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METHODOLOGY FOR ASSESSING THE IMPACT OF EMERGENCIES ON THE
SPREAD OF INFECTIOUS DISEASES

The spread of infectious diseases is significantly influenced by emergencies, particularly military conflicts, which

disrupt healthcare systems and increase the risks of epidemics. The full-scale Russian invasion of Ukraine has
exacerbated these challenges, causing environmental damage, mass displacement, and the breakdown of
healthcare services, all of which contribute to the spread of infectious diseases. This study aims to develop a 3

comprehensive methodology for assessing the impact of emergencies on the spread of infectious diseases, focus-
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Germany Japan
Logistic Regression
99,95162 99,70030
99,41299 96,77574
99,98934 99,79289
98,11139 98,16951
Decision Tree
99,97758 99,80331
98,85702 96,77574
99,99430 99,91407
99,41889 97,39953
Support Vector Regression
99,99877 99,84280
99,65751 99,71199
99,99663 99,92004
95,65136 99,71555

SOoutn Korea

99,86759
99,72373

99,97083
99,54319

99,91879
99,63523

99,97161
99,67860

99,96544
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99,76044

UKraine

99,87374
99,61698

99,97365
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99,89274
99,73622

99,97365
99,77845

99,91326
99,73169

99,99049
99,73247

Chumachenko D., et. al. Investigation of Statistical Machine Learning Models for COVID-19 Epidemic Process Simulation: Random Forest, K-Nearest Neighbors,

Gradient Boosting
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Chumachenko D. Forecasting of COVID-19 Dynamics by Agent-Based Model



https://link.springer.com/chapter/10.1007/978-3-031-24475-9_36

C

Absolute values

humachenko D. On Intelligent Multiagent A

Abs

Pred

150

100 - \

J

d

A/

50

0
2004 2005 2006 2007 2008

2009 2010 2011
Y

roach to Viral Hepatitis B Epidemic Processes Simulation

2012 2013 2014 2015

2016

16


https://ieeexplore.ieee.org/document/8478602

17

Chumachenko D. & Chumachenko T. Intelligent Agent-Based Simulation of HIV Epidemic Process
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A Total Civilian Casualties by Month

B Casualties by Weapon Types

Fatalities
@ Injuries

Y 1.»‘

Label Weapon Types  Days with attacks Fatalities Injuries Casualties
A Mining 20 N 713 1224
B MLRS 25 427 842 1269
c Artillery 29 1030 1182 2212
D Aerial bombing 40 1297 2894 41N
E Missile 69 2073 3796 5869
F Shelling 145 4966 7785 12751

(2C) Fatality Rate by Number of Weapon Types Used

Fatalities
February W Injuries
March 2,745
April
May 2,750
June
100%
50%
July
0%
0 700 1,400 2,100 2,800 3,500

Hague U. et. al., The human toll and humanitarian crisis of the Russia-Ukraine war: the first 162 days

4,751 5830 2,774 477 175
Casualties Casualties Casualties Casualties Casualties
W Injuries
Fatalities
1 2 3 4 5
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Original Investigation

A Comparison of Ukrainian Hospital Services and Functions Before and During

the Russia-Ukraine War

Ubydul Haque, PhD; Moeen Hamid Bukhari, MPhil: Nancy Fiedler, PhD; Shanshan Wang. MBBS; Oleksii Korzh, PhD; Juan Espinoza, MD;
Miraj Ahmad:; Irina Holovanova, MD; Tetyana Chumachenko, MD, PhD, DSc; Olga Marchak, MBA; Dmytro Chumachenko, PhD;

Osman Ulvi, MBBS, MPH; ifthekar Sikder, PhD; Hanna Hubenko, PhD; Emily S. Barrett, PhD

Abstract

IMPORTANCE Since the full-scale Russian invasion, hospitals in Ukraine have been compelled to
close or operate at reduced capacity due to inadequate supplies, damage, or destruction caused

by war.

OBJECTIVE To analyze hospital services in Ukraine during the period before and after the Russian
invasion.

DESIGN, SETTING, AND PARTICIPANTS Of the 450 hospitals currently functioning in Ukraine, a
cross-sectional survey was carried out with the participation of 74 hospitals from 12 oblasts. Hospital
administrators responded to an online survey with questions on the use of hospital services. Data
were abstracted from hospital databases for the prewar period (before February 23, 2022) and
during the war (February 23, 2022, to May 30, 2023).

Key Points

Question How has the Russia-Ukraine
wvar affected Ukrainian hospital services
and functions?

Findings In this cross-sectional survey
with 74 participating hospitals from 12
oblasts, hospital services were
compared during the prewar and war
periods. During the war, services related
to emergency medical care Increasad,
while other hospital services were
notably reduced.

Meaning These findings offer Insights

23



Equipment supplies

Laboratory tests

Delivery of drugs

Supplies of consumable medical resources

Research

Payment for services and treatments
Electronic health records or reporting systems
Treatment priority (resource allocation)
Vaccination

Health care services for older adults
Implementing new Laws

Insurance system

Challenges

Primary health care services for women and children
Narcotic and psychotropic drug regulation
Blood products supply

24

Hospitals, %




Data Preparation

Data Collection

v

Data Cleaning

v

Data Preprocessing

Model Selection

Model
Evaluation
Metric

!

Machine
Learning
Algorithm

v

> Training

Evaluation and

Re-iterate till needed model accuracy—

Chumachenko D. & Chumachenko T. Impact of war on the dynamics of COVID-19 in Ukraine

Morbidity data

before
24.02.2022

v

Model Validation

Morbidity data
24.02.2022 -
25.03.2022

v

Forecasting

l

Accuracy Estimation

25



https://gh.bmj.com/content/7/4/e009173

—— Dead

Forecasted

- B SZ
- 1B ¥Z
- 4B €2
- del ZZ
- 4Bl TZ
- 4Bl 0Z
- 48N 61
- 4Bl 8T
- 4B LT
- 48N 9T
- 4B ST
- 4B ¥T
- 4B ET
- 4B 2T
- 4B 1T
- 48 0T
- 1B 6

- aep 8

- Aep £

- Je 9

- Jey S

- 1ep b

- Jey €

- aep Z

- del T

- 34 8¢
- a4 LZ
- 924 9¢
- 924 5S¢
- 934 v

111000 -

110000 -

109000 -

108000 -

107000 -

106000 -

105000 -

—— Dead

Forecasted

105000 -

104000 -

103000 -

102000 -

101000 -

100000 -

Q924 €7
Q24 ZZ
Q24 12
924 0Z
924 61
924 81
924 LT
24 91
924 ST
924 t1
924 €1
924 71
924 1T
24 01
924 6

9248

Q924 £

g249

g24 g

924 ¢t

ga4 €

qa4 ¢

924 1

uef 1¢
uef og
ue[ 6z
uef gz
uef [z
uef gz
uef gz

26

Chumachenko D., et. al. Impact of war on COVID-19 pandemic in Ukraine: the simulation stud
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e 1. YKpaiHCbKa HayKa BNEBHEHO PYXAETbCA Y MiXKHAaPOAHUN HAYKOBUM
NPOCTIp.

e 2. lnA niaBnwEeHHA ePEKTUBHOCTI BITYN3HAHOI HAYKU B YMOBaAX
HaA3BUYANHUX CUTYALIN AK BIONOrYHOro, TaK i BOEHHOIO XapaKTepy
HeobxigHO

- BMKOPUCTAHHA iICHYIOYNX MOXKANBOCTEN ANSA PpiHAHCYBAHHSA
NOCNiAXEeHb Yepe3 OTPUMAHHA FPaHTIB

- MynbTuancumnaiHapHi KOMaHAW, WO BKAKOYAOTb PaxiBLIiB 3 Pi3HMX
rany3em Hayku, poboTta AKMX CNpsAMOBaHa Ha AOCATHEHHSA CNi/IbHUX Linewn.
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