.6 1764.2
N-BEATS 82.92 1330.3 1660.0

Notably, neural networks trained on multiple time series showed better performance
compared to those trained on single time series. This improvement can be attributed to the
ability of the models to use common information about different diseases, which enriched
their learning process and contributed to more reliable predictions. The results highlight the
potential of multi-time series approaches to improve the accuracy of neural network-based
infectious disease forecasting. This discovery suggests that infectious diseases can influence
each other and their spread, indicating a complex interaction between different pathogens.

RNNs and Block RNNs rely on sequential processing, which often struggles with long-
range dependencies, vanishing gradients, and noise accumulation—common problems
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in epidemic data that include sudden surges, reporting delays, and irregular patterns.
N-BEATS uses a deep fully connected architecture, enabling stable optimization and fast
training without the memory bottlenecks of recurrent models.

N-BEATS uses posteriori interpretable blocks (trend and seasonality) that align well
with real epidemic patterns such as monthly reporting cycles, gradual waves, and long-
term drifts. This gives it an advantage over Transformers, which lack built-in time series
structure and depend heavily on positional encodings.

5. Discussions
The findings of this study demonstrate a substantial change in infectious disease inci-

dence in Ukraine during the examined period. Using monthly surveillance reports from De-
cember 2016 to January 2024, we constructed a normalized dataset per 1,000,000 population
and selected 57 diseases after resolving inconsistencies and duplicate records through a con-
sensus procedure. After 24 February 2022, 22 of 57 monitored diseases increased, with an
average increase of 62.38%, while 35 diseases decreased with an average decrease of 35.52%.
These shifts are compatible with prior evidence that conflict and cascading emergencies can
elevate infectious disease risks through population displacement, overcrowding, disruption
of healthcare access, and damage to water and sanitation systems [109]. At the same time,
the observed direction of change in routine surveillance data should be interpreted as a
combined signal of transmission dynamics and the stability of case detection and report-
ing. In war conditions, delayed reporting, reduced access to diagnostics, and disrupted
notification pathways can lead to underestimation of observed counts, even when the
true incidence does not decrease. Evidence from Ukraine suggests that formal infectious
disease surveillance was disrupted following the 2022 invasion, and that open-source
epidemic intelligence was used to some extent to compensate for the reduced visibility into
outbreaks [110].

The normalization of absolute monthly counts by annual population estimates im-
proved comparability across months and years. However, it also introduces additional
uncertainty when population size changes rapidly due to displacement and migration.
In such settings, denominator uncertainty can influence estimated rates, particularly for
diseases with relatively low incidence. A practical implication is that sensitivity analyses
with alternative denominator scenarios, as well as stratified analyses where regional data
are available, would strengthen the interpretation of temporal changes and support more
targeted public health conclusions.

In parallel with the epidemiological observations, this study evaluated several neural
network architectures for forecasting trends in infectious diseases. Models used histori-
cal data from the previous 24 months to predict cases for the next 6 months, reflecting a
multi-horizon forecasting setup that is challenging for monthly surveillance series. Con-
sistent with earlier studies in time series forecasting, the N-BEATS architecture provided
the best overall performance among the tested models and exhibited efficient training
dynamics [111]. N BEATS is a deep residual architecture designed for forecasting that can
learn components resembling trend and seasonality, which can be advantageous when
reporting cycles, and gradual epidemic waves create structured temporal dependencies.

Models trained on multiple time series outperformed those trained on a single disease
time series, supporting the hypothesis that shared structure across diseases can be lever-
aged to improve stability and generalizability. This result aligns with the broader literature
on global forecasting, where training on multiple related series provides an implicit form
of multi-task learning and regularization, thereby improving performance under noisy and
incomplete data [76]. However, cross-series learning can also introduce negative transfer
when diseases differ substantially in transmission route, intervention sensitivity, or surveil-
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lance intensity. This motivates structured pooling strategies such as grouping diseases
by transmission mechanism or fitting shared representations with disease-specific output
heads, which would preserve the benefits of global learning while reducing inappropriate
parameter sharing.

Latent representation learning, inter-disease dependence, and attention-based tempo-
ral model global training setup shares parameters across multiple disease-specific series;
it does not explicitly extract shared latent drivers or model inter-disease dependence. A
relevant methodological line of work treats large collections of related time series as being
generated by a low-dimensional set of global latent factors combined with series-specific
temporal dynamics. For example, Deep Factors learns global latent factors that capture
shared structure across many series while retaining local dynamics for each series, pro-
viding a scalable mechanism for representing common hidden drivers beyond simple
parameter sharing [112]. When dependencies between series are meaningful and can be
represented explicitly, graph-based extensions incorporate a learned or predefined graph
to model correlated behavior among series in a principled probabilistic framework [113].
In the context of infectious disease surveillance, such approaches are directly relevant
because they offer a pathway to represent shared seasonal and reporting effects, as well as
cross-disease coupling or co-movement, in an explicit latent space rather than relying on
implicit regularization from pooled training alone.

In addition, the manuscript currently reports results from a baseline Transformer,
but attention-based forecasting has advanced substantially beyond vanilla self-attention.
The Temporal Fusion Transformer is a widely used attention-based architecture for multi-
horizon forecasting that combines recurrent processing for local patterns with interpretable
self-attention for long-range dependencies and is especially suitable when heterogeneous
covariates are available [114]. For long-horizon settings, subsequent Transformer-family
models have proposed mechanisms that improve efficiency or inductive bias for tem-
poral structure, including long-sequence attention approximations (e.g., Informer [115])
and decomposition-based Transformer forecasters tailored to long-term series forecasting
(e.g., Autoformer [116]; FEDformer [117]). These strands of work collectively motivate
attention-based and representation-based directions as substantive extensions to our cur-
rent benchmark.

The present study did not include a dedicated analysis of the contribution of individual
input features and temporal lags to the generated forecasts. The models were considered
as end-to-end forecasting systems, and the internal representations learned by the neural
networks were not examined in terms of which specific parts of the historical window or
potential exogenous factors had the strongest influence on the results.

Forecast accuracy varied across diseases, with models performing better for time
series exhibiting clear seasonal fluctuations or visible trends. This observation is expected
because seasonal structure provides recurrent patterns that neural forecasters can exploit.
In contrast, diseases with irregular outbreaks, low counts, or abrupt regime shifts present
a limited repeatable signal in the autoregressive history alone. This limitation is likely
amplified by the war period, which introduces distribution shifts and structural breaks
in both transmission and surveillance processes. In such contexts, purely endogenous
forecasting can be insufficient, and performance improvements may require incorporating
external signals that reflect underlying drivers of transmission and detection.

The study identifies key limitations and outlines directions for future research. The re-
stricted spatial and temporal scope, reliance on routine surveillance data, and sensitivity to
sudden shifts constrain generalizability. Future improvements are likely to come from incor-
porating exogenous factors such as weather conditions, mobility measures, and vaccination
activity, which can shape real-world transmission but were not included in the current
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models. Architectures designed to integrate heterogeneous covariates in multi-horizon
settings, such as the Temporal Fusion Transformer, provide a natural technical pathway
for this extension [114]. In addition, because reporting delays and backfill can distort the
most recent observations in surveillance systems, integrating nowcasting methods that
explicitly adjust for delays can improve both training targets and near-term forecasting
accuracy [118]. These extensions would better align deep forecasting with the biological,
social, and operational determinants of infectious disease patterns in emergency contexts.

6. Conclusions
The collected and normalized data of infectious diseases showed an average of 62.38%

increase in the number of cases for 22 out of 57 diseases. This data shows a negative
impact of emergency situations on the population of Ukraine in the scope of healthcare and
well-being.

The developed neural networks were trained and had their performance compared. N-
BEATS model outperformed the other neural network models with 63.56% average MAPE.
Although N-BEATS does not provide explicit epidemiological explanations, its internal
decomposition into trend- and seasonality-related components allows partial qualitative
interpretation of forecast drivers. In practice, this makes it possible to distinguish whether
predictions are dominated by baseline seasonal cycles or by longer-term shifts in incidence
levels, which may support short-term monitoring and operational decision-making, even
when transmission mechanisms are not explicitly modeled. Neural networks trained on
multiple time series outperformed those trained on single time series.

The key technologies used in the system are RNNs, Block RNNs, N-BEATS, TCNs,
Transformer Model, and N-HiTS, libraries for developing a neural network and its training,
including Tensorflow and Darts.

For testing, a separate independent dataset was collected that was not part of the
dataset for training. After that, the neural networks were tested and their accuracy was
determined. It is important to acknowledge that they were trained exclusively on data
from a single country and over a limited period (2016–2024). This constrained spatial
and temporal scope may limit the models’ ability to generalize to other regions, different
epidemiological contexts, or newly emerging diseases. The reported performance should
not be interpreted as universally applicable across different healthcare systems or surveil-
lance infrastructures, and external validation on independent multi-country datasets is
required before operational deployment. Another limitation of this study is the lack of
explicit epidemiological stratification of diseases by transmission mechanisms or clinical
categories (e.g., respiratory, water-borne, or vector-borne). The model evaluation in this
study was based solely on point forecasts and deterministic accuracy metrics, without
explicit estimation of predictive uncertainty or confidence intervals. This design choice
was aligned with the study objective of benchmarking neural architectures and training
strategies under a uniform evaluation protocol, where deterministic metrics allowed a
transparent comparison of relative model performance. The study focuses on comparing
the point-forecasting accuracy of neural network architectures rather than on probabilistic
forecasting for decision support. Point forecasts enable a clear and consistent evaluation of
predictive performance across models without introducing additional methodological vari-
ability associated with uncertainty quantification techniques. While uncertainty estimates
are important for public health applications, they fall outside the scope of this comparative
analysis and are left for future works. Incorporating probabilistic forecasting frameworks,
ensemble-based uncertainty estimation, or stochastic regularization techniques such as
Monte Carlo dropout will be an important direction for future research.
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The study did not estimate the contribution of individual input lags or potential exoge-
nous variables to the generated forecasts, and the learned temporal representations were
not examined to identify dominant predictive drivers. Incorporating feature-importance
assessment and sensitivity analysis would enhance transparency and help link predictions
to plausible epidemiological mechanisms, thereby increasing the practical value of the
forecasting framework.

Future work should therefore evaluate the models using more diverse, multi-regional
datasets and extended time horizons to strengthen their robustness and broader applicability.

Neural networks can be an integral part for the forecasting of the spread of infectious
diseases. However, without a clear seasonality in the data for some infectious diseases,
all of the studied neural network architectures showed mediocre performance. Infectious
disease transmission involves complex interactions between various factors, including
host behavior, environmental conditions, and pathogen characteristics. Capturing these
dynamics accurately in a model can be difficult.

In future work, the forecasts could benefit from bringing in additional exogenous
factors, such as weather conditions, mobility data, or vaccination activity, which often
shape real-world transmission but were not included in our current models. Future
research should also incorporate latent representation learning and dimensionality re-
duction techniques to explicitly model shared hidden drivers and correlations among
multiple diseases. These external signals may help reduce some of the limitations that
were encountered—particularly the models’ sensitivity to sudden shifts in case patterns
and their difficulty capturing periods of low incidence. The study was also constrained by
the availability and quality of surveillance data, which limited both the temporal resolution
and the ability to compare model behavior across different regions. Expanding the dataset
and testing the models in more varied settings would allow for a clearer understanding of
how biological and environmental drivers influence performance. Taken together, these
directions could help make future versions of the forecasting framework more reliable and
better aligned with the underlying biology of disease spread.
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Abbreviations
The following abbreviations are used in this manuscript:

N-BEATS Neural Basis Expansion Analysis for Time Series Forecasting
N-HiTS Neural Hierarchical Interpolation for Time Series Forecasting
TCN Temporal Convolutional Network
RNN Recurrent Neural Network
GBM Gradient Boosting Machine
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kNN K-Nearest Neighbor
EnKF Ensemble Kalman Filter
LSTM Long Short-Term Memory
MLP Multilayer Perceptron
GHSA Global Harmony Search Algorithm
FTS Fuzzy Time Series
LSSVM Least Squares Support Vector Machines
FCS Fuzzy C-Means Clustering
ARIMA Autoregressive Integrated Moving Average
GA Genetic Algorithm
PSO Particle Swarm Optimization
NN Neural Network
sMAPE Symmetric Mean Absolute Percentage Error
MASE Mean Absolute Scaled Error
MAPE Mean Absolute Percentage Error
GRU Gated Recurrent Units
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