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Predicting COVID-19 transmission in a student population
in Seoul, South Korea, 2020-2021
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Background: As coronavirus disease 2019 (COVID-19)
transmission depends on factors such as demography, comor-
bidity, and patterns of daily activity, a better understanding of
the societal factors of the infection among students would be
useful in planning prevention strategies. However, no studies to
date have focused on societal factors associated with COVID-19
transmission among students.

Purpose: This study aimed to characterize the factors of a
student population associated with COVID-19 transmission in
the metropolitan city of Seoul, South Korea.

Methods: We analyzed the epidemiological data for labora-
tory-confirmed (reverse transcription polymerase chain reac
tion) COVID-19 cases collected by the Korea Disease Control
and Prevention Agency and Ministry of Education from January
2020 to October 2021. We calculated the global Moran’s index,
local Moran’s index, and Getis-Ord’s index. A spatial regression
analysis was performed to identify sociodemographic predictors
of COVID-19 at the district level.

Results: The global spatial correlation estimated by Moran’s
index was 0.082 for the community population and 0.064
for the student population. The attack rate of adults aged 30—
59 years (P=0.049) was associated with an increased risk of
COVID-19 attack rates in students, whereas the number of
students per primary- (°=0.003) and middle- (P=0.030) school
class was inversely associated with risk of COVID-19 attack
among students.

Conclusion: We found that COVID-19 transmission was
more attributable to the community-level burden in students
than adults. We recommend that public health initiatives target
initiatives that protect students from COVID-19 when the
community carries a high burden of infection.

Key words: Coronavirus, SARS-CoV-2, COVID-19, Schools,
Students

Key message

Question: What is the spatial distribution and determinants
of coronavirus disease 2019 (COVID-19) infection among

students in Korea?

Finding: The community population was closely associated
with the risk of COVID-19, and the number of students per
school class were inversely associated with COVID-19 rates
in students.

Meaning: Our finding suggests that controlling the commu-
nity-level burden of COVID-19 can help prevent sudden
acute respiratory syndrome coronavirus 2 infection in school-
aged children.

Introduction

The coronavirus disease 2019 (COVID-19) pandemic has
posed an unprecedented public health challenge globally. COVID-
19 pandemic has led many countries to issue restrictive measures
including school closures, affecting billions of students across the
world.? YIn children, COVID-19 has a range of presentations,
from an asymptomatic to an acute respiratory infection requiring
hospitalization.? Yet, the severity in younger age group is lower
than that of older population, thus, the net benefit of school
closure in aim to mitigate COVID-19 outbreak has not been
established.?)

As COVID-19 transmission depends on factors such as
demography, comorbidity, and pattern of daily activity, a better
understanding of the societal factors of the infection in students
would be useful in planning prevention strategies.¥ South
Korea has faced number of public health measures to mitigate
from COVID-19 transmission in schools and in communities.®)
Although the schools were being closed in the beginning of the
pandemic, the sequential opening and normalization has been
made during the second year of pandemic response.®) However,
no studies have yet focused on societal factors associated with
COVID-19 transmission in student population.

In this study, we aimed to characterize the factors of student
population associated with COVID-19 transmission in metro-
politan city of Seoul, South Korea.
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Methods

The Seoul Metropolitan covers 605.24 km? and had a pop-
ulation of approximately 9 million (9,453,878) in 2021. It
consists of 25 districts (gu).” The student population is comprised
of children attending kindergarten or all schools (K-12) in Korea
and is estimated at 1.1 million (1,136,363) in 2021, around 12%
of the total community population.”

We analyzed the epidemiological data on laboratory-confirm-
ed (reverse transcription polymerase chain reaction) COVID-19
cases collected by the Korea Disease Control and Prevention
Agency and Ministry of Education during the period from
January 2020 to October 2021. We calculated the COVID-19
attack rate by age in each district using midyear population data
from the Korean National Statistics Office. Sociodemographic
data on population density, number of students per kindergarten,
elementary school, middle school, and high school classes,
number of private academies per 1000 persons for each district
were retrieved.

To examine the spatial distribution of incidence rates among
the districts and their spatial autocorrelation, we visualized the
district incidence rates using a 10-color scale and calculated the
global Moran’s index to measure spatial autocorrelation based
on locations and to evaluate whether the pattern expressed
is clustered, dispersed, or random. To find local indicators of
spatial association, the local Moran’s index and Getis-Ord’s
index, which display ‘hot spots’ (high values next to high) and
‘cold spots’ (low values next to low) clustering to identify local
clusters and local spatial outliers, were calculated.

Spatial regression analysis was performed to find sociode-

mographic predictors of the COVID-19 attack rate at the district
level.

We used different sociodemographic factors to predict the
COVID-19 attack rates for the total population and the student
population; population density, percentage of the aged 3-18
years old (students), percentage of the aged 30-59 years old
(workers), percentage of foreign citizens were included as
predictors of the attack rates for the total population; population
density, attack rate of the aged 30-59 years old, number of
students per class (kindergarten, primary-, middle-, and high
school each), number of private academies per 100 persons,
percentage of foreign citizens for the student population.
The spatial lag and spatial error model are an extension of the
traditional ordinary least square regression model that includes
the spatial dependency of variables or errors in the model. The
spatial lag model takes the following form:

Y=pWY+XB+e

Where values of the dependent variable in neighboring
locations (WY) are included as an extra explanatory variable. The
spatial error model takes the following form:

Y=XB+AWe+u

Where values of the residuals in neighboring locations (We)
are included as an extra term in the equation.

We used GeoDa software (version 1.20, The University of
Chicago, IL, USA) to visualize maps of incidence rates and local
clusters and to conduct the spatial regression analyses. This study
was reviewed and was approved by the Institutional Review
Board (IRB) of Korea University Anam Hospital (IRB No.
2021AN0314).
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Table 1. Rate of COVID-19 cases in Seoul, South Korea, 2020-2021

Districts

Student populations

Community populations

Population (n)

COVID-19 cases (n)

Attack rate (per 1,000)

Population (n)  COVID-19 cases (n) Attack rate (per 1,000)

Seoul total (n=25)
Jung-gu
Jongno-qu
Gangbuk-gu
Dongjak-gu
Yongsan-gu
Nowon-gu
Geumcheon-gu
Jungnang-gu
Dongdaemun-gu
Gwangjin-gu
Seongdong-gu
Gwanak-gu
Seongbuk-gu
Yeongdeungpo-gu
Gangnam-gu
Eunpyeong-gu
Mapo-gu
Songpa-gu
Seodaemun-gu
Gangseo-gu
Guro-gu
Gangdong-gu
Seocho-gu
Dobong-gu
Yangcheon-gu

1,136,363
10,409
14,910
30,296
41,831
22,642
70,446
21,432
39,341
35,002
36,443
30,943
39,653
53,544
39,105
81,622
55,331
42,756
89,811
34,780
67,661
46,257
60,646
66,324
35,747
69,440

4,839
113
105
166
228
121
371
107
192
168
170
143
180
242
172
342
231
173
349
135
242
158
200
211
108
212

4.26
10.86
7.04
5.48
5.45
534
527
4.99
4.88
4.80
4.66
4.62
4.54
4.52
4.40
4.19
417
4.05
3.89
3.88
3.58
3.42
3.30
3.18
3.02
3.05

9,453,878 116,374 12.31
120,431 4,149 34.45
142,767 2,933 20.54
299,249 3,118 10.42
383,558 4,788 12.48
218,386 3,359 15.38
512,275 4,370 8.53
228,300 2,779 1217
386,617 4,320 11.17
335,066 4,842 14.45
338,991 4,221 12.45
285,433 3,254 11.40
484,198 5,701 11.77
427,809 4,399 10.28
372,444 5,622 15.09
525,570 9,012 17.15
469,877 4,993 10.63
364,220 3,963 10.88
655,395 8,326 12.70
303,145 3,138 10.35
571,614 5,278 9.23
396,843 6,144 15.48
456,069 4,746 10.41
411,435 6,124 14.88
317,795 3,090 9.72
446,398 3,705 8.30

COVID-19, coronavirus disease 2019.
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Fig. 1. Attack rate per 1,000 cases of coronavirus disease 2019, Seoul, January 2020 to October 2021. (A) Students. (B)

Community population.
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Results

The weekly COVID-19 incidences among the total popula-
tion of 116,374 and among the student population of 4,839
during the period from the 4th week in 2020 to the 44th week in
2021 (from 19 Jan 2020 to 26 Oct 2021) was noted in Seoul city.
The COVID-19 incidence and attack rates among the student
population and community population in the 25 districts during
the monitored period were summarized (Table 1). Among the
student population, Jung-gu (10.86 per 1,000) recorded the
highest attack rate, followed by Jongno-gu (7.04 per 1,000), and
Gangbuk-gu (5.48 per 10,000) (Table 1, Fig. 1A). Among the
community population, Jung-gu (34.45 per 1,000) recorded the
highest attack rate, followed by Jongno-gu (20.54 per 10,00),
and Yongsan-gu (15.38 per 1,000) (Table 1, Fig. 1B). The highest
attack rate of adults aged 30-59 years was in Jung-gu (38.44 per
1,000), followed by Jongno-gu (21.90 per 1,000) and Gangnam-
gu (18.35 per 1,000) (Table 2). The population density was the
highest in Yangcheon-gu (26,661,98 persons/km?). The number
of students per class ranged 17-27 persons in kindergarten,
elementary, middle, and high schools (Table 2).

The global spatial correlation estimated by Moran’s I was

0.082 for the community population and 0.064 for the student
population. This reflects that the student population was spatially
less correlated than the total population. Spatial clustering,
demonstrating local autocorrelation, was examined by local
Moran’s index and Getis-Ord’s G and showed similar patterns
with hot spots and cold spots. Among the student population,
the hot spot was detected only in Dongdaemun-gu and the
cold spot was detected in Yangcheon-gu (Fig. 2A). Among the
community population, hot spots were detected in central area
of Seoul including Jung-gu, Yongsan-gu, and Dongdaemun-gu,
and cold spots were detected in northern area of Seoul including
Gangbuk-gu, Dobong-gu, and Nowon-gu (Fig. 2B).

Attack rate of adults aged 30-59 years (P=0.049) was asso-
ciated with increased risk of COVID-19 attack rates in students
(Table 3), whereas the number of students per primary- (P=
0.003) and middle- (P=0.030) schools’ class were inversely
associated with risk of COVID-19 attack rates in students.
According to the results from regression analysis, spatial error
models, values of the residuals in neighboring locations being
included as predictors, showed a better fit regarding the lowest
Akaike information criterion.

Table 2. COVID-19 attack rate and sociodemographic predictors among student population

Stude'nt Attack rate Population No. of students No. of private
Districts F::Eauclitr'g:: of age 30-59 density ind Per oy Perelementary  Permiddie Perhigh academies
(per 1,000) (per 1,000)  (no. of person/km?)  *I" S;iir €N schoolclass  school class  school class  (per 1,000)
Seoul total (n=25) 4.26 13.61 16,135.12 18.89 21.71 24.49 23.53 1.5
Jung-gu 10.86 38.44 12,622.99 17.28 20.12 16.56 22.41 0.7
Jongno-gu 7.04 21.90 6,401.71 19.94 19.00 20.85 22.85 1.5
Gangbuk-gu 5.48 10.12 13,523.90 15.18 21.06 24.78 24.94 0.7
Dongjak-gu 5.45 12.25 24,232.60 20.16 2212 24.29 24.62 1.3
Yongsan-gu 5.34 15.92 10,470.92 21.79 19.18 21.20 20.51 .6
Nowon-gu 5.27 8.56 15,342.89 18.85 20.98 2411 22.81 1.3
Geumcheon-gu 4.99 14.24 17,965.98 16.74 18.81 22.51 22.18 0.9
Jungnang-gu 4.88 11.30 21,795.08 16.82 20.12 22.81 2217 0.7
Dongdaemun-gu 4.80 13.80 24,476.23 19.23 21.46 23.42 23.03 1.1
Gwangjin-gu 4.66 12.00 20,841.68 18.80 22.06 25.79 26.09 1.3
Seongdong-gu 462 10.78 18,281.20 18.15 19.19 22.90 19.44 10
Gwanak-gu 454 11.36 16,975.21 16.06 20.10 23.38 22.56 0.9
Seongbuk-gu 452 9.89 17,739.85 19.39 22.23 24.08 23.29 1.0
Yeongdeungpo-gu 4.40 16.18 14,980.77 20.34 20.75 23.32 23.37 1.2
Gangnam-gu 419 18.35 13,730.73 17.70 25.83 29.66 24.98 45
Eunpyeong-gu 417 10.39 16,263.78 17.46 21.75 24.23 23.58 1.1
Mapo-gu 4.05 10.18 15,726.50 20.69 21.53 25.35 24.62 1.9
Songpa-gu 3.89 13.75 19,682.17 20.37 22.41 24.82 23.84 1.6
Seodaemun-gu 3.88 9.41 17,611.41 20.71 22.04 22.23 24.55 1.1
Gangseo-gu 3.58 9.18 14,405.14 19.38 21.30 24.38 22.96 1.2
Guro-gu 3.42 18.01 20,104.22 18.96 20.51 23.20 2418 1.0
Gangdong-gu 3.30 10.52 17,388.08 21.13 21.64 24,01 23.99 1.4
Seocho-gu 3.18 15.61 9,236.93 18.13 25.42 27.51 25.15 2.8
Dobong-gu 3.02 9.67 16,420.56 18.55 20.67 22.83 22.23 0.9
Yangcheon-gu 3.05 8.37 26,661.98 18.30 23.33 26.70 2491 2.2

COVID-19, coronavirus disease 2019.
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Fig. 2. Hot spot analysis (Getis-Ord G*) results of coronavirus disease 2019 attack rate per 1,000 cases in Seoul, January

2020 to October 2021. (A) Student, (B) Community population

Table 3. Spatial regression of sociodemographic predictors of COVID-19 attack rate in children, Seoul, South Korea, 2020-2021

Student populations

Variable
Coefficient SE Pvalue AIC R*

Constant 12.264 5.155 0.017

Population density 0.000 0.000 0.231

Attack rate of age 30-59 0.097 0.049 0.049

No. of students per kindergarten class -0.147 0.083 0.079

No. of students per primary school class -0.506 0.169 0.003 68.690 0.829
No. of students per middle school class -0.425 0.196 0.030

No. of students per high school class -0.228 0.130 0.080

No. of private academies per 1,000 persons -0.462 0.534 0.387

Lambda -0.862 0.265 0.001

COVID-19, coronavirus disease 2019; SE, standard error; AIC, Akaike information criterion.

Discussion

Incidence of COVID-19 in student population generally fol-
lowed the burden of COVID-19 in the community surrounding
schools in Seoul, South Korea 2020-2021. This study confirmed
that the combination of locations at high risk of SARS-CoV-2
clusters (community at district level) may lead to COVID-19
clusters in student population. Our finding is supported by spa-
tiotemporal analyses conducted in other countries. A study from
the United States (US) showed that the correlations between
urban centers were significant indicating that spreading was
facilitated by travel between cities.?) The central part of the
city, with heavy commuter as it serves as business district and
relatively smaller number of population residing, was shown to
have the highest attack rate among all districts, as in line with this
finding. Given that the school closure measures were uniformly

practiced in all 25 districts in Seoul, our finding suggest that
the community-onset severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2) transmission was likely the cause of
COVID-19 clusters in student population.?” Unlike influenza
pandemic, COVID-19 with its earliest onset in adult population,
may have insignificant impact from nonpharmaceutical mea-
sures targeting children, including school closures.”)

We also found that the attack rate of adults aged 30-59 years
in the community was correlated with SARS-CoV-2 in stu-
dent population in the district. A previous spatial analysis in
the US suggested that there are a variety of sociodemographic
variables that are associated with the COVID-19 county-level
incidence.!? Also, another spatial distribution study from China
suggested that the spatial distribution of COVID-19 cases was
in nonrandom manner, with other external factors may play
important role in the disease spread.'” Adults aged 30-359 years
would presumably the parents of student population aged
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3-17 years, which can be partly explained by the direction of
transmission of SARS-CoV-2 from adults to their children in the
households.'”

We also found that the size of classrooms in schools were
inversely correlated with the COVID-19 attack rate in schools.
The number of students per classes are high in South Korea,
though the number gets lower than previous years. Despite
these changes, the size of classes does affect the epidemic spread
in various models.'” Another model finds a highly variable
transmission cluster sizes in the classroom setting, with clusters
ranging from 1 to 20 individuals in a class of 25, suggesting the
result may vary according to the mitigation protocols.'® The
inverse association of number of students per class and attack
rates in elementary and middle schools were observed. The
plausible reasons could be that the high school students had more
of school attendance and that they spend more time in schools
compared to the elementary and middle school students. There
had been standardized protocols developed in aim to contain
schools from SARS-CoV-2 spread in Korea, and the transition to
full-serviced education should be instituted for the best interest
of the children.

This study has some limitations. First, we used administrative
data which only contain basic epidemiological data about
COVID-19 cluster events. Therefore, our finding should be in-
terpreted with caution given the differences or trends in patients’
clinical data or symptoms was not available. Second, this study
only monitored SARS-CoV-2 status with no information on
the variant; therefore, the relationship between virus strains
and age-specific incidence could not be elucidated. Despite
these limitations, our findings suggest that student population
is largely affected by the adult population or the surrounding
community, not vice versa, which should be strongly reflected
in the pandemic mitigation plan. One advantage of this study
is that the existing epidemiological analysis platform in Korea
contains data regarding COVID-19 clustering at a large scale, so
that researchers can use these data to contribute to the evidence-
based public health policy.

In summary, our analysis found that COVID-19 transmission
in student population is more attributable to the community-
level burden and attack rate in adult population. We recommend
that the public health initiatives need to focus on targeting and
tailoring initiatives that protect students from COVID-19 when
there is high burden of infection in the community.
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