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1 Introduction

Boosting vaccine take-up is deemed crucial for public health during the COVID-19

pandemic. One concern of mass vaccination, however, is potential risk compensa-

tion. Risk compensation, or the Peltzman effect, is a behavioral response to a change

in perceived risk (Peltzman 1975; Evans and Graham 1991; Kremer 1996). In con-

trast to clinical trials where people are unaware of their treatment status, individ-

uals in real-life settings may reduce their social distancing efforts after vaccination

because they perceive lower risks of COVID-19 infection. Risk compensation may

thus offset the benefits of vaccination and lead to higher risks of infection in mass

vaccination settings than in clinical trials.1

This paper studies the causal impacts of vaccine eligibility on social distancing

behaviors. The national vaccination schedule in South Korea, where vaccination

eligibility dates differed by birth date, provides us a unique opportunity to under-

stand vaccine take-up decisions and find credible evidence on risk compensation.

To be specific, we use a regression discontinuity design (RDD) by taking advantage

on the difference in vaccination timing between those born just before and after

December 31, 1961, using exact birth date information. Those born before the cut-

off (treatment group) became eligible for the first dose from June 6, 2021, whereas

those born after the cutoff (control group) became eligible later on July 26, 2021.

We have a window of 45 days where we can observe behavioral differences between

those who were born just before and after the cutoff date.2

1A simulation study shows that even with high vaccine efficacy, a 3.2-fold increase of exposure to
virus would halve vaccination benefits (Ioannidis 2021). Moreover, the selection of subjects into
a clinical trial could be different from a scale-up project that addresses a general population. If a
scale-up project encourages specific groups of people to get vaccinated, the effects of vaccination on
risky behaviors could differ from those in a clinical trial. In fact, Mukherjee et al. (2022) estimated
COVID vaccine effectiveness taking advantage of age cutoff in a mass vaccination setting in India,
and found the vaccine’s impact on COVID-19 infection in the scale-up setting is different from
that in medical trials in the U.K. (Nasreen et al. 2022) and Canada (Bernal et al. 2021), but it is
not possible to distinguish between possible reasons including demographic factors, take-up rate,
selection, and risk compensation.

2This also leads to a time gap in the start date of the second dose between the two groups (August
23, 2021 and September 6, 2021), which we exploit to study the behavioral response to the second
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We use large, high-frequency, administrative data as well as survey data to mea-

sure vaccine take-up and social distancing behaviors. First, we obtain data on daily

vaccination rates of the entire population born in 1961 and 1962 from the Korea

Disease Control and Prevention Agency (KDCA) and estimate the first-stage effect

of the vaccine rollout strategy on vaccine take-up of the target group.

Second, we examine the impacts on risk compensation using measures of so-

cial distancing from three different datasets—credit card, airline, and survey. The

credit card company data contains daily transaction records by spending category

and card holders’ exact birth date for 394,930 individuals born in 1961 and 1962.

The airline company data includes information on members’ daily travel informa-

tion and exact birth date for 33,613 individuals born in 1961 and 1962. We also col-

lect data from a survey on 3,018 people born in 1961 and 1962 implemented right

before vaccines became eligible for the control group. Because the survey contains

information on social distancing behaviors as well as individual’s birth month-year

and vaccination status, we are able to estimate the intention-to-treat (ITT) effect and

the local average treatment effect (LATE) on compliers.

Third, we test for selection heterogeneity and external validity of the treatment

effect (Brinch et al. 2017, Kim and Lee 2017, Bertanha and Imbens 2020, Einav

et al. 2020, Kowalski 2022). To investigate whether individuals who take vaccina-

tion are different from those who do not, we identify always-takers, treated com-

pliers, untreated compliers, and never-takers, then compare their baseline charac-

teristics around the eligibility cutoff. We also assess the external validity of our

LATE estimate by comparing average treatment effects on compliers and those on

never-takers and always-takers.

To summarize our findings, first, we find that vaccine take-up increases by 63.4%

points with eligibility in the survey data, similar to 65.8% found in the KDCA ad-

ministrative data. Second, even with substantial compliance to the vaccination pol-

dose (full inoculation) as well.
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icy, we find little evidence of risk compensation in terms of credit card usage, air

travel, or social distancing behaviors. Third, comparing characteristics of compli-

ance groups around the cutoff, we find little difference between always-takers and

treated compliers or between treated and untreated compliers. We find some sig-

nificant differences between untreated compliers and never-takers, however: never-

takers are less likely to believe in vaccine effectiveness, more likely to worry about

side effects, and are also less likely to be college-educated or to have white-collar

jobs. Despite selection into vaccine take-up, we find no evidence of treatment effect

heterogeneity. Testing equality in the average treatment effect across compliance

groups around the threshold (Bertanha and Imbens 2020), we find that the effects

are not statistically different. That is, there is no evidence of risk compensation

among not only compliers but also always-takers and never-takers.

Our paper contributes to understanding risk compensation after COVID-19 vac-

cination. Our paper is closely related to Agrawal et al. (2022) and Aslim et al.

(2022) which also study the impacts of COVID-19 vaccination on risk-mitigating

behaviors and the delay of medical care, respectively. Agrawal et al. (2022) find no

evidence on risk-mitigating behaviors including mask wearing or avoiding crowds

and restaurants. Aslim et al. (2022) find that receiving a COVID-19 vaccine reduces

the likelihood of delaying medical care. Both papers have identification challenges

due to lack of birth date information, however. For example, Agrawal et al. (2022)

use birth year as the running variable and rely on self-reported survey data. Aslim

et al. (2022) employ difference-in-differences and instrumental variable estimation

also using birth year.3 Our approach is a RDD with exact birth date.

3There are some prior studies which examine cross-sectional or before and after differences by vac-
cination status. For example, Goldszmidt et al. (2021) find that those who are fully vaccinated are
less likely to practice social distancing based on representative samples of twelve countries. In ad-
dition, Yamamura et al. (2022), Bernal et al. (2021) and Hunter and Brainard (2021) observe a small
but significant increase in infection rates during the first few weeks following the first dose take-
up of vaccines in Japan, the U.K., and Israel, respectively. Researchers speculated that the results
reflected lower compliance with protective behaviors (Rubin et al. 2021; Independent SAGE 2021;
SPI-B 2021). On the other hand, Wright et al. (2021) found little evidence of such changes in the
U.K. These studies, however, are based on case-control or simple before and after comparison, and
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To our knowledge, this paper is also the first to conduct a complier analysis of

COVID-19 vaccination to explore selection into vaccination. Previous studies have

relied on surveys asking people’s willingness to take vaccines (Alsan and Eichmeyer

2021, Bughin et al. 2020, Khan et al. 2021, Kreps and Kriner 2021, Neumann-Böhme

et al. 2020, Schwarzinger et al. 2021, Thunstrom et al. 2021). However, once vac-

cines become eligible, actual take-up may well differ from intentions. Identifying

compliers and never-takers can help sharpen the policy target group to promote

vaccination.

2 Institutional Details

2.1 COVID-19 social distancing policy in South Korea

South Korea responded effectively to COVID-19 pandemic through non-pharmaceutical

interventions during the earlier phase of the pandemic when vaccines were not

available. Regional lockdowns have never been imposed even during the period

with the highest incidence. People could freely travel across regions and also use

public transportation. Restaurants, shops, and facilities have remained largely open,

although some constraints regarding closing hours or maximum capacity have been

imposed depending on the number of new cases per week. For example, for most of

our study period (June to October 2021), private gatherings of more than six peo-

ple were banned and restaurants had to close by 10pm. Less than 50% capacity

was allowed for cultural and religious facilities. Higher-risk facilities such as fitness

centers, public baths, and nightlife venues (bars and karaokes) were at times sub-

ject to additional restrictions.4 Wearing masks both indoors and outdoors has been

mandatory during study period, and public compliance to the mask mandate has

thus their estimates might be biased due to unobservable confounders.
4During periods when the number of new cases were high, from July 12 to October 17, 2021 in
Seoul, for instance, 1 person per 8m2 was allowed in public baths, karaoke bars, and indoor sports
facilities. Customers could not use indoor sports centers for more than two hours or use shower
rooms.
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been relatively high (Lee and You 2020).

While these social distancing rules did not alter fundamentally with vaccine roll-

out, some waivers were introduced for fully vaccinated individuals during the study

period. Notably, restriction on the maximum number of people who can attend pri-

vate gatherings was partly relaxed for fully vaccinated individuals. Those fully vac-

cinated were also exempt from the mandatory two-week quarantine after foreign

travel or after contact with a COVID-19 patient, as long as they were tested nega-

tive on PCR tests. Most other social distancing rules, including the mask mandate,

continued to apply during our study period regardless of vaccination status.5

From a global perspective, the South Korean government’s response to COVID-

19 was less restrictive than countries imposing lockdowns, but stricter than others

without major social distancing policies. According to the Oxford COVID-19 Gov-

ernment Response Tracker which constructs a “COVID-19 stringency index” based

on policies including stay-at-home orders, school closures, restrictions on gather-

ings, and face covering requirements, South Korea is considered to have below-

average stringency among 184 countries (Hale et al. 2021). During our study pe-

riod of July 2021, South Korea’s stringency index was lower than China and Aus-

tralia but higher than Israel and New Zealand; it was relatively similar with the

U.S. and France. People could freely travel and visit various facilities during our

study period, so there was enough room to potentially engage in risk compensation

behaviors.
5The government announced in lateMay 2021 that people who receive at least one shot of the vaccine
would be exempt from wearing masks outdoors from July 2021, but the decision was reversed the
first week of July 2021. A more widespread relaxation of social distancing rules did not occur in
Korea until November 2021, when the government declared a new stage of “living with COVID-19.”
Restrictions on the maximum number of people who can gather and business operation hours were
significantly relaxed or lifted altogether. For example, up to ten (or twelve, depending on region)
individuals could gather and restaurants could open 24 hours. This new scheme did not last long,
however, due to the spread of the Omicron variant in December 2021.
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2.2 COVID-19 vaccination in South Korea

The KDCA prioritized immunizing the elderly, and vaccine eligibility was deter-

mined by date of birth (Table 1). The time lag between age groups was mainly

caused by the shortage of vaccine supply. Exceptions to the age criteria applied

to priority groups and those who managed to reserve “leftover vaccines” that have

become available after someone canceled or did not show up to their appointment.6

Figure 1 presents the take-up rate of the first and second doses among those

born in 1961 and 1962, according to KDCA data. Vaccination rate increases sharply

after each cohort becomes eligible (start dates marked with vertical lines). In fact, it

takes less than two weeks from the start date for the take-up rate to reach about 80

percent for both the first and second doses in each cohort.

We divide our study period from June to October, 2021 into six time intervals

(labeled T1–T6 in Figure 1) according to the national vaccine rollout schedule.7

The first dose vaccination rates in T1, T2, and T3 differ significantly between the

treatment and control groups. We argue that we can capture the cleanest estimate

of risk compensation during T2. If some of the treatment group experience side

effects shortly following their vaccination in T1, we would underestimate the true

effect. If some of the control group experience side effects shortly following their

vaccination in T3, we would overestimate the treatment effect. Similarly, we could

underestimate and overestimate the treatment effect of the second dose in T4 and

T5, respectively. The magnitude of bias could be smaller in T4 and T5 (compared

to T1 and T3), however, as those who experienced side effects after the first dose are

less likely to take the second dose (compared to those who did not experience side

effects). Lastly in T6, we do not expect to see difference between the treatment and

6Priority groups include hospital staff, nursing home staff, inpatients and employees of nursing
homes and long-term care facilities, teachers, flight attendants, police, firefighters, and military
personnel. Leftover vaccines could be reserved through real-time booking system provided by ma-
jor internet portals.

7The periods are as follows: T1 (June 7–June 30), T2 (July 1–July 25), T3 (July 26–Aug 25), T4 (Aug
26–Sept. 4), T5 (Sept. 5–Sept. 26), and T6 (Sept. 27–Oct. 7).
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control groups’ behaviors unless there are dynamic effects in risk compensation.

3 Data and Study Sample

3.1 Data

We use data from four different sources. First, we use administrative data from

the KDCA, which contain daily vaccine take-up rates of the entire population of

those born in 1961 and 1962. Using the data, we confirm whether the staggered

introduction of vaccine eligibility led to a time gap in vaccination rates between the

two cohorts.

Second, we use data on credit card usage obtained from Shinhan Card, the com-

pany with the largest market share (21.5%) in South Korea. The data record credit

card usage by category in about ten-day intervals from January 2020 to Septem-

ber 2021 (from T1 to T6), aggregated by card holders’ birth date.8 We use data of

394,930 individuals born in 1961 and 1962 aggregated at the birth date level. The

data are useful for the purpose of our study in that many risk compensation behav-

iors can be detected by an increase in spending in categories involving face-to-face

interactions, such as restaurants and offline shopping.

Third, we use airline company data obtained from Jeju Air, whose market share

(17.2%) is ranked top in the Korean domestic flight market.9 We use individual-

level daily data, which contain 30,874 airline members born in 1961 and 1962 with

their exact birth date and travel history from January 2020 to September 2021.

Finally, we use data from a telephone survey conducted by Gallup Korea. A total

of 3,018 people born in 1961 and 1962 were recruited from a broadly representative

8The nine spending categories are as follows: food and beverage, sports and entertainment, miscel-
laneous services (beauty salons, education, fuel), lodging, offline retail (supermarkets, department
stores, cars), clothing (clothes, accessories, cosmetics), home appliances (furniture, electronics),
medical expenditure (hospitals, pharmacies), and online retail.

9The company specializes in a domestic route, between Seoul (Gimpo) and Jeju Island, the most
popular vacation venue in South Korea. Seoul–Jeju is the busiest airline route in the world.
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panel of the survey company. The sampling design involves stratification by sex,

age, and region. The survey was conducted during the week of July 14–23, 2021,

about a month after the treatment group became eligible for vaccines but a few days

before the control group became eligible (corresponding to period T2 in Figure 1).

The survey data includes a rich set of information on individuals’ demographic

characteristics and social distancing behaviors. Particularly, information on indi-

vidual’s vaccination status allows us to distinguish between different compliance

groups. Although self-reported and subject to reporting errors, the survey includes

questions on their social distancing behaviors, vaccination status, risk perceptions,

and birth month-year. Questions on social distancing include whether the respon-

dent avoided meeting with others and also his/her participation in specific types

of activities such as travel and eating out at restaurants.10 The questionnaire is

attached in Appendix D.

3.2 Outcome variables

Ourmain outcome variables besides vaccination rates are 1) the average per-day per-

user number of offline credit card transactions, 2) the average per-day per-member

number of air travel, and 3) social distancing behaviors measured in the survey.

First, using the credit card data, we compute the average daily number of trans-

actions divided by the number of card holders in each birth date.11 We focus on

offline transactions to measure the degree to which a person gets involved in a situ-

ation with risk of infection. We exclude online shopping and medical expenditure

because they do not necessarily involve risk compensation. We report the results for

not only total offline transactions but also for each spending category separately.

10Activities include travel, meeting relatives and friends, visits to church/temple and hospital dur-
ing the last month, as well as visits to restaurant/cafe, gym, bar/karaoke, hair salon/spa and cul-
tural facility (museum, concert hall, movie theater), grocery shopping, and public transportation
use (bus, train, subway) during the past week.

11We divide the total number of credit card transactions by the number of credit card users during
the pre-treatment period (January 1, 2021–June 5, 2021). We get similar results when we use the
number of credit card users in 2020 as the denominator (not reported).
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Second, using the airline data, we construct the average per-day per-member

number of air travel. Similar to the way we construct the outcome variable for

card spending, for each time interval from T1 to T6, we compute the average daily

number of trips made by members of each birth date and divide it by the total

number of airline members in each birth date. Using detailed flight information, we

are also able to construct the variable for each route separately and check whether

there are any differences across routes, which may correspond to different purposes

of trips.

Finally, from the survey data, we construct three main indexes of social distanc-

ing behavior: “engaged in social activities,” which is the average of indicators for

the ten types of social activities (listed in footnote 10), “ever engaged in social ac-

tivities without mask,” which equals one if the respondent has ever engaged in any

of these activities without a mask, and “avoided contact with others” based on a

general question. Again, we do not include hospital visit as a social activity because

it is not necessarily risk compensation behavior. For example, individuals may have

visited hospitals in order to get vaccinated, to receive treatment for vaccine side

effects, or to catch up on delayed medical care (Aslim et al. 2022).

3.3 Summary statistics

Panels A, B, and C of Table 2 present the summary statistics of the study sample in

the credit card, airline, and survey data, respectively. Panel A shows that the average

age is 59.5 and about 20% reside in Seoul. The sample size is 730 (= 365∗2) because
the credit card data are aggregated by birth date. There are 394,930 individuals

born in 1961 and 1962 in our credit card data (on average 541 in each birth date)

which comprises about 22.6% of the population.12 The average number of offline

transactions during the pre-treatment period (from January 1, 2021 to June 5, 2021)

12There are 888,491 and 858,519 residents age 60 and 61 (born in 1961 and 1962), respectively, in
South Korea as of December 2022 (Ministry of Interior and Safety).
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is about 0.51 transactions per day per card holder. Panel B summarizes the data

on Jeju Air members born in 1961 and 1962. Among the 33,613 members, 56% are

male, and the average membership duration is about 3.6 years (1,316 days). During

the pre-treatment period, the average number of trips per day permember is 0.0017.

Compared to the administrative data, the survey data include a richer set of

socioeconomic background variables. The average age is 59.5, about 51% of respon-

dents are male, 83% are married, about 17% reside in Seoul, 29% are self-employed,

and about 30% do not currently work for pay. The survey data also inform us of re-

spondents’ preferences and attitudes, such as political orientation, risk attitudes,

and concern about COVID-19 vaccine side effects.

4 Empirical Framework

This section explains our empirical framework. Our first approach in subsection 4.1

is the conventional RDD. Combining the effects of vaccine eligibility on vaccine

take-up and social distancing behaviors, we find the LATE on compliers. To explore

the generalizability of the LATE, we study selection heterogeneity and external va-

lidity in subsection 4.2.

4.1 Setup of the empirical analysis

We implement a regression discontinuity design by taking advantage of the fact that

COVID-19 vaccination eligibility varies discontinuously over date of birth. For each

outcome variable, we estimate the following model:

Yi = β · I (Zi ≥ τ) + g (Zi) + ei (1)

where Yi is the outcome variable such as vaccine take-up or social distancing be-

havior of individual i, Zi is date of birth of individual i and g (·) is a continuous
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function which capture the link between date of birth and the outcome variable. τ

is the eligibility cutoff date of birth, December 31, 1961, which is the main cutoff in

our analysis.

When Yi is an indicator for vaccine take-up, β becomes the first-stage effect of

vaccine eligibility on actual vaccine take-up. When Yi is social distancing behavior,

β is the ITT effect of vaccine eligibility on social distancing behavior. The LATE can

be identified by dividing the latter by the former, capturing the effect of vaccination

on social distancing behaviors, i.e., the risk compensation effect.

We use a non-parametric approach to estimate the function g (·) by approximat-

ing it through a polynomial function of Zi over a narrow range of data. In the

main analysis, we use a local linear regression with uniform kernel. Our preferred

bandwidth is 365 days because we believe these are narrow enough to compare ob-

servations below and above the cutoff and wide enough to be precise. We report

a series of robustness checks with different polynomial degrees and bandwidths to

show how robust our results are to alternative specifications.

A critical assumption to our identification strategy is that individuals who were

born just before and after the cutoff date are comparable in terms of observable and

unobservable determinants of risk compensation behavior. The assumption seems

reasonable since we have no a priori reason why those born just before and after the

cutoffwould behave differently. To support this assumption, we test the smoothness

of observable baseline characteristics around the cutoff, including 1) average daily

transactions by spending category during the pre-treatment period and residential

area in the credit card data (panel A of Table A1 and Figure A1), 2) sex, average

days of membership, and average daily trips by route during the pre-treatment pe-

riod in the airline data (panel B of Table A1 and Figure A2), 3) sex, marital status,

residential area, education level, job, political orientation, and attitude and belief

about COVID-19 vaccines in the survey data (Table A2 and Figure A3).

Indeed, we do not find any significant differences between individuals just below
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and above the cutoff in most observable characteristics. Only three of 32 discontinu-

ity estimates turn out to be statistically significant. We also find that the results are

robust to alternative bandwidths and polynomial degrees as well as to the inclusion

of baseline controls (Figure A4, Figure A5, and Figure A6).13

4.2 Selection heterogeneity and external validity

The effect of vaccine eligibility estimated in equation (1) is identified based on com-

pliers. The average effect on compliers may not be generalizable to the general pop-

ulation, and the treatment effects of compliers and never-takers could be different.

We first check selection heterogeneity by comparing observable characteristics

of compliers, always-takers, and never-takers, similar in spirit to Kim and Lee (2017)

and Einav et al. (2020). To do so, we restrict the sample to those who took vacci-

nation regardless of their eligibility and apply the same RD framework as our main

model to detect any discrete changes at the cutoff in the characteristic under inves-

tigation. Because everyone took vaccination in this restricted sample (all vaccinated

sample), any significant difference around the cutoff should be due to the composi-

tional change of vaccine-takers around the cutoff; those born just before the cutoff

consist of always-takers and compliers, while those born just after consist of only

always-takers. Thus, estimating equation (1) with the restricted sample allows us to

13We also conduct the McCrary test examining whether the density function of the running variable
is smooth around the cutoff (McCrary 2008; Lee and Lemieux 2010). Panels A, B, and C of Table A3
present the t-statsitics for theMcCrary test around the treatment and placebo cutoffs, using several
alternative bandwidths for the survey, credit card, and airline company data, respectively. While
some estimates turn out to be statistically significant in panel A, they are not disproportionately
larger than those at the placebo cutoffs. Also, most t-statistics are significant in panels B and C as
administrative data give precise estimates, but the t-statistics around the cutoff are not particularly
larger than those at the placebo cutoffs, neither. Figure A7 illustrates the density of the running
variable in the three datasets that we use in this study. Around the time when people in our
study sample were born, the number of births in January is larger than that in December. This
phenomenon is known to be related to the specific age-reckoning method in Korea, where one’s
age is counted using the number of calendar years one has lived. Given this culture, parents-to-be
might select January to make their children enjoy a relative-age advantage within their birth cohort
(Kim 2021). It is difficult, however, to predict how parents’ birth month selection could bias our
estimates for the effect of vaccination on risk compensation. It is unlikely that the birth month
selection has a long-term effect after 60 years.
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compare the characteristics of treated compliers and always-takers. Similarly, if we

restrict the sample to those who did not take vaccination (all unvaccinated sample),

we can compare untreated compliers with never-takers. Therefore, we can charac-

terize four distinct groups, treated compliers, untreated compliers, always-takers,

and never-takers, each of which can be of particular importance to policy makers.

Appendix A provides details of the estimation method.

We also assess the external validity of the LATE estimates to never-takers and

always-takers. The question regarding never-takers is particularly important con-

sidering how governments tried to address vaccine hesitancy in order to boost vac-

cine take-up. Following Bertanha and Imbens (2020), we jointly test for discontinu-

ity in social distancing behavior at the cutoff in the two samples we defined above:

all vaccinated and all unvaccinated samples. Rejecting the null of no difference at

the threshold between treated compliers and always-takers and between untreated

compliers and never-takers would cast doubt on the external validity of our LATE

estimates.14

5 Empirical Findings

5.1 Impacts of vaccination on social distancing behaviors

As shown in Figure 1, vaccine take-up rates among those born in 1961 and 1962

increased in tandem with the staggered introduction of vaccine eligibility. In Ta-

ble 3 panel A, we present the differences in vaccine take-up rates between the 1961

cohort and 1962 cohort using the KDCA data, separately for each period from T1 to

T6. The differences in vaccine take-up during periods T1, T2, and T3 are driven by

the first dose of vaccination, while the differences from the second dose are largely

14As Bertanha and Imbens (2020) explain, however, the failure to reject the null of no difference
does not necessarily support external validity but suggests a lack of significant treatment effect
heterogeneity (Brinch et al. 2017). Also note that the test for all unvaccinated sample here is a RD
version of the untreated outcome test in Kowalski (2022) for RCT.
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ignorable. For example, in T2, the difference in the first dose vaccination is 65.8%

while that in the second dose is 0.2%. On the other hand, the differences in vacci-

nation rates during periods T4 and T5 are mainly driven by the second dose. Lastly,

the differences in take-up rates almost disappear in T6. Given that some people ex-

perience side effects shortly after vaccination and that it typically takes about two

weeks for vaccines to become highly effective at protecting against COVID-19 infec-

tions, we expect to observe risk compensation particularly at T2 (for first dose) and

T5 (for second dose).15

Figure 2 presents the results of credit card usage (panel A) and domestic air

travel (panel B) in each period from T1 to T6. The horizontal axis represents the

birth date centered around December 31, 1961 (solid vertical line). The left-hand

side of the cutoff are those born in 1962 and the right-hand side are those born in

1961. We divide people based on their birth date into 72 bins. Each dot in the figure

indicates the mean of the outcome variable for those born in each birth date bin, and

the size of the dot reflects the sample size of the bin. The vertical difference between

the two trends at the cutoff is a graphical analog of β in equation (1).

The graphs show no clear evidence of risk compensation in both credit card

usage and domestic air travel throughout the periods. We observe no discernible

gaps at the cutoff. Because air travel is a relatively rare event, the results in panel B

are noisier than in panel A.

The corresponding regression results are shown in panels B and C of Table 3.

For instance, the standard errors in panel B are around 0.004, meaning that we are

able to capture any change greater than 0.00784 (= 0.004∗1.96) transactions per day
in the credit card data. As about 0.5 daily transactions were made per user in each

period, this corresponds to a 1.57% (= 0.00784/0.5) increase in credit card usage.

15Note that at T2 the control group did not receive the first dose yet, whereas at T5 the control
group also starts to receive the second dose. Considering that some may experience side effects
and decrease their social activities shortly after vaccination, our estimates of risk compensation at
T5 could be biased upwards. We nevertheless find no evidence of an increase in social activities in
the treatment group.
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Therefore, the results in Table 3 mean that, if any, the risk compensation effect is no

larger than 1.57%.16

We conduct a similar analysis using the survey data. Note that the survey was

conducted on July 14–23 (period T2), right before the control group became eligible

to receive the first dose. Figure 3 presents the results where observations are aggre-

gated at birth month-year level. Panel A of Figure 3 shows that the take-up rate of

the first dose increased significantly at the eligibility cutoff, consistent with what we

observe from the administrative data in panel A of Table 3. The regression results

presented in Table 4 column (1) confirm the graphical finding. Eligibility for first

dose increases the take-up rate by 63.4% points. It is a 352% increase (=63.4/18.0)

as the take-up rate for the control group is 18.0%.

Panels B to D of Figure 3 and columns (2)–(4) of Table 4 present the results on

three indexes of social distancing behaviors based on self-reported responses. There

is no clear discontinuity in any of these outcomes near the cutoff.17 None of the

coefficients are statistically significant and the estimates are relatively precise. For

example, we are able to capture any change in the average probability of engaging

in social activities greater than 2.4 (= 0.012 ∗ 1.96) percentage points.
Table A4, Table A5, and Table A6 (and Figure A8, Figure A9, and Figure A10)

present impacts on credit card utilization, airline trips, and self-reported social dis-

tancing behaviors by category, respectively. Overall, we do not find discrete jumps

at the cutoff across categories and periods. Although there is concern of multiple

hypothesis testing, we find an interesting pattern that medical expenditure (panel

I of Table A4) and hospital visits (column (12) of Table A6) increased. We do not

16An exception is observed in panel B column (1), where we find a small and significant decrease in
credit card usage during T1, shortly after the first dose eligibility date. This is opposite to risk
compensation, and could reflect a temporary drop in offline spending due to mild complications
after receiving the first shot. But the estimates and their significance vary depending on specifica-
tions using different polynomial degrees and alternative bandwidths as well as including baseline
control (panels A and B of Figure A11).

17We conduct robustness checks using alternative bandwidths, polynomial degrees, and including
baseline controls, and find largely similar results (see Figure A12).
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wish to strongly claim that vaccination increased these two outcomes, however, be-

cause these results are not robust to alternative specifications (panels C and D of

Figure A11 and panel A of Figure A13) and medical expenditure is also one of the

few variables that are not balanced in the pre-treatment period (Table A1). If any,

an increase in medical expenditure might reflect an increase in healthcare-seeking

behavior upon being vaccinated as in Aslim et al. (2022) or due to vaccine compli-

cations.

Lastly, we explore possible risk compensation at other age groups shown in Ta-

ble 1. Difference in the timing of vaccine eligibility is 49 days between 1961 and

1962 cohorts; there are also some differences in timing (10 to 57 days) between

1971–1972, 1966–1967, 1956–1957, and 1946–1947 cohorts. Figure A14 presents

the number of credit card transactions (panel A) and domestic air trips (panel B)

in the first 10–12 days after vaccination for each cohort as well as in the stacked-

up sample. We confirm no clear evidence of risk compensation in both credit card

usage and domestic air travel.

In sum, we conclude that there is no evidence of risk compensation after COVID-

19 vaccination whether we usemeasures from administrative data of credit card and

airline companies or self-reported survey data.18

5.2 Selection into vaccination and external validity beyond com-

pliers

In this section, we analyze the characteristics of (treated and untreated) compliers,

always-takers, and never-takers, which allows us to understand differences between

those who respond and not respond to vaccine eligibility. Note that we can only use

the survey data for this exercise because we need information on both eligibility

(birth date) and actual vaccine take-up status.

18We also find similar results when we employ event-study difference-in-differences instead of RD.
See Appendix B and Figure A15.
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First, as we explain in Appendix A, the proportions of always-takers, compliers,

and never-takers around the cutoff can be identified using equations (A2)–(A4) as

17.2%, 63.4%, and 19.4%, respectively. We then present the means of covariates

around the cutoff for each of these compliance groups in columns (1)–(4) of Table 5.

Next, we test for selection heterogeneity by comparing the means of individual

characteristics between always-takers and treated compliers in column (5) and be-

tween untreated compliers and never-takers in column (6) of Table 5. Figure A16

and Figure A17 present corresponding results graphically.19 The most salient dif-

ference between compliers and never-takers is their perception towards vaccine ef-

fectiveness and side effects (column (6) of Table 5).20 Never-takers are significantly

less likely to believe that vaccines are effective and more likely to worry about side

effects, which apparently explain why they refuse to get vaccination. We also find

that never-takers tend to be less-educated and less likely to be white-collar workers

than compliers. We do not find substantial differences in other characteristics, how-

ever, including political or risk preferences.21 The findings suggest that perceptions

about vaccine effectiveness and side effects could be important to increase vaccine

take-up.

We assess the external validity of the LATE to other compliance groups, es-

pecially because there are some differences in individual baseline characteristics

between compliers and never-takers. Specifically, we look for discontinuities in

the two sets of conditional mean graphs, outcomes between treated compliers and

always-takers as well as between untreated compliers and never-takers (Bertanha

and Imbens 2020). We do not observe significant jumps around the cutoff in social

distancing behaviors (Figure 4).

To test this formally, we jointly test equations (A8) and (A9) in Appendix A.

19More details are explained in subsection 4.2 and Appendix A.
20No selection heterogeneity is observed between always-takers and treated compliers (column (5))
as well as treated and untreated compliers (not reported).

21This is different from findings of some surveys on vaccine willingness in the U.S that vaccine take-
up is correlated with political preference (Reiter et al. 2020, Kreps and Kriner 2021).
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Specifically, columns (5) and (6) of Table 6 test equality between the average out-

come of always-takers and treated compliers and never-takers and untreated com-

pliers, respectively. The joint F-test results for the pair are shown in column (7).

We do not find evidence of treatment effect heterogeneity, implying that selection

in vaccine take-up does not necessarily translate into different treatment effects.

5.3 Discussion

There can be several explanations for the lack of risk compensation following COVID-

19 vaccination. We present our preferred explanation first and then alternative ex-

planations that we consider less plausible. Our preferred explanation is the high

compliance with social distancing policies as well as limited vaccine-related in-

centives during the study period. According to data from the COVID-19 behavior

tracker, most people in South Korea complied with social distancing policies such

as wearing face masks outside the home (Belot et al. 2020; Jones 2020). As men-

tioned in Section 2.1, substantial incentives for the vaccinated such as the “vaccine

pass” were not introduced during the study period. In addition, social distanc-

ing rules (the maximum number of people who can gather, business closing hours,

maximum capacity at facilities) remained in place. The official rules were not strict

from a global perspective, but social pressure to comply with them was strong (Task

Force for Tackling COVID-19, Ministry of Foreign Affairs 2020). All these factors

may have contributed to preventing the vaccinated from engaging in risk compen-

sation behaviors.

The second explanation is that the vaccinated might have been concerned about

potential risks they could impose on others, and thus were reluctant to engage in

risky behaviors. For example, if a vaccinated individual in the treatment group

engages in social activities, this might tempt his/her younger, unvaccinated family

members to also participate in such activities. Because this kind of spillover effect

is most likely to occur between spouses, we explore this possibility by checking
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whether our results differ by spouse’s vaccine eligibility in Figure A18 and Table A7.

We do not detect risk compensation among those with eligible spouses.

Third, our study sample might have had limited social activities even before the

pandemic, and hence the scope for risk compensation small. However, as shown in

Table 2, more than 70 percent of respondents in our survey sample are currently

working. According to the 2019 Korean Time Use Survey, people in their 60s spend

12 percent of their daily time at work, not much lower than 18 percent among those

in their 40s and 50s.22 We find that people in their 60s spend more time than those

in their 50s on social activities such as sports, face-to-face socializing, offline shop-

ping, and religious activities. These activities would have been depressed during

the pandemic, and thus could be resumed once vaccinated. Furthermore, exploit-

ing the eligibility schedule, we replicate our analysis at other birth date cutoffs and

find similar effects regardless of age group (Figure A14).

Fourth, risk compensationmight be limited if people do not believe that vaccines

significantly reduce COVID-19 related risks. In our setting, the concern could be

particularly valid if there is lower credibility for AstraZeneca than Pfizer/Moderna,

because the treatment and control groups were assigned to different vaccine types

due to supply issues (Table 1). However, in Figure A14, we find similar results at

other cutoffs in which the treatment and control groups were subject to the same

vaccine type—birth date date cutoffs of 1971, 1966, and 1956.

Fifth, the potential for risk compensation could be limited due to a reduction in

household income during the COVID-19 pandemic. Many businesses and house-

holds experienced financial difficulties during the pandemic as revenues and in-

come fell. Lee and Yang (2021) showed that by April 2020, the COVID-19 outbreak

eliminated about 4 percent of total non-farm employment nationwide in South Ko-

rea. We think that the income effect is unlikely to explain the lack of risk compensa-

tion, however, because we consistently find no evidence on risk compensation across

22Based on authors’ calculations.
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different educational attainment and occupation groups (Figure A18 and Table A7).

Sixth, it is worth noting that behavioral changes after COVID-19 vaccination can

be driven not only by a change in the perceived risk of infection but also by a change

in the cost of engaging in social activities. For example, if proof of vaccination

is required to enter certain facilities such as restaurants or workplaces, it would be

relatively less costly for vaccinated individuals to visit these places. Given that there

were at least a few waivers for the vaccinated during the study period, our findings

on the (lack of) behavioral changes after vaccination are in fact an upper bound of

risk compensation.

Lastly, the lack of risk compensation might be due to the short time horizon of

our study. A priori, it is unclear whether risk compensation would be more promi-

nent in the short or long run. Risk compensation could be suppressed during rel-

atively early stages following vaccination if it takes longer than a few months for

those vaccinated to modify their risk perception. On the other hand, with pandemic

fatigue, those vaccinated may engage in risky behaviors soon after vaccination. We

are not able to test the long-run effect on risk compensation due to the study design.

6 Conclusion

This paper addresses risk compensation after COVID-19 vaccination and the role of

selection into vaccine take-up by taking advantage of a unique vaccination rollout

scheme in South Korea. Those born in 1961 became eligible for the first dose from

June 6, 2021 while those born in 1962 became eligible only after July 26, 2021. We

compare social distancing behaviors of those born just before and after the birth

date cutoff of December 31, 1961 with large, high-frequency, administrative data

from credit card and airline companies as well as survey data.

We find that vaccine eligibility significantly increased vaccine take-up, but that

there is no evidence of risk compensation. That is, there is no significant increase
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in offline credit card spending, air travel, or self-reported social distancing efforts

due to vaccination. The results are consistent across different subgroups and are

also robust to alternative specifications. We also investigate the role of selection

into vaccine take-up by comparing the characteristics and outcomes of compliers,

always-takers, and never-takers. The key difference between compliers and never-

takers is concern about vaccine side effects and their belief about vaccine effective-

ness. Despite selection, we do not find evidence that social distancing behaviors

differ across compliance groups.

Exploring potential mechanisms, we believe that our findings of no risk compen-

sation is most likely the result of the public’s high compliance with government’s

social distancing policies and the absence of substantial vaccine incentives like the

vaccine pass during the study period. Now that COVID-19 vaccination may become

routine, studying risk compensation and selection into take-up in such contexts

would be an interesting avenue for future research.
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Figure 1: Vaccine take-up rates among 1961 and 1962 cohorts in 2021, South Korea

Notes: Data from KDCA. Vertical lines represent the date when each dose became available to each cohort group (Table 1). The periods are as follows:
T1 (June 7–June 30), T2 (July 1–July 25), T3 (July 26–August 25), T4 (August 26–September 4), T5 (September 5–September 26), T6 (September 27–
October 7).
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Figure 2: Effects of vaccine eligibility on social distancing behaviors (credit card
data and airline data)

Panel A. Average daily offline transactions

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25)

T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel B. Average daily domestic trips

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25)

T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: These figures show reduced-form effects of the outcome variables in credit card data (panel
A) and airline data (panel B) around the vaccination eligibility cutoff (vertical line). The size of the
dots corresponds to the number of observations in each bin.
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Figure 3: Effects of vaccine eligibility on vaccine take-up and social distancing be-
haviors (survey data)

Panel A. First dose vaccine take-up rate Panel B. Engaged in social activities

Panel C. Ever engaged in social activities

without mask

Panel D. Avoided contact with others

Notes: These figures show reduced-form effects of the outcome variables in survey data around the
vaccination eligibility cutoff (vertical line). The size of the dots corresponds to the number of obser-
vations in each bin.
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Figure 4: External validity test

Panel A. Engaged in social activities

Always-takers vs Compliers Never-takers vs Compliers

Panel B. Ever engaged in social activities without mask

Always-takers vs Compliers Never-takers vs Compliers

Panel C. Avoided contact with others

Always-takers vs compliers Never-takers vs Compliers

Notes: These figures show the difference in potential outcomes between compliance groups around
the vaccination eligibility cutoff (vertical line). The size of the dots corresponds to the number of
observations in each bin.
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Table 1: Vaccine eligibility schedule in 2021, South Korea

Year of birth 1st dose 2nd dose Vaccine type

–1946 April 1 April 22 Pfizer
1947–1956 May 27 August 12 AstraZeneca
1957–1961 June 7 August 23 AstraZeneca
1962–1966 July 26 September 6 Pfizer/Moderna
1967–1971 August 16 September 27 Pfizer/Moderna
1971– August 26 October 7 Pfizer/Moderna
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Table 2: Baseline statistics of estimation sample

Variable Mean SD N Variable Mean SD N

Panel A. Credit card data Panel C. Survey data
Age 59.5 0.50 730 Age 59.5 0.50 2,916
Residence: Seoul 0.203 0.017 730 Male 0.506 0.500 2,916
Average daily transactions by category Married 0.834 0.372 2,913
Offline sector transactions 0.471 0.021 730 Residence: Seoul 0.167 0.373 2,916

Food & beverage 0.111 0.008 730 Education
Sports & entertainment 0.007 0.002 730 Middle school or less 0.127 0.333 2,854
Miscellaneous services 0.107 0.006 730 High school 0.414 0.493 2,854
Lodging 0.009 0.002 730 College or more 0.459 0.498 2,854
Offline retail 0.220 0.012 730 Occupation
Clothing 0.008 0.001 730 Self-employed 0.288 0.453 2,902
Home appliances 0.008 0.001 730 Blue-collar 0.178 0.383 2,902

Online retail 0.045 0.007 730 White-collar 0.236 0.425 2,902
Medical expenditure 0.048 0.003 730 Non-employed 0.298 0.457 2,902

Panel B. Airline data Preference
Age 59.5 0.50 33,613 Conservative (0, 1) 0.39 0.49 2,501
Male 0.564 0.496 33,613 Risk preference (0–10) 4.28 2.88 2,853
Days of membership 1315.61 1125.68 33,613 Belief about vaccine effectiveness (0–10) 7.65 2.20 2,619
Average daily trips by route 0.0017 0.0083 33,613 Worry about vaccine side effects (0–10) 4.35 3.30 2,902

Mainland→ Jeju 0.0007 0.0035 33,613 Worry about COVID-19 infection (0–10) 6.01 3.26 2,891
Jeju→Mainland 0.0007 0.0035 33,613
Mainland→Mainland 0.0004 0.0047 33,613

Notes: This table presents themean and standard deviation (SD) of baseline characteristics in each data. The period used for calculating average daily
transactions and trips in panels A and B is January 1, 2021–June 5, 2021. The sample size is 730 (= 365 ∗ 2) in panel A because the credit card data
are aggregated by birth date. The spending categories are as follows: food and beverage, sports and entertainment, miscellaneous services (beauty
salons, education, fuel), lodging, offline retail (supermarkets, department stores, cars), clothing (clothes, accessories, cosmetics), home appliances
(furniture, electronics), medical expenditure (hospitals, pharmacies), and online retail. The first seven types are “offline sector transactions,”
which necessarily involve face-to-face encounters. “Self-employed” includes farmer. “Non-employed” includes jobless, retired, and housewife.
“Conservative” is an indicator of “strongly conservative” or “weakly conservative”. “Risk preference”: 0 - strongly risk-averse, 10 - strongly risk-
taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10 - expect strong effects. “Worry about vaccine side effects”: 0 - not worried at
all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not worried at all, 10 - very worried.
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Table 3: Effects of vaccine eligibility on social distancing behaviors (credit card data and airline data)

(1) (2) (3) (4) (5) (6)

June 7–June 30 July 1–July 25 July 26–Aug 25 Aug 26–Sept 4 Sept 5–Sept 26 Sept 27–Oct 7
T1 T2 T3 T4 T5 T6

Panel A. Difference in vaccination rate (1961 cohort − 1962 cohort)

Difference in the 1st vaccination rate 49.5 65.8 18.2 −1.2 −1.20 −1.3
Difference in the 2nd vaccination rate 0.2 0.2 2.3 44.0 23.0 −2.3

Panel B. Average daily offline transactions

RD estimates (β) −0.008∗∗ −0.003 0.002 −0.005 0.003 0.003
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

Mean of dep var. in [-365 days, 0) 0.534 0.515 0.504 0.484 0.523 0.472
Observations 730 730 730 730 730 730

Panel C. Average daily domestic trips

RD estimates (β) −0.0002 0.0002 0.0001 −0.0003 −0.0001 0.0007∗

(0.0003) (0.0003) (0.0002) (0.0003) (0.0003) (0.0004)
Mean of dep var. in [-365 days, 0) 0.0020 0.0015 0.0013 0.0016 0.0017 0.0017
Observations 33,613 33,613 33,613 33,613 33,613 33,613

Notes: Panel A reports the difference in vaccination rates between the 1961 and 1962 cohorts in each period according to the KDCA data. Panels B
and C represent the RD estimates of equation (1). We use a local linear regression with a uniform kernel and a 365-days bandwidth. ***: Significant
at 1%, **: Significant at 5%, *: Significant at 10%
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Table 4: Effects of vaccine eligibility on vaccine take-up and social distancing be-
haviors (survey data)

(1) (2) (3) (4)

First dose vaccine
take-up rate

Engaged in
social activities

Ever engaged in
social activities
without mask

Avoided contact
with others

RD estimates (β) 0.634∗∗∗ 0.012 0.039 0.006
(0.029) (0.010) (0.031) (0.037)

Mean of dep var. in [-12 months,0) 0.180 0.229 0.182 0.658
Observations 2,916 2,910 2,910 2,888

Notes: This table represents the RD estimates of equation (1). We use a local linear regression with a
uniform kernel and a 12-months bandwidth. ***: Significant at 1%, **: Significant at 5%, *: Signifi-
cant at 10%
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Table 5: Selection heterogeneity test (survey data)

(1) (2) (3) (4) (5) (6)
Always Treated Untreated Never
-takers compliers compliers -takers

Proportion 0.172 0.317 0.317 0.194
(0.022) (0.014) (0.014) (0.020)

Variable Means at the cutoff Difference in means
(1)− (2) (3)− (4)

Male 0.483 0.514 0.588 0.480 −0.031 0.108
(0.066) (0.043) (0.077) (0.027) (0.093) (0.089)

Married 0.881 0.839 0.850 0.848 0.042 0.002
(0.048) (0.024) (0.057) (0.021) (0.062) (0.065)

Residence: Seoul 0.213 0.163 0.196 0.099 0.050 0.097
(0.050) (0.033) (0.052) (0.023) (0.071) (0.061)

Middle school or less 0.121 0.124 0.121 0.267 −0.003 −0.146∗∗
(0.037) (0.026) (0.060) (0.020) (0.054) (0.066)

High school 0.351 0.433 0.400 0.444 −0.083 −0.043
(0.061) (0.041) (0.073) (0.032) (0.088) (0.086)

College or more 0.485 0.442 0.453 0.261 0.043 0.192∗∗

(0.060) (0.037) (0.079) (0.032) (0.081) (0.093)
Self-employed 0.233 0.307 0.288 0.320 −0.074 −0.032

(0.047) (0.037) (0.079) (0.030) (0.068) (0.086)
Blue-collar 0.284 0.172 0.166 0.213 0.112 −0.048

(0.056) (0.031) (0.054) (0.020) (0.075) (0.062)
White-collar 0.336 0.241 0.279 0.071 0.094 0.207∗∗

(0.063) (0.037) (0.059) (0.024) (0.088) (0.070)
Non-employed 0.146 0.275 0.265 0.381 −0.129 −0.115

(0.053) (0.038) (0.069) (0.029) (0.077) (0.080)
Conservative 0.363 0.252 0.309 0.424 0.111 −0.115

(0.063) (0.040) (0.071) (0.024) (0.088) (0.082)
Risk Preference 4.471 4.159 4.279 4.155 0.312 0.125

(0.380) (0.236) (0.461) (0.174) (0.531) (0.500)
Belief about vaccine effectiveness 6.848 7.065 7.256 5.651 −0.217 1.605∗∗

(0.383) (0.224) (0.448) (0.170) (0.517) (0.482)
Worry about vaccine side effects 3.756 3.920 4.393 6.519 −0.164 −2.126∗∗

(0.409) (0.263) (0.521) (0.178) (0.596) (0.566)
Worry about COVID-19 infection 5.891 5.904 5.820 6.330 −0.013 −0.510

(0.461) (0.271) (0.558) (0.173) (0.626) (0.616)

Notes: This table presents the mean characteristics at the cutoff for each compliance group—always-
takers in column (1), treated compliers in column (2), untreated compliers in column (3), and never-
takers in column (4)—estimated from equations (A5) and (A6). Columns (5)–(6) present the differ-
ence in the mean characteristics between compliance groups. We use a local linear regression with a
uniform kernel and a 12-months bandwidth. Bootstrapped standard errors are in parentheses. ***:
Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table 6: External validity of LATE (survey data)

Means at the cutoff Difference in means Joint F-Test

(1) (2) (3) (4) (5) (6) (7)
Always Treated Untreated Never (1)− (2) = 0 &

Variable -takers compliers compliers -takers (1)− (2) (3)− (4) (3)− (4) = 0

Engaged in social activities 0.250 0.248 0.227 0.223 0.002 0.004 0.039
(0.019) (0.012) (0.021) (0.008) (0.026) (0.023) [0.981]

Ever engaged in social activities without a mask 0.170 0.260 0.202 0.215 −0.090 −0.013 1.689
(0.048) (0.035) (0.066) (0.025) (0.070) (0.073) [0.430]

Avoided contact with others 0.585 0.607 0.596 0.596 −0.022 0.000 0.066
(0.060) (0.040) (0.077) (0.029) (0.085) (0.087) [0.967]

Notes: This table shows our assessment of the external validity of the LATE using equations (A8) and (A9). Columns (1)–(4) show the mean
of potential outcomes of each compliance group around the cutoff: (1) E [Y (1)|Gi = A], (2) E [Y (1)|Gi = C], (3) E [Y (0)|Gi = C], (4) E [Y (0)|Gi =N ].
Columns (5)–(6) show the difference in the mean of potential outcomes between compliance groups. Column (7) shows the joint test of
E [Y (1)|Gi = A] − E [Y (1)|Gi = C] = 0 and E [Y (0)|Gi = C] − E [Y (0)|Gi =N ] = 0 around the cutoff following the external validity test in Bertanha and
Imbens (2020). We use a local linear regression with a uniform kernel and a 12-months bandwidth. Bootstrapped standard errors are in parentheses.
***: Significant at 1%, **: Significant at 5%, *: Significant at 10%
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A Selection heterogeneity and external validity
As in Imbens and Angrist (1994) and Abadie (2003), we define compliance group
(Gi) in the regression discontinuity design as follows:

Gi =



A if Di = 1 but Zi < τ

C if Di = I (Zi ≥ τ)
N if Di = 0 but Zi ≥ τ

(A1)

Note that an individual is an always-taker if Gi = A, a complier if Gi = C, and
a never-taker if Gi = N . Then we can identify the proportion of each compliance
groups around the eligibility cutoff, PA

τ ,PC
τ , and PN

τ , in the following way:

PA
τ ≡ E [Gi = A | Zi = τ] = lim

z↗τ
E [Di | Zi = z] = f (τ) (A2)

PC
τ ≡ E [Gi = C | Zi = τ] = lim

z↘τ
E [Di | Zi = z]− lim

z↗τ
E [Di | Zi = z] = βFS (A3)

PA
τ ≡ E [Gi =N | Zi = τ] = 1− lim

z↘τ
E [Di | Zi = z] = 1− βFS − f (τ) (A4)

One way of exploring selection heterogeneity is to check the difference in the
mean of covariate Xi around the cutoff. For example, we compare observable char-
acteristics between always-takers and compliers by testing whether the following
difference is zero:

E [Xi | Gi = C & Zi = τ]−E [Xi | Gi = A & Zi = τ]

=
PC
τ +PA

τ

PC
τ

·
(
lim
z↘τ

E [Xi | Zi = z &Di = 1]− lim
z↗τ

E [Xi | Zi = z &Di = 1]
)

(A5)

The test can be implemented simply by estimating the conventional regression
discontinuity parameter from the restricted sample ofDi = 1 (all vaccinated sample)
following Kim and Lee (2017). Similarly, using the restricted sample of Di = 0 (all
unvaccinated sample), we can define and identify selection heterogeneity between
never-takers and compliers by testing whether the following difference is zero:

E [Xi | Gi =N & Zi = τ]−E [Xi | Gi = C & Zi = τ]

=
PC
τ +PN

τ

PC
τ

·
(
lim
z↘τ

E [Xi | Zi = z &Di = 0]− lim
z↗τ

E [Xi | Zi = z &Di = 0]
)

(A6)

Lastly, we assess the external validity of LATE to other compliance groups (Brinch
et al. 2017, Bertanha and Imbens 2020). External validity can be defined as inde-
pendence between potential outcomes and compliance types:
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Gi ⊥ (Yi (0) ,Yi (1)) | Zi (A7)

If assumption (A7) holds, we can say that the local treatment effect can be also
applied to the other compliance groups. In our study, we compare the mean of Yi (1)
between compliers and always-takers and the mean of Yi (0) between compliers and
never-takers jointly to test whether assumption (A7) holds near the eligibility cutoff.
That is, we test jointly for the pair of restrictions:

lim
z↘τ

E [Yi | Zi = z &Di = 1] = lim
z↗τ

E [Yi | Zi = z &Di = 1] (A8)

lim
z↘τ

E [Yi | Zi = z &Di = 0] = lim
z↗τ

E [Yi | Zi = z &Di = 0] (A9)

Note that the term in large parentheses in equation (A8) and (A9) corresponds to
the RD estimate for the sample of all vaccinated or all unvaccinated sample, respec-
tively. Although the failure to reject equations (A8) and (A9) could lend support to
external validity, the caveat of this test is that it does not have power to test all the
sufficient conditions for assumption (A7) because the equality of means does not
necessarily imply the equality of distributions (Bertanha and Imbens 2020). Also,
the means of Yi (1) of never-takers and of Yi (0) of always-takers are still not identi-
fied, and therefore, the test result should be interpreted as weak evidence of external
validity.

38



B Difference-in-differences estimation
In this section, we employ an event-study difference-in-differences (DID) frame-
work as an alternative approach to our regression discontinuity method. The event-
study DID model estimates how the differences in outcomes between those born in
1961 and 1962 evolve over time before and after the start date of the first and second
dose vaccination. To do so, we use raw data from the credit card company where
individual expenditures are aggregated in about ten-day intervals.1 To be consis-
tent with the credit card data, we also aggregate vaccination rate and air travel data,
which are available at the daily level, into the same time intervals.

The estimation equation is as follows:

Yict = λt +αI [c = 1961] +
∑

k!−1
βkI [t = k] · I [c = 1961] + εict (A10)

where Yiat is the outcome of individual i in birth cohort c at time interval t. t =
0 is the time interval when those born in 1961 is eligible for their first dose. λt
are time dummies, and I [c = 1961] is an indicator for the treatment group. The
coefficients on the interaction terms, βk , trace the trends of the differences between
the treatment and control groups before and after the first dose eligibility date.

Figure A15 panel A shows the gap in vaccination rates for the first and second
dose across time intervals. The trends simply mirror the differences in trends in
Figure 1. Panels B and C present the estimates of βk from equation (A10) and corre-
sponding 95% confidence intervals (vertical line) for credit card and air travel data,
respectively. In both panels, we find that the estimates are statistically not differ-
ent from zero during the pre-treatment period (k < 0). The results are supportive
of the common trend assumption, which is the key validity condition for the DID
approach.

As shown in Figure A15, overall we find no evidence of risk compensation. We
find a slight drop in credit card usage right after the first dose vaccination, cor-
responding to the RD result. We find a statistically significant increase after the
second dose in the time interval beginning on September 5, but the effect is eco-
nomically small (less than 1%).2 Panel C presents the result for air trips. We find
no significant difference between the two groups throughout the sample period.

1Time intervals are given in the data as follows. The first date of each time interval is May 1, 14, 27,
June 7, 19, July 1, 13, 26, August 5, 16, September 5, 14, and 27. The first three intervals are before
the start date of first dose eligibility for those born in 1961.

2It is difficult to interpret the estimate because it is ambiguous whether it reflects the effect of the
second dose or the delayed effect of the first dose.
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C Additional Figures and Tables
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Figure A1: Covariate balance test (credit card data)

Residence: Seoul

Average daily transactions:

All offline sectors

Pretreatment period

Average daily transactions:

Food & beverage

Pretreatment period

Average daily transactions:

Sports & entertainment

Pretreatment period

Average daily transactions:

Misc. services

Pretreatment period

Average daily transactions:

Lodging

Pretreatment period

Average daily transactions:

Offline retail

Pretreatment period

Average daily transactions:

Clothing

Pretreatment period

Average daily transactions:

Home appliances

Pretreatment period

Average daily transactions:

Online retail

Pretreatment period

Average daily transactions:

Medical expenditure

Pretreatment period

Notes: These figures show the means of covariates around the vaccination eligibility cutoff (vertical line). The size of the dots corresponds to the
number of observations in each bin. Pre-treatment period is January 1, 2021–June 5, 2021. The spending categories are as follows: food and
beverage, sports and entertainment, miscellaneous services (beauty salons, education, fuel), lodging, offline retail (supermarkets, department stores,
cars), clothing (clothes, accessories, cosmetics), home appliances (furniture, electronics), medical expenditure (hospitals, pharmacies), and online
retail.
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Figure A2: Covariate balance test (airline data)

Male Days of membership

Average daily trips:

All domestic flights

Pretreatment period

Average daily trips:

Mainland→ Jeju

Pretreatment period

Average daily trips:

Jeju→Mainland

Pretreatment period

Average daily trips:

Mainland→Mainland

Pretreatment period

Notes: These figures show the means of covariates around the vaccination eligibility cutoff (vertical line). The size of the dots corresponds to the
number of observations in each bin. Pre-treatment period is January 1, 2021–June 5, 2021.
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Figure A3: Covariate balance test (survey data)

Male Married Seoul Middle school or less High school

College or more Self-employed Blue-collar White-collar Non-employed

Conservative Risk preference Belief about vacc. effectiveness Worry about vacc. side effects Worry about infection

Notes: These figures show the means of covariates around the vaccination eligibility cutoff (vertical line). The size of the dots corresponds to the
number of observations in each bin. “Conservative” is an indicator of “strongly conservative” or “weakly conservative”. “Risk preference”: 0 -
strongly risk-averse, 10 - strongly risk-taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10 - expect strong effects. “Worry about
vaccine side effects”: 0 - not worried at all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not worried at all, 10 - very worried.
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Figure A4: Sensitivity to bandwidth and polynomial degree: Covariate balance test (credit card data)

Residence: Seoul

Average daily transactions:

All offline sectors

Pretreatment period

Average daily transactions:

Food & beverage

Pretreatment period

Average daily transactions:

Sports & entertainment

Pretreatment period

Average daily transactions:

Misc. services

Pretreatment period

Average daily transactions:

Lodging

Pretreatment period

Average daily transactions:

Offline retail

Pretreatment period

Average daily transactions:

Clothing

Pretreatment period

Average daily transactions:

Home appliances

Pretreatment period

Average daily transactions:

Online retail

Pretreatment period

Average daily transactions:

Medical expenditure

Pretreatment period

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 100 to 900 days in incre-
ments of 100 days, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates
and 95% confidence bounds are on the y-axis. The running variable is birth date. Pre-treatment period is January 1, 2021–June 5, 2021. The
spending categories are as follows: food and beverage, sports and entertainment, miscellaneous services (beauty salons, education, fuel), lodging,
offline retail (supermarkets, department stores, cars), clothing (clothes, accessories, cosmetics), home appliances (furniture, electronics), medical
expenditure (hospitals, pharmacies), and online retail.
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Figure A5: Sensitivity to bandwidth and polynomial degree: Covariate balance test (airline data)

Male Days of membership

Average daily trips:

All domestic flights

Pretreatment period

Average daily trips:

Mainland→ Jeju

Pretreatment period

Average daily trips:

Jeju→Mainland

Pretreatment period

Average daily trips:

Mainland→Mainland

Pretreatment period

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 100 to 900 days in incre-
ments of 100 days, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates
and 95% confidence bounds are on the y-axis. The running variable is birth date. Pre-treatment period is January 1, 2021–June 5, 2021.
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Figure A6: Sensitivity to bandwidth and polynomial degree: Covariate balance test (survey data)

Male Married Residence: Seoul Middle school or less High school College or more

Farmer Self-employed Blue-collar White-collar Housewife Jobless/Retired

Conservative Risk preference Belief about

vaccine effectiveness
Worry about

vaccine side effects
Worry about

COVID-19 infection

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 4 to 12months in increments
of 1 month, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates and
95% confidence bounds are on the y-axis. The running variable is birth month. “Conservative” is an indicator of “strongly conservative” or “weakly
conservative”. “Risk preference”: 0 - strongly risk-averse, 10 - strongly risk-taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10
- expect strong effects. “Worry about vaccine side effects”: 0 - not worried at all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not
worried at all, 10 - very worried.
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Figure A7: Density of running variable

Panel A. Survey respondents Panel B. Credit card members Panel C. Airline members

Notes: These figures show density of population in each data around the vaccination eligibility cutoff (vertical line). The period used for calculating
the number of users in panels B and C is January 1, 2021–June 5, 2021. The green bars indicate the number of members who were born on January
and Febuary.
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Figure A8: Effects of vaccine eligibility on social distancing behaviors by category (credit card data)

Panel A. Average daily transactions: food & beverage

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel B. Average daily transactions: sports & entertainment

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel C. Average daily transactions: miscellaneous services

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: These figures show reduced-form effects of the outcome variables in credit card data around the vaccination eligibility cutoff (vertical line).
The size of the dots corresponds to the number of observations in each bin. The spending categories are as follows: food and beverage, sports
and entertainment, miscellaneous services (beauty salons, education, fuel), lodging, offline retail (supermarkets, department stores, cars), clothing
(clothes, accessories, cosmetics), home appliances (furniture, electronics), medical expenditure (hospitals, pharmacies), and online retail.
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Figure A8: Effects of vaccine eligibility on social distancing behaviors by category (credit card data, continued)

Panel D. Average daily transactions: lodging

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel E. Average daily transactions: offline retail

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel F. Average daily transactions: clothing

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: These figures show reduced-form effects of the outcome variables in credit card data around the vaccination eligibility cutoff (vertical line).
The size of the dots corresponds to the number of observations in each bin. The spending categories are as follows: food and beverage, sports
and entertainment, miscellaneous services (beauty salons, education, fuel), lodging, offline retail (supermarkets, department stores, cars), clothing
(clothes, accessories, cosmetics), home appliances (furniture, electronics), medical expenditure (hospitals, pharmacies), and online retail.
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Figure A8: Effects of vaccine eligibility on social distancing behaviors by category (credit card data, continued)

Panel G. Average daily transactions: home appliances

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel H. Average daily transactions: online retail

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel I. Average daily transactions: medical expenditure

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: These figures show reduced-form effects of the outcome variables in credit card data around the vaccination eligibility cutoff (vertical line).
The size of the dots corresponds to the number of observations in each bin. The spending categories are as follows: food and beverage, sports
and entertainment, miscellaneous services (beauty salons, education, fuel), lodging, offline retail (supermarkets, department stores, cars), clothing
(clothes, accessories, cosmetics), home appliances (furniture, electronics), medical expenditure (hospitals, pharmacies), and online retail.
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Figure A9: Effects of vaccine eligibility on social distancing behaviors by category (airline data)

Panel A. Average daily trips: Mainland→ Jeju

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel B. Average daily trips: Jeju→Mainnland

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel C. Average daily trips: Mainland→Mainland

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: These figures show reduced-form effects of the outcome variables in airline data around the vaccination eligibility cutoff (vertical line). The
size of the dots corresponds to the number of observations in each bin.

51



Figure A10: Effects of vaccine eligibility on social distancing behaviors by category (survey data)

Panel A. Engaged in social activities

Travel Family gathering Religious facilities Medical facilities Restaurants Bars

Sports facilities Beauty salons Cultural facilities Shopping malls Public transportation

Panel B. Ever engaged in social activities without mask

Travel Family gathering Religious facilities Medical facilities Restaurant Bars

Sports facilities Beauty salons Cultural facilities Shopping malls Public transportation

Notes: These figures show reduced-form effects of outcome variables in survey data around the vaccination eligibility cutoff (vertical line). The size
of the dots corresponds to the number of observations in each bin.
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Figure A11: Sensitivity to bandwidth and polynomial degree: Effects of vaccine eligibility on social distancing behaviors
(credit card data and airline data)

Panel A. Average daily offline transactions (without covariates)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel B. Average daily offline transactions (with covariates)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel C. Average daily transactions: medical expenditure (without covariates)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel D. Average daily transactions: medical expenditure (with covariates)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 100 to 900 days in incre-
ments of 100 days, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates
and 95% confidence bounds are on the y-axis. The running variable is birth date. Covariates in credit card data include “residence: Seoul” and
“average daily transactions” of each category in pre-treatment period. Covariates in airline data include “male”, “days of membership”, and “average
daily domestic trips in pre-treatment period."
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Figure A11: Sensitivity to bandwidth and polynomial degree: Effects of vaccine eligibility on social distancing behaviors
(credit card data and airline data, continued)

Panel E. Average daily domestic trips
T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel F. Average daily domestic trips (with covariates)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 100 to 900 days in incre-
ments of 100 days, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates
and 95% confidence bounds are on the y-axis. The running variable is birth date. Covariates in credit card data include “residence: Seoul” and
“average daily transactions” of each category in pre-treatment period. Covariates in airline data include “male”, “days of membership”, and “average
daily domestic trips in pre-treatment period."

54



Figure A12: Sensitivity to bandwidth and polynomial degree: Effects of vaccine eligibility (survey data)

Panel A. Without covariates

First dose vaccine take-up rate Engaged in social activities
Ever engaged in social activities

without mask

Avoided contact with others

Panel B. With covariates

First dose vaccine take-up rate Engaged in social activities
Ever engaged in social activities

without mask

Avoided contact with others

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 4 to 12months in increments
of 1 month, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates and
95% confidence bounds are on the y-axis. The running variable is birth month.
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Figure A13: Sensitivity to bandwidth and polynomial degree: Effects of vaccine eligibility on social distancing behaviors
(survey data)

Panel A. Engaged in social activities

Travel Family gathering Religious facilities Medical facilities Restaurants Bars

Sports facilities Beauty salons Cultural facilities Shopping malls Public transportation

Panel B. Ever engaged in social activities without mask

Travel Family gathering Religious facilities Medical facilities Restaurant Bars

Sports facilities Beauty salons Cultural facilities Shopping malls Public transportation

Notes: Each figure displays estimates of β from local polynomial regression of equation (1) at different bandwidths from 4 to 12months in increments
of 1 month, for linear and quadratic polynomial specifications. Degree of f (·) and the bandwidth size are on the x-axis. Coefficient estimates and
95% confidence bounds are on the y-axis. The running variable is birth month.
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Figure A14: Effects of vaccine eligibility on social distancing behaviors at different age cutoffs (credit card data and airline
data)

Panel A. Average daily offline transactions

1971–1972 cohort 1966–1967 cohort 1961–1962 cohort 1956–1957 cohort 1946–1947 cohort Stacked-up

Panel B. Average daily domestic trips

1971–1972 cohort 1966–1967 cohort 1961–1962 cohort 1956–1957 cohort 1946–1947 cohort Stacked-up

Notes: These figures show reduced-form effects of outcome variables in credit card data (panel A) and airline data (panel B) around different
vaccination eligibility cutoffs (vertical line). The size of the dots corresponds to the number of observations in each bin. The period used for
estimating the effects is the first 10–12 days after vaccination became eligible for each cohort.
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Figure A15: Event-study DID results

Panel A. Vaccination take-up rate
Panel B. Average daily offline transactions Panel C. Average daily domestic trips

Notes: Panel A represents the difference in vaccine take-up rate between those born in 1961 and 1962. Panels B and C represent event-study DID
estimates of equation (A10). Coefficients and 95% confidence bounds are on the y-axis. See Appendix B for details.
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Figure A16: Selection heterogeneity test: always-takers vs compliers

Male Married Seoul Middle school or less High school

College or more Self-employed Blue-collar White-collar Non-employed

Conservative Risk preference Belief about vacc. effectiveness Worry about vacc. side effects Worry about infection

Notes: These figures show the mean characteristics around the vaccination eligibility cutoff (vertical line) for always-takers and compliers. The size
of the dots corresponds to the number of observations in each bin. “Conservative” is an indicator of “strongly conservative” or “weakly conservative”.
“Risk preference”: 0 - strongly risk-averse, 10 - strongly risk-taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10 - expect strong
effects. “Worry about vaccine side effects”: 0 - not worried at all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not worried at all, 10 -
very worried.
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Figure A17: Selection heterogeneity test: never-takers vs compliers

Male Married Seoul Middle school or less High school

College or more Self-employed Blue-collar White-collar Non-employed

Conservative Risk preference Belief about vacc. effectiveness Worry about vacc. side effects Worry about infection

Notes: These figures show the mean characteristics around the vaccination eligibility cutoff (vertical line) for never-takers and compliers. The size of
the dots corresponds to the number of observations in each bin. “Conservative” is an indicator of “strongly conservative” or “weakly conservative”.
“Risk preference”: 0 - strongly risk-averse, 10 - strongly risk-taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10 - expect strong
effects. “Worry about vaccine side effects”: 0 - not worried at all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not worried at all, 10 -
very worried.
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Figure A18: Heterogeneous effects (survey data)

Spouse: vaccine eligible

Spouse: vaccine ineligible

Belief about vaccine effectiveness: high (index ≥ 8)

Belief about vaccine effectiveness: low (index < 8)

Notes: These figures show reduced-form effects of the outcome variables in the survey data around
the vaccination eligibility cutoff (vertical line) separately for each subgroup. As in Figure 3, the
dependent variable is first dose vaccine take-up rate, “engaged in social activities,” “ever engaged
in social activities without mask,” and “avoided contact with others,” respectively. The size of the
dots corresponds to the number of observations in each bin. “Belief about vaccine effectiveness”: 0 -
expect no effects, 10 - expect strong effects.
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Figure A18: Heterogeneous effects (survey data, continued)

Education: middle school or less

Education: high school

Education: college or more

Notes: These figures show reduced-form effects of the outcome variables in the survey data around
the vaccination eligibility cutoff (vertical line) separately for each subgroup. As in Figure 3, the
dependent variable is first dose vaccine take-up rate, “engaged in social activities,” “ever engaged in
social activities without mask,” and “avoided contact with others,” respectively. The size of the dots
corresponds to the number of observations in each bin.
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Figure A18: Heterogeneous effects (survey data, continued)

Occupation: self-employed

Occupation: blue-collar

Occupation: white-collar

Occupation: non-employed

Notes: These figures show reduced-form effects of the outcome variables in the survey data around
the vaccination eligibility cutoff (vertical line) separately for each subgroup. As in Figure 3, the
dependent variable is first dose vaccine take-up rate, “engaged in social activities,” “ever engaged in
social activities without mask,” and “avoided contact with others,” respectively. The size of the dots
corresponds to the number of observations in each bin.
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Table A1: Covariate balance test (credit card data and airline data)

(1) (2) (3) (4) (5) (6)

Panel A. Credit card data Residence: Seoul Average daily transactions in pre-treatment period

All offline sectors Food & beverage Sports & entertainment Misc. services Lodging

RD estimates (β) 0.0003 −0.0027 −0.0014 −0.0001 −0.0008 −0.0002
(0.0027) (0.0032) (0.0012) (0.0002) (0.0008) (0.0003)

Mean of dep var. in [-365 days,0) 0.2044 0.4795 0.1145 0.0076 0.1073 0.0097
Observations 730 730 730 730 730

(7) (8) (9) (10) (11)

Average daily transactions in pre-treatment period

Offline retail Clothing Home appliances Online retail Medical expenditure

RD estimates (β) −0.0004 0.0000 0.0003 −0.0017∗ 0.0017∗∗∗

(0.0018) (0.0001) (0.0002) (0.0009) (0.0005)
Mean of dep var. in [-365 days,0) 0.2238 0.0085 0.0082 0.0478 0.0478
Observations 730 730 730 730 730

(1) (2) (3) (4) (5) (6)

Panel B. Airline data Male Days of membership Average daily trips in pre-treatment period

All flights Mainland→ Jeju Jeju→Mainland Mainland→Mainland

RD estimates (β) −0.01323 −0.37668 −0.00021 0.00001 0.00001 −0.00023∗∗
(0.01089) (24.76827) (0.00017) (0.00007) (0.00007) (0.00010)

Mean of dep var. in [-365 days,0) 0.56311 1314.01 0.00171 0.00067 0.00065 0.00038
Observations 33,613 33,613 33,613 33,613 33,613 33,613

Notes: This table represent the RD estimates of equation (1). We use a local linear regression with a uniform kernel and a 365-days bandwidth. The
pre-treatment period is January 1, 2021–June 5, 2021. ***: Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table A2: Covariate balance test (survey data)

(1) (2) (3) (4) (5) (6)

Male Married
Residence:

Seoul
Middle school

or less
High school

College
or more

RD estimates (β) −0.064 −0.008 −0.036 0.023 0.028 −0.035
(0.037) (0.027) (0.028) (0.024) (0.037) (0.037)

Mean of dep var. in [−12 months,0) 0.512 0.841 0.169 0.108 0.400 0.469
Observations 2,916 2,916 2,916 2,916 2,916 2,916

(7) (8) (9) (10)

Self-employed Blue-collar White-collar Non-employed

RD estimates (β) 0.017 0.011 −0.054 0.023
(0.034) (0.029) (0.033) (0.034)

Mean of dep var. in [−12 months,0) 0.286 0.170 0.259 0.281
Observations 2,916 2,916 2,916 2,916

(11) (12) (13) (14) (15)

Conservative
Risk

preference
Belief about

vaccine effectiveness
Worry about

vaccine side effects
Worry about

COVID-19 infection

RD estimates (β) −0.020 −0.095 −0.355 −0.012 0.125
(0.035) (0.223) (0.228) (0.246) (0.247)

Mean of dep var. in [−12 months,0) 0.334 4.185 7.209 4.403 5.976
Observations 2,916 2,916 2,916 2,916 2,916

Notes: This table represents the RD estimates of equation (1). We use a local linear regression with a uniform kernel and a 12-months bandwidth.
“Political preference”: 1 - strongly conservative, 5 - strongly progressive. “Conservative” = strongly conservative + weakly conservative. “Risk
preference”: 0 - strongly risk-averse, 10 - strongly risk-taking. “Belief about vaccine effectiveness”: 0 - expect no effects, 10 - expect strong effects.
“Worry about vaccine side effects”: 0 - not worried at all, 10 - very worried. “Worry about COVID-19 infection”: 0 - not worried at all, 10 - very
worried. ***: Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table A3: McCrary test

Panel A. Survey data
bandwidth (months)

cutoff 4 5 6 7 8 9 10 11 12

-4 −2.51 −2.74 −2.19 −1.30 −0.54 0.60 0.91 1.05 1.13
-3 5.05 3.62 3.45 3.56 3.28 2.89 3.02 2.88 2.69
-2 2.22 −0.95 1.57 1.92 1.92 1.69 1.39 1.43 1.38
-1 −2.01 −2.02 −4.27 −3.86 −3.55 −3.17 −3.02 −2.90 −2.55
0 51.17 0.16 −0.82 −2.93 −3.50 −3.83 −3.84 −3.85 −3.81
1 5.08 2.24 3.73 3.75 1.87 0.65 −0.25 −0.86 −1.35
2 5.33 −0.54 1.42 3.37 4.48 3.72 2.94 2.13 1.38
3 −0.92 −1.51 −2.66 −1.61 0.29 2.08 2.26 2.20 1.90
4 69.38 0.66 −0.19 −1.81 −1.83 −0.68 0.82 1.27 1.57

Panel B. Credit card data
cutoff 4 5 6 7 8 9 10 11 12

-4 −52.51 −62.85 −60.47 −41.59 −12.21 14.30 33.79 48.57 58.71
-3 9.16 13.87 30.77 50.67 66.74 81.50 90.77 93.81 93.38
-2 22.96 51.19 66.67 71.26 73.31 74.09 76.40 75.37 70.07
-1 −13.65 −22.22 −24.81 −24.87 −25.93 −26.18 −27.19 −26.23 −23.94
0 −20.71 −45.16 −66.53 −77.55 −84.40 −90.43 −95.04 −93.82 −89.23
1 20.63 29.14 15.54 −10.62 −35.62 −55.49 −66.23 −74.51 −79.82
2 13.08 29.74 47.74 47.64 32.70 18.06 1.22 −15.18 −29.18
3 −22.33 −18.61 −4.39 22.01 46.08 50.58 43.50 31.05 17.43
4 0.70 −10.45 −13.91 0.90 22.85 42.37 49.83 50.37 45.53

Panel C. Airline data
cutoff 4 5 6 7 8 9 10 11 12

-4 −4.99 −5.77 −6.92 −5.69 −2.25 1.42 4.25 6.52 8.12
-3 −0.14 −0.11 2.74 6.11 8.88 11.45 13.25 14.02 14.24
-2 2.08 5.86 8.52 10.30 11.35 11.84 12.53 12.74 12.32
-1 0.81 0.04 −0.38 −0.71 −0.84 −0.71 −0.83 −0.44 0.20
0 −4.84 −7.47 −10.10 −11.68 −12.75 −13.40 −13.50 −12.84 −11.59
1 2.66 1.97 −0.53 −4.13 −7.54 −10.12 −11.25 −11.84 −12.09
2 1.92 4.60 6.59 5.92 3.68 1.40 −1.14 −3.45 −5.39
3 −1.87 −0.49 1.83 5.48 8.25 8.43 6.79 4.38 2.05
4 −0.57 −2.32 −1.71 1.22 4.69 7.23 8.07 7.68 6.38

Notes: This table presents t-statistics of the RD manipulation test (McCrary test) for the smoothness
of frequency density of survey data using the rddensity package in Stata. Bin size 1 month is used.
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Table A4: Effects of vaccine eligibility on social distancing behaviors by category
(credit card data)

(1) (2) (3) (4) (5) (6)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel A. Food & beverage

RD estimates (β) −0.00222 −0.00096 0.00011 −0.00060 0.00084 0.00068
(0.00148) (0.00143) (0.00142) (0.00174) (0.00143) (0.00165)

Mean of dep var. in [-365 days,0) 0.13606 0.13086 0.13071 0.13205 0.12817 0.13178
Observations 730 730 730 730 730 730

Panel B. Sports & entertainment

RD estimates (β) −0.00047 −0.00002 0.00042∗ 0.00031 0.00044∗ 0.00048
(0.00029) (0.00027) (0.00026) (0.00032) (0.00026) (0.00032)

Mean of dep var. in [-365 days,0) 0.00951 0.00885 0.00834 0.00857 0.00866 0.00882
Observations 730 730 730 730 730 730

Panel C. Miscellaneous service

RD estimates (β) −0.00203∗∗ −0.00094 0.00013 −0.00119 −0.00056 0.00010
(0.00097) (0.00097) (0.00090) (0.00100) (0.00094) (0.00101)

Mean of dep var. in [-365 days, 0) 0.12436 0.11409 0.11167 0.08093 0.11764 0.08825
Observations 730 730 730 730 730 730

Panel D. Lodging

RD estimates (β) −0.00010 0.00026 0.00001 −0.00024 0.00004 0.00043
(0.00034) (0.00034) (0.00034) (0.00042) (0.00033) (0.00044)

Mean of dep var. in [-365 days,0) 0.01164 0.01045 0.00998 0.01076 0.01049 0.01159
Observations 730 730 730 730 730 730

Panel E. Offline retail

RD estimates (β) −0.00296 −0.00111 0.00056 −0.00301 0.00157 0.00128
(0.00239) (0.00233) (0.00232) (0.00257) (0.00228) (0.00237)

Mean of dep var. in [-365 days,0) 0.24992 0.24947 0.24518 0.25056 0.25536 0.22963
Observations 730 730 730 730 730 730

Panel F. Clothing

RD estimates (β) 0.00004 0.00012 −0.00007 0.00002 0.00032 0.00005
(0.00022) (0.00020) (0.00023) (0.00024) (0.00020) (0.00023)

Mean of dep var. in [-365 days,0) 0.01067 0.00958 0.00782 0.00816 0.00913 0.00902
Observations 730 730 730 730 730 730

Panel G. Home appliances

RD estimates (β) −0.00016 0.00006 0.00035 −0.00001 0.00036 0.00007
(0.00027) (0.00027) (0.00024) (0.00029) (0.00023) (0.00033)

Mean of dep var. in [-365 days,0) 0.00934 0.00899 0.00822 0.00750 0.00829 0.00804
Observations 730 730 730 730 730 730

Panel H. Online retail

RD estimates (β) −0.00225∗ −0.00173 −0.00206 −0.00199 −0.00095 −0.00170
(0.00134) (0.00139) (0.00136) (0.00151) (0.00112) (0.00123)

Mean of dep var. in [-365 days,0) 0.05493 0.05688 0.05554 0.05695 0.05117 0.05506
Observations 730 730 730 730 730 730

Panel I. Medical expenditure

RD estimates (β) 0.00242∗∗∗ 0.00183∗∗∗ 0.00235∗∗∗ 0.00357∗∗∗ 0.00196∗∗∗ 0.00310∗∗∗

(0.00072) (0.00067) (0.00066) (0.00092) (0.00075) (0.00100)
Mean of dep var. in [-365 days,0) 0.05287 0.04868 0.05134 0.05204 0.04600 0.05583
Observations 730 730 730 730 730 730

Notes: This table represents the RD estimates of (1). We used a local linear regression with a uni-
form kernel and a 365-days bandwidth. The spending categories are as follows: food and beverage,
sports and entertainment, miscellaneous services (beauty salons, education, fuel), lodging, offline
retail (supermarkets, department stores, cars), clothing (clothes, accessories, cosmetics), home ap-
pliances (furniture, electronics), medical expenditure (hospitals, pharmacies), and online retail. ***:
Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table A5: Effects of vaccine eligibility on social distancing behaviors by category (airline data)

(1) (2) (3) (4) (5) (6)

T1 (June 7–June 30) T2 (July 1–July 25) T3 (July 26–Aug 25) T4 (Aug 26–Sept 4) T5 (Sept 5–Sept 26) T6 (Sept 27–Oct 7)

Panel A. Mainland→ Jeju

RD estimates (β) −0.000072 0.000059 0.000098 −0.000060 −0.000023 0.000182
(0.000125) (0.000109) (0.000103) (0.000171) (0.000134) (0.000181)

Mean of dep var. in [-365 days,0) 0.000765 0.000537 0.000505 0.000618 0.000724 0.000732
Observations 33,613 33,613 33,613 33,613 33,613 33,613

Panel B. Jeju→Mainland

RD estimates (β) 0.000066 0.000110 0.000042 −0.000248 0.000045 0.000343∗

(0.000130) (0.000121) (0.000101) (0.000173) (0.000127) (0.000180)
Mean of dep var. in [-365 days,0) 0.000753 0.000546 0.000528 0.000697 0.000665 0.000711
Observations 33,613 33,613 33,613 33,613 33,613 33,613

Panel C. Mainland→Mainland

RD estimates (β) −0.000226 0.000035 −0.000013 0.000036 −0.000098 0.000127
(0.000159) (0.000139) (0.000103) (0.000140) (0.000106) (0.000147)

Mean of dep var. in [-365 days,0) 0.000461 0.000397 0.000250 0.000283 0.000286 0.000294
Observations 33,613 33,613 33,613 33,613 33,613 33,613

Notes: This table represent the RD estimates of equation (1). We use a local linear regression with a uniform kernel and a 365-days bandwidth. ***:
Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table A6: Effects of vaccine eligibility on social distancing behaviors by category (survey data)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Social activities

Panel A. Engaged in social activities
All social activities

Travel
Family

gathering
Religious
facilities Restaurants Bars

Sports
facilities

Beauty
salons

Cultural
facilities

Shopping
malls

Public
transportation

Medical
facilities

RD estimates (β) 0.012 −0.031 0.020 −0.045 0.056 0.003 −0.002 0.030 −0.001 0.052 0.037 0.098∗∗∗

(0.010) (0.024) (0.030) (0.029) (0.037) (0.013) (0.023) (0.032) (0.008) (0.037) (0.035) (0.037)
Mean of dep var. in [−12 months,0) 0.229 0.114 0.190 0.170 0.572 0.027 0.091 0.236 0.021 0.538 0.281 0.561
Observations 2,910 2,916 2,915 2,916 2,913 2,916 2,916 2,916 2,916 2,916 2,914 2,914

Social activities

Panel B. Ever engaged in social activities without mask
All social activities

Travel
Family

gathering
Religious
facilities Restaurants Bars

Sports
facilities

Beauty
salons

Cultural
facilities

Shopping
malls

Public
transportation

Medical
facilities

RD estimates (β) 0.039 0.001 0.016 −0.006 0.010 0.001 −0.030∗∗ 0.014 0.001 0.000 0.000 0.010
(0.031) (0.010) (0.019) (0.006) (0.019) (0.009) (0.012) (0.021) (0.001) (0.005) (0.001) (0.009)

Mean of dep var. in [−12 months,0) 1.182 0.020 0.054 0.007 0.059 0.012 0.024 0.076 0.002 0.004 0.001 0.014
Observations 2,910 2,916 2,915 2,916 2,913 2,916 2,916 2,916 2,916 2,916 2,914 2,914

Notes: This table represents the RD estimates of equation (1). We use a local linear regression with a uniform kernel and a 12-months bandwidth.
***: Significant at 1%, **: Significant at 5%, *: Significant at 10%
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Table A7: Heterogeneous effects of vaccine eligibility on social distancing behaviors
(survey data)

(1) (2) (3) (4)

First vaccine
take-up rate

Engaged in
social activities

Ever engaged in
social activities
without mask

Avoided contact
with others

Spouse: vaccine eligible

RD estimates (β) 0.593∗∗∗ 0.018 0.025 0.061
(0.040) (0.014) (0.038) (0.048)
0.199 0.217 0.145 0.672
1,728 1,724 1,724 1,713

Spouse: vaccine ineligible

RD estimates (β) 0.682∗∗∗ 0.010 0.096∗ −0.081
(0.044) (0.016) (0.052) (0.059)
0.158 0.243 0.225 0.641
1,188 1,186 1,186 1,175

Belief about vaccine effectiveness: high (index ≥ 8)

RD estimates (β) 0.670∗∗∗ 0.013 0.038 0.017
(0.039) (0.015) (0.043) (0.049)
0.189 0.236 0.186 0.693
1,545 1,542 1,542 1,531

Belief about vaccine effectiveness: low (index < 8)

RD estimates (β) 0.598∗∗∗ 0.014 0.047 0.004
(0.044) (0.015) (0.044) (0.055)
0.168 0.220 0.176 0.611
1,371 1,368 1,368 1,357

Notes: This table represents the RD estimates of equation (1) separately for each subgroup. We use
a local linear regression with a uniform kernel and a 12-months bandwidth. “Belief about vaccine
effectiveness”: 0 - expect no effects, 10 - expect strong effects. ***: Significant at 1%, **: Significant
at 5%, *: Significant at 10%
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Table A7: Heterogeneous effects of vaccine eligibility on social distancing behaviors
(survey data, continued)

(1) (2) (3) (4)

First vaccine
take-up rate

Engaged in
social activities

Ever engaged in
social activities
without mask

Avoided contact
with others

Education: middle school or less

RD estimates (β) 0.506∗∗∗ −0.038 −0.072 0.126
(0.090) (0.025) (0.086) (0.108)
0.184 0.193 0.156 0.633
363 361 361 361

Education: high school

RD estimates (β) 0.646∗∗∗ 0.012 0.018 0.064
(0.046) (0.017) (0.047) (0.059)
0.165 0.213 0.179 0.625
1,182 1,179 1,179 1,168

Education: college or more

RD estimates (β) 0.676∗∗∗ 0.032∗∗ 0.091∗ −0.084
(0.042) (0.015) (0.047) (0.054)
0.187 0.255 0.193 0.688
1,309 1,308 1,308 1,299

Notes: This table represents the RD estimates of equation (1) separately for each subgroup. We use a
local linear regression with a uniform kernel and a 12-months bandwidth. ***: Significant at 1%, **:
Significant at 5%, *: Significant at 10%
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Table A7: Heterogeneous effects of vaccine eligibility on social distancing behaviors
(survey data, continued)

(1) (2) (3) (4)

First vaccine
take-up rate

Engaged in
social activities

Ever engaged in
social activities
without mask

Avoided contact
with others

Occupation: self-employed

RD estimates (β) 0.650∗∗∗ 0.008 0.110∗ 0.010
(0.053) (0.020) (0.060) (0.071)
0.144 0.223 0.209 0.570
836 835 835 827

Occupation: blue-collar

RD estimates (β) 0.532∗∗∗ 0.008 −0.020 −0.024
(0.075) (0.022) (0.073) (0.087)
0.251 0.214 0.182 0.643
517 516 516 514

Occupation: white-collar

RD estimates (β) 0.702∗∗∗ 0.008 0.046 −0.001
(0.054) (0.020) (0.063) (0.072)
0.239 0.261 0.199 0.675
684 683 683 676

Occupation: non-employed

RD estimates (β) 0.643∗∗∗ 0.036∗ 0.007 0.022
(0.055) (0.020) (0.052) (0.066)
0.120 0.216 0.142 0.739
865 862 862 857

Notes: This table represents the RD estimates of equation (1) separately for each subgroup. We used
a local linear regression with a uniform kernel and a 12-months bandwidth. ***: Significant at 1%,
**: Significant at 5%, *: Significant at 10%

72



D Survey Questionnaires

Hello, this is (surveyor’s name) a researcher at the Gallup Research Institute in Ko-
rea. Seoul National University is conducting a “COVID-19 Vaccine Effect Survey”,
and I would appreciate if you could take a moment. The responses and personal in-
formation will be used only for statistical purposes and kept confidential according
to Article 33 of the Statistics Act.

©What city (state) do you live in? Please tell us based on your current
address. *We do not know the region because we draw random phone
numbers.

1. Seoul 2. Busan 3. Daegu 4. Incheon 5. Gwangju 6. Daejeon 7. Ulsan
8. Sejong 9. Gyeonggi 10. Gangwon 11. Chungbuk 12. Chungnam 13.
Jeonbuk 14. Jeonnam 15. Gyeongbuk 16. Gyeongnam 17. Jeju

SQ1) Could you please tell us your birth year and month according to
your resident registration?

( ) year ( ) month

SQ2) Gender:

1. Male 2. Female

Q1) In the past week, how often have you intentionally avoided contact
with others? (Please read the items)

1. Not at all. 2. Not much. 3. Sometimes. 4. Often. 5. Always.

9. Do not know / Prefer not to answer

From now on, we will ask you about wearing masks in daily life’.

Q2) In the past month, have you traveled for more than one night? (If
you have,) Did you keep your mask on at all times, or did you occasion-
ally take it off?
1. I have not traveled.
2. I have traveled, and I kept my mask on at all times.
3. I have traveled, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q3) In the past month, have you had social gatherings with family or
friends? (If you have,) Did you keep your mask on at all times, or did
you occasionally take it off?
1. I have not had social gatherings.
2. I have had social gatherings, and I kept my mask on at all times.
3. I have had social gatherings, and I occasionally took my mask off.
9. Do not know / Prefer not to answer
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Q4) In the past month, have you visited places of worship, such as
churches, cathedrals, and temples? (If you have,) Did you keep your
mask on at all times, or did you occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q5) In the past month, have you visited health facilities such as hospitals
and public health centers? (If you have,) Did you keep your mask on at
all times, or did you occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

From now on, we will ask you about your experiences during the past week.

Q6) In the past week, have you visited restaurants or cafes? (If you have,)
Did you keep your mask on at all times except while eating, or did you
occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q7) In the past week, have you visited nightlife venues (amusement
restaurants) such as bars and karaokes? (If you have,) Did you keep
your mask on at all times except while eating, or did you occasionally
take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q8) In the past week, have you visited gyms or fitness centers? (If you
have,) Did you keep your mask on at all times, or did you occasionally
take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer
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Q9) In the past week, have you visited hair and beauty salons, barber
shops, spas or public baths? (If you have,) Did you keep your mask on
at all times, or did you occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q10) In the past week, have you visited cultural facilities such as muse-
ums, concert halls, and movie theaters? (If you have,) Did you keep your
mask on at all times, or did you occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q11) In the past week, have you visited shopping facilities such as su-
permarkets, local markets, and department stores? (If you have,) Did
you keep your mask on at all times, or did you occasionally take it off?
1. I have not visited such places.
2. I have visited such places, and I kept my mask on at all times.
3. I have visited such places, and I occasionally took my mask off.
9. Do not know / Prefer not to answer

Q12) In the past week, have you used public transportation such as bus,
train, and metro? (If you have,) Did you keep your mask on at all times,
or did you occasionally take it off?
1. I have not used public transportation.
2. I have used public transportation, and I kept my mask on at all times.
3. I have used public transportation, and I occasionally took my mask
off.
9. Do not know / Prefer not to answer

From now on, we will ask you about Covid-19 vaccination’.

Q13) Are you vaccinated against Covid-19? (Please read the items)

1. I received my first dose.
2. I received my second dose
3. Unvaccinated
9. Do not know / Prefer not to answer

Q13-1) Which Covid-19 vaccine did you receive? In the case of cross-
vaccination, please state the two vaccines in the order you received them.

(1) ( ) (2) ( )
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1. AstraZeneca
2. Pfizer
3. Janssen
4. Moderna
5. Novavax
6. Do not know / Cannot remember
9. Prefer not to answer

Q13-2) Will you receive a Covid-19 vaccine in the future? (Please read
the items)

1. Definitely will receive
2. Probably will receive
3. Probably will not receive
4. Definitely will not receive
9. Do not know / Prefer not to answer

Q14) How effective do you believe Covid-19 vaccines are in preventing
infection? Please respond on a scale from 0 to 10, with 0 being ‘not effec-
tive at all’, 5 being ‘moderately effective’, and 10 being ‘very effective’.
99. Do not know / Prefer not to answer

Q15)How concerned are you about adverse events and side effects caused
by Covid-19 vaccines? Please respond on a scale from 0 to 10, with 0 be-
ing ‘not at all concerned’, 5 being ‘somewhat concerned’, and 10 being
‘very seriously concerned’.

99. Do not know / Prefer not to answer

Q16 Are you currently married?

1. Yes
2. No
9. Do not know / Prefer not to answer

Q16-1)What is your spouse’s birth year and month according to his/her
resident registration?

( ) year ( ) month

9. Do not know / Prefer not to answer

Q16-2) Has your spouse received Covid-19 vaccine? (Please read the
items)

1. Received first dose
2. Received second dose
3. Unvaccinated
9. Do not know / Prefer not to answer
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Q16-3) Which Covid-19 vaccine did your spouse receive? In the case
of cross-vaccination, please state the two vaccines in the order he/she
received them

(1) ( ) (2) ( )

1. AstraZeneca
2. Pfizer
3. Janssen
4. Moderna
5. Novavax
6. Do not know / Cannot remember
9. Prefer not to answer

From now on, we will ask you about personal preferences’.

Q17) How afraid are you of Covid-19 infection? Please respond on a
scale from 0 to 10, with 0 being ‘not afraid at all’, 5 being ‘somewhat
afraid, and 10 being ‘very afraid’.

99. Do not know / Prefer not to answer

Q18)How risk-averse are you in general? Please respond on a scale from
0 to 10, with 0 being ‘completely avoid any risk’, 5 being ‘moderate’, and
10 being ‘ready to take any risk’.

99. Do not know / Prefer not to answer

Thank you very much for answering the questions so far. Finally, we would like
to ask you a few more questions for data classification. We promise that these items
will never be used for purposes others than statistical data classification.

DQ1) What is the highest level of education you have completed (re-
ceived)?

1. Graduated from middle school or less
2. Graduated from high school
3. Attended / graduated from college
4. Attended / graduated from graduate school
9. Prefer not to answer

DQ2) What is your occupation?

1. Agriculture/Forestry/Fishery
2. Self-employment
3. Skilled Labor/Service Jobs
4. Office/Administrative Jobs (Office/Technical Jobs, Business/Administrative
Jobs, Professional Jobs/Freelancer)
5. Keeping house
6. Student
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7. Unemployed
8. Retired
9. others (Please specify: )
99. Do not know / Prefer not to answer

DQ3) What best describes your political orientation? (Please read the
items)

1. Very conservative
2. Slightly Conservative
3. Moderate
4. Slightly progressive
5. Very progressive
9. Do not know / Prefer not to answer

Thank you very much for responding to the survey.
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