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ASSESSING THE IMPACT OF THE RUSSIAN WAR IN UKRAINE
ON COVID-19 TRANSMISSION IN SPAIN:
A MACHINE LEARNING-BASED STUDY

COVID-19 pandemic has significantly impacted the world, with millions of infections and deaths, healthcare
systems overwhelmed, economies disrupted, and daily life changed. Simulation has been recognized as a valuable
tool in combating the pandemic, helping to model the spread of the virus, evaluate the impact of interventions,
and inform decision-making processes. The accuracy and effectiveness of simulations depend on the quality of
the underlying data, assumptions, and modeling techniques. Ongoing efforts to improve and refine simulation
approaches can enhance their value in addressing future public health emergencies. The Russian full-scale mil-
itary invasion of Ukraine on February 24, 2022, has created a significant humanitarian and public health crisis,
with disrupted healthcare services, shortages of medical supplies, and increased demand for emergency care.
The ongoing conflict has displaced millions of people, with Spain ranking 5th in the world for the number of
registered refugees from Ukraine. The research aims to estimate the impact of the Russian war in Ukraine on
COVID-19 transmission in Spain using means of machine learning. The research is targeted at COVID-19 epi-
demic process during the war. The research subjects are methods and models of epidemic process simulation
based on machine learning. To achieve the study's aim, we used forecasting methods and built a model of
COVID-19 epidemic process based on the XGBoost method. As a result of the experiments, the accuracy of
forecasting new cases of COVID-19 in Spain for 30 days was 99.79 %, and the death cases of COVID-19 in
Spain — were 99.86 %. The model was applied to data on the incidence of COVID-19 in Spain for the first 30
days of the war escalation (24.02.2022 — 25.03.2022). The calculated forecasted values showed that the forced
migration of the Ukrainian population to Spain, caused by the full-scale invasion of Russia, is not a decisive
factor affecting the dynamics of the epidemic process of COVID-19 in Spain. Conclusions. The paper describes
the results of an experimental study assessing the impact of the Russian full-scale war in Ukraine on COVID-19
dynamics in Spain. The developed model showed good performance to use it in public health practice. The anal-
ysis of the obtained results of the experimental study showed that the forced migration of the Ukrainian popula-
tion to Spain, caused by the full-scale invasion of Russia, is not a decisive factor affecting the dynamics of the
epidemic process of COVID-19 in Spain.
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Introduction

COVID-19 pandemic, caused by the novel corona-
virus SARS-CoV-2, has profoundly impacted the world
since its emergence in late 2019. The virus quickly spread
globally, resulting in millions of infections and deaths,
overwhelming healthcare systems, and disrupting econo-
mies and daily life [1]. The pandemic has highlighted in-
equalities and vulnerabilities in societies, with marginal-
ized populations bearing a disproportionate disease bur-
den. Scientists and public health experts have worked
tirelessly to develop vaccines, treatments, and strategies
to mitigate the spread of the virus [2]. However, chal-
lenges such as vaccine hesitancy, new variants, and on-
going political and social tensions complicate the re-
sponse [3]. The pandemic has underscored the critical
importance of global cooperation and preparedness in ad-
dressing public health emergencies.

Multiple approaches have been used to combat
COVID-19 pandemic, including non-pharmaceutical in-
terventions such as mask-wearing, social distancing,
quarantine measures, vaccination campaigns, contact
tracing, and testing [4]. Various pharmaceutical interven-
tions have been developed, including antiviral drugs and
monoclonal antibodies, to treat COVID-19 patients [5].
The development and distribution of vaccines have been
critical tools in controlling the spread of the virus, with
numerous vaccines now available globally [6]. Public
health communication and education campaigns have
also been crucial in disseminating information about the
virus, promoting adherence to prevention measures, and
addressing vaccine hesitancy [7]. International collabo-
ration and cooperation have been essential in addressing
the global nature of the pandemic, and ongoing efforts
must combat the virus's evolving variants and ensure eg-
uitable access to interventions.
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The pandemic has stimulated the development of
data-driven medicine field. Researchers worldwide have
developed methods for medical data analysis [8], analy-
sis of COVID-19 in other fields of human beings [9], so-
cial factors impact estimation [10], medical image pro-
cessing [11], automated diagnosis [12], investigation of
virus behavior [13], infodemics [14], and infectious dy-
namics simulation [15], etc.

Simulation has been recognized as a valuable tool
in combating COVID-19 pandemic. Simulation-based
approaches have been used to model the spread of the vi-
rus, evaluate the impact of interventions, and inform de-
cision-making processes [16]. These simulations have
been used to forecast the number of infections and deaths,
estimate the resource needs of healthcare systems, and
predict the effects of policy interventions. Simulation-
based training has also prepared healthcare workers and
emergency responders for the challenges of caring for
COVID-19 patients. By allowing stakeholders to test dif-
ferent scenarios and interventions, simulation has pro-
vided critical insights into the pandemic and has helped
guiding response efforts. However, the accuracy and ef-
fectiveness of simulations depend on the quality of the
underlying data, assumptions, and modeling techniques
and the limitations of simulations must be recognized
[17]. Simulation has been an essential tool in combating
COVID-19 pandemic, and ongoing efforts to improve
and refine simulation approaches can enhance their value
in addressing future public health emergencies.

On February 24, 2022, Russia launched a full-scale
invasion of Ukraine, leading to significant violence and
casualties. Russian war has destroyed cities, displaced
millions, and created a severe humanitarian crisis in
Ukraine. The impact of the military invasion has also ex-
tended to the public health sector, with challenges includ-
ing disrupted healthcare services, shortages of medical
supplies, and increased demand for emergency care [18].
The escalation of war has had a profound impact on the
lives of civilians in the region, and ongoing efforts are
needed to address the war's humanitarian and public
health consequences.

More than 8 million refugees from Ukraine are rec-
orded across Europe, and more than 5 million people are
estimated to be displaced in Ukraine, according to the
United Nations [19]. Spain ranks 5th in the world regard-
ing the number of registered refugees from Ukraine. The
number of refugees in Spain at the beginning of 2023 is
170 thousand [20].

Thus, the paper estimates the impact of the Russian
war in Ukraine on COVID-19 transmission in Spain us-
ing means of machine learning. This research is targeted
at COVID-19 epidemic process during the war. The re-
search subjects are methods and models of epidemic pro-
cess simulation based on machine learning.

To achieve the aim of the research following tasks
have been formulated:

1. Methods and models of COVID-19 epidemic
process analysis in Spain should be analyzed.

2. Data on COVID-19 pandemic in Spain should be
analyzed.

3. Impact of the Russian war on public health should
be analyzed.

4. A simulation model of COVID-19 epidemic pro-
cess based on the XGBoost method should be developed.

5. Tuning and verification of the proposed model
should be done.

6. Estimating COVID-19 epidemic process dynam-
ics in Spain during the first 30 days of the full-scale Rus-
sian war in Ukraine should be done.

7. Results of the experimental study should be ana-
lyzed.

The respective contribution of the research is three-
fold. First, developing models based on the XGBoost
method will allow estimating the accuracy of ensemble
machine learning methods applied to the simulation of
COVID-19 epidemic process. Second, using the actual
data on COVID-19 epidemic process dynamics in Spain
will allow us to investigate the pandemic character.
Third, the proposed methodology will allow us to assess
the impact of migration flows caused by the Russian war
in Ukraine on COVID-19 dynamics in Spain.

In this paper, section 1, namely, the current research
analysis provides the current state of COVID-19 epi-
demic process simulation methods and models applied to
the pandemic in Spain. Section 2, namely Data, describes
the background of COVID-19 epidemic process in Spain,
relation of the Russian war and public health, and anal-
yses the data sources of COVID-19 morbidity applicable
for given research. Section 3, namely Materials and
Methods, provides a methodology of research, an over-
view of the XGBoost method, and metrics of the model’s
performance evaluation. Section 4 provides the results of
forecasting COVID-19 confirmed and deaths in Spain by
the developed model. The discussion section discusses
the obtained results from the epidemiology view. Con-

clusions describe the outcomes of the investigation.

1. Current Research Analysis

Mathematical and computational models have been
used extensively to investigate the epidemic processes of
infectious diseases. These models provide a quantitative
understanding of how diseases spread, how interventions
can control transmission, and how public health policies
can be optimized. Models are built on assumptions and
simplifications, ranging from simple compartmental
models to complex, agent-based simulations. Model out-
puts can make predictions, test hypotheses, and inform
decision-making processes. In the case of COVID-19
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pandemic, models have played a crucial role in forecast-
ing the number of cases and deaths, assessing the impact
of non-pharmaceutical interventions, evaluating vaccine
distribution strategies, and identifying populations at
high risk [21]. While modeling has limitations, it remains
an essential tool for understanding the dynamics of infec-
tious diseases and designing effective control strategies.

Since the beginning of the pandemic, many re-
searchers have used the simulation tool to study the epi-
demic process of COVID-19 in Spain.

Paper [22] uses a SIRD model to analyze the evolu-
tion of COVID-19 in Spain and make reliable short-term
predictions. The model confirms quarantine's effective-
ness and shows the infection's evolution in various
stages. The analysis provides valuable information to in-
fluence the epidemic's evolution and perform actions to
reduce its harmful effects. Article [23] also uses the com-
partment approach and proposes a new SEIRS dynamical
model with a vaccine rate to investigate the impact of
vaccines on COVID-19 pandemic. The model is formu-
lated with integer order and generalized with Atangana-
Baleanu fractional derivative. The existence and stability
of the solution were analyzed using the Predictor-Correc-
tor algorithm. The simulations are based on actual data
from Spain and demonstrate the effectiveness of vaccines
in controlling the spread of COVID-19.

The paper [24] discusses the emergence of COVID-
19 coronavirus variants and the need to estimate the case
fatality ratio during such epidemics. The authors use non-
parametric approaches to estimate odds ratios and confi-
dence intervals for COVID-19 data and apply a non-par-
ametric cure model to estimate cure rates. Simulations
based on R-software predict the effects of patients based
on covariates in different scenarios and identify risk fac-
tors associated with COVID-19 mortality, including
older age, male sex, comorbidities, and access to timely
healthcare. The authors emphasize the importance of ac-
curate estimates and consistent messaging to avoid in-
ducing panic in significant outbreaks of COVID-19.

The paper [25] applies resampling techniques to a
modified compartmental SEIR model to account for un-
detected infected individuals during an epidemic. The au-
thors conducted numerical simulations on the first wave
of COVID-19 in Spain, showing that point estimates ob-
tained through bootstrap samples improve upon the orig-
inal data. The relative error of the detected currently in-
fected people is reduced from 0.061 to 0.0538 for the
mean overall bootstrap estimated series. Using
resampling techniques provides a more accurate estima-
tion of epidemic parameters and can be helpful in deci-
sion-making processes during pandemics. The authors of
the paper [26] present a new dynamic probabilistic model
based on simulation models to estimate the prevalence of
SARS-CoV-2 infections in different compartments. The

proposed model is optimized using gradient-free stochas-
tic black-box optimization techniques simulating multi-
ple trajectories of the infection dynamics and is applied
to the first and successive waves of the pandemic in
Spain. The model confirms the accuracy of estimating the
seroprevalence and allows for dynamically examining
the population's exposure to the virus.

Research [27] proposes a deep learning approach to
model network contagion dynamics by learning effective
local mechanisms from time series data. The graph neural
network architecture used in this approach makes mini-
mal assumptions about the dynamics and can simulate ar-
bitrary network structures. The accuracy of the proposed
approach is demonstrated using different contagion dy-
namics, and the applicability is illustrated using actual
data from COVID-19 outbreak in Spain. The paper sug-
gests that deep learning offers a new and complementary
perspective to model contagion dynamics on networks.
The paper [28] presents an agent-based COVID-19
model to test various sampling strategies in a scenario in-
cluding the 62 largest cities in Spain. The evaluation an-
alyzes the impact of different parameters, such as testing
frequency, quarantine time, percentage of quarantine
breakers, or group testing, on sampling efficacy. The
most effective strategies are pooling, rapid antigen test
campaigns, and requiring negative testing for access to
public areas.

The authors of [29] propose a mathematical ap-
proach to analyze the geographical distribution of
COVID-19 cases during the first wave of the pandemic
in Galicia, Spain. The approach assigns a risk factor for
each municipality based on geographic and demographic
information to assess the risk of future outbreaks. The re-
sults are compared with empirical data and demonstrate
the method's validity. The paper [30] describes an SEIR-
type model that analyzes the interaction between differ-
ent vaccination scenarios and levels of protection
measures on disease incidence. The model incorporates a
range of factors such as protection levels, quarantine
measures, and vaccination efficacy of four types of vac-
cines. The model was verified and evaluated using a re-
sponse timeline and vaccination strategies in the Basque
Country, Spain. The simulations showed significant dif-
ferences in disease prevalence and cumulative mortality
between vaccination scenarios for low and medium-level
protection measures. However, any vaccine scenario lim-
its virus transmission and disease mortality for high-level
protection measures.

The paper [31] analyzes the spread of the Omicron
COVID-19 variant in Spain using an agent-based simu-
lator EpiGraph. The simulation includes a population of
the 63 most populated cities of Spain. The study analyzes
the propagation of Omicron under different scenarios and
transportation intensities, concluding that the Omicron
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variant spreads quickly throughout the country, regard-
less of the initial location and transportation conditions.
The study [32] explores the fractional dynamics of
COVID-19 outbreaks in Spain between February and Oc-
tober 2020 using the Atangana-Baleanu non-integer or-
der derivative. The authors analyzed optimal control
problems in a fractional sense and provided graphical
simulations using the Predictor-Corrector method. They
also analyzed the existence of a unique solution and the
stability of the proposed scheme.

The paper [33] presents a discrete event simulation
model for short-term planning of hospital resource needs,
specifically ICU beds, during outbreaks such as COVID-
19 pandemic. The simulation model consists of stochas-
tic modeling of patient admission and patient flow pro-
cesses, with a Gompertz growth model used to represent
the patient arrival process. The model was tested in two
Autonomous Regions of Spain during the two COVID-
19 waves experienced in 2020, with daily predictions in-
forming regional logistic healthcare planning teams. The
Gompertz model better fits pandemic-related data and
has superior prediction capacity compared to other sig-
moid models based on Richards, Logistic, and Stannard
functions. The study [34] presents a Bayesian inference
framework to quantify uncertainties in epidemiological
models, specifically SEIJR and SIJR models involving
populations of susceptible, exposed, infective, diag-
nosed, dead, and recovered individuals, in response to
lockdown measures. The study tracks the time evolution
of Covid-19 in Spain using official data. It shows that
transmission and recovery rates vary in response to facts,

and the diagnosis rate is relatively low, leading to large
amounts of undiagnosed infective individuals. The paper
concludes that confinement can delay but not stop the
spread of the virus unless a large enough fraction of the
population is confined until the asymptomatic population
is depleted and can be replaced by solid distancing
through masks.

Research [35] identifies critical communities more
likely to suffer COVID-19 outbreaks in Spain and esti-
mate the impact of different mobility restrictions using an
SEIR compartmental model. They derive a mathematical
descriptor based on the linear stability theory that quan-
tifies the potential impact of becoming a hotspot. They
find that the confinement of economically non-active in-
dividuals may significantly reduce risk, whose effects are
equivalent to the confinement of the total population. The
study was conducted across the totality of municipalities
in Spain during the second wave from August 1st to No-
vember 30th, 2020. The paper [36] presents a new model
for predicting the spread of COVID-19 at the municipal
level, incorporating the inherent stochasticity of the virus
and using a chemical reaction-based approach. The
model considers variable infection rates based on mitiga-
tion policies, multiple infections from a single infected
person, and viral load data from wastewater treatment
plants. The model was successfully employed for predict-
ing the pandemic's evolution in small and medium-sized
municipalities in Galicia, Spain.

Table 1 presents the analysis of the models of
COVID-19 propagation in Spain.

Table 1
The overview of COVID-19 epidemic process models in Spain
Paper Task Method Findings
Martinez To forecast the evolution of | Compart- The proposed model allows adjusting the pa-
V. [22] COVID-19 during first months | mental ap- | rameters in real time when the disease is latent
of pandemic in Spain. proach
Kumar P., | To justify the role of vaccines | Compart- The authors exemplified that the given model
et. al. [23] | in combating the pandemic. mental ap- | works well to show the role of vaccine on the
proach dynamics of COVID-19 in the population. We
observed that in both cases (disease-free equilib-
rium and endemic equilibrium) vaccine is effec-
tive and when the vaccine rate increases then the
population goes into a comfortable environment.
Ghosh S., | To estimate relation between | Machine learn- | The impact of sex on mortality from disease ep-
et. al. [24] | mortality due to COVID-19 | ing (logistic re- | idemics is important, but studies using individ-
and age specific gender using | gression) ual-level data are needed to confirm an interac-
non-parametric approach. tion between age and sex in COVID-19 mortal-
ity in order to guide clinical care personal and to
address questions of whether men require addi-
tional surveillance, prevention, and earlier inter-
vention than women.
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Continuation of Table 1

Paper Task Method Findings
Morillas F., | To apply resampling to a com- | Compart- The proposed procedure allows managing the un-
et. al. [25] | partmental model of differen- | mental ap- | certainty of the data in a more appropriate way than
tial equations to improve the | proach using the punctual estimation by considering only
estimates of the variables in the observed data. The approximations performed us-
presence of uncertainty. ing the wavelet graduation and the bootstrap tech-
nique are more consistent or robust
Matabuena | To retrospectively reconstruct | Compart- Research illustrates the potential of combining
M., et. al. | the dynamics of infections | mental ap- | simulation models with a Black-Box optimization
[26] while estimating seropreva- | proach techniques to obtain new epidemic models. More
lence in the different compart- reliable inferences by fitting the model at simulta-
ments of the model to better neous locations, for example, through multilevel
characterize  the  concrete simulation models can be obtained.
mechanisms of virus transmis-
sion in the territories analyzed.
Murphy C., | To provide predictions for pre- | Deep learn- | Many standard graph neural network architectures
et. al. [27] | viously unseen network struc- | ing  (graph | do not correctly handle the problem of learning
tures, therefore allowing the | neural net- | contagion dynamics from time series. However,
exploration of the properties of | work) the proposed approach performs better when
the learned dynamics beyond trained on data whose underlying network struc-
the training data. ture is heterogeneous, which could prove useful in
real-world applications of the proposed method
given the ubiquitousness of scale-free networks
Guzman- To understand the effects of | Agent-based | Design and implementation of a more refined so-
Merino M., | different possible sampling | approach cial interaction model, which reflects profession-
et. al. [28] | strategies that contribute to de- dependent connections to increase the realism of
sign policies that can slow population mixing. The authors also used contact
down the propagation and re- matrices extracted from public surveys to reflect
duce the number of affected in- age-dependent interactions of each individual.
dividuals.
Carballosa | To show the difference that ge- | Compart- The developed tools can be potentiality used as a
A., et. al. | ographical placement and de- | mental ap- | workbench to test different policies and their im-
[29] mographic circumstances has | proach plications in the risk factors at a node level to pre-
on the impact of the virus pare for future COVID-19 waves and new pan-
spread. demics.
Ganga A., | To analyze the impact of the | Compart- The results suggest that in an initial vaccination
Bidegain interaction between different | mental ap- | phase (30%-50% of the population is vaccinated),
G. [30] vaccination scenarios, regard- | proach COVID19 incidence, as measured in daily cases
ing vaccination rate and effi- and cumulative mortality, importantly decreases
cacy, and different levels of when vaccination and a high level of nonpharma-
nonpharmaceutical protection ceutical interventions are in place. That is, in the
measures (from the use of first vaccination phase, with vaccination, strong
mask to lockdown) on disease mobility restrictions and closure of indoor facilities
incidence and mortality. such as public spaces, restaurants, and bars are crit-
ical to significantly control disease outbreaks.
Merino To evaluate the effectiveness | Agent-based | Independently of the initial location of the Omi-
M.G., et. | of different policies that re- | approach cron variant, and the existing transportation condi-
al. [31] strict the movement of people tions, the high transmissibility of Omicron variant

between different cities in
Spain for the time interval
comprised between May 2021
and March 2022.

-about 2 times larger than Delta, and roughly the
3.6 times more transmissible than the initial
COVID-19 strain, allows it to quickly spread
through the country and become the dominant
strain in all territories.
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End of Table 1

Findings

A brief idea of the structure of novel coronavirus
in Spain by using different infection transmission
rates and to indicate the danger of these deathly
diseases for future precautions with the introduc-
tion of some healthcare measures has been given.

Paper shows how operations research can con-
tribute to a rapid respond to a healthcare crisis by
reporting on a successful real-world application
of the simulation model to support a decision-
making process of crucial importance to the
health of patients in two Autonomous Regions of

Confinement can delay but not stop the spread of
the virus unless a large enough fraction of the
population is confined until the asymptomatic
population is depleted and can be replaced by

The results show how the confinement of the
economically non-active individuals results in a
significant reduction of risk, whose effects are
equivalent to the confinement of the total popu-

The model can be used to test different scenarios
and for forecasting in small and medium size mu-
nicipalities with Wastewater Treatment Plants in

1
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Paper Task Method
Kumar, P., | To analyze the structure of the | Compart-
et. al. [32] | novel coronavirus in Spain at | mental ap-
different transmission rates | proach
and to suggest optimal control
measures to combat the dis-
ease.
Garcia-Vi- | To enable tactical decisions for | Population
cuna D., et. | the provision of specialized | growth model
al. [33] health resources during the
current outbreak with a focus
on the transition period to gen-
erate a short-term projection of
the current state of the hospital. Spain.
Carpio A., | To analyze variations in the | Compart-
Pierret E. | model rates and in the distribu- | mental ap-
[34] tions of the different popula- | proach
tions, a time grows because of
the measures implemented, in- strong distancing through masks.
cluding undiagnosed infected
and asymptomatic individuals.
Carballosa | To evaluate the spatial behav- | Compart-
A., et. al. | ior of the virus across any re- | mental ap-
[35] gion by considering different | proach
administrative units such as
municipalities in the Spanish lation.
case.
Pajaro M., | To predict the evolution at the | Compart-
et.al. [36] | local level (municipalities), | mental ap-
and for short term time hori- | proach
zons (7-10 days maximum). time horizons of 7-10 days.

Although most models of COVID-19 dynamics in
Spain are based on a compartmental approach, the meth-
odology proposed in this study is based on machine
learning methods. Machine learning models have ad-
vantages over compartmental models in infectious dis-
ease — spreading simulations.

Machine learning models are more flexible and can
handle more complex data structures, such as unstruc-
tured and heterogeneous data, which makes them suitable
for analyzing data from multiple sources [37]. Machine
learning models can learn patterns from data and make
predictions based on these patterns. They can identify
hidden patterns that may not be visible in compartmental
models. Machine learning models can handle large
amounts of data and can be easily scaled up to handle
bigger or more complex models. Machine learning mod-
els are less sensitive to outliers and can handle missing
data more effectively than compartmental models. Ma-
chine learning models can improve the accuracy of pre-
dictions by learning from past data and using multiple
data sources. This makes them better suited for predicting

infectious disease outbreaks and determining the best
course of action.

2. Data

2.1. Background on COVID-19 Pandemic in Spain

Spain has had over 13 million confirmed cases and
almost 120 thousand deaths from COVID-19 as of the
beginning of 2023 [38]. The virus was first confirmed in
Spain in January 2020, and community transmission be-
gan by mid-February [39]. A lockdown was imposed in
mid-March, and by late March, Madrid had the most
cases and deaths in the country [40]. Medical profession-
als and retirement home residents were at a higher risk of
infection. Spain had the most COVID-19 deaths in a sin-
gle day by any country in early April. The daily death toll
fell below 100 for the first time in May 2020, and Spain
lifted the state of alarm in June. However, some re-
strictions were later reimposed due to increased
cases [41].
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The number of infections and deaths may have been
underestimated due to a lack of testing and reporting. A
government seroprevalence study in July 2020 showed
that 5.2 % of the population, or about two million people,
could have been infected during the pandemic [42]. Spain
was the second country in Europe to record half a million
cases and had over one million COVID-19 cases by Oc-
tober 2020.

COVID-19 outbreak in Spain resulted in several cit-
ies and regions being put on lockdown in March 2020,
with the Catalan government quarantining four munici-
palities after cases were reported at a hospital [43]. On 14
March, a state of alarm was declared across the country,
which led to the central government taking control and
implementing measures such as banning nonessential ac-
tivities and large gatherings. However, citizens could still
travel to work and buy essential items. Autonomous com-
munities also announced their emergency measures, such
as population confinement and closure of ports and air-
ports. On 25 March, the parliament approved the govern-
ment's request to extend the state of alarm until 11 April.
Some nonessential workers were allowed to return to
work on 13 April, and the government attempted to re-
duce the spread of the virus through contact tracing and
to distribute of masks [44].

In March 2020, the Government of Spain imple-
mented several travel restrictions in response to COVID-
19 pandemic [45]. On 16 March, the Spanish borders
were closed, allowing only Spanish citizens and those
needing to enter the country. Flights from Italy to Spain
were canceled until 25 March, and all traffic between
Morocco and Spain was suspended. The Balearic Islands
closed all airports and ports, except for a few exceptions,
and the Canary Islands restricted flights between the pen-
insula and its islands. Additionally, movement between
provinces was forbidden until at least the end of June.

Spain has a high percentage of its population vac-
cinated against COVID-19, 87 % fully vaccinated, and
88% with the first dose. Spain is also a country most in
favor of COVID-19 vaccines [46].

2.2. Relations between the Russian War
and the Public Health

On February 24, 2022, Russia launched a full-scale
military invasion of Ukraine for no reason. Russia uses a
military strategy that targets civilians and civilian infra-
structure, as exemplified by Russian attacks in Ukraine
and documented by the media and the United Na-
tions [47]. Almost one year after the start of the war es-
calation, the Office of the UN High Commissioner for
Human Rights recorded 7155 civilian fatalities and
11 662 injuries in Ukraine. However, the actual figures
are likely to be higher [48].

The quality of healthcare and service delivery in
some areas of Ukraine has declined due to the war, with
facilities lacking running water and electricity. Hospitals
in eastern Ukraine cannot provide essential care, causing
patients to travel further for treatment or not seek care at
all [49]. Childhood vaccination coverage has declined,
posing a risk for the spread of diseases such as polio and
measles. The conflict has also made it harder to manage
chronic diseases, with many displaced people stopping
their medications. Psychological trauma has been re-
ported among civilians and soldiers, affecting mental
health. It is unclear how access to HIV services and other
essential medicines is affected in regions under tempo-
rary Russian occupation.

Over 760 attacks in Ukraine have been verified by
World Health Organization Surveillance System for At-
tacks on Health Care as of the beginning of 2023, with
almost 700 attacks impacting health facilities [50]. The
situation is complicated in areas close to the front line or
those that the Government of Ukraine has recently re-
taken. In these areas, most health facilities are not oper-
ating. The health system struggles to meet the complex
needs of those who remain, such as the elderly, people
with low mobility, and those with physical disabili-
ties [51].

As of January 2023, the United Nations High Com-
missioner for Refugees has recorded 8.0 million refugees
from Ukraine in Europe [48]. 4.8 million were registered
for temporary protection or similar national protection
schemes in Europe. For cross-border movements,
18.2 million crossings out of Ukraine and 10.0 million
crossings into Ukraine were recorded. These latter
figures do not reflect individuals. The International
Organization for Migration estimates that 5.4 million
people are internally displaced across Ukraine as of Jan-
uary 2023 [52].

Forced refugees from the Russian war in Ukraine
face challenges that impact public health. Displacement
and overcrowding in refugee shelters and evacuation
transport can increase the risk of infectious disease out-
breaks. The lack of access to clean water, sanitation, and
hygiene facilities can also contribute to the spreading of
diseases such as dysentery. Furthermore, refugees may
have limited access to healthcare and medications, in-
creasing the risk of untreated chronic and infectious dis-
eases. Mental health issues are also a concern, as refugees
may experience trauma and stress related to conflict and
displacement. Additionally, refugees face language and
cultural barriers that can make accessing healthcare and
other essential services difficult.

Although Spain does not border Ukraine, the coun-
try ranks 5th in the world regarding the number of regis-
tered refugees from Ukraine. The number of refugees in
Spain at the beginning of 2023 was 170 thousand [20].
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2.3. Data Sources Analysis

Throughout COVID-19 pandemic, many research-
ers worldwide have used the Johns Hopkins University
& Medicine Coronavirus Resource Center [53] as their
primary data source to model the dynamics of COVID-
19. The Johns Hopkins University & Medicine Corona-
virus Resource Center dashboard is an up-to-date source
of information on COVID-19 pandemic, offering real-
time data on confirmed cases, deaths, recoveries, and
country-specific information. The dashboard is fre-
quently updated, and the resource center provides expert
insights, infographics, and articles on various aspects of
the pandemic.

However, data on the incidence of COVID-19 in
Ukraine after February 24, 2022, are not available on the
portal. Therefore, in this study, we used data obtained
from the WHO Coronavirus (COVID-19) Dashboard of
World Health Organization data [54].

The WHO Coronavirus (COVID-19) Dashboard is
an online platform. The World Health Organization
(WHO) provides to monitor the global spread of
COVID-19. The dashboard provides real-time updates on
the number of confirmed cases, deaths, and recoveries re-
ported by countries worldwide. The data are presented in
easy-to-read graphs and maps that allow users to track the
progression of the pandemic in different regions of the
world. The dashboard also provides information on the
testing capacity and measures taken by countries to con-
tain the spread of the virus. It is regularly updated with
the latest information from the WHO and other reliable

sources.

We used cumulative and daily data on reported
cases and deaths from COVID-19.

3. Materials and Methods

3.1. Methodology

The methodology proposed in this study makes it
possible to assess changes in the dynamics of COVID-19
epidemic process caused by the forced migration of the
population of Ukraine due to Russia's military invasion
of Ukraine. The assessment uses a predictive model of
morbidity and mortality from COVID-19 in the selected
territory, which is applied to different periods: 30 days
before the start of the escalation of the Russian war in
Ukraine and 30 days after.

As a forecasting method, the machine learning ap-
proach was chosen as the most accurate one. Machine
learning methods are increasingly being used to forecast
the dynamics of infectious diseases. These methods in-
volve algorithms that can automatically learn patterns
from data and make predictions based on these patterns.

In infectious disease forecasting, machine learning meth-
ods typically use data on past disease outbreaks to train
models that can predict future outbreaks. These models
can consider a range of factors, such as demographics,
climate, and human behavior, that may influence the
spread of the disease. By analyzing large amounts of
data, machine learning models can identify complex pat-
terns that may not be clear to humans and provide accu-
rate forecasts that can inform public health decision-mak-
ing.

For this, the ensemble method of machine learning
XGBoost was applied. Ensemble machine learning meth-
ods can improve the accuracy and robustness of infec-
tious disease forecasting by combining multiple models
and their predictions. By leveraging the strengths of var-
ious models and integrating their outputs, ensemble
methods can reduce individual model biases and errors
and provide more accurate predictions [55]. Ensemble
methods can provide better uncertainty estimates and
identify areas of agreement and disagreement among
models, allowing for more informed decision-making by
public health officials.

The proposed methodology consists of the follow-
ing steps:

1. Construction of a machine learning model for
forecasting the dynamics of the epidemic process of
COVID-19.

2. Tuning and verifying the model on the test sam-
ple from January 25, 2022, to February 23, 2022, of mor-
bidity and mortality from COVID-19 in Spain.

3. Construction of a retrospective forecast of the dy-
namics of morbidity and mortality from COVID-19 in
Spain from February 24, 2022, to March 25, 2022.

4. Calculation of the deviation of the forecast mor-
bidity and mortality from COVID-19 in Spain from the
actual dynamics of the epidemic process of COVID-19
from February 24, 2022, to March 25, 2022.

5. To analyze the differences in the model's perfor-
mance for the periods January 25, 2022 - February 23,
2022, and February 24, 2022 - March 25, 2022, and eval-
uate the factors influencing changes in the dynamics of
the epidemic process from the viewpoint of view of epi-

demiology.

3.2. XGBoost Model

Boosting is a machine learning technique that com-
bines weak classifiers to form a more accurate predic-
tor [56]. The basic idea is to train a sequence of weak
learners, which are simple models that perform slightly
better than random guessing, and then combine their pre-
dictions to create a more robust model. Each weak learner
is trained on a modified version of the training data that
emphasizes the examples that the previous models have
classified incorrectly. This approach allows the ensemble
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to focus on the most challenging examples to classify and
gradually improve the model's overall accuracy.

When applied to forecasting the dynamics of infec-
tious diseases, boosting can improve the accuracy of pre-
dictions by reducing errors and capturing complex non-
linear relationships between variables. Boosting algo-
rithms are known for handling noisy and high-dimen-
sional data, making them suitable for analyzing complex
epidemiological datasets. Boosting models can adjust
and update their predictions in real time, allowing for
more timely and accurate forecasting of disease dynam-
ics.

Extreme Gradient Boosting or XGBoost is a popu-
lar machine learning algorithm for forecasting time se-
ries, including the dynamics of infectious diseases. It is
an ensemble method that combines the predictions of
many individual models to improve overall accuracy.
XGBoost is a tree-based algorithm that builds decision
trees iteratively, refining each tree's predictions based on
previous tree errors [57].

The first step in XGBoost is to build a decision tree
that predicts the outcome variable based on input varia-
bles. The algorithm then calculates the errors of the tree
and assigns weights to the data points based on the basis
of their errors. It then builds another tree that predicts the
previous tree's errors and updates the data points'
weights. This process is repeated until the desired num-
ber of trees is built, or the error rate reaches a minimum.

The second step in XGBoost is to combine the pre-
dictions of the individual trees. This is done by assigning
weights to each tree based on its accuracy and using them
to calculate a weighted average of the predictions. The
result is a highly accurate model that can be used to fore-
cast the dynamics of infectious diseases. XGBoost also
includes a regularization term that penalizes complex
models, preventing overfitting and improving generaliza-
tion performance.

The function for XGBoost optimization is

n

10 = S 1(5,50 +£00) +26), @
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where | is loss function;

yi is value of the i-th element of the training sample;

Xi is set of features of the i-th element of the training
sample;

fi is function we want to train on step t;

fi(x;) is forecasting on the i-th element of the training
sample;

Q(f) is regularization of function f.

Q) =yT +;Allwll? @

where T is number of nodes in the tree;

w is values in leaves;
v and A are regularization parameters.
The optimized function L® is approximated using
the Taylor expansion to the second term by the following
expression:

n
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The minimum of this expression with respect to
fi(x:) is located at the point

) = 2. ®)

Each individual tree of the ensemble f(x;) is trained
by a standard algorithm.

XGBoost has several advantages that make it an ef-
fective method for the task of infectious disease simula-
tion:

1. It can handle large datasets with high dimension-
ality and many features. This is important for infectious
disease simulation as many variables may need to be con-
sidered when predicting disease spread.

2. XGBoost has high accuracy and can make exact
predictions, which is essential for forecasting the dynam-
ics of infectious diseases.

3. It can handle missing data, a common issue in in-
fectious disease data.

However, XGBoost also has some disadvantages:

1. It can be computationally intensive and requires
much memory and processing power, which may limit its
use in some settings.

2. It may be prone to overfitting if not properly op-
timized, which can lead to inaccurate predictions.

3. XGBoost requires careful tuning of hyperparam-
eters, which can be time-consuming and may require ex-
pert knowledge to optimize.

The computational complexity of XGBoost de-
pends on various factors such as the number of trees,
depth of the trees, number of features, and size of the da-
taset. The time complexity of XGBoost is O(n * d? * k),
where n is the number of samples, d is the maximum
depth of the tree, and k is the number of trees. Therefore,
increasing the number or depth of the trees can signifi-
cantly increase the computational complexity. However,
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XGBoost is designed to be highly optimized and effi-
cient, and it provides several options for controlling the
computational complexity, such as subsampling, regular-
ization, and early stopping. Overall, XGBoost is a rela-
tively fast and scalable algorithm that can handle large
datasets and complex models.

Nevertheless, this method is suitable for solving the
problem posed in the framework of this study since high
prediction accuracy is required. Simultaneously, there is
no need to use the proposed model in real-time, so the
relatively high computational complexity is not a disad-
vantage in our case.

3.3. Model Verification Methods

The model accuracy estimate is calculated using
mean absolute percentage error:

_100% A¢—Fy
MAPE = 23, || )

where Ay is the actual value;
Ft is the forecasted value.

MAPE is a commonly used metric for evaluating
the accuracy of forecasting models, including those used
for infectious disease forecasting. The advantage of using
MAPE is that it provides a measure of the relative error
of the forecast, which is particularly useful when dealing
with time series data that exhibit trends or seasonality.
This means that the metric considers the actual values'
magnitude, providing a more accurate representation of
the forecasting error.

To assess the forecast of the incidence of COVID-
19 for the period of the war, the deviations of the forecast
data from the registered statistics were calculated:

D= IFt_Atll (8)

where At is the actual value; F is the forecasted value.

4. Results

4.1. Model Tuning

The XGBoost model was implemented in the Py-
thon programming language to verify and adjust the
model for predicting the epidemic process of COVID-19.
The model's accuracy was evaluated for 3, 7, 14, 21, and
30 days. Data on morbidity and mortality from
COVID-19 in Spain obtained from the World Health
Organization COVID-19 Dashboard were used for veri-
fication. As a test sample, data on incidence and mortality
from COVID-19 in Spain from January 25, 2022, to Feb-
ruary 23, 2022, i.e., within 30 days before the start of a
full-scale Russian invasion of Ukraine.

Figure 1 presents the results of the retrospective
forecast of cumulative new cases of COVID-19 in Spain

from January 25, 2022, to February 23, 2022.

Figure 2 presents the results of the retrospective
forecast of cumulative deaths of COVID-19 in Spain
from January 25, 2022, to February 23, 2022.

Table 2 shows the model accuracy rates for cumu-
lative new cases and deaths of COVID-19 in Spain from

January 25, 2022 to February 23, 2022.

Actual data

e Forecast
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10.6M

10.4M
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Number of cases
2
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Fig. 1. Forecasting of COVID-19 cumulative new cases
(25.01.22 — 23.02.2022)
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Fig. 2. Forecasting of COVID-19 cumulative death
cases (25.01.22 — 23.02.2022)

Table 2
MAPE of cumulative forecast
for 25.01.22 — 23.02.22

Duration of New cases Death cases

forecast (days)

3 days (train) 0.007644 % 0.002714 %
3 days (test) 0.019822 % 0.004682 %
7 days (train) 0.016716 % 0.005538 %
7 days (test) 0.03972 % 0.009623 %
14 days (train) 0.029444 % 0.01026 %
14 days (test) 0.062766 % 0.018175 %
21 days (train) 0.041337 % 0.014896 %
21 days (test) 0.079319 % 0.026013 %
30 days (train) 0.238342 % 0.020345 %
30 days (test) 0.094509 % 0.034428 %
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Figure 3 presents the results of the retrospective
forecast of daily new cases of COVID-19 in Spain from
January 25, 2022, to February 23, 2022.

Figure 4 presents the results of the retrospective
forecast of daily death cases of COVID-19 in Spain from
January 25, 2022, to February 23, 2022.

Table 3 shows model accuracy rates for daily new
cases and deaths of COVID-19 in Spain from January 25,
2022 to February 23, 2022.

Actual data
& Forecast

160k

140k

120k

100k

80k

Number of cases

60k

40k

20k

Fig. 3. Forecasting of COVID-19 daily
new cases (25.01.22 — 23.02.2022)

Actual data
® Forecast

250

200

Number of cases

150

100

Fig. 4. Forecasting of COVID-19 daily
death cases (25.01.22 — 23.02.2022)

Tuning and verifying the model on a sample from
January 25, 2022, to February 23, 2022, showed high ac-
curacy in forecasting the epidemic process of COVID-19
in Spain for both new and lethal cases.

4.2. Experimental Study

In order to assess the impact of a full-scale invasion,
forecasts were made for the dynamics of COVID-19 ep-
idemic process in Spain from February 24, 2022, to
March 25, 2022, i.e., for the first 30 days of a full-scale
Russian invasion of Ukraine.

Table 3

MAPE of daily forecast
for 25.01.22 — 23.02.22

Duration of New cases Death cases
forecast (days)
3 days (train) 0.36929 % 0.207202 %
3 days (test) 0.150603 % 0.133261 %
7 days (train) 0.393667 % 0.222863 %
7 days (test) 0.205718 % 0.129178 %
14 days (train) 0.495801 % 0.27154 %
14 days (test) 0.654244 % 0.153076 %
21 days (train) 0.573341 % 0.384405 %
21 days (test) 1.383668 % 0.159227 %
30 days (train) 0.67663 % 0.5238 %
30 days (test) 2.408559 % 0.161292 %

Figure 5 presents the results of the retrospective
forecast of cumulative new cases of COVID-19 in Spain
from February 24, 2022, to March 25, 2022.

® Forecast

1.4M

1.3Mm

Number of cases

1.2M
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Actual data

Fig. 5. Forecasting of COVID-19 cumulative
new cases (24.02.22 — 25.03.2022)

Figure 6 presents the results of the retrospective
forecast of cumulative death cases of COVID-19 in Spain
from February 24, 2022, to March 25, 2022.
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Number of cases
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Fig. 6. Forecasting of COVID-19 cumulative death
cases (24.02.22 — 25.03.2022)
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Table 4 shows model accuracy rates for cumulative
new cases and deaths of COVID-19 in Spain from Feb-
ruary 24, 2022, to March 25, 2022.

Table 4

MAPE of cumulative forecast

for 24.02.22 — 25.03.22

Duration of New cases Death cases
forecast (days)
3 days (train) 0.007106 % 0.002408 %
3 days (test) 0.003804 % 0.002171 %
7 days (train) 0.015247 % 0.004909 %
7 days (test) 0.00638 % 0.00384 %
14 days (train) 0.0274 % 0.009304 %
14 days (test) 0.011209 % 0.0064 %
21 days (train) 0.038839 % 0.013469 %
21 days (test) 0.016065 % 0.008685 %
30 days (train) 0.053692 % 0.019581 %
30 days (test) 0.022448 % 0.011264 %

Figure 7 presents the results of the retrospective
forecast of daily new cases of COVID-19 in Spain from
February 24, 2022, to March 25, 2022.
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Fig. 7. Forecasting of COVID-19 daily new cases
(24.02.22 — 25.03.2022)

Figure 8 presents the results of the retrospective
forecast of daily death cases of COVID-19 in Spain from
February 24, 2022, to March 25, 2022.

Table 5 shows model accuracy rates for daily new
cases and deaths of COVID-19 in Spain from February
24, 2022, to March 25, 2022.

The results of assessing the accuracy of the retro-
spective forecast of the epidemic process of COVID-19
in Spain, built from February 24, 2022, to March 25,
2022, show the high accuracy of the model’s perfor-
mance. The accuracy of the forecast has not deteriorated
compared to the forecast built from January 25, 2022, to
March 25, 2022. This suggests that the forced migration
of the Ukrainian population to Spain, caused by the full-
scale invasion of Russia, is not a decisive factor affecting

the dynamics of the epidemic process of COVID-19 in
Spain.

Actual data
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Fig. 8. Forecasting of COVID-19 daily death cases
(24.02.22 — 25.03.2022)

Table 5
MAPE of daily forecast

for 24.02.22 — 25.03.22

Duration of New cases Death cases

forecast (days)

3 days (train) 0.255853 % 0.203772 %
3 days (test) 0.106256 % 0.260878 %
7 days (train) 0.295687 % 0.226502 %
7 days (test) 0.127042 % 0.229637 %
14 days (train) 0.491176 % 0.294949 %
14 days (test) 0.144826 % 0.169625 %
21 days (train) 0.615931 % 0.332027 %
21 days (test) 0.16897 % 0.153512 %
30 days (train) 1.100953 % 0.650314 %
30 days (test) 0.215537 % 0.144842 %

Figure 9 shows the deviation of daily reported new
cases of COVID-19 in Spain from the forecasted values
for the period from February 24, 2022, to March 25,

2022.
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Fig. 9. Deviation of COVID-19 daily new cases
from forecasted values (24.02.22 — 25.03.2022)
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Figure 10 shows the deviation of daily reported
death cases of COVID-19 in Spain from the forecasted
values for the period from February 24, 2022, to March
25, 2022.

40

Number of cases

Fig. 10. Deviation of COVID-19 daily death cases
from forecasted values (24.02.22 — 25.03.2022)

5. Discussion

Russia's treacherous attack on Ukraine on February
24, 2022, occurred during the height of COVID-19 pan-
demic. At this time, the peak incidence of COVID-19
was observed in Ukraine. On February 23, 2022, 25,062
cases were registered. At the same time, vaccination cov-
erage against COVID-19 was low. 36.96% were vac-
cinated with two doses, and 38.24% with one dose. Chil-
dren under 12 years of age were not subject to vaccina-
tion, and vaccination of children from 12 was allowed
only from January 2022. Therefore, the epidemic situa-
tion for COVID-19 in the country was unfavorable.

The epidemic situation of COVID-19 in Spain was
also tense. The epidemic process of COVID-19, which
proceeded in waves at that time, was on the rise in inci-
dence. The maximum incidence was registered in Janu-
ary 2022. On January 12, 2022, the number of cases was
179125. January 2022 was the month with the highest av-
erage cases in Spain. In February, the incidence was de-
creasing on the eve of the Russian-Ukrainian war. On
February 23, the daily number of cases was 33,911.

Russia's aggression led to significant destruction
and loss of life and caused massive migration to other re-
gions of Ukraine and abroad. One of the countries where
refugees from Ukraine recovered was Spain. According
to the Spanish Ministry of the Interior, from March 2022
to mid-July 2022, 130,000 Ukrainian refugees found ref-
uge in Spain [58].

With the beginning of military aggression, the life
of Ukrainians changed a lot. In territories subjected to
rocket attacks, artillery, and tank shelling, people were
forced to hide in shelters, the subway, the basements of
houses, and other premises. There was high population
overcrowding, and distancing as a measure to contain the
spread of the pathogen was not applicable. People have

stopped wearing face masks. In the first place was the de-
sire to save one's life under shelling. Insufficient vaccina-
tion coverage contributed to the fact that there were many
people susceptible to SARS-CoV-2 among people in
shelters. All these factors contributed to the intensive cir-
culation of coronavirus among people. People got in-
fected and got sick. However, as a rule, only people with
severe forms of the disease applied for medical help, and
even then, not consistently. This was because the medical
infrastructure was also affected by the war. Many hospi-
tals were destroyed or damaged, and the number of med-
ical personnel decreased due to the death, injury, or evac-
uation of hospital personnel. Also, in several localities,
laboratories stopped working due to the evacuation of
personnel and violations of logistics, which limited the
possibility of obtaining test systems and testing cases.
The population had to seek medical help by phone or the
Internet, but the connection was unstable in territories un-
der military attack or temporarily occupied. Thus, there
were many sources of COVID-19 infection among the
refugees. When leaving territories dangerous to life, peo-
ple used overcrowded transport in trains heading to the
west of the country and carrying several times the num-
ber of people exceeding the standards. There were no
ventilation and primary sanitary and hygienic conditions.
All this also contributed to the intensification of
COVID-19 epidemic process.

When traveling to Spain, many COVID-19 re-
strictions were lifted for Ukrainian refugees. They were
allowed to board flights to Spain without the obligatory
medical uniform QR code (SpTH) for other passengers.

Therefore, it was expected that a new rise in the in-
cidence of COVID-19 would begin in Spain.

However, this did not happen. At the beginning of
the migration of refugees from Ukraine to Spain, there
was a relatively high coverage of full vaccination of the
country’s population, which averaged 79.1%, with fluc-
tuations in different territories. Ukrainian refugees were
primarily sent to areas where vaccination coverage ex-
ceeded the national average. In Spain, strict restrictive
measures were in place, people were required to wear
masks in public places and transport, non-essential retail
outlets were closed, and public events were not held.

Although air passengers from Ukraine were al-
lowed not to have a medical form QR code (SpTH), vac-
cination certificate, or COVID-19 test results, such pas-
sengers were required to undergo a medical check for
symptoms of COVID-19. If a passenger showed symp-
toms of COVID-19, such as fever, nasal congestion,
cough, shortness of breath, and headache, etc., they un-
derwent a rapid test for the virus antigen. They applied
the Strategy for early detection, surveillance, and control
of COVID-19 [59].

Thus, COVID-19 control and prevention measures
— distancing, restrictive measures, strict mask regime,
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high vaccination coverage of the Spanish population, and
barriers to entry into the country were deterrents for cir-
culating COVID-19 pathogen. Despite the high probabil-
ity of the presence of sources of infection, Ukrainian ref-
ugees did not affect the worsening of the epidemic situa-
tion in Spain.

The results of modeling and retrospective forecast-
ing of the epidemic process of COVID-19 in Spain con-
firm the epidemiological analysis and show that the
forced migration of Ukrainian citizens caused by Russia’s
full-scale military invasion of Ukraine is not a critical
factor influencing the dynamics of the incidence of

COVID-19.

Conclusions

This study is devoted to an experimental study of
the impact of Russia's military invasion of Ukraine on the
dynamics of COVID-19 epidemic process in Spain. For
this, a methodology based on the ensemble method of
machine learning XGBoost was proposed. Cumulative
and daily morbidity and mortality data from COVID-19
in Spain obtained from the World Health Organization
COVID-19 Dashboard were used for modeling. Data
from January 25, 2022, to February 23, 2022, were used
for testing. Data from February 24, 2022, to March 25,
2022, were used for the experimental study.

The scientific novelty of the article is the applica-
tion of the ensemble machine learning method XGBoost
to the modeling of emerging diseases using the example
of COVID-19. The experimental results showed high ac-
curacy of the model for various forecasting periods, in-
cluding a long-term forecast for 30 days. The model was
verified using cumulative and daily morbidity and mor-
tality data.

The practical novelty of this study lies in assessing
the impact of Russia's full-scale invasion of Ukraine on
the dynamics of COVID-19 in Spain. The modeling re-
sults make it possible to substantiate the necessary con-
trol measures to curb the epidemic increase in the inci-
dence of COVID-19. The proposed solution can be ap-
plied to other territories for which this task is relevant.

The developed model showed the high accuracy of
forecasting new cases of COVID-19 in Spain for 30 days,
which was 99.79%, and the death cases of COVID-19 in
Spain — were 99.86%. The model was applied to data on
the incidence of COVID-19 in Spain for the first 30 days
of the war escalation (02/24/2022 —03/25/2022). The cal-
culated forecasted values showed that the forced migra-
tion of the Ukrainian population to Spain, caused by the
full-scale invasion of Russia, is not a decisive factor af-
fecting the dynamics of the epidemic process of COVID-
19 in Spain.
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OLIHKA BIIJIMBY POCIMChKOI BIHHU B YKPAIHI
HA IIEPEJJAUY COVID-19 B ICITAHII:
JOCJIIKEHHSA HA OCHOBI MAIIMHHOI'O HABYAHHSI

JAmumpo Yymauenxo, Temana /yokina,
Temana Yymauenko

Hanpemis COVID-19 cnpaBuia 3HAYHMIA BIUIMB Ha CBIT, BUKJIMKABIIN MUTBHOHY iH()iIKyBaHb Ta CMEPTEH, mepe-
BaHTa)KEHHS CHCTEM OXOPOHH 3JI0pOB'A, PYIHYBaHHS €KOHOMIKH Ta 3MiHY MOBCSKICHHOTO >KUTTSA. MoJeNroBaHHs
OyIl0 BU3HAHO LIHHUM iHCTPYMEHTOM y 00pOTHOi 3 TaHJEMi€I0, 0 JOIOMarae iMiTyBaTd MOMUPEHHS BipycCy, OIi-
HIOBAaTH BIUIUB BTPYYaHb Ta PO3POOIISATH MPOIECH MPUHHATTA pilieHb. ToYHICTh Ta e(heKTUBHICTE MOEIIOBAHHS 3a-
JIeKATh BiJI SIKOCTI BUX1THUX JAHUX, IPUITYIICHb Ta METOIIB MOIeNtoBaHHS. [10CTiiiHI 3yCHIUIA OO MTOKPAIIEHHS Ta
BIIOCKOHAJICHHS ITiIXO/IB 0 MOJACTIOBAHHS MOXKYTb IIiIBUIIMATH {XHIO MIHHICTH MPH BUPIMICHHI MaiiOyTHIX Ha/I3BH-
YalHUX CUTYalil y raimy3i oxopoHu 310poB's. [loBHOMacmTabHe BitfickkoBe BTOprHeHH: Pocii B Ykpainy 24 moTtoro
2022 p. mpu3BeNo 0 CepHO3HOI T'YMaHITAPHOI KPU3HU Ta KPU3HU B Tally31 OXOPOHH 3[IOPOB's, IO IPU3BEIO 10 IepedoiB
Yy HaJJaHHI MEJMYHHUX TOCITYT, HECTaui MEIUKAMEHTIB Ta 30UIBIIIEHHS ONHUTY HA HEBiAKIAIHY JormoMory. BiltHa, mo
TpHBae, MPU3BENA JI0 TIEpEMIllIeHHS MUTBHOHIB JIFO/IeH, pu koMY IcmaHis mocimae 5-¢ MicIie y cBiTi 3a KUTBKICTIO
3apeecTpoBaHuX OiXeHIIB 3 Ykpaiau. MeTo10 TOCTiKeHHS € OIliHKa BIUTUBY BiiHU Pocii B YkpaiHi Ha momupeHHs
COVID-19 B Icnianii 3 BUKOPHCTaHHIM 32C001B MAIIMHHOTO HaB4YaHHs. Q0’€KTOM JOCJIi/IZKEHHSl € BUBUCHHS eITijie-
MigHoro nporuecy COVID-19 mix gac Bitiau. IIpeaMeToM J0CTiTzKeHHS € MOJIENI Ta METOIN MOJICTIOBAHHS eIri/ie-
MIYHOT'O MPOILIECY Ha OCHOBI MalIMHHOTO HaBYaHHS. [l TOCATHEHHS METH JOCIIJDKSHHS MU BUKOPHCTAIN METOAH
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MIPOTHO3YBaHH: Ta MO0y TyBaIl MojeNb emigeMigHoro nporecy COVID-19 Ha ocHoBi MeTony XGBoost. B pe3yan-
TaTi eKCIEPUMEHTIB TOYHICTh MPOrHo3yBaHH HOBHX BunaakieB COVID-19 B Icnanii va 30 nHiB ctanoBuna 99,79 %,
a neranpHuX Bumnaakie Bigx COVID-19 B Icmanii — 99,86 %. Monens 3acTocoBaHa 70 JaHUX PO 3aXBOPIOBAHICTH HA
COVID-19 B Icnanii 3a nepi 30 aHIB micnst moyatky eckanamnii Biitau (24.02.2022 — 25.03.2022). Po3zpaxoBasi npo-
THO3HI 3HaYEeHHsI II0Ka3aJIy, [0 BUMYIIEHa Mirpallisi HaceJeHHs! YKpainu Jo IcraHii, cnpiaiHeHa moBHOMacITaOHIM
BTOprHeHHsM Pocii, He € BupimanbHiM (QakTopoM, [0 BIUTMBAE HA JUHAMIKY emnifeMidHoro npouecy COVID-19 B
Icranii. BucHOBKH. Y cTaTTi ONMcaHi pe3ynbTaTy eKCIePUMEHTAIBHOTO TOCIIPKEHHS 010 OLIHKY BIUTHBY TIOBHO-
Macmrabnoro BToprueHss Pocii B Ykpaini Ha nuHamiky nomupenns COVID-19 B Icnanii. Pozpo6iiena monens mo-
Kasaja XOpollli pe3yJIbTaTH Ul BUKOPUCTaHHS y PAKTHIII OXOPOHHU 37I0pOB's. AHAJI3 OTPUMAHUX PE3YNIbTATIB €KC-
TIEpUMEHTAIBHOTO JOCHTIPKEHHS MI0Ka3aB, 110 BUMYIIIEHA Mirparlist HaceleHHs YKpainu jo Icnanii, cippunHeHa 1mo-
BHOMAacIITaOHUM BTOprHEHHsM Pocii, He € BUpimanbHUM (paKTOpPOM, IO BIUIMBAE HA JTUHAMIKY €ITiIeMi4HOr0 Ipo-
mecy COVID-19 B Icnanii.

KuarouoBi cjoBa: emimemiuHa MOJEIb;, CMIJSMIYHUA MPOIEC; MOJCTIOBAHHS eIiJeMii; MOJICITFOBAHHS;
COVID-19; XGBoost, Biiina.
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