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A B S T R A C T

Susceptible-exposed-infectious-recovered (SEIR) models were applied to assess the effectiv
ness of non-pharmaceutical interventions (NPIs) and to study the dynamic behavior of t
COVID-19 pandemic. Recently, SEIR models have evolved to address the change of hum
mobility by some NPIs for predicting the new confirmed cases. However, the models ha
serious limitations when applied to Seoul. Seoul has two representative quarantine policies, i
social distancing and the ban on gatherings. Effects of the two policies need to be reflected
different functional forms in the model because changes in human mobility do not fully refle
the ban on gatherings. Thus we propose a modified SEIR model to assess the effectiveness
social distancing, ban on gatherings and vaccination strategies. The application of the modifi
SEIR model was illustrated by comparing the model output with real data.

Introduction
The first case of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) was documented in ear

cember 2019 in Wuhan, China, and by the end of November 2021, more than 260 million cases of coronaviru
ease (COVID-19) had been reported (World Health Organization [WHO], 2021). To prevent the spread of COVID
, many countries have adopted non-pharmaceutical interventions (NPIs) such as travel restrictions and soci
tancing. Countries have also initiated COVID-19 vaccination to achieve herd immunity. For example, the Unite
tes approved Pfizer-BioNTech and Moderna vaccines for emergency use authorization near the end of 2020 (Foo

d Drug Administration [FDA], 2022).
In Seoul, the capital of South Korea, more than 450,000 confirmed cases and 3,500 deaths have been reported b
end of November 2021, since the first case was detected on January 24, 2020, (Ministry of Health and Welfa

OHW], 2022). To prevent transmission, a social distancing policy was implemented in Korea on March 22, 202
ich was tightened and relaxed depending on the pandemic situation (MOHW, 2020). The social distancing rule
rea includes reducing group events, face-to-face reporting, self-isolation of mild COVID-19 patients, and isolatio
severe COVID-19 patients. In addition, the ban on gatherings, which restricts the number of people gathered
mmercial facilities, was introduced on December 23, 2020. Vaccination for COVID-19 was initiated in Februa
21. The rate of full vaccination (one dose of Janssens or two doses of Pfizer-BioNTech, Moderna, or AstraZenec
Seoul was 76.7% at the end of October 2021. Despite this high vaccination coverage, the daily number of ne
nfirmed cases was more than 1000 after November 2021, and the preventive effect of vaccines against variants

virus appears to be lower than that against the original strain (Lopez Bernal et al., 2021). Implementing NPIs
portant, even after vaccine introduction. Thus the effectiveness of different NPIs should be examined in variou
ndemic situations.

Mathematical models for the COVID-19 pandemic have been proposed to assess the effectiveness of NPIs an
dy the dynamic behavior of the pandemic (Medeiros-Sousa et al., 2021; Zhou et al., 2020; Wu et al., 2020; Britto
al., 2020; Chang et al., 2021). Recently reported models have utilized human mobility to predict the number of ne
∗Corresponding author.
E-mail address: lwj221@gmail.com (W. Lee)
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nfirmed cases under various NPI scenarios. Zhou et al. (2020) and Wu et al. (2020) used a susceptible-expose
ectious-recovered (SEIR) model with mobile-based sighting data and the daily number of passengers using publ
nsportation, respectively, to determine the effect of human mobility restrictions. Chang et al. (2021) extended th
IR model to decompose the transmission of COVID-19 into residence-induced and facility-induced cases usin
feGraph mobility data (SafeGraph, 2020).

However, these models have serious limitations when applied to megacities such as Seoul. First, the tw
resentative quarantine policies—social distancing and bans on gatherings—must be reflected in different function
ms in the mathematical model. For example, without considering different functional forms, the reduction in th
ily number of new confirmed cases in Seoul after the ban on gatherings (December 23, 2020) can be explained on
approximately 58% reduction in mobility, which is unrealistic in practical scenarios. Thus, the ban on gathering

ould be expressed in a different functional form in a mathematical model. Second, Chang et al. (2021)’s extende
IR model requires accurate information about the location of an individual, which is difficult to obtain in Seo
cause the facilities and residential areas are intermixed.

Considering these points, we have developed a modified SEIR model to address the effectiveness of soci
tancing, bans on gatherings, and vaccination. Based on this model, we assess the effects of NPIs under variou
pothetical scenarios. The usefulness of the proposed SEIR model is illustrated by comparing the model outpu
th real data.

Data
Seoul, the capital of Korea, is home to nearly ten million people. The city has 25 districts (called "gu") and 42

rds (called "dong").

. Epidemiological data
The Seoul Open Data Plaza, formally operated by the city of Seoul, shares public data on various topic
collected the daily number of new confirmed cases, fully vaccinated cases, and population in each gu. Th

ily number of new confirmed cases is available at https://data.seoul.go.kr/dataList/OA-20470/S/1/datasetView.d
OHW (2020) defines a confirmed case as a person who tested positive for the infectious SARS-CoV-2 pathogen b
ing reverse transcription-polymerase chain reaction (RT-PCR), regardless of the clinical manifestations. Figure
ows the moving average of the daily number of new confirmed cases in Seoul from November 2020 to Novemb
21, with the history of various interventions indicated by colored vertical lines. This trend decreased sharply whe
ban on gatherings (purple dashed line) was implemented with social distancing, and the number of new confirme

ses increased rapidly when social distancing was relaxed in November 2021.
After the vaccine was developed in 2021, vaccinations for healthcare workers and people aged ≥ 75 years bega

South Korea. The first vaccination in Seoul was administered on the last day of February, as represented by th
en dotted line in Figure 1. The daily number of vaccinated individuals in Seoul was also provided by the Seo
en Data Plaza, which is available at http://data.seoul.go.kr/dataList/OA-20914/S/1/datasetView.do. The number
ident registration populations in each gu is available at https://data.seoul.go.kr/dataList/419/S/2/datasetView.do.

. Human mobility data
Oliver et al. (2020) emphasized human mobility data are important for investigating the transmission of COVID
and for evaluating NPIs. We explored the value of mobile phone data using detailed call records in COVID-1
earch. Badr et al. (2020) studied the association between COVID-19 transmission and mobility patterns, which
the form of origin-destination (OD) matrices, in the USA. Nouvellet et al. (2021) analyzed the association betwee
bility patterns, sourced from Apple or Android devices, and transmission rates of COVID-19 under varying contr
asures. Considering these points, we collaborated with SK telecom, South Korea’s largest mobile service provide

d developed an algorithm to produce OD matrices by using call detail records. The algorithm for constructin
matrices consists of the following three steps: The first step is recording the locations (in our application, don

ere each mobile user remained for more than 30 min every hour. The second step is generating structured da
resenting the order of the locations and durations for which each mobile user stayed, and the third step is
nsform the structured data for the individual mobility information into an OD matrix.
Figure 2 illustrates the workflow of this algorithm. In Figure 2a, a person with ID = 1 begins to move at 10:4

vels through B, arrives at C at 11:15, and remains at this location for 42 min. In this case, this person is recorde

st Author et al.: Preprint submitted to Elsevier Page 2 of 1
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Figure 1: Number of COVID-19 confirmed cases and history of NPIs in Seoul

having two stays at A and C because more than 30 min were spent in these locations. Following the same logic,
rson with ID = 2 recorded two movements from A to B and B to A, as shown in Figure 2a. The mobility informatio
then transformed into an OD matrix. The movement of ID=1 from A to C adds 1 to the corresponding cell of the O
trix, and the movements of ID=2 from A to B and B to A also add 1 to each cell corresponding to the movement
erefore, one person was allowed to contribute to the counts in the OD matrix several times.
SK telecom provided an OD matrix for each day from March 2021 to June 2021, which limited the research perio
overcome this limitation, we employed other mobility data provided by the Transport Operation and Informatio

rvice (TOPIS). The TOPIS mobility data summarize the transportation card usage data from Korea Smart Ca
., Ltd. (Seoul, Korea) and are available at https://topis.seoul.go.kr/refRoom/openRefRoom_3_4.do. TOPIS mobili
scribes the number of passengers on public transportation using the trip-chain method (Kim, 2007), which does n
unt transfers but counts the movement between two dongs.

. Commercial facility data
Lim et al. (2022) showed that 55.7% of confirmed cases were caused by mass infection, which occurred in variou

ilities such as restaurants, sports facilities, and entertainment businesses. To prevent mass infection, the Korea
vernment has prohibited private gatherings of more than five people in most places, including restaurants and par
ms, on December 23, 2020. This policy presumes that the transmission of COVID-19 strongly depends on th

mber of commercial facilities, and was reflected in our new SEIR model. We determined the number of commerci
ilities by gu using the Trade Area Analysis Service. These facilities include various shops (bakery, coffee shop

r, fast-food, etc.), the service industries (institute, hospital, etc.), and retail businesses (supermarkets, convenienc
res, etc.). Figure 3 shows the regional distribution of the commercial facilities in Seoul. In Gangnam-gu, which
central business district, the number of commercial facilities is much higher than that in other regions. By contras

umcheon-gu, a residential city, has a relatively small number of commercial facilities. These data are available
ps://golmok.seoul.go.kr/regionAreaAnalysis.do.

Methods
To assess the effectiveness of the NPIs, we employed the SEIR model, which conveniently reveals the relationsh

tween physical and model parameters. Choi and Ki (2020) and Kondo (2021) used the SEIR model for simil

st Author et al.: Preprint submitted to Elsevier Page 3 of 1
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ure 2: Algorithm for producing the OD matrix. (a) Physical path for each mobile user in dong AC. (b) Structure
ta consisting of time and path information. (c) OD matrix.

Figure 3: Regional distribution of commercial facilities in Seoul.

sons. In this section, we review the traditional SEIR model and an extended version incorporating mobili
ormation by Chang et al. (2021), and explains the new modified SEIR model for the COVID-19 situation in Seou

. Traditional SEIR models
Suppose that 𝑆(𝑡), 𝐸(𝑡), 𝐼 (𝑡), and 𝑅(𝑡) denote the number of susceptible, exposed, infected, and recovere
ividuals at time 𝑡, respectively. The deterministic SEIR model can be represented by a set of ordinary differenti

st Author et al.: Preprint submitted to Elsevier Page 4 of 1
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uations:

𝑑𝑆(𝑡)

𝑑𝑡
= −𝛽 𝑆

(𝑡)𝐼 (𝑡)

𝑁
𝑑𝐸(𝑡)

𝑑𝑡
= 𝛽 𝑆

(𝑡)𝐼 (𝑡)

𝑁
− 1
𝛿𝐸
𝐸(𝑡)

𝑑𝐼 (𝑡)

𝑑𝑡
= 1
𝛿𝐸
𝐸(𝑡) − 1

𝛿𝐼
𝐼 (𝑡) 𝑑𝑅(𝑡)

𝑑𝑡
= 1
𝛿𝐼
𝐼 (𝑡)

𝑁 = 𝑆(𝑡) + 𝐸(𝑡) + 𝐼 (𝑡) + 𝑅(𝑡)

ere 𝛽 is the transmission rate; 𝑁 is the total population size; and 𝛿𝐸 and 𝛿𝐼 represent the latent and infectiou

riods, respectively. 𝑑𝑆(𝑡)

𝑑𝑡 describes how a susceptible group moves into an exposed group and is proportion

the transmission rate and the current number of infected people. 𝑑𝐸(𝑡)

𝑑𝑡 is the sum of the two values. The fir
lue represents the new exposed individuals from the susceptible group and second value represents the number
ividuals who progress to the infected group. The other parts of the equation can be interpreted in a similar manne
e deterministic model is mechanistically interpretable and easy to implement. This approach is less natural tha
chastic models, because the spread of infectious diseases is close to stochastic. In addition, a stochastic model
uired to systematically assess uncertainty in parameter estimates (Andersson and Brittion, 2000).
Stochastic variants of the SEIR model have been developed to overcome the limitations of deterministic mode

ecker, 1981; Abbey, 1952; Lekone and Finkenstadt, 2006). For example, Lekone and Finkenstadt (2006) develope
following discrete-time stochastic SEIR model:

𝑆(𝑡+1) = 𝑆(𝑡) −𝑁 (𝑡)
𝑆→𝐸 𝐸(𝑡+1) = 𝐸(𝑡) +𝑁 (𝑡)

𝑆→𝐸 −𝑁 (𝑡)
𝐸→𝐼

𝐼 (𝑡+1) = 𝐼 (𝑡) +𝑁 (𝑡)
𝐸→𝐼 −𝑁

(𝑡)
𝐼→𝑅 𝑅(𝑡+1) = 𝑅(𝑡) +𝑁 (𝑡)

𝐼→𝑅

𝑁 (𝑡)
𝑆→𝐸 ∼ Binomial

(
𝑆(𝑡), 1 − 𝑒−𝛽(𝑡)𝐼 (𝑡)∕𝑁

)
𝑁 (𝑡)
𝐸→𝐼 ∼ Binomial

(
𝐸(𝑡), 1 − 𝑒−1∕𝛿𝐸

)

𝑁 (𝑡)
𝐼→𝑅 ∼ Binomial

(
𝐼 (𝑡), 1 − 𝑒−1∕𝛿𝐼

)
𝑁 = 𝑆(𝑡) + 𝐸(𝑡) + 𝐼 (𝑡) + 𝑅(𝑡)

ere 𝑁 (𝑡)
𝑆→𝐸 , 𝑁 (𝑡)

𝐸→𝐼 and 𝑁 (𝑡)
𝐼→𝑅 are the numbers of individuals who transition between compartments represente

binomial random variables. 𝛽(𝑡) is the time-dependent transmission rate and 𝛿𝐸 and 𝛿𝐼 represent the latent an
ectious periods, respectively. The stochastic SEIR model allows computation of the prediction interval based o
onte Carlo simulations (Xie, 2020).

Considering that social distancing and bans on gatherings are typical examples of NPIs that substantially affe
man mobility and transmission patterns, traditional SEIR models are not suitable for evaluating the impact of NP
cause they do not explicitly consider human mobility. Therefore, we review a recent extended SEIR model
orporate human mobility information in a systematic manner (Chang et al., 2021).

. An extended SEIR (ESEIR) model using mobility information
Chang et al. (2021) developed an extension of the stochastic SEIR model using SafeGraph mobility dat

feGraph defines census block groups (CBGs) and points of interest (POIs) as geographical units used by the Unite
tes Census Bureau and specific locations that a person may visit. It records the number of people moving fro
Gs to POIs (SafeGraph, 2020).
Let 𝑐𝑖(𝑖 = 1, ..., 𝑚) and 𝑝𝑗(𝑗 = 1, ..., 𝑛) denote the 𝑖th CBG and 𝑗th POI, respectively. Then, Chang et al. (2021)

EIR model can be described as

𝑁 (𝑡)
𝑆𝑐𝑖→𝐸𝑐𝑖

∼ Poisson

(
𝑆(𝑡)
𝑐𝑖
𝑁𝑐𝑖

𝑛∑
𝑗=1

𝜆(𝑡)𝑝𝑗𝑤
(𝑡)
𝑖𝑗

)
+ Binomial

(
𝑆(𝑡)
𝑐𝑖
, 𝜆(𝑡)𝑐𝑖

)
(

𝑁 (𝑡)
𝐸𝑐𝑖→𝐼𝑐𝑖

∼ Binomial
(
𝐸(𝑡)
𝑐𝑖
, 1
𝛿𝐸

)
, 𝑁 (𝑡)

𝐼𝑐𝑖→𝑅𝑐𝑖
∼ Binomial

(
𝐼 (𝑡)𝑐𝑖 ,

1
𝛿𝐼

)
(

st Author et al.: Preprint submitted to Elsevier Page 5 of 1
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ere 𝑤(𝑡)
𝑖𝑗 represents the number of visitors from 𝑐𝑖 to 𝑝𝑗 , 𝜆

(𝑡)
𝑐𝑖 and 𝜆(𝑡)𝑝𝑗 represent the infection rates at 𝑐𝑖 and 𝑝𝑗 at tim

espectively. The infection rates at the POIs and CBGs are expressed as

𝜆(𝑡)𝑝𝑗 = 𝜓𝑑2𝑝𝑗
𝐼 (𝑡)𝑝𝑗
𝑎𝑝𝑗

, 𝜆(𝑡)𝑐𝑖 = 𝛽base
𝐼 (𝑡)𝑐𝑖
𝑁𝑐𝑖

ere 𝑑𝑝𝑗 is the dwell time fraction of visitors at 𝑝𝑗 , 𝑎𝑝𝑗 is the physical area of 𝑝𝑗 , 𝐼
(𝑡)
𝑝𝑗 is the number of infected peop

𝑝𝑗 , and 𝛽base and 𝜓 are the transmission parameters to be fitted for the POIs and CBGs, respectively. Chang
(2021) defined that the transition from the susceptible group to the exposed group in equation (1) originates fro
fact that the transition of individuals belonging to the susceptible group visit POIs with infectious peoples an

pends on the transmission within each CBG. The effect of mobility reduction is reflected in 𝑤(𝑡)
𝑖𝑗 . Therefore, it

aightforward to evaluate NPIs that reduce the spread of COVID-19 by examining mobility changes.
However, several difficulties arise when the ESEIR model is applied to the COVID-19 situation in Seoul. Firs

re are many residential-commercial complexes in Seoul, and the density of commercial facilities and shops
ch building is very high, making it difficult to determine which facilities a person visits in a building from mobi
ormation. Thus, it is very difficult to apply the concept of CBGs and POIs to a megacity such as Seoul. Second, the
s been a ban on gatherings to reduce transmission in Korea, which is quite effective, but the reduction mechanis
considered to differ from that of social distancing, which is discussed below. Because Chang et al. (2021)’s ESEI
del focuses only on mobility changes, it should be modified to reflect the effect of the ban on gatherings, as
ects human behavior in commercial facilities where mass infections may arise.

. A new modified ESEIR model
The previous ESEIR model cannot be directly applied to Seoul. Rather than using concepts such as CBGs an
Is, we consider the administrative geographical unit (gu) and mobility between gu as being reasonable for analys

cause dong is too small to guarantee a sufficient number of new confirmed cases. Gu is a second-level administrativ
it whose associated population size ranges from 136,030 to 678,067. We believe that modelling gu as a single un
COVID-19 transmission provides a reasonable approximation for assessing the impact of NPIs in Seoul. Althoug

ta at the level of smaller administrative units (i.e., dong) may provide a higher resolution, modelling at the don
el is impractical, as the number of new confirmed cases in each dong is quite limited during the period in which o
dy refers to and the number of dongs in Seoul was high (𝑛 = 426). Because CBGs and POIs are no longer releva
ncepts in our application, the dwell time fraction 𝑑𝑝𝑗 and physical area 𝑎𝑝𝑗 are not used. Additionally, considerin
t the actual mobility reduction after implementating the ban on gatherings is about 4% during the study period, it
t reasonable to introduce a 58% reduction in mobility to explain the observed reduction in the daily number of ne
nfirmed cases during the same period. To explain these observations, the ban on gatherings should be reflected

mathematical model in a manner different from the method used to reflect the mobility. Unlike social distancin
ban on gatherings greatly contributes to reducing mass infection risks in restaurants, coffee shops, karaoke, an

orts facilities.
Therefore, we modified the ESEIR model as follows.

𝑆(𝑡+1)
𝑖 = 𝑆(𝑡)

𝑖 −𝑁 (𝑡)
𝑆𝑖→𝐸𝑖

− 𝑣(𝑡)𝑖 (

𝑁 (𝑡)
𝑆𝑖→𝐸𝑖

∼ Poisson

(
𝛽𝑖𝐾

𝛼
𝑖
𝑆(𝑡)
𝑖
𝑁𝑖

∑
𝑗≠𝑖

𝐼 (𝑡)𝑗 𝑤
(𝑡)
𝑗𝑖

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
between effect

+Poisson

(
𝜂𝑖𝐾

𝛼
𝑖
𝑆(𝑡)
𝑖
𝑁𝑖

𝐼 (𝑡)𝑖 𝑤
(𝑡)
𝑖𝑖

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
within effect

(

ere 𝛽𝑖 and 𝜂𝑖 are the between-and within-transmission parameters, respectively, to be estimated. 𝑤(𝑡)
𝑗𝑖 is the numb

people moving from 𝑗th gu to 𝑖th gu at time 𝑡, 𝐾𝑖 is the number of commercial facilities in 𝑖th gu and 𝛼(≥ 0)
control parameter for the effect of the ban on gatherings. Additionally, 𝑣(𝑡)𝑖 denotes the number of fully vaccinate
ividuals in 𝑖th gu at time 𝑡.
In the modified equation, the number of individuals moving from𝑆 to𝐸 is decomposed into two parts. Considerin
gu, the first part describes how incoming mobility from other regions and the unique characteristic related to ma

st Author et al.: Preprint submitted to Elsevier Page 6 of 1
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Figure 4: Compartmental structure of the proposed ESEIR model.

Parameter Description Value Reference

𝛽𝑖 Between transmission parameter Estimated -
𝜂𝑖 Within transmission parameter Estimated -
𝛼 Control parameter for the effect of the ban on gatherings Estimated -
𝛿𝐸 Latent period 3 Zhao et al. (2021)
𝛿𝐼 Infectious period 4 Hart et al. (2022)
𝛿𝐶 Duration of confirmation after becoming infectious 4 Song et al. (2020)
𝑟𝐶 Proportion of detected cases among infectious 0.5† Lee et al. (2021)

† The detailed calculation is provided in Supplementary material

ble 1
scription of the model parameters

ection risks in 𝑖th gu affects transmission. The second part describes how mobility within 𝑖th gu and its ma
ection risk characteristics that affect the transmission. This decomposition was inspired by the between-with
ect in the endemic-epidemic modelling framework proposed by Held et al. (2005).
Effects of the ban on gatherings are reflected in 𝛽𝑖𝐾𝛼

𝑖 and 𝜂𝑖𝐾𝛼
𝑖 , where 𝛼 can change before and after the ba

gatherings was implemented. The exponentiation forms allow for a nonlinear relationship between the numb
commercial facilities 𝐾𝑖 and the average number of individuals who transitioned from 𝑆 to 𝐸. Nonlineari
related to the heterogeneous disease characteristics of the population, which are characterized by probabili
tributions for susceptibility and infectivity. Dass et al. (2021) explained how the resulting epidemic model th
ludes heterogeneity leads to the power transmission dynamics. Novozhilov (2012) also showed that the power-la
ction can be inferred from heterogeneous susceptible, infectious, and recovered models. McCallum et al. (200

plained this point from a different perspective, stating that non-linearity is necessary to describe a real situatio
enomenologically. However, this does not mean that only the exponentiation form is allowed in our applicatio
her functional forms can be considered. In fact, we compare the predictive performance of the exponentiatio
m (𝐾𝛼

𝑖 ) with that of the linear form (𝛼𝐾𝑖) within our research period. We decide to report the results from th
ponentiation function only here because of its better prediction performance (Table S2), and some prediction resul
m the linear form are provided in Supplementary material (Figure S9). To provide more clues to why the power-la
ction is appropriate, we also check the relationship between the number of commercial facilities and the amou
mobility, and investigate how much the cut-off change of the ban on gatherings affects the differences of ne

nfirmed cases between before and after the ban on gatherings. These plots are provided in Supplementary materia
addition to the exponentiation form, we included the effect of vaccination by subtracting the number of ful

ccinated individuals from the number of susceptible individuals. We assume that fully vaccinated people with tw
ses of Pfizer-BioNTech, Moderna, or AstraZeneca vaccine, or a single dose of the Janssen vaccine, are protecte
m infection.
To estimate the parameters in the proposed ESEIR model, we maximized the Poisson likelihood for the observe

mber of daily new confirmed cases; its mathematical expression is provided in the Appendix. The 95% predictio

st Author et al.: Preprint submitted to Elsevier Page 7 of 1
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(a) The daily total value (b) The daily value in specific direction

Figure 5: Mobility pattern between two mobility data types

erval for new confirmed cases was obtained by calculating the 2.5% and 97.5% percentiles of 5,000 predictio
lues generated from the fitted model. The number of new confirmed cases differed according to the number
ected individuals. To link these two values, we considered the duration and proportion of confirmation among th
ected individuals, as in Chang et al. (2021). The expected daily number of new confirmed cases in 𝑖th gu at time
noted by 𝑐(𝑡)𝑖 , can be expressed as: 𝑐(𝑡)𝑖 = 𝑟𝐶𝑁

(𝑡−𝛿𝐶 )
𝐸𝑖→𝐼𝑖

where 𝑟𝐶 is the proportion of confirmed cases among infecte
ividuals and 𝛿𝐶 is the duration of confirmation after becoming infectious. To reflect these points, the compartment

ucture of the proposed ESEIR model is shown in Figure 4 and the parameters are listed in Table 1.

. Finding the relationship between the two mobility data
Because the SK mobility data are available from March to July 2021, the research period was limited. Considerin

t the TOPIS mobility data are available without limitations, we studied the relationship between SK and the TOPI
bility data. If the two mobility values have an explicit functional relationship, we can estimate the SK mobility da

curately using the TOPIS mobility data.
Figure 5a shows a plot of the aggregate daily mobility values in Seoul based on the TOPIS and SK data. Mobili

lues from mobile information were greater than those from public transportation. Although their overall pattern
re similar, the mobility difference between weekdays and weekends was larger in the TOPIS data. Figure 5b show
daily mobility values in two directions. The upper and lower parts, which are above and below the dotted horizont

e, represent the daily mobility values from 24th gu to 23rd gu and 3rd gu to 1st gu, respectively. The upper pa
ows that the SK mobility value is larger than that from TOPIS, whereas the lower part shows the opposite result.
son for this observation is detailed explained in Supplementary material. As such, the data that will result in a larg

lue depends on the characteristics of gu, and separate regression models based on gu are necessary to determine th
ationship between the two mobility values.
We considered two Poisson regression models, with the weekend indicator variable as covariate. Suppose th

𝑗𝑡 ∼ Poisson(𝜇𝑖𝑗𝑡) where 𝑆𝑖𝑗𝑡 is the SK mobility value from 𝑖th gu to 𝑗th gu at time 𝑡 and 𝜇𝑖𝑗𝑡 denotes the expectatio
lue of 𝑆𝑖𝑗𝑡. The two models are expressed as follows:

Model 1 (𝑓 1) : log𝜇𝑖𝑗𝑡 = 𝛽0 + 𝛽1𝑃𝑖𝑗𝑡 + 𝛽2𝑊𝑡

Model 2 (𝑓 2
𝑖𝑗) : log𝜇𝑖𝑗𝑡 = 𝛽𝑖𝑗0 + 𝛽𝑖𝑗1𝑃𝑖𝑗𝑡 + 𝛽𝑖𝑗2𝑊𝑡

ere 𝑃𝑖𝑗𝑡 is the TOPIS mobility value and 𝑊𝑡 = 1 when time 𝑡 corresponds to the weekend and otherwise 0. Model
scribes the mobility relationship using global regression coefficients. These values are constant across administrativ

st Author et al.: Preprint submitted to Elsevier Page 8 of 1
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Figure 6: Result of estimating OD matrices.

(a) Result in Geumcheon-gu (b) Result in Gangnam-gu

Figure 7: Prediction result for the effect of the ban on gatherings.

ographical units. In contrast, the regression coefficients of Model 2 are direction-dependent (moving from 𝑖th to 𝑗
).

The two Poisson models were fitted to the training data from March to May 2021 and the prediction performanc
s assessed for the test period from June 1 to June 30. In Figure 6, the x- and y-axes represent the predicted an
served mobility values for the test period, respectively. Model 2 showed almost perfect linearity and its predictiv
squared (𝑅2) and RMSE were 0.999 and 80,100, respectively, which were much better than those of Model 1 wi
dictive R-squared = 0.950 and RMSE = 1, 081, 704. Therefore, Model 2 was used to predict the SK OD matric
m November 2020 to November 2021 using TOPIS data.

Result
. Effect of NPIs
To control the rapidly increasing number of new confirmed cases in Seoul, level 2.5 social distancing w

plemented on December 8, 2020, and the ban on gatherings was additionally implemented on December 23, 202

st Author et al.: Preprint submitted to Elsevier Page 9 of 1
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Figure 8: Prediction result for the effect of vaccination in Gangnam-gu

investigated the effects of social distancing and the ban on gatherings using the proposed ESEIR model base
the observed mobility information. The training period (period used to fit the model) was until December 7, 202
e day before level 2.5 social distancing was implemented), and compared the model-based predictions with re
ta for the next 50 days. Especially, we ask how much the predicted number of confirmed cases changes if th
n on gatherings is implemented on December 23. To answer for this question before implementing the ban o
therings, we consider hypothetical scenarios with reasonably chosen alpha values. To represent the effect of the ba
gatherings, we considered a set of 𝛼 ∈ {0.97, 1.00, 1.03, 1.06} where 1.06(= 𝛼̂) is the estimated value of 𝛼 from th
ining period. Making predictions with 𝛼̂ corresponds to the fact that the ban on gatherings can affect the mobili
m only in the ESEIR model because 𝛼̂ is the same as in the training period. As shown in Figure 7, the four colore
es indicate the predicted numbers of new confirmed cases in Geumcheon-gu and Gangnam-gu depending on th
ferent 𝛼 values, and the corresponding shaded areas are 95% prediction intervals based on the ESEIR model. A
ecreased, the predicted numbers also decrease. A discrepancy was observed between the observed and predicte

mbers when 𝛼 = 𝛼̂ (red line) after the declaration of the ban on gatherings; thus, using the observed mobili
uction alone cannot explain the new confirmed cases for 50 days after the training period (black dots). The effe
the ban on gatherings is well represented using 𝛼 = 0.97, which corresponds to the value with the best predictio
rformance. See Table S2. If we attempt to explain the actual value only through mobility reduction, which presum
t there is no change in 𝛼, the observed mobility must be lowered by 58%, which is not realistic. Therefore, lev
social distancing, with a focus on reducing mobility, and the ban on gatherings, with a focus on reducing ma

ection risks, have different effects on the number of new confirmed cases. The Seoul Metropolitan Governme
orted that the increasing proportion of mass infections changed to a decreasing trend after the implementation
a ban on gatherings (Bureau of Civil Health, Seoul Metropolitan City Government, 2021).

. Effect of NPIs when vaccination is in progress
Vaccination in Korea began in February 2021, and the ban on gatherings was maintained until May, and th

cial distancing was lifted to level 2 on February 15. As NPIs negatively affect the financial situation of sma
sinesses, the government is interested in the optimal timing for NPIs to be lifted. In this section, the key questio
about whether NPIs can be lifted following vaccine development. First, we ask how much the predicted number
nfirmed cases changes if the vaccination number increases. Three hypothetical vaccination scenarios are considere

maintaining the actual number of vaccinations, (2) vaccinations three times more than the number in scenario
d (3) vaccinations five times more than the number in scenario 1. Data compiled before May 10 were used to

model. We first compared the predicted number of new confirmed cases until June 14 under the three scenario
suming that the ban on gatherings is maintained at the current level, the left of the dashed vertical line in Figu
hows the prediction results until June 15, 2021. Even when the number of vaccinations was increased five time
number of new confirmed cases did not significantly decrease. Therefore, increasing the number of vaccination

st Author et al.: Preprint submitted to Elsevier Page 10 of 1
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(a) Result in Geumcheon-gu (b) Result in Gangnam-gu

Figure 9: Prediction result for the effect of With-COVID-19

ne is insufficient to substantially reduce the number of new confirmed cases because the number of vaccination
s relatively small compared with the size of the susceptible group during that period.
Next, we ask how much the predicted number of new confirmed cases changes if the ban on gatherings is lifte

m June 15. To answer for this question before lifting the ban on gatherings, we consider hypothetical scenario
th reasonably chosen alpha values. In this application, the lift is represented as the increase in 𝛼 up to 1.1
m an estimated value of 1.03. The right of the dotted vertical line in Figure 8 shows the prediction results und

ch vaccination scenarios if the ban on gatherings is lifted on June 15. The numbers of vaccinated and cumulativ
ccinations were 57,409 and 627,708, respectively, on June 15. A rapidly increasing infection pattern was observe
er the ban on gatherings was lifted, even after vaccinations increased. Therefore, the role of NPIs is important at th
ginning of vaccine development. Actually, around Jun 15 and after, our government did not lift the ban on gathering
that the actual number of new confirmed cases is not be compared to the prediction results from the hypothetic
narios.

. Effect of declaring a return to normal in Seoul
The Korean government declared a return to normal on November 1, 2021, known as ‘With-COVID-19’. After th

claration, the number of people allowed to gather increased from two to ten. Going back before November 1, w
how much the predicted number of new confirmed cases changes if With-COVID-19 is declared from Novemb

To answer for this question before the declaration, we consider hypothetical scenarios with reasonably chosen alph
lues. We first fitted the proposed ESEIR model using the data until October 7, and the estimate of 𝛼 was 1.06. Th
mber of new confirmed cases was predicted from October 8, and the effect of the with-COVID-19 declaration w
dicted from November 1 under the following three scenarios: (1) maintaining 𝛼 at 1.06, (2) the lift changes 𝛼 up
1 on November 1, and (3) the lift changes 𝛼 up to 1.16 on November 1.
Figure 9 shows the predicted number of new confirmed cases in November for Geumcheon-gu and Gangnam-g

enario 1 shows large discrepancies between the predicted values and observations. Therefore, to explain the effect
lift by declaration, it is necessary to consider the changed value of 𝛼. In Seoul, the predicted value under scenario
= 1.12) matches well with the actual values in Geumcheon-gu, and the same 𝛼 is effective for many gu, as shown
ure 10. However, a single 𝛼 value does not accurately describe all gu. In Gangnam-gu, Dongdaemun-gu, Guro-g
angjin-gu, Jongno-gu, Jung-gu, Mapo-gu, Seongdong-gu and Songpa-gu, scenario 2 (𝛼 = 1.07) appears to bett
resent reality.
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Discussion
We modified the existing ESEIR model to study the effects of various NPIs and vaccinations for COVID-19

oul. First, we showed that the modified ESEIR model captured the pattern of the number of confirmed cases
oul in response to the change in the ban on gatherings policy, and explained how the effect of social distancin
fers from that of the ban on gatherings in Seoul using the model. Second, we studied whether the ban on gathering
s necessary under various vaccination scenarios. Third, we analyzed the effect of declaring a return to normal an
w much a lift of the ban on gatherings in Seoul increases the number of new confirmed cases through the propose
EIR model. Finally, we overcame the limitation of the available period of SK mobility data by investigating th
ationship between them and public TOPIS mobility data.
The ban on gatherings aims to mitigate the high risk of mass infection in various facilities, such as restaurant

ffee shops, megachurches, and large sports facilities. The large differences between the observed and predicte
lues depend on whether the ban on gatherings is implemented, indicating that mitigating the mass infection risks
mmercial facilities plays an important role in government quarantine measures.

Our findings also emphasize the importance of NPIs even after vaccination. During the initial period of vaccinatio
number of vaccinations was relatively small compared to the size of the susceptible group. It is essential to mainta

cial distancing and gathering bans for some time. Our model shows that the number of new confirmed cases ca
idly increase if the ban on gatherings is prematurely lifted.
As the proportion of detected cases among the infected, 𝑟𝐶 , has not been investigated in detail, hence the valu

ed in this study, 𝑟𝐶 = 0.5, can be uncertain. To address this uncertainty, we performed a sensitivity analysis f
ferent values of 𝑟𝐶 (𝑟𝐶 = 0.4 and 𝑟𝐶 = 0.6); the results are provided in the supplementary material (Figure S1-S8
r findings remain consistent under different conditions.
Our study had some limitations. First, the age structure of the population of interest has a large impact on COVID
transmission and severity, but this is not reflected in our model. In addition, the different timing of vaccination b

e can be a concern to our model if the research period is close to when vaccination began. The age-aggregated SEI
del may not capture the impact of NPIs fully if the timing of vaccination is sufficiently different by age. In o
earch period, because diverse age groups have been vaccinated, this different timing issue may not be a big concer
t careful interpretation of the model results may be required because the vaccination is not completely unifor
ross age. Some interesting extensions to age-structure dependent SEIR models are shown in Yang et al. (2021) an
yuss and Kyrychko (2021). In addition, the proposed ESEIR model assumes that variations in the mobility reflect th
nsmission dynamics of COVID-19 well. This assumption is plausible if individuals who have had vaccinations an
se who have not are uniformly mixed. Otherwise, the goodness-of-fit of the proposed SEIR model may decrea

cause the increased mobility of socially active groups that are immunized does not always imply the increase
w confirmed cases. Second, the current model assumes that asymptomatic cases are detected as well as symptomat
ses. This may be the case during the period in which our study is concerned (i.e., the number of cases is not to
h) and intensive contact tracing was then performed. Additional modifications for the proposed ESEIR mod
y be needed when it is applied to a period in which the number of cases is high. Third, there is a populatio
vement between Seoul and other areas. The current model assumes a closed population in Seoul. The number

nfirmed cases is likely to be affected by population migration into and out of Seoul. In addition, the suggested mod
ght not adequately capture the transmission dynamics of SARS-CoV-2. Considering that Seoul is geographical
rrounded by Gyeonggi province, it is necessary to investigate how the cases confirmed in Gyeonggi are involved

transmission dynamics in Seoul. However, this requires additional data about the population movement betwee
oul and Gyeonggi and the cases confirmed in Gyeonggi by a proper administrative unit, which are not current
ailable. Therefore, this investigation is beyond the scope of the current study. Fourth, our model assumes that the
no reinfection when an infected person has recovered or when a person in the susceptible group is fully vaccinate
wever, recent research has shown that a vaccine breakthrough infection can occur even in a fully vaccinated perso
DC COVID-19 Vaccine Breakthrough Case Investigations Team, 2021).

In addition, the SARS-COV-2 virus constantly mutates, creating variants that can affect COVID-19 diagnosis an
y epidemiological parameters used in ESEIR models, such as the latent and incubation periods (Jansen et al., 2021
ally, the parameter representing the effect of the ban on gatherings, 𝛼, may be heterogeneous depending on th

aracteristics of each region. In such cases, additional modelling is required to explain the heterogeneity.
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Appendix
To implement the proposed ESEIR model, a set of initial values for each compartments (𝑆,𝐸, 𝐼, and𝑅) is require
modified Kondo (2021)’s approach to construct the initial values for each compartment, as follows:

𝑅(𝑡)
𝑖 = 1

𝑟𝐶
𝐶 (𝑡+𝛿𝐶−𝛿𝐼 )
𝑖 , 𝐼 (𝑡)𝑖 = 1

𝑟𝐶
𝐶 (𝑡+𝛿𝐶 )
𝑖 − 𝑅(𝑡)

𝑖

𝐸(𝑡)
𝑖 = 1

𝑟𝐶
𝐶 (𝑡+𝛿𝐶+𝛿𝐸 )
𝑖 − 1

𝑟𝐶
𝐶 (𝑡+𝛿𝐶 )
𝑖 , 𝑆(𝑡)

𝑖 = 𝑁 (𝑡)
𝑖 − 𝐸(𝑡)

𝑖 − 𝐼 (𝑡)𝑖 − 𝑅(𝑡)
𝑖

ere 𝐶 (𝑡)
𝑖 is the cumulative confirmed cases at time 𝑡 in 𝑖th gu; 𝛿𝐸 and 𝛿𝐼 are the latent and infectious period

pectively; 𝛿𝐶 is the duration of confirmation after becoming infectious, and 𝑟𝐶 is the proportion of confirmatio
ong infectious.
To fit the proposed ESEIR model. we used optim() in R. To guarantee the positivity of the transmissio

rameters, we used the following parameterizations 𝛽𝑖 = 𝑒𝛽
∗
𝑖 , 𝜂𝑖 = 𝑒𝜂

∗
𝑖 and 𝛼 = 𝑒𝛼∗ , which allows 𝛽∗𝑖 , 𝜂∗𝑖 and 𝛼

move from −∞ to ∞. The parameter estimates are obtained by maximizing the log Poisson likelihood functio
itten as

𝑙(𝛽, 𝜂, 𝛼) =
25∑
𝑖=1

𝑛∑
𝑡=1

[
𝑐(𝑡)𝑖 log

{
𝔼
(
𝑐(𝑡)𝑖

)}
− 𝔼

(
𝑐(𝑡)𝑖

)]

ere 𝑐(𝑡)𝑖 and 𝑐(𝑡)𝑖 are the observed and estimated daily numbers of new confirmed cases in 𝑖th gu at time 𝑡, respectivel
d 𝛽 = (𝛽1, ..., 𝛽25) and 𝜂 = (𝜂1, ..., 𝜂25) are the between and within transmission parameter vectors (25 gu in Seou

use 𝑐(𝑡)𝑖 = 𝑟𝐶𝑁
(𝑡−𝛿𝐶 )
𝐸𝑖→𝐼𝑖

given in Section 3.3,

𝔼
(
𝑐(𝑡)𝑖

)
= 𝔼

(
𝑟𝐶𝑁

(𝑡−𝛿𝐶 )
𝐸𝑖→𝐼𝑖

)
=
𝑟𝐶
𝛿𝐸
𝐸(𝑡−𝛿𝐶 )
𝑖

ere 𝐸(𝑡−𝛿𝐶 )
𝑖 is the number of individuals belonging to 𝐸 in 𝑖th gu at time 𝑡 − 𝛿𝐶 , and 𝐸(𝑡−𝛿𝐶 )

𝑖 is calculated as

𝐸(𝑡−𝛿𝐶 )
𝑖 ≈ 𝐸(𝑡−𝛿𝐶−1)

𝑖 + 𝔼
(
𝑁 (𝑡−𝛿𝐶−1)
𝑆𝑖→𝐸𝑖

)
− 𝔼

(
𝑁 (𝑡−𝛿𝐶−1)
𝐸𝑖→𝐼𝑖

)

st Author et al.: Preprint submitted to Elsevier Page 13 of 1



Journal Pre-proof

wh

.

Re
Ab 3.

An rk.

Ba D-
3-

Be 8.

Bly 3,

Bri V-

Bu nt.

Ch in

Ch 1.

Da or
6.

Foo s-

Ha lta

He al

Jan 1.
p,

Kim nt

Ko 1).

Lee t J

Lek y.

Lim 19

Lo .,
ss

Fir 5
Jo
ur

na
l P

re
-p

ro
of

Short Title of the Article

= 𝐸(𝑡−𝛿𝐶−1)
𝑖 + 𝔼

(
𝑁 (𝑡−𝛿𝐶−1)
𝑆𝑖→𝐸𝑖

)
− 1
𝛿𝐸
𝐸(𝑡−𝛿𝐶−1)
𝑖

= 𝐸(𝑡−𝛿𝐶−1)
𝑖

(
1 − 1

𝛿𝐸

)
+ 𝔼

(
𝑁 (𝑡−1)
𝑆𝑖→𝐸𝑖

)

= 𝐸(0)
𝑖

(
1 − 1

𝛿𝐸

)𝑡−𝛿𝐶
+
𝑡−𝛿𝐶∑
𝑘=1

𝔼
(
𝑁 (𝑡−𝛿𝐶−𝑘)
𝑆𝑖→𝐸𝑖

)(
1 − 1

𝛿𝐸

)𝑘−1

ere 𝐸(0)
𝑖 is the initial value of 𝐸(𝑡)

𝑖 , and

𝔼
(
𝑁 (𝑡−𝛿𝐶−𝑘)
𝑆𝑖→𝐸𝑖

)
= 𝛽𝑖𝐾

𝛼
𝑖
𝑆(𝑡−𝛿𝐶−𝑘)
𝑖
𝑁𝑖

∑
𝑗≠𝑖

𝐼 (𝑡−𝛿𝐶−𝑘)𝑗 𝑤(𝑡−𝛿𝐶−𝑘)
𝑗𝑖 + 𝜂𝑖𝐾𝛼

𝑖
𝑆(𝑡−𝛿𝐶−𝑘)
𝑖
𝑁𝑖

𝐼 (𝑡−𝛿𝐶−𝑘)𝑖 𝑤(𝑡−𝛿𝐶−𝑘)
𝑖𝑖
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Figure 10: Prediction in With-COVID-19
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Highlights

 Seoul has two representative quarantine policies such as social distancing and the ban
on gatherings.

 Unlike social distancing, the ban on gatherings aims to mitigate the high risk of mass
infection in various facilities

 Effects of these two policies need to be reflected in different functional form in SEIR
model.

 A modified SEIR model is proposed to assess the effectiveness of social distancing,
ban on gatherings and vaccination strategies.
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