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Abstract: Cities worldwide are actively promoting their Night-Time Economies (NTEs) to recover
from the economic crisis caused by COVID-19. However, in the case of Seoul, Korea, the interest in
the NTE from an urban perspective remains insufficient. Therefore, this study was performed with
the following two objectives: (1) To empirically identify the characteristics of Korea’s NTE and derive
an indicator of the nighttime economic vitality (NTEV) by considering the NTE in urban regions;
(2) to explore the structural relationship between NTEV, COVID-19, and credit-card sales in Seoul,
to which operational restrictions were stringently applied according to the COVID-19 policy of Korea.
The NTEV was evaluated using indicators of the nightly floating population, night-lighting value,
and number of entertainment facilities. Moreover, to identify the structural relationship between
COVID-19, NTEV, and credit-card sales based on abnormal analysis data, a formative measurement
model of the partial least squares structural equipment modeling framework was used. The results
highlighted that the effect of COVID-19 differed depending on the density of facilities to which the
“social distancing policy” was applied, and the NTEV boosted the consumption economy of the entire
city. Moreover, we empirically confirmed that an increase in the number of confirmed COVID-19
patients directly or indirectly decreased credit-card sales, which deteriorated the urban economy.

Keywords: COVID-19; COVID-19 response policy; operational restrictions on facilities; Night-Time
Economy (NTE); Night-Time Economic Vitality (NTEV); credit-card sales; PLS-SEM (partial least
square structural equation modeling); formative measurement model

1. Introduction

COVID-19 has affected various sectors of the society, culture, economy, and envi-
ronment worldwide. In particular, the pandemic has led to massive losses in economic
fields such as trade, domestic demand, stock, and labor markets [1]. Consumer spending,
which supports 70% of the economy, has declined with people avoiding visiting restaurants,
cinemas, offices, and other public places [2]. In other words, the pandemic has directly
shrunk the floating population, the card-transaction volume, and sales at both the national
and urban levels [3,4].

As the pandemic continues, cities in various countries are pursuing diverse night
policy projects in an attempt to recover from the pandemic-induced economic crisis. Night-
Time Economy (NTE) is considered an important aspect to revitalize the urban economy,
and thus, cities are encouraging people to engage in various activities and boost consump-
tion by promoting night tours, night markets, and night festivals [5]. In China, NTE is
rapidly emerging as an urban trend given that the country has mobilized various support
policies to revitalize the NTE, which has boosted the sluggish economies of various cities
such as Shanghai, Beijing, and Guangzhou [6]. In contrast, in the case of Seoul, Korea,
the Korea Tourism Organization organized only one forum in 2020 based on the theme of
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revitalizing the NTE through night tourism, and interest in restoring and revitalizing the
NTE from an urban perspective remains limited.

Seoul is known as “a city that does not sleep”, “a city that is awake 24 h”, and “a city
with active economic activities in the nighttime” [7]. However, from the beginning of the
pandemic, Seoul has strictly limited the operating hours of all industries to 9 p.m. or 10 p.m.
as part of “social distancing”, a COVID-19 response policy. Consequently, the appearance
of Seoul’s night streets after COVID-19 has changed rapidly. The COVID-19 response
policy of limiting operating hours has led to a decline in family outings, work dinners, and
restaurant sales, and people are returning home earlier. Consequently, 20,000 commercial
entities in Seoul closed down in the first quarter of 2020 alone [8]. This economic impact
highlights the significance of the NTE as a key factor supporting the vitality of Seoul’s
urban economy.

Against the background of the perception that the NTE is important for urban vitality,
this study is aimed at empirically verifying whether COVID-19 actually affected Seoul’s
self-employment sales and whether the policy of restriction on operating hours to limit the
spread of COVID-19 influenced the vitality of Seoul’s NTE.

The objectives of this study can be summarized as follows: First, although Korea is
one of the countries in which most commercial facilities such as restaurants, cafes, and
shopping centers operate until late, there are no positive indicators pertaining to the NTE.
Moreover, although the NTE theory mainly focuses on tourism and economics, the number
of NTE indicators that can be used in diverse urban studies remains insufficient. Therefore,
we refer to the NTE theory applicable to urban studies as Night-Time Economic Vitality
(NTEV) and attempt to construct the NTEV indicators that reflect the characteristics of
Korea. Second, to determine whether the pandemic actually had an adverse effect on the
urban economy, we investigate the structural relationship between COVID-19, NTEV, and
credit-card sales and compare the differences in the structural relationships by industry.
To these ends, partial least square structural equation modeling (PLS-SEM) is performed
to clarify the structural relationships among multiple variables. The spatial scope of the
study is Seoul, where social distancing and operating restriction policies have been most
strictly applied in Korea. The temporal scope of the study is 2021, when the level of social
distancing and number of confirmed COVID-19 cases in Seoul were higher than those in
2020, which is the year of the COVID-19 outbreak.

Figure 1 shows the process flow of this study. The remaining paper is organized as
follows: Section 2 describes the concepts related to the design of the NTEV indicators and
presents a literature review to highlight the novelty of this study. Section 3 describes the
variable selection and establishment of hypotheses. After collecting and processing the
data suitable for selected variables and reviewing the data through exploratory analysis,
the analysis method and model were identified. Section 4 describes the PLS-SEM analysis
performed to compose the NTEV indicators and identify the structural relationship be-
tween COVID-19, NTEV, and credit-card sales. Moreover, the differences in the structural
relationships across industries were examined. Section 5 presents the concluding remarks
and discusses the significance and implications of our results.
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2. Literature Review

The term NTE emerged in the UK in 1995 when operating hours were extended to late
night hours to revitalize the urban economy [9]. Since then, the concept has been used as a
measure to understand a city’s nighttime activities and has been treated as part of urban
branding strategies, especially because young people flock to nighttime economic centers
such as bars and clubs [10,11]. Successful nightlife places attract more foreign visitors to a
city, and in addition to maintaining the vitality of the city center, promote the growth of the
local economy [12].

According to Jane Jacobs [13], the ability to freely enjoy the nightlife of a city is
an unequivocal social good. Similarly, when nightlife is aggregated, it creates a spatial
basis for generating economies of agglomeration, which contributes to the city’s overall
social capital. The NTE has attracted extensive attention in major metropolitan cities such
as New York, London, and Sydney because it secures urban competitiveness, increases
sociocultural attractiveness, promotes urban development, and improves the urban vitality,
in addition to boosting the city’s economy, employment, and consumption [10,11]. In Asia,
the NTE emerged as an issue in earnest when China hosted the 2019 Nighttime Economy
Forum [14]. In Korea, the importance of nightlife has been recognized, and various tourism-
focused projects (publication of night tourism guidebooks and the organization of the Seoul
night goblin night market) for the public have been promoted; however, NTE terms were
introduced only after the 2020 Night Tourism Forum [15].

With the growing importance of the NTE worldwide owing to COVID-19, many
researchers have focused on this concept. Notably, the existing studies mainly covered
the concept of NTE from the viewpoints of “entertainment and crime [16–18]”, “behav-
ioral patterns of people who have nightlife [19–21]”, and “the night culture and social
phenomenon [22–25]”. In contrast, in Korea, primarily, survey-oriented studies to revitalize
night markets or night tourism have been conducted recently from the perspective of
tourism [26,27]. To analyze the NTE from the perspective of a city’s social and economic
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revitalization, Lin et al. proposed the concept of NTEV by grafting the NTE into urban
studies, developed an indicator using diverse urban data, and calculated an index of the
NTEV in Zhejiang Province, China [5].

However, the NTE is not a standardized concept yet, because it addresses nighttime
activities in various industries such as food and beverage, tourism, shopping, culture, and
leisure [5]. One researcher defined the NTE as economic consumption in the fields of leisure,
culture, entertainment, and food and beverage [28], whereas another researcher referred to
it as day-to-day activities in urban public spaces, such as walking [29]. In addition, certain
researchers emphasized the social aspect of the NTE [30], whereas others emphasized the
economic aspect [5,11].

Definitions related to the timeslot of the NTE differ across countries and studies. One
study defined the starting point of the night timeslot as the time at which people leave
from work in the evening [31], whereas another study defined the nighttime slot as the
interval between sunset and sunrise, that is, between 6 p.m. and 6 a.m. [10]. In addition,
other researchers subdivided the NTE timeslot from 5 p.m. to 10 p.m. and nights after
10 p.m. [32,33]. At the national level, in the US, the interval between 6 p.m. and 6 a.m. is
considered the nighttime [34]. In the UK, the nighttime is divided as follows: The interval
between 6 p.m. and midnight is considered evening, and that between midnight and 6 a.m.
is considered late night [35]. In Australia, the intervals between 6 p.m. and 9 p.m., 9 p.m.
and 11 p.m., and 11 p.m. and 2 a.m. are considered early evening, evening, and late night,
respectively [36].

Despite rich academic research on the NTE, most of the measurement scales have
been devised based on qualitative indicators [19–25]. As quantitative indicators, the gross
domestic product (GDP) and night-lighting data have been used with a focus on economic
performance [37–39]: The GDP has been used as an official indicator of national growth,
and night-lighting data, which represent the brightness of night lights, have been widely
used by academicians in recent years as an alternative indicator because it represents the
activities of people during nighttime [40]. However, GDP and night-lighting data are
somewhat inadequate as indicators when they are uniformly applied to cities, which are
characterized by the simultaneous occurrence of diverse economic, social, and cultural
phenomena. Moreover, qualitative indicators do not fully reflect the characteristics of
cities [5]. Studies related to the NTE of Korea, which focused on tourism, qualitatively
measured people’s behaviors and manners and the activities related to night tourism, night
markets, and night festivals. The related indicators were designed based mainly on the
results of surveys [26,27].

Considering these aspects, based on a literature review, we identified the following
research gaps: (1) The NTE has been actively investigated, except in Korea, and the
development of measurement indicators has been limited. Most of the developed indicators
are qualitative, and only a few quantitative indicators exist, which can be applied to cities.
(2) Korea’s policies related to and academic interests in the NTE have mainly been centered
around tourism, and urban studies remain to be performed. (3) The concept and definition
of NTE vary across countries and focus industries. Moreover, a concept of the NTE in urban
studies that reflects the characteristics of Korea and the associated indicators to measure it
have not been developed yet.

To overcome these limitations, in this study, an analysis was performed considering
the NTE as a factor that reflects the vitalization of a city. Instead of qualitative indicators,
quantitative indicators that reflect the characteristics of Korea’s NTE were constructed using
urban statistical data. Furthermore, structural relationships of the NTE were established,
reflecting the effects of COVID-19. The novelty of this study pertains to the empirical
determination of the relationship between COVID-19, NTEV, and credit-card sales.

Before describing the analysis, we present an operational definition of the study
objective. The objective of this study was to examine the NTE from the perspective of the
city by using the concept of NTEV [5], which appeared with the application of the NTE
concept in the field of urban studies. To measure the NTEV of the city, we defined the
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concept as “the degree of vitalization of the city’s nighttime”. Furthermore, we defined
the NTEV timeslot as the interval between 7 p.m. and 8 a.m. The temporal definition of
“night” in Korea is extremely diverse. Under the Labor Standards Act, working hours at
night are from 10 p.m. to 6 a.m., and the dictionary definition of night refers to the time
from sunset to sunrise. Moreover, the Seoul Metropolitan Government defines the floating
population at night as the population between 7 p.m. and 8 a.m. [41]. Because the objective
of this study was to measure the urban activity in the nighttime slot, that is, the NTEV, we
defined nighttime as the interval between 7 p.m. and 8 a.m. based on the timeslot of the
nightly floating population specified by Seoul Metropolitan Government and the definition
that human nightlife begins from the time people leave work [31].

3. Analysis Framework
3.1. Variable Selection and Hypothesis

The measures and latent variables required for the analysis were constructed with
reference to the literature (Table 1) and used to establish hypotheses. First, to confirm
the effect of COVID-19, the COVID-19 construct was devised using the number of daily
confirmed patients as a measurement variable.

We constructed the measurement variables of the NTEV by referring to studies such
as those of Zikiriya et al., Xia et al., and Jeong and Jun [42–44]. Notably, Lin et al. used the
nighttime electricity consumption, number of facilities, and online review data as NTEV
measurement indicators [5]. Zikiriya et al. identified the urban vitality in the COVID-19
era considering the night-lighting data obtained using satellites [42]. Xia et al. and Jeong
and Jun used the number of restaurants and night-lighting data as measures of floating
population and credit-card sales, respectively [43,44].

The electricity consumption data for Korea in the night timeslot are not available
because they are not segregated by the time zone. Consequently, we used night-lighting
data instead of the electricity consumption variable, as an NTEV-related variable. In
terms of operating-hour restrictions in response to COVID-19, the Seoul Metropolitan
Government designated high-density entertainment facilities as Group 1 and has been
managing them stringently. In other words, entertainment facilities, which are the most
active at night in Seoul, have been the most adversely affected by COVID-19. In addition,
because restaurants and businesses, which have been the focus of existing studies, mainly
operate starting from daytime, we selected the number of entertainment facilities such as
liquor and karaoke bars (entertainment facilities in Korea are stores that cook and sell food
and alcoholic beverages, and they operate only at night) as a variable. Eventually, we used
the night-lighting data, number of entertainment facilities, and nightly floating population
as measurement indices constituting the NTEV.

To identify the structural relationship between COVID-19, NTEV, and credit-card
sales, we considered credit-card sales as the dependent variable, with reference to the
literature [5,45,46]. The reason is that credit cards represent the main payment option in
many countries [47], and in Korea, the proportion (58.3%) of credit-card payments is higher
than that of cash payments (21.6%). Moreover, in recent years, the number of cashless
stores in Korea has increased [48]. Furthermore, in this study, the industry of credit-card
sales was classified with reference to an existing study [45] that highlighted that the effect
of COVID-19 on credit-card sales varied across industries. According to a classification
provided by Shinhan Card Co., Ltd. (Seoul, Korea), these industries can be divided into
13 categories: restaurant and entertainment; distribution; food and beverage; clothing and
merchandise; sports, culture, and leisure; travel and accommodations; beauty; life service;
education and academy; medical care; furniture and home appliances; automobiles; and
refueling industries. The furniture and home appliances and automobile industries, which
are mainly sales-driven, are merged to obtain 12 categories. The differences across these
12 industrial groups are compared (Table 2).

Given this background, we aimed to evaluate the relationship between the number
of confirmed COVID-19 patients and credit-card sales by industry. The influence of the
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number of confirmed COVID-19 patients on the decrease in self-employment sales has
been widely discussed politically and academically [8,45,46], and thus, we established
hypothesis Hypothesis 1. We established Hypothesis 2 to examine whether the number
of confirmed COVID-19 patients negatively (−) affects the NTEV and Hypothesis 3 to
evaluate whether the relationship between the NTEV and credit-card sales is affected by
the number of confirmed COVID-19 patients as a moderating variable. Through these
hypotheses, we attempted to identify the impact pathway of the number of confirmed
COVID-19 patients, that is, direct, indirect, or moderating impact.

Hypothesis 1 (H1). The number of confirmed COVID-19 patients has a negative (−) effect on
credit-card sales.

Hypothesis 2 (H2). The number of confirmed COVID-19 patients has a negative (−) effect on
the NTEV.

Hypothesis 3 (H3). In the relationship between NTEV and credit-card sales, the number of
confirmed COVID-19 patients serves as a moderating variable.

The Seoul Metropolitan Government has implemented a social-distancing policy as a
measure to reduce the spread of COVID-19. This policy has been applied differentially to
each facility. This objective is to prevent people from being active during night hours and
encourage them to return home by limiting the operating hours of commercial facilities
to 9 p.m. or 10 p.m. In addition, the Seoul Metropolitan Government has adjusted the
number of spectators and events at cultural and sports facilities and recommended or
mandated telecommuting for business facilities [49]. Notably, factory facilities related to the
manufacturing industry, and residential facilities, have been excluded from these policies.
Consequently, the effect relationships of COVID-19 and the NTEV differ depending on the
region in which these facilities are concentrated. Because Korea’s COVID-19 policy restricts
the use of facilities, several studies have reported that the number of confirmed COVID-19
patients and sales decreased in areas with a high concentration of business and commercial
facilities, but increased in areas with a high concentration of residential facilities [50,51].
In addition, because people’s activities have revolved around residential areas after the
COVID-19 outbreak, the movements and sizes of floating populations in residential areas
have been more intense and larger, respectively, than those in other areas [50,51]. Therefore,
to confirm the differences in terms of the density of facilities, we considered the density
of each type of facility (residential, manufacturing, cultural, business, and commercial)
as measurement variables and categorized them as (1) residential and manufacturing
facilities and (2) cultural, business, and commercial facilities. This categorization was
performed because Korea has restricted the operations of cultural, business, and commercial
facilities under the regulatory policy in response to the pandemic, but the operations of
residential and manufacturing facilities have not been restricted. Therefore, we classified
the latent variables of the measurement variables as operationally restricted facilities and
non-restricted facilities. Hypothesis 4 was established to examine the variation in the effect
of the number of confirmed COVID-19 patients in the case of operationally restricted or
non-restricted facilities (Hypothesis 4). Thereafter, we investigated whether credit-card
sales (Hypothesis 4 + Hypothesis 1) and NTEV (Hypothesis 4 + Hypothesis 2) change with
the number of confirmed COVID-19 patients in operationally restricted or non-restricted
facilities, through mediation channels.

Hypothesis 4 (H4). The impact of the number of confirmed COVID-19 patients varies depending
on whether the operation of a facility is restricted.

These hypotheses were focused on identifying the effects of the number of confirmed
COVID-19 patients. To identify whether the spread of the pandemic influenced the consid-
ered structural relationship, the differences among the scenarios were compared by adding
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a structural relationship that excluded the number of confirmed COVID-19 patients. To
this end, we attempted to identify the structural relationship related to COVID-19 from
various viewpoints by checking for differences depending on the operating hours of op-
erational restrictions on facilities, even in the absence of confirmed COVID-19 patients
(Hypotheses 5 and 6).

Hypothesis 5 (H5). The impact of the NTEV varies depending on whether the operation of a
facility is restricted.

Hypothesis 6 (H6). The NTEV has a positive (+) impact on credit-card sales.

To effectively examine the abovementioned structural relationship, we set the environ-
mental factors as control variables (Hypothesis 7). Environmental factors that influence
the population activity, urban vitality, and credit-card sales include measurement variables
such as the minimum temperature, precipitation, and PM10 (Particle Matter 10 µm), as out-
lined by Yan et al., Keiser et al., and Kang et al. [52–54]. Finally, we established Hypothesis
8 to recognize that all of the previous influencing relationships differ by industry [45].

Hypothesis 7 (H7). In the relationship between the NTEV, COVID-19, and credit-card sales,
environmental factors serve as control variables.

Hypothesis 8 (H8). The structural relationship between the NTEV, COVID-19, and credit-card
sales differs by industry.

Table 1. Variables used in previous studies.

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) This
Study

Dependent
Variables

Credit-Card
Sales

Credit-Card Sales
by Industry • • • • • •

Independent
Variables

Night Time
Economic

Vitality

Nighttime Electricity
Consumption •

Night-Lighting • • • • •

Nightly Floating
Population • • • • •

Number of Restaurants •

Number of
Entertainment Facilities • •

Number of Facilities • •

COVID-19 Number of Confirmed
Patients • • • •

Operating
Restriction/

Non-Restricting
Facilities

Residential Facilities • • •
Cultural Facilities •

Manufacturing Facilities •
Business Facilities • • •

Commercial Facilities • • •

Control
Variables

Environment

Minimum Temperature • • •
Precipitation • • •

PM10 • • •
PM25 •

(1) Lin et al., 2021 [5]; (2) Zikiriya et al., 2021 [42]; (3) Xia et al., 2020 [43]; (4) Hobbs et al., 2000 [19]; (5) Jeong and
Jun, 2020 [44]; (6) Horvath et al., 2021 [46]; (7) Jo et al., 2020 [45]; (8) Kang et al., 2019 [54]; (9) Yan et al., 2019 [52];
(10) Kim., 2021 [50]; (11) Lim and Choi., 2022 [51].
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Table 2. Industry classification of Shinhan Card Co., Ltd., and this study.

Industry Classification of Shinhan
Card Co., Ltd. Facilities Included in the Industry Industry Classification of This Study

1 Restaurant and Entertainment e.g., Fast food chain; Cafe;
Bakery shop 1 restaurant and entertainment

2 Distribution e.g., Department store; Convenience
store; Market 2 distribution

3 Food and Beverage e.g., Butcher shop; Fisheries wholesale
market; Flower market 3 food and beverage

4 Clothing and Merchandise e.g., Optician; Jewelry shop; Offline
fashion store 4 clothing and merchandise

5 Sports, Culture and Leisure e.g., Movie theater; Indoor swimming
pool; Bookstore 5 Sports, culture and leisure

6 Travel and Accommodations e.g., Hotel; Duty free shop 6 travel and accommodations

7 Beauty e.g., Hair shop; Cosmetics store 7 beauty

8 Life service e.g., Laundry; Shoe repair shop 8 life service

9 Education and Academy e.g., Reading room; Educational
institute; English academy 9 education and academy

10 Medical care e.g., Hospital; Pharmacy 10 medical care

11 Furniture and Home appliances e.g., Home appliance store
11 Furniture, home appliances and

automobiles12 Automobiles e.g., Automobile dealership;
Tire sales department

13 Refueling e.g., Gas station 12 refueling

3.2. Data Collection and Processing

The spatial units for data collection were 424 administrative districts (dong) in Seoul.
In July 2021, the Seoul Metropolitan Government changed the number of administrative
districts to 425, but data for only 424 administrative districts are available. Therefore, we
analyzed 424 districts. In terms of the spatial scale of the analysis units, the average area
per administrative district was 1.42 km2, given that the total area of Seoul is 605.2 km2.
The temporal target of this study was 2021, and to perform a cross-sectional analysis, we
aggregated and analyzed one-year data.

We used the data of Shinhan Card Company (provided by the Seoul Metropolitan
Government) as the credit-card sales data, i.e., the dependent variable. Among the indepen-
dent variables, the entertainment facility variable representing the NTEV was computed by
totaling the number of liquor and karaoke bars in operation as of December 2021. To reflect
the floating population variable representing the population activity at nighttime, we used
the data provided by the Seoul Metropolitan Government.

The illuminance values collected from the Smart-Seoul Data of Things (S-DoT) network
were used as the night-lighting variable representing the nighttime brightness. The S-DoT
data are real-time data provided by the Seoul Metropolitan Government for identifying
and measuring various urban phenomena. As of December 2021, about 1100 monitoring
sensors have been installed evenly throughout the 424 administrative districts of Seoul
(Figure 2) [55]. The real-time data represent the actual nighttime brightness as the sensing
data measured in minutes. We considered both the size of the nightly floating population
and night-lighting values in our analysis by extracting only the data corresponding to the
night timeslot (from 7 p.m. to 8 a.m.).
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Moreover, we used data pertaining to the daily numbers of confirmed COVID-19
patients in 2021 provided by the Korea Centers for Disease Control and Prevention as the
COVID-19 variable. Because these data are provided in units of 25 autonomous regions
(gu), we requested each autonomous region to provide data in units of 424 administrative
districts, which are the unit of analysis of this study (A gu is subdivided into several dong).
Only 7 of 25 autonomous regions of Seoul provided the requested data. Therefore, to ensure
data consistency, we estimated the data of the administrative district units by using the
daily number of confirmed COVID-19 patients provided for the autonomous region units
through population interpolation. To ensure the validity of population interpolation and
reliability of the estimated data, we verified the accuracy of the population interpolation
by comparing the relative errors between the estimated and actual data using the seven
datasets of administrative districts units provided by autonomous agencies (Equation (1)).
The accuracy of the estimated daily number of confirmed COVID-19 patients by adminis-
trative district was 98.96%; therefore, the information was considered useful.

Accuracy(%) = 100− elativeErrorRelative

Error(%) = (|ε|)/X× 100
(1)

The residential, manufacturing, cultural, business, and commercial facility variables,
which were classified as operationally restricted and non-restricted facilities, were repre-
sented by Seoul’s building data by use type, provided by the Ministry of Land. Notably,
these data are point data, and all building data in Seoul are provided in the shp format.
Therefore, we used the QGIS (Quantum Geographical Information System version 3.27)
online open source program to extract the data provided for each building unit into admin-
istrative unit data.

The data of environmental variables can typically be acquired using three approaches:
estimation from satellite images; determination using personal measurement means,
or measurement using fixed weather-observation equipment [56]. In general, it is challeng-
ing to ensure the accuracy of satellite imagery data because of orbital cycles or cloud cover.
Landsat data, which have intermediate resolution grades and are suitable for analysis, are
often discontinuous because the orbital period is 16 d [57]. In addition, because these data
are estimated using the surface radiation energy instead of being directly measured, they
may differ marginally from the actual values [58]. Direct data acquisition using personal
measurement means is difficult over a large area, which renders it challenging to grasp the
trends across the entire city. Moreover, when using the data obtained from fixed weather-
observation equipment such as automated weather station (AWS), spatial interpolation
must be performed to extract data for a small spatial scale because typically only a few
AWS exists in the region. Because the distance between the AWS equipment points is large,
the estimated spacing values may differ from the actual values [58]. Considering these
aspects, the actual S-DoT data of the minimum temperature and PM10 variables were used
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in this study. Because S-DoT does not provide precipitation data, the AWS data provided
by the Korea Meteorological Administration for each autonomous district were collected,
and the average daily rainfall in each administrative dong was estimated through spatial
interpolation.

The credit-card sales, nightly floating population, night-lighting data, minimum tem-
perature, and PM10 data, as variables used in this study, represented vast amounts of big
data provided temporally. The credit-card sales data were provided on a daily basis for
the 19,153-census output area, and the nightly floating population data were provided
on an hourly basis for 424 administrative districts. The night-lighting data, minimum
temperature, and PM10 data were collected in real time on an hourly basis using about
1100 sensors. Because each dataset was composed of micro units, data mining was per-
formed by administrative district on a one-year basis, as shown in Figure 3.
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In particular, because the night-lighting, minimum temperature, and PM10 data ob-
tained from the S-DoT network was expected to have missing values owing to the char-
acteristics of sensing data, we attempted to eliminate any missing values identified in the
data-review process.

3.3. Explanatory Data Analysis
3.3.1. Descriptive Statistics

Exploratory data analysis was performed to evaluate the accuracy and basic charac-
teristics of the collected data. First, by conducting a descriptive statistics analysis using
the SPSS program, the missing values, average values, minimum and maximum values,
median values, and kurtosis and skewness of the data were confirmed (Table 3). In ad-
dition, data visualization was performed to visually examine the data of major variables
such as COVID-19 confirmed cases, floating population, entertainment facilities, and five
facility variables. Figure 4 shows the distribution and degree of data for 424 administrative
districts in Seoul. The confirmed patients and floating population variables visualized the
distribution degree of the population, and the five facility variables integrated all facilities
to visualize the density of the entire facility. The number of samples of the entertainment
facility variable was smaller than that of the other major variables: there were about 4000,
and 101 of the 424 administrative districts of Seoul had zero data because there were no
entertainment facilities. Therefore, the location of the entertainment facility variable was
confirmed by visualizing the distribution of the facilities.
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Table 3. Frequency analysis results.

Variables N Min Max. Avg. S.D. Skew. Kurt. Variables N Min. Max. Avg. S.D. Skew. Kurt.

Credit-Card Sales 1:
restaurant and
entertainment

424 2.9949 88,370.35 2194.54 5996.40 8.80 107.31 Night-Lighting
Data 424 0.00 16,019.84 287.60 917.23 14.097 222.741

Credit-Card Sales 2:
distribution 423 0.3728 243,033.06 7429.11 26,843.92 6.89 50.85 Nightly Floating

Population 424 4327.7196 73,743.06 24,003.87 10,354.77 0.925 1.502

Credit-Card Sales 3:
food and beverage 424 0.5145 62,705.36 831.10 3816.55 12.35 178.55

Number of
Entertainment

Facilities
424 0.00 146.00 9.72 18.78 4.078 20.226

Credit-Card Sales 4:
clothing and
merchandise

424 0.2229 25,550.11 390.96 1837.39 9.29 103.32
Number of
Confirmed

Patients
424 2.6635 1285.00 452.21 187.37 0.874 1.741

Credit-Card Sales 5:
sports, culture and

leisure
424 2.4747 12,255.54 314.65 827.92 9.48 116.91 Residential

Facility 424 0.0000 22.76 0.73 1.28 13.907 222.983

Credit-Card Sales 6:
travel and

accommodation
332 0.0035 79,756.90 1036.87 6566.57 9.77 103.06 Cultural Facility 424 0.0000 0.72 0.09 0.08 3.414 16.915

Credit-Card Sales 7:
beauty 424 1.4245 14,536.46 138.53 741.49 17.65 338.72 Manufacturing

Facility 424 0.0000 1.83 0.02 0.13 12.891 174.849

Credit-Card Sales 8:
life service 424 0.4830 34,616.96 393.62 1820.31 16.11 297.53 Business Facility 424 0.0000 0.09 0.00 0.01 5.452 35.283

Credit-Card Sales 9:
education and

academy
424 0.9858 39,668.93 893.87 3019.33 7.44 74.16 Commercial

Facility 424 0.0000 2.78 0.28 0.33 3.522 18.071

Credit-Card Sales 10:
medical care 424 0.5095 108,389.96 2689.10 9548.28 8.21 77.03 Minimum

Temperature 424 9.5003 16.44 12.75 0.93 −0.756 1.972

Credit-Card Sales 11:
furniture, home
appliances and

automobiles

424 0.1044 1,149,857.31 3920.09 56,791.39 19.64 394.93 Precipitation 424 0.0308 1.40 0.18 0.18 3.727 18.402

Credit-Card Sales 12:
refueling 280 0.6761 68,918.48 8887.12 9596.30 2.32 7.79 PM10 424 0.3668 17.16 2.25 2.15 3.48 16.26
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Figure 4. Data visualization of important variables. (a) distribution of COVID-19 confirmed pa-
tients; (b) distribution of floating population; (c) location of entertainment facilities; (d) density of
five facilities.

According to the results, in terms of the credit-card sales by industry, which is a
dependent variable, the sample sizes of the distribution, travel and accommodations, and
refueling industries differed by 423, 332, and 280, respectively. Therefore, we deleted the
three models corresponding to these industries based on the sample size of the industry,
not the 424 administrative districts in Seoul. The resulting data were used for the analysis.
In addition, we confirmed that the skewness (<3.0) and kurtosis (<7.0) exceeded the criteria,
indicating non-normality of the data.

3.3.2. Normality and Preprocessing

Next, we performed quantile-quantile plot (Q-Q plot) and Shapiro–Wilk analysis by
using R to confirm the normality of the data and distribution. The results of the Shapiro–
Wilk analysis, which confirms the statistical normality, indicated the extremely small
p-values of all the variables (Table 4) In the scatter plot of each variable in the Q-Q Plot
indicated, the data points did not follow a straight line slope, which indicated that the data
were not normally distributed (Figure A1).
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Table 4. Shapiro-Wilk analysis results.

Variables W p-Value * Variables W p-Value *

Credit-Card Sales 1:
restaurant and entertainment 0.31158 2.2 × 10−16 Night-Lighting Data 0.12087 2.2 × 10−16

Credit-Card Sales 2:
distribution 0.23756 2.2 × 10−16 Nightly Floating

Population 0.95555 5.303 × 10−10

Credit-Card Sales 3:
food and beverage 0.16137 2.2 × 10−16 Number of

Entertainment Facilities 0.52375 2.2 × 10−16

Credit-Card Sales 4:
clothing and merchandise 0.18961 2.2 × 10−16 Number of Confirmed

Patients 0.96143 4.165 × 10−9

Credit-Card Sales 5:
sports, culture and leisure 0.29631 2.2 × 10−16 Residential Facility 0.22571 2.2 × 10−16

Credit-Card Sales 6:
travel and accommodation 0.14183 2.2 × 10−16 Cultural Facility 0.69550 2.2 × 10−16

Credit-Card Sales 7:
beauty 0.10576 2.2 × 10−16 Manufacturing Facility 0.09384 2.2 × 10−16

Credit-Card Sales 8:
life service 0.15037 2.2 × 10−16 Business Facility 0.34267 2.2 × 10−16

Credit-Card Sales 9:
education and academy 0.28369 2.2 × 10−16 Commercial Facility 0.66494 2.2 × 10−16

Credit-Card Sales 10:
medical care 0.25221 2.2 × 10−16 Minimum Temperature 0.93564 1.446 × 10−12

Credit-Card Sales 11:
furniture, home appliances

and automobiles
0.03860 2.2 × 10−16 Precipitation 0.62332 2.2 × 10−16

Credit-Card Sales 12:
refueling 0.77614 2.2 × 10−16 PM10 0.95274 2.107 × 10−10

* The e-value of the p-value means that the p-value is less than or equal to 10 to the power of −n, which indicates
an extremely small numerical value that does not satisfy the significance level of >0.05.

To convert the units and ranges of different data into forms suitable for analysis and
enhance the normality, we performed a normalization process by taking the log of the
non-normal data. Thereafter, the abovementioned analysis process was repeated. The
results indicated that the range of data was reduced through the use of log, although the
normality of certain data did not increase (Figure A1). Thus, the exploratory data analysis
indicated that the dataset used in this study did not follow the normal distribution.

3.4. Analysis Method and Models

We performed structural equation modeling (SEM) to clarify the relationship between
COVID-19, NTEV, and credit-card sales, which has not been academically identified yet.
SEM is a statistical technique designed to analyze structural relationships between corre-
lation and theoretical causality among constituent concepts on the basis of metrics [59].
Because latent factors without measurement errors can be identified through confirmatory
factor analysis, and the latent factor relationship can be simultaneously confirmed by a
path analysis, the degree of explanation of a research model can be confirmed. This method
is mainly used in exploratory studies to analyze multiple influences by simultaneously
setting various independent and dependent variables or to identify the direct and indirect
effects between the variables [59]. Notably, this method can enhance the analysis reliabil-
ity by measuring the overall model fit, and handling data that are difficult to calculate
(e.g., time-series data with autocorrelation errors, nonnormal distributions, and categorical
variables).

According to the results of the exploratory data analysis, the dataset used in this study
did not satisfy the conditions of the general structural equation from the standard viewpoint
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of distribution normality. The general structural equation pertains to covariance-based
SEM (CB-SEM), as in the data used in CB-SEM, each variable must represent stationarity
as a basic condition [60]. Considering this aspect, we performed PLS-SEM to address the
nonnormal data encountered in SEM. The principal-component-based PLS-SEM method is
less rigid in terms of the sample size and residual distribution requirements and is, thus,
advantageous for analyzing data that do not follow a normal distribution [61]. Moreover,
this method can be used to estimate the parameters more efficiently than typical CB-SEMs
and offers higher statistical power [62]. In particular, in the application of formative
indicators such as urban data to the model, model identification is facile, and the analysis
is stable.

PLS-SEM was performed using the Smart-PLS 3.0 program. Figure 5 shows the
structural relationship obtained in this study using the PLS-SEM method, and using the
example of one of several industry-specific analysis models employed in this study.

Buildings 2022, 12, x FOR PEER REVIEW 14 of 32 
 

 

Figure 5. An analysis model used in this study. 

The analysis models were composed of the potential variables representing the con-

cept (internal variables) and measurement variables explaining the potential variables (ex-

ternal variables). The measurement of the relationship between these variables was set as 

the formative measurement model. A key consideration in PLS-SEM is the identification 

of the measurement indicators, including formative and reflective indicators. The forma-

tive indicators are causative indicators, i.e., they define the characteristics of the concept. 

In addition, a measurement variable induces a latent variable; homogeneity (correlation) 

between the measurement variables is low, and; these variables are mainly used in rela-

tionships in which an effect occurs when one measurement variable is removed. In con-

trast, reflective indicators are result indicators, i.e., the causal direction is directed from 

the concept to the indicator, and these indicators are signs of the construct. In other words, 

latent variables not only induce the measurement variables, but also stipulate that the 

measurement variables must be similar, such as survey questions [62]. 

The existing SEM studies mainly used reflective indicators owing to the lack of sup-

port for programs that analyze formative indicators or the difficulty associated with iden-

tifying models by using formative indicators. In addition, in the data or research to which 

formative indicators must be applied, reflective indicators have typically been applied. 

Notably, if the measurement indicators are set incorrectly in the SEM framework, model 

errors may occur, because the path coefficient and R² increase [59,61]. All the measure-

ment variables used in this study were continuous variables based on urban data, and 

because the characteristics between the variables were independent, formative indicators 

were found to be more suitable than reflective indicators. Therefore, considering the data 

used in this study and objectives, we perform PLS-SEM using a formative measurement 

model and used all indicators as formative indicators. 

In addition, to confirm the effects of the number of confirmed COVID-19 patients 

from various perspectives, we set the COVID-19-related construct as an exogenous latent 

variable, an endogenous latent variable, and a moderating variable. In PLS-SEM, because 

the moderating effect is confirmed as an interaction term, we added a moderating struc-

ture by performing mean-centering over the COVID-19 variable. This structural relation-

ship is illustrated in Figure 4. Moreover, to identify the mediation effect of NTEV, we set 

the NTEV-related construct as an endogenous potential variable, which serves as both an 

independent variable and a dependent variable. 

After setting up the basic study model, we classified and analyzed the analysis model 

for 12 industries: restaurant and entertainment; distribution; food and beverage; clothing 
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The analysis models were composed of the potential variables representing the con-
cept (internal variables) and measurement variables explaining the potential variables
(external variables). The measurement of the relationship between these variables was
set as the formative measurement model. A key consideration in PLS-SEM is the iden-
tification of the measurement indicators, including formative and reflective indicators.
The formative indicators are causative indicators, i.e., they define the characteristics of
the concept. In addition, a measurement variable induces a latent variable; homogeneity
(correlation) between the measurement variables is low, and; these variables are mainly
used in relationships in which an effect occurs when one measurement variable is removed.
In contrast, reflective indicators are result indicators, i.e., the causal direction is directed
from the concept to the indicator, and these indicators are signs of the construct. In other
words, latent variables not only induce the measurement variables, but also stipulate that
the measurement variables must be similar, such as survey questions [62].

The existing SEM studies mainly used reflective indicators owing to the lack of support
for programs that analyze formative indicators or the difficulty associated with identify-
ing models by using formative indicators. In addition, in the data or research to which
formative indicators must be applied, reflective indicators have typically been applied.
Notably, if the measurement indicators are set incorrectly in the SEM framework, model



Buildings 2022, 12, 1606 15 of 32

errors may occur, because the path coefficient and R2 increase [59,61]. All the measurement
variables used in this study were continuous variables based on urban data, and because
the characteristics between the variables were independent, formative indicators were
found to be more suitable than reflective indicators. Therefore, considering the data used
in this study and objectives, we perform PLS-SEM using a formative measurement model
and used all indicators as formative indicators.

In addition, to confirm the effects of the number of confirmed COVID-19 patients
from various perspectives, we set the COVID-19-related construct as an exogenous latent
variable, an endogenous latent variable, and a moderating variable. In PLS-SEM, because
the moderating effect is confirmed as an interaction term, we added a moderating structure
by performing mean-centering over the COVID-19 variable. This structural relationship
is illustrated in Figure 4. Moreover, to identify the mediation effect of NTEV, we set the
NTEV-related construct as an endogenous potential variable, which serves as both an
independent variable and a dependent variable.

After setting up the basic study model, we classified and analyzed the analysis model
for 12 industries: restaurant and entertainment; distribution; food and beverage; clothing
and merchandise; sports, culture, and leisure; travel and accommodation; beauty; life
service; education and academy; medical care; furniture, home appliances and automobiles,
and; refueling.

When using a formative measurement model, the PLS-SEM analysis process is dif-
ferent from that of CB-SEM or reflective measurement modeling. Because the formative
measurement model is free from measurement errors, the measurement variables must
be independent and not correlated. Moreover, it is assumed that no error exists between
the variables owing to the model characteristics [63,64]. In this context, the formative
measurement model has criteria other than the assessment criteria, such as the validity,
construct reliability and averaged variance extracted, used in general SEM (or reflective
measurement models). As shown in Figure 6, the assessment procedure of the formative
measurement model involves verification of the hypothesis of the structural model through
path analysis after evaluating the measurement model in terms of the indicator validity,
construct validity, outer weight, and outer loading. Therefore, using the Smart-PLS 3.0
program, we constructed the NTEV indicators and analyzed the structural relationships
following the procedure of the formative measurement model (Figure 6).
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4. Analysis
4.1. Composition of NTEV Indicators

The Smart-PLS program was used to verify the NTEV indicators, as an objective of this
study. All the variables used to identify the NTEV, i.e., the nightly floating population, night-
lighting, and number of entertainment facilities, were set as indicators based on a review
of the existing studies and established theories. The indicators were formative indicators
with independent characteristics based on urban data. We performed a rigorous analysis
to confirm the significance and suitability of these formative indicators and determine
whether they appropriately reflect the construct.

Formative indicators can typically be assessed using the outer weights and outer
loadings in bootstrapping analysis. If the t-value of the outer weights is greater than at
least ±1.65 at the 10% significance level in the two-tail test, or if the p-value is significant,
indicator construction is considered to be possible. In contrast, if the value of the outer
weights is not significant, the value of the outer loading must be 0.5 or higher. If the outer
weight of an indicator is not significant, and the value of the outer loading is 0.5 or lower,
the indicator is not suitable for forming a concept and must be discarded.

Therefore, we performed a bootstrapping analysis involving 5000 extractions to reduce
errors and ensure consistency in estimation. In terms of the outer weights, both the t- and
p-values were significant (Table 5), and the nightly floating population, night-lighting, and
number of entertainment facilities were found to be suitable NTEV indicators, even without
checking the outer loadings (Table 5).

Table 5. Verification of NTEV indicators (outer weights).

Construct Indicators Outer Weights T-Value p-Value

NTEV
Nightly Floating Population 0.588 24.002 0.000

Nightly-Lighting 0.535 13.452 0.000
Number of Entertainment Facilities 0.306 3.374 0.001

4.2. Structural Relationship Analysis
4.2.1. Evaluation of Measurement Models

To evaluate a formative measurement model using formative indicators, the validity
of the measurement indicators and constituent factors of the model must be evaluated.
In a formative measurement model, both the indicators and constituent factors must be
independent and noncorrelated, because strong correlations are problematic from the
viewpoints of methodology and interpretation [62,63].

The validity between measurement indicators is typically evaluated considering the
multicollinearity, outer weights, and outer loadings. First, in terms of the multicollinear-
ity, the variance inflation factor (VIF), defined as VIFxs = 1/TOLxs, must be 5.0 or less.
According to a few researchers, the VIF must be equal to or less than 10, as in case of the
reflective indicators, but it is not appropriate to apply the same acceptable reference values
to reflective and formative indicators [65,66]. Because all the analysis models used in this
study were formative measurement models that used formative indicators, we performed
multicollinearity analysis with VIF = 5.0. For all the formative indicators (measurement
indicators) constituting the 12 models, the VIF value ranged between 1.000 and 1.145, which
indicated the lack of collinearity between the indicators. Thereafter, we analyzed the outer
weights or outer loadings to evaluate the contributions and relevance of the formative
indicators. This analysis was similar to the process of evaluating the construct validity
of the NTEV indicators. The difference was that the previous measurement indicated the
validity of the indicators constituting the NTEV concept, whereas this analysis was aimed
at confirming the suitability of all indicators constituting the model. The suitability of the
indicators reflected whether the corresponding construct of the multiple formative indica-
tors (measurement indicators) was appropriate; thus, single formative indicators, such as
the number of confirmed COVID-19 patients and credit-card sales, were not measured.
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First, all the 12 models were checked using outer weights to verify the existence of the
relative contributions of the formative indicators to the construct, that is, the relative impor-
tance levels of the constructs. For all the models, the PM10 variable of the environmental
construct, manufacturing variable classified under the non-restricted facilities construct,
commercial and business variables classified under the restricted facilities construct, and
entertainment facilities variable of the NTEV construct were found to be not significant.
If the values of the outer loadings were less than the reference value (0.5) and simultane-
ously nonsignificant, the indicator was required to be removed. We examined the absolute
contribution of the indicators based on the outer loading values. The cultural variables
classified under the restricted facility construct were not eliminated because the outer
loading values were greater than 0.5 or significant. In particular, although these indicators
were insignificant, they were important for the model validity [62]. We eliminated the PM10
variable under the environment construct, manufacturing variable under the non-restricted
facilities construct, and business variable under the restricted facilities construct because
they were nonsignificant and the value of the outer loadings was less than 0.5.

The outer weight values of the minimum temperature and precipitation variables
under the environment construct and night-lighting data and entertainment facilities
variables under the NTEV construct were insignificant in several models. According to
the outer loadings, all variables except the minimum temperature variable of Model 6
were derived reasonably and were not removed. For the minimum temperature variable,
the outer weights and outer loadings were insignificant, but this variable was not removed
to ensure model consistency because it was an important indicator and was appropriately
derived in several models simultaneously. The VIF values and outer weights values of the
final indicators used in this study are summarized in Table 6.

Subsequently, we confirmed the validity between the constructs. For the formative
measurement model, the correlation between all constructs must be less than 0.7 [67].
According to the analysis results, the relationship between the constructs was less than 0.7
for all models, which confirmed that the constructs composed of the formative indicators
were independent of one another.

4.2.2. Structural Model Validation

Before the path analysis, we computed the R2 and Q2 values to measure the predictive
accuracy and suitability, respectively, of the formative measurement model of PLS-SEM.
Because the R2 value indicates a higher level of prediction accuracy with a larger coefficient,
and the standard for an acceptable R2 value depends on the model complexity and the
study premise, researchers must check the coefficient level of the overall research model,
then decide the standard by referring to previous studies. In urban studies, values between
0.02 and 0.12 are considered weak, those between 0.13 and 0.25 are considered moderate,
and those higher than 0.26 are considered strong [68]. According to the analysis results,
most of the 12 industries exhibited moderate or strong model accuracy, and the COVID-19
construct of Model 6 and COVID-19 and credit-card sales constructs of Model 12 exhibited
low accuracies (Table 7). Therefore, we excluded Models 6 and 12 from the path analysis
because of their low predictive accuracy.
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Table 6. Indicator validity results.

Constructs Indicators VIF
Model1 Model2 Model3 Model4 Model5 Model6 Model7 Model8 Model9 Model10 Model11 Model12

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Outer
Weights

Credit-Card
Sales

Sales 1 1.000 1
Sales 2 1.000 - 1 - - - - - - - - - -
Sales 3 1.000 - - 1 - - - - - - - - -
Sales 4 1.000 - - - 1 - - - - - - - -
Sales 5 1.000 - - - - 1 - - - - - - -
Sales 6 1.000 - - - - - 1 - - - - - -
Sales 7 1.000 - - - - - - 1 - - - - -
Sales 8 1.000 - - - - - - - 1 - - - -
Sales 9 1.000 - - - - - - - - 1 - - -

Sales 10 1.000 - - - - - - - - - 1 - -
Sales 11 1.000 - - - - - - - - - - 1 -
Sales 12 1.000 - - - - - - - - - - - 1

NTEV

lux 1.145 0.250
(1.322) 0.000 0.207

(1.333)
0.351

(1.287) 0.569 (**) 0.740
(0.834) 0.055 0.508

(1.555)
0.180

(1.462)
0.340

(1.562)
0.374

(1.484)
0.284

(0.589)

pop 1.117 0.000 0.009 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

enter 1.027 0.000 0.028 0.139 (***) 0.000 0.000 0.000 0.000 0.000 0.152 (***) 0.000 0.000 0.434 (**)

COVID-19 covid 1.000 1 1 1 1 1 1 1 1 1 1 1 1

Restriction
Facility residential 1.013 1 1 1 1 1 1 1 1 1 1 1 1

Non-
Restriction

Facility

cultural 1.131 0.087 (**) 0.392 (***) 0.307 (***) 0.721 (**) 0.941 (**) 0.332 (*) 0.806 (**) 0.953 (**) 0.329 (***) 0.805 (**) 0.948 (**) 0.928
(1.080)

commercial 1.131 0.000 0.04 0.020 0.000 0.000 0.000 0.000 0.000 0.021 0.000 0.000 0.079

Environment
min.tem 1.116 0.000 0.004 0.004 0.001 0.017 0.244 (-) 0.007 0.001 0.256

(0.635) 0.074 0.012 0.825
(0.644)

precipi. 1.116 0.000 0.000 0.000 0.000 0.000 0.113(1.484) 0.000 0.000 0.009 0.014 0.000 0.286
(1.053)

( ) denotes the outer loading value of the nonsignificant indicator from outer weights. If the outer weights do not satisfy the condition, the outer loadings must satisfy either the
coefficient value or the significance value. Coefficient values greater than or equal to 0.5 are indicated by numerical values, and the significant values are indicated by *, **, ***.
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Table 7. Coefficients of determination of the models.

Models R2 Adj. R2 Q2

1
sales 0.548 0.544 0.503
covid 0.150 0.146 0.093
night 0.589 0.585 0.246

2
sales 0.367 0.361 0.264
covid 0.147 0.143 0.087
night 0.606 0.602 0.241

3
sales 0.301 0.296 0.264
covid 0.148 0.144 0.089
night 0.605 0.601 0.239

4
sales 0.387 0.383 0.361
covid 0.150 0.146 0.094
night 0.580 0.576 0.244

5
sales 0.498 0.495 0.480
covid 0.149 0.145 0.093
night 0.597 0.593 0.247

6
sales 0.354 0.346 0.319
covid 0.120 0.114 0.100
night 0.575 0.569 0.229

7
sales 0.508 0.505 0.487
covid 0.149 0.145 0.092
night 0.601 0.597 0.247

8
sales 0.369 0.365 0.312
covid 0.150 0.146 0.093
night 0.592 0.588 0.245

9
sales 0.284 0.279 0.246
covid 0.148 0.144 0.089
night 0.605 0.601 0.239

10
sales 0.403 0.399 0.363
covid 0.149 0.145 0.092
night 0.602 0.598 0.248

11
sales 0.274 0.268 0.233
covid 0.149 0.144 0.093
night 0.597 0.593 0.246

12
sales 0.037 0.023 −0.004
covid 0.084 0.077 0.077
night 0.649 0.644 0.238

The Q2 value indicates predictive relevance. If the Q2 value is 0 or higher, the standard
is satisfied. According to the analysis, a negative (−) value was obtained for Model 12,
which implied that the model had no predictive relevance (Table 7). For the other 11 models,
the path model was noted to be a structurally acceptable measurement model [69].

Because this analysis was aimed at verifying the structural relationship of the models,
if the predictive power of a measurement model was low, its reliability of the analysis result
was low. Therefore, based on the results of previous analyses (evaluation of measurement
models and structural model validation), we selected 10 models for the path analysis, after
excluding Models 6 and 12 from the subsequent analysis.

Thereafter, we identified the structural relationships of the 10 industries through a
path analysis. The results of hypothesis testing and path analysis conducted using the
formative measurement model of PLS-SEM are presented in Table A1. Table A1 presents
the results of not only the alternative hypothesis representing the research hypothesis, but
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also the null hypothesis and f 2 value indicating the degree of contribution of the exogenous
latent variable to the endogenous latent variable.

The f2 value indicates the effect size of the causative variable on the resulting variable.
When the effect size is between 0.02 and 0.15, the effect of the exogenous latent variable is
small. When the effect size is between 0.15 and 0.35, the exogenous latent variable has a
moderate effect on the endogenous latent variable. When the effect size is 0.35 or higher,
the exogenous latent variable has a strong effect on the endogenous latent variable. The
effect size can be represented as “has” or “does not have” and large or small [69]. According
to the analysis results, in the relationships in which the p-value of the path was insignificant,
the f 2 value had no effect or small effect size (Table A1).

As shown in Table A1, we first verified only the hypothesized direct paths. The path
analysis results for each hypothesis could be summarized as follows. According to Hypoth-
esis 4, the areas with concentrated operationally non-restricted facilities had a positive (+)
effect on the number of confirmed COVID-19 patients, whereas the areas with concentrated
operationally restricted facilities did not affect the number of confirmed COVID-19 patients.
These results were the same across all 10 models, and the result of Hypothesis 4 could be in-
terpreted as the count of the number of confirmed COVID-19 patients in Korea. Because the
number of confirmed COVID-19 patients in Korea was based on resident registration [70],
the number of confirmed COVID-19 patients increased in the residential areas, whereas
the cultural and commercial areas were not influenced. Therefore, Hypothesis 4, which
stated that the effect on the number of confirmed COVID-19 patients differed with the
concentration of operationally restricted or non-restricted facilities, was accepted.

Hypotheses 2 and 5 related to night economic vitality were tested. Hypothesis 2, which
stated that the number of confirmed COVID-19 patients had a negative (−) effect on the
NTEV, was rejected because a positive (+) result was observed for all models. In contrast,
Hypothesis 5, which stated that the effect of the model on the NTEV differed depending on
whether facilities are operationally restricted or non-restricted, was accepted for all models.
Specifically, the results varied across the types of facilities: The operationally non-restricted
and restricted facilities had a negative (−) and positive (+) effect on the NTEV, respectively.

The results of Hypotheses 2 and 5 could be interpreted as follows: First, as in the case
Hypothesis 5 without a COVID-19 construct, if no pandemic occurred and the facilities
were operating in the current state (if the operating hours, number of operations, and
number of visitors to the facility were the same as those in the current limited state),
the vitality of the night timeslot appeared to be active in areas with concentrated cultural
and commercial facilities. Conversely, in residential areas, the vitality of the night timeslot
tended to decrease. Moreover, according to Hypothesis 2, more confirmed COVID-19
patients in an area corresponded to a higher nighttime vitality in the area.

These results were more extensively interpreted by examining the mediated paths
(restricted/non-restricted facilities→ COVID-19→ night in Table A2). Table A2 shows
the results of intermediate or indirect paths. The indirect path reflected the indirect effects
between two or more variables through the statistical significance between the paths,
although no hypotheses were established for this aspect [62]. Therefore, in addition to
the hypotheses representing the direct path, we examined various paths through the
indirect path.

In a path without the pandemic (Hypothesis 5), the NTEV was invigorated in areas
with concentrated cultural and commercial facilities and suppressed in residential areas. In
contrast, in the mediated path with the pandemic, the NTEV was invigorated in areas with
concentrated residential facilities and not affected in areas with concentrated cultural and
commercial facilities. These results highlighted that when the number of confirmed patients
was considered, the scope of people’s activities changed from cultural and commercial
facilities to residential facilities. This finding is attributable to the fact that confirmed
patients cannot leave the vicinity of their residences under Korea’s COVID-19 regulation
policy [70]; thus, people respond sensitively to the number of confirmed patients and
reduce the scope of activities near their residences. Consequently, during the pandemic, in
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residential areas, the number of confirmed patients was high, and simultaneously, the NTEV
increased. Moreover, in the areas with concentrated cultural and commercial facilities,
no correlation was observed between the number of confirmed patients and NTEV. The
result of Hypothesis 2 (COVID-19 had a positive effect on NTEV) could alternatively be
interpreted as follows: In both the direct and indirect paths (mediated paths) from the
operationally restricted or non-restricted facilities to the NTEV, the coefficient values were
larger in the residential areas than those in the cultural and commercial areas, suggesting
that the characteristics of the residential areas had a stronger effect on Hypothesis 2.

Hypothesis 1, which stated that the number of confirmed COVID-19 patients neg-
atively (−) affected credit-card sales, was accepted because a negative (−) effect was
observed in all nine industries, except the food and beverage industry. In other words,
the number of confirmed COVID-19 patients adversely influenced the sales in most in-
dustries. In the case of the food and beverage industry, the sales were not affected by
the number of confirmed COVID-19 patients because people continued to consume the
products, regardless of the pandemic. Furthermore, according to the mediation path
(COVID-19→ night→ sales in Table A2), even if COVID-19 had an effect, the credit-card
sales in all industries increased when using NTEV as the mediation path. These results
highlighted that the NTEV factor is important for increasing sales across industries. Upon
reconfirming this result based on the direct path between the NTEV and credit-card sales
(Hypothesis 6), from which the number of confirmed patients of COVID-19 was removed,
it was found that the NTEV had a positive (+) effect on credit-card sales. Thus, Hypothesis
6 was accepted for all models, and we confirmed that the NTEV had a strong positive effect
on credit-card sales.

In addition, the paths formed according to the types of facilities were examined. When
the COVID-19 factor was removed (restricted/non-restricted facilities→ night→ sales in
Table A2), even when the NTEV was used as a mediated factor, credit-card sales decreased
in residential areas but increased in areas with cultural and commercial facilities. When the
COVID-19 factor was considered (restricted/non-restricted facilities→ covid→ night→
sales in Table A2), unlike the previous results, credit-card sales increased in residential areas
and were unaffected in areas with a concentration of cultural and commercial facilities.
Similar to the results of Hypothesis 2 and 5, in the absence of the COVID-19 factor, people’s
consumption was centered in areas with a concentration of cultural and commercial facili-
ties. In contrast, in the presence of the COVID-19 factor, people’s consumption was centered
in areas with a concentration of residential facilities. These results demonstrated that the
scope of not only the activities, but also the consumption changed around residential areas
due to COVID-19.

Hypothesis 3, representing the moderating effect, and Hypothesis 7, representing the
control effect, were rejected for all models, except the distribution industry. In the formative
measurement model of PLS-SEM, the moderating and control effects were interpreted
as being present and absent if the path was significant and not significant, respectively.
Therefore, Hypothesis 3, which stated that the number of confirmed COVID-19 patients had
an effect as a moderating variable on the relationship between the NTEV and credit-card
sales, was accepted only in the distribution industry (Model 2) owing to the significant effect
in the negative (−) direction. For the remaining nine models, the hypothesis was rejected,
confirming that the number of confirmed COVID-19 patients did not have any moderating
effect. In addition, the control effect of the environmental factor (Hypothesis 7) appeared to
be significantly positive (+) in the distribution industry, indicating that the control effect
was present. In contrast, no effect was observed for the other nine models. The significant
result obtained for the moderating effect of COVID-19 in the relationship between the NTEV
and credit-card sales of the distribution industry indicated that sales decreased because of
COVID-19 in typical distribution industries, such as large supermarkets and department
stores. Moreover, the significant result obtained for the control effect in the distribution
industry indicated that the environmental factors had a positive effect in terms of increasing
sales in the distribution industry. This result is consistent with that of a previous study [71],
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which indicated that the distribution industry was negatively (−) affected by COVID-19
but positively (+) affected by environmental factors, such as temperature and precipitation,
compared to other industries.

Finally, because the relationship between the paths was not the same across all the
models, Hypothesis 8, which stated that the structural relationship of the models differed
according to the industry, was accepted.

4.3. Discussion

According to the path analysis and hypothesis testing using 10 models with 10 indica-
tors for each model, Hypothesis 4, Hypothesis 5, and Hypothesis 6 were accepted for all
models, and Hypothesis 2 was rejected for all models. Hypothesis 1 was accepted for all
models, except the food and beverage industry, and Hypothesis 3 and Hypothesis 7 were
rejected for all models, except the distribution industry. Hypothesis 8 was accepted (the
structural relationships differed by industry).

The structural relationship derived in this study can be interpreted as follows
(Appendices B and C): First, the number of confirmed COVID-19 patients changes the
scope of people’s activities and consumption spaces. If the impact of COVID-19 is not
considered, people’s consumption and nighttime activities are enhanced in areas with
a concentration of cultural and commercial facilities compared to those in areas with a
concentration of residential facilities. In other words, if the operating hours of commercial
facilities are shortened or the number of operations of cultural facilities is reduced (as in the
current scenario) and the factor of the number of confirmed COVID-19 patients is absent,
people would consume and engage in nighttime activities in areas with a concentration
of cultural and commercial facilities. In contrast, if the COVID-19 impact spreads, and
the number of confirmed patients increases, people’s consumption and nighttime activity
spaces may change from cultural and commercial facilities to residential facilities. These
results are consistent with those of several previous studies [50,51] that indicated that
people focused their activities in residential areas due to COVID-19.

Second, because of the effect of Korea’s COVID-19 regulation policy, people’s activities
are concentrated around residential areas rather than cultural and commercial areas as
the effect of COVID-19 intensifies. Korea has restricted the operating hours of cultural
and commercial facilities as a part of its COVID-19 policy. Consequently, in the paths in
which the number of confirmed COVID-19 patients was included, the activity patterns
in the areas with a concentration of cultural and commercial facilities, where operations
were restricted, and those in the areas with a concentration of residential facilities, where
operations were not restricted, were reversed. These phenomena are attributable to the
effect of the COVID-19 policy that limited the scope of people’s activities to areas with a
concentration of residential facilities.

Third, the NTEV is a major factor influencing the increase in the sales of various
industries. In the direct path between the NTEV and credit-card sales, the NTEV had a
positive effect on the credit-card sales. Moreover, in the mediated path between COVID-19,
NTEV, and credit-card sales, the NTEV led to increased credit-card sales. In the direct
path between COVID-19 and credit-card sales, the latter decreased owing to the number
of confirmed patients, but in the indirect path between COVID-19, NTEV, and credit-card
sales, the latter increased due to the NTEV input. Therefore, the analysis results of this
study support the results of previous studies [5,12,72] that the local economy is vitalized
when the local NTEV is activated.

5. Conclusions

The NTE invigorates night consumption markets and vitalizes cities. Therefore, major
cities worldwide have taken increased interest in the NTE as a measure to boost urban
economies, enhance citizens’ leisure and tourism activities, and revitalize cities that have
been affected by COVID-19 [73]. However, the understanding of and interest in the NTE
and NTEV in Korea is inadequate. Moreover, NTE-related academic research in Korea
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has mainly been conducted in the field of tourism studies. In the field of urban studies,
only limited research has been performed to measure the urban vitality through nighttime
satellite imagery. None of the existing studies on the NTE have reflected the limited
operating hours in response to the COVID-19 pandemic.

Therefore, this study has the following academic contributions to Korean research:
We attempted to empirically analyze the concept of the NTE, which is being actively
studied globally but has not been sufficiently reviewed in Korea. Moreover, we developed
quantitative indicators of NTEV for Korea by applying the NTE concept to urban studies,
which have otherwise focused mainly on the qualitative indicators used in tourism-related
studies. This study is timely, in that, it exploratorily confirms the structural relationship
between NTEV, COVID-19, and credit-card sales in Seoul, where the COVID-19 regulation
pertaining to operating restrictions was applied the most strictly in Korea.

According to a comparison of the results of this study to those of previous studies,
the relationship between NTEV and credit-card sales was identified in the same context
as that in the studies of Lin et al. and Fu et al. [5,72]. In other words, we confirmed
that the NTEV activates the consumption economy of the entire city [39,72,74]. Moreover,
the analysis results of the relationship between COVID-19 and NTEV were similar to those
reported in several previous studies. Jo et al. reported that the consumer behavior was
strongly affected only in the early stages of COVID-19, and since then, daily life has been
maintained to a certain extent as the pandemic has become commonplace [45]. Kim and
Lim and Choi reported that people’s activities increased in residential areas during the
COVID-19 outbreak [50,51]. Thus, the analysis results of this study can be interpreted as
being consistent with those of previous studies. In addition, the analysis results indicating
that the influence relationships differ by industry are consistent with the results of previous
studies [45,46]. Therefore, the academic implication of this study is to integrate the results
obtained in the existing studies through a structural relationship.

The policy implications of this study, which would be valuable to managers and in-
vestors in the urban fields, are as follows: First, we confirmed that the COVID-19 pandemic
hit the urban economy. Most industries, such as restaurant and entertainment; distribution;
clothing and merchandise; sports, culture, and leisure; beauty; life services; education and
academy, medical care, and; furniture and home appliances, experienced decreased sales
due to COVID-19. We verified that Seoul’s commercial district experienced a downturn
owing to an increase in the number of confirmed COVID-19 patients and restrictions on
operating hours, and assigned weight to the claim of economic damage to self-employment
due to COVID-19 spreading. Second, we confirmed the importance of the NTEV. Our
results indicated that the number of confirmed COVID-19 patients negatively affected
credit-card sales, but if NTEV were to be used as a mediated factor, it was expected to
have a positive effect. In other words, the NTEV is crucial for revitalizing the urban econ-
omy that has stagnated due to the pandemic, and policymakers must implement various
projects to revitalize the night timeslot. Third, we confirmed the effectiveness of Korea’s
COVID-19 policy. An analysis of the facilities subjected and not subjected to operating
restrictions under the social-distancing policy revealed that during the pandemic, people’s
activities and consumption were concentrated in residential areas, as opposed to cultural
and commercial areas. Consequently, Korea’s COVID-19 regulation policy, which restricted
activities in cultural and commercial facilities, was effective in terms of enforcing quaran-
tine. Fourth, the structural relationships differed across industries, which indicated that the
government’s response and policy measures must be tailored in the light of COVID-19.

This study represents a basic study on NTEV in Korea, focused on exploring and
identifying the structural relationship between COVID-19, NTEV, and credit-card sales. We
systematically analyzed the formative measurement model, which is relatively difficult to
interpret and analyze among the PLS-SEM methods, using urban statistical data. Moreover,
we applied the NTE theory, which has mainly been used in the tourism field, to urban
studies. Therefore, this study can be rated as a high-quality study in terms of its research
contribution and importance, pertaining to the expansion of structural equation data and
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techniques (use of a formative measurement model of structural equations in conjunction
with nonnormal statistical data) and theories and topics (NTE and NTEV) to urban studies.

However, this study has a limitation, in that, it was not able to identify individual
variables that affected credit-card sales by industry because the structural influence rela-
tionships between the constructs were identified owing to the exploratory nature of the
study. In addition, the analysis results obtained in this study cannot be generalized because
the effect of the COVID-19 policy was indirectly evaluated considering the restrictions and
lack thereof on facility operation. Referring to the structural relationships presented in this
study, future work can be used to perform time-series studies rather than cross-sectional
studies and identify individual factors affecting credit-card sales or the NTEV by industry.
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Figure A1. Q-Q Plot (Quantile-Quantile Plot) after log. Credit card sales 1 → restaurant and
entertainment; credit card sales 2→ distribution; credit card sales 3→ food and beverage; credit card
sales 4→ clothing and merchandise; sales 5→ credit card sales 5→ sports, culture and leisure; credit
card sales 6→ travel and accommodation; credit card sales 7→ beauty; credit card sales 8→ life
service; credit card sales 9→ education and academy; credit card sales 10→medical care; credit card
sales 11→ furniture, home appliances and automobiles; credit card sales 12→ refueling.

Appendix B

Table A1. Path and f2 analysis results.

Model 1 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.415 *** 5.880 0.179 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.645 *** 11.441 0.693 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.125 1.525 0.065 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.389 0.167
Hypothesis 4

H0 Reject

restric. → COVID −0.062 0.902 0.004 H1 Accept

non-restric. → night −0.283 ** 2.882 0.107
Hypothesis 5

H0 Reject

restric. → night 0.494 *** 7.285 0.505 H1 Accept



Buildings 2022, 12, 1606 26 of 32

Table A1. Cont.

Model 1 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

night→ sales 0.806 *** 14.085 0.864 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.217 *** 5.989 0.095
Hypothesis 7

H0 Accept

evir→ night 0.070 1.210 0.008 H1 Reject

Model 2 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.174 ** 1.985 0.016 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.730 *** 14.160 0.901 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.127 * 1.770 0.053 Hypothesis 3
H0 Reject

H1 Accept

non-restric. → COVID 0.402 *** 3.479 0.153
Hypothesis 4

H0 Reject

restric. → COVID −0.047 0.625 0.002 H1 Accept

non-restric. → night −0.232 ** 2.568 0.069
Hypothesis 5

H0 Reject

restric. → night 0.313 *** 3.293 0.199 H1 Accept

night→ sales 0.595 *** 7.233 0.252 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.110 ** 2.498 0.017
Hypothesis 7

H0 Reject

evir→ night 0.100 * 1.768 0.017 H1 Accept

Model 3 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales 0.043 0.548 0.001 Hypothesis 1
H0 Accept

H1 Reject

COVID→ night 0.723 *** 12.409 0.818 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.027 0.576 0.002 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.402 *** 3.501 0.151
Hypothesis 4

H0 Reject

restric. → COVID −0.042 0.565 0.002 H1 Accept

non-restric. → night −0.205 ** 2.050 0.048
Hypothesis 5

H0 Reject

restric. → night 0.283 ** 2.811 0.162 H1 Accept

night→ sales 0.503 *** 7.451 0.159 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales −0.005 0.107 0.000
Hypothesis 7

H0 Accept

evir→ night 0.129 1.319 0.024 H1 Reject

Model 4 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.320 *** 4.483 0.086 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.626 *** 10.663 0.658 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.068 1.162 0.014 Hypothesis 3
H0 Accept

H1 Reject
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Table A1. Cont.

Model 4 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

non-restric. → COVID 0.405 *** 3.362 0.168
Hypothesis 4

H0 Reject

restric. → COVID −0.063 0.946 0.004 H1 Accept

non-restric. → night −0.294 ** 2.997 0.118
Hypothesis 5

H0 Reject

restric. → night 0.521 *** 7.175 0.549 H1 Accept

night→ sales 0.713 *** 14.546 0.535 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.111 ** 2.483 0.019
Hypothesis 7

H0 Accept

evir→ night 0.054 0.888 0.005 H1 Reject

Model 5 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.348 *** 4.829 0.105 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.663 *** 11.909 0.706 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.058 1.050 0.013 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.442 0.165
Hypothesis 4

H0 Reject

restric. → COVID −0.060 0.845 0.004 H1 Accept

non-restric. → night −0.267 ** 2.551 0.089
Hypothesis 5

H0 Reject

restric. → night 0.459 *** 6.568 0.442 H1 Accept

night→ sales 0.835 *** 18.422 0.792 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.102 ** 2.640 0.019
Hypothesis 7

H0 Accept

evir→ night 0.095 1.423 0.014 H1 Reject

Model 7 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.211 ** 3.070 0.037 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.695 *** 13.257 0.835 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.048 0.856 0.009 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.404 0.163
Hypothesis 4

H0 Reject

restric. → COVID −0.058 0.817 0.003 H1 Accept

non-restric. → night −0.279 ** 2.885 0.107
Hypothesis 5

H0 Reject

restric. → night 0.430 *** 6.020 0.384 H1 Accept

night→ sales 0.825 *** 16.955 0.744 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales −0.008 0.170 0.000
Hypothesis 7

H0 Accept

evir→ night 0.070 1.052 0.009 H1 Reject
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Table A1. Cont.

Model 8 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.351 *** 3.867 0.092 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.659 *** 10.808 0.720 Hypothesis 2
H0 Accept

H1 Reject

COVID*→ sales −0.110 1.420 0.037 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.421 0.166
Hypothesis 4

H0 Reject

restric. → COVID −0.061 0.866 0.004 H1 Accept

non-restric. → night −0.285 ** 2.893 0.107
Hypothesis 5

H0 Reject

restric. → night 0.479 *** 5.621 0.475 H1 Accept

night→ sales 0.680 *** 10.140 0.445 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.191 *** 4.784 0.055
Hypothesis 7

H0 Accept

evir→ night 0.070 1.200 0.008 H1 Reject

Model 9 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.346 *** 4.268 0.055 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.721 *** 12.511 0.815 Hypothesis 2
H0 Accept

H1 Reject

COVID *→ sales −0.077 1.433 0.017 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.402 *** 3.527 0.152
Hypothesis 4

H0 Reject

restric. → COVID −0.043 0.563 0.002 H1 Accept

non-restric. → night −0.207 ** 2.079 0.049
Hypothesis 5

H0 Reject

restric. → night 0.289 ** 2.764 0.169 H1 Accept

night→ sales 0.712 *** 11.348 0.316 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.012 0.258 0.000
Hypothesis 7

H0 Accept

evir→ night 0.129 1.359 0.023 H1 Reject

Model 10 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.179 ** 2.302 0.022 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.682 *** 11.759 0.762 Hypothesis 2
H0 Accept

H1 Reject

COVID*→ sales −0.079 1.396 0.021 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.476 0.163
Hypothesis 4

H0 Reject

restric. → COVID −0.058 0.820 0.003 H1 Accept

non-restric. → night −0.263 ** 2.567 0.087
Hypothesis 5

H0 Reject

restric. → night 0.429 *** 5.390 0.387 H1 Accept



Buildings 2022, 12, 1606 29 of 32

Table A1. Cont.

Model 10 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

night→ sales 0.727 *** 12.532 0.482 Hypothesis 6 H1 Accept

evir→ sales −0.031 0.668 0.002
Hypothesis 7

H0 Accept

evir→ night 0.096 1.107 0.015 H1 Reject

Model 11 Path Coefficients t Statistics f 2 Hypotheses Hypotheses Test

COVID→ sales −0.237 ** 2.937 0.034 Hypothesis 1
H0 Reject

H1 Accept

COVID→ night 0.670 *** 10.759 0.744 Hypothesis 2
H0 Accept

H1 Reject

COVID*→ sales −0.056 1.360 0.008 Hypothesis 3
H0 Accept

H1 Reject

non-restric. → COVID 0.406 *** 3.447 0.165
Hypothesis 4

H0 Reject

restric. → COVID −0.060 0.850 0.004 H1 Accept

snon-restric. → night −0.276 ** 2.744 0.099
Hypothesis 5

H0 Reject

restric. → night 0.458 *** 4.906 0.439 H1 Accept

night→ sales 0.596 *** 10.869 0.277 Hypothesis 6
H0 Reject

H1 Accept

evir→ sales 0.106 ** 2.168 0.014
Hypothesis 7

H0 Accept

evir→ night 0.081 1.217 0.011 H1 Reject

* p < 0.05, ** p < 0.01, *** p < 0.001

Appendix C

Table A2. Detailed path analysis results.

Path Coefficients Model 1 Model 2 Model 3 Model 4 Model 5

non-restric. → night→ sales −0.228 −0.138 −0.103 −0.210 −0.223
restric. → night→ sales 0.398 0.186 0.143 0.372 0.383

non-restric. → COVID→ sales −0.168 −0.070 0.017 −0.130 −0.141
restric. → COVID→ sales 0.026 0.008 −0.002 0.020 0.021

non-restric. → COVID→ night 0.262 0.293 0.290 0.254 0.269
restric. → COVID→ night −0.040 −0.035 −0.031 −0.039 −0.040
COVID→ night→ sales 0.520 0.434 0.364 0.447 0.553

non-restric. → COVID→ night→ sales 0.211 0.174 0.146 0.181 0.224
restric. → COVID→ night→ sales −0.032 −0.021 −0.015 −0.028 −0.033

Path Coefficients Model 7 Model 8 Model 9 Model 10 Model 11

non-restric. → night→ sales −0.230 −0.194 −0.147 −0.191 −0.164
restric. → night→ sales 0.355 0.326 0.206 0.312 0.273

non-restric. → COVID→ sales −0.086 −0.142 −0.139 −0.073 −0.096
restric. → COVID→ sales 0.012 0.021 0.015 0.010 0.014

non-restric. → COVID→ night 0.282 0.267 0.290 0.277 0.272
restric. → COVID→ night −0.041 −0.040 −0.031 −0.040 −0.040
COVID→ night→ sales 0.573 0.448 0.513 0.496 0.400

non-restric. → COVID→ night→ sales 0.232 0.182 0.206 0.201 0.162
restric. → COVID→ night→ sales −0.033 −0.027 −0.022 −0.029 −0.024
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