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Abstract: Social distancing is an effective method for controlling the COVID-19 pandemic by de-
creasing population mobility, but it has also negatively affected local business sales. This paper
explores the spatio-temporal impact of population mobility on local business sales in response to
COVID-19 in Seoul, South Korea. First, this study examined the temporal variability by analyzing
statistical interaction terms in linear regression models. Second, the spatio-temporal variability was
captured using Moran eigenvector spatial filtering (MESF)-based spatially varying coefficients (SVC)
models with additional statistical interaction terms. Population mobility and local business sales were
estimated from public transportation ridership and restaurant sales, respectively, which were both
obtained from spatial big datasets. The analysis results show the existence of various relationships
between changes in the population mobility and local business sales according to the corresponding
period and region. This study confirms the usability of spatial big datasets and spatio-temporal
varying coefficients models for COVID-19 studies and provides support for policy-makers in response
to infectious disease.

Keywords: COVID-19; spatio-temporal analysis; Moran eigenvector spatial filtering; spatially
varying coefficients

1. Introduction

Since the first confirmed case of COVID-19 was announced in Wuhan, China, the
COVID-19 pandemic has spread throughout the world. To mitigate and control the pan-
demic, many countries have implemented stringent control measures, e.g., lockdowns on
cities and provinces to restrict population mobility and promote social distancing [1–3].
Although the government of South Korea has not imposed any lockdowns on entire cities,
it has encouraged social distancing.

Social distancing policies tend to decrease population mobility [4–7], but they also
negatively affect local businesses. However, social distancing is still one of the fundamental
methods for controlling the COVID-19 pandemic as it minimizes the chances of transmit-
ting the SARS-CoV-2 virus [8]. For example, Nouvellet et al. [4] analyzed the relationship
between population mobility and transmission among 52 countries; the authors reported
that a decrease in mobility has helped to restrict COVID-19 transmission in most coun-
tries. Wellenius et al. [9] reported a high correlation between the implementation of social
distancing policies and a decline in mobility in the United States. In previous studies, pop-
ulation mobility has generally been captured by traffic volumes and public transportation
ridership [10–12]. In South Korea, the social distancing policy has also been shown to
lead to decreases in both subway ridership [13,14] and traffic volumes [15]. However, this
study placed more focus on the changes in the ridership of public transportation, as the use
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of public transportation has a greater impact on the spread of COVID-19 compared with
driving and walking due to its small and enclosed environment [16].

Previous studies have shown that a decrease in population mobility negatively affects
local businesses [17–19]. For example, Panzone et al. [19] reported the impact of the first
COVID-19 lockdown on UK food and beverage services, where there was a decrease in
their revenue. Fairlie [20] showed that there were increases in the closure of shops and
enterprises in the United States along with decreases in the number of active company
owners, which represented the negative impact on local businesses. In Seoul, South Korea,
the analysis of the relationship between the daytime population and credit card usage
revealed different associations depending on the business types and characteristics of the
regions [21].

The impacts of COVID-19 and the corresponding social distancing policy on local
businesses could vary across space and time. For instance, because of the highly developed
system of food delivery service in Korea [22], restaurant businesses that provide delivery
services may have experienced less damages in response to the decrease in population mo-
bility than restaurant businesses that do not provide the service, although Chang et al. [23]
reported that the global correlation between the numbers of COVID-19 incidences and food
deliveries was not statistically significant. Moreover, decreases in the population mobility
also showed spatially different patterns [24,25] and spatially different relationships to local
businesses [21], which exacerbates the spatial variabilities of the impact of social distancing.
K. Lee et al. [14] reported that the social distancing policy led to remarkable decreases in
subway ridership in Seoul, mainly in the commercial, cultural, and educational areas.

Similarly, the spatial variabilities in the socio-economic and demographic factors
of COVID-19 incidence have been reported, mainly through the use of spatially varying
coefficients (SVC) models, e.g., based on geographically weighted regression (GWR) [26–28]
and Moran eigenvector spatial filtering (MESF) SVC models [29]. Because an SVC model
estimates regression coefficients for each spatial unit without the assumption of a constant
coefficient across the space, it can explore spatial variations when examining the impacts of
factors. Moreover, the number of COVID-19 incidents and corresponding social distancing
policy have temporal variations, which leads to temporal changes in the population mobility
and yields a variable impact on local businesses. Thus, the temporal variations that are
rarely dealt with in previous studies [21,26–28] should be examined in addition to the
spatial impact of population mobility on local business sales.

Therefore, this study aimed to explore the spatio-temporal impact of population
mobility on local business sales in response to the COVID-19 pandemic in Seoul, South
Korea. First, this study investigated the temporal differences in the responses and verifies
them using statistical interaction terms in a linear regression model. Second, SVC models
were used to identify the spatial variation of the impact, and statistical interaction terms
were additionally applied to the models to capture the spatio-temporal variation of the
COVID-19-related impact of population mobility on local businesses. Specifically, this
analysis used an MESF-based SVC model with a statistical interaction term because it is one
of the typical methods used to deal with spatial variations in regression coefficients [29] and
is relatively free from the multicollinearity problem in regression coefficients [30]. Moreover,
an MESF-based SVC model can be expanded to explore spatio-temporal variability. This
study utilized the changes in public transportation ridership and restaurant sales to capture
the changes in population mobility and local business sales, respectively. This study
is expected to contribute to the existing literature of COVID-19 by applying statistical
interaction terms that can be used to capture spatio-temporal variations into the datasets
that were collected from big and real-time data [31,32].

2. Changes in COVID-19 Status and Social Distancing Policy

This section sequentially summarizes the number of confirmed COVID-19 cases and
the changes in the social distancing policy, as these are the factors that affect the population
mobility and local businesses. Figure 1 shows the number of confirmed COVID-19 cases
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in 2020. The trend of the Korean COVID-19 pandemic in 2020 can generally be classified
into three periods (i.e., waves) according to the points of rapid increase in the number of
confirmed cases [33]. The first wave spanned from 20 January to 11 August. This period
begins on the day of the first confirmed case and also includes the first confirmed case
in Seoul, on 25 January. The upsurge in this wave occurred in Daegu and Gyeongbuk,
but Seoul had the highest number of confirmed cases. The second wave of the pandemic
started on 12 August, at which point there was a large gathering in Seoul. In this period,
Seoul also showed the highest number of confirmed incidents, and the Seoul metropolitan
area—including Seoul, Incheon, and Gyeonggi—had over half of the confirmed cases. The
third wave began on 13 November with nationwide clusters.
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The government of Korea encouraged and enforced social distancing measures by es-
tablishing the Central Disaster and Safety Countermeasure Headquarters; the government
also granted the Korean Centers for Disease Control and Prevention (KCDC) the authority
to formulate and implement infectious disease-related policies [34]. The main point of
the social distancing policy was to discourage all non-essential meetings and gatherings
with the goal of substantially reducing the frequency of face-to-face contact to slow the
spread of COVID-19. However, such social distancing policies could negatively affect local
businesses due to the resulting decrease in population mobility [20,35].

The KCDC has implemented flexible social distancing policies based on regions accord-
ing to their number of newly confirmed COVID-19 incidents. Because changes in the policy
directly affect mobility and, in turn, affect local businesses, the flexible implementation
of the social distancing policy aimed to minimize its negative socio-economic impact [9].
When the level of social distancing is intensified, population mobility tends to substantially
decrease, which leads to a greater negative impact on local businesses. In contrast, when
the level of social distancing is reduced, population mobility recovers or shows a small
increase; as a result, the negative impact on local businesses is reduced.

Table 1 summarizes the changes in the social distancing policy with the major imple-
mentation in Seoul in terms of the three waves of the COVID-19 pandemic [36]. Specifically,
in the first wave, the KCDC encouraged the policy of stronger social distancing on 22 March,
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and the KCDC eased the social distancing policy, i.e., distancing in daily life, on 6 May. On
28 June, the KCDC established the three-level social distancing policy and implemented
the level 1 policy. In the second wave, the level of social distancing went up to level 2 on
16 August, and it was again intensified to enhanced level 2. The level of social distancing
was reduced from 14 September. On 7 November, the five-level social distancing policy
was established, and in the third wave, the level of social distancing increased starting on
19 November.

Table 1. Implementation of social distancing policies in Seoul, 2020.

Periods
Changes in Social Distancing Policies

Dates Implemented Policies

First wave

22 March
Stronger social distancing: postponing or canceling nonessential gatherings,

dining out, and travel; in the case of an employer, using flexible work
schedules, or adjusting start/end times of work and lunch hours

6 May

Distancing in daily life: harmonizing daily life and infection prevention
against the possibility of the long-term prevalence of COVID-19, providing

personal guidance suggestions, e.g., staying at home for 3–4 days if unwell and
maintaining a distance from others.

28 June Implementation of the three-level social distancing policy

Second wave

16 August

Level 2 of social distancing: avoiding unnecessary outings, meetings, and
multi-use facilities; assemblies of no more than 50 people indoors and 100

people outdoors; recommendation of flexible work arrangements (taking lunch
breaks in turn) or telecommuting to minimize place density

30 August
Enhanced level 2 social distancing: only allowing restaurants and cafes to

provide delivery or takeout after 21:00 (franchise cafes only permitted to offer
takeout and delivery at all times)

14 September

Level 2 of social distancing: rather than restricting cafes and restaurants to
take-out and delivery services, spacing is maintained between tables and seats

to limit the number of people in a store (recording the lists of visitors for
facilities, wearing of masks)

12 October

Level 1 of social distancing: complying with quarantine guidelines and
permitting daily economic activities; allowing assemblies, gatherings, and

events, but recommending compliance with quarantine rules and imposing
restrictions on the use of high-risk facilities

7 November Implementation of the five-level social distancing policy

Third wave

19 November Level 1.5 of social distancing: as social distancing was enhanced to level 1.5,
the scope of restaurants and cafes was expanded (150 m2 → 50 m2 + facilities)

24 November

Level 2 of social distancing: only take-out and delivery permitted after 21:00
(restaurant, all beverage-selling cafes, including franchises); one meter

distance between tables, one seat/table space apart or partitions between
tables (50 m2 + facilities)

8 December Level 2.5 of social distancing
(23 December: Private gatherings of more than five people were prohibited)

3. Materials and Methods

This study explores the spatio-temporal impact of changes in the public transportation
ridership on the changes in restaurant sales during the COVID-19 response in Seoul. This
section describes the datasets and modeling procedures used for exploring the spatio-
temporal impact. Because the social distancing policy was applied starting from March,
the datasets for public transportation ridership and restaurant sales were obtained from
1 Marhc 2020 through 31 December 2020, and the same variables were also collected for 2019
for comparison purposes. Linear regression and MESF-SVC analyses with the statistical
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interaction terms were used to examine the impact of changes in public transportation
ridership on local restaurant sales.

3.1. Data

Changes in restaurant sales were used as the dependent variable of this analysis. The
sales information was obtained from the Korea Credit Bureau (KCB) Big Data [32]. The
KCB Big Data estimates annual revenue based on credit card transaction information and
collects monthly revenue in terms of micro-spatial units known as K-blocks; the average
population has a value of about 300. This analysis aggregated the annual revenue estimates
in the K-block level to the Dong level, which is the smallest administrative unit in Korea.
Seoul has 425 Dongs as of 2021; however, this analysis used 422 Dongs by merging Dongs
having no restaurants into nearby Dongs with restaurants. The estimates were classified by
the type of businesses based on the Korea Standard Industry Code (KSIC). This analysis
only extracted food and beverage service activities to represent the restaurant business.
This is because, in this study area, the restaurant business accounts for the second highest
percentage of all business (i.e., about 24% in terms of the number of businesses) and is
known to be particularly sensitive to population mobility [19].

The independent variables were the changes in the public transportation ridership.
Specifically, the ridership values were obtained from the Korean dataset of the smart
transportation card (T-Money) public transportation histories, including via bus and sub-
way [31]. This analysis used the numbers of alighting passengers to represent the popu-
lation mobility. The numbers of passengers were only counted at final alighting stations,
as transfers were not counted. According to the statistic of the ridership by the travel
models in Seoul, the rate of bus and subway ridership accounted for about 61.4% of all
population mobility, whereas private vehicles accounted for 28.5% (Seoul Open Data Plaza,
http://data.seoul.go.kr/dataList/250/S/2/datasetView.do, accessed on 10 October 2022).
The ridership of buses and subways decreased more than that of private vehicles in re-
sponse to COVID-19 [37] because public transportation generally has a greater impact on
the spread of an epidemic [16].

This analysis was conducted under the assumption that the impact of population
mobility differs over time. Therefore, the numbers of passengers were split into six periods
of time each day (i.e., 6–8, 9–11, 12–14, 15–17, 18–20, and 21–23) with further classification
into weekdays and weekends; e.g., MD6 and ME21 refer to 6–8 on weekdays and 21–23
on weekends, respectively. Then, the numbers of passengers were aggregated at the Dong
level by month. The changes in both dependent and independent variables were calculated
by comparing the estimates in 2020 to those in 2019, i.e., (x2020 − x2019)/x2019.

3.2. Methods

This study used linear regression and MESF-based SVC models with statistical interac-
tion terms. First, linear regression models were used to explore the relationships between
the changes in public transportation ridership and the changes in restaurant sales. This
is because a linear regression model generally provides more interpretable results for the
relationship compared with non-linear models [38]. Then, the temporal variability in the
relationships was examined with a statistical interaction term between this term and other
covariates [38–40].

y = βpXp +βi
(
Xp × d

)
+ ε

Here, y and Xp refer to the dependent and independent variables, i.e., the changes
in the restaurant sales and public transportation ridership, respectively. βp and βi are
the estimated coefficients of the covariates and the interaction terms with the covariates,
respectively. d denotes a statistical interaction term. Specifically, the monthly collected data
(i.e., nmonth = 12) are grouped into a relatively small number of periods (i.e., r periods,
r < 12), and indicator variables are allocated to each period. This analysis uses a simple
dummy variable (i.e., 0 or 1) for the statistical interaction terms because the relationships of
the restaurant sales on the covariates show significant differences between only two periods

http://data.seoul.go.kr/dataList/250/S/2/datasetView.do
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(i.e., from March to July and from August to December), which will be described in the
Results section. The estimated coefficients of the statistical interaction terms represent the
temporal difference in the relationships, and the difference can be verified with significance
tests of the corresponding coefficients.

General linear regression models can be limited in their ability to examine the impact
of population mobility on local businesses due to the presence of spatial autocorrelation
in the variables [41,42]. Therefore, our analysis utilized an MESF-based SVC model to
address the spatial autocorrelation and to examine the spatio-temporal variability in the
impact of population mobility on restaurant business sales [29,30,43], incorporating sta-
tistical interaction terms. Thus, this section briefly reviews the MESF and MESF-based
SVC models.

The MESF model is a type of spatial regression that is used to address spatial autocorre-
lation in regression residuals that inflate the standard errors of the estimated coefficients [44].
MESF extracts eigenvectors from the transformed spatial weights matrix as follows [45,46]:(

I− 11T/n
)

C
(

I− 11T/n
)

The extracted eigenvectors are used as covariates in a regression model. Here, C is
the binary spatial weights matrix, I is the identity matrix, and 1 is the vector of 1. n is the
number of observations. This study constructed the spatial weights matrix based on queen
contiguity weights. The extracted eigenvectors represent spatial patterns, where the values
of Moran coefficients directly relate to the eigenvalues of the corresponding eigenvectors.
Moreover, the largest and smallest eigenvalues correspond to the largest and smallest
Moran coefficient values for a given study area [47]. Furthermore, the eigenvectors are
mutually uncorrelated and orthogonal. Thus, a linear combination of selected eigenvectors
that are typically obtained from a stepwise variable selection method could lead to unbiased
regression coefficient estimations by accounting for the spatial components [48]. The MESF
model for linear regression can be represented by the following equation:

y = βpXp +βEE + ε

where y is the dependent variable, Xp is the independent variable, E is the set of selected
eigenvectors, and βp and βE are the corresponding coefficient estimates.

The MSEF model can be extended to an SVC model to explore the spatial variability in
regression coefficients. When a study area consists of discrete and heterogenous subareas,
an SVC model addresses the limitations of a global model that assumes the coefficients
are constant across space by estimating coefficients for each spatial unit [43,49]. The
GWR approach is a widely used SVC model to examine spatial variability, which has also
been used in relation to the COVID-19 pandemic [26–28]. However, GWR suffers from
multicollinearity in regression coefficients [49] and an issue of bandwidth selection [50].
Furthermore, the MSEF-based SVC model generally shows better model accuracy [29,51];
thus, our analysis utilized the MESF-based SVC model.

The MESF-based SVC model extends the original MESF by incorporating the statistical
interaction terms between selected eigenvectors and independent variables to explore the
spatial variability in the coefficients as follows [52]:

y =

(
β01 +

K0

∑
k0=1

βk0Ek0

)
+

P

∑
p=1

βp1 +
Kp

∑
kp=1

βkp Ekp

·Xp + ε

where Ekp represents the eigenvectors related to the independent variable p, and the
statistical interaction terms are obtained by the multiplication of Ekp and Xp. Thus, the first
part of the equation expresses the spatially varying intercept, and the second part refers
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to the SVC of independent variables. The MESF-based SVC model differentiates between
global and local impacts by reorganizing the equation as follows:

y =

(
β01 +

P

∑
p=1

βp1Xp

)
+

(
K

∑
k=1

βEk Ek +
P

∑
p=1

K

∑
k=1

βpEk EkXp

)
+ ε

where the first part represents the regression coefficients of a global model, and the second
part represents the SVC.

This analysis incorporates an additional statistical interaction term into the MSEF-SVC
model to explore the temporal variability. Similar to the previous linear regression example,
a simple dummy variable is applied into the MSEF-SVC model as follows:

y =

(
β01 +

K0

∑
k0=1

Ek0βk0

)
+

P

∑
p=1

β01 +
KP

∑
kp=1

Ekpβkp

·Xp +
P

∑
p=1

β01 +
KP

∑
kp=1

Ekpβkp

·Xp·d + ε

where the multiplication of the SVC and temporal dummy variable (i.e., Ekp ·Xp·d) expresses
the spatio-temporal variability in the regression coefficients.

An MESF-SVC model should restrict the full set of eigenvectors to both reserve a
degree of freedom and increase the parsimoniousness of the model. This restriction is
accomplished through two steps. First, the MESF-SVC model is constructed only based on a
subset of eigenvectors called candidate eigenvectors [53]. This analysis extracts eigenvectors
using corresponding eigenvalues that have 50% of the principal eigenvalue. Tiefelsdorf
and Griffith [54] recommend using eigenvectors having 25% of the principal eigenvalue,
but this particular model must have more restrictive models due to the incorporation of
an additional temporal interaction term. Second, this analysis uses a forward variable
selection method to only choose the significant independent variables [52].

4. Results
4.1. Data Exploration and Global Linear Regression

The spatio-temporal structures of the changes in both the population mobility and
restaurant sales were explored using the constructed regression models. This analysis
classified the whole study period into two periods: period 1 (P1) from March to July and
period 2 (P2) from August to December, according to the change in the relationship between
population mobility and restaurant sales. Specifically, P1 included the first wave and P2
covered the second and third waves (Figures 1 and 2).

The average changes in the mobility (used for the independent variables) do not show
the difference between P1 and P2 (Figure 2). All regions showed negative changes in
mobility, which means that public transportation ridership decreased in 2020 compared
with 2019. Moreover, the decrease in ridership was greater in P2 than in P1, although
restaurant sales increased in P2 (Figure 3A,B). In detail, about 98.8% and 99.6% of regions
(i.e., Dongs) showed negative changes in mobility. Furthermore, the ridership changes
were represented through larger decreases on weekends compared with weekdays (See the
full maps of the independent variables in the Supplementary File).
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The monthly collected changes in restaurant sales (used for the dependent variables)
showed significant differences between the two periods (Figure 2). The t-test between P1
and P2 verified the statistical significance of the difference in their means. Specifically, the
changes in restaurant sales were generally below zero in P1 (Figure 3C), which means that
the corresponding month in 2020 exhibited a decrease in restaurant sales compared with
2019. However, in P2, most regions showed changes of above zero percent (Figure 3D).
That is, most regions showed an increase in restaurant sales during the COVID era. Only
major commercial regions, e.g., Gangnam and Myeongdong, showed decreases in their
sales during the whole period. This inconsistency in the relationship between population
mobility and restaurant sales might indicate that a global regression model does not
successfully explain the relationship during the whole period and study area. The spatial
distributions of total population ridership are represented in Figure A1.

Table 2 presents the results of the global regression model between the changes in
population mobility and restaurant sales. The regression model only explained a partial
change variance of the proportion of sales in their corresponding mobility changes, with
an adjusted R2 value of 0.294. This relatively low adjusted R2 value may denote that the
relationship between the variables includes spatio-temporal heterogeneity. That is, because
the global regression cannot capture the heterogeneity in the relationship between the
variables, local regression models, e.g., MESF-based SVC models, were constructed for
this analysis.

Table 2. Summary of the global linear regression result.

Variables Estimate Standard Error t-Value p-Value

(Intercept) −0.1462 0.0297 −4.923 <0.001 ***

MD6 0.0002 0.0009 0.181 0.856

MD9 −0.0073 0.0009 −7.834 <0.001 ***

MD12 0.0105 0.0016 6.551 <0.001 ***

MD15 0.0029 0.0019 1.518 0.13

MD18 0.0043 0.0011 3.811 <0.001 ***

MD21 −0.0179 0.0019 −9.255 <0.001 ***

ME6 0.0048 0.0008 5.801 <0.001 ***

ME9 0.0032 0.0010 3.067 0.002 **

ME12 −0.0073 0.0016 −4.611 <0.001 ***

ME15 0.0051 0.0018 2.786 0.005 **

ME18 −0.0057 0.0019 −3.016 0.003 **

ME21 0.0068 0.0021 3.21 0.001 **

Adjusted R2 0.2941

F-test 30.27 on 12 and 831 degrees of freedom, p-value: <0.001
Note: Significance codes: *** 0.001, ** 0.01, * 0.05.

Although the explanatory power of this global regression model is low, statistically
significant variables could reveal the general trends between population mobility and
restaurant sales. The positively significant variables at the 0.1% confidence level were
MD12 (0.0105), MD18 (0.0043), ME6 (0.0048), ME9 (0.0032), ME15 (0.0051), and ME21
(0.0068). Specifically, the decrease in the public transportation ridership during the 12–14
and 18–20 time periods on weekdays (i.e., MD12 and MD18, respectively) as well as the
6–8, 9–11, 15–17, and 21–23 time periods on weekends (i.e., ME6, ME9, ME15, and ME21,
respectively) yielded a decrease in restaurant sales. Because MD12 and MD18 might reflect
the population mobility for lunch and dinner, respectively, these positive relationships can
be reasonably explained. In contrast to these variables, MD9 (−0.0073), MD21 (−0.0179),
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ME12 (−0.0073), and ME18 (−0.0057) had a significant negative relationship with the same
confidence level. That is, the decrease in population mobility during 9–11 and 21–23 on
weekdays as well as 12–14 and 18–20 on weekends instead produced an increase in sales.
This means that the population mobility at these times might not be related to restaurant
sales. For example, mobility during 9–11 and 21–23 on weekdays is caused by mobility for
commutes to work.

4.2. Exploring Temporal Difference Using Statistical Interaction Terms

A statistical interaction term (i.e., dummy variable) was applied to the global regres-
sion model to capture the temporal variability in the relationships (Table 3). Here, this
analysis applied zero for P1, i.e., from March to July, and applied one for P2, i.e., from
August to December. The regression model with the interaction term showed a higher
adjusted R2 value (0.678) than that of the global regression model without the interaction
term (0.294). The partial F-test also reported a statistically significant difference between
the two models. This result indicates that the variance in restaurant sales changes is better
explained by the statistical interaction term; in other words, the statistical interaction term
successfully explains the temporal heterogeneity in the relationships between the variables.

Table 3. Summary of the linear regression result with the statistical interaction terms.

Variables Estimate Standard Error t-Value p-Value

(Intercept) 0.0294 0.0230 1.2750 0.203

MD6 −0.0009 0.0008 −1.0340 0.302

MD9 −0.0011 0.0009 −1.2290 0.22

MD12 −0.0009 0.0016 −0.5760 0.565

MD15 0.0018 0.0018 0.9840 0.325

MD18 0.0007 0.0011 0.6580 0.511

MD21 −0.0012 0.0019 −0.6230 0.534

ME6 0.0016 0.0008 1.8970 0.058.

ME9 0.0014 0.0010 1.4610 0.144

ME12 0.0012 0.0017 0.7190 0.473

ME15 −0.0028 0.0019 −1.5200 0.129

ME18 −0.0016 0.0019 −0.8270 0.409

ME21 0.0064 0.0019 3.3030 <0.001 ***

MD6:INT 0.0001 0.0013 0.0470 0.962

MD9:INT −0.0008 0.0014 −0.6030 0.546

MD12:INT 0.0050 0.0023 2.1790 0.03 *

MD15:INT −0.0038 0.0027 −1.3860 0.166

MD18:INT 0.0041 0.0015 2.7130 0.007 **

MD21:INT −0.0037 0.0031 −1.1910 0.234

ME6:INT −0.0001 0.0012 −0.0950 0.924

ME9:INT 0.0024 0.0015 1.6080 0.108

ME12:INT −0.0093 0.0023 −4.1110 <0.001 ***

ME15:INT 0.0107 0.0026 4.1000 <0.001 ***

ME18:INT −0.0041 0.0025 −1.6230 0.105

ME21:INT −0.0052 0.0031 −1.6890 0.092

Adjusted R2 0.6783

F-test 65.75 on 24 and 819 degree of freedom, p-value: <0.001
Note: Significance codes: *** 0.001, ** 0.01, * 0.05.
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The estimated coefficients of the statistical interaction term marked with ‘INT’ (e.g.,
from MD6:INT to ME21:INT) represent the temporal difference in the relationships, which
shows a remarkable difference in the relationship to the previous global regression model
(Table 3). Based on the estimates of the interaction term with the two periods, the variables
of MD12, MD18, MD21, ME12, ME15, and ME21 had noticeably different associations
between the periods. The estimated regression coefficients without INT (e.g., from MD6
to ME21) report the relationship of restaurant sale changes to corresponding changes in
population mobility for P1, and the sum of estimated coefficient with and without INT
(e.g., the sum of MD6 and MD6:INT) represents the relationship for P2.

MD12 (i.e., mobility between 12–14 on weekdays) showed a negative relationship in
P1 (i.e., −0.0009), but it had the opposite relationship in P2 (i.e., 0.0041). The differences
were statistically significant at a 5% confidence level. That is, the changes in population
mobility in P1 did not affect the changes in restaurant sales, but in P2, the mobility changes
led to changes in their corresponding dependent variables. Because they have a positive
relationship, the decrease in population mobility led to a decrease in restaurant sales.
MD18 (i.e., mobility between 18–20 on weekdays) showed a similar interpretation to MD12.
However, unlike MD12, MD18 showed a positive relationship in P1 (i.e., 0.0007), although
it is not statistically significant. Nevertheless, similar to MD12, MD18 had a significantly
different (i.e., stronger) relationship between P1 and P2 with a 1% confidence level. That
is, in P1, a decrease in the mobility is related to a decrease in restaurant sales, and this
relationship was intensified in P2. In whole periods, the decrease in local restaurant sales
was globally more susceptible to mobility during dinner time than it was during lunch time.

The temporal changes of the relationship in MD21 (i.e., mobility between 21–23 on
weekdays) are worth addressing despite the fact that the estimated coefficients for the
related variables were not statistically significant. In the global regression model and model
with the interaction terms in P1, MD21 had a negative relationship to restaurant sales, as
the mobility in this time period is typically related to work commutes. However, in P2,
MD21 showed a stronger negative relationship (i.e., −0.0049) to restaurant sales. This
change might reflect the result of social distancing. Specifically, after August 16, as the level
of social distancing increased to level 2, the social distancing policy allowed restaurants to
provide delivery or takeout after 21:00. Thus, in P2, the mobility that was not related to
restaurant sales tended to increase during 21–23 on weekdays.

The variables corresponding to mobility on weekends also had significantly different
relationships with the changes in restaurant sales between P1 and P2. ME12 and ME15
(i.e., mobility between 12–14, and 15–17 on weekends, respectively) had opposite directions
between P1 and P2. That is, in P1, ME12 had a positive relationship (0.0012) and ME15 had
a negative relationship (−0.0028). Meanwhile ME12 in P2 showed a negative relationship
(−0.0081), whereas ME15 had a positive relationship (0.0079). ME21 also exhibited signifi-
cant changes in the estimated coefficients between P1 and P2 with a 10% confidence level.
Specifically, ME21 (i.e., mobility between 21–23 on weekends) showed a significant positive
relationship (0.0064) to restaurant sales in P1. The decrease in mobility during this time led
to a decrease in restaurant sales until August. In P2, ME21 still showed a positive direction
(0.0012), but there was a significant decrease in the estimated coefficient. This means that
in the 21–23 time period on weekends, the mobility related to restaurant sales tended to
decrease in P2 compared with P1, which might also have been caused by a change in the
social distancing policy.

4.3. Exploring Spatio-Temporal Difference Using ESF-SVC with Statistical Interaction Terms

Temporal statistical interaction terms were applied to the local regression models, i.e.,
the MESF-SVC models, to explore the spatio-temporal variabilities in the relationship. Thus,
the estimated coefficients varied by both location and period. The overall interpretation of
coefficients is similar to their counterparts in the general regression coefficients. A positive
relationship, i.e., an estimated coefficient that is larger than zero—denotes that a decrease
in population mobility relates to a decrease in its corresponding local restaurant sales. By
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contrast, a negative relationship means that a decrease in population mobility tends to show
an increase in its counterparts. Figures 4 and 5 represent the spatially varying coefficients
in P1 and P2 for weekdays (i.e., MD12, MD18, and MD21) and weekends (i.e., ME12, ME15,
and ME21), respectively, which show noticeable relationships between the variables in the
previous global regression model. In Figures 4 and 5, the red and blue areas have positive
and negative relationships, respectively.ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 14 of 22 
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Although the coefficients of the global models for MD12 had negative and positive
relationships in P1 and P2, respectively, where their MD12 SVC values showed various
patterns according to the characteristics of their related regions (Figure 4A,B). The numbers
of spatial units having a positive relationship in P1 and P2 were 199 and 259, respectively.
For example, the central business area (CBD) in Seoul had negative coefficients during
the whole period (See Figures 4A and A2 for detailed regions). That is, the population
mobility in this area decreased in 2020, but the decrease had no impact on local restaurant
sales. Positive coefficients were mainly found in the neighboring areas of the CBD, where
decreases in population mobility tended to cause a decrease in local restaurant sales.
Regions having positive SVC values in P1 spread out in P2 (Figure 4B), which might lead
to a positive relationship in the global model. Regions with positive SVC values were also
observed in commercial areas such as Gangnam-Gu as well as residential areas such as
Gangbuk-Gu and Jungnang-Gu. This analysis result shows that a decrease in population
mobility during lunch time on weekdays had a larger negative impact on restaurant sales
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in commercial and residential areas than it does in the CBD, and regions with negative
impacts expanded between the two periods.

The estimated coefficients of MD18 in the global regression model had positive rela-
tionships in both P1 and P2, but the SVC values of MD18 had spatio-temporally different
patterns (Figure 4C,D). That is, 184 and 217 Dongs had positive relationships in P1 and
P2, respectively. Generally, major commercial areas, e.g., Gangnam-Gu, Yongsan-Gu, and
Yeouido, continuously represented positive SVC values, and the CBDs had negative SVC
values. Thus, during dinner time, the decrease in mobility in these areas could decrease
their local restaurant sales. Similar to the SVC values of MD12, the regions with positive
SVC values were expanded in P2 compared with P1. In P2, most regions of Jongro-Gu,
Gangbuk-Gu, and Seocho-Gu had positive SVC values (Figure 4D). This might mean that
the negative impact of the mobility on restaurant sales was stronger in P2 than in P1,
although the overall restaurant sales increased in P2.

The SVC values of MD21 included positive estimations (Figure 4E,F) for 199 and 259
Dongs for P1 and P2, respectively, although its global counterparts only had negative
estimate coefficients (Table 3). The overall patterns of the MD21 SVC values were almost
similar in both P1 and P2, but their intensities were generally larger in P2. That is, the
absolute values of the MD21 SVC were larger in P2 compared with P1. In particular, regions
with positive SVC values were observed in the CBD, where the negative SVC values were
mostly found for MD12 and MD18. Because the mobility decrease in these time periods
mainly reflected the changes in social distancing which only allowed restaurants to provide
delivery or takeout in P2 [55], the regions with positive SVC values, e.g., Seongdong-Gu,
Gwangjin-Gu, Dongdaemun-Gu, where commercial and residential areas are generally
mixed, could be the major regions that suffered from the policy.

The SVC values of the variables related to the mobility on weekends, e.g., ME12, ME15,
and ME21, showed different patterns to their corresponding mobility SVC on weekdays,
e.g., MD12, MD15, and MD21 (Figure 5). The estimated coefficients of ME12 and ME15 in
the global regression model exhibited opposite directions between P1 and P2, but the SVC
patterns of ME12 and ME15 in both P1 and P2 were similar. Note that their absolute values
were larger in P2 than in P1, which could lead to a significant difference in the estimated
global regression coefficients between P1 and P2. Specifically, for ME12 (Figure 5A,B), the
CBD and Yongsan-Gu mainly showed negative SVC, while the regions having positive SVC
values were found in Gwangjin-Gu, Songpa-Gu, and Dongjak-Gu. For ME15 (Figure 5C,D),
Gwanak-Gu, Gangnam-Gu, Songpa-Gu, and Seongdong-Gu represented negative SVC
values, while Seocho-Gu and Nowon-Gu had positive SVC values. However, during the
daytime on weekends, the positive SVC expanded from Myeongdong to the CBD in P2
compared with P1. This could indicate that the negative impact of decreasing population
mobility on local restaurant sales spread out during P1.

The estimated coefficients of ME21 in the global regression model show positive
relationships for both P1 and P2, but its SVC values include negative directions (Figure 5E,F).
The regions having negative SVC values were expanded in P2—i.e., 195 and 223 Dongs
for P1 and P2, respectively—and the absolute values of the SVC values were also larger
in P2 compared with P1. The absolute values of the positive SVC values were also larger
in P2, which includes Yongsan-Gu, Mapo-Gu, and Yeouido. As is the case for MD21,
the decrease in population mobility in this time period, which was related to a decrease
in local restaurant sales, was mainly caused as a result of the social distancing policy;
because of this, the above-mentioned regions could also be considered to have suffered
from the policy.

5. Conclusions

The social distancing policies implemented in response to COVID-19 could reduce
population mobility, but could also lead to a change in local business sales in Seoul. This
study explored the influences of the changes in population mobility on the changes in local
restaurant sales, particularly from the perspectives of their spatio-temporal variabilities.
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First, a global regression model with a statistical interaction term was able to capture
the temporal variability in the relationship between changes in population mobility and
restaurant sales, which mainly occurred due to the changes in social distancing policies.
In particular, the changes in population mobility at lunch and dinner times, i.e., between
12–14 and 18–20, had positive relationships on weekdays to their corresponding changes in
restaurant sales from August to December (i.e., P1), which shows the negative impact of
a decrease in population mobility on restaurant sales. In the same period, the changes in
population mobility in the night time, i.e., between 21–23, showed negative relationships
on both weekdays and weekends to the changes in restaurant sales. This could denote that
mobility at this time was not related to restaurant sales and was caused by commuting
to work, as the social distancing policy only allowed restaurants to provide delivery or
take-out food and beverages.

Second, the MESF-based SVC models with statistical interaction terms were applied
to explore the spatio-temporal variation in the impact of population mobility on local
restaurant sales. Although the global regression model could only report a relationship
between the related variables, the SVC models were able to represent various relationships
related to the characteristics of the corresponding individual spatio-temporal units. For
example, with the changes in population mobility at lunch time, i.e., between 12–14 on
weekdays, the CBD and commercial areas, e.g., Gangnam-Gu, showed positive and negative
coefficients in the whole period, respectively. Similar to this example, our analysis result
showed that at this time, a decrease in population mobility had a larger impact on a decrease
in restaurant sales in commercial areas than it did in the CBD. Because the decrease in
population mobility at night, i.e., between 21–23, was mainly caused by the social distancing
policy, the regions with positive SVC coefficients (which mean a decrease in population
mobility) that tended to have a decrease in restaurant sales could be considered to be the
major regions that suffered from the social distancing policies.

This article is expected to contribute to the literature on spatial analyses and policy
supports in response to infectious disease, e.g., COVID-19. Methodologically, this study
incorporated statistical interaction terms into MESF-based SVC models. In general, SVC
models only explore spatially local regression coefficients, but our approach additionally
verified the temporal variabilities of the spatial coefficients. This study also utilized spatial
big data, such as the KCB and T-Money datasets, to examine the impact of population
mobility changes on restaurant sales. The KCB and T-Money datasets were obtained from
credit card transactions and transportation card histories, respectively. The analysis results
confirmed the usability of spatial big data for the examination of socio-economic problems.
Finally, this study estimates the changes in restaurant sales based on population mobility
and discovered regions that suffered depending on the change in the social distancing
policies. The results and our methodological approach could provide base research for
policymakers by assisting in the prediction of the impact that social distancing policies
have on local business sales in response to future infectious diseases.

This study could be extended in future research. First, this study only compared two
periods, i.e., P1 from March to July and P2 from August to December. This is because the
datasets used by this study show significantly different relationships between the related
variables. Regression models could be incorporated with monthly statistical interaction
terms to explore the detailed monthly variations of the relationships; however, it might
yield difficulties with respect to interpreting the regression results. Moreover, linear mixed
and panel models could be used as alternatives to examine the further relationships [46],
although they might not be useful for this study due to the existence of significantly
different relationships between the divisions. Second, multicollinearity exists between
the independent variables, which could affect the significance tests of their estimated
coefficients. An alternative representation of the time components, e.g., adjusting time
periods, and subsequently extracting the principal components, may be helpful for future
studies. Finally, the variants of the SARS-CoV-2 virus could yield different impacts on the
changes in mobility and local restaurant sales, although this analysis only explored the
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impact observed in 2020. Exploring the changes in the impacts according to the emergence
of the variants by comparing 2020 to 2022 would be helpful for understanding the overall
responses of local business sales to the COVID-19 pandemic in Seoul, South Korea.
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