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This second Special Issue in a series of Special Issues in Tropical Medicine and Infectious
Disease looks at recent global research on the current Coronavirus (COVID-19) Pandemic.
The disease is caused by a novel virus: severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [1,2]. The International Committee on Taxonomy of Viruses (ICTV) named
the virus SARS-CoV-2, as it is genetically related to the coronavirus responsible for the SARS
outbreak of 2003 [2]. While related, the two viruses are quite different in their behaviour.
At the time of submission for publication (9 January 2023), COVID-19, named by the World
Health Organization (WHO) on 11 February 2020, caused more than 657 million cases and
over 6.6 million deaths with over 430,000 new cases within the past 24 h [2].

The COVID-19 pandemic greatly affected the capacity of health systems in providing
essential health care [1], but in response, there has been a remarkable and timely devel-
opment of vaccines and laboratory tests, including rapid antigen tests. There has been a
rigorous application and promotion of public health measures in many countries around
the world. As of 6 January 2023, there have been more than 13 billion vaccine doses of
COVID-19 vaccines administered [2], although there remains a question concerning how
equitable their distribution is. Our knowledge has expanded on the pathogenesis and treat-
ment of COVID-19 and experience gained within different countries, and this is reflected
in the enormous number of scientific papers generated, including those in this Special
Issue. There have been 24 papers published upon peer review acceptance in this Special
Issue, including 17 research papers [3-19], 2 review papers [20,21], 1 opinion piece [22],
1 commentary [23], and 3 systematic reviews [24-26]. Each paper in this Special Issue
contributes to our understanding of COVID-19.

The contributions of these 17 research papers can be summarized as follows. The first
of the research papers aimed to explore the risk perception and prevention practices of
coronavirus disease 2019 (COVID-19) among people living in high- and low-population
density areas in Dhaka, Bangladesh. Interestingly, findings showed that participants were
not concerned about COVID-19 and believed that coronavirus would not have a devas-
tating impact on Bangladeshis; thus, they were reluctant to follow prevention measures
and undergo testing [3]. The second study investigated the clinical features of severity
and mortality among COVID-19 patients in Luanda, Angola. Fever (46%), cough (47%),
gastrointestinal symptoms (26.7%), and asthenia (26.7%) were the most common symptoms.
About 64.4% of the patients presented coexistent disorders, including hypertension (42%),
diabetes (17%), and chronic renal diseases (6%) [4]. The third study assessed the charac-
teristics, practices, and associated factors of self-medication (SM) by the public during the
COVID-19 pandemic in Sargodha, Pakistan. Consciousness and understanding about the
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possible adverse effects of SM must be established and validated at a continuous level; in
addition, at the commercial level, collaboration from pharmacists in not selling products
(especially prescription-only medicines) without a certified prescription must be developed
and implemented [5]. The fourth of these constructed a compartmental model with a time-
dependent transmission rate that incorporates two sources of infection. The model was
applied to the COVID-19 spread data from a university environment, namely, the Institut
Teknologi Bandung, Indonesia, during its early reopening stage, with a constant number of
students. The results show a significant fit between the rendered model and the recorded
cases of infections [6]. The fifth of these analyzed the COVID-19 contact tracing dataset
from 15 July to 31 December 2021 using multiple logistic regression analyses, considering
exposure details, demographics, and vaccination history. Having symptoms, unprotected
exposure, lower education level, and receiving low-potency vaccines increased the risk of
laboratory-confirmed COVID-19 following healthcare-related exposure events. [7]. In the
sixth of these, the cases and deaths for the four waves of COVID-19 in 119 countries and
regions (CRs) were collected. They compared the mortality across CRs where populations
experience different economic and healthcare disparities. The clinical outcomes in develop-
ing countries became worse along with the expansion of the pandemic [8]. The purpose
of the seventh of these was to compare four commercial RT-qPCR assays with respect to
their ability to detect the SARS-CoV2 virus from nasopharyngeal swab samples referred to
Laboratorio Carvajal IPS, SAS in Tunja, Boyacd, Colombia. GeneFinderTM COVID-19 Plus
Real Amp (GF-TM) and Berlin-modified protocols offer the best sensitivity and specificity,
with similar results in comparison to the gold standard Berlin protocol [9]. The eighth of
these explored the epidemiology of emerging variants of SARS-CoV-2 that circulated in
Bangladesh from December 2020 to September 2021, representing the second and third
waves. A rapid growth in the number of variants identified across Bangladesh showed
virus adaptation and a lack of strict quarantine, prompting periodic genomic surveillance
to foresee the spread of new variants, if any, and to take preventive measures as soon
as possible [10]. The ninth was a document review of the health operations and techni-
cal expertise (HOTE) pillar coordination meetings” minutes, reports, policy, and strategy
documents of the activities and outcomes and feedback on updates on the HOTE pillar
given at regular intervals to the regional incident management support team of the World
Health Organization regional office for Africa. The coordination mechanism appeared to be
robust; some challenges included the duplication of coordination efforts, communication,
documentation, and information management [11]. The tenth of these was the use of
a triage strategy of routine COVID-19 testing for febrile patients with viral prodromes.
All febrile patients with viral prodromes and no epidemiologic risk for COVID-19 were
first admitted to a designated ward for COVID-19 testing. During successive COVID-19
pandemic waves in a dengue-endemic country, coinfection with dengue and COVID-19
was uncommon. [12]. The eleventh of these was a descriptive longitudinal study conducted
for determining the community transmission of SARS-CoV-2 in high- and low-density
areas in Dhaka city. No differences in the seropositivity rates depending on the population
gradient were observed [13]. The twelfth study was conducted to determine the effective-
ness of the combined use of remdesivir and regdanvimab in patients with severe COVID-19.
In patients with severe COVID-19, clinical outcomes can be improved by administering
regdanvimab in addition to remdesivir [14]. In the thirteenth study, the authors compared
excess all-cause mortality and COVID-19 mortality in 25 Peruvian regions to determine
whether most excess deaths in 2020 were attributable to COVID-19. Most excess deaths in
Peru are related to COVID-19 [15]. The fourteenth study aimed to assess the magnitude of
and factors associated with depression and anxiety among Vietnamese frontline hospital
healthcare workers in the fourth wave of COVID-19. There was a relatively high prevalence
among Vietnamese hospital healthcare workers exhibiting symptoms of depression and
anxiety during the ongoing pandemic [16]. The fifteenth study explored the association be-
tween body mass index (BMI), the prevalence of overweight and obesity, and the COVID-19
mortality rates in 25 Peruvian regions, adjusted for confounding factors, using multiple
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linear regression. As obesity prevalence increases, COVID-19 mortality rates increase in the
Peruvian population > 15 years [17]. The sixteenth study reported on an autochthonous
outbreak of SARS-CoV-2 P.1 variant infections in southern Italy in seven subjects who had
not travelled to endemic areas or outside the Apulia region. The circulation of variants of
concern highlights the importance of strictly monitoring the spread of SARS-CoV-2 variants
using genomic surveillance and by investigating local outbreaks [18]. The goal of the last
study was to determine the frequency of newly diagnosed diabetes mellitus (DM) and its
different types among COVID-19 patients and to check the glycemic control in diabetic
cases for three months. COVID-19 patients with newly diagnosed diabetes had a high risk
of mortality [19].

There were two review papers in this Special Issue. The first of these was a review
examining the coagulopathy of dengue and COVID-19, particularly looking at clinical
considerations [20]. The objective of the second review was to describe the intimate re-
lationship between the gastrointestinal tract, including the liver and pancreas, and the
pathogenesis, clinical course, and outcomes of the COVID-19 pandemic. Patients with
gastrointestinal autoimmune diseases require close follow-up visits and may need modifi-
cations in immunosuppression. Acute pancreatitis is a rare manifestation of COVID-19, but
it must be considered in patients with abdominal pain. [21]. There are two other papers in
this Special Issue. The first is an opinion piece examining the possible consequences of the
overlapping of pulmonary fibrosis secondary to COVID-19 and tuberculosis in the setting
of sub-Saharan Africa, the region of the world with the highest prevalence of helminth in-
fection [22]. The second was a commentary on COVID-19 vaccine hesitancy in sub-Saharan
Africa. The authors’ overarching opinions were that political influences, religious beliefs,
and low perceived risk exist in sub-Saharan Africa, and they collectively contribute to
COVID-19 vaccine hesitancy [23]. There are also three systematic reviews. The first of
these sought to assess breakthrough SARS-CoV-2 infections in vaccinated individuals by
variant distribution and to identify common risk associations. It was found that continued
mitigation approaches (e.g., wearing masks and social distancing) are warranted even in
fully vaccinated individuals to prevent transmission [24]. The second systematic review
aimed to assess the prevalence of people living with HIV (PLWH) among COVID-19 cases
and whether HIV infection affects the risk of severe COVID-19 or related death at the global
and continental level. Although there is a low prevalence of PLWH among COVID-19
cases, HIV infection may increase the severity of COVID-19 in Africa and increase the
risk of death globally [25]. The last systematic review examined the risk of breakthrough
infections in vaccinated individuals at a high risk of exposure, such as healthcare personnel
(HCP). The authors’ findings further support the published high effectiveness rates of
mRNA vaccines in preventing SARS-CoV-2 infections among fully vaccinated HCP [26].

The diversity of papers, the depth of the topics, and the relative geographical reach of
the authors in this Special Issue confirm the continued collective major interest in COVID-19.
There are 253 contributors for the 24 papers published in this Special Issue with affiliations
in Europe, Africa, North America, South America, and Asia-Pacific. This wide-ranging
open access collection contributes to a much better understanding of the epidemiology,
presentation, diagnosis, treatment, prevention, and control of COVID-19. As the editors of
this Special Issue, we trust that you find the content valuable, as the authors are pleased to
share their knowledge with an international audience.

We currently have another opportunity to update advances in this field via a third Spe-
cial Issue, “COVID-19: Current Situation and Future Trends”. We encourage you to publish
your work in and/or propose a Special Issue for Tropical Medicine and Infectious Disease.

Acknowledgments: The Special Issue editors acknowledge all contributors to this Special Issue.
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Abstract: We aimed to explore coronavirus disease 2019 (COVID-19) risk perception and prevention
practices among people living in high- and low-population density areas in Dhaka, Bangladesh. A
total of 623 patients with confirmed COVID-19 agreed to participate in the survey. Additionally,
we purposively selected 14 participants from diverse economic and occupational groups and con-
ducted qualitative interviews for them accordingly. Approximately 70% of the respondents had low
socioeconomic status. Among the 623 respondents, 146 were from low-density areas, and 477 were
from high-density areas. The findings showed that study participants perceived COVID-19 as a
punishment from the Almighty, especially for non-Muslims, and were not concerned about its severity.
They also believed that coronavirus would not survive in hot temperatures or negatively impact
Bangladeshis. This study revealed that people were reluctant to undergo COVID-19 testing. Family
members hid if anyone tested positive for COVID-19 or did not adhere to institutional isolation. The
findings showed that participants were not concerned about COVID-19 and believed that coronavirus
would not have a devastating impact on Bangladeshis; thus, they were reluctant to follow prevention
measures and undergo testing. Tailored interventions for specific targeted groups would be relevant
in mitigating the prevailing misconceptions.

Keywords: socioeconomic status; risk perception; risk prevention practices; qualitative; COVID-19

1. Introduction

Novel coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syn-
drome coronavirus-2 (SARS-CoV-2), has become a global public health concern [1]. On
11 March 2020, the World Health Organization declared the COVID-19 outbreak a global
pandemic [2]. As of 27 July 2022, 572 million confirmed cases of SARS-CoV-2 infection had
caused 6.39 million deaths worldwide [3]. This novel virus is transmitted person-to-person
via droplets and aerosols [4]. Population density [5] along with socioeconomic and cultural
factors play an essential role in disease transmission and mortality [6].

Many COVID-19-affected countries have implemented various preventive measures,
including national and zonal lockdowns, social distancing recommendations, isolation
and quarantine of patients and contacts, guidelines for wearing facemasks, and recom-
mendations for frequent handwashing to combat the spread of the virus [7]. South Asia’s
lower-middle-income countries have taken initiatives to curb the rapid transmission of
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the virus [8]. India enacted the “Janata curfew” on 22 March 2020, and a 21-day complete
lockdown starting on 25 March 2020 [8]. The Government of Bangladesh declared a national
lockdown between 26 March and 30 May 2020, in the form of general holidays [9]. The GoB
restricted mass gatherings, implemented bans on passenger movement on roads, water,
and rail, suspended international and domestic flights, closed schools and colleges, and
shut businesses, except for critical businesses and services [9]. People were requested to
stay at home and maintain social distancing [9].

Adherence to public health measures is affected by beliefs, attitudes, and risk
perception [10,11]. In a study in India, it was found that 90% of the respondents had
knowledge about the name and origin, mode of transmission, symptoms, and prevention
control of the virus, and they maintained the recommended measures, such as staying
at home, elbow sneezing, maintaining social distancing, and wearing masks. However,
there was a lack of perception. Of the respondents, 33.9% perceived that eating garlic
could not prevent COVID-19, and 37.9% believed that the breath-holding test could not
diagnose COVID-19 [12].

In Bangladesh, the first confirmed case was reported on 8 March 2020 [8], and as of
5 October 2020, the highest reported cases (64%) and highest reported deaths (50%) were
in the Dhaka division [13]. In locations with a high population density, we do not know
how people perceive the risk of respiratory infection or the benefits of non-pharmaceutical
interventions. This is crucial, as in Dhaka, approximately 6 lakh people live in high-density
areas where almost 75% of households share one room [14,15]. Moreover, because of shared
toilets and kitchens, common water sources, and a lack of education, people living in these
areas are more likely to be exposed to this virus [15]. Our study aimed to explore risk
perception and prevention practices among high- and low-density populations in Dhaka,
Bangladesh, during the COVID-19 pandemic.

2. Materials and Methods
2.1. Study Sites, Design, and Sampling

From July to September 2020, a multidisciplinary team comprising social scientists
and epidemiologists conducted a cross-sectional study in Dhaka, Bangladesh. The team
selected six high-density areas and seven low-density areas of Dhaka City for evaluation.
High-density areas were horizontally shared spaces, with more than five people living in a
9-12 by 6-8-foot room (according to one of our ongoing studies, PR-20005). Low-density
areas were areas with high-rise buildings and apartments.

We located symptomatic and asymptomatic laboratory-confirmed index cases in the
community through the “Transmission Dynamics of COVID-19 in Bangladesh” study
(PR-20005). The contacts of these patients were traced for enrollment, data collection, and
sample collection. If any of the cases reported having neighborhood contacts, the team
validated them based on the operational definition of contacts (a person who experienced
face-to-face contact within 1 m and for more than 15 min, including travel, gossip, tea
stall activity, or direct physical contact) between 2 days before and 14 days after the onset
of symptoms in a confirmed COVID-19 case. The team developed a list of contacts for
each case and validated it using phone calls or in-person visits. For qualitative interviews,
we selected participants from diverse economic and occupational groups. The influential
and informative persons of selected communities (i.e., ward counselors, ward members,
community leaders, members of community-based organizations, schoolteachers, and
religious leaders) who kept detailed updates of ongoing activities in their communities
were considered to be study participants.

We adopted the WHO First Few X Cases and Contacts (FFX) Protocol (Version: 2,
Date: 10 February 2020) that guided the B1 form for our survey [16]. The team also devel-
oped, piloted, and revised the interview guidelines before administration. The field team,
consisting of five social scientists, received training on the study design, data collection,
participant enrollment, interviewing, recording, note-taking, and data transcription. The
field team also had several years of experience working on emerging infections.
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2.2. Data Collection Methods and Techniques

We asked each contact for written informed consent and enrolled those who agreed
to participate in the study. Survey interviews (conducted face-to-face or by mobile phone,
depending on the respondent’s preference) were conducted to collect information on so-
cioeconomic status, water safety, sanitation and hygiene (WASH) practices, and behavioral
patterns related to coronavirus.

Through in-depth interviews (IDIs), we collected information on participants’ per-
ceived understanding of COVID-19 and their knowledge of transmission pathways, their
infection prevention practices, perceived and real challenges in maintaining prevention
practices, experiences regarding treatment facilities (if any), opinions on isolation and
lockdown, the impact of social stigma due to infection (if observed or faced), and the
impact of lockdown on them and their households. Each IDI lasted for an average of
60 min and was recorded using an audio recorder. One note-taker was assigned to take
notes, document non-verbal responses, and ensure tape recording.

Kuppuswamy’s socioeconomic scale (SES) is the most widely used scale for urban
populations. We used a score of 3-29. This scale was developed based on a composite score
of the family head’s education, occupation, and monthly family income. It was classified as
high, middle, or low SES (Table 1).

Table 1. Modified Kuppuswamy’s Socioeconomic Scale [17,18].

Score

Education
Professional Degree
Graduate
Diploma
Higher Secondary Certificate
Secondary School Certificate
Primary School Certificate
Illiterate

=N W 0o N

Occupation
Profession
Self-employed
Clerical, shop-owner, farmer
Skilled worker
Semi-skilled worker or driver
Unskilled worker or labor or rickshaw puller
Unemployed

-y
(=)

=N W Ul o

Family income per month (in BDT)
>60,001
30,001-60,000
15,001-30,000
12,001-15,000
9001-12,000
3001-9000
<3000

=
N

=N W Ul

Socioeconomic class
Upper/High 26-29
Upper Middle 16-25
Lower Middle 11-15
Poor 5-10
Extreme poor or Below the poverty line 04

2.3. Data Processing and Analysis

All categorical variables collected from the survey were summarized using frequencies
and percentages. Continuous numeric variables using mean and standard deviation and
variables without a normal distribution were presented as medians and interquartile ranges.
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Tape-recorded discussions during the qualitative interviews were transcribed in Ben-
gali. The accuracy and consistency of the data were ensured as the researchers cross-checked
the transcripts of the interviews.

We sought assistance from Colaizzi’s phenomenological analysis method [19] and
analyzed the qualitative data. Two anthropologists reviewed the data separately and
identified themes and sub-themes that were shared among all the authors for discussion
and consensus.

2.4. Patient and Public Involvement

The study participants or associated persons were not involved in the design, conduct,
reporting, or dissemination plans of this study.

2.5. Ethics Statement

The Institutional Review Board of icddrb (PR-20066) reviewed and approved the
study protocol. The Bill and Melinda Gates Foundation (BMGF) reviewed and relied on
the IRB approval of icddr,b.

3. Results
3.1. Survey Results

Among the 623 respondents who participated in our survey, 146 (23%) were from
low-density areas and 477 (77%) were from high-density areas. A total of 288 (46%)
were males and 335 (54%) were females. The mean age was 28.54 years, with a standard
deviation of 15.24. A total of 238 respondents (38%) reported having completed primary
education, 180 (29%) had completed secondary education, 44 (7%) had higher secondary
education, and 161 (26%) had no institutional education. A total of 157 (25%) were
service holders, 97 (17%) were dependent on daily wages for their livelihood, 52 (8%)
ran small-scale businesses in their locality, 34 (5%) were unemployed, 157 (25%) were
housewives, and 126 (20%) were students (Table 2).

Table 2. Distribution and comparison of demographic characteristics among infected and non-
infected contacts.

Infected Contacts, Uninfected Contacts,
Characteristic (n=74) (n = 549) 14
n (%) n (%)
Density
Low 25 (33.8) 121 (22.0)
High 49 (66.2) 428 (78.0) <0.05
Age, years
<18 17 (23.0) 162 (29.5)
18-25 22 (29.7) 105 (19.1)
26-60 32 (43.2) 268 (48.8) >0.05
>60 3(4.1) 14 (2.6)
Sex
Male 25 (33.8) 263 (47.9)
Female 49 (66.2) 286 (52.1) <0.05
Education
No education 11 (14.9) 150 (27.3)
Primary 37 (50.0) 201 (36.6) <0.05
Secondary 23 (31.1) 157 (28.6)
Higher Secondary 2(2.7) 26 (4.7)
Graduate and above 1(1.4) 15 (2.7)
Occupation
Service 19 (25.7) 138 (25.1)
Business 6(8.1) 46 (8.4)
Self-employed (independent workers, enployers) 9(12.2) 88 (16.0) >0.05

10
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Table 2. Cont.

Infected Contacts,

Uninfected Contacts,

Characteristic (n=74) (n = 549) 14
n (%) n (%)
Dependent 40 (54.1) 277 (50.5)
Religion
Muslim 73 (99.0) 545 (99.2) >0.05
Hindu 1(1.0) 4(0.8)
Household size (median, range) 4 (1-14) 4 (1-14)
Household size
<4 members 54 (73.0) 355 (64.7)
>4 members 20 (27.0) 194 (35.3) >0.05
No. of bedrooms (median, range) 1(1-3) 1(1-5)
Average size of bedroom, sft (median, range) 120 (30-180) 120 (30-400)
Sharing bedroom 71 (95.9) 529 (96.4) >0.05
No. of family memb.ers sharing one bedroom 3(2-7) 3 (1-20)
(median, range)
Average monthly income, BDT 17,939 17,846
Average monthly expenditure, BDT 15,202 15,214

3.1.1. Socioeconomic Status

Three families (0.5%) had high socioeconomic status, 76 (12.2%) had upper-middle
socioeconomic status, 110 (17.7%) had lower status, 411 (66%) had poor socioeconomic
status, and 23 (3.7%) had extremely poor socioeconomic status (Table 3).

Table 3. Distribution of SES among neighborhood contacts in low-density and high-density areas.

Low-Density (1 = 146) High-Density (n = 477)

Characteristic 1 (%) 1 (%) p
Upper/High 3(2.1) 0(0.0)
Upper Middle 28 (19.2) 48 (10.1)
Lower Middle 29 (19.9) 81 (17.0) <0.05
Poor 83 (56.8) 328 (68.8)
Extremely poor or Below
the poverty line 3@ 2042)
3.1.2. Water, Sanitation, and Hygiene (WASH) Access, Behavior, and Practices
The proportion of respondents who reported the use of improved sanitation facilities
was significantly higher among low-density contacts (LD vs. HD, 56% vs. 25%, p = 0.0001),
while the perceived importance of handwashing after urination and defecation and before
eating was significantly lower among low-density contacts (LD vs. HD, 43% vs. 81%,
p =0.001) (LD vs. HD, 51% vs. 90%, p = 0.001) (Table 4).
Table 4. Comparison of WASH practices among neighborhood contacts in low-density and high-
density areas.
Characteristic Low-Dens1:y (n =146) ngh-Density (n =477) v
n (%) n (%)
Drinking water sources
Tube-well 9 (6.2) 32(6.7) 0.05
Supply 118 (80.8) 424 (88.9) <b.
Drinks purified water 98 (67.1) 325 (68.1) >0.05
Purification of water 77 (52.7) 206 (56.2) >0.05
Actions are taken for purifying water
Boil 74 (96.1) 240 (89.6) 005
Use a water filter/gravel/ceramic/sand 1(1.3) 18 (6.7) >0

11
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Table 4. Cont.

Characteristic Low-Density (1 = 146) High-Density (1 = 477) p
1 (%) 1 (%)
Water source for drinking looks clean 143 (97.9) 442 (92.7) >0.05
Hand washing station at home 145 (99.3) 476 (99.8) >0.05
Hand washing duration, seconds 20 (4-600) 20 (3-200)
(median, range)
Assumption on hénd washing duration 20 (3-600) 20 (0-200)
(median, range)
Use of sanitizer and soap
after coming back home 14196.6) 460 (96-4) >0.05
Frequency of hand washing in a day
1-2 times 11 (13.9) 15 (3.1)
34 times 35 (44.3) 119 (24.9) <0.05
>4 times 33 (41.8) 343 (71.9)
Assumption on occasions important
for hand washing *
Before eating 75 (51.4) 428 (89.7) <0.05
Before feeding a child 11 (7.5) 46 (9.6) >0.05
Before cooking /preparing/serving food 28 (19.2) 148 (31.0) <0.05
After defecation/urination 63 (43.2) 385 (80.7) <0.05
After cleaning a child that has
defecated/changing nappies/washing diaper 12(82) 818 >0.05
Toilet facility
Improved sanitation facilities 82 (56.2) 118 (24.7) <0.05
Shared sanitation facilities 64 (43.8) 353 (74.0)
Unimproved sanitation facilities 0(0.0) 6(1.3)
No. of househpld members/toilet 7 (1-212) 12 (1-100)
(median, range)
Frequency of cl.eaning toilet per day 0(0-7) 0(0-2)
(median, range)
Frequency of clganing toilet per week 2 (0-21) 2 (0-30)
(median, range)
Hand washing station availability 136 (93.2) 439 (92.0) >0.05
Soap or detergent availability 142 (97.3) 464 (97.3) >0.05
Surface of house/floor
Cement 79 (100.0) 456 (95.6)
Other 0(0.0) 21 (4.4) >0.05
Options for cleaning floor
Sweeping 34 (43.0) 121 (25.4)
Mopping 44 (55.7) 355 (74.4) <0.05
Surface of yard
Cement 76 (96.2) 337 (70.6)
Soil 3(3.8) 59 (12.4) <0.05
Options for cleaning yard
Sweeping 61 (77.2) 380 (84.3)
Mopping 15 (19.0) 53 (11.8) <0.05

* multiple responses.

Cleaning their clothing after coming home from outside every day was found to be
significantly higher among high-density contacts (LD vs. HD, 60% vs. 73%, p = 0.02), while
social distancing maintained by low-density contacts was significantly higher (LD vs. HD,
70% vs. 54%, p = 0.03) (Table 5).

12
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Table 5. Comparison of behavioral change of neighborhood contacts in low-density and high-
density areas.

Characteristic Low-Density (1 = 146) High-Density (n = 477) »
n (%) 1 (%)
Infection
Uninfected contacts 121 (82.9) 428 (89.7)
Infected contacts 25(17.1) 49 (10.3) <0.05
Frequently touch face/eyes/nose 59 (40.4) 182 (38.2) >0.05
Practices during coughing/sneezing
Cover face with hands/elbow before coughing or sneezing 84 (57.5) 286 (60.0)
Cover face with tissue or handkerchief 36 (24.7) 94 (19.7)
Nothing is done 11(7.5) 54 (11.3) >0.05
Others 15 (10.3) 43 (9.0)
Mask use outside every time 128 (87.7) 422 (88.5) >0.05
Type of mask
Face mask/surgical single-use mask 22 (31.9) 142 (31.8)
Cloth mask 46 (66.7) 286 (64.0) >0.05
Frequency of cleaning mask (times/day)
22 (31.9) 186 (41.6)
1 43 (62.3) 252 (56.4) <0.05
2 4(5.7) 9 (2.0)
Difficulty wearing mask 65 (44.5) 218 (45.7) >0.05
Cleaning of outside clothes everyday 87 (59.6) 350 (73.4) <0.05
Social distancing maintained 102 (69.9) 257 (53.9) <0.05
Difficult behavioral changes due to SARS CoV-2
Do not rub hands over face/eyes/nose 26 (17.8) 39 (8.2) <0.05
Wear mask outside of home 48 (32.9) 198 (41.5) >0.05
Cover face with elbow before coughing or sneezing 18 (12.3) 46 (9.6) >0.05
Wash hands with soap/use sanitizer
after coming home from outside 1282) 276.7) >0.05
Perceived positive behavioral change 127 (87.0) 397 (83.2) 50.05

can protect from COVID-19

3.2. Findings of Anthropological Exploration

Fourteen individuals (10 males, three females, and one transgender individual) partic-
ipated in the qualitative study. Six of them were from high-density areas and eight were
from low-density areas (Table 6).

Among them, seven reported running small-scale businesses in their locality; three
were service holders, one was a school teacher, and one was unemployed. The other
par-ticipant was a health worker who had good acceptance in the community. Moreover,
among these participants, one was a ward member who had an active influence on the
community through various social activities during the lockdown period. Additionally,
two were social workers and community leaders. The mean age of the participants was
38 years (range, 26-48 years). Five had a graduate degree, one had received higher second-
ary-level education, two had received secondary education, five had received prima-ry-level
education, and one did not have any institutional education. The religious back-ground of
all participants was Islam.

Table 6. Socio-demographic profile of the qualitative interviewees.

Characteristics Frequency (1) Percentage (%)
Gender
Male 10 714
Female 3 21.4
Transgender 1 7.1

13
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Table 6. Cont.

Characteristics Frequency (1) Percentage (%)
Age group (years)
21-30 5 35.7
31-40 5 35.7
41-50 4 28.6
Marital status
Married 12 85.7
Single 2 14.3
Religion
Islam 14 100.0
Educational level
Illiterate 1 7.1
<Secondary 5 35.7
Secondary 2 14.3
>Secondary 6 429
Occupation
Employed 6 429
Unemployed 1 7.1
Business 7 50.0
Place of residence
High density 6 429
Low-density 8 57.1

3.3. Risk Perception
3.3.1. Beliefs in Supernatural Power

The participants shared a common belief that the Almighty had created the coron-
avirus. Participants with limited or no institutional education did not consider COVID-19
a disease; instead, they believed that it was a punishment from the Almighty. Participants
shared a firm belief that, since Bangladesh was a Muslim country, most people living there
followed the Islamic ideology and Islamic-prohibited deeds were restricted there; therefore,
the virus would not infect the people of Bangladesh.

The participants also believed that the coronavirus would infect non-Muslim people.
Despite using the term “non-Muslim,” they specified the population as those who eat
snakes, frogs, and scorpions. One participant from a low-density site or community stated
that during the initial stage of COVID-19, there was a widespread belief in their community
that COVID-19 would not enter a Muslim country. He also expressed that community
members had a firm belief in Huzur’s (the mosque’s Imam) words. They did not want
to maintain social distancing and protective measures following Huzur’s statements, as
initially, Huzur mentioned that coronavirus would not enter a Muslim country and that
Muslim people would not be affected by coronavirus.

A 27-year-old male participant who was a service holder from a low-density area
stated the following:

“I.am not against Huzur. However, the first mistake we made was a prevailing conception

that Muslim people will not be infected by corona. Those who eat snakes, frogs, and

scorpions will be infected. Besides, maintaining lockdown and restrictions were hampered

because people obey Huzur’s words ten times more than regulation!”

The participants also perceived that coronavirus was first reported in China during the
winter season. As it was summer in Bangladesh at the time of the interview, they believed
that the coronavirus would not survive or be transmitted.

A 33-year-old female participant who was a social worker from a high-density area stated,

“If it could do anything, then there would have been a procession of corpses.”

Those who believed that coronavirus depended on God’s will were also unwilling to
maintain social distancing and personal protective equipment.
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3.3.2. The Reluctance to Maintain Preventive Measures

Participants conveyed that there was an indifferent tendency regarding the use of
protective measures. There was a lack of adherence to preventive measures, and community
members were less inclined to maintain them.

A 48-year-old male participant who ran a small business in a high-density area stated:

“I saw rural people using a bamboo-made mask for domestic cows. Why would I wear
such things that are used for cows?”

People who belonged to low socioeconomic status groups and were engaged in
services (those who ran a general store, shop in the bazaar, or tea stall) where they needed
to deal with the general population were less inclined to wear masks.

A 45-year-old male participant who was a small-scale businessman from a low-density
area mentioned:

“If I wear a mask all the time, customers do not understand properly what I was
responding to them.”

In low-density areas, people with low socioeconomic status are unwilling to maintain
preventive measures. They perceived that as they lived from hand to mouth, God was
more merciful to them, and, therefore, they would not be infected by the coronavirus.

One participant in a high-density area stated that most of her neighbors preferred
to die rather than maintain preventive measures. People with low socioeconomic status
in low-density areas were unwilling to maintain social distancing or follow lockdowns.
Middle- and lower-middle-class people were worried that if they did not earn a livelihood,
they would die of hunger.

A 45-year-old male participant who ran a small-scale business in a low-density area
stated the following:

“We would rather die in corona but not out of hunger.”

3.4. Perceived Reasons for Non-Adherence to Preventive Measures
3.4.1. Financial Insolvency

Participants stated that financial constraints hindered the maintenance of protective
measures. One participant said that buying masks and sanitizing hands with soap were
beyond their affordability. One participant from a high-density area stated that he needed
to think several times before buying a mask because a mask would cost at least BDT 15
(USD 0.2), which was expensive for him.

Participants also mentioned their struggle to maintain isolation, even if their families
had any patients who tested positive for COVID-19. All participants from high-density
areas reported living in a single room with their families. They could not afford multiple
rooms or spacious houses. Therefore, if any family members tested COVID-19-positive,
they were unable to maintain isolation.

A 40-year-old male participant, a small-scale businessman from a high-density area, stated:

“I, along with my four family members, live in a single room. My neighbors as well as

most of the families in our community, live in 10 feet by 10 feet single room where 6-9

members are living along.”

According to the participants, community members were unwilling to undergo the
COVID-19 diagnosis test because of their financial hardship.

A 26-year-old male participant who was unemployed and from a high-density area
stated the following:

“As it requires 3000—4000 taka (USD 35.71-47.61) for COVID-19 test, it is impossible

for the lower-middle-class people to bear these expenses.”

3.4.2. Existing Rumors in the Community Regarding COVID-19

Participants opined that the prevailing rumors might increase anxiety among com-
munity members and force them to maintain preventive measures. They perceived that if
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they were positive for COVID-19, they would be taken away to the hospital, would not
be able to return home anymore, and would be killed with injections. According to some
participants (3/14), the rumor was that if they became positive, they would either be kept
in isolation or taken away by the police, and the whole area would be locked down. They
would be detached from their family and friends and would not be able to earn money to
continue their livelihoods.

A 48-year-old male participant who ran a small-scale business from a low-density
area mentioned:

“The most common rumor in our community is that people think if someone tested
positive for COVID-19, she/he would be taken away to Dhaka Medical College hospital
and killed by pushing injection. We heard people are dying in hospitals for lack of
treatment, oxygen, and food, etc.”

3.5. Prevention Practices during COVID-19

Participants stated that government and non-government organizations disseminated
preventive messages during the initial stage of COVID-19 and initiated restrictions, such
as one-meter physical distancing and isolation. When these restrictions stopped, people
became indifferent to maintaining social distancing, began roaming outdoors, and gathered
for leisure time.

3.5.1. Handwashing

Participants in low-density areas stated that during the lockdown period, people
became habituated to washing their hands and were used to maintaining this seriously.
People panicked, and they did this out of excitement (Hujug). One participant said that
there were arrangements for washing hands at essential points, such as the marketplace,
and that people had to practice handwashing. In addition, people wash their hands after
returning home from outside. However, these practices gradually faded.

3.5.2. Use of a Mask

One participant in the low-density area said that most people in his community
were not inclined to wear masks unless there was a fear of police or community leaders
reinforcing wearing them while going outside. He also said that some people perceived
that wearing masks would spread more viruses. He opined that one of the reasons was
illiteracy, and the other was religious influence. In the beginning, he noted that religious
leaders told people that if they wore masks, they would be safe. However, later in mosques,
Wazz Mahfil and Boyan, the Huzurs stated,

“Nothing will happen. If God gives sickness, there will be nothing to do.”

People were not inclined to wear masks initially, but later they realized this and
prioritized them. A 26-year-old male participant who was unemployed and from a high-
density area stated that 95% of the people were not self-conscious and less prone to wearing
masks in his community. During the initial period of COVID-19, death and infection rates
were broadcast on television as breaking news. Participants became tensed and panicked
accordingly. However, when this briefing stopped, people started assuming that everything
had returned to “normal.” He also added that only a limited number of people were still
concerned, as the educational institutions remained closed, and when all these opened,
people started thinking that everything was as expected.

One participant in the high-density area said that in his community, most people
had no educational background and were less inclined to accept the gruesomeness of the
virus. He also stated that people between the ages of 40 and 50 were unwilling to maintain
preventive practices. They just agreed during counseling but later did not maintain it.

3.5.3. Maintaining Social Distancing

One participant in the low-density area stated that people later realized the importance
of social distancing. They were not serious about COVID-19 in the initial period and did
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not believe that the coronavirus would affect Bangladesh. He also added that people
maintained social distancing during the lockdown period, and in some cases, they were
forced to do so.

3.5.4. Not going Outside the Home

A 27-year-old male participant who was a service holder from a low-density area
stated that when there was a tense situation regarding the coronavirus, people were serious
about it and tended to go out less. However, because they stayed home for a long time,
people started feeling uncomfortable, and the rules were not appropriately maintained.

Participants also mentioned that they used to go outside the home only during emer-
gencies, such as buying rice, vegetables, and baby food, while wearing masks.

A 29-year-old female participant, who was a schoolteacher from a low-density
area, mentioned:

“I went outside for an important purpose, not for roaming aimlessly.”

3.5.5. Isolation of Infected People at Home

One participant in the low-density area stated that people belonging to the middle
and lower-middle classes did not want to reveal whether they were COVID-19-positive
because of an inferiority complex. He also added that the isolation of a person positive for
COVID-19 was not appropriately maintained.

A participant from a high-density area who was COVID-19-positive stated that she
could not maintain proper isolation during that period. She shared a bed with her husband
and her four-year-old daughter. She said that she did not have any other options; she
neither had her own house nor the capability to rent a house outside this area.

One participant in the high-density area shared a community incident: a ward coun-
selor wanted to arrange a separate room for the isolation of 4-5 people who tested positive
for COVID-19, but their family members would not allow them to live separately. The
family members thought that the COVID-19-positive person would not be adequately
cared for if they lived separately.

3.5.6. Raising Awareness, Providing Financial and other Required Support

All participants reported awareness-raising initiatives in both high- and low-density
communities, such as distributing masks, setting up handwashing stations, distributing
leaflets, spraying disinfectants, and raising awareness by motivating community members
to maintain hygiene.

In high-density communities, several organizations such as Building Resources Across
Communities (BRAC), Dushtha Sasthya Kendra (DSK), and other anonymous foreign
initiatives helped people by providing food (rice, oil, and potatoes), protective equipment
(masks and soaps), and financial aid so that people in the lower-middle-class could remain
at home and did not need to go out to earn their livelihood. It was also reported that the
solvent families of low-density communities provided food packages, including rice, oil,
and onions, to their insolvent neighbors.

4. Discussion

This study explored the risk perceptions and prevention practices during the COVID-
19 pandemic in low- and high-density areas. The findings showed that participants were not
concerned about COVID-19 and believed that the coronavirus would not have a devastating
impact on Bangladeshis. The participants highlighted that Almighty Allah would save
Muslims. They also believed that Bangladesh’s warm weather would create a barrier to
the widespread transmission of COVID-19. Protective measures were not accepted as
practical or feasible. Substantial misinformation and rumors in the community regarding
government containment strategies and day-to-day dissemination of death and infection
rates through authentic electronic media of the government were reported. Moreover, this
study revealed that people were reluctant to undergo COVID-19 testing. Family members

17



Trop. Med. Infect. Dis. 2022, 7, 447

hid information about being COVID-19-positive and avoided complying with institutional
isolation, which has the potential for household transmission.

Participants” prevention practice was influenced by their perception. They perceived
that COVID-19 was a punishment from God. A study conducted in another Muslim country
showed that 73.5% of Arab residents believed that COVID-19 was a dangerous disease [20].
In a study, researchers showed that people’s religious and ethical beliefs affect their coping
mechanisms for disease and treatment regime [21]. Researchers also showed that people
usually follow their religious coping behavior (e.g., faith in God, prayer, help, and strength
from God) to deal with stressful situations.

Safe water, sanitation, and hygiene are required to protect against this virus [22].
The findings showed that most respondents consumed purified water for drinking and
used sanitizers and soap after returning home from outside (Table 4). This may be due
to government intervention. Although evidence of the effectiveness of face masks as a
prevention measure [23] is still a topic of debate, a significant proportion (88%) of our
study participants mentioned that they consistently used masks outdoors (Table 5). One
study suggested that early public interest in facemasks may be an essential factor in
controlling the COVID-19 epidemic on a population scale. Social distancing is regarded
as the most effective measure for disease mitigation [24]. Most countries have focused
on social distancing based on experiences gathered from China [25]. Participants from a
previous study [26] believed that social distancing and the use of facemasks could break
the chain of COVID-19 spread. However, according to our study participants, protective
measures such as wearing a mask, sanitizing hands with soap, and maintaining social
distancing were not accepted as practical and feasible. These findings are in line with
a study conducted in Nepal [27], where the authors showed that the high population
density in South Asia’s urban areas makes it difficult for people to maintain social
distancing. A study conducted in Nepal [28] revealed a gap in knowledge regarding
social distancing and quarantine; however, a positive perception of universal safety
measures for COVID-19 has been reported. Another study [29] also shared participants’
poor knowledge of preventive measures.

Misinformation and rumors regarding government containment strategies, lock-
downs, institutional isolation, and treatment management of patients admitted to hospi-
tals during the early period of the pandemic were prevalent in communities. Similarly,
a study conducted in India [30] reported gaps in the correct perception of knowledge
and the propagation of myths and misconceptions. This finding suggests the need
for educational programs to address misconceptions. Other studies [31-34] have also
reported misconceptions regarding this disease. This study also found that community
members did not trust the government’s daily announcements of deaths or infection
rates. They perceived that the government announced an estimated number rather than
an accurate one. Accurate information shared by the media plays a role in shaping
people’s perceptions of the risk of COVID-19 transmission; a lack of accessibility to
this information can serve as a barrier [35]. Studies conducted in India and northern
Iraq have also reported the spread of fake news on social media [12,36]. This study
also revealed that due to the financial hardship and misinformation prevalent in the
community, people were reluctant to undergo COVID-19 testing.

There is available evidence that individuals change their behaviors, and increasingly
rely on social media influencers, especially during the pandemic situation. However, one of
the limitations of this study was that it was out of scope to share the relationship between
social media usage and COVID-19.

5. Conclusions

This study portrays the diverse perceptions of people belonging to different socioeco-
nomic backgrounds. It also reveals that people’s practices are influenced by their attitudes
and perceptions of disease and risk. In our study, we found that those who had negative
and apathetic perceptions of the disease were less likely to maintain safety measures. More-
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over, religious beliefs and issues were found to play a crucial role in driving people toward
new practices. Our findings suggest the need for feasible and effective health education
programs that include religious leaders and could be aimed at enhancing people’s disease-
related knowledge, thereby helping them to perceive such diseases properly and maintain
safe practices accordingly.
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Abstract: Background: Infection due to severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
is associated with clinical features of diverse severity. Few studies investigated the severity and
mortality predictors of coronavirus disease 2019 (COVID-19) in Africa. Herein, we investigated the
clinical features of severity and mortality among COVID-19 patients in Luanda, Angola. Methods:
This multicenter cohort study involved 101 COVID-19 patients, between December 2020 and April
2021, with clinical and laboratory data collected. Analysis was done using independent-sample ¢-tests
and Chi-square tests. The results were deemed significant when p < 0.05. Results: The mean age of
patients was 51 years (ranging from 18 to 80 years) and 60.4% were male. Fever (46%), cough (47%),
gastrointestinal symptoms (26.7%), and asthenia (26.7%), were the most common symptoms. About
64.4% of the patients presented coexistent disorders, including hypertension (42%), diabetes (17%),
and chronic renal diseases (6%). About 23% were non-severe, 77% were severe, and 10% died during
hospitalization. Variations in the concentration of neutrophil, urea, creatinine, c-reactive protein,
sodium, creatine kinase, and chloride were independently associated with severity and/or mortality
(p < 0.05). Conclusion: Several factors contributed to the severity and mortality among COVID-19
patients in Angola. Further studies related to clinical features should be carried out to help clinical
decision-making and follow-up of COVID-19 patients in Angola.

Keywords: SARS-CoV-2; COVID-19; clinical features; Luanda; Angola

1. Introduction

At the end of 2019, the world was confronted with the emergence of cases of pneu-
monia of unknown etiology initially identified in Wuhan, China [1]. A new coronavirus
named Severe Acute Respiratory Syndrome coronavirus 2 (SARS-CoV-2) was identified
as being the causative agent of the ongoing outbreak of atypical pneumonia [2—4], and
the disease was named coronavirus disease 2019 (COVID-19) [5,6]. After identifying the
first cases of infection in China, the virus spread rapidly to other geographic locations
worldwide acquiring pandemic dynamics and leading to an unprecedented breakdown of
healthcare systems with high mortality rates among patients with arterial hypertension,
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diabetes mellitus, and older age [7,8]. For instance, between December 2019 and May 2022,
there have been about 521 million confirmed cases including most of 6.2 million deaths, of
which about 99,000 cases and 1900 deaths were reported in Angola [9].

Generally, the main clinical manifestations identified among COVID-19 patients in-
clude fever, dry cough, muscle pain, headache, nausea, vomiting, difficulty in breathing, and
diarrhea [10-13]. Furthermore, while those manifestations can be mild or moderate in some
patients, they can rapidly evolve into a more severe condition and death in others [14-19].
Reportedly, the progression to severe disease has predictable pathology indicators regard-
ing hematological, biochemical, and immunological biomarkers, particularly concerning
biological markers of inflammation, impaired liver and kidney function, damage to car-
diac tissues and muscles, and hypercoagulation [14-19]. Indeed, the pathophysiology
of SARS-CoV-2 infection is characterized by aberrant inflammatory responses that affect
multiple organs of the cardiac, hepatic, and renal systems leading to unfavorable clinical
outcomes [20-22].

Studies involving COVID-19 patients around the world have shown that the identi-
fication of the laboratory biomarkers of disease progression among COVID-19 patients
might be crucial for clinical decision-making with a positive impact on healthcare system
costs mainly in low- and middle-income countries. To the best of our knowledge, there are
no published studies assessing biomarkers that could be related to the worsening of the
disease or unfavorable clinical outcomes among COVID-19 patients in Luanda, the capital
city, and the COVID-19 hotspot in Angola. In this study, we identify clinical features related
to severity among COVID-19 patients in Angola aiming to contribute to the generation of
global knowledge about the clinical effects of SARS-CoV-2 exposure and define effective
management strategies for follow-up of COVID-19 patients in Angola.

2. Materials and Methods
2.1. Study Design and Setting

This was a multicenter cohort study carried out on 101 COVID-19 patients admitted to
three hospitals, the Lucrecia Paim Maternity, Hospital Militar Principal, and Clinica Giras-
sol, from December 2020 to April 2021. All health facilities are located in Luanda, Angola.
All patients enrolled, have been confirmed as COVID-19 according to the diagnostic criteria
established by the WHO, with positive RT-PCR detection in nasal or pharyngeal samples.
The study was previously reviewed and approved by the national ethics committee of the
Ministry of Health of Angola (approval no. 25/2020). The main inclusion criterion in the
study was that participants had to be at least 18 years of age. Moreover, all participants were
informed of the study objectives and free verbal consent was obtained from participants
before being included in the study.

2.2. Sample Collection and Testing

An estimated volume of 10 mL of venous blood was collected from all participants.
Of these, 5 mL of blood was placed in tubes containing ethylenediamine tetraacetic acid
(EDTA) for the screening of hematological biomarkers (complete blood count or hemogram)
using the Automated Hematology Analyzer SYSMEX XT-4000i (Sysmex Europe SE, Norder-
stedt, Germany). The other 5 mL of blood was placed in tubes with activated clot gel
for serum separation and biochemical and/or immunological screening (glucose, urea,
creatinine, aspartate transaminase (AST), alanine aminotransferase (ALT), lactate dehy-
drogenase (LDH), serum creatine kinase (SCK), alkaline phosphatase, albumin, D-Dimer,
C-reactive protein (CRP), sodium, potassium, chloride, procalcitonin (PCT), interleukin-6
(IL-6)) using automatic biochemical analyzer Cobas C111 analyzer (Roche), MINI VIDAS
(Biomerieux SA, Bagno A Ripoli, Italy) and Cobas E411 (Roche). In addition, we performed
the quantification of IgG against SARS-CoV-2 by neutralization assays. The entire process
of sample separation, as well as laboratory processing, was carried out in the hematology,
biochemistry, and immunology laboratory of Instituto Nacional de Investigacao em Satde
(INIS), located in Luanda—Angola. The serological assay for the detection of antibodies
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that recognize the SARS-CoV-2 Spike protein, by ELISA, was performed using the method-
ology developed by Florian Krammer [23] at the Instituto Gulbenkian de Ciéncia, located
in Lisbon—Portugal. The baseline laboratory parameters analyzed in these COVID-19
patients were grouped into three major groups, (i) blood routine examination, (ii) serum
biochemical index, and (iii) infection-related factors.

2.3. Data Sources and Processing

Medical records of all COVID-19 patients were reviewed to collect the sociodemo-
graphic (age, gender, and place of residence), clinical information (symptoms, disease
severity, comorbidities, and clinical outcome), and laboratory examination results obtained
through routine blood tests. The laboratory parameters were analyzed by comparing the
average of the values between non-severe and severe patients, as well as between surviving
and non-surviving patients. In this study, non-severe patients were those who did not
report clinical manifestations but were tested with RT-PCR and included in the study for
having an epidemiological link with a confirmed case of SARS-CoV-2 and also for being
asymptomatic or pre-symptomatic COVID-19 patients with a high possibility to spreading
the infection. On the other hand, patients who revealed any of the symptoms related to
SARS-CoV-2 infection were grouped into the category of severe patients. Regarding clinical
outcome, we considered surviving patients, all those who were clinically and epidemio-
logically discharged, while all patients who died during the hospitalization period were
grouped as non-survivors.

2.4. Statistical Analysis

Statistical analyses were carried out using the SPSS v28 (IBM SPSS Statistics, Armonk,
NY, USA). Descriptive data were expressed as frequencies and percentages. Independent-
sample f-tests were conducted to estimate the differences of continuous data while Chi-
square tests were conducted on categorical data. All reported p-values are two-tailed with
a level of significance of 5%.

3. Results
3.1. Baseline Characteristics of the Studied Population

As shown in Table 1, the COVID-19 patients from Luanda, Angola, had a mean age of
51 & 14 years, ranging from 18 to 80 years, most of the patients were male (60.4%, 61/101),
and residents of urbanized areas (54.5%, 55/101). A total of 23/101 (23%) patients were
non-severe, while 78/101 (77%) were classified as severe. Regarding clinical outcome, a
total of 10/101 (10%) patients did not survive during hospitalization and 91/101 (90%)
were discharged. The mean age of patients who did not survive was higher compared
to those of patients who survived (60 + 13 years vs. 50 & 14 years, p = 0.045). The most
common symptoms at onset were cough (37%), fever (36%), asthenia (27%), gastrointestinal
symptoms (27%), dyspnea (19%), headache (15%), osteomyalgia (16%), and fatigue (8%).
More than half of patients (64%, 65/101) had some form of the coexisting disorder, with
arterial hypertension (42%, 42/101) being the most common coexisting disorder, followed
by diabetes mellitus (17%, 17/101) and chronic renal disease (6%, 6/101). Statistically
significant differences were observed between the presence of coexisting disorder with
the severity of the disease (p < 0.001). The top three coexisting disorders in patients who
died were arterial hypertension (60%), diabetes mellitus (20%), and chronic kidney disease
(20%). Compared to the survivors, the non-survivors were over 40 years old (100%),
from urbanized areas (60%), and with a coexisting disorder (90%). Furthermore, another
significant difference was observed between the clinical outcome with the presence of
chronic kidney disease (p = 0.048) or allergic rhinitis (p = 0.002). We also explore humoral
immune responsiveness by assessing late-stage disease antibodies or Immunoglobulin
G (IgG) in approximately 80% of patients (80.2%, 81/101). Immunity assessment results
showed that 33% (27/81) had developed an immune response against SARS-CoV-2 and
had considerable levels of IgG (mean of 1.67 + 0.22, ranging from 1.07 to 1.99), while 67%
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(54/81) had no IgG antibodies. No statistically significant difference was observed between
the presence of IgG antibodies and disease severity or clinical outcome. As we expected,
the presence of IgG antibodies was more frequently observed among patients with severe
disease (37%, 23/78) or in patients who died (44%, 4/10), compared to non-severe patients
(21%, 4/23) or patients who survived (32%, 23/91), respectively.

Table 1. Baseline characteristics related to disease severity and clinical outcome among COVID-19
patients in Luanda, Angola.

Disease Severity Clinical Outcome
Baseline Characteristic N (%) ) Non-
Non-Severe Severe p-Value Survivors Survi p-Value
urvivors

Overall 101 (100%) 23 (22.8) 78(77.2) 91 (90.1) 10 (9.90)

Age
Mean + SD—yr 51.1+ 142 504 +13.1 51.3 +14.5 0.774 50.2 +14.1 59.6 +12.5 0.045
Distribution—No. (%)

<20 yr 1 (1.00) 0(0.0) 1(1.30) 0.826 1(1.10) 0(0.0) 0.161
20-40 yr 24 (23.8) 5(21.7) 19 (24.4) 24 (26.4) 0(0.0)
>40 yr 76 (75.2) 18 (78.3) 58 (74.4) 66 (72.5) 10 (100)

Gender—No. (%)

Female 40 (39.6) 11 (47.8) 29 (37.2) 0.359 35 (38.5) 5 (50.0) 0.479
Male 61 (60.4) 12 (52.2) 49 (62.8) 56 (61.5) 5 (50.0)

Place of residence—No. (%)

Rural area 46 (45.5) 9(39.1) 37 (47.4) 0.482 42 (46.2) 4 (40.0) 0.711
Urban area 55 (54.5) 14 (60.9) 41 (52.6) 49 (53.8) 6 (60.0)

Fever on admission
Mean (SD) 36.5+0.73 36.3+0.27 36.5+0.81 0.268 36.5 + 0.69 36.5+1.04 0.955
Distribution of temp.—°C

<375°C 88 (87.1) 23 (100) 65 (83.3) 0.221 80 (87.9) 8 (80.0) 0.565
37.5-37.9 °C 3(3.00) 0(0.0) 3(3.80) 3(3.30) 0(0.0)
38.0-38.9 °C 9 (8.90) 0(0.0) 9(11.5) 7(7.70) 2(20.0)
>39.0 °C 1 (1.00) 0(0.0) 1(1.30) 1(1.10) 0(0.0)

Signs and symptoms—No. (%) 78 (77.2) 0(0.0) 78 (100) <0.001 68 (74.7) 10 (100) 0.070
Fever 36 (35.6) 0(0.0) 36 (46.2) <0.001 34 (37.4) 2(20.0) 0.277
Cough 37 (36.6) 0(0.0) 37 (47.4) <0.001 32(35.2) 5 (50.0) 0.355
Headache 15 (14.9) 0(0.0) 15(19.2) 0.023 14 (15.4) 1(10.0) 0.649
Fatigue 8(7.90) 0(0.0) 8(10.3) 0.109 7(7.70) 1(10.0) 0.798
Asthenia 27 (26.7) 0(0.0) 27 (34.6) <0.001 23 (25.3) 4 (40.0) 0.318
Dyspnea 19 (18.8) 0(0.0) 19 (24.4) 0.009 16 (17.6) 3(30.0) 0.340
Osteomyalgia 16 (15.8) 0(0.0) 16 (20.5) 0.018 15 (16.5) 1(10.0) 0.594
Gastrointestinal symptoms 27 (26.7) 0(0.0) 27 (34.6) <0.001 24 (26.4) 3(30.0) 0.806
Apathy 2 (2.00) 0(0.0) 2 (2.60) 0.438 1(1.10) 1(10.0) 0.055
Anosmia 9 (8.90) 0(0.0) 9(11.5) 0.088 9 (9.90) 0(0.0) 0.297
Malaise 20 (19.8) 0(0.0) 20 (25.6) 0.007 16 (17.6) 4 (40.0) 0.091
Hemiplegia 1 (1.00) 0(0.0) 1 (1.30) 0.585 0(0.0) 1(10.0) 0.002
Loss of consciousness 1(1.00) 0(0.0) 1(1.30) 0.585 0(0.0) 1(10.0) 0.002

Coexisting disorder—No. (%)

No 36 (35.6) 17 (73.9) 19 (24.4) <0.001 35(38.5) 1(10.0) 0.074

Yes 65 (64.4) 6(26.1) 59 (75.6) 56 (61.5) 9 (90.0)

Disorder distribution—No. (%)
Chronic pulmonary disease 3(3.00) 0(0.0) 3(3.80) 0.438 3(3.30) 0 (0.0) 0.636
Arterial hypertension 42 (41.6) 4(17.4) 38 (48.7) 0.007 36 (39.6) 6 (60.0) 0.213
Chronic renal disease 6 (5.90) 0(0.0) 6 (7.70) 0.170 4 (4.40) 2(20.0) 0.048
Diabetes 17 (16.8) 4(17.4) 13 (16.7) 0.935 15 (16.5) 2 (20.0) 0.778
Cancer 1 (1.00) 0(0.0) 1 (1.30) 0.585 1(1.10) 0(0.0) 0.739
Immunodeficiency 1(1.00) 0(0.0) 1(1.30) 0.585 1(1.10) 0(0.0) 0.739
Hepatitis B infection 1 (1.00) 0(0.0) 1(1.30) 0.585 1(1.10) 0(0.0) 0.739
Allergic rhinitis 1 (1.00) 0(0.0) 1(1.30) 0.585 0(0.0) 1(10.0) 0.002

IeG
No 54 (66.7) 15 (78.9) 39 (62.9) 0.194 49 (68.1) 5 (55.6) 0.453
Yes 27 (33.3) 4(21.1) 23 (37.1) 23 (31.9) 4(444)

Bold numbers mean that results were statistically significant for independent-sample t-tests (p < 0.05) and
Chi-square tests (p < 0.05).
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3.2. Baseline Laboratory Parameters Related to Disease Severity and Clinical Outcome

Laboratory testing results as well as the average of the laboratory parameters for
patients from non-severe vs. severe disease or non-survivors vs. survivors are shown
in Table 2. In terms of blood parameters, no significant differences were found between
patients classified as non-severe and severe, except for neutrophils (2.40 vs. 5.48, p = 0.035).
Regarding the biochemical indexes, we observed statistically significant increases in the
mean from non-severe patients to severe patients for urea (19.2 vs. 28.1, p = 0.017) and CRP
(1.57 vs. 7.44, p = 0.006), while a significant decrease was observed for sodium (136 vs. 127,
p =0.007). A significant increase was observed between survivors and non-survivors for urea
(26.5vs. 29.2, p = 0.039), while a significant decrease was observed in creatinine (1.06 vs. 0.50,
p =0.025), SCK (230 vs. 136, p = 0.039), and chloride (101 vs. 99.7, p = 0.026). As we expected,
laboratory parameters varied according to gender and age groups. Significant variations
for gender were observed with an increase from female to male in AST (31.0 to 55.9,
p <0.001), ALT (24.5 to 52.0, p < 0.001) and decrease in alkaline phosphatase (105 to 76.5,
p = 0.029) and chloride (103 to 101, p = 0.017). On the other hand, significant variations
for the age group were observed with an increase from patients under 40 years to over
40 years in urea (19.7 to 30.9, p = 0.003), SCK (155 to 287, p = 0.024) and D-Dimer (3.50 to
6.42, p = 0.033).

3.3. Treatments and Clinical Outcomes among COVID-19 Patients

The therapeutic description used among COVID-19 patients according to gender, age
groups, disease severity, and clinical outcomes are described in Table 3. The most used
drug groups among the COVID-19 patients analyzed in this study were antibiotics (73%,
74/101), corticosteroids (52%, 51/101), anticoagulants (43%, 43/101), antihypertensives (19%,
19/101), and analgesics (13%, 12/101). Of these therapeutic groups, only antibiotic use
was statistically related to clinical outcome, with all non-surviving patients (100%, 10/10)
using antibiotics compared to 70% (64/91) of surviving patients exposed to antibiotic ther-
apy. In addition, antibiotics use was also related to disease severity (p < 0.001), age group
(p = 0.025), and gender (p = 0.015). Corticosteroid use was related to severity (p = 0.001)
and age group (p = 0.002). Similarly, the use of anticoagulants was related to severity
(p =0.001) and age group (p = 0.002). Finally, the use of antihypertensive drugs was related to
the age group (p = 0.029). Curiously, patients treated with antimalarial were part of the group
of severe, although the total number is too low to make the result statistically significant.
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4. Discussion

This extensive, multicenter cohort study was performed among patients with COVID-19
who had a definitive clinical outcome in Angola, a sub-Saharan African country, a continent for
which there is a limited number of studies. In the present study, the mean age of all COVID-
19 patients was 51 years, which was higher than the mean age reported by Huang et al.
(49 years) [16], but lower than that reported by Chen et al. (56 years) [13], and Wang et al.
(56 years) [24]. The critically ill patients were mainly older than 40 years old, male, from
urbanized regions, and with comorbidities, which resemble findings already reported in
Angola by our research group [25]. Furthermore, patients who have the same characteristics
related to age and gender have been observed by Zhang et al., in a study conducted in
China [12]. As the data are relative to the first wave of the pandemic, it reports data on the
first infection of individuals, prior to re-infection or vaccine administrations. Therefore, our
data on biological indicators of risk factors associated with worsening and death among
COVID-19 patients are free from the confounding effects associated with viral circulating in
the population, including prior immunity to the pathogen. Key signs and symptoms as well
as the main comorbidities (Table 1) observed in the studied population were in line with
many independent reports [12-16]. In contrast with the study carried out by Zhang et al. [12]
in which no patient came forward with Rhinitis, our research presented a patient with
rhinitis, which was significantly associated with unfavorable clinical outcomes (p = 0.002).
Currently, we do not have a reasonable explanation of whether allergic conditions such as
rhinitis could constitute an independent predictor of mortality amongst COVID-19 patients
in Angola. However, additional studies of this possible relationship should be taken into
consideration in future studies.

Besides men being those with the most serious disease (Table 1), it was also a group
that came forward with a slight decrease in lymphocytes compared with groups of women
(0.096), although it is not a statistically significant reduction (Table 2).

Liver damage among COVID-19 patients could affect the C-reactive protein concentra-
tions that were three times higher (5.61 mg/L to 15.2 mg/L) in response to disease severity
(Table 2). We observed that the adult age group above 40 years was the group that mostly
used antibiotics (Table 3), which could have affected the outcome of these patients, since all
patients who died had exposure to antibiotics (p = 0.044). All patients who used antimalarial
in our study had severe COVID-19 although the total number is too low to make the result
statistically significant, which corresponds with previous studies that have seen no benefit
and even a trend toward worse clinical outcomes with the use of antimalarial in COVID-19
patients [26,27]. Recently our research team reported a 14% rate of malaria/SARS-CoV-2
coinfection in Luanda [28], which suggests that genetic peculiarities or local diseases such
as vector-borne diseases (e.g., malaria, dengue, and chikungunya), might influence the
course of the COVID-19 disease representing risk or protective factors for COVID-19 sever-
ity and mortality, which deserve further investigation [29]. The biological indicators used
to assess responsiveness to infection in these COVID-19 patients were IgG and IL-6. The
higher frequency of patients without antibodies IgG is not surprising, as patients were
recruited early after disease onset, presumably without having yet developed a humoral
response to infection. The increase in IgG antibodies with the severity of the disease is
expected and is in accordance with the profile of the immune response to SARS-CoV-2
infection [30,31]. In agreement with our results, Marklund et al. showed that patients with
severe COVID-19 seroconvert earlier and develop higher concentrations of SARS-CoV-2-
specific IgG compared to patients with non-severe disease, which could improve patient
outcomes [30]. Nonetheless, the rate of patients without antibodies (55.6%) who died was
higher compared to patients who died despite the presence of antibodies (44.4%), which
could indicate that patients who develop IgG antibodies tend to increase their chances of
survival. Indeed, a previous study carried out by Corona et al. showed that treatment
based on an infusion of IgG enriched with IgM and IgA seems to give a survival advantage
in cases of severe infection by SARS-CoV-2 [31].
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Our data show a significant difference in sodium concentration in non-severe vs.
severe patients (136 mmol/L vs. 127 mmol/L, p = 0.007), which is in agreement with
a study carried out by Guan et al. where non-severe COVID-19 patients also showed
high sodium [31,32]. In our study, patients who died (131 mmol/L) had higher sodium
concentrations compared to surviving patients (128 mmol/L) (p = 0.403), showing that a
high concentration of sodium could be a protective biological factor against an unfavorable
clinical outcome. It is also worth mentioning that these results show that during hospi-
talization, some patients could have developed a state of dehydration which could have
led to disturbances in brain function, such as seizures and abnormalities in the level of
consciousness. Consistently, loss of consciousness was observed among severe patients and
was significantly related to the unfavorable clinical outcome (p = 0.002), since the patient
with loss of consciousness in this study died during their hospital stay (Table 1).

Generally neglected, variations in sodium concentration could be an indicator of dis-
ease severity and have been linked to late hospitalization and significant morbidity [33].
Our results were similar to a study carried out by Albeladi et al. observed low concentra-
tions of sodium in severely COVID-19 patients on admission [34]. A recent study carried
out by Chen et al. in China showed that the SARS-CoV-2 infection has a strong association
with a decrease in potassium, which was not consistent with the results of this study [35].
Measurement of sodium among severe COVID-19 patients is crucial to avoid complica-
tions related to a potassium imbalance, such as dangerous cardiac irregularities [36], once,
Moreno-P et al. showed that the reduction of potassium is an indication of disease severity
and need for invasive mechanical ventilation [37]. We also observed a significant relation-
ship between the mean concentration of chlorine between surviving and non-surviving
patients (p = 0.026), indicating that chlorine could be an extremely sensitive biological indi-
cator of SARS-CoV-2 and that reduction could be predictive of bad outcomes. Albeladi et al.,
also noted that there was a significant decrease in serum chloride values at admission,
although during hospitalization the levels increased significantly [34]. In agreement with
our results, Petnak et al. showed that serum chloride at hospital discharge in the range of
100-108 mmol/L predicted a favorable clinical outcome [38], which was similar to the mean
chlorine concentration of 102 £ 1.03 mmol/L observed among survived patients (Table 2).
The reasons for this relationship between chloride concentration and mortality (p = 0.026)
as well as biological systems with affected biological function due to variation in chlorine
concentration among COVID-19 patients have not been explored. Interestingly, there was a
decrease in eosinophils with disease severity but an increase in mortality, similar to that
seen by Zhang et al. [12], that could also serve as an indicator of infection and mortality.

Previously undertaken studies showed advanced age might be a significant stand-alone
predictor of severity and mortality between patients infected with SARS and MERS [3941].
We confirmed that an increase in mean age has been linked to mortality among COVID-19
patients (p = 0.045) (Table 1). It is worth noting that all patients who have died were
patients aged over 40 years, which represents a group of the largest clinical concerns
that require timely intervention from the beginning of the laboratory screening to follow-
up during hospitalization. Regarding biological indicators, a significant increase in the
concentrations of urea (p = 0.003), SCK (p = 0.024), and D-Dimer (p = 0.033) were observed
in the present study among the patients aged over 40 years compared to the younger
patients. Nonetheless, we do not know whether these systemic disorders are caused by the
fact that patients have COVID-19 or whether there are other genetic, clinical, or behavioral
reasons. It is worth mentioning that, during disease progression, the D-dimer significantly
increases with the platelets [11]. In this study, we observed increased clotting activity,
marked by an increase in D-dimer concentrations by 1.6 times higher in severe COVID-19
patients, 1.8 times higher in patients over 40 years, and a reduction among patients who
did not survive (Table 2), which was similar to study carried out by Milbrandt et al. [42]
who also observed increased D-dimer in about 90% of hospitalized patients. Our findings
support the hypothesis proposed by other authors that SARS-CoV-2 infection activates the
coagulation cascade in ways leading to hypercoagulability [11]. On the other hand, our
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results do not corroborate the association between D-dimer and mortality from COVID-19,
reported by Zhou et al. or by Rodelo et al. among COVID-19 patients in Wuhan and
Colombia, respectively [14,43].

This study has some caveats. First, the number of participants is low. Second, the
patients come from Luanda and might not represent the entire country. Thirdly, due to the
limitations in laboratory resources, not all laboratory tests were performed for all patients.
Finally, most patients were transferred with high disease severity to health units, and not
sampled in this study. Despite these limitations, our study presents the clinical features of
COVID-19 patients, explores possible biological indicators related to severity and mortality,
allowing an in-depth assessment of the baseline clinical features that might be related
to COVID-19 in Angola. Further investigations from a clinical and laboratory point of
view must be carried out, to explore and clarify the main laboratory changes that occur
during SARS-CoV-2 infection. Furthermore, the possibility of co-infection between viral
and bacterial agents and its relationship with severity and clinical outcome should also be
investigated in the future. It is also worth mentioning that with the emergence of numerous
variants of SARS-CoV-2 with different degrees of infectivity, severity, and mortality, it would
be crucial to consider the possibility of exploring the clinical differences and laboratory
variations that could occur according to the different variants of SARS-CoV-2.

In conclusion, we identified several biological factors that contributed to the severity
and mortality among COVID-19 patients during a period of pre-vaccine in Luanda, Angola.
However, further studies related to clinical features, severity, and mortality due to SARS-CoV-2
infection should be carried out to help clinical decision-making and follow-up of COVID-19
patients in Angola.

Author Contributions: Conceptualization and methodology: C.S.S., M.J.A., C.P-G., ].N.d.V. and
M.B. Formal analysis and data curation: C.S.S., E.S. and M.B. Investigation: C.S.S., A.C., AD.T,
AMC, CT,M]J.A, N.L., PP, MM, C.P-G,, J.D. and M.A. Supervision: C.S.S., ].N.d.V. and M.B.
Project administration: C.S.S., J.M., ].N.d.V. and M.B. Writing—original draft preparation: C.S.S.
Writing—review and editing: C.S.S., E.S., JM., A.C.,, AD.T., MJ.A, M.A,, C.T,, ].N.d.V. and M.B. All
authors have read and agreed to the published version of the manuscript.

Funding: Financial support was provided by the Fundagao Calouste Gulbenkian (FCG)/Camoes,
IP agreement nr. 2208700707 /22.10.202, and Science and Technology Development Project Funding
agreement 11/MESCTI/PDCT /2020 for the action entitled Building COVID-19 Response Capacity
in Angola.

Institutional Review Board Statement: The study was previously reviewed and approved by the
national ethics committee of the Ministry of Health of Angola (approval no. 25/2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Data Availability Statement: Not applicable.

Acknowledgments: The authors are grateful for the participation of all Angolan COVID-19 patients
enrolled in the study. We also wish to express our gratitude to the Fundagao Calouste Gulbenkian
(FCG) and Camoes, IP, for financial assistance. Gratitude also goes to the CISA, INIS, Hospital
Militar Principal, Clinica Girassol, and Lucrécia Paim Maternity, for institutional backing. We also
want to recognize Anabela Mateus, Welwitschia Dias, Luzia Quipungo, Luisa Dachala, Bruno Car-
doso, Celestina Gaston, Domingos Biete Alfredo, Janete Anténio, Manuela Galangue, and Francisco
Manuel for laboratory support or patient recruitment; Zinga David and Anténio Mateus to provide
administrative support; Vera Mendes and Joana Sebastiao for logistical assistance.

Conflicts of Interest: The authors declare no conflict of interest.

29



Trop. Med. Infect. Dis. 2022, 7, 338

References

1.

2.

0O © N

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Lu, H; Stratton, C.W.; Tang, Y.W. Outbreak of pneumonia of unknown etiology in Wuhan, China: The mystery and the miracle.
J. Med. Virol. 2020, 92, 401-402. [CrossRef] [PubMed]

Gorbalenya, A.E.; Baker, S.C.; Baric, R.S.; de Groot, R.J.; Drosten, C.; Gulyaeva, A.A.; Haagmans, B.L.; Lauber, C.; Leontovich, A.M.;
Neuman, B.W.; et al. The species Severe acute respiratory syndrome-related coronavirus: Classifying 2019-nCoV and naming it
SARS-CoV-2. Nat. Microbiol. 2020, 5, 536-544.

Wu, A.; Peng, Y.; Huang, B.; Ding, X.; Wang, X.; Niu, P.; Meng, ].; Zhu, Z.; Zhang, Z.; Wang, J.; et al. Genome Composition and
Divergence of the Novel Coronavirus (2019-nCoV) Originating in China. Cell Host Microbe 2020, 27, 325-328. [CrossRef] [PubMed]
Zhou, P; Yang, X.L.; Wang, X.G.; Hu, B.; Zhang, L.; Zhang, W.; Si, HR.; Zhu, Y,; Li, B.; Huang, C.L.; et al. A pneumonia outbreak
associated with a new coronavirus of probable bat origin. Nature 2020, 579, 270-273. [CrossRef]

Sohrabia, C.; Alsafib, Z.; O'Neilla, N.; Khanb, M.; Kerwanc, A.; Al-Jabirc, A ; Iosifidisa, C.; Aghad, R. World Health Organization
declares global emergency: A review of the 2019 novel coronavirus (COVID-19). Int. ]. Surg. 2020, 76, 71-76.

Adhanom Ghebreyesus, T. WHO Director-General’s opening remarks at the media briefing on COVID-19-11 March 2020. World
Health Organ. 2020, 4, 1-4.

Bulut, C.; Kato, Y. Epidemiology of COVID-19. Turkish ]. Med. Sci. 2020, 50, 563-570. [CrossRef]

WHO Coronavirus disease (COVID-19): Situation Report-107. World Health Organ. 2020, 2019, 2633.

WHO Coronavirus Disease: Symptoms. WHO. 2022. Available online: https://covid19.who.int/ (accessed on 1 September 2022).
Guan, WJ.; Ni, Z.Y,; Hu, Y.; Liang, W.H.; Ou, C.Q.; He, ].X;; Liu, L.; Shan, H.; Lei, C.L.; Hui, D.S.C.; et al. Clinical Characteristics
of Coronavirus Disease 2019 in China. N. Engl. ]. Med. 2020, 382, 1708-1720. [CrossRef]

Li, T.; Lu, H.; Zhang, W. Clinical observation and management of COVID-19 patients. Emerg. Microbes Infect. 2020, 9, 687-690.
[CrossRef]

Zhang, J.; Dong, X; Cao, Y.; Yuan, Y,; Yang, Y.; Yan, Y.; Akdis, C.A.; Gao, Y. Clinical characteristics of 140 patients infected with
SARS-CoV-2 in Wuhan, China. Allergy Eur. |. Allergy Clin. Immunol. 2020, 75, 1730-1741. [CrossRef]

Chen, N.; Zhou, M.; Dong, X.; Qu, J.; Gong, E; Han, Y.; Qiu, Y.; Wang, J.; Liu, Y.; Wei, Y.; et al. Epidemiological and clinical
characteristics of 99 cases of 2019 novel coronavirus pneumonia in Wuhan, China: A descriptive study. Lancet 2020, 395, 507-513.
[CrossRef]

Zhou, E; Yu, T;; Du, R.; Fan, G.; Liu, Y; Liu, Z,; Xiang, J.; Wang, Y.; Song, B.; Gu, X.; et al. Clinical course and risk factors
for mortality of adult inpatients with COVID-19 in Wuhan, China: A retrospective cohort study. Lancet 2020, 395, 1054-1062.
[CrossRef]

Weiss, P.; Murdoch, D.R. Clinical course and mortality risk of severe COVID-19. Lancet Comment 2020, 395, 1014-1015. [CrossRef]
Huang, C.; Wang, Y.; Li, X.; Ren, L.; Zhao, J.; Hu, Y.; Zhang, L.; Fan, G.; Xu, J.; Gu, X,; et al. Clinical features of patients infected
with 2019 novel coronavirus in Wuhan, China. Lancet 2020, 395, 497-506. [CrossRef]

Liu, L.; Huang, J.; Zhong, M.; Yuan, K_; Chen, Y. Seroprevalence of Dengue Virus among Pregnant Women in Guangdong, China.
Viral Immunol. 2020, 33, 48-53. [CrossRef] [PubMed]

Ruan, Q.; Yang, K.; Wang, W.; Jiang, L.; Song, J. Clinical predictors of mortality due to COVID-19 based on an analysis of data of
150 patients from Wuhan, China. Intensive Care Med. 2020, 46, 846-848. [CrossRef] [PubMed]

Henry, B.M.; De Oliveira, M.H.S.; Benoit, S.; Plebani, M.; Lippi, G. Hematologic, biochemical and immune biomarker abnormalities
associated with severe illness and mortality in coronavirus disease 2019 (COVID-19): A meta-analysis. Clin. Chem. Lab. Med.
2020, 8, 1021-1028. [CrossRef]

Tay, M.Z.; Poh, C.M.; Rénia, L.; MacAry, P.A.; Ng, L.EP. The trinity of COVID-19: Immunity, inflammation and intervention. Nat.
Rev. Immunol. 2020, 20, 363-374. [CrossRef]

Wong, CK,; Lam, CW.K; Wu, AK.L,;Ip, WK, Lee, N.L.S.; Chan, LH.S.; Lit, L.C.W.; Hui, D.S.C.; Chan, M.H.M.; Chung, S.5.C; et al.
Plasma inflammatory cytokines and chemokines in severe acute respiratory syndrome. Clin. Exp. Immunol. 2004, 136, 95-103.
[CrossRef]

Qin, C.; Zhou, L.; Hu, Z,; Zhang, S.; Yang, S.; Tao, Y.; Xie, C.; Ma, K.; Shang, K.; Wang, W.; et al. Dysregulation of immune
response in patients with COVID-19 in Wuhan, China. Clin. Infect. Dis. An Off. Publ. Infect. Dis. Soc. Am. 2020, 15, 762-768.
[CrossRef] [PubMed]

Phelan, T.; Dunne, J.; Conlon, N.; Cheallaigh, C.N.i.; Abbott, W.M.; Faba-Rodriguez, R.; Amanat, F.; Krammer, F; Little, M.A;
Hughes, G.; et al. Dynamic Assay for Profiling Anti-SARS-CoV-2 Antibodies and Their ACE2/Spike RBD Neutralization Capacity.
Viruses 2021, 13, 1371. [CrossRef] [PubMed]

Wang, D.; Hu, B.; Hu, C; Zhu, E; Liu, X.; Zhang, J.; Wang, B.; Xiang, H.; Cheng, Z.; Xiong, Y.; et al. Clinical Characteristics of 138
Hospitalized Patients With 2019 Novel Coronavirus-Infected Pneumonia in Wuhan, China. J. Am. Med. Assoc. 2020, 323, 1061.
[CrossRef] [PubMed]

Sebastido, C.S.; Neto, Z.; Martinez, P.; Jandondo, D.; Antonio, J.; Galangue, M.; De Carvalho, M.; David, K.; Miranda, J.;
Afonso, P; et al. Sociodemographic characteristics and risk factors related to SARS-CoV-2 infection in Luanda, Angola. PLoS ONE
2021, 16, 1-10.

Gagnon, L.R; Sadasivan, C.; Yogasundaram, H.; Oudit, G.Y. Review of Hydroxychloroquine Cardiotoxicity: Lessons From the
COVID-19 Pandemic. Curr. Heart Fail. Rep. 2022, 27, 1-9. [CrossRef]

30



Trop. Med. Infect. Dis. 2022, 7, 338

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.
37.

38.

39.

40.

41.

42.

43.

Di Stefano, L.; Ogburn, E.L.; Ram, M.; Scharfstein, D.O.; Li, T.; Khanal, P; Baksh, S.N.; McBee, N.; Gruber, J.; Gildea, M.R.; et al.
Hydroxychloroquine/chloroquine for the treatment of hospitalized patients with COVID-19: An individual participant data
meta-analysis. PLoS ONE 2022, 17, €0273526. [CrossRef]

Sebastiao, C.S.; Gaston, C.; Paixao, J.P.; Sacomboio, E.N.M.; Neto, Z.; de Vasconcelos, ]J.N.; Morais, J. Coinfection between
SARS-CoV-2 and vector-borne diseases in Luanda, Angola. ]. Med. Virol. 2021, 94, 366-371. [CrossRef]

Monticelli, M.; Mele, B.H.; Andreotti, G.; Cubellis, M.V.; Riccio, G. Why does SARS-CoV-2 hit in different ways? Host genetic
factors can influence the acquisition or the course of COVID-19. Eur. |. Med. Genet. 2021, 64, 104227. [CrossRef]

Marklund, E.; Leach, S.; Axelsson, H.; Nystrom, K.; Norder, H.; Bemark, M.; Angeletti, D.; Lundgren, A.; Nilsson, S.;
Andersson, L.-M.; et al. Serum-IgG responses to SARS-CoV-2 after mild and severe COVID-19 infection and analysis of
IgG non-responders. PLoS ONE 2020, 15, e0241104. [CrossRef]

Corona, A.; Richini, G.; Simoncini, S.; Zangrandi, M.; Biasini, M.; Russo, G.; Pasqua, M.; Santorsola, C.; Gregorini, C.; Giordano, C.
Treating Critically Ill Patients Experiencing SARS-CoV-2 Severe Infection with Ig-M and Ig-A Enriched Ig-G Infusion. Antibiotics
2021, 10, 930. [CrossRef]

Guan, X.; Zhang, B.; Fu, M.; Li, M,; Yuan, X.; Zhu, Y.; Peng, J.; Guo, H.; Lu, Y. Clinical and inflammatory features based machine
learning model for fatal risk prediction of hospitalized COVID-19 patients: Results from a retrospective cohort study. Ann. Med.
2021, 53, 257-266. [CrossRef] [PubMed]

Maklad, S.; Basiony, F. Electrolyte disturbances in patients with acute exacerbation of chronic obstructive pulmonary disease. Sci.
J. Al-Azhar Med. Fac. Girls 2019, 3, 427. [CrossRef]

Albeladi, FI; Wahby Salem, LM.; Albandar, A.A.; Almusaylim, H.A.; Albandar, A.S. Electrolyte imbalance in infectious disease
patients at King Abdulaziz Hospital, Jeddah. J. Taibah Univ. Med. Sci. 2022, 17, 256-263. [CrossRef] [PubMed]

Chen, D.; Chen, D.; Li, X.; Song, Q.; Hu, C.; Hu, C.; Su, F,; Su, F;; Dai, J.; Dai, J.; et al. Assessment of Hypokalemia and Clinical
Characteristics in Patients with Coronavirus Disease 2019 in Wenzhou, China. JAMA Netw. Open 2020, 3, 1-12. [CrossRef]
[PubMed]

Weiner, 1.D.; Wingo, C.S. Hyperkalemia: A potential silent killer. ]. Am. Soc. Nephrol. 1998, 9, 1535-1543. [CrossRef]

Moreno, -P.O.; Leon-Ramirez, ].M.; Fuertes-Kenneally, L.; Perdiguero, M.; Andres, M.; Garcia-Navarro, M.; Ruiz-Torregrosa, P.;
Boix, V,; Gil, J.; Merino, E.; et al. Hypokalemia as a sensitive biomarker of disease severity and the requirement for invasive
mechanical ventilation requirement in COVID-19 pneumonia: A case series of 306 Mediterranean patients. Int. J. Infect. Dis. 2020,
100, 449-454. [CrossRef]

Petnak, T.; Thongprayoon, C.; Cheungpasitporn, W.; Bathini, T.; Vallabhajosyula, S.; Chewcharat, A.; Kashani, K. Serum Chloride
Levels at Hospital Discharge and One-Year Mortality among Hospitalized Patients. Med. Sci. 2020, 8, 22. [CrossRef]

Hong, K.-H.; Choi, ].-P.; Hong, S.-H.; Lee, J.; Kwon, ].-S.; Kim, S.-M.; Park, S.Y.; Rhee, ].-Y,; Kim, B.-N.; Choi, H.].; et al. Predictors
of mortality in Middle East respiratory syndrome (MERS). Thorax 2018, 73, 286-289. [CrossRef]

Choi, KW.; Chau, T.N.; Tsang, O.; Tso, E.; Chiu, M.C.; Tong, W.L.; Lee, P.O.; Ng, TK.; Ng, W.E; Lee, K.C.; et al. Outcomes and
Prognostic Factors in 267 Patients with Severe Acute Respiratory Syndrome in Hong Kong. Ann. Intern. Med. 2003, 139, 715-724.
[CrossRef]

Alfaraj, S.H.; Al-Tawfiq, ].A.; Assiri, A.Y.; Alzahrani, N.A.; Alanazi, A.A.; Memish, Z.A. Clinical predictors of mortality of Middle
East Respiratory Syndrome Coronavirus (MERS-CoV) infection: A cohort study. Travel Med. Infect. Dis. 2019, 29, 48-50. [CrossRef]
Milbrandt, E.B.; Reade, M.C.; Lee, M.; Shook, S.L.; Angus, D.C.; Kong, L.; Carter, M.; Yealy, D.M.; Kellum, J.A. Prevalence
and Significance of Coagulation Abnormalities in Community-Acquired Pneumonia. Mol. Med. 2009, 15, 438-445. [CrossRef]
[PubMed]

Rodelo, J.R.; De La Rosa, G.; Valencia, M.L.; Ospina, S.; Arango, C.M.; Gémez, C.I; Garcia, A.; Nufiez, E.; Jaimes, FA. D-dimer is
a significant prognostic factor in patients with suspected infection and sepsis. Am. J. Emerg. Med. 2012, 30, 1991-1999. [CrossRef]
[PubMed]

31






Tropical Medicine and
Infectious Disease

Article

Factors Associated with Self-Medication during the COVID-19
Pandemic: A Cross-Sectional Study in Pakistan

Bakhtawar Chaudhry 1, Saiza Azhar !, Shazia Jamshed 2*, Jahanzaib Ahmed ?, Laiq-ur-Rehman Khan 1
Zahid Saeed !, Melinda Madléna 3, Marié Gajdacs 3 and Abdur Rasheed %*

Citation: Chaudhry, B.; Azhar, S.;
Jamshed, S.; Ahmed, J.; Khan,
L.-u.-R,; Saeed, Z.; Madléna, M.;
Gajdacs, M.; Rasheed, A. Factors
Associated with Self-Medication
during the COVID-19 Pandemic:

A Cross-Sectional Study in Pakistan.
Trop. Med. Infect. Dis. 2022, 7, 330.
https:/ /doi.org/10.3390/
tropicalmed?7110330

Academic Editors: Peter A. Leggat,

John Frean and Lucille Blumberg

Received: 13 August 2022
Accepted: 22 October 2022
Published: 25 October 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

College of Pharmacy, University of Sargodha, Sargodha 40100, Pakistan

Department of Clinical Pharmacy and Practice, Faculty of Pharmacy, Universiti Sultan Zainal Abidin,
Kuala Terengganu 21300, Malaysia

Department of Oral Biology and Experimental Dental Research, Faculty of Dentistry, University of Szeged,
6720 Szeged, Hungary

4 School of Public Health Dow, University of Health Sciences, Karachi 74200, Pakistan

*  Correspondence: shaziajamshed@unisza.edu.my (S.J.); abdur.rasheed@duhs.edu.pk (A.R.)

Abstract: Self-medication (SM) is characterized by the procurement and use of medicines by by-
passing primary healthcare services and without consulting a physician, usually to manage acute
symptoms of self-diagnosed illnesses. Due to the limited availability of primary healthcare services
and the anxiety associated with the COVID-19 pandemic, the compulsion to SM by the public has
increased considerably. The study aimed to assess the characteristics, practices, and associated factors
of SM by the public during the COVID-19 pandemic in Sargodha, Pakistan. x?-tests and univariable
analyses were conducted to explore the identification of characteristics and the potential contributing
factors for SM during COVID-19, while multivariable logistic regression models were run to study
the effect of variables that maintained a significant association. The study was performed during July-
September 2021, with n = 460 questionnaires returned overall (response rate: 99.5%). The majority of
respondents were males (58.7%, n = 270) who live in the periphery of the town (63.9%, n = 294), and
most of the respondents belonged to the age group of 18-28 years (73.3%, n = 339). A large number,
46.1% (n = 212), of the participants were tested for COVID-19 during the pandemic, and among
them, 34.3% (n = 158) practiced SM during the pandemic; the most common source of obtaining
medicines was requesting them directly from a pharmacy (25.0%; n = 127). The chances of practicing
SM for medical health professionals were 1.482 (p-value = 0.046) times greater than for non-medical
health personnel. The likelihood of practicing SM in participants whose COVID-19 test was positive
was 7.688 (p-value < 0.001) times more than who did not test for COVID-19. Allopathic medicines,
acetaminophen (23.6%), azithromycin (14,9%), and cough syrups (13%), and over the counter (OTC)
pharmaceuticals, vitamin oral supplements, such as Vitamin C (39.1%), folic acid (23.5%), and calcium
(22.6%), were the most commonly consumed medicines and supplements, respectively; being a
healthcare professional or having a COVID-test prior showed a significant association with the usage
of Vitamin C (p < 0.05 in all cases). Respondents who mentioned unavailability of the physician and

difficulty in travelling/reaching healthcare professionals were found 2.062-times (p-value = 0.004)
and 1.862-times (p-value = 0.021) more likely to practice SM, respectively; SM due to fear of COVID
was more common in individuals who had received COVID-tests prior (p = 0.004). Practices of
SM were observed at alarming levels among our participants. Consciousness and understanding
about the possible adverse effects of SM must be established and validated on a continuous level;
in addition, on a commercial level, collaboration from pharmacists not to sell products (especially
prescription-only medicines) without a certified prescription must be developed and implemented.

Keywords: self-medication; COVID-19; pandemic; over-the-counter; medicine use; Pakistan
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1. Introduction

Self-medication (SM) is characterized by the procurement and use of medicines by by-
passing primary healthcare services and without consulting a physician, usually to manage
acute symptoms of self-diagnosed illnesses [1,2]. Based on the World Health Organization’s
(WHO) definition, SM is “the choice and use of drugs by any individual in order to treat
their own self-identified illness or symptoms” [3]. Drugs used for SM normally include
over the counter drugs (OTC), however, in some cases (wWhen the patients acquire them
from various sources) prescription-only medicines (POM) are also relevant [4]. The inten-
tion of utilizing SM may be affected by various factors, such as individual, organizational,
and environmental variables [5]. Individual factors include age, income, gender, highest
level of education, life satisfaction, convenience, and urgency /severity of symptoms [6].
Commercials and adverts by pharmaceutical companies via the media and the internet
also have a considerable role in facilitating this practice [7]. SM incorporates purchasing
drugs (both from formal and informal sources), or re-utilizing stashes (i.e., leftovers from
a medicine cabinet) from past prescriptions, receiving medicines from and taking them
on the counsel of relatives, neighbors, and friends [8]. SM is a global public health issue;
nevertheless, the prevalence of this practice is more common in developing countries
(i.e., low and middle-income countries) [9,10]. In these regions, organizational attributes,
such as poor quality and availability of healthcare services, a relatively high number of
individuals without health insurance, a lack of human resources, unavailability of transport
services, non-professional behaviors of healthcare providers, and long turnaround times—
coupled with the availability of drugs for purchase from “hawkers”—considerably increase
the SM [11,12]. The lack of knowledge regarding the use of pharmaceuticals (i.e., their
indications, dosage, appropriate treatment duration, and possible side effects) and mistrust
towards physicians may also facilitate SM [13,14]. Although the WHO has noted that the
practice of SM may remedy some minor obsessive situations at a reasonable expense, there
have been reports that it might lead to the squandering of medical assets and excess phar-
maceutical waste [15]. In addition, inappropriate use of pharmaceuticals carries the risk of
a delayed diagnosis, an unfavorable response to medications, excess morbidity, and the
emergence of multi-drug resistant (MDR) organisms in the case of antimicrobials [15-17].
The general population of Pakistan turned to self-medication and symptomatic therapy
because of inadequate care for the COVID-19 infection; about 80% of the population also
stockpiled drugs for use during the pandemic [18].

During the first part of 2020, the WHO cautioned the world about the rapid spread
of the novel coronavirus (SARS-CoV-2), which later progressed into a global pandemic;
due to the associated disease (COVID-19), an overall lockdown was set off in the greater
part of the world [19]. The pandemic has caused a considerable burden on healthcare
infrastructures worldwide, especially in countries where the healthcare framework was
fragile to begin with [20]. In response to the limited availability of primary healthcare
services and the anxiety associated with the pandemic, the compulsion to SM by the public
has increased considerably, as in the eyes of many, this was the only sensible “link” to
healthcare [21,22]. In parallel with the onset of the pandemic, many studies (both pre-
clinical and clinical) have been published on the effectiveness of various drugs in the
treatment and prevention of COVID-19; these included anti-malarial agents (chloroquine
and hydroxychloroquine), antibiotics (azithromycin and doxycycline), antiparasitic drugs
(ivermectin), decongestants (azelastine), leukotriene inhibitors (montelukast), non-steroidal
anti-inflammatory drugs, and acetaminophen, alongside nutrients, such as Vitamin C and
D, zinc, and calcium [23]. Although the effectiveness of most of the above mentioned
therapies has largely been disproven by multicentric clinical trials, in the first and second
waves of the pandemic—in combination with the rampant “infodemic” regarding COVID
treatments in online media—attempts to treat COVID-19 with e.g., hydroxychloroquine in
the absence of any healthcare professional consultation or prescription (as a prime example
of SM) were widespread [24-26]. Due to the overlap of symptoms between COVID-19
and other viral respiratory infections (e.g., throat aches, dry cough, malaise, fever, and
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shortness of breath), in many regions, individuals began taking drugs without being tested
for COVID-19 at all, often leading to drug shortages due to supply chain issues [27].

Since its global spread in 2020, COVID-19 has led to considerable morbidity and
mortality, significant upheaval in healthcare systems worldwide, and the fear of infection
has been constantly present in the lives of individuals; this has led to anxiety and tension
in both medical service laborers and the overall population in numerous parts of the
world [28]. These factors may have contributed to an increase in SM; thus, the present
study aimed to investigate the characteristics, practices, and potential contributing factors
towards the use of SM during COVID-19 in Sargodha, Pakistan. This research also explored
the different types of medicines used for SM during COVID-19.

2. Materials and Methods
2.1. Study Design, Study Site and Population

A questionnaire-based cross-sectional study design was adopted to assess the charac-
teristics, practices, and contributing factors towards SM during the COVID-19 pandemic in
Sargodha, Pakistan (155 km?, 12th largest city by population, with ~660,000 inhabitants and
a literacy rate ~80%). The potential population of this study was the general population of
Sargodha city and its periphery. The respondents or participants were selected through
convenience and snowball sampling methods. The study was conducted between July and
September 2021.

2.2. Sample Size Calculation

To establish the required sample size for our study, a sample size calculation was per-

formed by using the Raosoft sample size calculator [29,30], based on the Formula (1) below:
x

where the population N was set at 20,000 (as the general population of Sargodha city was
>20,000; however, in such population ranges, higher population values do not have an
effect on the target sample size), x is the confidence interval of 95%, E is the margin of error
set at 5%, and the expected response rate is set at 50%.

The calculated initial sample size of residents of Sargodha was 384, which was in-
creased by 20% for added contingency (to adjust for factors such as withdrawals, missing
and incomplete questionnaires), with the final sample size set at n = 462.

2.3. Study Instrument and Data Collection

Before the development of the research instrument, a literature search was performed
to ascertain potentially relevant questions and topics; during this process, we converted
the research topic into keywords, which served as the foundation of an efficient search
by providing results based on any of the terms included. After a thorough search of the
literature, a structured and validated questionnaire was developed as a data collection
tool. The questionnaire was validated by experts and researchers and for a better under-
standing of the respondents, then an interviewer-administered technique was used. The
questionnaire was comprised of statements and items pertaining to the following sections:
(i) socio-demographic data and general questions about the participants, including whether
they are healthcare professionals or their history of being COVID tested; (ii) knowledge,
attitudes, and practices towards SM during the COVID-19 pandemic, types of medicines
used for SM; and (iii) piotential contributing factors influencing SM. The translation and
adaptation of the questionnaire were performed according to the criteria of Beaton et al. [31].
Before the main study, pilot testing was performed (involving 30 participants not included
in the sample population) for the instrument to assess its face and content validity and
comprehension/readability by the respondents. Using Cronbach’s Alpha, the instrument’s
internal consistency and reliability were evaluated; the resultant value (o = 0.710) showed
acceptable reliability in questionnaire-based research. Based on the experiences from the
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pilot testing of the questionnaire, various minor changes have been made in the wording
of the paper questionnaire to produce the final instrument (Supplementary Material S1).
The final instrument was then administered by the interviewer, which meant that the
principal researcher approached each participant personally, and the interviewer gave the
respondent feedback or repeated the question or available options (if an invalid one was
given) to obtain an appropriate response. Each participant was explained the nature of the
study and asked their responses. If any query arose at that time, the principal researcher
clarified the doubts and proceeded with data collection.

2.4. Inclusion and Exclusion Criteria

The participants included in this study were willing adults (between 18 and 60 years
of age) without having any communication problems, either due to illness or some other
reason. Adults who could not participate without a caretaker or guardian, and people
approached who were unwilling to participate were excluded.

2.5. Statistical Analysis

Data analysis—including descriptive statistics (frequencies, means, and percentages)
and all inferential statistical analyses were performed using SPSS (Statistical Package for
Social Sciences) version 24 (SPSS Inc., Chicago, IL, USA). x2-tests and univariable analyses
were conducted to explore the identification of characteristics and the potential contributing
factors for self-medication during COVID-19. Multivariable logistic regression models
were run to study the effects of variables that maintained a significant association. Results
are presented as odds ratios (OR) and 95% confidence intervals (CI); p-values < 0.05 were
considered statistically significant.

2.6. Ethical Considerations

The study was conducted in accordance with the Declaration of Helsinki and national
and institutional ethical standards. Study approval for the study protocol was obtained
from the Advanced Studies and Research Board of the University of Sargodha (Ref number:
SU/Acad/1723). All participants were informed of the nature and aims of the study and
the data collected; all willing participants of the study signed an informed consent form.
The confidentiality and anonymity of the participants were protected throughout the study.

3. Results
3.1. Socio-demographic Characteristics of the Participants

Out of the 462 questionnaires, n = 460 questionnaires were returned completely filled
out, resulting in a response rate of 99.5%. The socio-demographic characteristics of the
study participants are summarized in Table 1; participants were invited to add their age in
years, but later it was binned to groups. The majority of respondents were males (58.7%,
n =270) who lived in the periphery of the town (63.9%, n = 245), and most of the respondents
belonged to the age group of 18-28 years (73.3%, n = 339). Only 46.1% (n = 212) of the
participants were tested for COVID-19 during the pandemic. Almost half (46.5%, n = 214)
of the respondents were working in the healthcare field.

Table 1. Demographic characteristics and general information of participants.

Demographic Characteristics Category n, %
18-28 339 (73.3)
29-38 61 (13.5)
Age (Years) 39-48 32 (7.0)
49-58 28 (6.2)
Gend Male 270 (58.7)
ender Female 190 (41.3)
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Table 1. Cont.

Demographic Characteristics Category n, %
Single 307 (66.7)
Marital Status Married 142 (30.9)
Divorced 10 (2.4)
A Sargodha 166 (36.1)
Area of Residence Peripheral part of the city 294 (63.9)
Ye 215 (46.7
Healthcare-Professional 1\?5 245 253.3;
Yes (the result was positive) 34 (7.2)
Tested for COVID-19 Yes (the result was negative) 178 (38.7)
No 248 (53.9)

3.2. Characteristics of SM during the COVID-19 Pandemic

Table 2 presents our main findings regarding the practices of SM in our study pop-
ulation. Overall, 34.3% (n = 158) of participants self-medicated during the COVID-19
pandemic. The most common sources of drugs for SM were from requesting them directly
from a pharmacy (25.0%). A significant association was observed between responses to SM,
being employed in the healthcare profession (p = 0.046), and being tested for COVID-19
(p < 0.001). The types of medicines (allopathic vs. others and OTC and POM vs. POM only)
used for SM were associated with area of residence and COVID-testing (p < 0.001). The
majority of the respondents, about 65.9% (1 = 304), were aware of the possible adverse
effects of the SM drug taken, there was a significant association found with being employed
in the healthcare profession (p < 0.001) and being tested for COVID-19 (p = 0.004).

3.3. Types of Medicines Used as SM during the COVID-19 Pandemic

The types of medicines used as SM and the associated correlates with their use were
summarized in Table 3. The use of herbal medicines as SM was prevalent among respon-
dents: 51.7% of participants never used any herbal medicines, while 20.0 % used Senna
Makhi Kehwa; their use was significantly associated with area of residence (p < 0.001),
being affiliated with the medical profession (p < 0.001) and undergoing a test for COVID-19
(p < 0.017). Among allopathic medicines, the most commonly used drugs were acetamin
ophen (23.6 %), azithromycin (14,9 %), and cough syrups (13.0 %), all drugs associated
with the SM for the prevention and treatment of COVID infections during lockdowns;
area of residence, being a healthcare professional, or having a COVID-test were important
correlates. The most commonly consumed supplements during COVID-19 in our sample
were vitamins (Vitamin C: 39.1%, folic acid: 23.5%, and calcium: 22.6%); area of residence,
being a healthcare professional, or having a COVID-test showed significant correlation
(p < 0.001) with the use of these supplements to boost immunity against COVID.

3.4. Possible Contributing Factors and Reasons Associated with SM during the
COVID-19 Pandemic

Potential contributing factors for SM were identified based on the literature review of
factors shown to increase SM, and an expert consensus of a group of public health specialists.
Reported reasons and contributing factors associated with SM in our sample are shown
in Table 4. While previously existing SM habits (7.3%) were also noted, the main reasons
for SM were identified, i.e., the unavailability (13.9%) and difficulty in travelling/reaching
healthcare professionals (12%), which may have led to preventive SM. SM associated
with unavailability of a physician was more common in the peripheral parts of the city
(p = 0.010), while SM due to difficulty in travelling/reaching healthcare professionals was
more common in individuals who had received COVID-tests prior (p = 0.030).
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Table 5 depicts the results of univariable and multivariable logistic regression analyses.
Univariable analyses showed that the likelihood of practicing SM for individuals within
the age group of 29-38 years was 1.72-fold (p-value = 0.047) compared to participants
between 18-28 years of age. The chance of practicing SM for medical health professionals
was 1.482-times higher (p-value = 0.046) than for non-medical health professionals. The
likelihood of practicing SM for participants whose COVID-19 test was positive was 7.688-
times (p-value < 0.001) more than for those who did not test for COVID-19. Individuals
who were aware of the possible side effects of SM drugs were 2.266-times (p-value < 0.001)
more likely to practice SM. Participants who received information regarding the possible
side effects of the SM by the physician showed an almost 2 times (p-value = 0.045) higher
chance of performing SM practices as compared to those who did not receive such infor-
mation. As far as reasons are concerned, individuals who mentioned unavailability of
the physician and difficulty in travelling/reaching healthcare professionals were found
2.062-times (p-value = 0.004) and 1.862-times (p-value =0.021) time more likely to perform
SM, respectively.

The selection of variables for multivariable logistic regression analyses was based
on the significance of the variables (p-values < 0.05) in the univariable analysis. Further-
more, to confirm the best fitted model, different multivariable logistic models were run,
for example, a multivariable model included all variables that were presented in univari-
able analysis, and another multivariable model included only those variables that were
significant in univariable analysis. With the help of Akaike Information Criterion, AIC
(the minimum values are better), it was found that the multivariable model presented in
Table 5 was found to be better; the adjusted odds ratio and confidence interval are also
reported in Table 5. Hence, after adjusting variables no. 1, 2, 3, 4, 5, 6, 8, 10, and 14 listed in
Table 5, it was noted that variables 3 (“Tested for COVID”) and 4 (“Were you aware of the
possible side effects of the SM drugs?”) showed significant (p-values < 0.05) association as
contributing factors for SM.
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4. Discussion

The purpose of the present study was to assess the characteristics and practices of
SM in Sargodha, Pakistan, during the COVID-19 pandemic and to shed some light on
the potential factors contributing to the practices of SM. According to our results, around
one-third of the selected population has practiced SM, meaning that the majority still
preferred/tried to establish contact with a physician or a licensed healthcare professional
before consuming any medicine. Hence, the drugs received and utilized via personal
prescriptions were higher than the rate of SM. Our findings (34.3%) regarding the use of SM
were similar to findings from other developing countries after the onset of the pandemic,
such as studies conducted in Togo (34.2%) [32] and Nigeria [33,34]. The main sources of
drugs for SM were leftover prescriptions procured from friends and family, receiving drugs
directly from family, and requesting them directly OTC from a pharmacy; similar sources
as easy access to medications and SM were documented in a recent study from Dhaka,
Bangladesh [35], and from previous studies in Rio Grande, Brazil [36], and Kuwait [37].

In this study, SM practice showed that those working in medical fields might be
more fearful about the adverse effects of taking drugs inappropriately [38]; the possible
reason for this could be better accessibility to relevant and trustworthy COVID-related
information (from their workplace or from the internet), both about the prevention and
the treatment of the illness. These findings are in line with a study conducted in India [39],
where greater drug-related knowledge has led to concerned attitudes towards SM. On
the other hand, identical studies have also been published noting the opposite, i.e., with
significant levels of comprehension of OTC and POM drugs, including their prescription
and adverse reactions, healthcare professionals were more likely to self-medicate during
the outbreak [40]. Among our respondents, over half had never had a COVID-19 test
of any kind, while the majority of those who had tests were documented as negative.
This finding could be due to having a good degree of self-awareness about their health
among people with a higher educational status [41]. The reasons for SM reported in this
study were the unavailability of physicians, fears or difficulties in getting in contact with
them, or bad experiences/ineffective treatments associated with visiting them, which were
noted in other reports as well [32,33,36,37]. Fears of contracting the virus and difficulties
in travelling to healthcare facilities were similarly documented in a study conducted in
Lahore, Pakistan [42], and Dhaka, Bangladesh [35].

Our study reports that azithromycin was the most commonly used POM during the
COVID-19 pandemic, while other notable allopathic medicines were acetaminophen, be-
ing the most commonly used for SM, and cough syrups, which is consistent with other
reports in the context of COVID and SM [42]. The reason for azithromycin SM could be
due to its properties being effective against COVID in vitro in addition to its proposed
property to alleviate inflammation of the respiratory epithelium [43]. Acetaminophen
was also highly noted among participants as a preventive measure against COVID-19;
this drug has a widespread use already in SM for various indications, however, its use
has expanded remarkably during the viral outbreak, both for its classical and novel sup-
posed indications [44,45]. Ivermectin was also used as a preventative measure during the
pandemic, as some early reports suggested a more promising outcome associated with
supplementing the drug [46]; nevertheless, no recent clinical study has been successful in
reliably confirming the usefulness of this compound in the prevention of COVID-19 [47].
Hydroxychloroquine was also extensively used in the initial stages of the pandemic as
a preventive measure against COVID-19; studies of a different nature and quality have
described the productive use of hydroxychloroquine and azithromycin for hospitalized in-
dividuals [48]; however, the utilization of hydroxychloroquine alone or with azithromycin
may lead to substantial cardiac toxicities—leading to lethal arrhythmias in hospitalized
COVID-patients—and highlighting that the use of these drugs as SM is questionable at
best [49]. When it comes to dietary supplements to prevent/treat COVID, Vitamin C was
used by approximately one third of participants; some studies have noted the efficacy
of Vitamin C in the management of COVID-19 [50]. Nevertheless, it is also important to
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note that in high doses and when taken for extended periods of time, this vitamin may
cause unwanted and harmful effects, like kidney stones [51]. Similarly, there has been
considerable interest in Vitamin D supplementation for the prevention of acute respiratory
tract infections and, in turn, COVID-19 [52,53]; but being a lipid-soluble vitamin, one has to
be mindful with dosage to prevent hypervitaminosis and its associated adverse outcomes.
According to this study, the participants used herbal medicines, i.e., Senna Makhi Kehwa,
for the treatment and anticipation of contracting COVID-19. This may be explained by
the fact that traditional medicines are habitually utilized as a result of the accessibility
and lower expenses associated with herbal products [54]. It is also worth mentioning that
the WHO has invited development throughout the world, including medicines of natural
origins and herbal products, to explore potential therapeutics for COVID-19 [55].

The practice of SM has been previously noted to be highly prevalent in association with
several ailments, including for the treatment of chronic pain [56], toothache and other dental
indications [57], gastro-intestinal issues [58], and mood disorders [59]; nonetheless, with the
onset of the COVID-19 pandemic, an increase in the prevalence of SM drug use associated
with respiratory tract infections was noted. The WHO has predicted that the COVID-19
pandemic may last for a number of years, resulting in serious socio-economic consequences
and changes in individuals’ psycho-physical lifestyles, leading to deteriorating mental and
physical health, which occurs in the backdrop of the unavailability of primary healthcare
and mental care services [60]. With this in mind, national surveys on SM awareness and
campaigns must be put forward to help educate laypeople and protect them from the
potential harmful effects of the practice of SM.

The limitations of the present study must be acknowledged: firstly, the cross-sectional
nature of the study design; the study was conducted in selected areas of Sargodha, with
participants who were willing to participate in the research, which may have introduced
bias into the results. Young adults and healthcare professionals are represented in high
numbers among the participants. In this study, the practice of SM was associated with
demographical patterns, i.e., age, gender, marital status, area of residence, and type of
profession, however, this may not reflect the genuine image of SM in the entirety of
Pakistan. Regarding statistical analyses, a limitation of the x2-square test is its sensitivity to
sample size. When a big enough sample is employed, even small associations may become
statistically significant. When applying the x?-square test, “statistically significant” does
not automatically imply “meaningful”. To establish causality, a more thorough examination
would be needed, which we aimed to amend with the introduction of univariate and
multivariable logistic regression analyses. Finally, the main limitation in conducting the
present research-based study was the limited time-frame available to complete the study.

5. Conclusions

Self-medication (SM) has become a significant issue of health and well-being in de-
veloping countries, which has been exacerbated by the presently occurring COVID-19
pandemic. This study has concluded that the practice of self-medication is undertaken by
approximately one-third of the population in Sargodha. The major contributing factors
towards SM during COVID-19 were the unavailability of physicians, the lack of effective-
ness of medicines prescribed by the physicians, and the fear of contracting the virus. Based
on our results, various allopathic and natural alternative medicines were used for the
prevention and treatment of COVID-19: azithromycin, acetaminophen, Ivermectin, and
vitamin C and D were the most frequently consumed medicines and supplements. Medical
health professionals, having comprehensive knowledge about drugs, are mostly involved
in practicing SM. To minimize SM, the public must consult with a physician before admin-
istering any type of drug to establish a reliable diagnosis and to get a prescription for POM
with recommended dosages. One of the pertinent arms of intervention to minimize SM
practice is to improve awareness against misinformation about illegal COVID-19 preventive
products and aiming to improve psychological health in the pandemic crisis (thus reducing
anxiety and the compulsion to perform SM). Consciousness and understanding about the
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possible adverse effects of SM must be established and validated on a continuous level;
in addition, on a commercial level, collaboration from pharmacists not to sell products
(especially POM) without a certified prescription must be developed and implemented.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/tropicalmed7110330/s1. Supplementary Material S1: Instrument
for data collection.
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N o U e W N

Abstract: When it comes to understanding the spread of COVID-19, recent studies have shown that
pathogens can be transmitted in two ways: direct contact and airborne pathogens. While the former
is strongly related to the distancing behavior of people in society, the latter are associated with the
length of the period in which the airborne pathogens remain active. Considering those facts, we
constructed a compartmental model with a time-dependent transmission rate that incorporates the
two sources of infection. This paper provides an analytical and numerical study of the model that
validates trivial insights related to disease spread in a responsive society. As a case study, we applied
the model to the COVID-19 spread data from a university environment, namely, the Institut Teknologi
Bandung, Indonesia, during its early reopening stage, with a constant number of students. The
results show a significant fit between the rendered model and the recorded cases of infections. The
extrapolated trajectories indicate the resurgence of cases as students’ interaction distance approaches
its natural level. The assessment of several strategies is undertaken in this study in order to assist
with the school reopening process.

Keywords: SIR model; socio-behavioral aspects; interaction distance; school reopening strategy

1. Introduction

In epidemiology, compartmental models are general modeling techniques used to
understand the spread of disease, and they commonly consider three variables: S for those
who are susceptible, I for those who are infected, and R for individuals who have recovered.
Variations of the generic SIR model are available: the SIS model accommodates temporal
immunity [1], the SEIR model best represents the spread of disease with a significant
latency period [2], and there are even combinations of the two [3]. The convenience of
compartmental models in respect of adding more variables has resulted in their being
widely used in infectious disease modeling [4]. Besides providing each state’s estimated
figure, this approach can also provide the reproductive ratio, which represents the expected
number of secondary cases generated by one primary case [5-7]. In most of the constructed
models, the reproductive ratio acts as a crucial threshold; above one indicates endemic,
while below one indicates disease-free [8]. This is crucial for policymakers when regulating
whether or not to ease restrictions amid disease spread.
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However, generic compartmental models are sometimes based on assumptions that
are not necessarily relevant; the population is considered closed in SIR models, whereas
complete isolation was not followed in most regions, making them vulnerable to changes
in the neighboring communities [9]. Another assumption that is commonly used in a
generic model is that transmission and recovery rates are assumed to remain constant
over time. Such a scenario will best represent disease that spreads in a population with no
response to current disease prevalence, meaning that a high or low number of recorded
cases will not affect the average socio-behavior of the population. The simplest case to
consider is a disease spread within a closed population of sheep in a field [10]. When it
comes to a human population, people’s psychological behavior causes them to reduce their
interaction intensity as the declared number of cases increases, which ought to vary the
viral transmissibility [11]. Moreover, setting constant rates of transmission and recovery
results in a high number of projected infected cases once the model is applied to a vast and
highly populated community; this could be at the scale of entire nations [12]. According
to recent studies, SIR-based predictions using early data for COVID-19 cases have shown
an enormous figure for predicted cases, with the peak reaching up to 15-30% of the
total population [13,14]. Nevertheless, an absence of the psychological behavior of the
population could overestimate the prediction figure [15].

According to recent studies, there are so many studies that discuss the spread of the
COVID-19 disease. Researchers developed various models and approaches from all over the
world [16,17]. However, in this paper, we will discuss two major sources of transmission in
some infectious diseases: direct contact and airborne transmission. In respect of the former,
it is quite obvious that human-to-human transmission is mainly caused by direct contact
such as talking at a close distance. The smaller the average interaction distance of people
within a population, the greater the chance for pathogens to spread. By incorporating the
effect of human psychological behaviors, it is natural to expect an increase in the average
interaction distance given a high disease prevalence in a specific population, which will lead
to a reduction in viral transmissibility. However, the latter source of transmission opens up
possibilities for infections induced by the presence of airborne pathogens. This method of
transmission is found in the spread of TB [18] and SARS-CoV-2 [19]. Although airborne
pathogens can infect susceptible individuals, some studies have shown that most airborne
pathogens can only last for a certain period. Mycobacterium tuberculosis, which attacks lungs
and causes TB, can stay in the air for several hours depending on the environment [20], and
SARS-CoV-2 can only last for hours in the air but can survive for up to a week on plastic [21].
In disease modeling, taking airborne pathogens into account is crucial, especially for those
that have a significant period of viral survivability in the air.

The incorporation of the psychological behavior of society into responses to disease
prevalence has been introduced in several works, such as Hua-Li et al. [11] and Oluyori
et al. [22]. In practice, the authors define saturated transmission rates that are dependent
on the figure of disease prevalence. The transmission rate is expected to increase for a low
disease prevalence and start decreasing once the prevalence exceeds its critical point [11].
In 2021, Cabrera et al. [23] introduced a compartmental model that incorporates a socio-
behavioral aspect in a slightly different way; they introduced the interaction distance
to measure societal behaviors in response to disease prevalence. Hence, the nonlinear
transmission rate integrates the interaction distances. However, the effect of airborne
pathogens is rarely incorporated. One study conducted by Bazant and Bush in 2021 [24]
demonstrates the significant effect of airborne transmissions on society regarding activities.
Although airborne pathogens, especially SARS-CoV-2, can only last for hours, indoor
transmission is crucial for infectious disease modeling, especially for school or office
environments involving many indoor activities.

In this study, we constructed an SIR-based mathematical system that accommodates
the two major causes of infection: direct contact and airborne transmission. The former
source of infection, representing the socio-behavioral aspect, is based on the measure of
the interaction distance of people in society. In 2021, Cabrera et al. [23] proposed adding a
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new variable that determines the interaction distance over time. The closer the interaction
distance, the higher the chance of disease spread. The latter cause of infection, which
represents viral characteristics, is incorporated by defining another variable that solely
represents the concentration of pathogens in the air over time. We expect that the longer
the pathogens can last in the air, the higher the concentrations over time, which leads
to a higher chance of disease spread. Hence, the newly added variables will govern the
transmission rate that eventually depends on the socio-viral behavioral aspects. In the
analysis of the constructed model, we provide numerical results in respect of infections
under different socio-viral behavioral aspects. The model performs well in depicting the
spread of disease in societies under different rates of response, different rates of resistance
to adopting new habits, and under different characteristics of the concerned diseases. As a
case study, we applied the constructed models to the SARS-CoV-2 spread data that were
collected in a university environment (Institut Teknologi Bandung College) in January
2022. The choice to use data from a university was made to ensure homogeneous socio-
behavioral aspects for the whole society; no demographic is taken into account due to the
homogeneity assumption [25-27]. The small scale of a university environment also ensures
the involvement of pathogens in the air; the larger the scale of the observation, the smaller
the effect of pathogens in the air. Lastly, we utilized the extrapolated figures to assess some
strategic action plans related to SARS-CoV-2 infections in educational environments; school
reopening schemes and vaccination implementation [28].

2. Context

Humans are mobile creatures who move in their part of an environment; they may
meet an acquaintance or not. When the former scenario happens, they will likely move
closer to reaching out to that acquaintance [29]. This phenomenon exemplifies the im-
portance of interpersonal space (IPS) and peripersonal space (PPS) in which humans can
perform body—environment interactions [30]. Although the dimensions of IPS and PPS
include all directions, previous studies have only focused on a specific distance, i.e., the
distance from the front of the person [31]. When it comes to understanding infectious
diseases, the front-directed PPS is essential since most diseases, including SARS-CoV-2, are
transmitted via the front parts of the human body. One unit that measures the intensity of
PPS contact is the interaction distance, in which the closer the distance, the more intense
the contact, which leads to an increase in the risk of disease transmission [32]. According
to Sorokowska et al. [33], the preferred interpersonal distance of humans differs between
different types of social relations (strangers, acquaintances, and partners). Table 1 provides
a global comparison in respect of interaction distance.

Other than the interaction distance that causes direct transmissions, airborne trans-
mission of some diseases is now widely recognized, especially for the spread of COVID-
19 [34,35]. This approach accounts for the plausibility of infections caused by pathogen-
bearing aerosols that are fine enough to be continuously mixed through an indoor space.
Every infected individual present will contribute to the production of droplets containing
the virus. Bazant and Bush [24], in their COVID-19 study, estimated the concentration of
pathogens produced by a single infected individual in a well-mixed room for every breath,
and for whispering and talking indoors.

However, other studies have shown that pathogens can remain active on other media,
such as copper, cardboard, and plastic [21], for a certain period. Hence, other than signifi-
cant airborne transmission indoors, pathogens that are attached to other media can also
infect susceptible individuals. A study by Doremalen et al. provides the estimated critical
periods of SARS-CoV (1 and 2) before they become inactive; these are given in Table 2.
The estimations show that SARS-CoV can last up to 12 h in the air but can last longer on
other media. This fact should indicate the importance of airborne pathogens and their
attachment to other media in respect of understanding viral transmission. In this study
we construct a mathematical model that incorporates both socio-behavioral and airborne
pathogen effects.
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Table 1. Average preferred interpersonal distance (in meters) for different types of social relations:
strangers, acquaintances, and partners/close relations across all nations. The figure estimations were
conducted by Sorokowska et al. [33].

Countries Social Distance Personal Distance Intimate Distance

Romania, Hungary, Saudi

Arabia, Turkey, Uganda 1.20-1.40 m 0.90-1.20 m 0.45-0.90 m

Pakistan, Estonia,
Colombia, Hong Kong,
China, Iran, Malaysia,
Czech Republic, Portugal, 1.05-1.20 m 0.75-1.05 m 0.40-0.75m
Kenya, Switzerland, India,
Indonesia, Croatia, Ghana,
South Korea

Norway, Canada, Nigeria,
Brazil, England, Mexico,
Poland, Germany, USA, 0.90-1.05 m 0.60-0.75 m 0.40-0.60 m
Kazakhstan, Italy, Serbia,
Greece, Spain

Russia, Slovakia, Austria,
Ukraine, Bulgaria, Peru, 0.70-0.90 m 0.60-0.70 m 0.30-0.50 m
Argentina

Table 2. Estimated critical periods for SARS-CoV to remain active on several media.

Media SARS-CoV-2 SARS-CoV-1

Aerosol 10.00 £ 2.00 h 8.00 +2.00 h
Copper 11.00 £ 6.00 h 19.00 £+ 7.50 h

Cardboard 39.00 +9.00 h 8.00 +5.00 h
Stainless steel 72.00 £ 15.00 h 50.00 £ 10.00 h
Plastic 90.00 # 10.00 h 90.00 = 10.00 h

3. Proposed Model

In this study we used a generic model, but we separated those who had and had not
received vaccines. This modification was based on the fact that the presence of immune titer
in the human body can significantly prevent people from becoming infected, offering up to
90% protection [36]. Hence, there are three main state variables: susceptible (S), currently
infected individuals (I), and removed individuals (R), with the total of six state variables
created by adding subscripts v and u to each of the main states, representing the categories
of being vaccinated and not, respectively. As shown in Figure 1, new infected individuals
are generated from both S, and S,, caused by a direct interaction between susceptible
and infectious individuals. After a specific period of infections, infected individuals
will enter R, which represents being immune or deceased. We assume that there is no
demographic change, which implies a constant population size: Ny, = S, (t) + I(t) + Ry(t)
and Ny = Sy(t) + L, (t) + Ro(t), for t > 0,and N = N,, + N, with a constant proportion of
vaccinated and unvaccinated individuals. The model also assumes no significant difference
in the recovery rates of vaccinated and unvaccinated individuals.
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Figure 1. State-flow diagram of {SIR}, . Solid lines represent direct flow, while dashed lines
represent interactions of states.

As shown in Figure 1, there are three parameters involved: transmission rate (),
recovery rate (), and vaccine effectiveness (p). The last two parameters are observable,
i.e., their values can be measured and estimated using relevant information. Vaccine
effectiveness, which ranges from 0 to 1, represents the protection induced by the vaccine.
The higher this value, the lower the chance of people becoming infected once they interact
with infectious individuals. Limited to the COVID-19 vaccine, the vaccine efficacy should
vary depending on the manufacturer and COVID-19 variants [36]. The value of -y represents
the rate of recovery, which governs the speed of transition from I to R. To make this realistic,
4! can be considered as the average infection period. In contrast, the rate of transmission
B is unclear in terms of its physical representation; it summarizes all factors that produce
infections. Hence, the value of j is considered unobservable. To incorporate the two major
causes of infection as mentioned in Section 2, we added two additional lines to the system
that represent the dynamics of the interaction distance D and the pathogen concentrations
V. The final two variables dictate the dynamics of B resulting in the transmission rate
that depends on the socio-viral behavioral aspect. A mathematical representation of the
constructed model is given in the following form:

S;: *,B(Iu + IU)S”/N

I{,: ,B(Iu + IU)SU/N — 1y

Rj,= I,

Sp=—Pp(1—p)(Iu + I)Su/N
L=B(1—p)(Lu + L)Su/N — 1L
R;: vl

0]

with a constant population size N. The other two additional variables are D (in meters) and
V (in quanta/ m?), representing the average interaction distance and viral loads over time.
The formulation of D was first introduced by Cabrera et al. [23] along with the definition
of the natural distancing habit D* that could differ from one society to others—symbol
D* denotes the average of natural distancing behavior of society. The complete additional
lines are given in the following systems:

{ D' = —-A(D—=D*)+Ay(Ly + L) /N )
V' =ML+ L) — A4V

with non-negative initial conditions {52, 19,RY, 89,19, RY, DO, VO} that are evaluated at the
initial point ¢ = 0. It is natural to assume that I = (1 — a)I° and I9 = «1°, for 10 = 19 + 19,
with a (in percent relative to the population size) representing the vaccine coverage. The
addition of the two variables involves another four parameters. On one hand, the value of
A; (distance/time) represents how quickly people react to the current disease prevalence,
i.e., the so-called rate of social response. By neglecting the first term, there are two scenarios
that increase the interaction distance D: high values of the rate of response A, or the disease
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prevalence I. Interestingly, setting A, equals zero will lead to a situation where a society
pays no attention to the current disease spread. Such a scenario drives the society to resort
to their natural interaction distance D for A; # 0. On the other hand, the rate A; (1/time)
measures the rate of resistance in society, per distance unit, to changing distancing behavior.
It represents how quickly individuals return to their natural interaction distance D* or their
natural distancing habits. This rate is strongly related to the distancing culture. When we
set a high value of A1, this results in a situation in which the society has a strong culture
embedded, making it resistant to changes in behavior amid the current pandemic. In this
study, we restrict the plausibility of A; = 0 since we assume that every society has its
own resistance in changing habits. When the disease prevalence approaches zero, then
D’ approaches —A1(D — D*), which leads to the convergence of D to D* regardless of
the initial condition D°. More detailed formal analysis of System (1) and (2) are given in
Appendix A.

While the first equation of System (2) portrays the socio-behavioral aspects, the sec-
ond equation portrays the concentration of the pathogens. The rate A3 (quanta/(time
m?3-person)) denotes the average concentration of viral/pathogens emitted by one infected
individual per unit time. Face coverings and the practice of other social and respiratory
etiquette will likely reduce the value of A3 and hence reduce the number of pathogens
emitted into the air. The discharged microbes will remain suspended in the air in dust
particles, respiratory particles, and water droplets [37]. However, pathogens will not last
forever in the air (or other media); they will decay due to natural and human intervention.
On the other hand, parameter A4 (1/time) denotes the removal rate of viral quanta in the
air. A higher intervention of humans in the community, including through air filtering
and periodical sanitation, can increase A4 and hence allow more microbes to decay or
be inactive [38]. However, in most cases, A4 will only account for the natural effect of
pathogen removal (subject to ambient temperature, humidity [21,39], and sunlight [40]),
while human intervention can be represented by another functional term added to the
dynamic of V [41]. Eventually, A1, Ay, and A3 represent the socio-behavioral aspects in
society while A4 represents the characteristics of the pathogens.

t
D(t) = D* + (DO - D*)e’“t + %/0 I(s)e M1(=)ds ®)

V(t) = V0 Mt 4 Ag /Ot I(s)e~*+(=5)gds 4)

Since the model adopts a uni-flow, then there exists T such as I(t) < ¢, t > T, for every

€ > 0. In terms of epidemiology, the virus will always be eradicated to zero for large values

of ¢ since people will accumulate in the removed compartments. For the dynamics of D,

the second and third terms approach zero as t approaches infinity, leaving only the first

term that converges to D*. However, the presence of V is strongly related to the presence of

infectious individuals, who will vanish once the disease vanishes, no matter how large the

initial condition. It should be noted that the proposed models do not consider reinfection

or susceptible newborns. Hence, multiple disease outbreaks (if any) are expected to be
driven by the change in interaction distance in society.

3.1. Observability of Socio-Behavioral Parameters

As discussed in the previous section, the model has 3 parameters that are related to
the socio-behavioral aspects of society: A1, Ay, and A3. It is clear from its definition that
A3 is observable and that its value follows the estimations of the pathogen concentration
per person per m>. Bazant and Bush [24] and Miller et al. [42] provided estimated concen-
trations for several expiratory activities. Calibrated normal speaking activity is estimated
to produce 72 infections quanta/m? while superspreading activity can contribute up to
970 infections quanta/mj3. However, the first two socio-behavioral parameters are not
observable, i.e., the rate of social resistance A; is not something that we can determine from
the field. It combines all aspects that inhibit society in the change of behaviors.
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The rate of social response, denoted by A, has a dimension of meters per unit of time.
In the absence of A1, the formula of D’ reduces to only D' = Ay(I/N), with [ = I, + L.
When I =N, then D’ = A,, which is interpreted as the interaction distance increasing at
the rate of A, meters per unit time when the whole population is infected. Taking another
scenario, I = 1 person results in D’ = A, /N, which is considered as the A, /N increment
of the interaction distance per unit of time when the society contains 1 infected individual.
Henceforth, A, is related to the quantity of the change in D for a certain disease prevalence.
To understand this parameter more, let us take the solution of D’ = A,(I/N); D(t) — D =
Az [y (I(s)/N)ds. By taking D® = D*, then A, = (D(t) — D*)/ [, (I(s)/N)ds. Expecting
the presence of an average prevalence of I in the length of time T, will drive people in
society to interact at the distance of D, then A, can be estimated using the following formula:

(0D
)\2 =
(%)

Note that I/N represents the percentage of infections in society, i.e., the so-called
point prevalence, denoted by a%. Therefore, by knowing that the society is practicing
distancing habits of D = D once the point prevalence is roughly a%, we can estimate the
expected value of A, as the rate of social response amid the disease spread. Henceforth,
/\2 = (5 — D*) /(aTz).

We can also consider the dynamics of D in the given system. When (I, + I,) /N tends
to zero, the effect of A is no longer significant; the whole second term will tend to zero, leav-
ing D’ = —A; (D — D*). This simple ODE has a unique solution of D(t) = D* + D% =M.
The higher the value of Ay, the faster the dynamics of D to approach D*. It is easy to prove
that }Lr?o D(t) = D*, regardless of the value of DO. Hence, for an arbitrary small value e > 0,

©)

there exists a value of T; that satisfies the following condition.

M<i—éfort>ﬂ (6)

|ID(t) — D¥|< efort >Ty « 50 0 =

We can manipulate the solution of D(t) to reach D* + ¢ in t = T by adjusting the
value of Ay as given by:

“In( £ _
D* +e=D"+ D% M — A = () = [n@®
i T

@)

Henceforth, the rate of social resistance A1 can be evaluated using the estimated time
for society to return to their natural interaction distance in the absence of disease spread,
denoted by Tj; see Figure 2 for illustration. It should be noted that € is an arbitrary small
number & > 0 divided by DO, According to Equation (7), A takes the log value of € which
will be sensitive to the choice of €. Hence, it is natural to assume the relative deviation from
D* as € = 1%, although the formula of A; should clearly confirm that the value of A; is
dependent on the assumption.
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Figure 2. Illustration of rate of social resistance A1 by the given data for T;.

3.2. Contact and Airborne-Based Transmission Rate

The rate of transmission is defined to be related to the interaction distance (D) and con-
centration of pathogens (V). In this study we accommodate two methods of transmission:
contact-based and airborne-based transmission. Contact-based transmission is affected by
the average interaction distance; the transmission rate decreases as the average interaction-
distance increases, as people practice social-distancing. However, a high concentration of
airborne pathogens contributes to an increase in the transmission rate.

of 2D* \U/V4+ VY
o) = (o5 ) (Vo) ®
The definition of the contact-related transmission rate is adopted from [23], but we
have added the effect of the current concentration of pathogens. The basic transmission rate
B*(1/time) is defined as constant, representing the basic probability of transmission per
unit time. The second term (dimensionless) represents the effect of the average interaction-
distance, which will decrease the overall f as D increases. The third term, however,
represents how the concentration of pathogens affects the overall p value at which the risk
of infection will rise as V increases. To keep the effect of V dimensionless, we divide V by
the standard number of quanta exhaled by infectors per individual per m> per unit time.
The adjuster levels of v and w are added to be fitted to the data, representing the strength
of each source of infection in society.

3.3. Recovery Rate

Recovery rates (1/time) denote the quantity representing how fast infected individ-
uals recover from the disease and, hence, build their immunity [43]. For some infectious
diseases, the absence of healthcare might cause a longer infection period [27,44,45], specifi-
cally for COVID-19. Not limited to this disease, we define the implicitly time-dependent
recovery rate as follows:

Y(LK) =+ (1 — 'YO)HLK )

where I denotes the state variable for infectious individuals and K denotes the constant
healthcare capacity (beds). In addition, 7y and 7 are both recovery rates but represent
different situations: excessive beds and collapsing health systems. On one hand, when the
number of beds is excessive, then each of the infected individuals receives proper treatment
and this leads to a shorter period of infections [45]. In other words, (I, K) will achieve
its maximum rate of recovery as K approaches infinity. Otherwise, y(I, K) will converge
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to 7o as the number of burdens is higher relative to the healthcare services [11]. Hence,
the former denotes the maximum recovery rate given the proper treatment, while the
latter denotes the lowest recovery rate achieved by patients treating themselves in order to
recover. Figure 3 depicts the functional parameters and their dependent variables. Figure 3
(left) illustrates the effect of the average interaction distance that results in higher values of
B(D, V) as D approaches D*. On the other hand, the rate of recovery follows Equation (9),
which lessens the rate of the increase in the burden of cases down to . For the case with
excessive healthcare capacities, the rate of recovery can be maximized up to 1, as shown
in Figure 3 (right).
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Figure 3. (a) Dependency of transmission rate  to D and V, by taking * = 0.444, v = 7.680,
w = 0.051 and D* = 0.7 m; (b) Effect of K and I to the rate of transmission by taking 7; = 1/6
(infection period of 6 days) and g = 1/14 (infection period of 14 days).

4. Numerical Results

In this study, the behavior of society that is being accommodated by the model is
the rate of social resistance and social response. Socio-resistance rate, denoted by A4,
represents the resistance of society to distancing their interactions due to the prevalence
of people when [ is not significantly zero. When the prevalence of people is close to
zero, the resistance rate represents how fast the society moves back towards their natural
interaction-distance D*. In contrast, the rate of societal response represents the increase in
interaction distancing per increase in point prevalence, which inhibits the disease spread
when this value is high. In this section, we provide the number of infected individuals (per
one thousand members of the population) for several values of A1 and A5.

4.1. Variations under Different Society Behaviors

The rate of social response is given in three scenarios (low, moderate, and high re-
sponse), by taking values of A, = 0.20,0.53, and 0.87, respectively. These are based on the
physical distancing campaign: (i) low social response drives people to physical distancing
limited to D = 1 m only, (ii) moderate can reach D = 1.5 m, and (iii) high social response
can reach up to 2 m. Table 3 shows the diverse approaches of countries in campaigning
for physical distancing. We also set the rates of social resistance to A; = 0.15, 0.07, and
0.05, which are based on T; = 30, 60, and 90 days, respectively. The ranges of A; and A
produced by Formulas (5) and (7) conform to those used in Cabrera et al. [23].
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Table 3. Physical distancing campaigns among countries [46,47].

Countries Physical Distancing (m)

Singapore, United Kingdom, Denmark, France, Hong Kong,

China and France Im
Australia, Belgium, Greece, Germany, Italy, Spain, Portugal,
. 1.5m
Switzerland
Canada, United States 2m

Figure 4 provides the numerical simulations for I,, 4+ I, and D for the different pairwise
scenarios of Aj and A;. As expected, the value of D(t) will vary over time—increases as the
disease prevalence increases. In all sub-figures, all dynamics for D(t) always start from D*
as its natural distancing behavior when disease prevalence is around zero (no new cases
recorded). However, as the disease prevalence rises, people in society build awareness to
practice physical distancing which then increases the average distancing behavior D. As
the new cases decrease to zero, it is natural that people in society return to their natural
distancing D*.

A‘lﬂ:‘] 5& l,l.ﬂ.m

A‘lﬂ:1 58 1,-_\1.31

DAYS DaYs
Ag=0.07 & illﬂ.ﬂ A‘ln.lﬁ & A, =0.87
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A,=0.05 & 1,=0.87

o E-U 40 &0 E‘ﬂ
DAYS

Figure 4. Numerical simulations for different values of the rate of resistance A; and response to
disease prevalence A;. Blue lines represent the average interaction distance, while the orange lines
represent the burden of cases. The values of A1 and A, are provided for three different values (low,
moderate, high); A, = 0.20, 0.53, 0.87 and A; = 0.05, 0.07, 0.15. All figures were generated by
choosing N = 1000 and D* = 0.7 m and other parameters that evaluate the values of Ry to exceed 1;
p=05 v=1/14 A, =1/6.

The sub-figure in the left upper corner depicts the simulation results for a society with
a lower response yet a higher resistance rate. Such a scenario results in a higher peak of
the burden of cases relative to other scenarios. This result shows that if the society does
not have enough awareness about the disease’s prevalence, and has a strong resistance
that inhibits the practice of physical distancing, the dynamics of D will be likely in around
D*, which results in a higher number of cases. Societies that campaign for close physical
distancing (e.g., 1 m only), and have tendencies to always practice their natural habits, are
likely represented by the left upper corner sub-figure. The figure situated at the center
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of the nine depicts simulations that apply to a society that has a considerably moderate
level of resistance and response rate. The right lower corner depicts shows societies with
a higher rate of response but a lower rate of resistance. Due to higher values of A,, every
individual in the society moves further away relative to other scenarios and this results
in a significant change in D relative to the value of D*. When it comes to the figure of
the burden of cases, this scenario estimates the lowest number of cases relative to other
scenarios. Societies that practice physical distancing and have a tendency to keep practicing
it in a longer period, even after the disease is no longer present, are best represented by this
scenario, resulting in a lower burden of cases relative to other scenarios.

4.2. Variations under Different Pathogen Characteristics

Different pathogens lead to different survivability periods in the air or other media.
The longer the pathogens are active as airborne pathogens, the more they accumulate, which
increases the risk of infections. Characteristics of the observed pathogens are governed by
parameter A4. In System (2), the term —A4V represents the concentration of pathogens per
unit of time to become inactive. Figure 5 shows the dynamics of the disease prevalence
I, + I, under different periods of pathogens lasting in the air for the same parameters as
used in Figure 4. In the lower-right picture, it is shown that pathogens that can last up to
48 h (red) can accumulate up to 300,000 quanta pathogens per m® and drive infections to as
high as 23%. Figure 5a demonstrates how the dynamics of I, + I, precede V on reaching a
peak for exactly 2 days (48 h). It is natural to accept that the longer the period, the wider
the gap between the occurrences of the two peaks. By setting a smaller period (higher A4),
the dynamics of V decrease and so does I, + I,. Moreover, the peak of I, + I, shifts to the
right (see Figure 5b,c). More results on the model’s sensitivity analysis are provided in
Appendices B and C.

(a) Infected

h for A, = 24148 10 (b} 1, + 1, under different virus removal rates in airborme

DAYS

<10 () Viral load under different virus removal rates in airborne

DAYS DAYS

Figure 5. Numerical simulations of System (1) and (2) under different removal rates of air-
borne pathogens, that is implicated in the critical period of pathogens to remain active airborne:
(a) comparison between the dynamics for infected individuals and viral load for a critical period
of 48 h, which shows an exact lag of 48 h between the peak of infections and its viral loads,
(b,c) dynamics for I, + I, and its viral load under different critical periods of the airborne pathogen.
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5. Case Study: SARS-CoV-2 Spread in School

As mentioned in the previous section, the proposed model incorporates the socio-
behavioral aspects of people in the society combined with the effect of airborne transmission.
When it comes to socio-behavioral aspects, we included social resistance and social re-
sponse amid the disease spread, which limit the scope of the implementation. At the
scale of nations, people in society comprise all levels of education, culture, habits, or even
wealth [48], which leads to a variety in perceptions when dealing with disease spread; some
may have higher awareness but some may not. This fact challenges the modeler regarding
how to estimate Ay and A, that will accurately portray the society. Hence, we designed the
model to be applied to the scale of an educational or office environment. It is natural to
expect the homogeneity of socio-behaviors, even homogeneity in age, in schools or offices.
These limitations also support the involvement of airborne transmission due to the indoor
activity in schools or offices [24]. Henceforth, this section provides the applications of the
proposed model to understand the disease spread in a university environment.

5.1. Dataset and Parameters’ Estimation

We collected the data in respect of the SARS-CoV-2 spread in a college environment,
namely the Institut Teknologi Bandung (ITB), and data range from early January until late
April 2022. The data comprise record daily cases, current active cases, and the total number
of recovered individuals out of all enrolled students, lecturers, and college staff. Although
students and staff do not stay at the college 24 /7, it is reasonable to assume that they spend
most of the time in the college environment. Here, we exclude the enrolled students that
were infected in other cities due to the hybrid (online-offline) learning practice. The data
are privately available at https:/ /covidtrak.itb.ac.id/ (accessed on 1 April 2022), which is
only accessible by ITB COVID-19 task-force members.

In terms of the parameter estimation, we only used data for the daily new cases from
early January 2022 until late April 2022, which will be later denoted as D,. Given in Table 4,
System 204 and 210 involve 11 parameters, with only three of them being estimated by
the integration of data D,, namely f*, v, and w, while other assumptions are as follows:
the population size N equals 4000 (according to the report of the initial school reopening),
the average vaccine efficacy p = 0.37 for SinoVac [36], 79 = 1/14, and 71 = 1/6, which
represent the rate of recovery under lack of and excessive healthcare, respectively. In order
to obtain the estimations of §*, v, and w, we used a Markov Chain Monte Carlo (MCMC)
method to estimate the whole distribution. The complete Bayesian hierarchy for the MCMC
method is provided in Appendix D. Figure 6 shows the estimated posterior distribution of
B*, v, and w that was implemented to the data that resemble the recorded daily new cases.

Table 4. List of parameters used in evaluating the numerical simulation of System (1) and (2).

Notation Description Values
COVID-19 recovery rate in the case of a lack
of healthcare capacity (in the case of
70(m) excessive healthcare). This parameter 1/14(1/6)1/day

governs the time-dependent recovery rate

D* Natural interaction distance 12m

Intrinsic transmission rate and the contact

* .
B, v andw and airborne transmission adjuster Calibrated
0 Current vaccine efficacy, using SinoVac [29] 0.35
The rate of social resistance in the observed
A community 0.07 1/day
A The rate of social response in the observed 0.53 m/day

community
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Table 4. Cont.

Notation Description Values
Average concentration of airborne
A3 pathogens emitted by one infected 24 quanta/(day person-m?) [24]
individual per day
Ay Removal rate of airborne pathogens 21/day [21]
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Figure 6. (a—c) Posterior distribution for 8*, w and w, estimated using MCMC method with prior of
normal distributions: N (y, ), with u being the estimated single point and ¢ being a higher value to
acquire the possibility of achieving the global minima. We generated three independent samples to
portray the posterior density to ensure its consistency. (d) The comparison between the data (daily
new cases) and the model with its 90% prediction interval.

5.2. Projected Number of Cases

Assuming no further changes in all parameters, the estimated posterior distribution of
B*, v, and w can be used to sample their values and generate the extrapolated trajectories
for all states of the proposed model. Figure 7a and b show the projections of the disease
prevalence in the university from early 2022 until mid-2023. Both consistently predict a
significant decrease in the number of cases from May 2022, which implies a decrease in the
average interaction distance D, approaching the social natural distancing D*. Figure 7a—c
clearly show that the figures are estimated with a relatively narrow prediction interval,
which leads to high confidence in the results under the hold assumptions. As the average
interaction distance D is around D*, or, in other words, people in society behave as if
there is no disease, the expected number of cases shown in Figure 7a,b increases in August
2022 and peaks in around October 2022, though the prediction interval is relatively wider
compared to the previous period. These simulations show that the number of cases is
expected to increase as D approaches D*, without even considering reinfection due to
immunity waning.
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Figure 7. The extrapolated figures with the dashed line initiate the prediction window. The figures
were evaluated using the estimated parameters obtained in the previous section, with the assumption
of no significant change in parameters for the 365-day prediction intervals: (a,b) extrapolated number
of active cases and daily new cases that levels off in around May to July 2022, but starts to increase
on August and peaks on October 2022, (c) average interaction distance of society that will approach
its natural distancing of D* = 1.2 m as the number of cases decreases, but increases when the
case resurgence is identified, (d) time-dependent transmission rate that gradually increasing as
D approaches D*, (e) dynamic for viral load over time that resembles that for active cases, and
(f) time-dependent recovery rate that its values are bounded by 7y and ;.

Figure 7e depicts the dynamics of the pathogen concentrations in the observed area per
m3, which resembles the dynamics of the active cases over time. As stated in the previous
section, the longer the pathogens can last in the air (or other media), the further the shift
to the right relative to the dynamics of the active cases. In other words, the presence of
I, + I, contributes to the presence of pathogens that govern the rate of transmissibility.
Figure 7d and f show the dynamics of B = (D, V) and ¢y = (I, K). Although they are not
directly dependent on time, they are time-dependent due to the dependency of D, V, and I
to the unit of time. During the training time (initial time until the dashed lines), the rate of
transmission B decreases due to the significant deviation of the average interaction distance
relative to D*. It is expected that the trajectories of p will increase during the prediction
interval due to the decreasing values of D. For the rate of transmission, its value is always
bounded within the 7y — 1 ribbon. The rate is expected to approach the maximum value
of 7 as the burden of cases approaches zero; otherwise, it approaches the minimum 1.
For Figure 7f, we set K = 100, which represents the ability of the university hospital to
accommodate only 100 patients at one time. This assumption causes a significant decrease
in 7 as the expected I, + I, exceeds the value of K, depicting the ineffective health service
as the burden exceeds its capacity.

5.3. Prospective Action Plans

Other than providing the extrapolated trajectories for all states, we are also interested
in supplying numerical simulations related to prospective action plans for preventing
the expected surge of COVID-19 in schools. This section provides the numerical assess-
ment of three action plans: school reopening management, disinfection, and vaccine-
related improvement.
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5.3.1. School Reopening Management

Although technologies support students in attending online classes, the practice of
in-person classes is still preferable. This fact should be the main reason for the massive
reopening of most Indonesian schools, regardless of the level of education. However, this
should challenge the previous simulations due to a significant change in the number of
individuals in a school as it is reopened. Henceforth, we provide numerical simulations of
all states, more concerned with I, + I, as the number of individuals in a school varies due
to the school reopening. In practice, we assume that all individuals (students, lecturers, and
staff) can be considered vulnerable to the disease. The higher the number of susceptible
individuals, the more individuals can be infected. Hence, it is natural to analyze the effect
of the increase in N on the dynamics of I, + L.

Mathematically speaking, N = S, + I, + Ry + Sy + I, + Ry, which implies that
N' =S, +1I,+ R}, + S, + I, + R},. Substituting the derivatives of all states as stated in
System (1), we have N’ = 0, meaning that the population size remains unchanged. How-
ever, we modified the model to accommodate the change in the population size due to the
school reopening. Since we assume that all new individuals enter compartments S, and S,
(with the proportion governed by the vaccine coverage), we add recruitment terms f and g
for S, and Sy as given by Equation (10).

{ S,u = f - ,B(Iu + IU)SLI/N (10)
So=8—P(1—p)(Iu + L)Sy/N

This gives us N’ = f + g, for f = f(t) and g = g(t). Integrating both sides gives
us N(t) = fot(f(s) + g(s))ds. If we choose f(t) = (1— oc)Nébj(t) and f(t) = ocNébj(t),
for a continuous and differentiable function N,p;(t), then f(t) + g(t) = Nz/;bj(t) and we
expect that N(t) = Ny;. The simulation is conducted numerically, which includes the
discretization of the time domain, and hence the condition of the differentiability of Ny
is no longer relevant. The subscript objwhich stands for ‘objective’, denotes the preferred
dynamics of N(t) that represent a certain school opening scheme. Hence, we can assess the
effect of a specific school reopening scheme by choosing the appropriate function Nyy; that
depicts the expected dynamics of the total individuals at any time t. Then, we choose three
different N,;(t) values that represent three interesting school reopening schemes:

1. No school reopening (benchmark) We preserve the size of the population as it was
used to generate simulations in the previous section. We set N = 4000 for all ¢ > 0,
which leads to the constant population size for all time. This scenario is a benchmark
for the other two scenarios.

2. Gradual school reopening A gradual school reopening is a scheme that admits stu-
dents and academical staff gradually until, at some point, the total number of students
and staff is reached. In the Institut Teknologi Bandung (ITB), there are approximately
20,000 students and academical staff at any time for a non-pandemic era, which starts
with only 4000 individuals in a pandemic era (January until April 2022). Hence, we
choose a simple-bounded linearly increasing function N,y; as given by:

4000 for t < 58
Nopj() = < 4000 + 114( — 59) for ¢ € [59, 200]
20,000 for t > 201

t € Z*t, with t € [0,58], is the training data interval, which uses N = 4000. However,
t € [200, end] represents the total school reopening that starts in September 1, 2022,
with N = 20,000. The middle period of t € [59, 200] represents a linearly gradual
reopening from 4000 to 20,000. In practice, it is easy to add that f = 114(1 — &) and
g = 114x during the period of reopening t € [59, 200], and f = g = 0 otherwise.

3. Prevalence-tuned school opening The last scenario accommodates the response of
the school officials to reduce the school capacity as the disease prevalence level
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increases. Hence, we assume that the number of N should be related to the number
of I. We chose a negative exponential to represent the relation between N and I
as follows:

Nopj () = (20,000 — 4000)e () 4- 4000.

This formulation suggests that as I is around zero, then the school officials are about
to totally open the school, and N = 20, 000. The opposite condition with a large number of
I forces the school restriction and allows only 4000 individuals. This formulation of N,y is
not explicitly time-dependent; instead, it depends on the varying values of I(t). In practice,
we can set f = (1 — a)(20,000 — 4000)ke %I’ (t) and g = (20,000 — 4000)ke**I(t).

Figure 8 shows the numerical assessment of the three school reopening schemes. The
simulations in red are the results that act as a benchmark for the other scenarios. This
benchmark scenario gives the constant population size that drives the resurgence of the
active cases around October as the average interaction distance increases. However, adding
more people into the school through the gradual reopening scheme leads to more infections
recorded, which reach a peak around July—August 2022. The surge is expected to happen
since we add more people as N increases from 4000 to 20,000 in early September 2022.
However, the infection-tuned scheme allows more people to enter the school relative to
the other two schemes, yet results in lower cases compared to the second scenario. This is
caused by the response of the school officials to reducing the school participants as the cases
start to increase. This is the reason why cases increase in the same period as the second
scheme but are significantly lower. By this simulation, all scenarios of reopening drive
more people to enter the school, leading to more infections. The next section shows how
the vaccine-related improvement can solve the problem of reopening without expecting
any surge in infections.
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Figure 8. Numerical results of school reopening schemes: no reopening (benchmark) in red, gradual
reopening in blue, and case-based reopening in black; (a) population sizes for the three scenarios
during the school reopening, (b,c) simulations of the disease prevalence I = I, 4 I, and the interaction
distance D for different reopening schemes.
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5.3.2. Vaccine Coverage and Effectiveness Improvement

Other than the physical distancing campaign, vaccination is one of the control mea-
sures in the spread of COVID-19, especially in a school environment. It has been shown
that any school reopening leads to more infections recorded within the society. This section
provides a simulation of the three reopening schemes whilst also varying the vaccine
efficacy. By April 2022, the current average of vaccine efficacy is around 37%, as most
Indonesians have been inoculated twice with SinoVac, which has 37% effectiveness in
response to the Omicron variant. The improvement of the vaccine efficacy can be achieved
by campaigning for a third vaccine dose with higher efficacy, such as Moderna, Pfizer,
or Oxford AstraZeneca. Figure 9 shows the numerical simulations for different values of
vaccine efficacy: p = 37%, 50%, 65%, and 80%.
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Figure 9. Simulations of the three school reopening schemes under different vaccine efficacies.
Improving the vaccine efficacy should reduce the expected numbers of cases. The highest vaccine
efficacy in response to the Omicron variant is about 71% [36].

The figure illustrates the effect of the improvement of the vaccine efficacy, by assuming
that 80% of school attendees have received a full-dose vaccine with such efficacy. When the
efficacy is improved from 37% to 50%, this affects the first scenario that has only 4000 and
cases that are expected to occur in October 2022 vanish. However, p = 50% is not enough to
reduce the other two scenarios (blue and black) significantly as the expected cases remain
high for such scenarios. For p = 65%, most of the expected cases are reduced significantly.
Lastly, p = 80% or higher is expected to reduce a whole surge of cases, at least for the
365-day prediction interval. It can be seen that as the number of cases reduces to zero, the
average interaction distance of people approaches its natural level, yet there is no trigger for
more infections due to the acquisition of vaccine-induced immunity. These results suggest
that any reopening scheme, up to a maximal school capacity of 20,000 individuals, will
not lead to any surge in COVID-19 cases as long as 80% of the population has received a
vaccine with a minimum 80% efficacy.

65



Trop. Med. Infect. Dis. 2022, 7, 289

6. Conclusions

In this study, we provided a modified SIR-type model that incorporates socio-viral
behavioral aspects. The first aspect (socio-behavioral) was added to the model by integrat-
ing the average interaction distance in society, while the other was added by integrating
the critical period in which airborne pathogens remain active. In a general case, a society
with a higher resistance rate A1 but a lower response rate A, will record more total cases
compared to other plausible scenarios. In other words, the mentioned scenario applies to
society with people that are hardly accepting new distancing habits and that do not have
the awareness of disease prevalence. In contrast, a society with people that easily adapt
to new distancing behaviors due to disease transmission, representing a society with a
higher A, but a lower Ay, will result in the least total cases compared to other scenarios.
Furthermore, varying the critical period for active airborne pathogens also influence the
model behaviors. The higher the critical period, the longer the airborne pathogens actively
contribute to the increase in transmission rate.

As a case study, we implemented the proposed data on the spread of COVID-19 in a
school environment to preserve the assumption of homogeneity in the population. Using
the data on infections, we inferred the unknown parameters using the Bayesian approach.
We have shown that the rendered model is well-depicting the training data. Using the
inferred parameters, we extrapolated the model and came up with the evidence for a
resurgence of cases in around August 2022. The resurgence of the case is purely implied
by the return of society to its natural distancing behavior D** when no new COVID-19
cases are recorded. The dynamics of airborne pathogens load V seem not to influence that
significantly due to the short critical period of SARS-CoV-2 to remain active in the air.

In response to the resurgence of cases, we used the model to numerically assess some
strategic actions, applicable to the school context, to prevent the resurgence. First, we
define some reasonable school reopening schemes that influence the population size: no
reopening, gradual reopening, and infection-tuned reopening. While the first has a constant
population size N, the second is gradually increasing the population size until it reaches
the maximum capacity. Different from the other two, the infection-tuned reopening is a
scheme that increases N to its maximum capacity when no diseases are identified, but
also allows for decreasing N as the number of cases increases. Though the third scheme
seems not practical, an infection-tuned scheme is proven to be the most effective strategy
to reopen the school and minimize the risk of the rerise of COVID-19. Second, since we
have demonstrated that all school reopening schemes lead to the resurgence of COVID-19
cases, we provide a numerical simulation that justifies the importance of vaccine quality;
coverage, and efficacy. With constant vaccination coverage, increasing the vaccine efficacy
will reduce the risk of COVID-19 resurgence—a vaccine with an efficacy of more than 80%
has been proven to effectively prevent the COVID-19 resurgence, regardless of how society
behaves towards the disease spread.
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Appendix A. Model Analysis and Threshold Number

For the sake of simplicity, we drop the vaccination effect and hence merge all com-
partments having indices u and v together. To generate both the disease-free and endemic
equilibria, we added the natural disease in all state compartment (SIR), with p repre-
sents the natural death rate. By substituting (D, V) and (I, K) with those given by
Equations (3) and (4), we have our system be rewritten as follows.

g 75*<D2*2*D)v(‘/;y*)w%
r=p(85) () % - (ro+ (n —10) )1
R = ('YO +(1— ’Yo);%)l
D' = —Ay(D — D*) + A (I/N)
V= Mgl — AV

All plausible equilibria of System (5) are obtained by solving this nonlinear system,
that is modified by adding the recruitment and natural death rate in order to get the

Endemic Equilibrium.
L 2D* \°[V4+V\YSI
0=A-p <D*+D> < v+ ) N K

_oaef 2D \U(VHVINUST B K 3
07ﬁ<7D*+D 7 N Yo+ (M 70)71_”(1 ul

K
0= ("Yo-f— (1 —Wo)m>1

0= —A1(D —D*) + Ay (I/N)
0= A3l — AyV

The disease-free equilibrium (DFE) can be obtained by plugging [ = 0 to the system,
which leads to DFE = {S*,0,R*, D*,0}. Using the next generation matrix method, the
formula of the basic reproductive ratio is given by

_F
T+u

Ro
D* \?(vav\¥
with the term of (DZ* - D) ( A ) vanishes to 1 as all states approach the DFE. This quan-

tity will determine whether the state will approach the DFE (when Ry < 1) or otherwise
approach the other equilibrium point, namely the EE.

Appendix B. Numerical Sensitivity Analysis of the Socio-Behavioral Parameters

In this study, the behaviors of society that being accommodated by the model is the rate
of social resistance and social response. Socio-resistance rate, denoted with A;, represents
the resistance of society for distancing their interaction due to the figure prevalence when
I'is not significantly zero. When the figure prevalence is close to zero, the resistance rate
depicts how fast the society to live back with their natural interaction-distance D*. In
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contrast, the rate of society response depicts the increase in interaction distancing per
increase in point prevalence, which inhibits the disease spread when this value is set
high. In this section, we provide the figure of infected individuals (per one thousand of
population) as A1 and A is set varied.

Given in Figure Al, the setting of A1 = 0 while A, = 0.5 depicts the situation that
people in society tend to response to the figure prevalence by distancing interaction but
have no intention to return on their previous interaction habit. The blue line in the bottom-
left corner represents the average interaction-distance in the mentioned scenario that levels
off in D = 4.2 without approaching the natural interaction-distance. By fixing A, = 0.5,
the increment of A will lower the average interaction-distance and fasten the dynamics
of D to approach D*. Poor society in certain regions tend to hasten on returning back on
their previous habits (to work, study, etc) once the decrease in the point prevalence are
declared, which in this model is considered to have relatively higher A;. In contrast, some
regions in developed countries may have lower value of A1. Hence, the model requires the
homogeneity of society; the smaller the society, the easier to assume, such as: students and
academic staff in closed school, workers.

Different rate of social response
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Figure A1. Number of infected individuals in society of population 1000 individuals under different
values of socio-resistance and social response rates. (a) five different values of socio-resistance by
setting Ay = 0.5. Each scenario has R =, for ascending order of A;. (b) Five different values of social
response by setting A7 = 0.02.

Right-hand side figures in Figure A1 depicts how social response to point prevalence
affects the dynamics of both infected individuals and interaction-distance. The scenario
setting A1 = 0 portrays the society with no attention to current disease spread, implying
to a steady interaction-distance to its natural habit. The higher the setting of A,, the more
responsive the people in society to the current point prevalence.
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Appendix C. Numerical Simulations under Different Healthcare Capacity
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Figure A2. Numerical simulations under different values of healthcare capacities: (a) comparison
between the dynamics of active cases and the rate of recovery using the same parameters as used
in Figure A1, (b,c) sensitivity analysis of I,, + I, and the rate of recovery -y under different value of
healthcare capacity K.

Appendix D. Bayesian Hierarchical for Parameters” Estimation

There are three parameters that are estimated by the integration of the provided data
Dy. We assume that those three parameters are each a realization of a complete posterior
distribution. Let us assume that D,(i),i = 1,2,...,n denotes the daily cases of COVID-19 at
day i, while f (i;§) represents the dynamics of the daily cases evaluated from the proposed
model given that § = [g*,v,w]T. We expect that observation D, (i) (experimental data
or observed data) to be equal as the model response f (i, 9) plus the independent and

identically distributed error ¢;, with mean zero and variance 02. Hence, we can write:

Du(i) = f(i;0) +¢

with ¢; N (0,02 ). The goal is to estimate the posteriod distribution of 7t (é\Da (i)), which
quantify the probability of parameter § given the set of observational data.

(6Da(i)) = E(D(ZK/M

with £(Dg(i) | (é)) represent the likelihood and 7 (9) is the prior knowledge of the es-

timated parameters. In terms of the data fitting, it is common to define the likelihood
function as given in the following formula:

(Da(i)|(6)) = p(,§i>

with §S; = Y7 (Da(i) — £(i; é))2. We will use the MCMC method (with a Metropolis-
Hastings Algorithm) to get samples from the posterior distributions given in 860. Since
we have no prior knowledge for each of the estimated parameters, we choose the prior
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of normal distribution with zero mean, but high in variance. In MATLAB, we used the
built-in function provided by Grinsted, A. available in https://www.mathworks.com/
matlabcentral/fileexchange /49820-ensemble-mcmc-sampler (accessed on 17 June 2022).
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Abstract: Hospital workers are at high risk of contact with COVID-19 patients. Currently, there is no
evidence-based, comprehensive risk assessment tool for healthcare-related exposure; so, we aimed to
identify independent factors related to COVID-19 infection in hospital workers following workplace
exposure(s) and construct a risk prediction model. We analyzed the COVID-19 contact tracing dataset
from 15 July to 31 December 2021 using multiple logistic regression analysis, considering exposure
details, demographics, and vaccination history. Of 7146 included exposures to confirmed COVID-19
patients, 229 (4.2%) had subsequently tested positive via RT-PCR. Independent risk factors for a
positive test were having symptoms (adjusted odds ratio 4.94, 95%CI 3.83-6.39), participating in an
unprotected aerosol-generating procedure (aOR 2.87, 1.66-4.96), duration of exposure >15 min (aOR
2.52,1.82-3.49), personnel who did not wear a mask (aOR 2.49, 1.75-3.54), exposure to aerodigestive
secretion (aOR 1.5, 1.03-2.17), index patient not wearing a mask (aOR 1.44, 1.01-2.07), and exposure
distance <1 m without eye protection (aOR 1.39, 1.02-1.89). High-potency vaccines and high levels of
education protected against infection. A risk model and scoring system with good discrimination
power were built. Having symptoms, unprotected exposure, lower education level, and receiving low
potency vaccines increased the risk of laboratory-confirmed COVID-19 following healthcare-related
exposure events.

Keywords: COVID-19; SARS-CoV-2; occupational exposure; risk factors; personal protective equipment

1. Introduction

Healthcare workers are at high risk for exposure to COVID-19, both in the community
and in the workplace when caring for patients [1]. Infection prevention and control practices
are recommended for all hospital workers and include the use of personal protective
equipment, physical distancing, source control measures, immunization, and post-exposure
management [2]. The early assessment of risk and prompt management are important
to protect the health and safety of personnel to prevent in-hospital transmission [3]. On
the other hand, the isolation and quarantine associated with COVID-19 that are required
of health workers place additional strain on healthcare services during periods of high
demand. The individualized estimation of the infection risk of certain exposure of health
workers is needed to guide optimal prevention and response strategies.

The exposure risk assessment and management system is currently mainly based on
expert opinion, because only a few studies have addressed this problem, and there is the
significant heterogeneity of operational definitions for variables that influence exposure
risk, such as the measurement of contact duration, distance, the use of a face mask versus a
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respirator with eye protection, and differing vaccine regimens and efficacies [4-9]. Further,
most COVID-19 healthcare exposure studies categorized exposure risk using multiple
measures in combination (without complete details of individual exposure) and were
conducted during periods when less contagious variants were circulating and different
vaccine products and regimens were employed [9-11].

In the third quarter of 2021, Siriraj Hospital, a 2300-bed referral center in Bangkok
with more than 16,000 employees, conducted more than 200 SARS-CoV-2 genetic tests per
day for its personnel. Adapted from USCDC, WHO, European and Thailand public health
interim guidelines, the hospital risk assessment and management system classified the risk
of exposure and recommended appropriate testing times, work restrictions, and quarantine
for those who were exposed to confirmed patients with COVID-19 [12-16]. Independent
factors associated with COVID-19 infection could be identified using the large and detailed
exposure dataset, demographic data, vaccination history, and complete entry and exit
test status.

The objectives of this study are to identify independent factors associated with SARS-
CoV-2 infection detected via RT-PCR in hospital workers following exposure(s) to confirmed
positive patients and to build an evidence-based quantitative risk model and risk score for
healthcare-related exposure.

2. Materials and Methods
2.1. Study Design, Setting, and Protocol

This study is a retrospective cohort analysis. From July 2021 to January 2022, during
the increase in the number of cases of COVID-19 caused by the Delta variant, the hospital
implemented a contact tracing and risk evaluation system based on exposure characteristics
and immunization status to guide risk-specific SARS-CoV-2 tests, work restriction, and
quarantine recommendations (Supplementary Tables S1-53). Hospital workers who had
been exposed to a confirmed case within the contagious period or had any symptoms
related to SARS-CoV-2 (Appendix A) were evaluated as per hospital guidelines.

2.2. Data Collection and Preparation

Data collection was completed by exposed hospital workers or their representatives
directly into a computer spreadsheet (infected person, worker identification, event details,
symptoms, and immunization record). Completeness and accuracy were validated using
mandatory field entry, data validation, and logic checks with feedback confirmation by
responsible infection control officers. If personnel had multiple exposures to the same index
person, the risk would be assigned to the highest risk event, and recommendations would
be arranged according to the latest significant exposure. The classification of exposure risk
(high, moderate, low or insignificant—based on the characteristics of exposure and the
use of personal protective equipment (PPE) according to the consensus of the experts of
the hospital detailed in Supplementary Table S1) and the recommendation were assigned
by infectious disease specialists with the aid of software developed by the hospital. This
exposure risk category was not introduced directly to the logistic regression model as all
individual exposure criteria had already been included.

The variables of interest that were not included in the initial dataset (age, gender,
education, and SARS-CoV-2 test results) and those subject to recall errors (immunization
record) were provided by the hospital informatics and data innovation center. Missing and
conflicting data were manually imputed based on available electronic hospital records.

2.3. Study Definition
2.3.1. Vaccine Formula and Potency Grouping

COVID-19 vaccination at least 14 days before exposure was considered to exert a full
protective effect and was defined as the completion of the last dose. Due to the wide variety
of vaccine combinations among Thai health workers [17], we classified all combination
states into three distinct potency groups according to criteria adapted from Thai COVID-19
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vaccination guidelines for a booster shot from the Ministry of Public Health in December
2021 (Supplementary Table S4) [18,19]. Low-potency combinations included any number
of doses of an inactivated vaccine product, or a single dose of any other product (viral
vector or mRNA). Moderate-potency combinations included two or more doses of an
inactivated vaccine and at least one dose of either a viral vector product or an mRNA
product. High-potency combinations included any dose of an inactivated product with
at least one dose of viral vector product plus one dose of mRNA platform, or at least two
doses of mRNA platform.

2.3.2. Laboratory Analysis and Case Definition

COVID-19 was diagnosed via SARS-CoV-2 genetic detection from respiratory samples
using a real-time RT-PCR test, Allplex™ 2019-nCoV Assay (Seegene®, Seoul, Korea). The
cycle threshold of <40 for the E and N gene and <42 for the RdRp gene was considered
positive. To resolve the discrepancies between different genes tested, infectious disease
specialists would define the status of the case based on their history and subsequent test(s).

2.4. Statistical Analysis

Continuous variables were reported as means with standard deviation and medians
with interquartile range, while categorical data were reported using frequencies and per-
centages. The variables between groups were compared using the independent sample T
test or Pearson’s chi-square test (or nonparametric equivalents where appropriate), with
statistical significance defined as a p value less than 0.05. Using multiple logistic regression,
all variables with a p value less than 0.25 from univariate pre-screening entered the model
provided they were present in at least 1% of the sample. Using the stepwise multivariate
analysis, the variables that did not contribute to the model were eliminated either by ex-
clusion or collapse to another category, whichever yielded maximal discrimination power
from the ROC curve analysis. An additive risk score of predicted probability of COVID-19
infection was developed with coefficients from the final model (Appendix B). Model fit was
accessed using the Hosmer and Lemeshow test. The logistic exposure risk calculator was
built and is available at https:/ /bit.ly /3uEi4W2 (accessed on 15 May 2022). All analyses
were performed using SPSS™ software version 26.0 (IBM Corporation, Armonk, NY, USA)
and Microsoft Excel™ software version 2203 (Microsoft Corporation, Redmond, WA, USA).

3. Results

The study flow diagram is illustrated in Figure 1. From 15 July to 31 December 2021,
more than 19,000 hospital workers exposed to confirmed SARS-CoV-2 patients or who had
symptoms related to COVID-19 were reported to infectious disease specialists. A total of
8557 entries were arranged for the RT-PCR test(s). After the exclusion of entries outside
the scope of the study (uncertain contact history with various reasons for the RT-PCR
test), duplicate entries and those without sufficient data for analysis, 7146 exposures were
retained in the final dataset.

3.1. Baseline Characteristics

Of the 7146 exposures of 5449 hospital workers, 299 (4.2%) cases of COVID-19 infec-
tion were confirmed. The incidence of included events and COVID-19 detection gradually
decreased during the study period (Supplementary Figure S1). The baseline characteristics
of the included entries are listed in Table 1. The median age (range) of exposed hospital
workers was 32 years (18-88), with women (73.8%) and healthcare personnel (Appendix A,
85.6%) being predominant. Among the hospital workers, the most common occupations
were nurses and nurse/physician assistants (41.1%) followed by physicians/dentists and
dentist assistants (12.6%), janitorial staff (12.3%), and administrative staff (12.3%). Less
than 1% of the entries came from hospital workers with previous COVID-19 disease, and
no hospital worker experienced repeated infection during the study period. In general,
SARS-CoV-2 detections were more prevalent in exposures of workers with lower education
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(primary or secondary school; 7.7%), exposures without proper personal protective equip-
ment or hygiene (i.e., high-risk exposure; 8.1%), exposures accompanied by fever or other
symptoms related to COVID-19 (Appendix A, 14.3%), and exposures of hospital workers
who had received vaccine combinations of lower potency (low potency; 14%).

19,325 Exposures from 15 September 2021 to 31 December 2021

10,768 Were excluded
(less significant exposures to
the same index case and
exposures without need for RT-PCR)

8,557 Exposures with RT-PCR within 2 weeks

1,411 Were excluded
1,405 Uncertain exposure detail
3 Incomplete vaccine history
3 Duplicated entries

‘ 7,146 Exposures of 5,449 health workers ‘

' ! ! !

2,280 1,723 2,782 361
Low risk exposures Moderate risk exposures High risk exposures Insignificant exposures
with symptoms or
other reasons for RT-PCR

17 COVID-19 infections 39 COVID-19 infections 224 COVID-19 infections 19 COVID-19 infections
(0.7%) (2.3%) (8.1%) (5.3%)

Figure 1. Consort type study flow diagram.

Table 1. Characteristics of occupational exposures to COVID-19 of hospital workers.

Subsequent COVID-19 Infection within

Characteristics 14 Days after Last Exposure Total p Value
No Yes
n = 6847 n =299 Event Rate n="7146 % of Total
Demographic
Age at exposure, year
Mean, standard deviation 34.95, 10.49 35.72,10.64 34.98, 10.50 0.216
Median (interquartile range) 32 (27-42) 35 (26-44) 32 (27-42) 0.186
Gender 0.067
Male 1781 92 4.9% 1873 26.2%
Female 5066 207 3.9% 5273 73.8%
The highest education attainment <0.001§
Primary or secondary school 1599 133 7.7% 1732 24.2%
Associate’s degree 1296 69 51% 1365 19.1%
Bachelor’s degree 2846 80 2.7% 2926 40.9%
Master’s degree 762 12 1.6% 774 10.8%
Doctoral degree 344 5 1.4% 349 4.9%
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Table 1. Cont.

Subsequent COVID-19 Infection within

Characteristics 14 Days after Last Exposure Total p Value
No Yes
n = 6847 n=299 Event Rate n =7146 % of Total

Role of hospital worker 0.620
Healthcare personnel 5864 253 41% 6117 86.6%
Non-healthcare personnel 983 46 4.5% 1029 14.4%

COVID-19 vaccination status

Vaccines <0.001
CoronaVac-CoronaVac 3684 190 4.9% 3874 54.2%

Cﬁ’dr‘(’)r:i\{ac‘coro“avac‘ 1203 47 3.8% 1250 17.5%

Blflz;;g;ljz\/ ac-CoronaVac- 1070 18 1.7% 1088 15.2%
ChAdOx-1 284 10 3.4% 294 4.1%
ChAdOx-1-ChAdOx-1 219 9 3.9% 228 3.2%
None 117 19 14.0% 136 1.9%
ChAdOx-1-BNT162b2 116 1 0.9% 117 1.6%
Others 154 5 3.1% 159 2.2%

Potency of COVID-19 Vaccines * <0.001§
None 117 19 14.0% 136 1.9%
Low-potency vaccines 4025 202 4.8% 4227 59.2%
Moderate-potency vaccines 2537 77 2.9% 2614 37.6%
High-potency vaccines 168 1 0.6% 169 2.4%

The interval between the last dose of COVID-19 vaccines and exposure, day
Mean, standard deviation 72.07,33.36 73.78,29.68 72.14,33.22 0.351
Median (interquartile range) 72 (47-93) 75 (57-95) 72 (48-93) 0.302
Missing data 207 21 228 3.2%

Previous COVID-19 infection 0.755 #
Absence 6564 290 4.2% 6854 99.1%
Presence 62 3 4.6% 65 0.9%

Exposure characteristics

Infected person was wearing a mask/N95 respirator during exposure <0.001
Yes 2897 61 2.1% 2958 41.4%
No 3950 238 5.7% 4188 58.6%

Distance of contact <0.001
More than 1 m 1510 40 2.6% 1550 21.7%
Less than 1 m 5337 259 4.6% 5596 78.3%

Duration of exposure <0.001
Less than 15 min 3380 53 1.5% 3433 48.0%
More than 15 min 3467 246 6.6% 3713 52.0%

Exposed hospital worker was wearing a mask/N95 respirator during exposure <0.001
Yes 4535 91 2.0% 4626 64.7%
No 2312 208 8.3% 2520 35.3%

Exposed hospital worker was wearing a face shield during exposure <0.001
Yes 1941 38 1.9% 1979 27.7%
No 4906 261 5.1% 5167 72.3%

Infected person was undergoing aerosol-generating procedures 0.186
No 6465 277 4.1% 6742 94.3%
Yes; exposed hospital worker

was wearing N95 77 2 2.5% 79 1.1%

respirator/PAPR and face shield
Yes; exposed hospital worker

was not wearing N95 305 20 6.2% 325 4.5%

respirator/PAPR and face shield

Exposed hospital worker had direct contact with the aerodigestive secretion of the infected person <0.001
No 6549 249 3.7% 6798 95.1%
Yes 298 50 14% 348 4.9%
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Table 1. Cont.

Subsequent COVID-19 Infection within

Characteristics 14 Days after Last Exposure Total p Value
No Yes
n = 6847 n=299 Event Rate n =7146 % of Total
Expo'sgre risk category by infectious disease <0.001
physicians
Low risk 2263 17 0.7% 2280 31.9%
Moderate risk 1684 39 2.3% 1723 24.1%
High risk 2558 224 8.1% 2782 38.9%
Insignificant exposure with
symptom(s) or reason(s) for 342 19 5.3% 361 5.1%
RT-PCR
Symptom of exposed
hospital worker
Fever or other COVID-19-related symptoms <0.001
Absence 5073 103 2.0% 5176 79.1%
Presence 1174 196 14.3% 1370 20.9%

RT-PCR; reverse transcriptase—polymerase chain reaction, § linear-by-linear association, # Fisher’s Exact test,
other p value from independent samples T-test, Pearson Chi-Square test, or independent-samples Mann-Whitney
U test, * adapted from Thai COVID-19 Vaccination Guidelines for a Booster Shot, Ministry of Public Health,
December 2021.

All events were classified into four exposure risk categories: low (31.9%), moderate
(24.1%), high (38.9%), and insignificant risk (but being tested due to COVID-19-related
symptoms) (5.1%). This risk classification was highly correlated with the SARS-CoV-2
detection rate (0.7%, 2.3%, 8.1%, and 5.3%; p < 0.001). Most exposures (98.1%) came
from personnel who had received at least one dose of the vaccine. The median interval
from the last vaccination to the day of exposure was 72 days (range 14 to 236). More
than half of the hospital workers (54.2%) received two doses of CoronaVac (SINOVAC
Biotech, Beijing, China), 17.5% received an additional ChAdOx-1 (AstraZeneca, Oxford,
UK; Cambridge, UK), 15.2% received an additional BNT162b2 (Pfizer-BioNTech, New York,
USA; Mainz, Germany) vaccination as a booster, and 11.2% had other vaccine combinations.
The remaining 136 exposures came from hospital workers who were not vaccinated at the
time of exposure (1.9%).

Among the events with subsequent COVID-19 infection, the median time to detection
after the last exposure was four days (interquartile range 1 to 7), with 90% of all detections
occurring within 11 days from the last exposure (Supplementary Figure S2). No mortality
was observed during the study period.

3.2. Factors Associated with SARS-CoV-2 Infection

After prescreening with univariate logistic regression, twelve factors entered the
preliminary main effect model (Table 2), and nine remained in the final logistic model.
There were two baseline characteristics and seven exposure-related factors that contributed
to the risk of SARS-CoV-2 infection. All independent factors and weights associated with
them are shown in Table 3. To calculate the predicted probability for SARS-CoV-2 genetic
detection using an additive risk score, the points for factors present in a particular exposure
are added to give an approximate percentage, as outlined in Table 4.
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Table 2. Logistic regression analysis of variables associated with occupational SARS-CoV-2 infection
among hospital workers.

Variable Univariable Analysis Multivariable Analysis

Crude OR (95% CI) p Value Adjusted OR (95% CI) p Value

Demographic

Age (year) 1.01 (1-1.02) 0.216 1.01 (1-1.02) 0.053
Male gender 1.26 (0.98-1.63) 0.068 1.11 (0.83-1.48) 0.480
The highest education attainment <0.001 <0.001

Primary or secondary
school (reference)

Associate’s 0.64 (0.47-0.86) 0.004 0.76 (0.54-1.06) 0.106
Bachelor’s 0.34 (0.25-0.45) <0.001 0.44 (0.32-0.61) <0.001
Master’s 0.19 (0.1-0.34) <0.001 0.31 (0.17-0.58) <0.001
Doctoral 0.18 (0.07-0.43) <0.001 0.36 (0.14-0.92) 0.033
Role of worker: Healthcare personnel 0.92 (0.67-1.27) 0.620
Exposure characteristics
Infected person was not wearing a
mask/N95 respirator during exposure 286 (2.15-3.81) <0.001 145 (1-21) 0.048
Distance of exposure less than 1 m 1.83 (1.31-2.57) <0.001 1.4 (0.97-2) 0.069
Duration of exposure more than 15 min 4.53 (3.35-6.11) <0.001 2.51 (1.81-3.48) <0.001
Exposed hospital worker not wearing a 448 (349-577)  <0.001 254 (1.72-376)  <0.001
mask/N95 respirator during exposure
Exposed hospital worker not wearing 2.72 (193-3.83)  <0.001 125 (078-198) 0353
face shield or goggles during exposure
Infected person was undergoing 0.156 0.001
aerosol-generating procedures
No (reference)
Yes; exposed HCP was wearing N95 . g
respirator/PAPR and face shield 0.61 (0.15-2.48) 0.486 1.28 (0.29-5.66) 0.748
Yes; exposed HCP was not wearing 1.53 (0.96-2.44) 0.075 2.86 (1.64-5) <0.001

NO95 respirator/PAPR and face shield
Exposed hospital worker had direct
contact with aerodigestive secretion of 441 (3.19-6.11) <0.001 1.48 (1.02-2.15) 0.038
the infected person

Symptoms of exposed

hospital worker

Fever or other COVID-19-related

5.44 (4.26-6.95) <0.001 49 (3.78-6.34) <0.001
symptoms
COVID-19 vaccination status
Potency of COVID-19 vaccines * <0.001 <0.001
None (reference)
Low-potency vaccines 0.31 (0.19-0.51) <0.001 0.31 (0.18-0.54) <0.001
Moderate-potency vaccines 0.19 (0.11-0.32) <0.001 0.16 (0.09-0.3) <0.001
High-potency vaccines 0.04 (0.01-0.28) 0.001 0.05 (0.01-0.41) 0.005
The interval between the last dose of
COVID-19 vaccines and exposure (day) (1-1.01) 0402
Previous COVID-19 infection: Yes 1.1 (0.34-3.51) 0.878
* Adapted from Thai COVID-19 Vaccination Guidelines for a Booster Shot, Ministry of Public Health, Decem-

ber 2021.
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Table 3. Independent risk factors associated with subsequent SARS-CoV-2 infection after occupational
exposure among hospital workers, coefficients from the final logistic model, and weight (point) for
the risk score.

Risk Factor B Odds Ratio (95% CI) p Value Point
The highest education attainment <0.001
Primary or secondary school (reference) 3
Undergraduate (associate’s or bachelor’s) —0.64 0.53 (0.4-0.68) <0.001 1
Postgraduate (master’s or doctoral) —-1.13 0.32 (0.19-0.55) <0.001 0
Infec.ted person was not wearing a mask/N95 037 1.4 (1.01-2.07) 0.046 1
respirator during exposure
Distar@e of exposure less than 1 m without a 033 1.39 (1.02-1.89) 0.038 1
face shield
Duration of exposure more than 15 min 0.93 2.52 (1.82-3.49) <0.001 3
Exposed hospit;ill worker was not wearing a 091 249 (1.75-3.54) <0.001 3
mask/N95 respirator during exposure
Exposed hospital worker was not wearing an N95
respirator and face shield/goggles while the infected 1.05 2.87 (1.66-4.96) <0.001 3
person was undergoing aerosol-generating procedure
Expos'ed hf)spital Wf)rker had .direct contact with the 0.40 15 (1.03-2.17) 0.033 1
aerodigestive secretion of the infected person
Fever or other COVID-19-related symptoms 1.60 4.94 (3.83-6.39) <0.001 5
Potency of COVID-19 vaccines * <0.001
None (reference) 9
Low-potency vaccines —1.19 0.3 (0.17-0.53) <0.001 5
Moderate-potency vaccines -1.79 0.17 (0.09-0.3) <0.001 4
High-potency vaccines —2.98 0.05 (0.01-0.4) 0.004 0
Constant —3.69 <0.001

* Adapted from Thai COVID-19 Vaccination Guidelines for a Booster Shot, Ministry of Public Health, Decem-
ber 2021.

Table 4. The predictive score for SARS-CoV-2 infection after occupational exposure among
hospital workers.

Total Point Predicted Probability of COVID-19 Infection (%)
0-9 0.05-0.93
10-14 1.28-4.60
15-16 6.28-8.51
17-19 11.44-19.94
20-23 25.70-48.09
24-29 56.27-86.92

Having a fever or other COVID-19-related symptoms was the strongest risk factor
for SARS-CoV-2 genetic detection (adjusted OR 4.94, 95% CI 3.83-6.39). Other strong risk
factors included performing an aerosol-generating procedure without full protection (aOR
2.87, 1.66-4.96), prolonged duration of contact (aOR 2.52, 1.82-3.49), and personnel not
wearing a mask (aOR 2.49, 1.75-3.54). Direct contact with aerodigestive secretion, the in-
fected person not wearing a mask, and close contact without proper eye protection carried
smaller risks. Vaccination was protective against infection: aOR 0.05 (high-potency combi-
nations), aOR 0.17 (moderate-potency combinations), and 0.3 (low-potency combination).
Hospital workers with higher levels of education level were less likely to be infected.

The model fit was confirmed using the Hosmer and Lemeshow test (Chi-square 8.960,
p 0.346). The discrimination power of the final logistic model and the risk scoring system
accessed via ROC curves are depicted in Figure 2, which confirms the model’s performance.
The exposure risk categories also demonstrated good predictive power in the parallel
analysis (adjusted OR 2.58 for moderate-risk and 8.53 for high-risk contact; Supplementary
Table S5), but with a smaller area under the ROC curve at 0.827 (95% CI 0.804-0.849).
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Figure 2. Areas under the ROC curve for the final logistic model (A) and the risk scoring system (B).

4. Discussion

Using information acquired from contact tracing during the Delta peak at 86-99%
in the community [20-22], we developed a risk prediction model to estimate the risk of
infection for hospital workers with different vaccination regimens following exposure to
confirmed COVID-19 cases. Exposure type, the presence of symptoms, the appropriate use
of PPE, education level, vaccination regimen, and time since the last dose each contributed
important information regarding the risk of infection.

Having a fever or other COVID-19-related symptoms within two weeks was strongly
predictive of a positive test. Similar to the previous report by Pienthong et al. [8], failure to
comply with protective measures increased the risk of infection. For example, commencing
an aerosol-generating procedure (Appendix A) without proper protective equipment (in-
cluding an N95 respirator and eye protection) was the highest procedural risk in this study,
followed closely by a prolonged duration of exposure and the worker not wearing a mask.
Other violations of standard precautions and the improper use of PPE recommended by the
WHO [23] also increased the risk of infection. One interesting finding to be noted is that an
exposure distance of <1 m and not using an eye protection device failed to reach statistical
significance in the preliminary effect model but showed significance when considering both
factors together (i.e., a face shield is only beneficial when in close contact). This supports the
adequacy of the universal droplet precautions despite recent evidence in favor of airborne
precautions [24,25] given that no aerosol-generating procedure is being performed.

The most common vaccine regimen in this study, two doses of inactivated vaccines (low
potency), provided the least protection against infection, while the second most common
regimen, heterologous boosted inactivated vaccines (moderate potency), provided slightly
better protection but much less when compared with the viral vector-mRNA combination
(high potency). This is consistent with the previous report from Sritipsukho et al. [17] which
underlined the importance of vaccine type over the number of doses. Our findings also
validated our COVID-19 exposure risk category approach which was used to determine the
need for RT-PCR testing and isolation during a period of manpower and resource limitation.

Although symptoms related to COVID-19 should be considered as a consequence
of infection rather than a risk factor for infection, our data support that all symptomatic
health workers with an exposure history during the epidemic should be tested, regardless
of contact risk and immunologic status, provided that this policy does not overwhelm
laboratory testing capacity. A significant portion of infected hospital workers tested positive
before the initial recommended test date(s), which implied the benefit of the early test (and
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early detection) triggered by symptoms. This contrasts with other studies on symptomatic
patients presenting at health services which demonstrated poor diagnostic accuracy of signs
and symptoms [26,27]. An explanation might be that, in addition to being symptomatic, all
of our included subjects must have certain exposure to an infected person.

Consistent with a 2020 study by Chadeau-Hyam et al., the level of education of the
hospital workers was inversely correlated with the risk of testing positive [28]. This could
be explained by better health literacy, self-awareness, and hygiene discipline. Educational
achievement is also correlated with occupations that pose different risks of COVID-19
infection [29]. Improved educational interventions are additionally needed to increase
awareness among workers with lower levels of education.

Most of the COVID-19 risk calculators available provide a very crude risk estimate
based primarily on location, the nature of the activity, and the safety measures being
taken [30]. Our risk calculator and score, on the contrary, provide an individualized risk
assessment based on detailed exposure characteristics adjusted for vaccination status and
socioeconomic background through educational attainment. To a certain extent, this tool has
the utility to triage exposed individuals to prevent further infections in healthcare settings.

This study has several limitations. We did not include the severity of cases that
got infected (i.e., CT value or hospitalization). Due to the retrospective nature of the
observational study, some demographic information may have been missed. Furthermore,
most of the data were entered by various staff with different levels of health knowledge.
Therefore, misclassification may be an issue. The external validation of the risk model was
also difficult to perform due to the rapid shift in the variants of concern and vaccine-induced
immunity over time.

5. Conclusions

Having symptoms of COVID-19, inadequate personal protection, low education level,
and not receiving a vaccine or receiving a low-potency vaccine regimen were found to
be the main risks for COVID-19 infection among all healthcare-related exposures. Our
quantitative exposure risk model and risk score have good predictive value and could
help combat further spread among hospital workers according to their actual probability
of infection.
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Appendix A. Definition

Healthcare workers or healthcare personnel include but are not limited to emer-
gency medical service personnel, nurses, nursing assistants, physicians, technicians,
therapists, phlebotomists, pharmacists, students and trainees, contractual staff not
employed by the healthcare facility, and persons not directly involved in patient care,
but who could be exposed to infectious agents that can be transmitted in the healthcare
setting (e.g., clerical, dietary, environmental services, laundry, security, engineering

and facilities management, administrative, billing, and volunteer personnel).

Aerosol-generating procedure: a procedure that could generate more infectious
aerosols than coughing, sneezing, talking, or breathing:

OO0OO0OO0O00OO0O0

Open suctioning of airways;

Sputum induction;

Cardiopulmonary resuscitation;

Endotracheal intubation and extubation;

Non-invasive ventilation (e.g., BiPAP or CPAP);
Bronchoscopy;

Manual ventilation;

Nebulizer administration and high-flow oxygen delivery.

Symptoms related to SARS-CoV-2 infection:

OO0OO0OO0OO0OO0OO0O0OO0O0O0

Fever or chill;
Fatigue;

Muscle ache;
Headache;

Cough;

Runny nose;

Sore throat;

Loss in the sense of smell or taste;
Shortness of breath;
Nausea;

Vomiting;

Diarrhea.

Appendix B. Mathematical Component of Risk Score

O

(@)

For each independent risk factor:

; 1
Weight (point) : = Lﬁﬁ‘ + EJ' where B,,;,;, = 0.328344912
min

For protective factor: education:

Weight (point) : = [ﬁﬁl + %J + 3, where B, = 0.328344912
min
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O For protective factor: vaccination:

Weight (point) : = [ﬁﬁl + %J +9, where B,,;;, = 0.328344912 (A3)
min
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Abstract: Background: The greatest challenges are imposed on the overall capacity of disease
management when the cases reach the maximum in each wave of the pandemic. Methods: The cases
and deaths for the four waves of COVID-19 in 119 countries and regions (CRs) were collected. We
compared the mortality across CRs where populations experience different economic and healthcare
disparities. Findings: Among 119 CRs, 117, 112, 111, and 55 have experienced 1, 2, 3, and 4 waves of
COVID-19 disease, respectively. The average mortality rates at the disease turning point were 0.036,
0.019. 0.017, and 0.015 for the waves 1, 2, 3, and 4, respectively. Among 49 potential factors, income
level, gross national income (GNI) per capita, and school enrollment are positively correlated with
the mortality rates in the first wave, but negatively correlated with the rates of the rest of the waves.
Their values for the first wave are 0.253, 0.346 and 0.385, respectively. The r value for waves 2, 3, and
4 are —0.310, —0.293, —0.234; —0.263, —0.284, —0.282; and —0.330, —0.394, —0.048, respectively. In
high-income CRs, the mortality rates in waves 2 and 3 were 29% and 28% of that in wave 1; while
in upper-middle-income CRs, the rates for waves 2 and 3 were 76% and 79% of that in wave 1. The
rates in waves 2 and 3 for lower-middle-income countries were 88% and 89% of that in wave 1,
and for low-income countries were 135% and 135%. Furthermore, comparison among the largest
case numbers through all waves indicated that the mortalities in upper- and lower-middle-income
countries is 65% more than that of the high-income countries. Interpretation: Conclusions from the
first wave of the COVID-19 pandemic do not apply to the following waves. The clinical outcomes in
developing countries become worse along with the expansion of the pandemic.

Keywords: COVID-19; economy; income levels; mortality; waves; policy; turning points

1. Introduction

A considerable amount of research has been conducted to better understand factors
influencing mortality caused by the pandemic of COVID-19 [1-7]. Most data are based on
the first wave, while some are based on the combination of the first and second waves of
the pandemic [1-7]. None of these studies revealed the impact of income levels, with other
factors, such as transportation and population density, regarded as the major predictive

Trop. Med. Infect. Dis. 2022, 7, 241. https:/ /doi.org/10.3390/ tropicalmed7090241
87

https:/ /www.mdpi.com/journal/tropicalmed



Trop. Med. Infect. Dis. 2022, 7, 241

factors in the pandemic [6-8]. A report based on the second wave of the COVID-19
pandemic indicated that COVID-19 was more severe on the African continent than the
first wave [1]. The question remains as to whether economic levels affect the mitigation of
COVID-19 in stages such as in waves 2, 3, and 4.

Based on reports from Worldometers (https:/ /www.worldometers.info/coronavirus/
(accessed on 14 January 2022)) [9] and the World Health Organization (WHO) Coronavirus
(COVID-19) Dashboard (https://covid19.who.int/ (accessed on 14 January 2022)) [2],
accessed in early 2022, more than 100 countries and regions (CRs) have experienced more
than three waves of the disease. These data provide a chance to compare the influential
factors in fighting COVID-19 in up to four waves of the disease among CRs at different
economic levels.

In order to measure the overall capacity of CRs in fighting COVID-19, this study
focuses on the time points of the mortality rate derived from two intrinsic turning points,
the maximum of case and death numbers, during each wave of the pandemic. For each
CR, we measure its capacity in the management of the disease by the mortality rate at the
turning point of the disease.

Income level in a country or region reflects the level of resources and medical facilities
that determine the overall capacity of fighting a pandemic. Because the COVID-19 disease
became pandemic, the income level in a country or regional level was essential for fighting
the disease. In particular, when the disease reaches a maximum level, it challenges the
biomedical capability of a country or region. The mortality rate at the time of the disease
peak days indicates whether the medical resource is good enough to deal with the hospital-
ized patients. This study examines the relationship between income level and mortality at
the peak of the disease, and determines how different countries at different income levels
fight COVID-19 pandemics.

2. Methods
2.1. Data Sources

We conducted correlation analyses between mortality rates at peak points in different
waves and a total of 49 potential influential factors: comparisons of mortality rates at
peak points among different levels of incomes, the mortality rates at the maximum case
numbers among all waves in different income levels, and time- and case-adjusted mortality
rates among different income levels. The average numbers of cases and deaths of seven
days in the peak days of different waves of COVID-19 were collected from Worldometers,
and confirmed with the WHO Coronavirus (COVID-19) Dashboard. Population statistics
were collected from Worldometers (https:/ /www.worldometers.info/world-population/
population-by-country/ (accessed on 14 January 2022)). Data collection started on 21
January 2022 and ended on 2 February 2022.

2.2. Influential Factors

The information of potential factors from each CR was collected from the World Bank. A
total of 49 potential influential factors were collected. These factors include—Forest area (%
of land area), —Rural population (% of total population)—Surface area (sq. km), —Mortality
rate, under-5 (per 1000 live births), —Incidence of tuberculosis (per 100,000 people), —Access
to electricity (% of population), -CO, emissions (metric tons per capita), —Urban pop-
ulation, —Energy use (kg of oil equivalent per capita), —Urban population (% of to-
tal population), —Adjusted net savings, including particulate emission damage (% of
GNI), —Expense (% of GDP), —Foreign direct investment, net inflows (BoP, current USD),
—Gross savings (% of GDP), —Exports of goods and services (% of GDP), —Imports
of goods and services (% of GDP), —Government expenditure on education, total (% of
GDP), —Literacy rate, youth total (% of people ages 15-24), —Unemployment, total (% of
total labor force), —Population living in slums (% of urban population), —Cause of death,
by communicable diseases and maternal, prenatal and nutrition conditions (% of total),
—Refugee population by country or territory of origin, —Hospital beds (per 1000 people),
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—Prevalence of overweight, weight for height (% of children under 5), —Specialist sur-
gical workforce (per 100,000 population), — Air transport, registered carrier departures
worldwide, —Annual freshwater withdrawals, total (billion cubic meters), —Fixed tele-
phone subscriptions (per 100 people), —Fixed broadband subscriptions (per 100 people),
—Secure Internet servers (per 1 million people), International tourism, receipts (% of total
exports),—+Researchers in R&D (per million people), —PM2.5 air pollution, population
exposed to levels exceeding WHO guideline value (% of total), —Population in the largest
city (% of urban population), —Top countries in number of air passengers carried in 2019,
—Ownership of passenger cars (units per thousand persons). Income levels of CRs were
obtained from the World Bank’s Atlas method, which relies on the gross national income
(GDP) per capita in 2019 at nominal values as an indicator of income.

2.3. Criteria of Data Collection

Inclusion criteria: (1) For the first three waves of the pandemic, data were collected
from CRs with at least 100,000 reported total cases; (2) for wave 4, additional data were
collected from CRs with a reported total case number of more than 50,000; and (3) at least
one visible turning point was reported in at least one wave in both of the cases and deaths,
judged by two authors. Exclusion criteria: (1) no obvious turning point in the data in either
cases or deaths; (2) the number of deaths on the turning point was less than 3; and (3) the
days of turning points between cases and death were more than 2 months.

2.4. Definition of Waves and Turning Points

A disease wave is defined as the cases and deaths that had turning points (peak days)
and were flanked on both sides by days with a smaller number of cases or deaths (Figure
S1). The average number of seven days was used to define the turning point (or peak) of
a wave [2]. The cases turning point was defined as the day with the largest number of
average cases in seven days (the seven-day average). Case numbers on each side of the
peak must decrease at least 10%, in comparison with the number on a peak day. The same
criteria were also used to determine the peak of deaths.

2.5. Definition of Mortality at the Day of the Turning Point

The mortality of each wave is defined as the average number of seven days at the
death turning point divided by the average number of seven days at the case turning point
in the same wave. When the number of days between a case turning point and a death
turning point is the smallest, then these case and death points are considered to be in the
same wave. If the days between these two turning points are more than two months, they
are not regarded as the same wave, even when there is not any wave during the pandemic.

2.6. Data Uniformity and Bias Checking

Data collection was conducted by two investigators and double-checked by a third
researcher. Outliers identified by individual authors were discussed by at least two authors.
Peak days and data on peak days were double-checked by two additional authors. Sta-
tistical analyses were conducted by two authors to ensure accuracy. Wave numbers were
adjusted based on timeline and case numbers to evaluate the accuracy of the data analysis.

3. Statistical Analysis

Data analysis was conducted in the following ten steps. (1) CRs names, days of case
peak in a wave, number of cases of a wave, days of death peaks, and number of deaths
on the peak days were collected and stored in an Excel file. A total of 49 influence factors
of CRs were collected in a separate Excel file. (2) Mortality at the peak of each wave was
calculated by dividing the seven-day average number of the day of the death peak with
the seven-day average number of cases on the day of the cases peak. (3) The correlation
coefficient (r) between these mortality and influential parameters were calculated with
the formula function of Excel. Student t-tests were conducted with paired comparison
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and two tailed distributions. (4) Influential factors with positive or negative impacts were
selected for evaluation. (5) Mortalities in three waves in different income levels of CRs
were analyzed and compared with each other. (6) The numbers of waves were adjusted
according to the time of the waves and compared among different income levels. (7) Case-
number-weighted mortalities among three waves were compared among CRs in different
income levels. (8) Mortalities in the largest waves among CRs were compared to investigate
the capability of fighting COVID-19 when facing the greatest challenge in CRs at different
income levels. (9) Case-number-based normalization was done with the following formula:
W(eight) = D * Ci/Ct. Where W = the case-number-weighted death rate, D = death number
in a specific wave; Ci = the case number of the same individual CRs, and Ct = the total
number of cases in a disease wave. (10) Figures for mortality were visualized using the
Chart function in Excel, including those of the Australian Bureau of Statistics, GeoNames,
Microsoft, Navinfo, and TomTom.

4. Results
4.1. Mortality Turning Points in the First Wave of COVID-19 Compared to Other Waves

As of 21 January 2022, more than 100,000 cases were reported from each of the 119 CRs.
Among them, only two CRs did not exhibit any distinctive wave (Table S1). Among the
remaining CRs, 55 experienced four waves, 102 showed three waves, 112 had at least
two waves and 117 had at least one wave (Figure 1A-D). The average mortalities for the
waves 1, 2, 3, and 4 were 0.0359, 0.0194, 0.0168, and 0.0145, respectively. There were no
correlations between the first wave and the rest of three waves, with r values of 0.20, 0.06,
and —0.04 for waves 2, 3, and 4 (Figure 1E-G). However, there were correlations among
the remaining three waves, with r values of 0.57, 0.48, and 0.49 for wave 2 vs. 3,2 vs. 4, and
3 vs. 4, respectively (Figure 1H-J). The distribution among CRs on mortality rates at the
peak points among four waves varies significantly (Figure 1). In the first wave, the high
mortality rates were mainly identified in European and North American CRs; conversely,
in the other waves, the high mortality rates occurred among developing countries, mainly
among African, Southeastern Asian, and South American CRs.

Table S1 shows the days, and the number of cases and deaths at the turning points
of different waves. There are great variations in cases and number of deaths among
different countries. It is astonishing to see the extremely high death rate among developed
countries. For example, the death rates in France, the UK, Italy, the Netherlands, and
Belgium were 21.5%, 18.9%, 14.5%, 13.5%, and 19.7%. These data hinted at a high death
rate in the developed countries in the first wave. However, the death rate of the same
countries in wave 2 are 1.2%, 1.9%, 2.1%, 0.8%, and 1.2%. These vast changes indicated
that better biomedical resources were effectively utilized when the developed countries
were ready for the pandemic of COVID-19. In contrast, there is no such a significant
change in mortality between wave 1 and wave 2 among developing countries (Figure 1).
Therefore, our follow-up analysis focused on the differences among countries at different
income levels.
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Figure 1. Mortality at the case turning point of the COVID-19 pandemic for 119 countries and regions
(CRs). Blue circles indicate the developed CRs, and red circles indicate developing CRs. (A-D) The
mortalities in CRs for waves 1, 2, 3, and 4. In wave 1, the mortalities in developed CRs were higher
than other CRs while the mortalities in the waves 2, 3, and 4 in the developing CRs were higher
than that in developed CRs. (E—G) The correlation of mortality between wave 1 and the other three
waves, 2, 3, and 4. (H—]J) The correlation among waves 2, 3, and 4.

4.2. Influential Factors for the Mortalities among CRs

Among 49 potential influencing factors, 9 showed at least one r with an absolute value
more than 0.3 (Figure S2, Tables S2 and S3). The correlation between the mortality rate and
these nine factors showed an opposite direction between the first wave and the subsequent
three waves (Figure 2A). In the first wave, factors of categories including economic levels
(income, GNI per capita, researchers in R&D, broadband subscriptions, school enrollment),
aging population (aged 65 and older and life expectancy), and transportation (owners
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of passenger cars) are all positively correlated to the mortality rate. These results are
consistent with the previous literature findings that economy and transportation boosted
the transmission, which caused the high mortalities, particularly within the aged population
at the early stage of the COVID-19 pandemic [10,11]. However, in the remaining waves,
these factors are either negatively or not correlated to the mortality rate. In particular, the
income level, GNI per capita, and researchers in R&D (per million people) (Figure S2) were
all negatively correlated to the death rate for waves 2, 3, and 4 (Figure 2B-D). The r values
for income for waves 1, 2, 3, and 4 were 0.26, —0.31, —0.26, and —0.33, respectively. The r
values for GNI for the waves 1, 2, 3, and 4 were 0.35, —0.29, —0.28, and —0.39, respectively.
The values for researchers in R&D for the waves 1, 2, 3, and 4 were 0.37, —0.14, —0.31,
and —0.42, respectively. As shown above, these 49 factors are collected from the World
Bank, and the data range from 2017 to 2019. Through analysis of all 49 potential factors, we
found that only 9 factors show a possible influence on the COVID-19 disease pandemic.
Among these nine factors, income level was our focus in this study. Other factors may
have their effects and may be analyzed in future studies. For example, passenger cars are
closely related to the traveling capacity; as traveling is an important factor for COVID-19
transmission, future studies on this aspect are necessary.
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Figure 2. Influential factors on the mortality of COVID-19 during four waves of pandemics. (A) Total
of nine factors showed r values of more than 3 in at least one wave. The correlations between these
nine factors and mortality in wave 1 are in an opposite direction when comparing these correlations
with that of waves 2, 3, and 4. (B-D) The correlations between the mortality in the four waves and
income levels (2B), GNI (2C), and R&D (2D). In each case, wave 1 showed positive correlations, while
the other waves showed none or negative correlations.
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4.3. Mortality of COVID-19 at Peak Point Varied across CRs with Different Income Levels

The patterns of mortality rates at the turning points among different income levels
were further assessed in the first three waves which contain an adequate number CRs for
analysis in groups at different income levels. Compared to the mortalities in wave 1, the
reduction rate of the mortalities in waves 2 and 3 were significantly different among CRs at
different income levels (Figure 3A). Among CRs at a high-income level, the mortalities in
waves 2 and 3 were equal to 29% and 28% of that in wave 1, while in the upper-middle-
income CRs, the rate was 76% and 79% for wave 2 and 3. The lower-middle-level CRs
had rates of 88% and 90%, while among low-income levels, the rates were 135% and
135% (Figure 3B-E). Thus, the lower the income level, the slower the reduction rate in the
mortalities in the later waves of the disease.
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Figure 3. Turning point mortalities during the first three waves of COVID-19 disease in countries
according to income levels. (A) The average mortalities for waves 1, 2, and 3 in countries of high-,
upper-middle-, and lower-middle-incomes, respectively. (B) The mortality in three waves in CRs of
high-income levels. (C) The mortality in three waves in CRs of upper-middle-income levels. (D) The
mortality in three waves in CRs of lower-middle-income levels. (E) The mortality in three waves in
CRs of low-income levels.

4.4. Developing Countries’ Challenges when COVID-19 Reaches the Largest Scale

In order to examine the capacity for fighting COVID-19 when facing the largest chal-
lenge, we compared the mortalities among the largest waves in CRs at different income
levels. Such a comparison revealed a significant difference between developed and de-
veloping CRs (Table 54). The average mortality in high-income CRs was 0.013, while the
average mortalities among upper- and lower-middle-income CRs were 0.021. P values from
t-tests between high-income CRs and upper- and lower-middle-income CRs were 0.001
and 0.002, while the p value between upper- and lower-middle-income CRs was 0.999. The
mortality rates among these three categories were different, while the mortality rates within
each category were similar (Figure 4A). The mortality rates in the majority of high-income
CRs are below 0.02 (Figure 4A), while in the upper- and lower-middle-income CRs, the
rates in about 50% of CRs are between 0.02 and 0.04 (Figure 4C,D).
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Figure 4. Mortalities in CRs of different income levels at the largest scale of the pandemic. (A) Left
panel shows the mortality rate in CRs according to income level when COVID-19 reaches the largest
scale. Right panel shows the percentages of upper- and lower-middle-income levels in comparison
with CRs at a high-income level. (B) Distributions of mortalities of CRs at the high-income level.
(C) Distributions of mortalities of CRs at the upper-middle-income level. (D) Distributions of
mortalities of CRs at the lower-middle-income level.

4.5. Timeline-Adjusted Comparisons among Different Waves

Due to the variations in the spreading of the disease across the world, the time of
the same wave among different CRs differed. Comparison was further conducted on
the timeline base for different waves. The waves are re-divided based on the timeline of
approximately before July of 2020, between July and November 2020, between November
2020 and March/April 2021, and after, for waves 1, 2, 3, and 4, respectively. The disease
patterns among different income levels are compared among these four waves. Data for
such a comparison showed similar patterns to the non-time adjusted mortalities among
different income levels among the first three waves (Figure 5A). Patterns in different waves
indicated that in the high-income CRs, the mortality in the first wave was higher than that
in subsequent waves (Figure 5B), while in the CRs with other income levels, the mortalities
were higher in the later waves than that in the first wave (Figure 5C,D).
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Figure 5. Mortalities based on timeline and case-number-adjusted data. (A-D) Mortalities based
on timeline-adjusted data. (A) The average number of deaths in CRs at different income levels in
three waves of disease based on the timeline. (B) Distributions of mortalities in high-income level
CRs by timeline. (C) Distributions of mortalities in upper-middle-income level CRs by timeline.
(D) Distributions of mortalities in lower-middle-income level CRs by timeline. (E-H) Mortalities
based on case-number-adjusted data. (E) The average number of deaths in CRs at different income
levels in three waves of disease by cases. (F) Distributions of mortalities in high-income level CRs by
cases. (G) Distributions of mortalities in upper-middle-income level CRs by cases. (H) Distributions
of mortalities in lower-middle-income level CRs by cases. (I-L) Mortalities based on timeline- and
case-number-adjusted data. (I) The average number of deaths in CRs at a different income level in
three waves of disease by timeline and cases. (J) Distributions of mortalities in high-income level CRs
by timeline and cases. (K) Distributions of mortalities in upper-middle-income level CRs by timeline
and cases. (L) Distributions of mortalities in lower-middle-income level CRs by timeline and cases.

4.6. Comparison of Normalized Data Based on Case Number among Different Waves

In order to confirm the impact of income levels, we examined the patterns of disease
waves using normalized mortality rates based on the case numbers. The normalized data
showed that the disease patterns in three waves are similar to that of non-normalized data.
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The wave 1 mortality rate in high-income CRs was higher than the wave 1 rates in CRs
with other income levels, while in waves 2 and 3, the mortality rates in CRs with other
income levels were higher than that of the high-income CRs (Figure 5E). Comparing the
mortalities of three waves in the CRs indicated that in the high-income level, the rate of the
first wave was higher than that of the other waves. On the contrary, the mortality rates in
CRs with middle- and low-income levels increased in waves 2 and 3 (Figures 5F and 6).
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Figure 6. Mortality rates at the turning points during wave 4 of COVID-19 disease in CRs with
different income levels. (A) Average mortality rates in CRs by income level. (B) Fold increase in the
upper- and lower-middle, and low income CRs compared to high-income CRs. (C) Distributions of
mortality rates of CRs at the high-income level. (D) Distributions of mortality rates of CRs at the
upper-middle-income level. (E) Distributions of mortality rate of CRs at the lower-middle-income

level. (F) Distributions of mortality rate of CRs at the low-income level.
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4.7. Comparison Based on Timeline and Case Normalized Data among Different Waves

When data were normalized based on both the timeline and case numbers, the patterns
of three waves of the pandemics were similar to the non-modified original data. The
mortality rate in the first wave in the high-income CRs was much higher than that of the
other income categories, while in the third wave, its mortality became the lowest among all
income levels (Figure 5I). The distributions of mortality rates of CRs among waves 1, 2, and
3 showed the same patterns (Figure 5]-L).

4.8. Wave 4 Preliminary Data and Increasing Lags Based on Income

In our initial evaluation among different income levels, we omitted wave 4 data
because there was a significantly smaller number of CRs in the fourth wave compared
to the other waves. Instead, we included 19 additional CRs with more than 50,000 cases
for a preliminary analysis for wave 4. The majority of these additional CRs are from the
African region (Tables S5 and S6). Among these 19 CRs, 11 had a visible wave 4 based on
our team’s judgment. By adding data from these 11 CRs, we were able to compare the
mortality rates among all CRs at four levels of income. Results suggest that the mortality
rate in high-income CRs was less than 1% (Figure 6A), while in the upper- and lower-
middle-income CRs, the mortalities were as high as 2%. The increased mortality rates in
CRs of upper- and lower-middle-incomes reached 100% (Figure 6B). In the low-income
CRs, the mortality was higher than 1% with a small number of cases (Figure 6B), which
may increase in the future. The distribution of the mortality rates among CRs of these four
income levels showed a difference between the CRs of high-income and CRs at the other
income levels (Figure 6C-F).

5. Discussion

Our data indicate that conclusions from previous considerable research on the factors
influencing COVID-19 rates and deaths were not applicable to the overall COVID-19
pandemic because these results are based on data from the first wave. The occurrence of the
first wave has its special characteristics because COVID-19 originated from a metropolis
and spread at an unprecedented fast speed through travelling and close contact. Thus,
the economic powered convenience of traveling and population density were the major
factors [8-10] for the disease spreading. It first reached the developed countries and caused
high mortality under an urgent and unprepared situation. In comparison, the first wave of
the developing CRs happened later than the high-income CRs. It would have caused many
more mortalities if the early phase of the pandemic had reached low-income CRs.

One of the most important findings from this study is that economic disparities affect
the capabilities of low-income CRs in fighting the COVID-19 pandemic [10]. The data from
waves 2 and 3 confirmed that, in the same situation, developing CRs suffer more than
developed countries. There are significant differences in the mortality among different
waves of the pandemic in CRs at different income levels. Among high-income CRs, the
mortality rates ranged from as high as 5% in wave 1 to approximately 1.4% in wave 3, a
3-fold decrease. Conversely, in the upper- and lower-middle-income CRs, the mortality
rates did not decrease during waves 2 and 3. The mortality rates of the CRs with upper-
and lower-middle-incomes were approximately 180% of that in high-income countries.
Preliminary data from wave 4 support the findings from the previous three waves on the
influence of economic disparities in fighting COVID-19.

The influence of income inequalities on the COVID-19 pandemic in waves 2 and 3 was
confirmed by multiple types of analyses due to the complexity of the COVID-19 pandemics
across different regions of the world. The data were first shown based on the data from
waves of original sequential numbers. This analysis was entirely based on the numbers of
waves of the pandemic when comparing among CRs at different income levels. The second
comparison was conducted based on the time-sequence of the waves. The third comparison
was based on the adjusted data by the number of cases of the peak in the waves. Finally,
the data were compared with both timeline- and case-number-adjusted data. All analyses
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showed the same pattern of negative effects on mortalities by the income levels during
waves 2 and 3. Even in wave 4, when the omicron was less severe in symptoms and the
world was better prepared with a variety of approaches, the mortalities in the high-income
CRs were below 1% and the CRs of upper- and lower-middle-incomes were still as high as
2%. Although data from low-income CRs were missing and incomplete, the mortality was
still higher than that of CRs of high-income levels.

One important comparison in our study is the mortality levels when the pandemic
reached the highest case numbers among different waves in CRs of different income levels.
Case numbers reaching the maximum number was most challenging to CRs’ capability
to fight the COVID-19 pandemic. This comparison clearly demonstrated that the high-
income CRs have advantages in the prevention of deaths among their infected population.
Different waves happened at different time points. It is important to analyze these different
waves at different time points. For example, wave 1 in most of the world occurred before
the middle of 2020, while wave 2 occurred during the period between the latter half of
2020 and early 2021, and wave 3 occurred between early 2021 to the middle-to-late of 2021.
The importance of time point is not only for the time sequential of the different waves, but
also for reflecting the stages of disease variations and virus mutations. The same wave
represents the same disease nature and pandemic pattern at a defined period of time. We
used average mortality data from each country and conducted a two samples t-test to
compare the mean of different mortalities. In this way, we could tell the variations of
mortality over time.

Two distinguishing features of this study are the analysis of data by waves and the
focus on the peaks of the waves. As our data has shown, different waves of the COVID-
19 pandemic occurred at different times, and in different regions, environments, and
situations. Examining different waves individually reveals various features of these waves.
Examining the mortality rate during the peaks of the waves allows us to obtain the data
showing the real capability of CRs in fighting the pandemic. This analysis enables us to
examine the mortality at the same point from different CRs. In this case, the collected data
are comparable.

The positive association between mortality and three other factors in wave 1, owner-
ship of passenger cars (units per thousand persons), percent of population aged 65 and
older, and life expectancy at birth, and the non- or negative correlations in other waves of
the pandemics provide support that the influential factors for wave 1 do not have the same
effect for the rest of the COVID-19 pandemic. In fact, the negative correlations between the
car owners and mortality rates in other waves suggest that access to hospitals enhances
the chance of survival of patients in the high-income CRs. The consistency of negative
correlations between the mortality rates and economic factors such as income level, GNI
per capita, and car ownership, indicate that economic levels play essential roles in CRs’
capability to fight COVID-19.

Due to the limited availability of data, our initial analyses did not include the low-
income countries as a separate category when analyzing the influence of income levels in
the first three waves. However, based on our preliminary data from seven low-income
CRs and a total of more than 12,000 cases, the mortality rate in the low-income CRs was
higher than that of the high-income CRs. In considering the data from waves 2 and 3, it
is anticipated that the situation in the low-income CRs will worsen when the pandemic
reaches the same scale as that of high-income CRs. The longer the pandemic period is, the
worse the mortality rates will be in the low-income countries.

Our study has some limitations. The days of turning point and the waves were arbi-
trarily determined by our authors, mainly based on the data provided by the Worldometers.
The data from Worldometers are not always consistent with that from WHO websites.
There were subtle differences in numbers, although these differences did not affect the
results. We decided to use the data from Worldometers because of the data convenience as
it provides daily numbers of cases and deaths with figures and seven-day averages. It is
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possible that the data from low-income CRs may not be as complete as that of CRs at other
income levels, most likely due to the problems in disease surveillance or data collection.

Many factors have been reported as influential factors on the mortality of COVID-19.
However, our analysis indicated that only a few factors affect mortality. Surprisingly,
cases per million and population density did not show an overall significant impact on the
mortality rate. The most likely reason is that influential factors in one or more places or
countries may not be included in our analysis of 119 CRs.

As the vaccination and medical treatment develop, the economic advantage of high-
income CRs will become more evident. If medical resources cannot be supplied in low-
or lower-middle-income CRs, the mortalities in these CRs will increase before they begin
decreasing. Because different waves of COVID-19 have different characterizations, the
relation between income level and the latest waves of the COVID-19 pandemic may be
different from these four waves in our analysis. In particular, omicron has become the
dominant virus variant over the world. How the income level affects the pandemic of
omicron will be an important question to ask. Furthermore, new variants with new
infection characterization and disease features may appear in the future. Therefore, it is
essential to monitor the dynamic changes of pandemic pattern with updated information
for future studies.

6. Conclusions

Our analysis indicated that there are significant differences in disease mortality rates
and influential factors between wave 1 and the subsequent waves up to January 2022.
Economic disadvantages of developing CRs contributed to more suffering from the COVID-
19 pandemic. As time goes on, the vaccination coverage and medical treatment in developed
CRs has enabled low mortality rates. The prolonged COVID-19 pandemi