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Abstract

The coronavirus disease 2019 (COVID-19) pandemic led to sharp declines in public transit ridership, resulting in bud-
get shortfalls and service cuts that disproportionately affect vulnerable riders who lack alternative transportation options.
Understanding the effect of vaccination on public transportation demand is important for planning for demand recovery as
vaccination efforts progress. This study examines this effect, with a particular focus on heterogeneous effects across popu-
lation groups. Estimating the impact of vaccination is challenging due to a lack of fine-grained data and potential endogeneity
issues. To overcome these hurdles, we exploit the distinctive features of the COVID-19 vaccination progress to identify
an instrumental variable. By merging the U.S. COVID-19 vaccination data with county-level mobility data, we construct a
sample that links vaccination rates to the demand for public transportation and follow the instrumental variable approach to
estimate the impact. We show that higher vaccination rates led to increases in public transportation demand, as reflected in
mobility data from transit stations. Furthermore, we find the effect of vaccination on public transit demand is 50% greater in
counties with a larger uninsured population and 80% greater in counties with a higher share of residents without a college
degree. Our findings demonstrate that as vaccination efforts progress, public transit agencies should proactively strengthen
their infrastructure to accommodate the anticipated rise in ridership. A strategic, forward-looking approach will be critical
to ensuring a sustainable and effective recovery of public transportation systems.
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At this time last year, tens of millions of Americans were extreme budget shortfalls, forcing transit agencies to cut routes
riding subways, buses, trains, and street cars for their daily and delay planned expansions” (Vesoulis, 2020). These ser-
commutes, quietly paying the required fare in both directions. vice cuts are consequential because they can trigger a vicious
But in the dumpster-fire year of 2020, in which COVID-19 cycle—inadequate public transit service leads some riders to

upended how we live, that routine now seems inconceivable,
at least until a vaccine is widely available.
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I Introduction

Public transit ridership plummeted with the onset of the Coro-
navirus Disease 2019 (COVID-19) pandemic. By July 2020,
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switch to private or shared vehicles, further depressing rider-
ship and justifying even more limited service—and end up
hurting socioeconomically disadvantaged groups, including
low-income essential workers who depend on public transit
and cannot afford to switch to other options (Glaeser et al.,
2008).

Less than a year after the onset of the pandemic, sev-
eral effective vaccines were developed and authorized for
emergency use in the U.S. The unprecedented pace of devel-
opment, however, could not by itself end the pandemic; the
endgame was mass vaccination, a “mind-bogglingly complex”
operation (Weise, 2020). A distinctive feature of the U.S.
rollout was its parallel structure: Manufacturers ramped up
production capacity even as they shipped vaccines to states
on a weekly basis (Dai and Song, 2021). This tightly cou-
pled system—spanning production, distribution, delivery, and
administration—functions as a supply chain, offering a natu-
ral setting to study vaccination progress, as short-run shocks
in capacity, allocation, or lead times cascade through the net-
work and generate cross-county variation in vaccination rates
that shape transit-demand recovery.

The phenomenon of vaccine-fueled airline travel has
attracted substantial media attention (see, e.g., McCartney,
2021). By contrast, the impact of vaccination on public
transportation has been minimally discussed.! The rollout
of COVID-19 vaccines was envisioned as a stepping stone
towards the recovery of the public transportation sector
(Vesoulis, 2020). However, the near-term impact of vacci-
nation progress on the demand for public transportation is
not clear (Yen and Weber, 2021). This prompts the follow-
ing question: How does the progress of COVID-19 vaccination
influence the demand for public transportation? The answer to
this question could guide public transit agencies in their recov-
ery strategies, helping them preemptively ramp up services to
match the vaccine-buoyed demand and break the vicious cycle
of declining ridership (Vesoulis, 2020).

Nevertheless, estimating the causal effect of vaccination
progress is a daunting task because of two hurdles. One
hurdle is the lack of fine-grained vaccination and related
data (e.g., population mobility, travel, and public transporta-
tion)—systematic data-collection efforts were rare before the
COVID-19 pandemic. The other hurdle is potential endo-
geneity concerns in estimating the effect of vaccination. For
example, inclement weather may reduce vaccination rates and
public transportation demand. A familiar strategy to overcome
endogeneity concerns entails using an instrumental variable
(IV) approach. In an extensive literature review, Groenwold
et al. (2010: p. 132) conclude that finding a valid IV for
estimating the impact of influenza vaccination amounts to a
“mission impossible.”

Fortunately, the simultaneous production and distribution
of COVID-19 vaccines in the U.S. provide a unique opportu-
nity to overcome both hurdles. Unlike the limited data from
previous epidemics (e.g., the 2009-2010 HIN1 pandemic), the

allocation, distribution, and administration of COVID-19 vac-
cines were tracked and reported periodically. We also compiled
data from multiple sources to construct a comprehensive mea-
sure of population mobility across the U.S. Moreover, while
identifying a valid I'V for influenza or other vaccine rollouts is
typically difficult, the COVID-19 vaccine rollout offers a novel
instrument: vaccine eligibility across population groups. Eligi-
bility itself has little to do with population mobility but directly
drives vaccine distribution, and its effect on mobility operates
only through realized vaccination. Operationally, the eligibil-
ity rule acts as a supply-chain rationing shock, shifting vaccine
availability across counties without directly affecting mobility.
Figure 1 illustrates the interplay between vaccine eligibility,
vaccination, and mobility.

Using our IV approach, we estimate that a one-percentage-
point increase in the fully vaccinated population led to a
0.325-percentage-point increase in mobility in public tran-
sit centers. The result means that as more are vaccinated,
they are more inclined to use public transportation. In addi-
tion, we examine the heterogeneous impacts of COVID-19
vaccination on the demand for public transportation, with a
particular emphasis on vulnerable populations. Our analysis
reveals that socioeconomic factors, such as education level and
health insurance coverage, correlate with the impact of vacci-
nation on mobility in public transit stations. We find the impact
of vaccination on mobility is 80% larger in counties with
higher percentages of individuals without a college degree and
50% larger in counties with higher percentages of uninsured
individuals. These findings highlight the importance of con-
sidering the heterogeneous treatment effects in evaluating the
impact of vaccination on mobility, particularly among vulner-
able populations. Figure 2 shows the counties included in our
analysis.

Informed by our findings, it is critical that public transporta-
tion agencies coordinate with public health authorities during
apandemic. As vaccines are distributed, the demand for public
transportation is likely to increase. Therefore, transit agencies
should proactively expand their services to meet this surge
in demand. Our findings support investments aimed at restor-
ing and revitalizing public transportation service offerings in
advance of demand recovery, echoing the strategy adopted
by Metra, a commuter rail system in the Chicago metropoli-
tan area: “We want to be ahead of demand, because we don’t
want who haven’t ridden in a while to show up at the train
and encounter a crowded situation” (Freishtat, 2021). Such
investments help prevent long-term losses of demand for pub-
lic transportation and avoid a vicious cycle of deteriorating
public transportation options that end up hurting the most vul-
nerable groups who have few outside options. Our findings
provide an empirical foundation for revitalizing public transit
in the wake of a pandemic, emphasizing the need for proactive
measures in anticipation of vaccine-fueled demand recovery.
In the aftermath of the COVID-19 crisis, this strategy promotes
the resilience of public transportation systems and equips them
to effectively address the needs of vulnerable populations.



Zhong et al.

Unobservable
Confounder
G“é{d(\ //' '\\.
?f*ogﬁd‘\'\o e 3 N
P & N
/'/ \ .
y Z %%
Vaccine Eligibility Relevance Vaccination Mobility
(Instrument) Condition (Treatment) (Outcome)

Figure 1.

Relationship between vaccine eligibility, vaccination, and mobility.
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Figure 2. Counties included in the analysis.

2 Literature Review

Our paper contributes to the healthcare operations manage-
ment literature, which is dedicated to “providing affordable
and inclusive access to quality healthcare in a timely man-
ner” (Dai and Tayur, 2020: p. 869). More specifically, we
contribute to six related streams: Vaccination, public trans-
portation, transportation and health, the COVID-19 pandemic,
social inequality, and empirical operations.

First, the design, manufacturing, contracting, and distribu-
tion of vaccines, especially influenza vaccines, is a vibrant
topic that has attracted much attention from the operations
management community (see, e.g., Arifoglu et al., 2012;
Arifoglu and Tang, 2022; Bertsimas et al., 2022; Bravo et al.,
2025; Chick et al., 2017, 2008; Craft et al., 2005; Cummings
etal.,2021; Daietal.,2016; Deo and Corbett, 2009; Mak et al.,
2022; Ozaltin et al., 2011; Tebbens and Thompson, 2009;
Yamin and Gavious, 2013). To our knowledge, other than the

recent work by Niewoehner and Staats (2022), literature in this
field is mostly theoretical, notwithstanding that several papers
(e.g., Bertsimas et al., 2022; Bravo et al., 2025; Deo and Cor-
bett, 2009; Mak et al., 2022) use real-world vaccination data.
Our paper contributes to this literature by empirically estimat-
ing the impact of vaccine rollouts on the demand for public
services.

Second, the operations management literature on pub-
lic transportation focuses on system optimization and user
engagement. Lodi et al. (2016) develop methods for optimiz-
ing contractual relationships between public transit agencies
and operators, focusing on aligning incentives for improved
service levels. Siddiq et al. (2022) investigate incentive mech-
anisms to encourage public transit adoption, examining the
effectiveness of subsidies and private sector partnerships. Gib-
son et al. (2023) demonstrate the benefits of optimized pattern
transportation in health care settings, providing insights into
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efficient resource allocation. Manou et al. (2024) explore the
dynamics of strategic customer behavior at transit stations,
analyzing the impact of pricing and information on service
use. Taken together, these studies illustrate the multifaceted
challenges of managing and improving public transportation
systems and provide a rich context for our investigation of the
effects of external factors, such as health interventions, that
have not previously been studied.

Third, our paper aligns with the operations management
and transportation economics literature on the interaction
between transportation and health. Wang et al. (2022) estimate
the effect of the airline transportation network on the sharing of
kidneys for transplantation across geographical regions. Using
an online survey of cancer patients, Etminani-Ghasrodashti
et al. (2021) show the quality of transportation options affects
patients’ travel behavior and plays an important role in shap-
ing their decisions to stop or continue treatments. A systematic
literature review conducted by the Centers for Disease Control
and Prevention (2018) identifies evidence that introducing or
expanding public transportation services has significant pub-
lic health benefits, including fewer traffic accidents, better air
quality, and improved physical fitness. In contrast to these
papers that focus on how transportation affects public health
and access to healthcare, our paper is possibly the first to exam-
ine the impact of healthcare—in this case, COVID-19 vaccina-
tion—on transportation, which has important implications for
public transit riders, especially socioeconomically disadvan-
taged groups whose mobility depends on public transportation
(Glaeser et al., 2008).

Fourth, the COVID-19 pandemic has inspired a new stream
of operations management literature on topics ranging from
nonpharmaceutical interventions (e.g., Kaplan, 2020; Wang,
2022) and forecasting (e.g., Betcheva et al., 2024) to diagnos-
tic testing (e.g., Dai and Singh, 2025; Jain et al., 2024). A few
recent papers, including those by Chen et al. (2020); Jain et al.
(2020); Pekoz et al. (2020); Song et al. (2020); Sun and Wang
(2021), and Wang et al. (2024), examine the effect of the pan-
demic on healthcare delivery. Different from these papers, ours
is among the very few papers (e.g., Bertsimas et al., 2022; Mak
et al., 2022) that study COVID-19 vaccination.

Fifth, our study is related to the operations management
literature on social inequality. Ganju et al. (2020) study the
role of clinical decision support systems (CDSSs) in miti-
gating systematic bias among Black patients and find that
the imposition of standardized protocols via CDSS in hos-
pitals reduces amputation rate disparities between Black and
White patients. Samorani et al. (2022) examine racial dispar-
ities in medical appointment scheduling and find that Black
patients wait longer than non-Black patients in scheduling
systems that maximize clinic performance. Cui et al. (2022)
study the effect of the COVID-19 lockdown on female and
male academic research productivity in the social sciences and
find that the productivity of female academics falls signifi-
cantly relative to that of male academics. Wang (2022) studies
the effect of stay-at-home orders on resident mobility and

finds that uninsured and less educated residents are less likely
to comply with the orders because their jobs prevent them
from working from home. Sun and Wang (2021) investigate
whether the expansion of telehealth during the COVID-19 pan-
demic reduces rural-urban disparities in access to care and find
that the expansion benefits urban populations more than their
rural counterparts. Extending the discussion to technologi-
cal advancements, Liu et al. (2023) investigate the potential
of artificial intelligence to alleviate inequalities, uncovering
that the effects vary significantly by skill level. By examin-
ing these diverse yet interconnected issues, our study adds to
the discourse by demonstrating how vaccination can reduce
inequality.

Finally, from a methodological perspective, our work is
connected to a large body of empirical operations manage-
ment literature that uses an IV approach to address problems
arising from the healthcare industry; see KC (2018); KC et al.
(2020), and Terwiesch et al. (2020) for comprehensive reviews
of'this literature. For example, in characterizing the unintended
consequences of hospital capacity pooling, Song et al. (2020)
use measures of preadmission service utilization as IVs to
infer the causal effect of assigning patients from a fully occu-
pied inpatient service to a bed in a different service category.
As another example, Kim et al. (2015) use an indicator of
ICU busyness (i.e., whether ICU bed occupancy is above the
95th percentile) as an IV to estimate the effect of denied ICU
admission on patient outcomes. Other applications of the IV
approach to the healthcare operations literature include Bartel
et al. (2020); Ibanez et al. (2018); Jin et al. (2023); KC and
Terwiesch (2011); Lu et al. (2018), and Wang et al. (2023).
Joining this literature, our paper identifies a novel IV to esti-
mate the impact of the vaccination progress, achieving what
was previously deemed a “mission impossible” (Groenwold
etal., 2010: p.132), albeit for the case of influenza vaccination.

3 Background and Data

In this section, we first describe the relevant background infor-
mation in Section 3.1. Next, in Section 3.2, we introduce
the six main data sources used in the study and explain how
we prepare and merge these datasets to form a panel at the
county-day level for our empirical estimation.

3.1 U.S. COVID-19 Vaccine Rollout

As of May 2021, three COVID-19 vaccines, manufactured by
Pfizer/BioNTech, Moderna, and Johnson & Johnson, respec-
tively, were distributed in the U.S. These three vaccines were
authorized by the Food and Drug Administration (FDA) for
emergency use for adults on December 11, 2020, Decem-
ber 18, 2020, and February 28, 2021, respectively. Of these
three vaccines, the Pfizer/BioNTech and Moderna vaccines are
based on messenger RNA (mRNA) technology and require
two doses for a recipient to be considered fully vaccinated,
whereas the Johnson & Johnson vaccine is based on viral vec-
tor technology and requires a single dose. The recommended
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interval between two vaccine doses is three weeks for the
Pfizer/BioNTech vaccine and four weeks for the Moderna vac-
cine. Due to its relatively late approval and limited production
capacity, the Johnson & Johnson vaccine accounts for only a
small proportion—3.43% as of September 30, 2022, accord-
ing to the CDC? —of COVID-19 vaccines administered in the
U.S. In April 2021, the U.S. government suspended the distri-
bution of the Johnson & Johnson vaccine after the emergence
of cases of blood clotting.

December 14, 2020, marked the first day of administer-
ing the Pfizer/BioNTech vaccine.> With the three-week lead
time between the two doses, January 4, 2021, was the earli-
est date on which an individual could be fully vaccinated. The
U.S. COVID-19 vaccine rollout was initially sluggish, with
only 2 million doses administered by the end of 2020, signifi-
cantly below the 20-million-dose target (Dai and Song, 2021).
To provide guidance for the planning and implementation of
the COVID-19 vaccination program, the Advisory Committee
on Immunization Practices (ACIP) has advised on the popu-
lation groups and circumstances for vaccine use, prioritizing
essential workers in healthcare and residents of long-term care
facilities in the initial phase to focus on averting deaths. As the
vaccine supply increased, more individuals became eligible for
the vaccine based on age, occupation, and underlying health
conditions. However, because some states designed their own
vaccination programs, variations may exist in the eligibility
rules outlined by the CDC (Raifman et al., 2020). The pace of
vaccine rollout accelerated after January 2021 and peaked on
April 12,2021, with a seven-day average of 3.49 million doses
administered per day.* As of June 30, 2021, the seven-day
average number of daily doses remained around 0.58 million.

3.2 Data Description and Preparation

Our study builds on six data sources covering different aspects
such as mobility, vaccine administration, vaccine eligibility,
economic conditions, weather and holidays, and a suite of
auxiliary county- and state-level variables used for the het-
erogeneity analysis and robustness checks. In the following
section, we describe each data source in detail and explain our
process for preparing the data for empirical analysis.

First, we obtained mobility data from Google’s COVID-19
Community Mobility Reports.> This dataset provides aggre-
gated, anonymized information about changes in mobility
trends relative to a pre-COVID baseline, enabling insights into
behavioral shifts during the pandemic (Aktay et al., 2020).
The mobility index was computed as the percentage change in
mobility relative to the baseline, defined as the median value
for the corresponding day of the week from January 3, 2020,
to February 6, 2020. Changes were tracked across six loca-
tion categories: transit stations, grocery and pharmacy stores,
retail and recreation facilities, parks, workplaces, and residen-
tial areas. In this study, we focus specifically on the transit
station category, which includes public transportation hubs
such as bus stops, subway stations, and train stations. Metrics

for this category are calculated based on signals such as the
number of visits and visit duration, aggregated across users.
The anonymization process employed by Google ensures that
no personal or identifiable data are used, employing techniques
such as differential privacy and noise addition to protect indi-
vidual privacy. Mobility data were collected daily, and metrics
are published at varying geographic levels, including counties,
with rigorous thresholds to ensure statistical reliability. For
instance, geographic regions with fewer than 100 contribut-
ing users or less than 3 square kilometers are excluded. In this
study, we used county-level transit station mobility data from
February 15, 2020, to June 30, 2021, a time frame that allows
us to analyze mobility patterns during the pandemic and vac-
cination rollout phases and ensure the data are robust, reliable,
and privacy-preserving.

Second, we collected county-level COVID-19 vaccine dis-
tribution and administration data about the COVID-19 vacci-
nation in the U.S. from the CDC.® This dataset was updated
daily with new vaccination information until June 22, 2022,
and then updated weekly thereafter. However, our empiri-
cal analysis focuses on the period ending June 30, 2021,
well before the CDC’s reporting frequency changed. During
our study period, all reported data were available on a daily
basis, ensuring consistent temporal granularity. Related to the
measurement of vaccination progress, the data contain many
vaccination-related variables, such as the vaccination of the
first dose, the second dose, and the booster shot among var-
ious populations. They report the raw number as well as the
population percentage in each county or state on each day.

Third, to gather information on vaccine eligibility, we lever-
aged the COVID-19 State Policy database (Raifman et al.,
2020), which details how each state structured its vaccine roll-
out across various priority groups. Guided by the CDC’s rec-
ommendations (Dooling et al., 2020), states determined their
vaccine distribution schedules by considering multiple factors,
including age, occupation, and underlying health conditions.
Although some states and counties incorporated additional eli-
gibility criteria beyond age and frontline healthcare worker
status—such as certain underlying conditions or other essen-
tial occupations—these more specialized categories were not
uniformly or consistently documented at the county level dur-
ing our study period. To ensure a standardized, widely appli-
cable measure of eligibility across all counties, we focus on
the two core dimensions that were well-documented and con-
sistently implemented: Age-based eligibility and healthcare
worker eligibility. We drew on population age and occupation
distribution data from the 2015-2019 American Community
Survey (ACS) (Census Bureau, 2022) and cross-referenced
these data with the CDC’s occupational classifications (Cen-
ters for Disease Control and Prevention, 2021) to identify
healthcare workers. By combining the state-level policies out-
lined in the COVID-19 State Policy database with the ACS
demographic and occupational data, we constructed a measure
that reflects the share of the population eligible for vaccination
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at each phase of the rollout. As states expanded eligibil-
ity from healthcare workers and older adults to younger age
groups, our measure captured these changes. This approach
ensures the constructed eligibility measure aligns closely with
the initial, well-tracked criteria—age and healthcare worker
status—while acknowledging that additional eligibility fac-
tors were present but lacked the necessary data quality and
coverage for inclusion.

Fourth, to account for local economic conditions that may
jointly influence both transit-station mobility and vaccination,
we used county-level unemployment rates at the monthly level
from the Bureau of Labor Statistics’ Local Area Unemploy-
ment Statistics (LAUS) program (Bureau of Labor Statistics,
2024). The series reports the share of the labor force that
is unemployed in each county on a monthly basis; we inter-
polate these values to the monthly frequency and assign the
resulting rate to every county—day observation. Unemploy-
ment is a direct indicator of economic slack: higher rates may
dampen commuter flows and constrain individuals’ ability or
inclination to seek vaccination, whereas tighter labor markets
may have the opposite effect. By incorporating the unem-
ployment rate in one of our model specifications, we aim to
mitigate concerns that contemporaneous labor-market fluctu-
ations, rather than vaccination progress, drive the observed
changes in transit mobility.

Fifth, realizing both mobility and vaccination may be
affected by weather, we obtained daily weather information
(e.g., temperature and precipitation) at various weather obser-
vation stations across the U.S. from the National Centers for
Environmental Information.” To obtain a county-wise mea-
surement, we calculated the averages based on the information
reported by weather observation stations within the county. In
addition, we obtained the federal holiday schedule from 2020
to 2021 from the Office of Personnel Management because
’s movement and vaccination patterns might change during
holidays.®

Finally, to perform additional analyses, we obtain county-
characteristics data (e.g., the percentage of the population
uninsured and the percentage of the population who hold
a college degree) from the County Health Rankings and
Roadmaps (CHR&R) program created by the Population
Health Institute at the University of Wisconsin,’ statewide
policies from Boston University’s COVID-19 US State Policy
Database,!® COVID-19 cases data from the New York Times
GitHub repository,'! state-level vaccine allocation data from
the CDC,'? visit patterns data from SafeGraph Inc,'3 and
state-level Weekly Economic Conditions Index.'*

To ensure consistency across different types of data, we
compiled the data at the county level. The data preparation
and integration process entailed merging the mobility, vaccine
administration, and weather data using the date and Federal
Information Processing Standard (FIPS) code for each county
as key identifiers. Subsequently, we linked the aggregated data
with county-level vaccine eligibility information through the
FIPS code and combined them with holiday information based

on the date. The final consolidated dataset incorporated 47
states and the District of Columbia from December 15, 2020,
to June 30,2021. We excluded Alaska and Hawaii due to a lack
of consistent mobility records throughout our analysis period,
and we excluded Texas because the CDC reported incomplete
vaccination records before October 22, 2021.

4 Empirical Model

In this section, we first describe the variables of interest. We
then discuss the empirical challenges of using an ordinary
least squares (OLSs) regression model to establish causality.
Finally, we present our identification strategy by introducing
an IV specific to COVID-19 vaccination progress.

4.1

To assess the impact of vaccine rollouts on mobility, we focus
on the public transportation sector for three reasons: (1) It
is one of the sectors most severely affected by the pandemic
(Sylvers, 2020); (2) its recovery serves as a reliable indica-
tor of progress toward pre-pandemic normalcy, as anticipated
from the mass-vaccination campaign (Vesoulis, 2020); and (3)
it plays a significant role in the daily lives of millions of Amer-
icans, particularly socioeconomically disadvantaged groups
who predominantly rely on public transportation and possess
limited alternatives (Glaeser et al., 2008). With this focus in
mind, we represent the mobility of residents in county i on
day ¢ as Mobility,,. As outlined in Section 3.2, Mobility,, cor-
responds to the percentage change in mobility compared to
pre-COVID values.

In our main and supplemental analyses, we focus on mobil-
ity at transit stations, which include public transportation hubs
such as bus stops, subway stations, and train stations. Google’s
COVID-19 Community Mobility Reports measure mobility
relative to baseline days, meaning our dependent variable is
negative when mobility falls below the baseline and positive
otherwise. We use the original mobility measure rather than
its log transformation because (1) the original distribution is
approximately normal and (2) a log transformation of a relative
measure complicates interpretation.

To ensure data integrity and comprehensiveness, we restrict
our analysis to counties that meet specific inclusion criteria.
The Google Community Mobility Reports rely on personal
visits to transit centers, which may result in incomplete records
in rural areas or regions where public transportation is not a
primary commuting mode. Consequently, of the 3,142 U.S.
counties, we exclude 2,416 due to missing or incomplete tran-
sit mobility data. Additionally, we exclude 68 counties in
Texas due to incomplete vaccination records before October
22,2021, as reported by the CDC.

Our final sample comprises 658 counties, representing 21%
of all U.S. counties but accounting for approximately 65% of
the total U.S. population. Because these counties encompass a
substantial share of the population and include regions where

Variable Description
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public transportation plays a critical role in daily life, our find-
ings remain broadly applicable to areas where transit mobility
is most relevant.

Our main independent variable is the percentage of the
population vaccinated. This variable may be measured in two
ways: (1) The percentage of the population fully vaccinated in
county i on the day before day ¢ (denoted by Vaccination,,_,),
and (2) the percentage of the population who receive at least
the first dose of vaccine in county i on the day before day ¢
(denoted by FirstDoseVaccination,,_,). In the main analysis,
we use Vaccination;,_, as an independent variable. As a robust-
ness check, we use FirstDoseVaccination;,_, as an alternative
independent variable. Our main analysis uses a one-day time
lag between vaccination and mobility to address a potential
concern that increased mobility may result from traveling for
vaccination. To understand the effect of a time lag, we perform
a robustness check in Section 5.4.11 to analyze the effect of
vaccine rollouts on mobility with several lagged versions of
the vaccination variable.

Economic conditions may shape both vaccination and
transit-station mobility, so we introduce the county-level
unemployment rate, denoted by UnemploymentRate,,, as our
control for economic conditions. We assign the rate reported
for calendar month m to every county—day observation (i, f)
that falls within that month. Higher unemployment typically
signals weaker local economic activity—reducing commuter
flows through transit hubs and limiting households’ time or
resources to seek vaccination—whereas tighter labor markets
may have the opposite effect. By absorbing these simulta-
neous demand- and supply-side shocks, UnemploymentRate;,
helps isolate the causal impact of vaccine rollouts on mobil-
ity. As a robustness check (see Section 5.4.5), we re-estimate
the model with an alternative economic indicator—the state-
level Weekly Economic Conditions Index (WECI; Baumeister
et al., 2024).

The weather may impact both mobility and vaccination.
Adverse weather conditions may negatively impact immuniza-
tion on both the demand and supply sides by limiting the
mobility of individuals. On the demand side, citizens may
be reluctant to get vaccinated due to the inconvenience of
commuting during inclement weather. On the supply side,
vaccination centers may face shutdowns or partial operations
due to adverse weather conditions (see, e.g., Petrie, 2021).
To control for the effect of weather, we include the maxi-
mum temperature (denoted by MaxTemperature;,), minimum
temperature (denoted by MinTemperature,,), and precipitation
(denoted by Precipitation;,) in county i on day ¢ as additional
independent variables.

Another important factor that may affect both mobility and
immunization is holidays. For example, residents are more
likely to travel during holidays to gather with family and
friends. At the same time, residents are less likely to be vac-
cinated during holidays for two reasons. First, residents are
more likely to have other plans during the holidays. Second,
vaccination sites may be closed or partially closed during

holidays (see, e.g., Florida Department of Public Health in
Orange County, 2021). To control for the effect of holidays,
we include a vector of holidays (denoted by Holiday,) as
additional independent variables.'>

A complete definition of every variable, along with its
summary statistics, is provided in Section 5.1.

The relationship between the dependent and independent
variables can be described as

Mobility,, =y, + y, Vaccination;,_, + y,UnemploymentRate,,
+ y3Weather;, + y,Holiday,

+ ysCounty; + ycDay, + €, €))
where Weather, = {MaxTemperature,, MinTemperature;,,
Precipitation,, } and €;, denotes an error term. Note we include
county fixed effects (denoted by County;) to capture the
systematic differences across counties and day fixed effects
(denoted by Day,) to capture the time trends of mobility over
different days of a week.

We are particularly interested in the coefficient y,, because
it describes the relationship between vaccination and mobility.
A positive coefficient indicates that an increase in vaccina-
tion leads to increased mobility, whereas a negative coefficient
indicates otherwise. Note our estimation will be biased if the
error term (i.e., €;,) correlates with both the dependent variable
(i.e., Mobility,) and the independent variable of interest (i.e.,
Vaccination,,_,). The coefficient y, indicates the correlation
between economic conditions and mobility. The coefficient y;
indicates the correlation between weather and mobility, and y,
indicates the correlation between holiday and mobility. Finally,
7s and y, indicate the differences in mobility across counties
and over time, respectively.

4.2

Using equation (1) to estimate the effect of vaccine rollouts on
mobility presents an endogeneity issue when the error term,
€;,, correlates with both the dependent variable, Mobility;,, and
the independent variable of interest, Vaccination,,_, . For exam-
ple, an increase in COVID-19 infections may reduce mobility,
because residents are worried about being infected when they
travel. At the same time, an increase in COVID-19 infec-
tions may increase vaccination, because residents are more
aware of the risks of COVID-19 and the benefits of vacci-
nation. Although controlling for observable features such as
COVID-19 infection is possible (see Section 5.4.2), we cannot
control for unobservable features (e.g., health consciousness)
that affect both mobility and vaccination.

In this study, we propose using the percentage of the pop-
ulation eligible for vaccination in county i on the day before
day ¢ (denoted as VaccineEligibility,,_,) as an IV for vaccina-
tion (i.e., Vaccination,,_,). Previous studies, such as those by
Agrawal et al. (2021) and Aslim et al. (2024), have used vac-
cine eligibility as an IV to examine the relationship between

Identification Strategy
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vaccine administration and health outcomes at the individual
level.

Our study extends this approach by focusing on vaccine
eligibility at the population level. The motivation for this
approach is that during the COVID-19 vaccine rollout, states
made vaccines available based on factors such as age, under-
lying health conditions, and occupation. Consequently, the
proportion of the eligible population would have a direct
impact on the number of doses administered, thus meeting
the relevance criterion of a valid IV. Consistent with previ-
ous studies, we calculate vaccine eligibility primarily based
on age (Agrawal et al., 2021; Aslim et al., 2024). In addi-
tion, our study differs from previous studies by calculating the
percentage of essential healthcare workers eligible for the vac-
cine during the initial phase, providing a more comprehensive
representation of the initially eligible population.

To determine the vaccine eligibility variable, we obtained
the dataset on the age and occupational distribution of the
population from the 2015-2019 ACS conducted by the U.S.
Census Bureau (Census Bureau, 2022) and matched it with
the categorization of healthcare workers based on the CDC
guideline (Centers for Disease Control and Prevention, 2021).
We test the relevance criterion through a first-stage regres-
sion in which the dependent variable is vaccination and the
independent variables are vaccine eligibility and other control
variables.

Our proposed 1V is likely to meet the exogeneity criterion
because the process of phasing in the vaccine based on eligi-
bility criteria does not directly affect mobility in each county.
State administrators determine the population eligible for the
vaccine primarily based on age group, so the percentage of
the eligible population does not affect mobility. To account
for the possibility that older individuals, who are more likely
to be eligible for the vaccine in the earlier phase, may have
reduced mobility regardless of the administration process, we
include county fixed effects in our analysis. These fixed effects
account for county-level characteristics, such as the percent-
age of elderly individuals and transportation infrastructure,
that may directly affect mobility.

4.3

In the main analysis, we use the two-stage least squares
(2SLSs) approach to estimate the effect of vaccine roll-
outs. In the first stage, we regress the endogenous variable,
Vaccination,,_,, over the IV and other exogenous variables:

IV Regression

Vaccination;,_, = oy + a, VaccineEligibility,,_,
+ a, UnemploymentRate;, + oz Weather,,
+ a,Holiday, + asCounty; + agDay, + &,
2

where the coefficient «; indicates the relation between
Vaccination;,_; and VaccineEligibility,_,. A statistically sig-
nificant coefficient would suggest our IV has a strong first

stage. We use the first-stage regression model to predict the
endogenous variable (denoted by Vaccmni,_l).

In the second stage, we regress the dependent vari-
able, Mobility,, over the predicted endogenous variable,
chc%%n,,_l, from the first stage and other exogeneous
variables:

Mobility,, = By + By Vacc%z%nit_1
+ p,UnemploymentRate,,
+ p; Weather;, + p,Holiday,

+ psCounty; + fsDay, + &, 3)
where the coefficient of interest is f;;. A positive coeffi-
cient indicates an increase in vaccination leads to increased
mobility, whereas a negative coefficient indicates otherwise.
Comparing y, in equation (1) and f; in equation (3) allows us
to understand whether our proposed IV effectively addresses
potential endogeneity issues.

5 Results and Discussion

In this section, we first provide summary statistics of our data
in Section 5.1. We then present the results from our proposed
IV regression in Section 5.2. In addition, we construct a mod-
ified IV regression model to examine heterogeneous impacts
of vaccination on public transportation mobility in vulnera-
ble populations in Section 5.3. Finally, we perform extensive
robustness checks for our main model results in Section 5.4.

5.1

Our dataset covers 658 counties from December 16, 2020, to
June 30, 2021. Table A1 provides the definition and summary
statistics of the dependent and key independent variables.
For ease of interpretation, we have multiplied the variable,
Vaccination, by 100. The dependent variable, Mobility, has a
mean of —8.53 with a standard deviation of 30.72. Because
the dependent variable measures mobility relative to baseline
days, the negative mean of this variable suggests the average
mobility during our study period has not recovered to the base-
line mobility yet. The main independent variable of interest,
Vaccination, has a mean of 15.87 and a standard deviation
of 15.61. This variable has a wide variation for two reasons.
First, the percentage of the fully vaccinated population dif-
fers across counties on a given day. Second, the percentage of
the population fully vaccinated increases over time in a given
county.

To complement the summary statistics and provide a clearer
picture of the trends in mobility and vaccination rates over our
study period, we present two visualizations in Figure 3. The
left panel of Figure 3a illustrates the daily mobility at transit
stations from December 16, 2020, to June 30, 2021. The black
line represents the average mobility across all counties, and
the shaded area depicts the range between the minimum and

Summary Statistics
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Figure 3. Trends in mobility and vaccination across 658 counties from December 16, 2020, to June 30, 2021. (a) Mobility trends at
transit stations; (b) Vaccination trends over time. The shaded areas indicate the range (min-max) across counties, and the lines represent

the average values.

maximum mobility values observed each day. This graph high-
lights the variability in mobility patterns across counties, as
well as the gradual increase in mobility over time, although it
remained below pre-pandemic baseline levels throughout the
study period. Similarly, the right panel of Figure 3b depicts
the vaccination rate during the same period. The black line
represents the average percentage of fully vaccinated individ-
uals across counties, and the shaded area reflects the range
between the minimum and maximum vaccination rates. The
graph demonstrates a steady increase in vaccination rates over
time, with significant variation across counties.

These figures align with our dataset’s summary statistics,
further emphasizing the heterogeneity in mobility and vac-
cination trends. They provide visual context to the temporal
progression of these key variables, which is crucial for under-
standing the dynamics examined in the regression analyses
that follow.

5.2 Main Results

To verify the instrument’s relevance, we estimate the first-
stage regression in equation (2). The coefficient of lacci-
neEligibility is 0.303 and is statistically different from zero
at the 1% significance level, indicating a significant relation-
ship between the instrument and vaccination. Substantively, a
one-percentage-point increase in eligibility raises vaccination
by roughly 0.303-percentage-point. The first-stage F-statistic
of 926.7 comfortably exceeds conventional weak-instrument
thresholds, further confirming that the instrument is strong.

The positive sign of the coefficient corroborates the expected
positive association between the share of the population eligi-
ble for vaccination and the share fully vaccinated. Next, we
formally analyze the effect of vaccine rollouts on mobility
by using the 2SLS regression (see Section 4.3). Column (2)
of Table 1 presents the results from the IV regression. The
coefficient of the variable, Vaccination, is positive and signif-
icantly different from zero at the 1% significance level, which
suggests that an increase in vaccination increases mobility.
Because our dependent variable measures residents’ mobility
relative to the baseline days, the coefficient of 0.325 means a
one-percentage-point increase in vaccination increases mobil-
ity by 0.325-percentage-point. The Durbin—Wu—Hausman test
strongly rejects the null hypothesis that Vaccination is exoge-
nous (F-statistics = 406.5, p < 0.01), indicating endogeneity
and confirming that the IV specification is preferred to OLS.
To gauge how vulnerable this IV estimate is to any remain-
ing omitted confounders, we apply the Cinelli-Hazlett’s IV
sensitivity analysis procedure (Cinelli and Hazlett, 2025): the
robustness value is 0.117, implying that an unobserved factor
would have to explain at least 11.7 % of the residual variance
in both the first-stage and reduced-form equations to erase
statistical significance—far more influence than county unem-
ployment or any weather variable exhibits. We also conduct
the OLS regression and find that the coefficient of Vaccination
is positive and statistically significant (see Column (1) of
Table 1). However, the magnitude is smaller than in the IV
regression, likely due to omitted variable bias. For example,
during COVID-19 case surges, factors like lockdowns or rising
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Table |. Main results.

(1) OLS 2)Iv (3) IV (Nonlinear)  (4) High uninsured  (5) Low education
Panel A. Main effects
Vaccination 0.216**  0.325%** 0.630%**
(0.023) (0.025) (0.073)
Vaccination? —0.008"**
(0.001)

Panel B. Heterogeneous effects
Vaccination 0.255%** 0.239%*

(0.027) (0.027)
Vaccination X HighPercentUninsured 0.126***

(0.043)
Vaccination X HighPercentNoCollegeDegree 0.192%**

(0.043)

Controls
Unemployment rate Included Included Included Included Included
Weather Included Included Included Included Included
Holiday Included Included Included Included Included
County fixed effects Included Included Included Included Included
Day fixed effects Included Included Included Included Included
Adjusted R? 0.821 0.820 0.825 0.819 0.820
Observations 129,626 129,626 129,626 129,626 129,626

Ep < 0.01, ¥p < 0.05, *p < 0.1. The dependent variable is mobility in transit stations. Column (3) presents the nonlinear effect of Vaccination variable;
Columns (4) and (5) interact vaccination with indicators for counties in the top half of uninsured populations and of adults without a college degree,
respectively. Robust standard errors clustered by county are in parentheses. [V = instrumental variable; OLS = ordinary least square.

health concerns reduce mobility while simultaneously increas-
ing vaccination efforts, biasing the OLS estimate downward.
The IV approach addresses this issue by isolating the causal
effect of vaccination.

5.2.1 Nonlinear Effect of Vaccination. The baseline specifica-
tion assumes a linear relationship between vaccination and
transit mobility. To test for potential non-linearity, we re-
estimate the 2SLS by adding the square of vaccination ,
Vaccination®, as an endogenous regressor.

Column (3) of Table 1 reports the results of the nonlinear
specification. Our analysis finds the coefficient of Vaccination
is 0.630 and is statistically different from zero, indicating
vaccination has a significant impact on public transportation
mobility. The coefficient of Vaccination® is negative and statis-
tically significant at the 1% significance level, which suggests
the marginal effect of vaccination on public transportation
mobility diminishes as vaccination increases. The magnitude
of the first-order effect is almost two times larger than that
estimated in the main analysis without the quadratic term,
indicating a large initial boost in public transportation use
following vaccination.

5.3 Heterogeneous Impacts of Vaccination

We now examine the heterogeneous impacts of vaccination on
demand for public transportation, with a particular focus on

vulnerable populations. The COVID-19 pandemic has exac-
erbated socioeconomic inequalities and exposed the issue
of vaccine inequality, making it critical to understand how
vaccination affects mobility in light of such inequalities.

A recent cross-sectional study, analyzing over 4 mil-
lion COVID-19 cases and 150,000 COVID-19 deaths, shows
socioeconomic risk factors are linked with elevated COVID-
19 incidence and mortality rates (Karmakar et al., 2021). The
disparity in vaccination is also more pronounced for COVID-
19 vaccines than for seasonal influenza vaccines, and socioe-
conomic factors, such as education level, play a significant role
in vaccine disparities (Agarwal et al., 2021). Moreover, socioe-
conomic factors influence mobility patterns and transportation
choices, with disadvantaged populations relying heavily on
public transportation (Glaeser et al., 2008; Perchoux et al.,
2014).

Given these complex relationships, considering the hetero-
geneity in treatment effects by incorporating key features of
vulnerable populations, such as the percentage of the unin-
sured population and the percentage of the population without
a college degree, is important. These two features signify
socioeconomic disadvantages that may have far-reaching con-
sequences, including, but not limited to, affecting access to
healthcare and accurate information, leading to differential
vaccine behaviors and transportation patterns. For example,
research has demonstrated that individuals with these disad-
vantages are less likely to follow vaccine recommendations
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Figure 4. Mobility trends stratified by socioeconomic characteristics. The left panel shows mobility trends by health insurance status,
and the right panel shows trends by education level. The shaded region is the calculated 95% confidence interval.
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Figure 5. Vaccination trends stratified by socioeconomic characteristics. The left panel shows vaccination trends by health insurance
level, and the right panel shows trends by education level. The shaded region is the calculated 95% confidence interval.

and are more likely to disobey stay-at-home orders (Lazarus
et al., 2022; Lu et al., 2015; Wang, 2022).

To illustrate these disparities, we present trends in mobility
and vaccination stratified by educational level and health insur-
ance status in Figures 4 and 5. As shown in Figure 4, counties
with lower education levels or higher percentages of unin-
sured populations exhibit substantially higher mobility trends
throughout the study period. This finding underscores the
reliance of disadvantaged populations on public transportation
systems, which were disproportionately affected during the
pandemic. Meanwhile, Figure 5 demonstrates a slower vaccine
uptake in these same populations, reflecting broader patterns
of vaccine inequity.

To analyze these impacts, we employ an IV regression,
which considers the two aforementioned key features of the
vulnerable population. By incorporating these factors, we can

gain a more comprehensive understanding of the heteroge-
neous impacts of vaccination on mobility, particularly among
vulnerable populations.

In our analysis, we use the modified 2SLS approach to
examine the heterogeneous effects of vaccination on mobility
in the context of socioeconomic factors. This method allows us
not only to quantify the direct effect of vaccination on mobil-
ity but also to gain a comprehensive understanding of how the
interaction between vaccination and the socioeconomic fac-
tors of the county affects mobility. We choose this approach
because it provides a more complete picture of the effect of
socioeconomic variables on the relationship between vacci-
nation and mobility, which is essential for understanding the
heterogeneous effects of vaccination on mobility, especially
among vulnerable populations.'®

To construct the socioeconomic indicator variable
(Socioeconomiclndicator), we follow a two-step process.
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First, we rank the counties based on a given socioeconomic
variable, namely, the percentage of the uninsured population
(PercentUninsured) or the percentage of the population
without a college degree (PercentNoCollegeDegree). Second,
we divide the counties into two groups using the median of
the socioeconomic variable to create the indicator variable
SocioeconomicIndicator.

Our modified 2SLS approach allows us to estimate
the effects of vaccination and the interaction between
vaccination (Vaccination) and the socioeconomic indicator
(Socioeconomiclndicator). To address potential endogene-
ity concerns, we introduce an additional IV: The interac-
tion between our baseline instrument (VaccineEligibility) and
the socioeconomic indicator (Socioeconomiclndicator). This
modified approach allows us to estimate the impact of vacci-
nation on mobility and account for heterogeneity in treatment
effects.

5.3.1 Heterogeneity Across Insurance. In this section, we ana-
lyze the heterogeneous impacts of vaccination on public trans-
portation mobility across different health insurance groups.
We used county-level data on the percentage of the uninsured
population, represented by PercentUninsured;, and created a
binary indicator, HighPercentUninsured;, based on the previ-
ously described methods. The results of this new IV regression
are presented in Column (4) of Table 1. Our analysis shows
the coefficient of Vaccination X HighPercentUninsured is pos-
itive and statistically significant at the 1% significance level,
suggesting counties with higher percentages of the uninsured
population see a larger effect of vaccination on mobility.
A one-percentage-point increase in vaccination in counties
with lower percentages of the uninsured population increases
mobility in public transit stations by 0.255-percentage-point,
whereas counties with higher percentages of the uninsured
population experience an additional 0.126-percentage-point
increase in mobility. The ratio of these coefficients reveals that
the effect of vaccination on mobility in public transit stations
is approximately 0.126/0.255 = 50% greater in counties with
higher percentages of the uninsured population. This finding
is particularly important because uninsured populations face
systemic challenges, including limited access to healthcare
and heightened vulnerability to severe health and financial
consequences from COVID-19 (Ellingjord-Dale et al., 2022).
These factors may erode confidence in using public transporta-
tion, which serves as a vital resource for socioeconomically
disadvantaged communities. The stronger vaccination effects
observed in these counties suggest that increasing vaccine
uptake in uninsured populations may play a critical role in
reducing mobility barriers and restoring access to essential
activities and services.

Vaccination programs are first and foremost a public-
health intervention: by preventing infection and severe ill-
ness, they protect individuals and relieve health-system strain.
Our county-level results indicate an additional, complemen-
tary payoff. Because mobility losses during the pandemic

were greatest where the share of uninsured residents is high,
accelerating vaccine uptake in those counties simultaneously
safeguards health and hastens the rebound of public-transit
use—an essential conduit to employment, education, and med-
ical care for this vulnerable group. Targeted outreach to the
uninsured, therefore, yields dual benefits: reduced clinical
burden and faster restoration of critical mobility.

5.3.2  Heterogeneity Across Education. To examine the rela-
tionship between educational attainment and the effect of
vaccination on mobility, we examine the percentage of the
population in county i who have not completed a college
degree, denoted by PercentNoCollegeDegree;. We then cre-
ate a binary indicator, HighPercentNoCollegeDegree;, based
on the abovementioned methods. The results of our IV regres-
sion analysis, presented in Column (5) of Table 1, indicate that
the effect of vaccination on public transportation mobility is
affected by the percentage of the population without a college
degree in a county. Specifically, the coefficient of Vaccinationx
HighPercentNoCollegeDegree is positive and statistically sig-
nificant at the 1% significance level, indicating that an increase
in the percentage of the population without a college degree
in a county leads to an increase in the impact of vaccination
on mobility. After controlling for other variables, our analysis
suggests that a one-percentage-point increase in vaccination
in counties with lower percentages of the population without
a college degree would correspond to a 0.239-percentage-
point increase in mobility in public transit stations, whereas it
would result in an additional 0.192-percentage-point increase
in mobility in counties with higher percentages of the popula-
tion without a college degree. Specifically, by calculating the
ratio of the two effects, we find that the impact of vaccination
is approximately 0.192/0.239 = 80% greater in counties with
higher percentages of the population without a college degree.

Our analysis provides a compelling narrative of the nuanced
effect of COVID-19 vaccination on mobility at public tran-
sit stations. We observe that this effect is most pronounced
in counties with higher percentages of the population with-
out a college degree, a finding with rich policy implications.
To explore this phenomenon, one must consider the diverse
occupational landscape across educational attainment levels.
The U.S. Bureau of Labor Statistics sheds light on this dispar-
ity, noting that only 24% of individuals without a bachelor’s
degree are employed in white-collar occupations, including
management, business, and financial operations. By contrast,
for those with a bachelor’s degree or higher (Bureau of Labor
Statistics, 2022), that figure is 76%. The occupational divide
has implications for the ability to work from home, a critical
factor in the COVID-19 era. The bureau’s survey data under-
score this divide, showing that 69% of those with a bachelor’s
degree or higher enjoy the flexibility to work remotely, com-
pared with 23% of those without a college degree (Dey et al.,
2020). The intertwined disparities in occupational distribution
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and telecommuting opportunities likely shape the mobility dif-
ferences we observe across counties with different educational
profiles.

Despite widespread vaccine availability, individuals with a
college degree may continue to avoid public transportation for
their commutes, particularly during the period of our analysis,
which coincided with widespread work-from-home policies.
In contrast, those without a college degree, many of whom
work in essential roles requiring in-person attendance, would
likely experience a significant increase in health confidence
following vaccination.

This increased confidence could, in turn, reinforce trust
in public transit, which—prior to the pandemic—served as a
critical lifeline for socioeconomically disadvantaged commu-
nities. The impact of vaccination extends beyond its primary
role in reducing infection and hospitalization risks; it also
has the potential to stimulate greater public transit demand,
an important yet often overlooked benefit. Thus, vaccination
functions not only as a public health intervention but also as
a driver of change, particularly by restoring and enhancing
transit use among vulnerable populations.

5.4 Robustness Checks

We perform extensive robustness checks to analyze the sensi-
tivity of our results. First, Sections 5.4.1,5.4.2,5.4.3,and 5.4.4
control for statewide COVID-19 policies, COVID-19 infection
rates, supply-side factors, and vaccine allocation, all of which
may simultaneously influence both vaccination and mobility.
Second, we re-estimate the model with an alternative control
for economic indicator—the county-level WECI described in
Section 5.4.5—to check the robustness of the model specifi-
cation. Next, we test three alternative model specifications:
Section 5.4.6 analyzes the effect of first-dose vaccination;
Section 5.4.7 uses the log-transformed percentage of the pop-
ulation fully vaccinated as an alternative independent variable;
and Section 5.4.8 applies a first-difference approach to account
for temporal dynamics and isolate changes in mobility over
time. Finally, Sections 5.4.9 and 5.4.10 address a potential con-
cern that our estimation may be driven by a particular state
or week, and Section 5.4.11 uses lagged versions of vaccina-
tion as an independent variable to examine delayed effects.
These robustness checks provide comprehensive validation of
our results and demonstrate the consistency of our findings
across various specifications and scenarios.

5.4.1 Controlling for Statewide COVID-19 Policies. A potential
concern is that statewide COVID-19 policies affect both vac-
cination and mobility. For example, statewide stay-at-home
orders may reduce mobility because are required to stay at
their homes. At the same time, they may increase vaccina-
tion because are more likely to receive vaccines if they are not
traveling or engaging in other activities. To address this poten-
tial concern, we first identify relevant statewide policies from
Boston University’s COVID-19 US State Policy Database and

then include these policies as additional independent variables
(Raifman et al., 2020). Column (1) of Table A2 summarizes
the results when we include stay-at-home orders, business clo-
sures, and reopenings as additional independent variables. The
results from this robustness check are not significantly differ-
ent from those in the main analysis, which suggests omitting
statewide COVID-19 policies does not drive our results.

5.4.2 Controlling for COVID-19 Infection. As mentioned in
Section 4.1, COVID-19 infection may affect both mobility
and vaccination. For instance, a high rate of infection in an
area makes more cautious and reduces their mobility. At the
same time, the fear of getting infected increases the number of
willing to be vaccinated. To address this concern, we include
the seven-day rolling average of daily newly reported cases
in county i on day ¢ (denoted by Infection;,) as an additional
independent variable. The results from this robustness check
are displayed in Column (2) of Table A2. We observe from the
table that the coefficient of Vaccination is positive and signif-
icantly different from zero at the 1% significance level. The
results of this robustness check are not significantly different
from those of the main analysis, indicating that whether we
consider COVID-19 infection does not drive our results.

5.4.3  Controlling for Supply-Side Factors. A potential concern
is that supply-side factors, such as changes in the operational
hours or frequency of transit services, may influence both
vaccination rates and mobility simultaneously, thereby con-
founding the observed relationship between vaccination and
mobility. For instance, extended operational hours at transit
stations might encourage more mobility and facilitate greater
access to vaccination sites, particularly if vaccination clinics
are co-located at these transit stations, since public transporta-
tion accessibility is one of the important factors for choosing
mass vaccination sites (Goldberg et al., 2023). Conversely,
reduced operational hours could limit mobility and access to
vaccination. If these supply-side dynamics are not accounted
for, they could bias the estimated effect of vaccination on
mobility.

To address this concern, we developed a novel approach to
approximate supply-side factors using data from SafeGraph,
Inc. Specifically, we identified transit-related places of interest
categorized as “Airport Operations,” “Bus and Other Motor
Vehicle Transit Systems,” and “Line-Haul Railroads.” Using
hourly visit data, we calculated inferred-operational hours as
the time interval between the first and last non-zero hourly visit
records within a 24-hour period. We then computed the daily
average inferred-operational hours across all transit stations
within a county. This measure serves as a proxy for supply-side
factors, capturing variations in operational hours and service
availability during the pandemic.

Column (3) of Table A2 presents the results of our robust-
ness check, which incorporates this supply-side proxy as an
additional control in IV regression. The results show that the
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effect of vaccination on mobility remains statistically signifi-
cant at the 1% significance level, and its magnitude is similar
to that in the main analysis. These findings suggest that the
observed relationship between vaccination and mobility in our
main analysis is not driven by omitting supply-side factors.

5.4.4  Controlling for County-Level Vaccine Allocation. Unequal
vaccine supply could bias our estimate if counties that received
more doses earlier also experienced faster mobility recover-
ies. To capture this channel, we approximate daily county-level
supply as the county’s share of its state population times the
state’s CDC-reported doses distributed that day, an approach
that mirrors the federally recommended population—based
allocation rule. We then add this Vaccine Allocation variable
to the 2SLS specification. Column (4) of Table A2 shows that
the coefficient on Vaccination remains positive and statisti-
cally significant, and this magnitude is close to the baseline
estimate and confirms that our main conclusion—higher vac-
cination rates causally boost transit mobility—holds even after
explicitly accounting for cross-county differences in vaccine

supply.

5.4.5 Alternative Economic Indicator Variable. To confirm our
results are not driven by controlling for the economic condition
indicator in the baseline model, we compare estimates across
alternative measures for economic conditions. We re-estimate
the model using the state-level WECI that covers multiple
dimensions of state economic performance (Baumeister et al.,
2024). The corresponding coefficient is positive and statis-
tically significant at the 1% level (see Column (5) of Table
A2).

5.4.6 First-Dose Vaccination. Our main analysis uses the per-
centage of the fully vaccinated population as the independent
variable. Pfizer/BioNTech and Moderna recommend three-
and four-week gaps, respectively, between the first and sec-
ond doses. Since prior studies report high efficacy of the
first dose (see, e.g., Gorvett, 2021; Lovelace, 2021), residents
may adjust mobility after receiving it. As a robustness check,
we use the percentage of the population receiving at least
one dose (denoted by FirstDoseVaccination) as an alternative
independent variable.

The results from this robustness check are presented in
Column (1) of Table A3. We observe from the table that
the coefficient of FirstDoseVaccination is positive and signif-
icantly different from zero at the 1% significance level, which
suggests that an increase in first-dose vaccination increases
mobility. More specifically, the coefficient of 0.282 suggests
that a one-percentage-point increase in first-dose vaccination
increases mobility by 0.282-percentage-point. Note that the
coefficient in this robustness check is smaller than that in the
main analysis, because the mean of FirstDoseVaccination is
larger than that of Vaccination.

5.4.7 Alternative Model with Log-Transformed Term. In the
main analysis, we use Vaccination as an independent vari-
able because it is approximately normally distributed. As
a robustness check, we instead use its log transformation,
In(Vaccination), as the independent variable. Column (2) of
Table A3 reports the results. The coefficient of In(Vaccination)
is positive and significant at the 1% level, indicating that higher
vaccination rates increase mobility. The estimated coefficient
of 3.534 implies that doubling vaccination rates raises mobil-
ity by 3.534 X [In(2 X Vaccination) — In(Vaccination)] = 2.450
percentage points.

5.4.8 First-Difference Estimator. A potential concern is that
both vaccination and mobility exhibit upward trends over time,
which may confound the observed relationship between these
variables. In addition, mobility patterns may be influenced
by temporal dynamics, such as word-of-mouth effects, where
increased mobility in one period leads to further increases in
subsequent periods. To account for these dynamics and iso-
late the causal effect of vaccination on mobility, we employ a
first-difference estimator.

Specifically, we model changes in mobility over a seven-day
period as follows:

AMobility;, = 6,AVaccination;,_,
+ 6,AUnemploymentRate;,
+ 6;AWeather, + 6,AHoliday, + 1,

where

AMobility;, = Mobility,, — Mobility,,_-,
AVaccination,,_, = Vaccination;,_, — Vaccination,,_g,
AUnemploymentRate,, = UnemploymentRate,,
— UnemploymentRate;,_-,
AWeather, = Weather, — Weather,_,,
AHoliday, = Holiday, — Holiday,_,.

By taking the first difference over a seven-day period, this
approach controls for persistent, time-invariant factors at the
county level, such as socioeconomic characteristics, as well
as day-of-week trends. The fixed effects for counties and day-
of-week are effectively removed because the first-difference
transformation cancels out these invariant characteristics. This
method allows us to isolate the impact of changes in vaccina-
tion on mobility by accounting for dynamic confounders, such
as weather and holidays.

Table A4 summarizes the results. The estimated coefficient
on AVaccination,,_; is 0.310, positive and statistically signif-
icant, suggesting that increases in vaccination are associated
with greater transit station mobility. These findings provide
further evidence of the robustness of our results and reinforce
the conclusion that vaccination has a significant and positive
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impact on mobility. By employing the first-difference estima-
tor, we effectively account for temporal dynamics and disen-
tangle the causal effect of vaccination from other confounding
factors.

5.4.9 Leave-State-Out Analysis. To address a potential con-
cern that our results are driven by a particular state, we perform
a leave-state-out analysis by leaving out one state at a time and
re-estimate the effect of vaccine rollouts; we summarize the
results in Table AS5. As the table shows, all the coefficients are
positive and significantly different from zero, which suggests
that an increase in vaccination increases mobility. These coef-
ficients are not significantly different from each other or those
in the main analysis, which suggests our results are not driven
by a particular state.

5.4.10 Leave-Week-Out Andlysis. To address a potential con-
cern that our results are driven by a particular period, we
perform a leave-week-out analysis by leaving out one week
at a time and re-estimate the effect of vaccine rollouts; we
summarize the results in Table A6. As the table shows, all
the coefficients are positive and significantly different from
zero, which suggests that an increase in vaccination increases
mobility.

54.11 Lag Between Vaccination and Mobility. In the main
analysis, we use a one-day lag to examine the relationship
between vaccination and mobility. In this robustness check, we
examine the potential influence of different lags between vac-
cination and mobility on the overall effect size. More specifi-
cally, we modify equation (1) by replacing Vaccination,,_; with
Vaccination,,_;, where k is the length of the lag. The results of
the analysis are summarized in Table A7 for lag lengths of 0,
7, and 14. Regardless of the lag length, the results indicate that
the coefficient of Vaccination is positive and significantly dif-
ferent from zero at the 1% significance level, implying that
an increase in the lagged version of vaccination increases
mobility.

6 Concluding Remarks

The COVID-19 pandemic caused a sharp decline in U.S.
public transit use, creating severe financial strain for transit
agencies and local governments. Service reductions and route
eliminations followed, disproportionately burdening socioeco-
nomically disadvantaged groups and low-income workers who
rely heavily on public transportation (Yen and Weber, 2021).
Using an IV strategy to address endogeneity, we find
that a one-percentage-point increase in vaccination raises
mobility at transit stations by 0.325-percentage-point. A sim-
ple back-of-the-envelope calculation suggests that a uni-
form five-percentage-point acceleration in vaccination would
have increased transit mobility by roughly 1.6 percentage
points—equivalent to about ten days of the aggregate recovery
observed between December 2020 and June 2021. Although

vaccination alone cannot restore demand to pre-pandemic
levels, these results underscore its meaningful contribution
alongside complementary measures such as higher service
frequency, network expansion, and gradual relaxation of work-
from-home mandates. We also document diminishing returns:
Early vaccination gains are largest, but sustaining recovery
will require broader policy support.

Our heterogeneity analysis further highlights equity impli-
cations. The effect of vaccination on transit mobility is roughly
50% larger in counties with high uninsured rates and 80%
larger in counties with lower educational attainment. In these
vulnerable communities, each additional dose yields greater
spillovers into transit use, suggesting that targeted outreach
can generate the largest mobility—and, by extension, eco-
nomic—benefits.

We provide robust evidence that vaccination plays a central
role in restoring public transit mobility, particularly for dis-
advantaged populations. Coordinating vaccine supply chains
with transit policies can foster a more equitable and resilient
recovery while safeguarding the mobility and economic well-
being of vulnerable communities.
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Notes

1. The Centers for Disease Control and Prevention (CDC) defines
the scope of public transportation to include “a variety of transit
options such as buses, light rail, and subways” (Centers for Dis-
ease Control and Prevention, 2018). We focus our analysis on
this scope.

2. https://covid.cdc.gov/covid-data-tracker/#vaccinations

3. https://nyti.ms/3uEiWYa
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4. https://n.pr/2Raxmkq

5. https://www.google.com/covid19/mobility/index.html?hl=en

6. https://data.cdc.gov/Vaccinations/COVID-19-Vaccinations-in-
the-United-States-County/8xkx-amgh

7. https://www.ncdc.noaa.gov/cdo-web/datatools

8. https://www.opm.gov/policy-data-oversight/pay-leave/federal-
holidays

9. https://tinyurl.com/countyhealthranking

10. https://tinyurl.com/statecovidpolicy

11. https://github.com/nytimes/covid-19-data

12. https://tinyurl.com/cdcvaccinationallocation

13. https://www.safegraph.com

14. https://tinyurl.com/stateweci

15. Holidays include Christmas Eve, Christmas Day, New Year’s
Eve, Martin Luther King Day, President’s Day, Memorial Day,
and Juneteenth.

16. Another method for analyzing heterogeneous effects is to divide
counties into two groups based on socioeconomic factors and
then run separate 2SLS regressions for each group. This alter-
native method allows one to compare the coefficients of interest
from each regression to identify heterogeneity across population
groups. Using this alternative method does not change the main
conclusion of this analysis.
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