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Abstract

We study the effect of pre-booked COVID-19 vaccination appointments using a na-
tionwide campaign in Austria. Leveraging administrative microdata on more than
450,000 initially unvaccinated adults, we exploit cross-state variation in program
participation and staggered appointment timing in a difference-in-differences de-
sign. Pre-booked appointments increase vaccination on the appointment day by
0.8 percentage points (8 per 1,000), with no evidence of intertemporal substitution.
Effects are larger for socio-economically disadvantaged individuals and substan-
tially weaker in areas with stronger vaccine skepticism. The findings suggest that
behavioral interventions are effective when low uptake reflects frictions, but have
limited impact when driven by entrenched skepticism.
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1 Introduction

Despite the availability of safe and effective vaccines, uptake often remains incomplete,
posing a major public health challenge. Low vaccination coverage can trigger outbreaks,
weaken herd immunity, and undermine efforts to control infectious diseases. From a public
finance perspective, insufficient vaccination generates substantial negative externalities,
making it a central concern for public policy.! A central question is whether low uptake
is driven by binding behavioral frictions or by deeply held preferences.

We study the effect of pre-booked COVID-19 vaccination appointments using a nation-
wide campaign in Austria. Leveraging administrative microdata on more than 450,000
initially unvaccinated adults, we exploit cross-state differences in program participation
and staggered appointment timing within treated states in a difference-in-differences de-
sign. We find that pre-booked appointments increase vaccination uptake by 0.8 percent-
age points on the appointment day, corresponding to 8 additional vaccinations per 1,000
appointments. The effects are concentrated among socio-economically disadvantaged
groups and are substantially weaker in areas with stronger vaccine skepticism, suggest-
ing that the intervention primarily reduces behavioral and administrative frictions rather
than changing underlying beliefs. This pattern indicates that behavioral interventions
are effective when low uptake reflects frictions, but have limited impact when it is driven
by deeply held preferences.

Behavioral interventions— often referred to as nudges— have been widely proposed
as less intrusive alternatives to mandates or sanctions for increasing vaccination uptake.
Existing evidence, however, remains mixed, particularly regarding their effectiveness in
populations characterized by vaccine skepticism. While some studies document positive
effects, others find limited or no impact once vaccines are widely available, raising the
question of whether such interventions primarily reduce practical and informational fric-
tions or can also shift behavior when resistance reflects deeply held preferences. Our
findings speak directly to this distinction. Importantly, our intervention differs from
standard reminder- or information-based nudges. While such interventions primarily
increase salience or provide additional information, pre-booked appointments actively
modify the choice architecture by assigning a concrete time and location for vaccination.
In this sense, the intervention shifts the default from inaction to a concrete opportunity
to vaccinate. This design reduces the effort required to act and shifts the default from
inaction to a specific opportunity to vaccinate, thereby plausibly lowering administrative
and behavioral frictions.

By the end of 2021, COVID-19 vaccines were widely available and free of charge in

Austria, yet approximately 25 percent of the population remained unvaccinated. To in-

! Multiple factors shape vaccination behavior, ranging from misinformation and trust in institutions
to administrative and behavioral frictions that prevent individuals from acting on their intentions. For
overviews of vaccine hesitancy, see Dub’e et al. (2013), Larson et al. (2014), and MacDonald (2015).



crease uptake, the Federal Ministry of Health introduced a campaign assigning pre-booked
vaccination appointments to unvaccinated individuals. Implementation was delegated to
the federal states, of which seven participated while two opted out, generating cross-
state variation in program exposure.? Participating states notified individuals by letter,
providing appointment details and vaccine information.

We employ a difference-in-differences (DiD) design that exploits two sources of plau-
sibly exogenous variation. First, two federal states opted out of the program entirely,
providing a natural control group. Second, within participating states, the rollout of
pre-booked vaccination appointments varied across ZIP codes, generating within-state
variation in treatment timing. We combine this variation with administrative microdata
that link individual vaccination behavior to detailed socio-economic characteristics. In
addition, we observe regional variation in vaccine skepticism, measured by support for
a vaccine-skeptical political party, which allows us to study how treatment effects differ
with underlying attitudes toward vaccination.

In Austria, pre-booked vaccination appointments were non-binding and carried no
consequences for non-attendance, while walk-in vaccination remained widely available.
The intervention therefore represents a low-cost behavioral nudge that reduces adminis-
trative and planning frictions without altering incentives or imposing sanctions, making
it well suited to study whether such interventions can increase uptake in the presence of
vaccine skepticism.

The literature on policies to increase (COVID-19) vaccination uptake spans regulatory
instruments, financial incentives, and behavioral nudges, with mixed evidence. More
coercive measures, such as mandates, can increase uptake but may raise concerns about
legitimacy and public trust and can generate unintended behavioral responses (Algara
and Simmons, 2023; Goren et al., 2023; Profeti and Toth, 2023). Financial incentives also
show heterogeneous effects. While some studies document positive impacts of lotteries
or payments (Barber and West, 2022; Campos-Mercade et al., 2021; Duch et al., 2023;
Erdem et al., 2023), others highlight strong non-linearities and potential backfiring, with
small incentives sometimes reducing vaccination intentions (Serra-Garcia and Szech, 2023;
Zhang and Lane, 2023).

Behavioral nudges have been proposed as a less intrusive alternative (Thaler and
Sunstein, 2009). Several large-scale field experiments find that reminder-based interven-
tions can increase vaccination uptake, including messages that frame appointments as
pre-reserved (Yokum et al., 2018; Dai et al., 2021; Milkman et al., 2021; Bonander et al.,
2022; Tentori et al., 2022). However, evidence remains mixed, particularly once vaccines

are widely available. Several studies find small or insignificant effects of behavioral inter-

2 Austria is a federal republic consisting of nine partially autonomous federal states (in German Bun-
deslander): Burgenland, Carinthia, Lower Austria, Salzburg, Styria, Tyrol, Upper Austria, Vienna, and
Vorarlberg.



ventions in such settings (Campos-Mercade et al., 2021; Rabb et al., 2022; Carney et al.,
2025), suggesting that their effectiveness may be limited when low uptake reflects strong
underlying resistance. For a systematic review of the literature prior to the COVID-19
pandemic see Renosa et al. (2021).

Taken together, this literature points to substantial heterogeneity in the effective-
ness of behavioral interventions. A central distinction is whether low vaccination uptake
reflects practical and informational frictions or deeply held skepticism: behavioral inter-
ventions are likely to be effective in the former case but less so in the latter. Distinguishing
between these mechanisms is therefore key for evaluating the role of behavioral policy
tools.

Our paper makes four contributions. First, we provide causal evidence on the effective-
ness of pre-booked vaccination appointments using large-scale administrative microdata
and a DiD design that exploits both cross-state variation in program participation and
within-state variation in appointment timing. Second, we distinguish between a quantum
effect and a mere intertemporal effect, finding no evidence of intertemporal displacement.
Third, we document substantial heterogeneity in treatment effects and show that pre-
booked appointments are most effective among socio-economically disadvantaged indi-
viduals and other groups facing barriers to access, while effects are markedly weaker in
areas with stronger vaccine skepticism. Fourth, we interpret these patterns as evidence
on the mechanisms underlying behavioral interventions. Our findings suggest that pre-
booked appointments primarily operate by reducing administrative and informational
frictions, rather than by shifting underlying preferences. As a result, such interventions
can increase uptake when low vaccination reflects limited attention or access barriers, but
have limited impact when resistance is driven by strongly held beliefs. This highlights
both the potential and the limits of nudge-based policies.

The paper proceeds as follows. Section 2 describes the institutional setting and the
vaccination appointment intervention. Section 3 outlines the research design, data, and
identification strategies. Section 4 presents the estimation results, including evidence on
quantum versus intertemporal effects and heterogeneity across socio-economic groups and

political preferences related to vaccine skepticism. Section 5 concludes.

2 Institutional setting

Towards the end of 2021, approximately 65 percent of the Austrian population was fully
vaccinated, and around 75 percent had received at least one vaccine dose (Bundesmin-
isterium fiir Soziales, Gesundheit, Pflege und Konsumentenschutz, nd). At this point,
COVID-19 vaccines were widely available and free of charge, and many vaccination cen-
ters offered walk-in access without prior appointment. Individuals who remained un-

vaccinated therefore had ample opportunity to receive a vaccine, and can reasonably be
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characterized as vaccine-hesitant.

2.1 The vaccination appointment intervention

To increase vaccination uptake among this group, several federal states mailed letters
with pre-booked COVID-19 vaccination appointments to all residents aged 18 and older
who had not yet been vaccinated. Vienna initiated such a campaign independently in
late November 2021. Shortly thereafter, the Federal Ministry for Social Affairs, Health,
Care and Consumer Protection coordinated a nationwide initiative (the “second national
wave”) targeting unvaccinated individuals across Austria.

While the federal government centrally prepared and printed the letters in cooperation
with the IT Services of the Austrian Social Insurance (ITSV), implementation was del-
egated to the federal states, which were responsible for executing the appointments and
ensuring vaccine availability at the designated locations. Of the eight states eligible to
participate in the nationwide wave, six ultimately implemented the intervention. Salzburg
and Carinthia did not participate and therefore serve as control states.® Despite repeated
inquiries, no consistent explanation was provided for these opt-out decisions, which we
treat as idiosyncratic, although political or administrative factors may have played a
role. While endogenous non-participation remains a concern in principle, the absence of
differential pre-trends and similar pre-intervention vaccination dynamics provides little

evidence in support of it.

2.1.1 Appointment timing data

In each treated federal state, we contacted the Federal State Health Directorates and
requested information on the timing and geographic granularity of scheduled vaccination
appointments. Five of the seven treated states responded. Only three—Lower Austria,
Upper Austria, and Styria—provided appointment dates at the ZIP-code level. This level
of detail is essential for exploiting within-state variation in treatment.

Vienna and Burgenland supplied only state-level timing information, which does not
allow credible assignment of appointment dates at the individual or municipal-level. As a
result, these states cannot be used for causal identification. Our estimation sample there-
fore consists of the three treated states with ZIP-code—level appointment data and the
two non-participating control states (Salzburg and Carinthia), as indicated in column (4)

of Table 1.

3For Salzburg and Carinthia, the Federal State Health Directorates (in German: Landes-
Sanitdtsdirektion) confirmed that they did not participate in the campaign and that no appointments
were scheduled.




Table 1: Participation and timing of pre-booked vaccination appointments by federal
state

(1) (2) (3) (4) (5) (6)
Federal Data In Appointment
state Acronym Status availability ~ sample Period precision

Treated federal states

Upper Austria OOE Treated  ZIP-level Yes Dec 18-30 50% exact date;
20% 2-3-days;
30% > 3-days

Lower Austria NOE Treated  ZIP-level Yes Dec 14-22 0% exact date;
45% 2-3-days;
55% > 3-days

Styria STM Treated  ZIP-level Yes Dec 13-22 0% exact date;
56% 2-3-days;
44% > 3-days

Burgenland BGLD Treated  State level  No Dec 18-Jan 30  44-day window
Vienna w Treated State level  No Late Nov N.a.
Tyrol T Treated N.a. No Dec 2021 N.a.
Vorarlberg VBG Treated N.a. No Dec 2021 N.a.

Control federal states
Salzburg SBG Control  — Yes N.a. N.a.
Carinthia KAE Control - Yesf N.a. N.a.

Notes: N.a. = not available. TIn Carinthia, a separate federal states campaign scheduled appointments only for

residents aged 80 and older; these individuals are excluded from the analysis sample.

2.1.2 Quasi-experimental variation

We exploit two principal sources of variation to identify the effect of the intervention on
vaccine uptake. First, cross-state variation in participation in the campaign. Second,
within participating states, the rollout of pre-booked appointments was staggered across
ZIP codes over time. Importantly, all appointment periods fall within a relatively narrow
window in December 2021, implying substantial temporal overlap between treated and
control states and limiting concerns about confounding aggregate time trends. Within this
common period, treatment timing differs across ZIP codes, albeit with varying precision.

In Upper Austria, the exact appointment date is known for approximately half of
individuals, and for about 70 percent the timing can be narrowed to a window of three
days or less. In Lower Austria and Styria, appointment dates can be identified within
a three-day window for roughly half of the sample (see columns 5 and 6 of Table 1 and
Appendix Figure A.1). Figure 1 illustrates the staggered rollout across ZIP codes within
treated federal states, as well as the absence of scheduled appointments in control states.
Upper Austria features both the longest appointment window and the highest precision,
providing the richest source of variation for our empirical analysis. The assumptions

required for causal interpretation are discussed in the following section.



Figure 1: Staggered rollout of pre-booked vaccination appointments across federal states

Appointment

Upper-Austtia
Dec 27

Dec 20

Dec 13

TR

Note: Dates of scheduled appointments (earliest possible dates) in Lower Austria, Upper Austria, and
Styria. Dark grey: federal states that did not schedule appointments. Light grey: federal states for
which we have no (or insufficiently granular) information on appointment dates.

2.1.3 The appointment letter

The letter was personalized and invited recipients to a free COVID-19 vaccination at a
designated vaccination center on a specified date. The wording emphasized reservation by
stating that “/.../ a Corona vaccination was reserved for you.” Appointment windows
were broad—typically between 07:00 and 19:00—and in some cases spanned multiple
days.* Recipients were encouraged to reschedule online if they could not attend, but
faced no penalties for non-attendance. In addition to the pre-booked appointment, the
letter contained informational content emphasizing both individual and collective benefits

of vaccination. Specifically, it highlighted “5 important reasons for the Corona vaccine”:

1. no one can “wait out” the pandemic;
2. all approved COVID-19 vaccines are safe and highly effective;
the COVID-19 vaccination is important for people wishing to have children;

the best protection against long-term effects is vaccination;

AR

the coronavirus can cause dangerous diseases; vaccination protects.

Each reason was accompanied by a brief factual explanation. Recipients therefore received

a combination of two nudges: a pre-booked appointment and an informational reminder.

4A sample of the original letter is provided in Appendix B.
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Our estimates capture their joint effect.

3 Research design

This section outlines our research design and empirical implementation. Building on the
institutional setting and quasi-experimental variation described in Section 2, we explain
how we construct the analysis sample, define treatment timing, and estimate the causal
effect of pre-booked vaccination appointments on vaccine uptake. The analysis was pre-
registered on OSFE (Moeller et al., 2023). We discuss deviations from the preregistration
in Appendix C.

3.1 Data sources

Our main data source is the Austrian Micro Data Center (AMDC).> The AMDC com-
bines many different administrative data sources. First, we observe individual-level infor-
mation on COVID-19 vaccination dates from Austria’s national vaccination register (in
German: Impfregister), a centralized administrative database that records all vaccina-
tions administered in the country. Second, we observe information on COVID-19 infec-
tions and recoveries from Austria’s national epidemiological reporting system. Third, we
draw on a wide range of socio-economic information, including municipality of residence
and individual characteristics such as age, sex, income, education, country of birth, and
citizenship, obtained from various administrative data sources.® Municipalities constitute
the smallest administrative units and form our main unit of analysis, while districts are
used for higher-level controls such as the time trends.

We augment these microdata with ZIP-code-level information on pre-booked COVID-
19 vaccination appointments. Appointment data are linked to individuals based on ZIP
codes and municipalities of residence. In cases where ZIP codes and municipalities do
not map one-to-one, we assign the earliest feasible appointment date. Similarly, when
appointment dates are reported as multi-day windows, we use the first possible date.
These procedures introduce measurement error in treatment timing; however, for 58
percent of individuals in our sample, the appointment date can be narrowed to a window
of at most three days (see Appendix Figure A.1). Our results are robust to restricting

the analysis to this subsample.

5The AMDC is a research data infrastructure established in 2022 at the Austrian Federal Statistical
Office (Statistics Austria). It comprises Statistics Austria’s own microdata as well as administrative
registry data from the Austrian federal government. A distinctive feature of the AMDC is the possibility
to deterministically link datasets via unique pseudonymized identifiers across Statistics Austria data,
administrative registers, and researcher-supplied microdata. Operated by Statistics Austria, the AMDC
is open to research institutions worldwide; see Fuchs et al. (2024) for details.

6To prevent re-identification of individuals, age is provided in five-year intervals by the AMDC.



Measurement of appointment timing is most precise in Upper Austria, where the exact
appointment date is observed for about 50 percent of individuals and can be narrowed to
a three-day window for roughly 70 percent. In Lower Austria and Styria, appointment
timing can be identified within three days for approximately 50 percent of individuals.
Accordingly, we focus on Upper Austria in our analysis of treatment effect heterogeneity.

We also use electoral outcomes as proxies for political preferences. Specifically, we
use municipal vote shares of the Menschen—Freiheit—Grundrechte (MFG) party—founded
explicitly in opposition to COVID-19 vaccination—as indicator of regional vaccine oppo-
sition. Election results are taken from the 2021 Upper Austrian federal state election, the
only federal state election held in 2021. Electoral data are available at the municipal-level
while postal votes are reported at the district-level (Federal Chancellery of Austria, nd).
We allocate postal votes proportionally to municipalities by population and match MFG
vote shares to individuals based on municipality of residence.

Finally, following Steinmayr and Rossi (2024), we examine the mediating role of
vaccine-skeptical general practitioners (GPs). Vaccine-skeptical GPs are defined as physi-
cians who signed a public open letter expressing skepticism about the safety and effec-
tiveness of COVID-19 vaccines. We use municipality-level data on the share of such GPs
from their replication package and merge these measures into our individual-level dataset

to explore their mediating effect on vaccination uptake.

3.2 Analysis sample and descriptive statistics

Our analysis focuses on the five federal states included in the estimation sample, as dis-
cussed in Section 2: Lower Austria, Upper Austria, and Styria form the treated group,
while Salzburg and Carinthia serve as the control group. To estimate the effect of the
intervention on vaccine uptake, we construct an individual-day panel spanning Decem-
ber 1, 2021 to January 13, 2022. The panel contains daily information on vaccination
status along with time-invariant socio-economic characteristics. Individuals are linked to
appointment data by matching ZIP codes to municipalities of residence.

Figure 2 depicts the evolution of vaccination uptake in the five federal states over time.
While vaccination levels differ across states, trends evolve smoothly over the observation
window, with no visible discontinuities prior to the rollout of scheduled appointments.
We restrict the sample to individuals who were eligible to receive treatment, namely
unvaccinated residents aged 18 and older. Because age is reported in five-year intervals
to prevent re-identification, we exclude individuals younger than 20. In addition, residents
of Carinthia aged 80 and above are excluded, as this group was scheduled for vaccination
under a separate program. The final sample comprises 451,103 individuals, of whom
352,669 reside in treated federal states and 98,434 in control federal states.

Table 2 summarizes the demographic composition of the analysis sample by federal



Figure 2: Cumulative first-dose vaccination coverage by federal states
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Note: Cumulative share of residents with at least one COVID-19 vaccine dose by calendar date from November 2021
through April 2022 for the three treated federal states Lower Austria (NOE), Upper Austria (OOE) and Styria (STM)
and the two control federal states Carinthia (KAE) and Salzburg (SBG). Dashed vertical lines indicate the time window
in which appointments were scheduled.

state. Across states, the population is broadly comparable in terms of gender composition
and average age. Differences are more pronounced for socio-economic characteristics such
as education, income, and migration background. For instance, the share of residents with
higher education and the vote share for vaccine-skeptical parties vary across states. These
differences motivate our subsequent analysis of treatment effect heterogeneity but do not

mechanically affect identification, which relies on within-region variation over time.
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Table 2: Descriptive statistics of the analysis sample by federal state

Treated states Control states
Upper Lower

Austria Austria Styria Salzburg  Carinthia
Observations 137,463 118,782 96,424 47,856 50,578
Women (%) 53.94 54.50 53.64 55.15 54.40
Age (mean) 35.10 36.44 35.96 35.67 36.43
University degree (%) 8.94 10.16 9.94 11.63 11.10
Income (median EUR)  24,356.59  23,899.84  23,172.59  23,568.06  23,244.21
Foreign-born (%) 23.92 21.74 20.34 26.51 18.32
Foreign citizens (%) 18.55 16.57 16.37 22.63 15.00

Note: Statistics are computed for the analysis sample. Women is the percentage of women. Age is the mean age. Univer-
sity degree indicates education levels ISCED 7-8. Income is median yearly income after taxes in EUR. Foreign-born is the

percentage of residents who were born abroad. Foreign citizens is the percentage of residents with a foreign citizenship.

3.3 Identification strategy

Our main identification strategy is a difference-in-differences (DiD) design. In the baseline
specification, we compare individual outcomes in the treated federal states with those in
the control federal states. Exploiting our individual-day-level panel data, we estimate

the following regression on the full sample of all five federal states:

11 14
vaccine;q = o + Z Bitj + Z Bjt;
j=—14 j=—9
—11 14 (1)
+ Z vit; + Z vt | treated;
j=—14 J=-9
+0Xiq

vaccine; is a dummy equal to 1 if individual ¢ receives their first vaccine dose on day
d. t; denotes a dummy indicating day j before or after the day of the scheduled ap-
pointment, with ¢, corresponding to the day of the appointment and ¢_;y omitted as the
baseline. This choice ensures that the baseline period is sufficiently removed from the
appointment date to avoid capturing anticipation or immediate responses to receiving the
appointment letter. For individuals in the two control federal states, who did not receive
appointments, placebo-treatment dates were randomly assigned within the time window
of actual treatment dates. These placebo dates were randomized at the municipal-level.
treated; is a binary indicator equal to 1 if individual ¢ resides in one of the three treated

federal states and was therefore eligible for treatment. X;; denotes a vector of controls,
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including indicators for prior COVID-19 recovery and district-specific linear time trends.
We further control for day fixed effects. The coefficient 7y on the interaction between
and treated; captures the DiD estimate: the change in the probability of vaccination on
the day of the appointment, relative to the tenth day before the appointment, between
treated and non-treated individuals. Accordingly, 79 can be interpreted as the causal
effect of the treatment on the probability of vaccination.

Our second specification exploits the variation in treatment timing within treated
federal states. Specifically, we compare the probability of vaccination of individuals on
the individual’s appointment date with that of individuals with a different appointment
date within the same federal state. We estimate the following regression on the sample

of the three treated federal states and each of the treated federal states separately:

~11 14
vaccine;g = o + Z vit; + Z vt + 0Xiq (2)
j=—14 j=-9

In this specification, coefficient 7, corresponding to ty captures the change in probability
of vaccination on the day of the appointment compared to the tenth day before the
appointment and can again be interpreted as the causal effect of the intervention. X4
includes an indicator for prior COVID-19 recovery, district-specific linear time trends and
day fixed effects. Estimation models (1) and (2) are estimated using ordinary least squares
(OLS) and we cluster standard errors at the municipal-level.” Our main estimand is the
change in the probability of receiving a first vaccine dose on the scheduled appointment
date induced by receiving a pre-booked appointment.

Our analysis combines individual-level event-study estimates of daily vaccination haz-
ards with municipality-level analyses of cumulative vaccination dynamics. While the
individual-level regressions capture short-run behavioral responses, the municipality-level
specifications described in the next Section allow us to assess aggregate changes in vac-

cination coverage over time.

3.4 Identifying assumptions

Our empirical strategy relies on a parallel-trends assumption formulated in terms of
potential outcomes. Specifically, absent the intervention, vaccination outcomes would
have evolved similarly (i) across treated and non-treated federal states and (ii) across
early- and late-treated municipalities within treated federal states. Both assumptions

concern an unobserved counterfactual path of vaccination uptake and therefore cannot

7Although treatment adoption is staggered across ZIP codes, the rollout occurs within a short time
window and is largely administratively determined. As a result, concerns about bias from two-way
fixed effects estimators in staggered adoption settings (e.g. Goodman-Bacon, 2021) are mitigated in our
application, a conclusion supported by the absence of differential pre-trends and the robustness of our
results across alternative specifications.

12



be tested directly. Instead, we assess their plausibility by examining whether observed
vaccination dynamics had been similar across these dimensions prior to the intervention.

We look at two complementary DiD pre-trend analyses. First, we compare changes
in vaccination rates between treated and non-treated federal states during the 29 days
preceding the intervention, normalizing the day before the scheduled appointment (¢_;)
as the reference period. Specifically, we estimate equation (3) at the municipal-day-
level, where the dependent variable perc_vaccinated,,; denotes the cumulative share of
individuals who have received at least one COVID-19 vaccine dose in municipality m on
day d.

-2 -2
perc_vaccinated,,y = o + Z Bjt; + Z v; (t; x treated,y,)
j=—29 j=—29 (3)

+ Aperc_vaccinated, g1 + 0 X g

The indicator for day t_; is omitted and serves as the reference period. The indica-
tor t; equals one for day j relative to the appointment date, and treated,, identifies
municipalities located in treated federal states. The coefficients v; therefore capture
differences in pre-treatment vaccination dynamics between treated and non-treated mu-
nicipalities relative to the baseline day. We include the first lag of the dependent variable,
perc_vaccinated,,q_1, to account for the strong persistence in cumulative vaccination rates
and differences in baseline levels across municipalities. Because the dependent variable
is a cumulative stock, municipalities with higher vaccination levels in earlier periods will
mechanically tend to exhibit higher levels in subsequent periods. Including the lagged
dependent variable therefore allows the specification to capture changes in vaccination
uptake conditional on prior vaccination levels, rather than persistent differences in cu-
mulative levels across municipalities. Finally, X,,4 includes district-specific linear time
trends and day fixed effects.

If the intervention had been systematically targeted at federal states experiencing
slower vaccination uptake, one might expect to observe differential pre-treatment dy-
namics, such as negative coefficients prior to ty. Likewise, if non-treated states opted out
due to systematically stronger vaccine opposition, this could manifest itself in different
pre-treatment vaccination dynamics. While the absence of such patterns does not rule
out all forms of endogenous selection, it is informative about the plausibility of these
specific scenarios.

Second, we examine pre-treatment dynamics within treated federal states by exploit-
ing variation in the timing of appointment scheduling across municipalities. We estimate

equation (4), which relates daily changes in the cumulative share of vaccinated individuals
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to indicators for days prior to the scheduled appointment date.

—2
perc_vaccinated,,g = o + Z Bjt; + Apercvaccinated,g—1 + 0 Xoma (4)
j=—29

Under the identifying assumption, municipalities treated earlier should not exhibit sys-
tematically different pre-treatment dynamics than those treated later. Violations of this
condition would indicate endogenous treatment timing. If appointments had been tar-
geted first at municipalities with slower pre-treatment uptake, we would expect to observe
negative coefficients prior to tg.

Across both diagnostics (see Figure 3), coefficients are small and statistically indis-
tinguishable from zero, indicating no evidence of differential pre-treatment trends. The
estimates are pooled across the three treated federal states; results for each state sep-
arately are similar (see Appendix Figure A.2). While these results do not constitute a
formal test of the identifying assumption, they are consistent with it and support the

credibility of our empirical design.

Figure 3: Pre-treatment vaccination dynamics

Treated vs. untreated federal states All treated federal states
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Note: Left panel: treated vs. non-treated federal states. Estimates from equation (3) of the DiD in change in the cumulative
vaccination share between treated and non-treated municipalities for the 29 days before the appointment compared to the
day before the appointment. The regression includes the first lag of the dependent variable, district-specific time trends,
and day fixed effects. Standard errors are clustered on the municipal-level. Estimated on the full sample.

Right panel: early vs. late treatment within treated federal states. Estimates from equation (4) of the change in
cumulative vaccination share for the 29 days before the appointment compared to the day before the appointment. The
regression includes the first lag of the dependent variable, district-specific time trends, and day fixed effects. Standard
errors are clustered on the municipal-level. Estimated on the sample of Upper Austria, Lower Austria and Styria.

Error-bars indicate 95% confidence intervals.
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4 Estimation results

In this section, we present the estimation results from our baseline DiD specifications,
corresponding to estimation models (1) and (2). We begin by documenting the average
effect of pre-booked vaccination appointments on daily vaccination uptake. We then as-
sess whether the estimated effect reflects a genuine increase in vaccination (a quantum
effect) or merely a shift in timing (a tempo effect), following terminology from the demo-
graphic literature (e.g., Bongaarts and Feeney, 1998). Finally, we examine heterogeneity
in treatment effects across socio-economic and political dimensions.

All main specifications are estimated using OLS on the individual-day panel described
in Section 3. For robustness, Appendix Figures A.3 and A.4 report corresponding esti-

mates based on logit models; the substantive conclusions are unchanged.

4.1 Average treatment effects

Figure 4 presents the event-study estimates from estimation model (1), comparing the
individual daily probability of receiving a first COVID-19 vaccination in treated federal
states to that in non-treated federal states. Coefficient estimates for the pre-treatment
period (t_14 to t_1) are small and statistically indistinguishable from zero, providing no
evidence of differential vaccination trends prior to the scheduled appointment date.

In contrast, the estimate for vy, corresponding to the day of the pre-booked appoint-
ment (g), is positive and statistically significant. This indicates a discrete increase in
the probability of vaccination on the appointment day for individuals residing in treated
federal states relative to those in control states.

A small positive estimate is also observed for ¢; and ¢5. For the subsequent days (3
through t14), the coefficients remain positive but close to zero.® As discussed in Sec-
tion 3, appointment timing cannot be pinpointed to a single day for all observations due
to imperfect matching between ZIP codes and municipalities, imprecise information on
appointment scheduling, or appointment windows spanning multiple days. In these cases,
we assign the earliest possible appointment date. This procedure may mechanically at-
tenuate the estimate for ¢y and shift part of the effect to t; and t5, providing a natural
explanation for the small positive coefficient on the day following the appointment. Al-
ternatively, some individuals may have shifted their assigned appointment by a few days.
Notably, our results are robust to restricting the analysis to the 58 percent subsample
for which the appointment date can be narrowed to a window of at most three days (see

Appendix Figures A.6).

8We refrain from interpreting the coefficients for t3 through ¢4 as indicative of a persistent positive
effect. Despite being statistically positive, the coefficients are very small in magnitude. Appendix
Figure A.5 shows analogous estimates when ¢_7 is used as the baseline instead of t_1¢. In this specification
the estimates for t3 and subsequent days are not statistically different from zero.
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Figure 4: DiD coefficient estimates for the probability of vaccination: treated compared
to non-treated federal states
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Note: Coefficient estimates for y_14 to 14 from equation (1) estimated on the sample of all five federal states. t_1¢ serves
as the baseline. The dependent variable is an indicator variable for individual ¢ getting their first dose of the vaccine on
day d. The regression controls for prior COVID-19 recovery and district-specific time trends and includes day fixed effects.
Standard errors are clustered on the municipal-level. The coefficient v;, corresponding to the interaction term between
day t; and being in the treated group, measures the DiD between treated and non-treated individuals in the probability
of getting the vaccine j days before/after the appointment, relative to the tenth day before the appointment. Error bars
indicate 95% confidence intervals.
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Figure 5: Coefficient estimates for the change in probability of vaccination: treated
federal states
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Note: Coefficient estimates for y_14 to 14 from equation (2). Top left: all treated federal states; top right: Upper Austria,;
bottom left: Lower Austria; bottom right: Styria. t_10 serves as the baseline. The dependent variable is an indicator variable
for individual 7 getting their first dose of the vaccine on day d. The regression controls for prior COVID-19 recovery and
district-specific time trends and includes day fixed effects (state-specific time trends and district fixed effects for the top
left regression). Standard errors are clustered on the municipal-level. The coefficient 7;, corresponding to day ¢; measures
the difference in the probability of getting the vaccine j days before/after the appointment, relative to the tenth day before
the appointment. Error bars indicate 95% confidence intervals.
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Figure 5 reports analogous estimates from estimation model (2), which exploits within-
state variation in appointment timing and is estimated on the pooled sample of the
three treated states— Upper Austria, Lower Austria, and Styria— as well as each treated
state individually. This specification compares individuals on their appointment day to
individuals with a different scheduled appointment date within the same federal state.
Consistent with the DiD results from above, we find no evidence of systematic changes
in vaccination probabilities in the days before or after the appointment. However, on the
appointment day itself, the probability of vaccination increases sharply and significantly.

The estimated effect on the appointment day is 0.8 percentage points in model (1)
and ranges from 0.3 (Styria) to 1.2 percentage points (Upper Austria) in the estimation
of model (2). Given an average daily vaccination probability of 0.35 percent in the anal-
ysis period, this corresponds to an increase of approximately 86 percent to 342 percent
relative to baseline. While the absolute effects are modest, they represent substantial
relative increases given the low baseline probability of vaccination. These estimates doc-
ument a sharp and precisely measured increase in vaccination uptake on the day of the
scheduled appointment, with no evidence of differential trends prior to the intervention
and no sustained effects in the days immediately thereafter. The results are also robust
to restricting the analysis to the 58 percent subsample for which the appointment date
can be narrowed to a window of at most three days (see Appendix Figure A.7 for Upper
Austria).

While these results establish a clear behavioral response to the pre-booked appoint-
ment, they do not by themselves reveal whether the intervention caused individuals to
get vaccinated who would otherwise have remained unvaccinated (beyond the 15 days
window), or whether it primarily shifted the timing of vaccination forward. Distinguish-
ing between these two mechanisms is crucial for assessing the policy relevance of the
intervention. The next section therefore examines whether the observed increase reflects
a genuine increase in cumulative vaccination uptake (a quantum effect) or a re-timing of

vaccinations (a tempo effect).

4.2 Quantum versus tempo effect

To assess whether the estimated appointment-day effect reflects a quantum effect or
a tempo effect, we examine the evolution of cumulative vaccination uptake following

the scheduled appointment. Specifically, we estimate the following regression at the
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municipal-day-level:

99
perc_vaccinated,,q =a + Z Bjt;
=0
99
)
+ Z v5t; | treated,, (5)
=0

+ Aperc_vaccinated,,qg—1 + 6 X na

Here, the outcome variable perc_vaccinated,,; denotes the cumulative share of the pop-
ulation in municipality m that has received at least one vaccine dose by day d. The
indicator t; equals 1 if day d is j days before or after the scheduled appointment date,
with ¢y corresponding to the appointment day; ¢_; serves as the baseline. For municipal-
ities in the two control federal states, where no appointments were scheduled, we assign
a random placebo appointment date drawn from the time window of actual treatment
dates. The indicator treated,, equals one if municipality m is located in one of the three
treated federal states. percent_vaccinated,,q_1 is the first lag of the dependent variable.
X,nq contains district-specific linear time trends. All specifications additionally include

day fixed effects. Standard errors are clustered on the municipal-level.

Figure 6: Post-treatment daily changes in the cumulative vaccination share across mu-
nicipalities: treated vs. non-treated federal states
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Note: Coefficient estimates for v to 99 from equation (5) estimated on the sample of all five federal states. t_; serves as
the baseline. The dependent variable is the cumulative vaccinated share of the population in municipality m on day d.
The regression includes the first lag of the dependent variable, district specific time trends and day fixed effects. Standard
errors are clustered on the municipal-level. The coefficient v;, corresponding to the interaction term between day t; and
treatment, measures the difference in the change in vaccination share between treated and non-treated municipalities j
days before/after the appointment relative to the day before the appointment. Error bars indicate 95% confidence
intervals.

19



In the presence of a pure tempo effect, one would expect the coefficients v; to become
negative at some point after the appointment date (j > 0), reflecting a subsequent decline
in vaccination uptake relative to the control group. Figure 6 displays the estimated ~;
coefficients. We do not observe such a pattern: over the 99 days following the appoint-
ment, vaccination uptake in treated federal states does not fall below that of the control
states. In sum, we find no evidence of a subsequent decline in vaccination, indicating a

genuine (quantum) increase rather than a re-timing (tempo) effect.

4.3 Treatment effect heterogeneity

To gain insight into the mechanisms underlying the treatment effects, we examine het-
erogeneity in responses across population subgroups. This heterogeneity is informative in
its own right and provides suggestive evidence on the channels through which scheduled
appointments increase vaccination uptake. In particular, it allows us to assess whether
the effects are more consistent with a reduction in practical barriers to access or with the
overcoming (or persistence) of vaccine skepticism.’

We structure the analysis as follows. We first examine heterogeneity across socio-
economic characteristics, which is informative about the role of individual-level frictions.
We then turn to local political preferences as a proxy for vaccine skepticism. Finally,
we consider local epidemiological conditions and exposure to vaccine-skeptical general
practitioners as additional tests that help to assess alternative channels, including risk
perceptions and supply-side influences.!”

We focus on the federal state of Upper Austria for two reasons. First, treatment
timing is measured most precisely in this state, allowing for the most accurate estimation
of effects. Second, the 2021 state elections provide detailed and recent information on
local political preferences. We use local support for a party with very strong opposition
to COVID-19 measures and vaccination campaigns as proxy for vaccine skepticism.

Figure 7 presents estimates of the treatment effect on the appointment day () across
population subgroups. Each estimate is obtained from a separate regression based on
equation (2) estimated on the respective subgroup. In addition, we estimate a pooled
specification interacting ¢ty with socio-demographic characteristics; the corresponding in-
teraction coefficients and tests for differences across subgroups are reported in Appendix

Table A.2.

Socio-economic gradients While we observe positive and statistically significant ef-

fects for all subgroups, there is substantial heterogeneity in effect sizes with respect to

9Grossi (2023) examines heterogeneity in the effect of monetary incentives, offered as a lottery, on
COVID-19 vaccination uptake in the United States by clustering the population according to socio-
economic characteristics. However, the impact of each individual dimension remains unclear.

10We also report treatment effect heterogeneity with respect to subjective well-being and medical
history in Appendix Table A.1.
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Figure 7: Heterogeneity in treatment effects
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Note: Coefficient estimates for y9 from equation (2) estimated on the sample of the respective population subgroup in
Upper Austria. Each estimate comes from a separate regression estimated on the respective subgroup. t_10 serves as the
baseline. The dependent variable is an indicator variable for individual ¢ getting their first dose of the vaccine on day
d. The regression controls for prior COVID-19 recovery and federal district specific time trends and includes day fixed
effects. The coefficient g corresponding to day top measures the difference in the probability of vaccination on the day of
the appointment, relative to the tenth day before the appointment. Standard errors are clustered on the municipal-level.
Error bars indicate 95% confidence intervals.

Income is yearly income after taxes. Educ.: compulsory is education level ISCED 1; medium is ISCED 2-6; university
is ISCED 7-8. Birth is the country of birth. MFG share: high indicates municipalities with above median vote shares for the
vaccine opposed party MFG in the 2021 Upper Austria state elections. Vac. skept. GP share: high indicates municipalities
with at least 25% vaccine skeptic GPs as identified by Steinmayr and Rossi (2024). Incidence: high indicates municipalities
with above median COVID-19 incidence in the previous two weeks.

Percentages next to subgroup labels indicate pre-intervention vaccination rates.
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socio-economic characteristics. The effect is larger for individuals with lower income
(bottom quartile: ~y = 0.016; middle quartiles: vy = 0.011; top quartile: 79 = 0.004)
and lower levels of education (compulsory: 79 = 0.021; medium: 7, = 0.012; univer-
sity degree: vy = 0.005), as well as for individuals born outside Austria (born abroad:
70 = 0.019; born in Austria: 79 = 0.009) and older individuals (age over 59: o = 0.027;
age 40 to 59: vy = 0.016; age 20 to 29: vy = 0.007). As shown in Figure 7, these groups
also tend to have lower pre-intervention vaccination rates, although this relationship is
not systematic across all subgroups. This pattern is consistent with the interpretation
that scheduled appointments reduce practical and logistical barriers to vaccination, as
these groups may face higher search costs, time constraints, or informational frictions
when arranging vaccination independently.

We also find stronger effects for men (men: 7y = 0.013; women: -, = 0.009), un-
married individuals (unmarried: 7, = 0.015; married: v, = 0.009), and unemployed
individuals (unemployed: 79 = 0.020; employed: ~y = 0.011), which may reflect differ-
ences in constraints related to work schedules, household responsibilities, or access to
social support. Taken together, these findings are consistent with a mechanism in which

scheduled appointments increase vaccination uptake by reducing frictions in access.

Vaccine skepticism We next examine whether local political attitudes, as a proxy for
vaccine skepticism, moderate the effectiveness of the intervention. In 2021, the party
MFG (Menschen-Freiheit-Grundrechte) emerged in Austria with a platform centered on
opposition to COVID-19 containment measures and vaccination campaigns. In the 2021
Upper Austrian state election, MFG entered the provincial parliament as a new party
with 6.23 percent of the vote. Given its explicit opposition to COVID-19 vaccination,
MFG vote shares provide a direct proxy for local vaccine skepticism. Electoral support
for MFG was strongly concentrated in areas with lower vaccination rates and higher levels
of skepticism.

We use municipal-level election results to construct a proxy for local vaccine skepticism
and interpret local vote shares for MFG as capturing local attitudes toward vaccination.
In particular, we compare treatment effect sizes between municipalities with above- and
below-median support for MFG. Treatment effects are substantially smaller in municipal-
ities with stronger MFG support (below median: y = 0.016; above median: ~, = 0.008).
This pattern is consistent with scheduled appointments being less effective in areas char-
acterized by higher levels of vaccine skepticism. Together with the preceding results, this
suggests two distinct margins of intervention effectiveness: scheduled appointments are
particularly effective for individuals who are willing but face frictions in accessing vac-
cination, but less so in areas where skepticism is more prevalent. We now turn to local

epidemiological conditions, capturing short-run variation in infection risk.

22



Local epidemiological conditions We examine whether local epidemiological condi-
tions affect treatment responses by comparing individuals residing in municipalities with
relatively high COVID-19 incidence prior to the intervention to those in low-incidence mu-
nicipalities, where high-incidence municipalities are defined as those with above-median
incidence in the two weeks before the appointment. We do not find systematic differ-
ences in effect sizes between these groups (low incidence: vy, = 0.012; high incidence:
v = 0.010), suggesting that the intervention’s effectiveness is not driven by short-run
variation in local infection risk. Finally, we consider whether supply-side factors, in
particular exposure to vaccine-skeptical general practitioners (GPs), influence treatment

effects.

Exposure to vaccine skeptic general practitioner Steinmayr and Rossi (2024)
document a substantial negative effect of vaccine-skeptical general practitioners (GPs)
on vaccination rates. Using the same dataset of 199 Austrian GPs who signed an open
letter expressing skepticism toward COVID-19 vaccines, we identify municipalities with an
above-median share of such GPs. Residing in these municipalities increases the likelihood
of encountering a vaccine-skeptical provider.

To examine whether local exposure to skeptical GPs moderates the effectiveness of the
scheduled appointment intervention, we separately estimate treatment effects in munici-
palities with low and high shares of vaccine-skeptical GPs, where a high share is defined
as at least 25 percent. We do not find evidence that treatment effects vary systematically

with the local prevalence of skeptical GPs (low share: vy = 0.011; high share: v, = 0.009).

Taken together, the heterogeneity results provide consistent evidence that the interven-
tion primarily operates by reducing administrative and behavioral frictions, while having
more limited effects in areas characterized by stronger vaccine skepticism. In contrast,
neither exposure to vaccine-skeptical general practitioners nor short-run epidemiological
conditions appear to meaningfully affect treatment responses. This pattern suggests that
the effectiveness of scheduled appointments is largely independent of local risk conditions
and medical advice environments, but is constrained by broader local attitudes toward
vaccination. These findings speak directly to the central question raised in the intro-
duction and highlight that behavioral interventions are most effective when low uptake

reflects frictions rather than deeply rooted skepticism.

5 Conclusions and policy implications

We study the effectiveness of a nationwide nudge campaign designed to increase COVID-
19 vaccination uptake among the vaccine-hesitant population in Austria in late 2021.

Using large-scale administrative data, we show that pre-booked vaccination appointments
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can substantially increase uptake, particularly in settings where low vaccination reflects
behavioral and administrative frictions.

Using administrative microdata on more than 450,000 initially unvaccinated indi-
viduals, and exploiting cross-state variation in program participation and within-state
variation in appointment timing, we identify a causal effect of pre-booked appointments
on vaccination behavior. Appointments increase the probability of vaccination by 0.8 per-
centage points on the appointment day, corresponding to 8 additional vaccinations per
1,000 scheduled appointments. The effect is tightly concentrated around the appointment
date, with no evidence of intertemporal displacement, indicating a genuine increase in
vaccination uptake rather than a shift in timing.

Our heterogeneity analysis sheds light on the mechanisms underlying this effect.
Treatment effects are systematically larger among individuals with lower income and
education, foreign-born residents, and other groups for whom vaccination may be less
accessible, consistent with a reduction in practical and informational frictions. In con-
trast, we find no evidence that local COVID-19 incidence or exposure to vaccine-skeptical
general practitioners affects treatment responses. However, treatment effects are substan-
tially smaller in municipalities with stronger support for vaccine-skeptical political parties.
Taken together, these findings highlight two distinct margins of effectiveness: behavioral
interventions that reduce administrative and informational frictions can increase vacci-
nation uptake, but have limited impact when low uptake is driven by strong underlying
resistance.

From a policy perspective, these findings highlight both the potential and the limits of
low-cost behavioral interventions. Pre-booked appointments are a scalable and effective
tool for increasing vaccination coverage among populations facing access barriers, but
are unlikely to suffice in settings where low uptake is driven by strong anti-vaccination
attitudes. Their effectiveness is therefore greatest when targeted toward groups with lower
baseline uptake and greater structural constraints, and they are unlikely to substitute for
broader policy measures in populations characterized by entrenched skepticism.

A key limitation of our study is that the intervention combines a scheduled appoint-
ment with informational content on vaccine safety, preventing us from isolating the effects
of each component. However, existing evidence suggests that information-based nudges
alone are largely ineffective among vaccine-hesitant populations (Campos-Mercade et al.,
2021; Rabb et al., 2022), suggesting that the appointment component is the primary
driver of the observed effects. More broadly, our findings highlight that simplifying ac-
cess to vaccination can be a powerful and scalable policy tool, but that such approaches
have clear limits when resistance is rooted in strongly held preferences.

Finally, the scalability of pre-booked appointments depends on the presence of an ex-
isting vaccination infrastructure. In our setting, the intervention builds on an established

system of vaccination capacity and appointment scheduling, implying low marginal im-
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plementation costs. In settings without such infrastructure, however, implementing pre-
booked appointments may entail substantial administrative and logistical costs, limiting

their cost-effectiveness.
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Appendix
A Additional figures and tables

Figure A.1: Cumulative distributions of appointment precision by federal state
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Note: Cumulative distributions of observations for which we can determine the appointment day exactly, within a window
of three days, or within a window of more than three days for the three treated federal states Lower Austria, Styria, and
Upper Austria. For those observations for which the time window includes more than three days the median length is 6
days, the mean length is 6.60 days and the maximum length is 46 days (0.29% of observations). The window shorter than
10 days for 94.04% of all observations.
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Figure A.2: Pre-treatment dynamics in treated states: early vs. late treatment
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Note: Estimates from equation (4) of the change in cumulative vaccination share for the 29 days before the appointment
compared to the day before the appointment. Top left: all treated states; top right: Upper Austria; bottom left: Lower
Austria; bottom right: Styria. The regression includes the first lag of the dependent variable, district-specific time trends,
and day fixed effects. Standard errors are clustered on the municipal-level. Error-bars indicate 95% confidence intervals.
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Figure A.3: Logit DiD coefficient estimates for the probability (log odds) of vaccination:
treated compared to non-treated federal states
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Note: Logit coefficient estimates for the change in log odds of vaccination. The dependent variable is the log odds of
individual ¢ getting their first dose of the vaccine on day d. The plotted coefficient estimates correspond to the interaction
terms between day t;, j days before/after the date of the appointment, and being in the treated group. t_1¢ is the baseline.
Individuals who reside in non-treated federal states are assigned a random placebo treatment date on the municipal-level.
Coefficients represent the DiD between treated and non-treated individuals in the in log odds of getting the vaccine j
days before/after the appointment, relative to the tenth day before the appointment. The regression controls for prior
COVID-19 recovery and district specific time trends and includes day fixed effects. It is estimated on the sample of all five
states. Standard errors are clustered on the municipal-level. Error bars indicate 95% confidence intervals.
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Figure A.4: Logit coefficient estimates for the change in probability (log odds) of
vaccination: treated federal states
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Note: Logit coefficient estimates for the change in log odds of vaccination. Top left: all treated states, top right: Upper
Austria, bottom left: Lower Austria, bottom right: Styria. The dependent variable is the log odds of individual i getting
their first dose of the vaccine on day d. The plotted coefficient estimates correspond to the coefficients for day ¢;, j days
before/after the date of the appointment. t_1¢ is the baseline. Coefficients represent the change in log odds of getting the
vaccine j days before/after the appointment, relative to the tenth day before the appointment. The regression controls for
prior COVID-19 recovery and includes district and day fixed effects. Standard errors are clustered on the municipal-level.
Error bars indicate 95% confidence intervals.
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Figure A.5: Change in probability of vaccination: estimates with ¢t_; as baseline
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Note: Coefficient estimates for y_14 to 14 from equation (1) estimated on the sample of all five federal states. t_7 serves
as the baseline. The dependent variable is an indicator variable for individual ¢ getting their first dose of the vaccine on
day d. The regression controls for prior COVID-19 recovery and district-specific time trends and includes day fixed effects.
Standard errors are clustered on the municipal-level. The coefficient 7;, corresponding to the interaction term between
day t; and being in the treated group, measures the DiD between treated and non-treated individuals in the probability
of getting the vaccine j days before/after the appointment, relative to the tenth day before the appointment. Error bars
indicate 95% confidence intervals.
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Figure A.6: Change in probability of vaccination: estimates from sample with precise
appointment date information, treated vs. untreated federal states
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Note: Coeflicient estimates for y_14 to y14 from equation (1) estimated on the sample of all five federal states. The sample
is restricted to observations where the appointment date is known with precision of three days or less. t_1¢ serves as the
baseline. The dependent variable is an indicator variable for individual 7 getting their first dose of the vaccine on day d.
The regression controls for prior COVID-19 recovery and federal state specific time trends and includes district and day
fixed effects. Standard errors are clustered on the municipal-level. The coefficient «;, corresponding to the interaction
term between day t; and being in the treated group, measures the DiD between treated and non-treated individuals in the
probability of getting the vaccine day j days before/after the appointment, relative to the tenth day before the appointment.
Error bars indicate 95% confidence intervals.
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Figure A.7: Change in probability of vaccination: estimates from sample with precise
appointment date information, Upper Austria
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Note: Coefficient estimates for y_14 to 14 from equation (2) estimated on the sample of Upper Austria. The sample
is restricted to observations where the appointment date is known a precision of three days or less. t_jg serves as the
baseline. The dependent variable is an indicator variable for individual ¢ getting their first dose of the vaccine on day
d. The regression controls for prior COVID-19 recovery and federal district specific time trends and includes day fixed
effects. Standard errors are clustered on the municipal-level. The coefficient v;, corresponding to day t;, measures the
difference in the probability of getting the vaccine j days before/after the appointment, relative to the tenth day before
the appointment. Error bars indicate 95% confidence intervals.
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Table A.1: Heterogeneous treatment effects by medical history using data from the
ATHIS.

Estimate SE t p
to -0.00 0.00 -0.47 0.64
Poor health xtg -0.02 0.01 -2.80 0.01
Influenza vaccinated xtg 0.03 0.02 1.72 0.09

Notes: Coeflicient estimates from extending Regression 2 by interacting to with variables on medial history from the Aus-
trian Health Interview Survey (ATHIS). Estimated on the sample of Upper Austria, Lower Austria, and Styria for which
survey response that was available (n = 708 individuals). Poor health is an indicator for self-reported subjective well-being
being “bad” or “very bad”. Influenza vaccinated is an indicator for having received an Influenza vaccine in the past. t_19
serves as the baseline. The dependent variable is an indicator variable for individual i getting their first dose of the vaccine
on day d. The regression includes district specific linear time trends and day fixed effects. Standard errors are clustered
on the municipality level.

Table A.2: Heterogeneous treatment effects by socio-economic groups

Estimate SE t p
to 0.02 0.00 9.12 0.00
Income bottom quartile xt 0.00 0.00 3.20 0.00
Income top quartile xt, -0.00 0.00 -5.66 0.00
Education compulsory Xt 0.01 0.00 6.22 0.00
Education university xt, -0.00 0.00 -3.46 0.00
Birth foreign xtg 0.01 0.00 6.38 0.00
Age 20-39 xtg -0.01 0.00 -7.57 0.00
Age > 60 xtg 0.01 0.00 2.58 0.01
Married Xt -0.00 0.00 -5.67 0.00
Unemployed Xxtg 0.00 0.00 1.83 0.07
Lives alone Xt 0.01 0.00 5.07 0.00
MFG voter share high xtg -0.00 0.00 -1.80 0.07
Vaccine skeptic GP share high Xt -0.00 0.01 -0.14 0.89
COVID incidence high xtg -0.00 0.00 -0.07 0.94

Notes: Coefficient estimates from extending Regression 2 by interacting to with sociodemographic variables. Estimated
on the sample of Upper Austria. t_1¢ serves as the baseline. The dependent variable is an indicator variable for individual
i getting their first dose of the vaccine on day d. The regression includes district specific linear time trends and day fixed
effects. Standard errors are clustered on the municipality level.
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B Original Vaccination Letter (German) and English
Translation
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Herr Max Musterfrau
Musterweg 1
1010 Musterstadt

lhr personlicher Termin fiir die Corona-Schutzimpfung ist da!

Die momentane Situation ist flr uns alle herausfordernd. Wir méchten alle die Corona-Pandemie so
schnell wie moglich hinter uns lassen und wieder unser gewohntes Leben fiihren. Die Corona-
Schutzimpfung ist derzeit die wichtigste und sicherste MalRnahme, um das zu erreichen.
Medizinisches Personal, Arzt:innen, Krankenpfleger:innen, in Osterreich und weltweit, empfehlen
die Corona-Schutzimpfung ausdriicklich.

Mit fortschreitender Dauer dieser Pandemie werden in ganz Osterreich — zum Schutz unserer
Gesellschaft —immer mehr Bereiche auf die 2-G-Regel (Zutritt nur fiir Geimpfte oder Genesene)
umgestellt. Zum Schutz lhrer eigenen Gesundheit — und damit Sie auch in Zukunft problemlos einen
normalen Alltag fiihren kdnnen — wurde fiir Sie eine Corona-Schutzimpfung reserviert:

Am 06. Dezember 2021 von 07.00 bis 19.00 Uhr

in der stadtischen ImpfstraBBe im Austria Center Wien
(1220 Wien, Bruno-Kreisky-Platz 1)

Wir laden Sie ein, dieses kostenlose Angebot in Anspruch zu nehmen. Bringen Sie zur Impfung bitte
lhren Lichtbildausweis und — wenn vorhanden - lhre e-card mit.

e  Mit der Corona-Schutzimpfung sinkt Ihr Risiko deutlich, auf der Intensivstation behandelt
werden zu miissen oder an COVID-19 zu versterben.

e Die Corona-Schutzimpfung schiitzt vor einer COVID-19-Erkrankung reduziert das Risiko fir
Langzeitfolgen stark.

e Und nicht zuletzt: Aufgrund des geringeren Erkrankungsrisikos schiitzen Sie mit einer
Corona-Schutzimpfung nicht nur lhre eigene Gesundheit, sondern auch die lhrer
Mitmenschen.

Sollten Sie zum reservierten Impftermin verhindert sein, kénnen Sie auch einen Alternativtermin
online unter www.oesterreich-impft.at/jetzt-impfen/ buchen. Fragen rund um die Corona-
Schutzimpfung kénnen auch telefonisch an die Corona-Hotline unter 0800 555 621 gerichtet werden.
Wenn Sie inzwischen bereits geimpft sind, wollen wir uns bei Ihnen dafiir ganz herzlich bedanken!

Absender 1 Absender 2
Signatur Signatur



5 wichtige Griinde fiir die Corona-Schutzimpfung

Niemand kann die Pandemie ,,aussitzen*:

e Eine Pandemie lasst sich nur gemeinsam lberwinden, dabei kommt es auf jede und jeden
Einzelnen an.

e Wer nicht gegen das Coronavirus geschitzt ist, wird sich frilher oder spater anstecken.

e Ungeimpfte Menschen —auch junge und vollkommen gesunde — kénnen sich anstecken und
erkranken.

Alle zugelassenen Corona-Impfstoffe sind sicher und hoch wirksam:

e Eine EU-Zulassung erfolgt nur nach Uberpriifung von Sicherheit und Wirksamkeit der
Impfstoffe in streng kontrollierten Prozessen.

e Allein in Osterreich wurden bereits iber 12 Millionen Corona-Schutzimpfungen verabreicht,
weltweit insgesamt Gber 7 Milliarden.

e Auch nach einer Zulassung erfolgt weiterhin eine laufende Bewertung der Sicherheit der
Impfungen.

Die Corona-Schutzimpfung ist wichtig fiir Menschen mit Kinderwunsch:

e Frauen, die wahrend der Schwangerschaft an COVID-19 erkranken, haben ein erhdhtes Risiko
flr Friihgeburten und einen schweren Erkrankungsverlauf.

e Studien belegen: Die Corona-Schutzimpfung beeinflusst nicht die Bildung der Plazenta. Das
Protein zum Aufbau der Plazenta verandert sich nicht.

e Es gibt keine Hinweise auf verminderte Fruchtbarkeit oder Impotenz. Auch der Kinderwunsch
geimpfter Personen hat sich erfullt.

e Die Corona-Schutzimpfung schadigt nicht das Erbgut und hat keine negativen Auswirkungen
auf Eizellen oder Spermien.

Der beste Schutz vor Langzeitfolgen ist die Impfung:

e Viele Menschen sind von Langzeitfolgen nach COVID-19 betroffen.

e Beschwerden reichen von Midigkeit, Erschépfung und eingeschrankte Belastbarkeit bis hin
zu Atembeschwerden, Geruchs- und Geschmacksstdérungen, Konzentrations- und
Gedachtnisproblemen.

e Aktuell ist nicht abschatzbar, wie lange diese Spatfolgen der Erkrankung andauern und wie
gut diese therapierbar sind.

e Die Impfung schiitzt davor!

Das Coronavirus kann gefidhrliche Erkrankungen verursachen, die Impfung schiitzt:

o Impfungen sind eine Erfolgsgeschichte, die Pocken konnten dank Impfungen ausgerottet
werden.

e Viele lebensbedrohliche Krankheiten — wie die Kinderlahmung — treten in Europa praktisch
nicht mehr auf, weil Menschen durch die Impfung geschitzt sind.

e Ein starkes Immunsystem ist keine Garantie fiir einen milden Verlauf einer COVID-19-
Erkrankung, auch junge und gesunde Menschen kdnnen schwer erkranken.



English translation

Your personal appointment for the COVID-19 vaccination is here!

The current situation is challenging for all of us. We all want to leave the COVID-19
pandemic behind as soon as possible and return to our normal lives. The COVID-19
vaccination is currently the most important and safest measure to achieve this. Medical

personnel, doctors, nurses, in Austria and worldwide, explicitly recommend
the COVID-19 vaccination.

As this pandemic continues, more and more areas throughout Austria are switching to
the 2G rule (access only for vaccinated or recovered individuals) to protect our society.
To protect your own health — and so that you can continue to lead a normal everyday
life without problems in the future — a COVID-19 vaccination has been reserved for you:

On December 6, 2021, from 7:00 AM to 7:00 PM
At the municipal vaccination center in the Austria Center Vienna
(1220 Vienna, Bruno-Kreisky-Platz 1)

We invite you to take advantage of this free offer. Please bring your photo
ID and — if available — your e-card to the vaccination.

e With the COVID-19 vaccination, your risk of needing intensive care or dying
from COVID-19 is significantly reduced.

e The COVID-19 vaccination protects against COVID-19 illness and greatly reduces
the risk of long-term effects.

e And last but not least: Due to the lower risk of illness, by getting vaccinated you
protect not only your own health but also that of others around you.

If you are unable to attend the reserved vaccination appointment, you can also book
an alternative appointment online at www.oesterreich-impft.at/jetzt-impfen/.
Questions about the COVID-19 vaccination can also be directed by phone to the COVID
hotline at 0800 555 621. If you have already been vaccinated, we would like to sincerely
thank youl!
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5 Important Reasons for the COVID-19 Vaccination

No one can “wait out” the pandemic:
e A pandemic can only be overcome together, and every individual counts.
e Those not protected against the coronavirus will sooner or later become infected.

e Unvaccinated people — even young and completely healthy — can become infected
and ill.

All approved COVID-19 vaccines are safe and highly effective:

e EU approval is granted only after safety and efficacy of vaccines are verified in
strictly controlled processes.

e In Austria alone, over 12 million COVID-19 vaccinations have already been admin-
istered; worldwide, over 7 billion.

e Even after approval, ongoing evaluation of vaccine safety continues.
The COVID-19 vaccination is important for people wishing to have children:

e Women who contract COVID-19 during pregnancy have an increased risk of pre-
mature birth and severe illness.

e Studies show the COVID-19 vaccination does not affect placenta formation. The
protein for placenta development remains unchanged.

e There is no evidence of reduced fertility or impotence. The desire to have children
has been fulfilled by vaccinated individuals.

e The COVID-19 vaccination does not damage genetic material and has no negative
effects on eggs or sperm.

The best protection against long-term effects is vaccination:
e Many people suffer from long-term effects after COVID-19.

e Symptoms range from fatigue, exhaustion, and reduced capacity to breathlessness,
smell and taste disorders, concentration and memory problems.

e [t is currently unclear how long these late effects last and how well they can be
treated.

e Vaccination protects against these!
The coronavirus can cause dangerous diseases; vaccination protects:
e Vaccinations are a success story; smallpox was eradicated thanks to vaccines.

e Many life-threatening diseases — such as polio — practically no longer occur in
Europe because people are protected by vaccination.

e A strong immune system is no guarantee of a mild course of COVID-19; even young
and healthy people can become seriously ill.
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C Preregistration

The main hypothesis and analysis were preregistered on OSF (Moeller et al., 2023) before
the data on appointment timing had been merged with the individual level data on the
server of the Austrian Micro Data Center (AMDC), that is, before any hypothesis tests
or searches for patterns related to treatment could be done. All analyses were conducted
on the AMDC servers. Here we provide an account of any deviations in the analyses
reported in the paper from the preregistration.

e The analysis planned in the preregistration was on the “sample of all unvaccinated
and non-recovered Austrian residents in July 2021”. The actual sample used in our
analysis is restricted to the five federal states Upper Austria, Lower Austria, Styria,
Salzburg and Carinthia for reasons of data availability described in Section 2. We
further restrict the sample to Austrian residents who had not received a COVID-
19 vaccine as of November 30, 2021 (rather than July 2021), because this is the
population who were eligible to receive treatment.

e We do not report estimates for treatment effect heterogeneity by place of residence
(urban or rural) or employment sector because data on these variables was incom-
plete or not available.

e We estimate treatment effect heterogeneity by local political preferences and by
proximity to vaccine skeptic GPs (Figure 7). These stratification variables were not
preregistered.

e We do not report estimates from LASSO regressions but instead report estimates
from an OLS regression interacting treatment with socioeconomic variables in Ap-
pendix Table A.2.
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