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a b s t r a c t 

Many countries have developed COVID-19 tracking apps that help individuals trace and detect “people”

who are likely to have come in contact with confirmed patients. However, their adoption rates remain 

low. This study, therefore, investigated South Koreans’ adoption and usage behaviors of COVID-19 apps 

that detect the “place” where infectious people are found and alert people within 100m in dangerous 

zones. Our focus was on such apps’ impact on various facets of human life . Specifically, we analyzed 

mobile app usage data from 5,940 panelists at the start of the pandemic in South Korea and after the 

first major wave (January 6 to August 2, 2020). Findings showed that higher-income and more educated 

individuals were more likely to adopt COVID-19 apps early, and male and low-income people tended to 

use the COVID-19 tracking apps more frequently. In addition, this study offered empirical evidence of 

health protective behaviors, such as driving, shopping online, ordering food online, and avoiding travel 

and public transportation, and supported social- and religious-coping for people using COVID-19 apps. 

The implications are valuable for policy makers to implement a digital policy to motivate people to vol- 

untarily engage in self-protective and coping behaviors through COVID-19 apps. 

© 2021 Elsevier B.V. All rights reserved. 
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. INTRODUCTION 

Governments around the world have implemented the various 

ealth policies and interventions in the face of infectious COVID- 

9 outbreaks. One of the popular tactics is to make use of mobile 

echnologies, such as launching apps. Such COIVD-19 apps are used 

o trace people who are likely to have come in contact with con- 

rmed patients (e.g., apps in European countries, USA and Singa- 

ore) or alert people when they are within 100 m of dangerous 

ones where infectious people were found (e.g., apps in South Ko- 

ea). This way, COVID-19 apps enable people to minimize their ex- 

osure to and the transmission of the virus, and the government 

an use this information to track down the history of any close 

ontacts. 

Despite this potential benefit as a digital intervention, several 

ssues need to be resolved as adoption rates remain low; more 

mportantly, the effectiveness of these apps has yet to be demon- 

trated. In this light, this study aims to resolve two problems of 

sing COVID-19 apps as digital interventions. First, we investigate 

he adoption and usage behaviors of COVID-19 apps in South Korea 

o provide implications for policy makers about their target popu- 

ation regarding socio-demographic profiles. Second, we examine 

he impact of COVID-19 apps on various facets of human life such 

s health protective behaviors and coping behaviors which are in- 

erred from mobile app usage, such as transportation, online shop- 
s

ttps://doi.org/10.1016/j.healthpol.2021.07.003 

168-8510/© 2021 Elsevier B.V. All rights reserved. 
ing, food delivery, entertainment, religion, and networking with 

thers, and then offer theoretic explanations of the findings. 

To investigate these important and imminent issues on COVID- 

9 apps as an intervention policy, we examine mobile users in 

outh Korea at the start and after the first major wave of the pan- 

emic (January 6 to August 2, 2020). To the best of our knowledge, 

his study is the first to empirically investigate COVID-19 apps us- 

ng actual and longitudinal data. 

As one of the first places where COVID-19 apps were rather 

uccessfully introduced early and given that the situation has been 

omewhat controlled, with cities reopening and functioning under 

elative normality, South Korea’s experience of using digital tech- 

ology allows us to give timely recommendations to policy makers 

n places where COVID-19 apps were introduced late. In addition, 

s many countries are now also experiencing a second and even 

hird wave of the pandemic, the study findings are valuable for 

olicy makers to promote tracking apps to understand their out- 

ome on people in everyday life and thus mitigate the devastating 

mpact of the pandemic. In the following section, we present a lit- 

rature review for this study. 

.1. Health protective behaviors 

The COVID-19 crisis is a health crisis and a threat to well-being, 

ecurity, and even life, with many people dying of this novel coro- 

https://doi.org/10.1016/j.healthpol.2021.07.003
http://www.ScienceDirect.com
http://www.elsevier.com/locate/healthpol
http://crossmark.crossref.org/dialog/?doi=10.1016/j.healthpol.2021.07.003&domain=pdf
https://doi.org/10.1016/j.healthpol.2021.07.003
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avirus. Thus, many people have been doing their best to reduce 

he threat and risks from pandemics by engaging in health protec- 

ive behaviors [5 , 33] . 

This research is especially related to literature on the impact of 

 health threat warning on protective behavior. Leventhal’s [21 , 40] 

arallel response model defines a reaction to a threat as the desire 

o avoid the danger and reduce fear. Thus, when people focus on 

he danger to health, they begin a process of danger control, such 

s taking self-protective measures. Specifically, given the drastic in- 

rease in the number of confirmed COVID-19 cases and deaths dur- 

ng the outbreak, the public’s perceived susceptibility to the dis- 

ase and its severity has surged to a high level. Furthermore, alerts 

nd information from COVID-19 tracking apps heighten the abil- 

ty to avoid such places where confirmed patients congregate with 

n emphasis on the threat of infectious situations. Thus, COVID-19 

racking apps engender higher arousal of the perception of the sus- 

eptibility to and severity of the threat, which motivates people to 

ngage in health protective behaviors, such as avoiding crowds and 

ocial distancing. 

.2. Coping behaviors 

The novel coronavirus has also brought a psychological impact, 

uch as stress, feelings of isolation, and depression, to everyday life 

2 , 35] . Especially when under a high threat condition, people are 

ikely to engage more in various coping strategies [28 , 30 , 35] . Ac-

ording to the parallel response model, people engage in coping 

ehaviors when exposed to threatening health information, and 

heir reactions to specific information or instructions on a health 

hreat can be alleviated by engaging in fear control [22] . Following 

his notion, we posit that the information and alert obtained from 

OVID-19 tracking apps as a health communication of the threat 

ay accentuate various coping responses, such as emotion-, social- 

 and religious-oriented coping. 

First, emotion-oriented coping refers to strategies intended to 

ttenuate negative emotions caused by an event [10] . Thus, to cope 

ith stress, anxiety, or depression caused by the COVID-19 out- 

reak, people may depend more on hedonic behaviors such as en- 

ertainment. 

Second, a social coping strategy refers to the functional role of 

pecific coping techniques that involve engaging in social activities 

ith others. Prior research consistently finds that people with a 

upportive social network are better able to cope with stress, as 

ocial support plays a role in influencing health and well-being 

14 , 15] . 

Third, religious coping refers to the functional role of religion 

s a coping mechanism. Various studies in medical research have 

hown that religion can be a source of hope, comfort and strength 

mong diverse patient groups, such as those with hemodialysis, 

ancer, and HIV [12 , 17 , 25] . 

In summary, people may exercise various activities (i.e., health 

rotective behaviors) to reduce the direct risk of contracting 

OVID-19 and alleviate psychological stress, depression, anxiety 

i.e., coping behaviors), as predicted by health communication the- 

ry and coping theory. Our focus herein is on empirically investi- 

ating how COVID-19 tracking apps affect these behaviors in every- 

ay life, thus indirectly measuring the effectiveness of the policy of 

eleasing and promoting COVID-19 tracking apps. 

. MATERIALS AND METHODS 

.1. COVID-19 apps 

COVID-19 apps are mobile applications to detect close contacts 

o collect the user’s location data real time. The apps also alert 

sers entering COVID-19 red zones where there are confirmed 
1431 
OVID-19 cases. For example, Singapore’s government launched a 

ontact-tracing app, called TraceTogether, in March 2020. Some 

racking apps were released relatively late in some counties where 

he situations were not well controlled. For example, the German 

overnment launched the app Corona-Warn-App, the Italian gov- 

rnment released the app Immuni, and the Japanese government 

eleased the tracking app Cocoa, all in June 2020 [26] . In October 

020, the French government released TousAntiCovid, an updated 

ersion of the previous tracing app StopCovid. In November 2020, 

ong Kong released its tracing apps, when it began experiencing 

he second wave of the pandemic after a mild first wave in Febru- 

ry and March. In December 2020, the California government re- 

eased a COVID-19 tracing app with the help of Apple and Google 

for a comprehensive list, refer to “COVID-19 apps” in Wikipedia). 

Although contact tracing is well understood to be one of the 

ost effective and important responses to the COVID-19 pandemic, 

his intervention through use of mobile contract tracing apps may 

ot literally be effective. For instance, based on Hinch et al.’s 

16] simulation model, the pandemic would be suppressed if 80% 

f all smartphone users or 56% of the population use the apps. 

imilarly, Ferretti et al. [9] mathematically showed that tracking 

pps could reduce virus transmission only when a sufficiently high 

roportion of the population utilizes the apps. Recently, Rodríguez 

t al. [29] conducted an experiment in the Canary Islands, Spain, 

n a controlled environment and revealed potential effectiveness of 

racing apps in identifying simulated contacts. To summarize, these 

tudies discovered that COVID-19 tracing apps could be effective 

nder two conditions: i) many people adopt and employ the apps, 

nd ii) infectious people should register their status on the apps. 

owever, these conditions were rarely met. For example, as of the 

ummer of 2020, 21% downloaded the app in Germany; in Italy 

4%; and in France, 3%. Moreover, as of June 2020, only 68 people 

ad registered their infection status on the tracing apps in France; 

nly three did so in Japan [24] . 

These low app adoption rates may be attributed to concerns 

ver data protection, security, and privacy [36] . Several recent sur- 

ey studies [1 , 7 , 37] found that privacy had a strong effect on one’s

pp acceptance decision. As such, Braithwaite et al. [6] and Gard- 

er [11] stressed that there is no empirical evidence of the effec- 

iveness of automated contact tracing after reviewing recent stud- 

es on the COVID-19 pandemic. 

As noted earlier, COVID-19 apps introduced in South Korea are 

ifferent from other countries’ tracing apps. The COVID-19 apps in 

outh Korea help people identify the “places” where infectious in- 

ividuals have been found in two weeks and warn users if they 

re within 100m from such dangerous places. Such location infor- 

ation of movement log of infections people is collected by Korea 

isease Control and Prevention Agency (Korea CDA) using smart- 

hone GPS systems, CCTV and in-person interviews. Other nations’ 

racing apps addressed above help people identify “people” who 

re likely to be infectious within 15m. In this regard, interestingly, 

he COVID-19 apps in South Korea do not use any personal infor- 

ation transmitted directly from smartphones of infected people. 

ore importantly, apps in other countries require an important 

ondition that infectious people must keep using such tracing apps 

o ensure their effectiveness. However, this stipulation is not requi- 

ite with the COVID-19 apps in South Korea (for more details, see 

39] ). 

These COVID-19 apps in South Korea were introduced first in 

arly February and a million people had downloaded the apps in 

ts first 17 days (ranked No.1 in Google Playstore’s free apps dur- 

ng the first week of March 2020). Central and local governments 

lso developed COVID-19 apps by collaborating with private app 

evelopers. These apps provide various functions, such as track- 

ng where diagnosed COVID-19 patients were found with maps 

o warn users if they were in a high risk zone, and any govern- 
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Figure. 1. Examples of COVID-19 tracking apps, its adoption and usage trends and the weekly number of confirmed COVID-19 cases in South Korea in South Korea. 
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ent policies (e.g., lockdown of certain facilities, distribution of 

asks). Figure 1 provides examples of such apps (see the list in 

ppendix 1 ) and its download and usage trends along with COVID- 

9 trends in South Korea. According to Figure 1 , of particular inter- 

st is that adoption and usage of COVID-19 apps decreased dramat- 

cally as the pandemic was alleviated. This may imply that people 

ere showing signs of fatigue with the apps. 

In summary, investigating digital intervention policies using 

obile apps in a timely manner and verifying them empirically is 

ssential. The implications of this study on South Korea are valu- 

ble for other countries where different types of tracing apps were 

eleased late. 

.2. COVID-19 Pandemic in South Korea 

The first cases of COVID-19 in South Korea were found in late 

anuary 2020. However, that month experienced fewer than five 

eekly confirmed cases. About one month later, a sharp growth 

n the novel coronavirus occurred in the southern city of Daegu, 

ostly attributed to patients who attended a religious gathering. 

fterward, the virus spread to the whole country. It reached a peak 

n late February and early March with more than 3,0 0 0 confirmed 
1432 
ases found per week. After April 20, the pandemic was somewhat 

lleviated owing to large epidemic control programs such as early 

doption of testing and contact tracing. South Korea has worked to 

ontrol the spread of the coronavirus without imposing the kind 

f wide-scale economic shutdowns occurring in the United States, 

urope, and many other parts of the world (for an overview for 

OVID-19 Pandemic in South Korea, see [41] ). Figure 1 also illus- 

rates the trends of COVID-19 development in South Korea. 

.3. Mobile app usage data in South Korea 

We obtained mobile app usage data from Nielson Korea, an in- 

ernational research company in South Korea that collects panel 

ata for people aged 7 to 69. Nielson Korea first aims at its statis- 

ical “population” as the entire population of South Korea. It then 

pproximates the population distribution of mobile users by ev- 

ry quarter conducting computer-assisted telephone interviewing 

CATI) surveys with 4,0 0 0 subjects. Based on the estimated pop- 

lation distribution of mobile users, it then sets the size of tar- 

et population groups of mobile users using various demographic 

riteria. Finally, it randomly recruits panels to arrive at the target 

ize of population groups and installs iTrack software into the re- 
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Table 1 

Demographic summary of mobile app data. 

Total 

sample 

Health protective behavior Social coping Emotional coping Religious 

coping COVID- 

19 

App Navigation Taxi Subway Travel Exercise 

Food 

delivery shopping SNS Messenger Music Game Netflix 

# of panelists 5,940 933 4,081 1,491 1,071 601 2,443 2,639 4,902 4,369 3.954 4,772 3,577 988 919 

Average # of weekly visits (SD) - 0.6 

(3.9) 

8.3 

(22.7) 

0.69 

(2.53) 

1.76 

(4.79) 

0.77 

(6.7) 

2.5 

(9.5) 

3.2 

(8.5) 

29.0 

(50.6) 

26.2 

(48.7) 

146.6 

(107) 

8.1 

(20.4) 

26.3 

(45.4) 

3.4 

(10.3) 

6.5 

(26.3) 

% of users who 

also use COVID-19 

tracking apps 

15.7 - 19.2 21.5 20.5 26.1 21.5 19.8 17.7 18.4 15.2 17.7 18.2 19.7 20.5 

Age (%) ~29 11.1 5.6 8.3 15.6 11.8 11.6 9.7 15.0 11.0 10.3 7.4 11.5 14.5 19.5 6.6 

30~39 14.2 15.9 16.1 25.7 18.0 29.5 15.1 24.2 15.1 15.2 9.8 15.0 18.0 26.8 11.1 

40~49 28.6 30.3 31.8 30.9 24.5 33.9 30.1 38.3 30.4 30.7 29.3 29.5 33.7 32.0 25.8 

50~59 24.8 25.2 25.6 17.8 23.4 19.0 25.1 17.0 24.9 24.8 28.2 24.4 19.8 16.1 25.9 

60~69 21.3 23.0 19.5 10.0 22.3 6.0 20.0 5.5 18.6 19.0 25.4 19.6 14.0 5.6 30.5 

Gender (%) Male 46.5 49.1 51.3 50.6 51.4 52.4 48.9 43.1 46.1 47.7 49.1 46.6 48.7 47.1 43.2 

Single (%) 30.4 19.8 21.6 33.1 31.4 33.6 24.5 32.4 24.7 23.9 19.5 25.2 29.1 37.2 17.0 

Education 

(%) 

High school or 

less 

32.7 30.6 30.7 27.0 26.8 14.8 31.0 26.0 34.0 34.0 39.3 35.0 34.6 25.5 35.0 

College 

graduate 

67.3 69.4 69.3 73.0 73.2 85.2 68.9 74.0 66.0 66.0 60.7 65.0 65.4 74.5 65.0 

Income level 

(%) 

< 4.5K USD 

per month 

68.5 61.9 63.7 62.6 61.2 58.8 61.9 62.6 65.0 64.6 67.7 63.5 65.2 61.9 66.0 

4.5K USD per 

month < 

31.5 39.1 36.3 37.4 38.8 41.2 38.1 37.4 35.0 35.4 32.3 34.5 33.8 38.1 34.0 

1
4
3
3
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Table 2 

Estimation results of who adopt COVID-19 apps, when and how much. 

Model 

Who adopts COVID-19 

apps When they adopt COVID-19 apps 

How much they access 

COVID-19 apps 

Before the peak During the peak After the peak 

Intercept -1.698 ∗∗

(0.091) 

-2.834 ∗∗

(0.146) 

-2.272 ∗∗

(0.123) 

-4.554 

(0.333) 

-2.374 ∗∗

(0.182) 

Sex (male = 1) 0.116 

(0.072) 

-0.056 

(0.114) 

0.190 ∗

(0.096) 

0.395 

(0.264) 

0.254 ∗∗

(0.102) 

Age ~29 -0.802 ∗∗

(0.195) 

-0.222 

(0.281) 

-1.135 ∗∗

(0.260) 

-1.112 ∗∗

(0.679) 

-0.011 

(0.213) 

30~39 -0.045 

(0.130) 

0.296 

(0.197) 

-0.190 

(0.177) 

-0.790 ∗

(0.471) 

-0.217 ∗

(0.126) 

40~49 -0.112 

(0.103) 

0.157 

(0.162) 

-0.214 

(0.140) 

-0.661 ∗

(0.365) 

-0.160 

(0.110) 

50~59 -0.168 

(0.103) 

-0.066 

(0.167) 

-0.195 

(0.140) 

-0.307 

(0.346) 

-0.215 ∗

(0.106) 

60~69 (base) - - - - - 

Income ( + 5,000 USD per month = 1) 0.207 ∗∗

(0.077) 

0.137 

(0.114) 

0.256 ∗∗

(0.099) 

0.038 

(0.259) 

-0.865 ∗∗

(0.066) 

Marital (single = 1) -0.090 

(0.114) 

-0.206 

(0.163) 

-0.048 

(0.149) 

0.142 

(0.388) 

-0.176 

(0.117) 

Education (college = 1) 0.203 ∗∗

(0.086) 

0.242 ∗

(0.131) 

0.101 

(0.110) 

0.632 ∗∗

(0.314) 

0.094 

(0.083) 

COVID-19 confirmed cases - - - - 0.394 ∗∗

(0.055) 

Children’s and parents’ days - - - - -1.012 

(1.512) 

Random effects across users - - - - 1.801 

(0.098) 

Random effects across weeks - - - - 2.438 

(0.699) 

NOTE: 

The significant and positive (negative) coefficient implies that people are more (less) likely to adopt apps (the first and second columns)/access the apps more 

(less) (the third column). 
∗∗ indicates significance at the 95% level. 
∗ indicates significance at the 90% level. Standard deviations are in parentheses. 
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C

ruited panels’ smartphones; doing so affords electronically mon- 

toring and collecting the log-activities on the phones (i.e., how 

any times a user accessed an app). In addition to electronic mea- 

ures of media usage, Nielsen Korea collects information about 

anel members’ characteristics, such as age, gender, education, and 

ousehold income—if panel members have agreed to be in the 

anel. 

Nielson Korea recruits new panels every quarter as panels 

re allowed to decide whether to remain in the sample pool or 

rop out each quarter. We obtained 5,940 mobile panelists who 

emained active without drop-out from January 6 to August 2, 

020—the period when the novel coronavirus was most severe (i.e., 

ate February and early March)—and afterward. We then extracted 

arious apps from the data, including COVID-19 apps, shopping 

pps (e.g., major domestic shopping apps), food delivery apps (e.g., 

ajor domestic delivery apps), social networking services (SNS) 

pps (e.g., Facebook, Instagram, Twitter), messenger apps (e.g., 

akaoTalk), taxi apps (for making reservations), subway (metro) 

pps (for checking routes and time tables), navigation apps (for 

riving), exercise apps (e.g., Samsung Health, LG Health, step coun- 

ers), travel apps (e.g., Expedia, Hotels.com), mobile game apps, 

ideo streaming apps (e.g., Netflix), music streaming apps (e.g., 

oogle Music), and mobile bible/mass apps. In our data, approx- 

mately 20% of panelists downloaded at least one tracking app. 

able 1 reports the summary statistics of the panelists for these 

obile apps during the data period. 

.4. Who adopts COVID-19 apps? 

We first model panelists’ adoption decision of COVID-19 track- 

ng apps to identify their profiles. To do so, we develop a logistic 

egression model, where the dependent variable, Adop t = 1 if per- 
i 

1434 
on i accessed the COVID-19 apps at least once during the data pe- 

iod and 0 otherwise. Our choice of independent variables is based 

n social-economic variables, such as age, gender, marital status, 

ncome level, and education level. Especially for studies on COVID- 

9, socio-economic positions such as economic and living condi- 

ions can be particularly important because they are directly or in- 

irectly associated with risk such as disease and mortality rates 

4 , 20] . The model is described in Appendix A2 . 

.5. When do people adopt COVID-19 apps? 

According to Figure 1 , of particular interest is the result that a 

airly large number of people adopted the COVID-19 apps before 

he pandemic reached the peak, while only a small number did 

o after the pandemic was alleviated. This singular finding neces- 

itates analyzing the timing of adoptions. To do so, we divided the 

ata periods into three phases of the pandemic: i) before the peak 

f the first wave (to February 23, 2020), ii) during the peak (from 

ebruary 23 to March 8, 2020), and iii) after the peak (from March 

, 2020) ( Figure 1 ). In our data, 375, 493, and 65 users accessed

he COVID-19 apps for the first time in phases 1, 2 and 3, respec- 

ively. We estimated the adoption models in each phase in a simi- 

ar manner to section 2.4 described above. The model is presented 

n Appendix A3 . 

.6. How much do people access the COVID-19 apps? 

We model how much users access the COVID-19 apps condi- 

ional on their adoption of the apps. To do so, we employ a Pois- 

on regression model with mean λit , where the dependent vari- 

ble, Acces s it , indicates the number of times person i accesses the 

OVID-19 apps during week t. We then incorporate a set of inde- 
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endent variables, such as socio-economic variables, the number of 

OVID-19 positive cases in week t and holidays. Last, we introduce 

ormally distributed random effects across users and weeks to ac- 

ount for the over-dispersiveness of Acces s it (see Table 1 ). How- 

ver, note that this access information does not indicate how many 

imes users receive alerts as our data only records access and not 

pecific app functions. The model is described in Appendix A4 . 

.7. Spillovers from COVID-19 apps to behaviors in daily life 

Last, we build a model to uncover how usage experience and 

nformation from the COVID-19 apps affect people’s everyday lives, 

uch as risk avoidance and coping behaviors as predicted by health 

ommunication theory and coping theory. In line with this aim, we 

se the Poisson regression model with mean λc 
it 
, where the de- 

endent variable, Access c 
it 
, indicates the number of times person i 

ccesses apps in app category c (see examples in Table 1 ) during 

eek t. As the same manner as Section 2.6 ., we incorporate a set of

ndependent variables, such as socio-economic variables, the num- 

er of COVID-19 positive cases in week t and holidays. Importantly, 

o capture the spillover effect from usages of COVID-19 apps, we 

ncorporate the number of times users accessed the COVID-19 apps 

n the previous period. 

Note that not all panelists in our data adopted COVID-19 apps 

n their phones, but we incorporate the spillover from the apps 

n the models described above. The bias of penelists who adopted 

OVID-19 apps needs to be controlled for in our model. To resolve 

his selectivity bias, we introduce the inverse Mills ratio similar to 

34] as an instrument in the estimation of the models. We present 

ts model description in Appendix A5 . 

. RESULTS 

We estimated the models using the Markov Chain Monte Carlo 

MCMC) Bayesian methods using a software, WinBUGS. We used 

he first 10,0 0 0 iterations as the burning period and the next 

0,0 0 0 iterations to draw the posterior distributions of the param- 

ters. 

.1. COVID-19 apps 

Table 2 reports the estimation results of the adoption, tim- 

ng, and usage models for the COVID-19 apps as described in 

ections 2.4 .- 2.6 . First, we found significant estimates for age 20s, 

ncome, and education level for the adoption of COVID-19 apps. 

igh-income and higher educated people tend to adopt the COVID- 

9 apps, while young people in 20s do not. 

Interestingly, we found dissimilar results across the COVID-19 

hases. Prior to the peak of the first wave, findings showed a high 

ikelihood of adoption of the apps by higher educated people but 

o differences in age. During the peak, males and higher income 

eople tended to adopt the apps, but individuals in their 20s did 

ot. After the peak, we found a decreasing likelihood of adop- 

ion age groups in their 20s, 30s and 40s, and a greater likelihood 

f adoption of higher educated people. Last, turning to the usage 

odel, the confirmed number of cases of COVID-19 was the main 

river for people to adopt and use COVID-19 apps. Also, we ascer- 

ained that but people in their 30s and 50s employed them less 

han in other age groups. Interestingly, low income people who 

ay be vulnerable to COVID-19 virus tend to adopt COVID-19 apps 

ate but they were more prone to utilize COVID-19 apps more fre- 

uently. 

.2. Spillover from COVID-19 apps to other apps in daily life 

We report the estimation results of the spillover models in 

ection 2.7 . in Table 3 . The results show a positive spillover from
1435 
OVID-19 apps to navigation, shopping, and food delivery apps and 

 negative spillover to travel, exercise and subway apps. This im- 

lies that people tend to avoid behaviors that may increase in- 

ection risk, as signaled by greater use of apps for navigation (i.e., 

riving), online shopping, food delivery services (i.e., avoid physical 

paces and human contact), and by avoiding travel, public trans- 

ortation such as subway (i.e., avoid human contact) and exercise 

i.e., outdoor activity). Drawing on the theory of health protection, 

e infer that COVID-19 tracking apps help communicate the ben- 

fits of avoiding crowds and human contact to reduce the risk on 

ealth. These results showcase how COVID-19 apps may tilt peo- 

le’s behaviors toward health protection. 

In addition, the increase in perceived risk after using COVID-19 

pps may help people exercise various coping strategies to allevi- 

te psychological fear and stress. The results reveal that the use 

f messenger apps increases after using COVID-19 apps, which im- 

lies that people exercise social coping strategies (e.g., messenger 

pps). However, the results for SNS do not show support for social 

oping strategies. We note that SNS such as Facebook, Twitter, and 

nstagram are not limited only to social interaction functions. SNS 

lso provide functions such as news and entertainment (e.g., video 

lips, live broadcasting), so use of SNS apps may not imply only 

ocial coping. In addition, we found that people are more likely 

o access religion-oriented apps (e.g., mobile bible) after accessing 

OVID-19 apps, in support of religious coping exercise, while they 

re less likely to access entertainment apps such as video/music 

treaming and games. 

However, it is important to note that this result may not guar- 

ntee “causality” as it is a finding through time- and cross-lagged 

orrelation which is one of the most popular procedures for longi- 

udinal panel data analysis [13] . We further address this limitation 

n the section that follows. 

. DISCUSSION 

.1. Implications for Academics 

The importance of communication in heath crisis has long been 

hown in the literature on health threat communication (for a 

omprehensive review, see [3 , 23] ). The findings of this study con- 

ribute to the literature on health threat communication and cop- 

ng strategies. The COVID-19 crisis is unique in that it has brought 

ot only a threat to health, life, and security but also psychological 

tress and depression. Thus, the parallel response model [21 , 22 , 40] 

ffers a useful framework to investigate the current COVID-19 pan- 

emic, as it argues that people may engage in danger control (e.g., 

elf-protective behaviors) and/or fear control (e.g., cope with emo- 

ional state). While this model conceptualizes health communica- 

ions and suggests the switch between the processes of danger 

ontrol and fear control, it has rarely been empirically tested. 

This study is the first to provide the related pieces of empir- 

cal evidence that government interventions by releasing COVID- 

9 apps can stimulate voluntary health protective behaviors (e.g., 

voiding crowds by driving, shopping online, delaying travel and 

voiding public transportation) and threat-coping behaviors (e.g., 

ommunicate with others, religious exercise). Given that govern- 

ents have been struggling to control the COVID-19 pandemic ow- 

ng to limited resources and its devastating consequences, gov- 

rnments must motivate people to engage “voluntarily” in self- 

rotective behaviors, as proposed in health communication theory. 

.2. Implications for Policy Makers 

Since the COVID-19 pandemic began, public health officials and 

overnments all over the world have tried to take advantage of big 
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Table 3 

Estimation results of spillover models from usage of COVID-19 apps to other apps in daily life. 

App type 

Variable Health protective behaviors Social coping Emotional coping 

Religious 

coping 

Navigation Taxi Subway Travel Exercise 

Food 

delivery Shopping SNS Messenger Music Game Netflix 

Intercept -0.707 ∗∗

(0.038) 

-0.933 ∗∗

(0.156) 

0.215 ∗∗

(0.073) 

0.360 

(0.244) 

-0.495 ∗∗

(0.125) 

0.582 ∗∗

(0.063) 

0.368 ∗∗

(0.030) 

0.607 ∗∗

(0.135) 

2.065 ∗∗

(0.045) 

0.759 ∗∗

(0.080) 

0.472 ∗∗

(0.054) 

0.817 ∗∗

(0.088) 

-0.672 ∗∗

(0.110) 

Sex (male = 1) 0.732 ∗∗

(0.047) 

-0.080 ∗

(0.056) 

0.000 

(0.084) 

-0.018 

(0.149) 

0.025 

(0.071) 

-0.371 ∗∗

(0.052) 

-0.747 ∗∗

(0.034) 

-0.329 ∗∗

(0.052) 

-0.218 ∗∗

(0.020) 

-0.110 ∗

(0.060) 

0.267 ∗∗

(0.042) 

-0.212 ∗

(0.115) 

-0.674 ∗∗

(0.095) 

Age ~29 0.971 ∗∗

(0.076) 

0.003 

(0.110) 

-0.156 

(0.149) 

0.032 

(0.168) 

-0.053 

(0.122) 

0.340 ∗∗

(0.077) 

1.308 ∗∗

(0.055) 

-0.204 ∗∗

(0.078) 

0.225 ∗∗

(0.038) 

-0.190 ∗∗

(0.085) 

-0.236 ∗∗

(0.045) 

-0.846 ∗∗

(0.118) 

0.155 

(0.164) 

30~39 0.606 ∗∗

(0.037) 

-0.129 

(0.109) 

-0.782 ∗∗

(0.093) 

-1.100 ∗∗

(0.175) 

-0.144 

(0.106) 

-0.548 ∗∗

(0.062) 

1.150 ∗∗

(0.056) 

-1.003 

(0.079) 

0.188 ∗∗

(0.030) 

-0.543 ∗∗

(0.112) 

-0.345 ∗∗

(0.043) 

-0.661 ∗∗

(0.098) 

0.441 ∗∗

(0.120) 

40~49 0.303 ∗∗

(0.069) 

-0.366 ∗∗

(0.131) 

-0.689 ∗∗

(0.132) 

-1.017 ∗∗

(0.190) 

-0.043 

(0.096) 

-1.183 ∗∗

(0.144) 

0.525 ∗∗

(0.044) 

-1.689 ∗∗

(0.087) 

0.159 ∗∗

(0.033) 

-1.034 ∗∗

(0.048) 

-0.735 ∗∗

(0.052) 

-1.332 ∗∗

(0.163) 

0.643 ∗∗

(0.115) 

50~59 -0.222 ∗∗

(0.074) 

-0.586 ∗∗

(0.130) 

-0.624 ∗∗

(0.125) 

-1.489 ∗∗

(0.289) 

0.395 ∗∗

(0.076) 

-1.935 ∗∗

(0.134) 

-0.374 ∗∗

(0.060) 

-2.039 ∗∗

(0.082) 

0.044 ∗

(0.028) 

-1.402 ∗∗

(0.106) 

-1.277 ∗∗

(0.069) 

-1.567 ∗∗

(0.191) 

1.046 ∗∗

(0.144) 

60~69 

(Base) 

- - - - - - - - - - - - - 

Income ( + 5K 

USD/month = 1) 

0.111 ∗∗

(0.012) 

0.038 

(0.039) 

-0.010 

(0.033) 

-0.209 ∗∗

(0.059) 

0.192 ∗∗

(0.017) 

0.071 ∗∗

(0.017) 

0.082 

(0.008) 

-0.016 

(0.010) 

-0.015 ∗∗

(0.007) 

-0.073 ∗∗

(0.007) 

-0.013 

(0.011) 

0.152 ∗∗

(0.029) 

-0.357 ∗∗

(0.022) 

Marital 

(single = 1) 

-0.058 ∗∗

(0.021) 

0.205 ∗∗

(0.059) 

-0.207 ∗∗

(0.065) 

-1.385 

(0.092) 

-0.573 ∗∗

(0.045) 

0.061 ∗∗

(0.026) 

0.165 

(0.013) 

0.077 ∗∗

(0.014) 

0.004 

(0.010) 

0.090 ∗∗

(0.014) 

0.024 

(0.021) 

-0.747 ∗∗

(0.080) 

0.163 ∗∗

(0.043) 

Education 

(college = 1) 

0.536 ∗∗

(0.027) 

0.042 

(0.051) 

0.271 ∗∗

(0.036) 

-0.559 ∗∗

(0.104) 

-0.111 ∗∗

(0.021) 

0.019 

(0.015) 

-0.020 

(0.013) 

0.069 ∗∗

(0.012) 

0.027 ∗∗

(0.010) 

0.126 ∗∗

(0.010) 

0.041 ∗v 

(0.012) 

0.396 ∗∗

(0.047) 

0.784 ∗∗

(0.033) 

COVID-19 confirmed 

cases 

-0.202 ∗∗

(0.015) 

-0.125 ∗∗

(0.038) 

-0.165 ∗∗

(0.029) 

-0.176 ∗∗

(0.062) 

-0.002 

(0.027) 

-0.005 

(0.019) 

0.044 

(0.010) 

0.511 ∗∗

(0.023) 

0.251 ∗∗

(0.007) 

0.284 ∗∗

(0.012) 

0.132 ∗∗

(0.016) 

0.039 

(0.033) 

0.015 

(0.025) 

Children’s and 

Parents’ days 

-0.232 

(0.238) 

-0.339 

(0.387) 

-0.268 

(0.283) 

0.010 

(0.488) 

-0.040 

(0.263) 

-0.182 

(0.275) 

-0.364 ∗

(0.206) 

0.011 

(0.180) 

0.337 ∗∗

(0.183) 

0.421 ∗∗

(0.159) 

0.543 ∗∗

(0.204) 

-0.040 

(0.326) 

0.258 

(0.423) 

Lunar New Year 

holidays 

-0.074 

(0.212) 

0.120 

(0.367) 

0.078 

(0.326) 

0.501 

(0.434) 

-0.221 

(0.280) 

-0.381 ∗

(0.210) 

-0.071 

(0.118) 

0.565 ∗∗

(0.194) 

0.408 ∗∗

(0.078) 

1.092 ∗∗

(0.255) 

0.558 ∗∗

(0.155) 

-0.120 

(0.259) 

-0.350 

(0.350) 

Spillover from 

COVID-19 apps 2 
0.022 ∗∗

(0.005) 

0.025 

(0.022) 

-0.138 ∗∗

(0.019) 

-0.362 ∗∗

(0.039) 

-0.020 ∗∗

(0.007) 

0.084 ∗∗

(0.007) 

0.033 ∗∗

(0.004) 

-0.001 

(0.004) 

0.016 ∗∗

(0.003) 

-0.014 ∗∗

(0.004) 

-0.015 ∗∗

(0.005) 

-0.040 ∗v 

(0.010) 

0.077 ∗∗

(0.007) 

Inverse 

Mills ratio 

0.030 ∗∗

(0.010) 

0.013 

(0.020) 

0.018 

(0.027) 

-0.061 ∗

(0.037) 

0.027 ∗

(0.015) 

-0.012 

(0.013) 

0.082 ∗∗

(0.010) 

0.125 ∗∗

(0.012) 

0.083 ∗∗

(0.006) 

0.082 ∗∗

(0.011) 

-0.015 ∗∗

(0.021) 

0.012 

(0.027) 

0.103 ∗∗

(0.030) 

NOTE: 

The significant and positive (negative) coefficient of “Spillover from COVID-19 apps” implies that people access the apps more (less) after using COVID-19 apps. 
∗∗ indicates significance at the 95% level. 
∗ indicates significance at the 90% level. Standard deviations are in parentheses. 

1
4
3
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1 WHO, Ethical Considerations to Guide the Use of Digital Proximity Track- 

ing Technologies for COVID-19 ContactTracing 1 (May 28, 2020), https://perma.cc/ 

5NRA-XUFA . 
ata, such as mobile technology, to help track and stop the trans- 

ission of the virus early on. However, some concerns for health 

olicy makers remain unresolved in exercising such digital inter- 

ention policy. 

.2.1. Targeting strategies 

First, given our evidence of the indirect effects of COVID-19 

pps on health protective behaviors, policy makers must increase 

pps’ adoption rates with effective tar geting as the adoption rates 

ave been low in most countries. According to our results in 

ection 3.1 , although young people in their 20s tend to be techno- 

ogically savvy and mobile friendly, the COVID-19 apps seemingly 

ere not appealing to them as they may believe that they are in- 

ulnerable to the virus. Although young people may have low in- 

ection rates, they may be careless in their behaviors, which may 

ffect other vulnerable groups. Thus, policy makers should partic- 

larly promote COVID-19 apps to young people (e.g., social media 

ampaigns). 

Also, low-income and less-educated people, who may also be 

ulnerable to the damages caused by the pandemic, are less likely 

o adopt COVID-19 apps. While COVID-19 apps may be useful for 

eople to avoid personal visits to some dangerous places (e.g., 

estaurants), these apps may not be as useful for these low- 

ncome and less-educated people if they work outside or use pub- 

ic transportation. Thus, policy makers should pay particular at- 

ention to people of low socio-economic status as the pandemic 

as helped highlight the inequalities within societies [19 , 27 , 38] .

or example, health officials may consider giving them incentives 

uch as coupons to increase their adoption rates. More importantly, 

t would be helpful for such vulnerable people if governments 

ere to promptly sterilize the places where infectious people are 

ound. 

.2.2. Psychological recovery 

The results in Section 3.2 . imply that the usage of COVID-19 

pps may cause people to perceive more anxiety and stress regard- 

ng the pandemic. To resolve such anxiety, people may increasingly 

xercise social and religious coping. However, note that this may 

ot be a net effect only from coping exercise as the usage of re-

igious apps and messaging apps may also exert some degree of 

ealth protective behaviors (i.e., avoiding face-to-face human con- 

acts by using messaging apps and avoiding face-to-face religious 

atherings). 

Interestingly, we found negative spillover effects for mobile 

ame apps, Netflix, and music streaming, which represent emo- 

ional coping, which is inconsistent with the results from social 

nd religious coping. Given the limited time spent on mobile de- 

ices, people may be involved in activities, such as communicating 

ith other people, and seek information first when the pandemic 

egan to progress and delay activities for distraction (i.e., emo- 

ional coping), such as enjoying entertainment, for post-disaster re- 

overy. 

Coping is particularly important because the COVID-19 pan- 

emic is a health crisis that can threaten life and has become a 

earlong, psychologically stressful event. Importantly, policy mak- 

rs need to be cognizant and aware that COVID-19 apps may 

rouse anxiety and stress in the pandemic. Thus, it is important 

o help people psychologically, especially in a long-term perspec- 

ive (e.g., by embedding a link to counseling services for depres- 

ion run by government clinics or non-profit organizations inside 

OVID-19 apps). 

.2.3. Privacy concern and legal support 

Digital intervention using mobile apps inevitably leads to data 

ecurity and privacy issues. Interestingly, though, the COVID-19 
1437 
pps launched in South Korea do not use data directly transmit- 

ed from smartphones owned by infected people. Rather, they em- 

loy contact tracing information collected by the central govern- 

ent as explained in Section 2.1 . The COVID-19 apps in South 

orea may be a feasible option for other countries under two 

onditions. 

First, it is of particular importance that governments have 

he ability and resources to perform high-quality contact trac- 

ng. KCDA tracks down everyone who has been in contact with 

n infected person. Once these individuals are contacted, KCDA 

an request that they get tested and quarantine, and their con- 

ition must be monitored. Health policy makers should note that 

ontact tracing can make use of technology such as CCTV and 

martphone GPS systems, but it is also a labor-intensive ex- 

rcise as it is sometimes done by conducting in-person inter- 

iews with infected individuals and tracking down the infection 

hain. 

Second, to make the contact tracing information public, com- 

liance with relevant legal registration is required. South Ko- 

ea, in 2015 after experiencing MERS, enacted a law which en- 

bles the collection and publication of anonymized public data, 

ncluding travel histories of anonymous potential carriers orga- 

ized by a timeline, to the public (without revealing any per- 

onal identifications, such as name, age, gender) in the case 

f a health crisis. However, this has been criticized for the 

elease of detailed information of the movements of infected 

eople (e.g., names of places they visited and when) through 

he media and COVID-19 apps [18] . It is still a huge chal- 

enge to maintain a balance between user privacy and societal 

enefit. 

On the other hand, neo-liberal societies such as the USA, UK, 

rance, and Germany may not replicate COVID-19 apps used in 

outh Korea as they are very sensitive to privacy issues. For ex- 

mple, based on the European Data Protection Board, the use of 

OVID-19 apps must be strictly “voluntary” so that the data should 

ome directly from smartphone users who willingly adopt COVID- 

9 apps and provide their personal information (e.g., whether they 

re infectious). 

In this regard, it is important that governments in neo-liberal 

ountries provide detailed guidance on the collection and use 

f personal data for contact tracing. People should be made 

ware as to what data is collected and when, how it will 

e used for public health purposes, and when it will be de- 

troyed after the pandemic is over. Health officials or govern- 

ents must take extra efforts to educate people on the societal 

enefits. 

To summarize, COVID-19 apps may be a useful tool to battle 

he pandemic in some East Asian countries and regions, such as 

hina, Singapore, Hong Kong and Taiwan that have conducted ex- 

ensive and rapid contact tracing since the arrival of the pandemic 

perhaps prior experience with SARS or MERS may have helped 

ertain countries [32] ) and where people consider privacy of less 

oncern and, thus, perceive contact tracing information as a neces- 

ary trade-off for containing the virus. 

Note that COVID-19 apps are not the only way to com- 

at the spread of the novel coronavirus. The World Health Or- 

anization (WHO) recommends using digital proximity tracking 

nly as a supplement to other measures, such as increased 

esting and manual contact tracing. 1 Even with COVID-19 apps, 

and washing, social distancing, and wearing masks remain 

rucial. 

https://perma.cc/5NRA-XUFA
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19 apps for the first time) during the peak; 0 otherwise. 
Last, as shown in Figure 1 , health officials should note that 

hese app-based interventions may be effective only when the 

andemic is severe (in our empirical study, at the first wave of 

he pandemic in South Korea). This implies that such technologi- 

al tools may not be a long-term solution. 

.3. Limitations and Future Research Directions 

As with any research, this study has limitations that could lead 

o further research. First, privacy concerns are a crucial issue in 

mplementing policy for using mobile technologies and individual 

ata [8 , 18 , 31] . However, from a policy standpoint, there is a trade-

ff between fast and effective control and privacy concerns. Future 

tudies might investigate such a trade-off. 

Second, this study sought to offer em pirical evidence of the ef- 

ectiveness of COVID-19 apps in South Korea. Its tracing apps are 

ifferent from those in other countries. As such, future study may 

ry to test our models for tracing apps in other countries. 

Third, we did not investigate the impact of COVID-19 apps on 

he spread of the coronavirus and disease control. Doing so may 

equire more confidential medical data on positive confirmed pa- 

ients combined with behavioral data, such as app usage. Further 

esearch with medical data needs to be conducted to confirm the 

ndings. 

Last, our study employed cross- and time-lag correlation to 

dentify the spillover effects on various facets in daily life. While 

e employed a fairly large sample of panelists, our study did not 

ncover the psychological underlying mechanisms to identify be- 

avioral causal influence due to the urgency of COVID-19 research 

nd the difficulty of measuring psychological status directly from 

he mobile app usage data. Future research could use a behavioral 

pproach to conduct experiments to uncover the psychological un- 

erlying mechanisms of using COVID-19 tracking apps and to verify 

he behavioral causal mechanism to health protective and coping 

ehaviors. 

. CONCLUSION 

Launching COVID-19 tracking apps is an important interven- 

ion policy for governments to minimize additional exposure to the 

irus. Despite the importance of doing so, how these tracking apps 

rovide benefit and shape people’s everyday lives remains unclear. 

rawing on health communication theory and coping theory, we 

xamine the adoption and use of COVID-19 apps and the spillover 

mpacts on various facets of human life in South Korea during and 

fter the first major wave of the pandemic. Our study offers empir- 

cal evidence of the potential benefits of digital app-based health- 

are interventions (i.e., health protective behaviors and coping ex- 

rcises). This present study provides important and timely recom- 

endations to policy makers in countries where the governments 

ave little experience with managing such tracking apps. 
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PPENDIX 

1. List of COVID-19 Apps in South Korea 

PP NAME (in Korean) APP Name (in English translation) 

 � - � � ��100m ��� � COVAC CORONA MAP 100m ALERT 

 � �� CORONA MAP 

 � � �� - � � �� CORONA DOCTOR CORONA MAP 

 � � 100 � - � �� � �� CORONA VACINE INFECTIONS PEOPLE NEAR ME

 � ��� ��( �� �� ) CORONA VIRUS 

� � � � �� CORONA CONQUEST 

� �� ���� CORONA DANGER ZONE MAP 

 � � � �� - � � � � CORONA ALERT CORNA MAP 

� �� �� - � � ��/ � �� CORONA PREVENTION MAP/INFECTION 

 � �� � � � � �� CORONA MAP CORONA ALERT 

 � � �� � � - � �� � �� CORONA MY ALERT 

 � ��� �� � �� CORONA VIRUS ALERT 

� � � � �� �� NOVEL CORONA VIRUS 

 � �� - �� �� CORONA APP CORONA VIRUS 

 � ��� �� � �� CORONA VIRUS ALERT 

 � �� � � � � �� CORONA MAP ALERT 

 � �� - � � �19 �� �� CORONA MAP CORONA 19 VIRUS 

� �� ��� �� � CORONA VIRUS REAL TIME ALERT 

Note: We translated “Wu-han pneumonia” in app titles to “CORONA VIRUS”. 

2. Logistic Regression Model in Section 2.4 

 ( Adop t i = 1 ) = 

exp ( α0 + Dem o i α1 ) 

1 + exp ( α0 + Dem o i α1 ) 
. (1) 

Dependent variable 

• Adop t i = 1 if person i adopts COVID-19 apps (accessed COVID- 

19 apps at least once) during the data period and 0 otherwise. 

Interdependent variables 

• Dem o i = [ ag e i , gende r i , incom e i , singl e i , educatio n i ] 

here 

ag e i = a set of dummy variables [age ~29, 30~39, 40~49, 50~59], 

where the reference is age 60~69. 

gende r i = 1, if person i is male and 0 female. 

incom e i = 1 if person i’s monthly income is greater than 5M KRW 

(4,500 USD) and 0 otherwise. 

singl e i = 1 if person i is not married and 0 if user i is married. 

educatio n i = 1 if person i is a university student or graduated 

from a university and 0 otherwise. 

3. Logistic Regression Model in Section 2.5 

 ( Adop t it = 1 ) = 

exp ( α0 + Dem o i α1 ) 

1 + exp ( α0 + Dem o i α1 ) 
(2) 

Dependent variable 

• Model 1: t = 1 (before the peak: to February 23, 2020). 

Adop t it = 1 if person i adopts COVID-19 app (accessed COVID-19 

apps for the first time) before the peak; 0 otherwise. 

• Model 2: t = 2 (during the peak: from February 23 to March 8, 

2020). 

Out of those people who had not adopted the COVID-19 app at 

t = 1 

Adop t it = 1 if person i adopts COVID-19 apps (accessed COVID- 
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• Model 3: t = 3 (after the peak: from March 9, 2020). 

Out of those people who had not adopted the COVID-19 app at 

t = 1 and 2 

Adop t it = 1 if person i adopts COVID-19 apps (accessed COVID- 

19 apps for the first time) after the peak; 0 otherwise. 

Interdependent variables 

• Dem o i = [ ag e i , gende r i , incom e i , singl e i , educatio n i ] 

here 

ag e i = a set of dummy variables [age ~29, 30~39, 40~49, 50~59], 

where the reference is age 60~69. 

gende r i = 1, if person i is male and 0 female. 

incom e i = 1 if person i’s monthly income is greater than 5M KRW 

(4,500 USD) and 0 otherwise. 

singl e i = 1 if person i is not married and 0 if user i is married. 

educatio n i = 1 if person i is a university student or graduated 

from a university and 0 otherwise. 

4. Poisson Regression Model in Section 2.6 

Acces s it ∼ Poisson ( λit ) 

n ( λit ) = α0 + Dem o i α1 + α2 Cov id 19 t + Holiday s t α3 + ξi + ς t . 

(3) 

Dependent variable 

• Acces s it the number of times person i accesses the COVID-19 

apps during week t. 

Interdependent variables 

• Dem o i = [ ag e i , gende r i , incom e i , singl e i , educatio n i ] 

here 

ag e i = a set of dummy variables [age ~29, 30~39, 40~49, 50~59], 

where the reference is age 60~69. 

gende r i = 1, if person i is male and 0 female. 

incom e i = 1 if person i’s monthly income is greater than 5M KRW 

(4,500 USD) and 0 otherwise. 

singl e i = 1 if person i is not married and 0 if user i is married. 

educatio n i = 1 if person i is a university student or graduated 

from a university and 0 otherwise. 

• Cov id 19 t : logarithm of the number of COVID-19 confirmed cases 

on week t 
• Holiday s t = 1 if Lunar New Year holidays in February, children’s 

and parents’ special days in April were in week t, 0 otherwise. 
• ξi ∼ N( 0 , σ 2 

ξ
) : normally distributed random effect across peo- 

ple 
• ς t ∼ N( 0 , σ 2 

ς ) : normally distributed random effect across 

weeks 

5. Poisson Regression Model in Section 2.7 

Access c 
it 

∼ Poisson ( λc 
it 
) , 

ln 
(
λc 
it 

)
= αc 

0 + Dem o i α
c 
1 + αc 

2 Cov id 19 t + Holiday s t α
c 
3 

+ αc 
4 Spil l ov e r it−1 + αc 

5 Mil l s i + ξi + ς t . (4) 

Dependent variable 

• Acces s it : the number of times person i accesses apps in app 

category c (see examples in Table 1 ) during week t 

Interdependent variables 
1439 
• Dem o i = [ ag e i , gende r i , incom e i , singl e i , educatio n i ] 

here 

ag e i = a set of dummy variables [age ~29, 30~39, 40~49, 50~59], 

where the reference is age 60~69. 

gende r i = 1, if person i is male and 0 female. 

incom e i = 1 if person i’s monthly income is greater than 5M KRW 

(4,500 USD) and 0 otherwise. 

singl e i = 1 if person i is not married and 0 if user i is married. 

educatio n i = 1 if person i is a university student or graduated 

from a university and 0 otherwise. 

• Cov id 19 t : logarithm of the number of COVID-19 confirmed cases 

on week t 
• Holiday s t = 1 if Lunar New Year holidays in February, children’s 

and parents’ special days in April were in week t, 0 otherwise. 
• Spil l ov e r it−1 : logarithm of the number of times users accessed 

the COVID-19 apps in the previous period. 

• Mil l s i = 

φ( θ0 c + Dem o i θ1 c ) 
�( θ0 c + Dem o i θ1 c ) 

for person i if he or she adopted the 

COVID-19 apps, and Mil l s i = − φ( θ0 c + Dem o i θ1 c ) 
1 −�( θ0 c + Dem o i θ1 c ) 

for person i if he 

or she did not adopt the COVID-19 apps, where φ and 	 indi- 

cate a standard normal distribution p.d.f. and c.d.f., respectively. 

The parameter θc in the inverse Mills ratio function can be es- 

timated from a probit model, where the dependent variable is 

whether user i adopts the COVID-19 apps (0) or not (1). We in- 

coporate demographic data of individual users into the inverse 

Mills ratio functions similar to Equation (1) . 

The inverse Mill’s ratio works as an instrumental variable for a 

pil l ov er variable (whether this variable is observed—that is, user 

 adopts and uses COVID-19 apps). In general, the interpretation 

f the coefficient of the inverse Mill’s ratio, αc 
5 
, is described below. 

he major role of the inverse Mill’s ratio is to correct for any selec- 

ion bias. When the coefficient of the inverse Mill’s ratio is positive, 

positive selection” occurs (without the correction, the estimate of 
c 
4 
would be upward-biased); when it is negative, “negative selec- 

ion” occurs (without the correction, the estimate of αc 
4 
would be 

ownward-biased). If the coefficient of the inverse Mill’s ratio is 

ot significant, there may not be a strong selection bias for the 

pil l ov er variable. 

• ξi ∼ N( 0 , σ 2 
ξ
) : normally distributed random effect across peo- 

ple 
• ς t ∼ N( 0 , σ 2 

ς ) : normally distributed random effect across 

weeks 
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