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Abstract: COVID-19 has severely impacted socioeconomically disadvantaged populations. To sup-
port pandemic control strategies, geographically weighted negative binomial regression (GWNBR)
mapped COVID-19 risk related to epidemiological and socioeconomic risk factors using South Korean
incidence data (20 January 2020 to 1 July 2020). We constructed COVID-19-specific socioeconomic
and epidemiological themes using established social theoretical frameworks and created composite
indexes through principal component analysis. The risk of COVID-19 increased with higher area mor-
bidity, risky health behaviours, crowding, and population mobility, and with lower social distancing,
healthcare access, and education. Falling COVID-19 risks and spatial shifts over three consecutive
time periods reflected effective public health interventions. This study provides a globally replicable
methodological framework and precision mapping for COVID-19 and future pandemics.

Keywords: COVID-19; pandemics; socioeconomic factors; spatial regression; South Korea

1. Introduction

COVID-19 has corroborated insights gained from SARS, HIN1 influenza, and MERS
pandemics showing socioeconomically disadvantaged populations are more severely im-
pacted from pandemics [1-4]. The reported gap between the COVID-19 rates of the most
and least advantaged populations [5] present a potential for reducing the outbreak through
targeted interventions. Unlike non-modifiable factors [6,7], such as populations with
genetic predispositions, population vulnerability to the infectious disease outbreaks can
be remediated through targeted interventions. Population vulnerability to respiratory
infectious diseases is characterized by multiple interrelated factors, such as family income,
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education, employment status, health behaviour, healthcare access and other area-health
indicators [8,9]. Hence, identifying key socio-economic determinants for COVID-19 and
mapping the vulnerable locales will enable policy makers to target specific modifiable
factors in high-risk areas.

Among various approaches to disentangle how socio-economic status (SES) impacts
health, Coleman’s social theory has been regarded as exceedingly useful because of its
treatment of SES beyond access to material resources but also a function of social and
human capital that ‘uniquely locate the individual’s status in the social structure’. Blumenshine
furthered the understanding by illustrating the mechanistic pathways between the socio-
economic position and health disparity, as the underlying socioeconomic determinants
of individuals can determine their likelihood of being exposed to the pandemic virus,
contracting disease and timely and effective treatment after the disease developed [9].

Although prior studies provided COVID-19 risk factors, none identified COVID-19-
vulnerable locales associated with SES and COVID-19-specific epidemiological factors with
acceptable generalizability and methodological capacity. Current COVID-19 studies relying
on health disparity measures use arbitrary SES variables based on researchers’ preferences,
irrespective of their COVID-19 relevance. Consequently, the SES measures across these stud-
ies are incomparable, limiting their usefulness. To address this, we integrated Coleman’s
Social Theory and Blumenshine’s mechanistic framework (Figure 1), which formulates a
universal SES definition and SES indicator selection mechanistically /causally relevant to
the COVID-19 health outcome. This approach can inform public health interventions to
alleviate SES factor-related COVID-19 risk.

Since SES and epidemiological data cover an expanse of highly intercorrelated vari-
ables, the composite SES index, derived from multiple unique SES variables help garner
the most explanatory information from the contributing indicators. A single universal
composite measure, like the commonly-used area-deprivation index [10], is limited to
controlling SES effects as confounders, but not when the study’s goal is assessing the effect
of multiple SES determinants on health outcome (e.g., COVID-19 in this study). Therefore,
a multiple composite SES index approach helps quantify each composite SES index’s effect
on COVID-19 [11].

Thus far, one study used multi-scale Geographically Weighted Regression (GWR) to
map the US COVID-19 incidence rate, while accounting for selected SES variables (median
household income, income inequality, percentage of nurse practitioners, and black female
population) [12]. Since multi-scale GWR doesn’t fit a beta distribution typical for infectious
disease rates [13], we recommend Geographically Weighted Negative Binomial Regression
(GWNBR) to improve methodological accuracy. GWNBR directly uses discrete count data
without further transformation, and is robust in the overdispersion, spatial/temporal
clustering and false-positives [14,15].

Globally, the COVID-19 pandemic emerged in waves with country-specific mitigation
strategies producing sharp declines. To improve public health interventions by precision
targeting of high-risk locales, this study identified key SES and epidemiological risk deter-
minants and their geographic distribution. We chose South Korea because its COVID-19
incidence data presented extremely high overdispersion, temporality, and spatial cluster-
ing, being more complex than typical infectious disease data. This allowed us to check
our framework’s functionality to address the dramatic spatial and temporal dynamic of
COVID-19 [16]. Our study’s goals were to; (1) provide methodological framework for
identifying COVID-19-vulnerable locales associated with SES and epidemiological deter-
minants; and (2) operationalize the framework using South Korean data to demonstrate
its value.

2. Materials and Methods
2.1. Study Design and Population

We used COVID-19 incidence data from January 20 through July 1, 2020, released
from the Korea Centers for Disease Control and Prevention (KCDC) [17] and prepared
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by the DS4C project [18]. The dataset is based on the report materials of KCDC and local
governments from this time period. These data are available under the KOCL (Korea Open
Government License). Analytical data consisted of 11,811 COVID-19 cases aggregated by
250 districts (Table S1) aligned to SAS’s South Korean geographic matrix. Since the data
were unavailable for Daegu’s subparts, we estimated the incidence from KCDC'’s press
release cluster reports.

2.2. Conceptual Model

Figure 1 shows the Coleman-Blumenshine Framework (CBF) refined approach, based
on Coleman’s Social Theory and Blumenshine’s mechanistic framework [9,19]. The model
defines SES as a function of material, social, and human capitals [8,19] and emphasizes
pathways by how SES indicators differentially increase SARS-CoV-2 exposure and suscep-
tibility to developing COVID-19 [9]. Based on the CBF model and COVID-19 risk factors
literature [1,20-23], we identified seven area-level health and SES factors that determined
the SARS-CoV-2 exposure level and the likelihood of developing COVID-19 after exposure.

L Area morbidity

Education
| Differential exposure
Difficulty to before disease develops
social distancing
; *Human Differential disease _Disparity in
i —> susceptibility following incidence and
captital exposure mortality
Population
mobility Differential disease
SCi L_{severity and death after| |
= *Social disease developed
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SCk

Figure 1. Conceptual model of the causal relationship between the SARS-CoV-2 and area health/SE determinants. Ab-
breviations: material capital (MC), human capital (HC), social capital (SC), socioeconomic status (SES). Subscripts (i, j,
k) indicate the number of variables used from the data sources. * Material, Human and Social Capital refers to latent
structural components of the SES and COVID-19-specific determinants. Health and SES connected by arrows indicate the
inter-relatedness of area health and SES, hereinafter, denoted as a health/SE. + Area-health/SE themes identified relevant to
COVID-19 based on the current person and population-level literature. As per Coleman’s social theory and contributing
data underlying each health/SE theme, crowding, healthcare access and social distancing relates to material capital, health
behaviour and area morbidity relates to human capital, whereas, crowding, education and population mobility to social
capital. Modified from source [9,24]. Data sources: Korean Community Health Survey by the KCDC, Health Insurance
Statistics by the National Health Insurance Services, Disability Status by the Ministry of Health and Welfare, Death Cause
Statistics by the National Statistics Agency, Korean Census Bureau, Internal Migration Statistics by the Statistics Korea, and
the State of Urban Planning Report by the Ministry of Land, Infrastructure, Transport, and Tourism.

2.3. SES Measurement and Epidemiological Factors

All SES and epidemiological-related data were retrieved from the Korean Statistical
Information Service’s (KOSIS) online data archive [25]. KOSIS offers a convenient one-stop
service for South Korea’s major domestic statistics. Table S2 presents the data sources
used for SES measurement. Table S3 shows 24 data items out of 124 candidates relevant to
the seven health/SE areas. We used an independent variable proxy for education, and by
Principal Component Analysis (PCA) created six thematic composite indices: healthcare
access, health behaviour, crowding, area morbidity, difficulty to social distancing, and population
mobility. Factors were computed as linear combinations of the original variables selected for
each health/SE theme. We used the first component scores [26] in calculating the composite
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scores since they explained the largest data variation. Then we computed each variable’s
weight by dividing each factor score by the sum of all variable factor scores as,

P
Weight; = Score;/ Y _ Score; 1)
i=1

where i relates to each theme’s variable and p is the number of each theme’s variables. Each
thematic composite index was computed as the weighted average for all 250 district values.
For example, the composite index for Health behaviour was calculated as:

Healthbehaviour, = 0.438 x obesity by measurement, + 0.429 x alcohol drinking; + 0.100 x current smoking; +

0.033 x self — reported obesity, @)

where k is the original variable’s value for district k. Note that weights sum to 1 (0.438
+0.429 + 0.100 + 0.033 = 1). Six thematic composite indices and an individual proxy for
education (percentage of high school educated people) were used in the final models as
independent variables.

The ratio of the 25th percentile and each theme’s maximum value was for healthcare
access: 2.5; health behaviour: 1.2; crowding: 1.9; area morbidity: 1.3; education: 1.5;
difficulty to social distancing: 3.0; and population mobility: 10.3.2.4. Statistics

Our model outcome was the confirmed case counts of COVID-19 aggregated by 250 districts.
Global negative binomial regression (GNBR) and GWNBR [14] computed relative risk of
COVID-19 associated seven area health/SE themes.

2.4. Global Models

GNBR models calculated relative COVID-19 risk for the entire study period and each
pandemic phase. The global model was set as,

COVID-19 = exp (Bg + B1 healthcare access + 35 health behaviour + (33 crowding + 34 area morbidity + (35 education +

B¢ difficulty to social distancing + (7 population mobility + € ®)

where, 3¢, ..., Pn were the intercept and regression coefficients, whereas ¢ was the model
random error.

2.5. Local Spatial Models

We used Gaussian GWNBR to model discrete count data and handle overdispersion
issues. GWNBR computed parameter estimates for all districts following,

yj ~ NB[texp (X, Be (1, 07) i ) (17, 07)| @

where (uj, v]-) are the locations (coordinates) of the data points j, for j =1, ..., n. The
models empirically computed bandwidth, via the cross-validation criterion, and achieved
minimal Akaike’s information criterion (AIC) as,

Cv = Y [y = 9] )

where §) is the estimated value for point j, omitting the observation j, and b is the
bandwidth. The likelihood of false-positives was corrected by the method of da Silva and
Fotheringham [27].

All statistical analyses including specific macro programs for spatial weight matrices
and GWNBR models were implemented using SAS (version 9.4). Missing data (2%) were
excluded from the analyses.
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3. Results

Figure 2 compared the spatial COVID-19 distribution across pandemic phases. The
initial outbreak wave occurred in Daegu which then spread to Gyeongsangbuk-do and
surrounding provinces in the early phase [22]. The second wave occurred in Seoul and its
surrounding metropolises, Ulsan and Busan, and Gyeonggi-do province in the late phase
of the pandemic.
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Figure 2. The spatial distribution of COVID-19 cases across pandemic phases. Early phase: from 20 January to 20 March
2020. Middle phase: 21 March to 15 April 2020. Late phase: 16 April to 1 July 2020. The blue shades and bar heights both
indicate the number of COVID-19 cases during each in each district.

Global and Local Spatial Models

Throughout the entire study period model, GNBR suggested that the COVID-19
risk associated with increased risky health behaviour, area morbidity, and difficulty to social
distancing (Table 1). Inverse associations indicate an increased COVID-19 risk with reduced
healthcare access, lower education, and increased efflux in population mobility. No substantial
risk was associated with crowding.

Table 1. Parameter estimates and 95% CI of the relative risk of COVID-19 associated with health and
SES determinants during the entire study period (20 January-1 July 2020).

Health/SE themes Estimates Relative Risk (95% CI) p-Value
Healthcare access —0.13 0.88 (0.84-0.92) <0.0001
Health behaviour 0.04 1.04 (1.01-1.07) 0.019
Crowding 0.05 1.05 (0.89-1.25) 0.545
Area morbidity 0.04 1.04 (1.03-1.06) <0.0001
Education —0.09 0.91 (0.86-0.97) 0.002
Difficulty to social distancing 0.06 1.06 (1.01-1.12) 0.017
Population mobility —0.22 0.80 (0.69-0.93) 0.003
Dispersion @ 2.49
AIC 1850

2 The variance of a negative binomial distribution; Abbreviations: Akaike’s information criterion (AIC), a measure
of goodness of model fit; confidence interval (CI); socioeconomic (SE).

We implemented global and local spatial models for the early, middle, and late pan-
demic phases. Figure 3 presents the relative risk of COVID-19 with its 95% CI from GNBR
models, and Figure 4, the relative risk spatial distribution from GWNBR associated with
seven thematic areas by pandemic phases. Table 54 provides more details on the stratified
GNBR models. GWNBR fit data better than the global model given smaller AIC for the mid-
dle and late phases, respectively, (AICgnpy~1034 vs AlCgp,~1044, AIC 1, ~1038 versus
AlCgnp:~1074) except for the early phase of the pandemic (AICgy b ~3533 vs AlCg,,~1527).
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This reflects the large spatial cluster emerging from Daegu church [22,28] activities during
the early phase that subsequently spread to its neighbouring districts. The GNBR and
GWNBR model results agreed across all pandemic phases. In the early phase, lower health-
care access and education, and increased risky health behaviour, area morbidity, difficulty to social
distancing, and population mobility associated with higher COVID-19 risk. The crowding-
associated risk was not significant in GNBR. In the middle phase, healthcare access, area
morbidity, education, and difficulty to social distancing remained important risk determinants.
In the late phase, only healthcare access, health behaviour, and increased crowding significantly
determined the COVID-19 risk.

1.00 4

1.06 }
Healthcare  0-95 7 { Arca 1.04 - {
access 0.90 4 { Morbidity  1.02 1
.85 A 1.00 4
1.08 1 1.00 -
Health 1.06 1 0.95 - {
Mg 1.04 - Tduc ation
beh aviour 1.02 4 0.90 1
1.00 - 1 0.85
1.60 1.15
1.40 Difficuky to  1.10 -
Crowding i%g i T social 1.05 {
0.80 - ? H distancing  1.00 - {
1.20 4
Phase Popul ation 1.00 4 I {
—e—Early —e Middle —elLate mobility 0.80 } I
0.60 4

Figure 3. Relative Risk of COVID-19 associated with area health and SES determinants (GNBR
models). Each panel shows the relative risk and its 95% confidence intervals associated with each
thematic area. Colours represent the pandemic’s early (20 January to 20 March 2020), middle
(21 March to 15 April 2020), and late phases (16 April to 1 July 2020). The dashed line shows the
reference level (1). Values over or below the reference line indicate statistically significant results at
a = 0.05. Corresponding p-values can be found in Table S5.

GWNBR created early phase maps showing higher risk in non-contiguous districts
(Figure 4A). This higher risk reflected virus transmission in the initially affected districts
before spreading over larger areas.

During the early phase, we found protective effects of improved healthcare access,
higher education and outbound population mobility, whereas, the disease risk was in-
creased in the districts with higher risky health behaviour, area morbidity rate and difficulty
to social distancing.

In the middle phase (Figure 4B), only healthcare access, area morbidity rate, education
and difficulty to social distancing remained as the key risk-determinants with the same di-
rections but reduced strengths. Spatial shifts from the early phase were from the northwest
toward the capital and southwest regions.

In the late phase (Figure 4C), healthcare access, risky healthy behaviour and area
crowding were primary risk-determinants. We observed the protective effect of improved
healthcare access, while risky health behaviour was the significant risk factor. In contrast to
the early phase, we found higher disease risk in more crowded districts. In the late phase,
risk-determinants concentrated around the capital and middle regions. Taking the type
of risk-determinants and their spatial distributions across the three phases together, our
results showed that pandemic had evolved from lower to higher density areas. This led to
the second wave that emerged in Seoul and its surrounding areas.
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A Phase 1 B Phase 2 C Phase 3
(Jan. 20- Mar. 20, 2020)  (Mar. 21 -Apr. 15, 2020)  (Apr. 16 - Jul. 1, 2020)
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Figure 4. Spatial variation in the relative risk of COVID-19 associated with area-health and SES themes in the early, middle,
and late phases of the pandemic (GWNBR models). In the maps, the blue colour gradient corresponds with larger (darker)
to lower (lighter) relative risk. Areas in white indicate the relative risks are statistically not significant (« = 0.05). The figure
consists of (A-C) columns respectively referring to the pandemic’s early (20 January to 20 March 2020), middle (21 March to
15 April 2020), and late phases (16 April to 1 July 2020).
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We observed noticeable spatial shifts in the risk determinants over the study period
(Figure 4). Difficulty to social distancing increased COVID-19 risk in the capital and middle
regions in the early phase which then shifted to the country’s southeast part in the middle
phase. Area morbidity-associated risk was concentrated in the western part which then
gradually shifted north in the middle phase. Education-associated risk was higher in the
west in the early phase until it shifted southwest in the middle phase. Population mobility
elevated COVID-19 risk only in the early phase for South Korea’s northern, eastern, and
western parts.

We investigated the correlations between all pairs of composite indices (Table S6).
The largest Pearson’s r was 0.603 between healthcare access and area morbidity. We verified
no multicollinearity given that the model’s standard error of both healthcare access (0.025)
and crowding (0.09) were small. For a direct comparison between non-spatial and spatial
models, GNBR and GWNBR were carried out with the same variables and stratified by
the same periods (NBR: Figure 3, and GWNBR: Figure 4). AIC and dispersion coefficients
were used to compare the models’ goodness of fit.

4. Discussion

This study provided a methodology to map COVID-19 risk associated with multiple
SES and pandemic-specific epidemiological factors with high geographical granularity.
We refined a social theories-enhanced CBF model to guide our variable choices. This
model warrants the potential variables identified from the COVID-19 risk factor literatures
encompass the conceptual domains of (material, human, and capital) SES and plausible to
cause differential exposure, susceptibility, and disease severity. The simultaneous influence
of multiple SES determinants defines disease risk. By creating multiple composite SES
indexes using PCA, this study clarified whether certain SES determinants independently
contributed to the COVID-19 risk over and above other SES factors.

GWNBR created a continuous surface of relative COVID-19 risk for all 250 districts
associated with area-health and socioeconomic determinants by the pandemic phases
(Figure 4). Our findings are consistent with individual and population-level studies that
reported elevated COVID-19 risk associated with less healthcare access [29], and educa-
tion [30,31], and more risky health behaviour, crowding, specific comorbidities [1,20,23], difficulty
to social distancing [2,21] and population mobility [32]. Our study’s high internal validity was
shown since the GNBR and GWNBR results agreed except for crowding in the early phase.

Our approach captured statistically and noticeably high spatial variation by pandemic
phases for all themes, consistent with the reported pattern of COVID-19 distribution
in the country [22,28]. Since its first confirmed case on January 20th, 2020, South Korea
experienced two major outbreak waves in Daegu and Seoul, and the surrounding Gyeonggi-
do province, respectively, in February (early phase) and May 2020 (late phase).

After the first confirmed case, the KCDC invoked four-level alert for the public’s emer-
gency awareness (blue-attention, yellow-caution, orange-alert, red-serious) commensurate
with the number of new confirmed cases [http:/ /www.koreabiomed.com]. The epidemic’s
initial wave in Daegu, caused by the local church activities, triggered the country-wide
directives of hospital-based isolation/quarantine, contact tracing followed with free testing
and treatment, strengthening medical centres for rapid diagnostics, emergency medical re-
sponses, and treatment aids [22]. These specific measures along with high public adherence
to the school and business closures, personal hygiene, and social distancing significantly
dropped the case counts by mid-March. The second wave erupted in May when non-
essential businesses reopened [28] in Seoul, which spread to its surrounding metropolises,
Ulsan and Busan, and Gyeonggi-do.

The types of risk determinants changed over the pandemic phases. Analysis stratified by
periodic phases found that the initially high risk in the early period gradually decreased
except healthcare access, health behaviour and crowding- associated risk, which increased
in strength and concentrated in the capital and its surrounding provinces in the late phases
(Figures 3 and 4). Risk reductions could be explained by the impact of effective control
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measures that lowered the risk associated with these determinants and drop in an effective
reproduction number (Re), as the number of infection-susceptible people decreased over
time [33].

In the early phase, all health/SE themes were statistically significantly associated with
COVID-19 incidence. As anticipated, there was no excess risk at Daegu and its surrounding
areas since the abnormally high spike of COVID-19 cases was caused by local church’s
activities [22,28] without relevance to the local area’s social status.

The increase in health behaviour-associated risk is consistent with reports showing
greater risk with poor emotional health [30], smoking [34], and obesity [1,35]. Individual
patient-level COVID-19 risk-factors analysis Lusignan et al.,2020 [1] reported smoking
was a protective factor. However, the authors warned that the low proportion of current
smokers in their study sample (11.4%), resulted in a wide confidence interval of the
reported odds ratio, 0.59 (0.42-0.83). This increases the uncertainty of their result. Greater
COVID-19 risk among the people with lower education has been explained as a reduced
awareness of disease risk and low-income to obtain education. This relationship was
clearly seen in our results as higher education associated with lower COVID-19 incidence.
The difficulty to social distancing in this study directly reflected the inability to afford
unemployment possibly resulting in the reduced exertion of protective measures [30,31].
The risks associated with social distancing and area-morbidity peaked in the study’s early
phase appeared to reduce in the middle phase, and completely remediated in the study’s
late phase.

In the middle phase, all of the previous risk factors except for risky health behaviours,
population mobility, and crowding were high. The middle phase’s lessened risk associated
with risky health behaviours, population mobility and crowding may reflect the impact
of the Prime Minister’s declaration. This implemented active interventions for social
distancing, community health education, testing with local contact, tracing, and hospital-
based or self-isolation during March'’s first weeks.

Notably, the late phase findings are consistent with the risk factors reported associated
with the second wave in early May. During our study’s late phase, South Korea scaled
up free testing and treatment through its existing health care centres [28,36], which may
have improved healthcare access a key measure for combating COVID-19. Our finding that
healthcare access exerts a stronger protective effect in the late phase compared with the
earlier phases supports this. Our findings of increased risk associated with risky health
behaviours may have captured behavioural fatigue at a population-scale in response to
the country’s multiple quarantine period extensions [37] that likely were exacerbated by
entertainment business re-openings (i.e., night clubs, karaoke) in early May. Elevated risks
associated with increased crowding in the study’s late phase reflects the outbreak’s second
wave, which occurred in South Korea’s most crowded region: Seoul and its surroundings
(Figure 3).

Spatial variation in the SES-related risk factors across the pandemic phases potentially reflect
the geography-specific control measures and/or the differential public response to the measures.
GWNBR models revealed the pandemic phase-specific spatial variation for all health /SE
themes except for population mobility which was not significant beyond the early phase.
This may indicate that the effectiveness of the control measures varied over time potentially
due to differential interventions or public response across the municipal districts. Our
findings may also indicate a dynamic change in population vulnerability throughout the
pandemic “a person not considered vulnerable at the outset of a pandemic can become
vulnerable depending on the policy response” as a Lancet editorial stated [38].

The factors increasing our recommended framework’s robustness include: (1) SES
measurement and relationship conceptualization of the exposure (health/SE themes) and
outcome (COVID-19 incidence) based on the refined conceptual framework; (2) joint use
of conceptual and statistical modelling; (3) complementary use of global and local spatial
statistics; and (4) stratified analysis by pandemic phases that enable us to capture the
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spatial variation over pandemic phases. However, this methodological framework relies
on carefully collected country-specific data.

Our study is subject to ecological fallacy inherent to the study design. However,
our empty hierarchical mixed model accounting for the individual and district-level data
shows that 61% of the COVID-19 incidence distribution variation was explained by the
district-level factors, leaving 39% of the variability for an explanation by individual factors.

We verified that the data estimation for Daegu city subparts did not affect the study
results. The comparison of the intercept, standard error, relative risk and p-value between
the models with and without the estimated data showed that the intercept and standard
error were diminished by 2.2% and by 9.2%, respectively in the models, including estimated
data [each calculated by 100 x (—12.29 — (—12.56))/—12.29 and 100 x (1.88 — 2.95)/1.88,
respectively]. A significance level change was observed for none of the model estimates,
except for crowding. The p-value changed from ~0.06 to ~0.04 when the estimated data
were excluded. However, the crowding-associated risk remains significant at p = 0.1. Model
details are provided in Table S4. To assess the periodic trend in the relative COVID-19 risk
associated with SES factors, we conducted stratified analyses by the early, middle, and
late phases corresponding with 20 January-20 March, 21 March—-15 April, and 16 April-
1 July 2020.

Population-based COVID-19 studies are prone to response bias, which would not
exist if everybody was tested. However, multiple factors determine testing coverage, there-
fore, the number of confirmed cases, such as easy access for testing and its accuracy [39],
contact tracing strategies [40], under-testing of asymptomatic patients [41]. Also, psy-
chological factors, a fear of COVID-19 [42], risk perception [43—45], and stigma related
testing avoidance [46] impact testing rate. Potential bias in this study is expected to be
low given South Korea’s anti-pandemic strategies. Importantly, the country’s COVID-19
relief programs supported with 15 billion Korea won, dedicated to support vulnerable
populations may have reduced the potential testing disparity by socioeconomic status. All
Koreans and foreigners were entitled to free testing and treatment, while testing access
was more convenient through an extended number of rapid diagnostic centres and testing
prompts through mobile phones. Contact tracing-based testing increases the likelihood
of capturing asymptomatic cases. Korean tracing system has been reported as the global
best practice lending to its advanced information technology system and data extensions
through large consumer and healthcare databases (global positioning system, credit card
transactions, closed-circuit television and medical facility use records) [47,48]. Testing
avoidance from fear of stigma [46,49] would likely have affected the early period of the
analysis, which strongly reflected the abnormally high spike of cases in Daegu city traced
to the local church. The city has not disclosed the data with necessary granularity for a
further investigation of this matter, as of writing. However, given these factors would likely
result in under-estimation of confirmed cases, any bias in our results should be toward
the null.

5. Conclusions

The demonstrated methodology guides to design of multiple-determinant targeted
interventions and pinpoint high-risk locales to remediate the excess COVID-19 risk at-
tributable to socioeconomic disadvantages. Overall, our work has demonstrated that the
anti-pandemic measures taken by the South Korean government were effective.

1.  The completely remediated risk associated with area-morbidity and difficulty to
social distancing is likely to be explained by the country’s emergency relief programs
that targeted vulnerable individuals with socioeconomic disadvantages: Foreign
workers, homeless, poor urban residents, disabled people, and elderly. The assistance
programs provided free testing, financial support, food assistance, health check-up
visits, as they acknowledged excess hardship in adhering to social distancing rules
because of inability to afford unemployment.



Int. J. Environ. Res. Public Health 2021, 18, 604 11 of 14

2. The observed overall protective effect of improved healthcare access and higher edu-
cation in our study support the rationale behind the country’s primary anti-pandemic
agenda to strengthen healthcare facilities for rapid diagnostic and therapeutic ser-
vices, combined with actionable health promotion rules which reportedly gained high
public compliance.

3. However, we found risky health behaviour was a persistent risk factor during both
major outbreaks in Daegu and Seoul. Elevated crowding associated risk coincided
with the Seoul outbreak, as anticipated.

4.  Persistently high-risks associated with health behaviour and crowding, combined
with the reduced protective effect of healthcare access and education in the study’s
late phase may corroborate the finding that a prolonged pandemic induces adherence
fatigue and lessened risk perception [31,37].

South Korean public health interventions have been discussed in detail elsewhere [28]
and we endorse the country’s anti-pandemic interventions as guidance to international
policymakers. The main highlights were: (1) Targeting vulnerable locales to COVID-19
and aiming to address multiple risk factors considering emergency relief programs to
provide financial support, food assistance, health check-up visits; (2) implementing social
distancing while assisting individuals with difficulty to social distancing. Social distancing
measures may include school/business closures, hospital-based or self-isolated quarantine;
(3) improving healthcare access for expanded testing and treatment with priority health
services made available to the individual with extenuating medical conditions; (4) strength-
ening existing healthcare facilities and extending rapid diagnostic centres to enable easily
accessible and free testing; (5) enhancing case identification capacity through information
technology, such as contact tracing, mobile phone-based testing prompts and general risk
alerts, rapid case-isolation by automated test result delivery to the testee’s mobile phones.

We emphasize the importance to anticipate adherence, behavioural, and mental fatigue
over the course of a prolonged epidemic. In the latter phase of the epidemic, we recommend
paying intensified attention to the urban and highly crowded areas to prevent a potential
outbreak as well as promoting creative social networking solutions (drive-through services,
virtual social events, telehealth, etc.) and ensuring emerging vaccine accessibility for the
socially disadvantaged population [50].

We intend that this framework can be replicable to both, international researchers and
policymakers, in order to enable rapid pandemic responses. As socioeconomic disparity
is a global problem, nationwide programs with an intensified focus on the vulnerable
populations at excess risk to pandemic ensure the efficacy and efficiency of pandemic
alleviation efforts.

Future research should assess the mortality, and mortality and incidence ratio as a
crude surrogate for survival using the same study design and methodology. Understanding
the impact of socio-economic and epidemiological risk factors on mortality compared
with incidence would clarify the extent of the potentially preventable deaths through
modifications of the assessed risk factors. The overall and spatial disparity between
mortality, incidence, and mortality /incidence ratio would inform where intensified public
health and intensified healthcare services are needed.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/1660-460
1/18/2/604/s1, Table S1 Confirmed cases of COVID-19 diagnosed during 20 January-1 July 2020 in
South Korea by pandemic phases, Table S2: Data sources reviewed and used for SES measurement,
Table S3: PCA details showing factor scores with their weights, and selected area health and SES
variables and thematic composite indices, Table S4: GNBR model estimates with and without the
estimated data for Daegu’s subparts throughout study period (20 January through 1 July 2020),
Table S5: Parameter estimates and the Relative Risk of the COVID-19 incidence associated with health
and SES determinants by three time periods corresponding with the early, middle and late phases,
Table S6: Matrix table of Pearson’s correlation coefficients (r).


https://www.mdpi.com/1660-4601/18/2/604/s1
https://www.mdpi.com/1660-4601/18/2/604/s1

Int. J. Environ. Res. Public Health 2021, 18, 604 12 of 14

Author Contributions: Conceptualization, BW., D.EK., S.P, and T.B.; methodology, B.W. and
A.R.d.S,; software, A.R.d.S. and B.W.; validation, B.W., D.E K., and A.R.d.S.; formal analysis, B.W. and
A.R.d.S,; investigation, B.W., GJ K., ] K., D.EK; resources, D.O.C., BW., AR.dS., JK,G]JK, DEK,
and P.A.C,; data curation, B.W,, ] K., and G.J.K,; writing—original draft preparation, BW., A.R.d.S.,
and D.E.K,; writing—review and editing, D.O.C., BW,, D.EK,, YL., ARdS, GJK, SP, PAC,
and T.B.; visualization, A.R.d.S., BW.,, GJ.K,, D.EK,, PA.C. and ].K,; supervision, B.W., D.O.C., and
D.E.K.,; project administration, B.W. and D.E.K. All authors have read and agreed to the published
version of the manuscript.

Funding: The work described here was not funded by any source. Dr. Kouzoukas received research
grant support from the US Department of Veterans Affairs (I21 RX003170 to DEK).

Exemption of Institutional Review Board and Ethics Committee Approval : This study was based
on the daily case reports of KCDC and local governments from the same time period. These data were
made available to the public under the KOCL (Korea Open Government License). Ethics committee
approval was not required since the study did not involve patients or the public in the design, or
conduct, or reporting, or dissemination plans.

Informed Consent Statement: Patient consent was unnecessary because the study (1) did not contain
personal identifiable information, and (2) did not involve patients or the public in the design, or
conduct, or reporting, or dissemination plans.

Data Availability Statement: The COVID-19 incidence data used in this study is available through a
publicly accessible repository https://www.kaggle.com/kimjihoo/coronavirusdataset. Socioeco-
nomic and epidemiological datasets used in this study can be found at https://KOSIS kr.

Conflicts of Interest: The authors declare no conflict of interest. The views expressed here are those
of the authors and do not necessarily reflect that of any government agency or institution.

References

1.

10.
11.

12.

13.

14.

15.
16.

de Lusignan, S.; Dorward, J.; Correa, A.; Jones, N.; Akinyemi, O.; Amirthalingam, G.; Andrews, N.; Byford, R.; Dabrera, G.;
Elliot, A.; et al. Risk factors for SARS-CoV-2 among patients in the Oxford Royal College of General Practitioners Research and
Surveillance Centre primary care network: A cross-sectional study. Lancet Infect. Dis. 2020, 20, 1034-1042. [CrossRef]

Quinn, S.C.; Kumar, S.; Freimuth, V.S.; Musa, D.; Casteneda-Angarita, N.; Kidwell, K. Racial disparities in exposure, susceptibility,
and access to health care in the US HIN1 influenza pandemic. Am. J. Public Health 2011, 101, 285-293. [CrossRef] [PubMed]
Kim, S.; Kim, S. Exploring the Determinants of Perceived Risk of Middle East Respiratory Syndrome (MERS) in Korea. Int. |.
Environ. Res. Public Health 2018, 15, 6. [CrossRef] [PubMed]

Stone, A.A.; Krueger, A.B.; Steptoe, A.; Harter, ].K. The socioeconomic gradient in daily colds and influenza, headaches, and pain.
Arch. Intern. Med. 2010, 170, 570-572. [CrossRef] [PubMed]

Jung, J.; Manley, J.; Shrestha, V. Coronavirus Infections and Deaths by Poverty Status: The Effects of Social Distancing. J. Econ.
Behav. Organ 2020. [CrossRef] [PubMed]

Glanz, K.; Bishop, D.B. The role of behavioral science theory in development and implementation of public health interventions.
Annu. Rev. Public Health 2010, 31, 399—418. [CrossRef]

Zulman, D.M.; Vijan, S.; Omenn, G.S.; Hayward, R.A. The relative merits of population-based and targeted prevention strategies.
Milbank Q. 2008, 86, 557-580. [CrossRef]

Oakes, ].M.; Rossi, PH. The measurement of SES in health research: Current practice and steps toward a new approach. Soc. Sci.
Med. 2003, 56, 769-784. [CrossRef]

Blumenshine, P; Reingold, A.; Egerter, S.; Mockenhaupt, R.; Braveman, P.; Marks, J. Pandemic influenza planning in the United
States from a health disparities perspective. Emerg Infect Dis 2008, 14, 709-715. [CrossRef]

Jarman, B.; Townsend, P.; Carstairs, V. Deprivation indices. BM] 1991, 303, 523. [CrossRef]

Surgo Foundation, The COVID-19 Community Vulnerability Index (CCVI). 2020. Available online: https:/ /precisionforcovid.
org/ccvi (accessed on 15 September 2020).

Mollalo, A.; Vahedi, B.; Rivera, K.M. GIS-based spatial modeling of COVID-19 incidence rate in the continental United States. Sci.
Total Environ. 2020, 728, 138884. [CrossRef]

Zhu, Y.; Chen, Y.Q. On a Statistical Transmission Model in Analysis of the Early Phase of COVID-19 Outbreak. Stat. Biosci. 2020,
1-17. [CrossRef]

da Silva, A.R.; Rodrigues, T.C.V. Geographically Weighted Negative Binomial Regression—incorporating overdispersion. Stat.
Comput. 2014, 24, 769-783. [CrossRef]

Ma, J. Estimating epidemic exponential growth rate and basic reproduction number. Infect. Dis. Model. 2020, 5, 129-141. [PubMed]
Firth, J.A.; Hellewell, J.; Klepac, P.; Kissler, S.; Group, C.C.-W.; Kucharski, A.J.; Spurgin, L.G. Using a real-world network to model
localized COVID-19 control strategies. Nat. Med. 2020, 26, 1616-1622. [CrossRef]


https://www.kaggle.com/kimjihoo/coronavirusdataset
https://KOSIS.kr
http://doi.org/10.1016/S1473-3099(20)30371-6
http://doi.org/10.2105/AJPH.2009.188029
http://www.ncbi.nlm.nih.gov/pubmed/21164098
http://doi.org/10.3390/ijerph15061168
http://www.ncbi.nlm.nih.gov/pubmed/29867054
http://doi.org/10.1001/archinternmed.2010.20
http://www.ncbi.nlm.nih.gov/pubmed/20308645
http://doi.org/10.1016/j.jebo.2020.12.019
http://www.ncbi.nlm.nih.gov/pubmed/33362321
http://doi.org/10.1146/annurev.publhealth.012809.103604
http://doi.org/10.1111/j.1468-0009.2008.00534.x
http://doi.org/10.1016/S0277-9536(02)00073-4
http://doi.org/10.3201/eid1405.071301
http://doi.org/10.1136/bmj.303.6801.523-a
https://precisionforcovid.org/ccvi
https://precisionforcovid.org/ccvi
http://doi.org/10.1016/j.scitotenv.2020.138884
http://doi.org/10.1007/s12561-020-09277-0
http://doi.org/10.1007/s11222-013-9401-9
http://www.ncbi.nlm.nih.gov/pubmed/31956741
http://doi.org/10.1038/s41591-020-1036-8

Int. J. Environ. Res. Public Health 2021, 18, 604 13 of 14

17.

18.

19.
20.

21.
22.

23.

24.

25.

26.
27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.
39.

40.

41.

42.

43.

44.

45.

46.

Korea Centers for Disease Control and Prevention, Coronavirus Infectious Disease-19 Outbreak in Korea (Regular Briefing on
July 1). 2020. Available online: http://ncov.mohw.go.kr/ (accessed on 1 September 2020).

Kim, J. DS4C: Data Science for COVID-19 in South Korea. 2020. Available online: https://www.kaggle.com/kimjihoo/
coronavirusdataset (accessed on 16 September 2020).

Coleman, ].S. Foundations of Social Theory; Harvard University Press: Cambridge, MA, USA, 1998.

Covid-19 National Emergency Response Center; Case Management Team. Prevention, Coronavirus Disease-19: The First 7755
Cases in the Republic of Korea. Osong. Public Health Res. Perspect. 2020, 11, 85-90.

Koh, D. Occupational risks for COVID-19 infection. Occup. Med. 2020, 70, 3-5. [CrossRef]

Oh, J.; Lee, ].K,; Schwarz, D.; Ratcliffe, H.L.; Markuns, J.E; Hirschhorn, L.R. National Response to COVID-19 in the Republic of
Korea and Lessons Learned for Other Countries. Health Syst. Reform 2020, 6, €1753464. [CrossRef]

Richardson, S.; Hirsch, J.S.; Narasimhan, M.; Crawford, ].M.; McGinn, T.; Davidson, K.W.; the Northwell COVID-19 Research
Consortium; Barnaby, D.P.,; Becker, L.B.; Chelico, ].D.; et al. Presenting Characteristics, Comorbidities, and Outcomes Among
5700 Patients Hospitalized With COVID-19 in the New York City Area. JAMA 2020, 323, 2052-2059. [CrossRef]

Quinn, S.C.; Kumar, S. Health inequalities and infectious disease epidemics: A challenge for global health security. Biosecur.
Bioterror. 2014, 12, 263-273. [CrossRef]

Korea, S. KOSIS. KOrean Statistical Information System. Available online: http://kosis.kr/index/index.do (accessed on 15
August 2020).

Wichern, R.A.J.D.W. Applied Multivariate Statistical Analysis, 4th ed.; Pearson: London, UK, 1998.

da Silva, A.R; Fotheringham, A.S. The Multiple Testing Issue in Geographically Weighted Regression. Geogr. Anal. 2016, 48,
233-247. [CrossRef]

Her, M. How Is COVID-19 Affecting South Korea? What Is Our Current Strategy? Disaster. Med. Public Health Prep. 2020, 14,
684-686. [CrossRef] [PubMed]

Ji, Y.; Ma, Z.; Peppelenbosch, M.P; Pan, Q. Potential association between COVID-19 mortality and health-care resource availability.
Lancet Glob. Health 2020, 8, 480. [CrossRef]

Bavel, J.J.V,; Baicker, K.; Boggio, P.S.; Capraro, V.; Cichocka, A.; Cikara, M.; Crockett, M.].; Crum, A.J.; Douglas, K.M.; Druckman,
J.N.; et al. Using social and behavioural science to support COVID-19 pandemic response. Nat. Hum. Behav. 2020, 4, 460-471.
[CrossRef] [PubMed]

Bruine de Bruin, W.; Bennett, D. Relationships Between Initial COVID-19 Risk Perceptions and Protective Health Behaviors: A
National Survey. Am. J. Prev. Med. 2020, 59, 157-167. [CrossRef] [PubMed]

Jia, J.S,; Lu, X;; Yuan, Y,; Xu, G, Jia, J.; Christakis, N.A. Population flow drives spatio-temporal distribution of COVID-19 in China.
Nature 2020, 582, 389-394. [CrossRef]

Anderson, R.M.; Heesterbeek, H.; Klinkenberg, D.; Hollingsworth, T.D. How will country-based mitigation measures influence
the course of the COVID-19 epidemic? Lancet 2020, 395, 931-934. [CrossRef]

Vardavas, C.I.; Nikitara, K. COVID-19 and smoking: A systematic review of the evidence. Tob. Induc. Dis. 2020, 18, 20. [CrossRef]
Lighter, J.; Phillips, M.; Hochman, S.; Sterling, S.; Johnson, D.; Francois, F.; Stachel, A. Obesity in Patients Younger Than 60 Years
Is a Risk Factor for COVID-19 Hospital Admission. Clin. Infect. Dis. 2020, 71, 896-897. [CrossRef]

Tanne, ].H.; Hayasaki, E.; Zastrow, M.; Pulla, P.; Smith, P; Rada, A.G. Covid-19: How doctors and healthcare systems are tackling
coronavirus worldwide. BMJ 2020, 368, m1090. [CrossRef]

Brooks, S.K.; Webster, R.K.; Smith, L.E.; Woodland, L.; Wessely, S.; Greenberg, N.; Rubin, G.J. The psychological impact of
quarantine and how to reduce it: Rapid review of the evidence. Lancet 2020, 395, 912-920. [CrossRef]

Lancet, T. Redefining vulnerability in the era of COVID-19. Lancet 2020, 395, 1089. [CrossRef]

Omori, R.; Mizumoto, K.; Chowell, G. Changes in testing rates could mask the novel coronavirus disease (COVID-19) growth
rate. Int. |. Infect. Dis. 2020, 94, 116-118. [CrossRef] [PubMed]

Kretzschmar, M.E.; Rozhnova, G.; Bootsma, M.C.J.; van Boven, M.; van de Wijgert, J.; Bonten, M.]J.M. Impact of delays on
effectiveness of contact tracing strategies for COVID-19: A modelling study. Lancet Public Health 2020, 5, e452—-e459. [CrossRef]
Kinoshita, R.; Anzai, A.; Jung, S.M.; Linton, N.M.; Miyama, T.; Kobayashi, T.; Hayashi, K.; Suzuki, A.; Yang, Y.; Akhmetzhanov,
AR, et al. Containment, Contact Tracing and Asymptomatic Transmission of Novel Coronavirus Disease (COVID-19): A
Modelling Study. J. Clin. Med. 2020, 9, 10. [CrossRef] [PubMed]

Harper, C.A.; Satchell, L.P; Fido, D.; Latzman, R.D. Functional Fear Predicts Public Health Compliance in the COVID-19
Pandemic. Int. ]. Ment. Health Addict. 2020, 1-14. [CrossRef] [PubMed]

Dryhurst, S.; Schneider, C.R.; Kerr, J.; Freeman, A.L.J.; Recchia, G.; van der Bles, A.M.; Spiegelhalter, D.; van der Linden, S. Risk
perceptions of COVID-19 around the world. . Risk Res. 2020, 23, 994-1006. [CrossRef]

Wise, T.; Zbozinek, T.D.; Michelini, G.; Hagan, C.C.; Mobbs, D. Changes in risk perception and self-reported protective behaviour
during the first week of the COVID-19 pandemic in the United States. R. Soc. Open Sci. 2020, 7, 200742. [CrossRef]
Irigoyen-Camacho, M.E.; Velazquez-Alva, M.C.; Zepeda-Zepeda, M.A.; Cabrer-Rosales, M.F.; Lazarevich, I.; Castano-Seiquer, A.
Effect of Income Level and Perception of Susceptibility and Severity of COVID-19 on Stay-at-Home Preventive Behavior in a
Group of Older Adults in Mexico City. Int. ]. Environ. Res. Public Health 2020, 17, 20. [CrossRef]

Baldassarre, A.; Giorgi, G.; Alessio, F.; Lulli, L.G.; Arcangeli, G.; Mucci, N. Stigma and Discrimination (SAD) at the Time of the
SARS-CoV-2 Pandemic. Int. J. Environ. Res. Public Health 2020, 17, 17. [CrossRef]


http://ncov.mohw.go.kr/
https://www.kaggle.com/kimjihoo/coronavirusdataset
https://www.kaggle.com/kimjihoo/coronavirusdataset
http://doi.org/10.1093/occmed/kqaa036
http://doi.org/10.1080/23288604.2020.1753464
http://doi.org/10.1001/jama.2020.6775
http://doi.org/10.1089/bsp.2014.0032
http://kosis.kr/index/index.do
http://doi.org/10.1111/gean.12084
http://doi.org/10.1017/dmp.2020.69
http://www.ncbi.nlm.nih.gov/pubmed/32241325
http://doi.org/10.1016/S2214-109X(20)30068-1
http://doi.org/10.1038/s41562-020-0884-z
http://www.ncbi.nlm.nih.gov/pubmed/32355299
http://doi.org/10.1016/j.amepre.2020.05.001
http://www.ncbi.nlm.nih.gov/pubmed/32576418
http://doi.org/10.1038/s41586-020-2284-y
http://doi.org/10.1016/S0140-6736(20)30567-5
http://doi.org/10.18332/tid/119324
http://doi.org/10.1093/cid/ciaa415
http://doi.org/10.1136/bmj.m1090
http://doi.org/10.1016/S0140-6736(20)30460-8
http://doi.org/10.1016/S0140-6736(20)30757-1
http://doi.org/10.1016/j.ijid.2020.04.021
http://www.ncbi.nlm.nih.gov/pubmed/32320809
http://doi.org/10.1016/S2468-2667(20)30157-2
http://doi.org/10.3390/jcm9103125
http://www.ncbi.nlm.nih.gov/pubmed/32992614
http://doi.org/10.1007/s11469-020-00281-5
http://www.ncbi.nlm.nih.gov/pubmed/32346359
http://doi.org/10.1080/13669877.2020.1758193
http://doi.org/10.1098/rsos.200742
http://doi.org/10.3390/ijerph17207418
http://doi.org/10.3390/ijerph17176341

Int. J. Environ. Res. Public Health 2021, 18, 604 14 of 14

47.

48.

49.

50.

Park, YJ.; Choe, YJ.; Park, O.; Park, S.Y.; Kim, YM.; Kim, J.; Kweon, S.; Woo, Y.; Gwack, J.; Kim, S.S; et al. Contact Tracing during
Coronavirus Disease Outbreak, South Korea, 2020. Emerg. Infect. Dis. 2020, 26, 2465-2468. [CrossRef] [PubMed]

Lee, SSW.; Yuh, W.T,; Yang, ].M.; Cho, Y.S.; Yoo, LK.; Koh, H.Y.; Marshall, D.; Oh, D.; Ha, EK.; Han, M.Y,; et al. Nationwide Results
of COVID-19 Contact Tracing in South Korea: Individual Participant Data From an Epidemiological Survey. JMIR Med. Inf. 2020,
8,€20992. [CrossRef] [PubMed]

Logie, C.H.; Turan, ]. M. How Do We Balance Tensions Between COVID-19 Public Health Responses and Stigma Mitigation?
Learning from HIV Research. Aids Behav. 2020, 24, 2003-2006. [CrossRef] [PubMed]

World Health Organization. Ten Threats to Global Health in 2019. Available online: https:/ /www.who.int/news-room/spotlight/
ten-threats-to-global-health-in-2019 (accessed on 3 January 2021).


http://doi.org/10.3201/eid2610.201315
http://www.ncbi.nlm.nih.gov/pubmed/32673193
http://doi.org/10.2196/20992
http://www.ncbi.nlm.nih.gov/pubmed/32784189
http://doi.org/10.1007/s10461-020-02856-8
http://www.ncbi.nlm.nih.gov/pubmed/32266502
https://www.who.int/news-room/spotlight/ten-threats-to-global-health-in-2019
https://www.who.int/news-room/spotlight/ten-threats-to-global-health-in-2019

	Introduction 
	Materials and Methods 
	Study Design and Population 
	Conceptual Model 
	SES Measurement and Epidemiological Factors 
	Global Models 
	Local Spatial Models 

	Results 
	Discussion 
	Conclusions 
	References

