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Abstract
President Trump’s haphazard decision to delegate Covid-19 vaccine distribution to
US states set up conditions for evaluating state-level vaccine prioritization policies using a quasi-experimental design. Despite agreement on the goal, state-formulated vaccine distribution plans diverged beyond initial priority groups: some prioritized based
on mortality risks only (i.e., age), while others also included several high-exposure
risk groups. After establishing that this divergence was driven by stochastic rather
than systematic factors, I leverage it as an identification strategy to test a key insight
from network theory: reducing contagion requires disabling the transmission potential of the most connected actors. Based on this, I argue that early prioritization of
high-exposure risk groups, especially public-facing essential workers, led to a greater
reduction in Covid-19 cases than prioritization based solely on mortality risks. Analysis of daily Covid-19 data in a matched sample of Oregon and California counties
shows strong support for this hypothesis.
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The 2020 Covid-19 pandemic put public health policy-making under the microscope of
public scrutiny. Fueled by the anguish of social isolation brought about by closures and
travel restrictions, the public poured over every aspect of each new policy, from economic
impact, to fairness, to public safety. The combination of urgency and public outcry resulted
in wild policy oscillation, with mask mandates, curfews, and quarantines implemented and
lifted, often seemingly at random. Once vaccines became available, health authorities were
faced with a yet more pressing policy decision on how to distribute the initially scarce vaccine
supplies.
Combined with President Trump’s haphazard decision to delegate Covid-19 vaccine distribution to US states, these conditions set up a unique opportunity for evaluating alternative
vaccine prioritization policies, as well as the general mechanisms of preventing contagion in
social and political networks. Lacking experience and expertise in drafting and implementing new vaccine distribution protocols, states were largely unprepared for the task. Despite
a general agreement that vaccine prioritization plans should be designed so as to minimize
deaths and hospitalizations, public health oﬀicials lacked a clear understanding or consensus
on the best way to achieve these goals. Rather broad guidelines from the Center for Disease
Control (CDC) forced states to define vaccine priority groups using their own discretion. As
a result, prioritization lists diverged as soon as vaccination campaigns moved beyond groups
with the highest mortality risk.1
The broad strategy was to prioritize vaccine access based on vulnerability, proxied by
age, from oldest to youngest.2 Some US states, however, also prioritized one or more groups
with the highest risk of exposure: K-12 educators and staff, incarcerated individuals, and
agriculture and food employees. Thus, the primary difference among US states’ vaccine
priority approaches was in the relative place in the queue for these three groups.
While this divergence is apparent in hindsight, a combination of statistical and quali1

The most at-risk groups were defined as medical workers, the elderly, and those residing in congregated
settings.
2
In addition to age, some states also gave vaccine priority to individuals with specific pre-existing medical
conditions.
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tative analyses reveals little evidence that it was either intentional or a result of systematic
drivers, such as political interests. The results of these analyses suggest that, rather than customizing vaccine prioritization to their local political or demographic context, states simply
did their best to adhere to the national guidelines, however vague. The analyses also suggest
that variation in state-formulated priority lists was due to stochastic, rather than systematic
factors, such as variation in interpreting the CDC guidelines, a failure to anticipate the pace
of increases in vaccine supply, and idiosyncratic delays in state-level decision-making.
Based on these analyses, I argue that the divergence in state-formulated vaccine priority plans sets up conditions for testing a key network theory insight—that the bulk of
transmission through a network is disproportionately channeled through only a handful of
highly connected or central actors (Granovetter 1973; Padgett and Ansell 1993; Kirkland
2011; Box-Steffensmeier et al. 2018). In a service-oriented economy, such as the US, grocery store employees are the largest occupational group engaged in the highest number of
face-to-face interactions. In contrast to other service sectors, grocery stores had to remain
open throughout the pandemic, even when most other retail businesses and even schools
reduced hours or switched to remote operation.3 As such, grocery employees function as
central nodes within a transmission network of a virus that diffuses most effectively among
individuals in close contact in indoor spaces.
The handful of US states, which happened to assign grocery employees a higher priority
in the vaccine eligibility queue, essentially reduced or disabled the virus transmission potential of the most central actors in the network of human interactions.4 In contrast, states
that gave lower priority to grocery employees, especially if they chose to prioritize based
on age only, effectively allocated their vaccines to the most isolated actors within the net3

Though some grocers were able to limit exposure through offering pick-up and delivery services, most
found these options unfeasible due to added costs, a lack of resources and experience with online platforms,
or customer preference for in-store shopping.
4
Though not available at the start of vaccine prioritization, evidence that Covid-19 vaccines prevent or
substantially reduce transmission of the virus has since become available (Eyre et al. 2022; Harris et al.
2021; Shah et al. 2021; de Gier et al. 2021; Richterman, Meyerowitz, and Cevik 2022; Lipsitch and Kahn
2021; Braeye et al. 2021).
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work.5 Individuals with the fewest non-elective interactions could more effectively reduce the
likelihood of both contracting and spreading the virus, compared to public-facing essential
workers, such as cashiers at a grocery or convenience stores (Milligan et al. 2021).6 Therefore, I expect to see lower rates of contagion in states that prioritized grocery employees
earlier in the vaccine eligibility queue.
I test this prediction using a matched sample of counties from two contiguous,
Democratic-governed states—Oregon and California.

Both states implemented similar

policy responses to the Covid-19 pandemic in terms of school closures, stay-at-home orders,
and mandatory mask mandates (Adeel et al. 2020). Even more importantly for this study,
both California and Oregon prioritized grocery workers in Phase 1b, before the general
public. The practical difference, however, is that, due to a confluence of idiosyncratic factors,
Oregon lagged California in terms of the actual eligibility date for grocery employees by
about a month. Consistent with the predictions of network theory, county-level statistical
analysis shows that prioritizing grocery store employees led to a substantial reduction in
new Covid-19 infections, and this effect grew stronger over time.
With the Covid-19 pandemic still underway, this research provides a theory- and datainformed cost–benefit analysis of giving higher priority to public-facing essential workers,
such as grocery store employees. A key nuance is that, while carrying a disproportionately
high potential for spreading the virus, grocery employees make up only a small fraction—less
than 1 percent—of the population. To put this into perspective, even given the initial vaccine
5
From the network theory perspective, prioritizing other high-exposure groups, such as K-12 or the
incarcerated, should have a more limited effect on contagion among the general public. The reason is
that these groups’ interactions exhibit a clique-ish structure: individuals within groups come in frequent
interaction with one another, but interact with few individuals outside of the group (Milligan et al. 2021).
Should a single member of a clique get infected, the entire clique comes under high risk. Because cliques
have limited interactions with non-clique members, however, infecting a clique only marginally increases the
risk of infection for the general public.
6
The pandemic, and the policy measures taken as a response (e.g. stay-at-home orders), only intensified
two known patterns of social interactions: assortativity by age (most of daily interactions happen among individuals within the same age group) and a drastic decrease in the number of interactions with age (Brankston
et al. 2021; Feehan and Mahmud 2021). As Brankston et al. (2021) and Feehan and Mahmud (2021) show,
early in the pandemic, individuals of all ages reported very few non-household contacts; by September 2020,
however, individuals aged 18 to 29 reported an increase in work- and school-related interactions. Just as
prior to the pandemic, individuals aged 65 and older reported the highest level of social isolation.
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scarcity, vaccinating every single grocery employee would have delayed vaccine access for
other groups by less than a week—a negligible delay given the substantial effect on reducing
case numbers shown here.7
By fleshing out the trade-offs of different priority sequences, this article opens an informed conversation about the benefits and costs of public health policies, as they relate
to political trust and participation (Mattila 2020), inequality (Lynch 2020), long-term institutional development (Gingerich and Vogler 2021), and international cooperation (Norrlof
2020). Beyond vaccine distribution, this article also contributes to the study of the core
political problem of the distribution of scarce resources more broadly. Remarkably, the
analyses show, and explain, how the most politically-charged and controversial decisionmaking of the pandemic—vaccine prioritization—produced a seemingly apolitical outcome.
As I demonstrate, vaccine priority lists did not clearly align with the usual political cleavages. Despite the high levels of political polarization throughout Trump’s presidency and
the pandemic, governors appeared to have prioritized the goal of effective policy response
and demonstrating competency in a time of crisis, rather than distributing the scarce vaccine
so as to buy off political supporters. With this example as a starting point, future research
could explore the conditions that induce politicians to act on behalf of the entire electorate
rather than cater to more narrow partisan interests.
This research also contributes to the general understanding of contagion and its pathways. Within studies of diffusion and network analysis, scholars have long applied models of
disease contagion to study the spread of information (Lohmann 1994), censorship (King, Pan,
7

In December, 2020–January, 2021, Oregon was receiving about 50,000 vaccine doses per week (Botkin
2021) and California was receiving about 500,000 per week (CVAC Jan. 12, 2021, 6). There are 313,045
grocery employees in California and 37,491 in Oregon (US Department of Labor 2020). In comparison, other
groups of essential employees prioritized by both states for early vaccine access, amounted to much larger
numbers: medical employees—2.4 million in California and 0.4 million in Oregon, K-12 teachers and staff—
1.3 million in California and 0.1 million in Oregon; food and agriculture—3.4 million in California and 0.2
million in Oregon. In relative terms, healthcare employees, K-12 teachers and staff, and agricultural workers
account for 6, 3.6, and 8 percent of California’s population, respectively, while grocery employees account
for 0.8 percent. In Oregon, the comparable figures are 10 (health care), 2.5 (K-12), 4 (agriculture), and 0.9
percent (grocery). California numbers were obtained from CVAC meeting summaries of Dec. 9, 2020, (17),
Dec. 16, 2020, (18) and Nov. 25 (15); Oregon numbers are from Botkin (2021), Oregon Health Authority
(2022), and OHA (2020).
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and Roberts 2013), protests and repression (Siegel 2011; Van Belle 1996), social movements
(Ayoub, Page, and Whitt 2021), and diffusion of policy innovation (Desmarais, Harden, and
Boehmke 2015). While many studies emphasize the importance of central nodes for network
diffusion processes, empirical tests of the posited causal effects are often impeded by the
lack of data to approximate the counterfactual outcome (i.e., had the central nodes been
removed from the network). For example, one cannot observe what a policy diffusion process across US states would look like in the absence of New York and California, or what
the post-World War II international alliance network would look like without the United
States. The variation in the Covid-19 vaccine distribution among US states, however, allows
for a unique opportunity to empirically evaluate and isolate the causal effect of a handful
of highly connected actors on the transmission rate within a network by varying the central
actors’ transmission ability between the treatment group (networks with the vaccinated central actors) and the control group (networks with the unvaccinated central actors), before
and after the start of the treatment (vaccine eligibility for grocery employees), while holding
all else constant (via matching). This design permits for a direct comparison between the
observations in the treatment and control groups.
The article proceeds in the following way. After describing alternative vaccine prioritization plans, and the process that led to their formulation, I contextualize each within
network theory. Next, I compare the effectiveness of vulnerability-based prioritization to
an approach that targets public-facing essential workers, using a simulation experiment. I
then introduce the data and research design, present and discuss the statistical analysis, and
conclude.

The Politics Behind Vaccine Allocation
As the FDA gave emergency approval to two Covid-19 vaccines in late November, 2020,
numerous groups—from teachers to fast food employees, to morticians, to commercial pilots—
made their bids for early vaccine priority. With the Trump administration delegating vaccine
5

distribution to states, all eyes turned to the governors’ oﬀices.8 The CDC (2021a) issued a set
of broad recommendations: (1) “decrease death and serious disease as much as possible”; (2)
“preserve functioning of society” and (3) “reduce the extra burden Covid-19 had on people
already facing disparities.” Given the high stakes and climbing death rates, these guidelines
were interpreted as a justification for offering vaccine priority to the most at-risk individuals,
such as medical workers and the elderly.
Once the vaccination campaign moved beyond these groups, however, the CDC guidelines as to further prioritization lists were less clear. Notably, in light of persistent vaccine
shortages,9 the first two goals were somewhat contradictory: decreasing deaths required
continuing to prioritize vaccine access for the most vulnerable, whereas maintaining a functioning society necessitated inoculating individuals based on occupational risk of exposure.
Without any additional clarifications from the CDC, states formulated vaccine priority lists
using their best judgement.
One strategy was to continue prioritizing vaccine distribution based on vulnerability,
using age, from oldest to youngest, as a proxy for mortality risk. Governor Holcomb, of
Indiana, for instance, justified his state’s strict adherence to vulnerability-based prioritization
pointing to a strong correlation between age and hospitalization and death rates in his state
(Salameh 2021). At the time, individuals aged 50 and older, while accounting for just over
35 percent of the Indiana’s population, made up 80 percent of the Covid-19 hospitalizations
and 98 percent of all Covid-19 deaths (Darling 2021).10
An alternative strategy was to also prioritize individuals with the highest risk of occupational exposure. In particular, this strategy raised priority for essential frontline workers11 —
8

In the US, governors assumed the main decision-making power related to vaccine distribution (Adeel et
al. 2020).
9
In the US, vaccine supplies remained scarce until around May 1, 2020, when almost all states expanded
eligibility to everyone 18 and older (American Journal of Managed Care 2021).
10
These numbers were consistent with the national statistics (CDC 2020).
11
The CDC defines frontline essential workers as distinct from essential healthcare workers. Specifically,
frontline essential workers are “the subset of essential workers likely at highest risk for work-related exposure
[…] because their work-related duties must be performed on-site and involve being in close proximity (<6 feet)
to the public or to coworkers” (Dooling et al. 2021, 1657). Examples include grocery and manufacturing
workers.
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individuals whose jobs were crucial to maintaining essential services and who, due to the
nature of their work, could not maintain a safe distance from their co-workers or other individuals. Vaccinating people within these sectors ensured a continuation of essential services
while reducing the risk of infection for the individuals performing these services.12 Some critiqued this prioritization plan on the grounds that, individuals in these occupational groups
tend to skew younger and face lower overall health risks from contracting the virus.
Devising an effective, inclusive, and equitable vaccine prioritization plan became a test
of a governor’s competency, with the expectations rising as vaccine scarcity became more
apparent. In these conditions, most governors created numerous vaccine task forces, including vaccine advisory committees that held regular public meetings, so as to enhance
the transparency of decision-making. In contrast to earlier pandemic-related health policies,
wrought with deep partisan divisions (Neelon et al. 2021; VanDusky-Allen and Shvetsova
2021), Covid-19 vaccine distribution plans exhibited a high degree of consensus. At least
at the administrative level, both Democratic and Republican-led states agreed that the immediate goal was to distribute vaccines in a way that would minimize hospitalizations and
deaths, with the broader goal of controlling the spread of the virus by vaccinating the largest
number of people within the shortest possible time-frame.
Under these constraints, the outcome of the most scrutinized decision-making of the
pandemic—which groups will receive priority in the vaccine line—turned out to look remarkably non-partisan, that is orthogonal to constituency preferences of decision-makers. For
instance, Table 1 displays a mean comparison between the states that opened vaccine eligibility to grocery employees prior to March 1, 2021 (the date of eligibility in California) and
those with later eligibility dates, on key demographic and other variables. The demographic
variables here proxy possible political divides, such as urban/rural, education, ethnic/racial,
economic, and age. Had vaccine priority lists been designed so as to deliver direct benefits
(vaccines) to the most likely voters, one would be able to discern predictable systematic dif12
Among different types of essential employees, public-facing employees, such as grocery store workers,
carry a uniquely high risk of spreading the virus to the general public (Milligan et al. 2021).
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Table 1: A Comparison of States with Early/Late Vaccine Prioritization for Grocery Workers
Variable

On/Before
After
March 1 March 1

Republican Governor
State GDP/capita, logged
Median Age
State Population, logged
Median Income, thousands
Unemployment Rate
Percent BA Degree
Urbanization
Percent Black
Percent Latin
Biden’s Margin
CumCovid/1000 (on 12-16-2020)
𝜒2
df
𝑝-value

0.31
4.13
37.72
15.32
65.60
0.35
0.20
0.64
0.14
0.16
0.06
12.20

0.61†
3.97∗
38.62
15.11
62.24
0.36
0.19
0.59
0.10
0.11
−0.03
11.86

15.9
37
0.26

Notes: ∗ p < 0.05, † p< 0.1.
ferences across these dimensions. The two groups, however, look very similar. An overall 𝜒2
balance test fails to reach statistical significance (p-value=.26), which means that we cannot
reject the null that there are no differences between the two groups.13
The two groups differ on only two variables, neither of which is demographic:
GDP/capita, which is a proxy for state capacity, and the party of the governor. The
difference in the GDP/capita is controlled for in the statistical analysis; in the matched
sample, counties are also matched on this variable. Had the difference between Republicanand Democratic-led states stemmed from a strategy to reward, or electorally target,
constituents—otherwise, we would expect differences in terms of the demographic variables.14 Moreover, the timing of vaccine access for grocery workers does not appear to
13

These results are replicated using survival analyses that treat time to eligibility for (a) grocery employees,
and (b) individuals aged 65 and above as the dependent variables. These additional tests are available in
Appendix F.
14
This difference is not well explained by an electoral impetus to prioritize the elderly, as the two groups are
not significantly different in terms of median age. Moreover, in the 2020 Presidential election, Republican
vote share advantage among individuals aged 65 and over was 4 percentage points (out of the two main
parties vote)—the smallest of the four age groups, broken down by in Igielnik, Keeter, and Hartig (2021).
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result in large partisan benefits or costs: grocery employees are not a sizable voting bloc,
are characterized by low levels of political participation, and are not organized/unionized in
most states (US Department of Labor 2022).15
Qualitative analysis of vaccine advisory committee materials in Oregon and California,
presented in Appendices D and E, further re-aﬀirms this somewhat surprising result, as well
as offers more insight as to the process that led to it. In particular, the case studies reveal
a high degree of similarity in the two states’ decision-making, a high degree of reliance of
health authorities, and a general reluctance to deviate from the national guidelines.
Early in the process, for example, both states considered implementing a combination of
an age-based and an exposure-based approach. In the end, the determining factor turned out
to be the timing of a change in the CDC guidelines on January 12, 2021, with respect to the
progress in each state’s planning. Both states reacted to this change in guidelines by shifting
to the age-based approach. At the time of the change, however, California happened to be
slightly ahead of Oregon in its planning and progression through the vaccine priority list:
in fact, California’s Governor Newsom had already announced eligibility dates for several
groups, including grocery employees, and several small counties had already been contacting
these groups for a few days. As a result, while Oregon responded to the change in the
CDC guidelines by simply moving to an age-based approach, California kept the already
announced priority level for several exposure-based groups, though in practice, these groups
were still pushed back in line behind the newly added age-based priority group. In other
words, the choice of prioritization approach was not as set in stone as it may appear without
Alternatively, this difference may have stemmed from a belief among Republican governors that prioritizing
the based on age is more effective at minimizing deaths. Since prioritizing individuals over 64 is uncorrelated
with the state demographics, in particular, median age, this type of potential selection into treatments is akin
to an example, given by Imbens and Rubin (2015, 265), in which a doctor uses information on the amount
of insurance coverage when deciding whether to prescribe their patient drug A and drug B. The treament
is exogenous, as long as insurance was purchased prior to the diagnosis. In other words, unconfoundedness
still holds, as long as the unobserved differences that resulted in unit assignment to the treatment/control
conditions “are independent of the potential outcomes, conditional on observed covariates” (Imbens and
Rubin 2015, 265).
15
Since both California and Oregon are Democratic-governed and have similar proportions of grocery
workers, this difference is irrelevant for the main analysis.
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the context. Had the change in the CDC guidelines not taken place, we may have well seen
more states, including Oregon, give earlier priority to grocery employees.
In summary, the evidence suggests that vaccine distribution was less about divvying up
resources among political supporters and more about demonstrating competence, or minimizing political fallout, in a situation with high political risk and uncertainty (Gasper and
Reeves 2011; Quiroz Flores and Smith 2013; Ashworth, Bueno de Mesquita, and Friedenberg
2018).

Network Theory and Vaccine Prioritization
From the perspective of network theory, the nature of contagion—its speed, reach, and
main pathways of transmission—depends on the local structures within the network (Chyzh
and Kaiser 2019). Rather than simply a function of network density, the rate of contagion
depends on the presence of a few highly connected actors with cross-cutting connections
to otherwise disconnected parts of the network (Granovetter 1973; Feld 1991; Padgett and
Ansell 1993). What ultimately determines an actor’s transmission potential is its level of
connectedness or centrality.16 It follows that, as long as there is some level of heterogeneity
in actors’ centrality (i.e., some actors have more direct or indirect connections than others),
disabling the transmission potential of the network’s most central actors is the fastest and
most effective way to reduce or stop contagion.
By implication, individuals who are the most likely to limit their social interactions as
to protect themselves against the virus (e.g., due to a pre-existing condition), effectively selfselect themselves into less central network positions. Prior to widespread vaccine availability,
most of the general population dramatically reduced their social interactions, with the highest
level of social isolation reported by individuals aged 65 and older (Brankston et al. 2021;
Feehan and Mahmud 2021). Since essential-service providers are the toughest social links
to eliminate, giving vaccine priority to essential frontline workers is also an effective way
16

Measures of centrality include degree, eigenvector, closeness, and betweenness centrality (Bonacich 1972;
Patty and Penn 2017). See Appendix A for formal definitions.
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to reduce the risk of infection for the most vulnerable individuals.17 Conversely, age-based
vaccine prioritization is less likely to reduce or stop the spread of the virus, as the key
transmitters, individuals in entry-level positions, such as front-facing grocery employees,
tend to fall within a younger age range.
To explore how these well-known theoretical insights work within this specific application, I compare the effects of vaccine prioritization plans (centrality- vs. vulnerability-based)
using a simulation experiment based on a real-world human interaction network. I start by
defining the nodes in a network as a set of 𝑛 actors 𝑖 ∈ {1, 2, … , 𝑛}, and one or more interactions between each pair of nodes 𝑖 and 𝑗 as a link, 𝑙𝑖𝑗 = 1. To assess a node’s transmission
potential within a network, I use degree centrality, which is defined as the total number of
its direct links, or ∑ 𝑙𝑖𝑗 (Bonacich 1972; Patty and Penn 2017).18
𝑗∶𝑗≠𝑖

I begin with Coleman’s (1964) widely-used dataset on a high school friendship network.19
In this network, two individuals are connected by a link if at least one of them named the
other as someone with whom they frequently interacted.20 Figure 1 shows the distribution
of individuals’ degree centralities in these data.
Figure 2 shows the node with the highest value on degree centrality in dark red. Without
loss of generality, assume that a virus spreads on contact with certainty. If the dark red
17

This logic also applies to reducing contagion for the individuals with the highest vulnerability due to
living arrangements, such as nursing homes. From a network perspective, individuals who work on live in
close proximity to others are a clique—a network component in which every individual comes in contact
with every other individual. The property of a clique—and a partial reason of the high pandemic death
rates in nursing homes—is that infection of a single member poses a high risk of infection of the entire clique.
Assuming that there is not enough vaccine to inoculate every member of the clique, the highest risk to the
clique comes from its members’ contacts that are external to the clique. As long as the vaccine is too scarce
to inoculate every member of a clique, the best protection is to protect those who are indispensable for the
cliques’ functioning—medical workers and public-facing essential workers. This implication is even stronger
given that, as we now know, the Covid-19 vaccines’ effectiveness declines with individuals vulnerability
(Andrews et al. 2021; Nunes et al. 2021; Salmeron Rios et al. 2022).
18
Degree centrality is the most common network metric for modeling a node’s transmission potential. In
Appendix B, I replicate the experiment using other common centrality metrics, such as eigenvector, closeness,
and betweenness centrality. The choice of centrality measure does not substantively affect the results, as in
social interaction networks, actors that rank high on one centrality measure tend to also rank high on other
centrality measures.
19
The dataset consists of a friendship network among 73 boys in a small high school in Illinois in Spring
1958 (Coleman 1964).
20
I transform the original directed network data into a non-directed symmetric network.
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Figure 1: Centrality in the Interaction Network

Infected: 40
Figure 2: Contagion in the Interaction Network
node is the initial carrier (Patient 0), then its direct neighbors (shown in red) are the next
to contract the virus, after which the virus spreads to the nodes that are reachable through
a shortest path of length 2 (shown in orange) as a part of the second round.21 The figure
shows that, for this network, choosing the node with the highest degree centrality as Patient
0 results in 40 infected individuals at the end of two rounds of contagion.
Now suppose there are 10 available vaccines. Without loss of generality, assume getting
21

For each pair of nodes, the shortest path, 𝑑𝑖𝑗 between 𝑖 and each other node 𝑗 in the network is the
total number of links on the path between them. For example, the shortest path between two nodes that
are connected by a link is of length 1. If 𝑖 and 𝑗 do not share a direct link, but 𝑖 is connected to 𝑙, and 𝑙 is
connected to 𝑗, then the shortest path between 𝑖 and 𝑗 is of length 2.
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Low Degree

High Degree

Infected: 39

Infected: 30

Figure 3: Vaccination Scenarios
a vaccine makes an individual both immune to the virus and unable to transmit it. Figure 3
shows the spread of the virus under both the age- and exposure-based prioritization scenarios.
Groups receiving priority based on age are less likely to be a part of the workforce, and, hence,
have the greatest flexibility to limit their risk of exposure by reducing their number of social
interactions (i.e., they are willing and able to do so).22 Therefore, to reflect this prioritization
strategy within the simulation experiment, I define vulnerable individuals as those with the
lowest degree centrality. Age-based prioritization, by implication, consists of allocating the
10 available vaccines based on degree centrality, from lowest to highest. I refer to this part
of the simulation as the Low Degree scenario.
To reflect the exposure-based prioritization strategy, I define the individuals with the
greatest risk of exposure as those with the highest degree centrality. Occupational risk
vaccine prioritization, therefore, consists of allocating the 10 vaccines to the most central
nodes in the network (other than Patient 0). This is the High Degree scenario.
The demonstration shows that the second vaccine prioritization strategy leads to a
22

The network science focus limits our insights to groups of individuals that are identifiable as a function
of their network connections. Making separate inferences for vulnerable individuals that are either unable or
unwilling to self-isolate by reducing their number of direct contacts are treated is beyond the scope of this
article.
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Table 2: Round 2 Summary for 10,000 Simulations of the Interaction Network among 73
Individuals
No Vaccine
Low Degree
High Degree

Vaccinated
0
10
10

Infected
40.02 (5.50)
36.60 (5.16)
24.74 (4.82)

Not Infected
27.98 (5.50)
21.40 (5.16)
33.26 (4.82)

Vulnerable Infected
3.35 (1.53)
0
2.46 (1.39)

Note:
Cell values are means over 10,000 simulations. Numbers in parentheses are
standard deviations. Not Infected does not include Vaccinated.
drastic reduction of contagion in the network: it results in 9 fewer cases of contracting the
virus (a 30 percent reduction). For a network of 69 individuals (after removing isolates),
this is a difference between infecting 57 vs. 43 percent of the nodes in the network. If we
think of the nodes with the lowest degree centrality (marked with green border color in 3) as
vulnerable individuals, this demonstration also shows that the second vaccine prioritization
scenario fares well at protecting these individuals: only one such node contracted the virus
under the second scenario.
To generalize from this example, I perform the following Monte Carlo experiment. I start
by estimating an exponential random graph model (ERGM) (Wasserman and Faust 1994),
in which the interaction network is the dependent variable, and the network parameters of
interest are the baseline link probability (edges), the tendency towards open triangles (2stars), and closed triangles (gwesp)—the most common ERGM specification that models the
basic features of a human interaction network.23 The estimates of this model are shown in
Appendix B. I then use the estimates from this model to simulate the interaction network
10,000 times, and repeat the analysis done on the original interactions network, on these
simulated networks.24
Table 2 shows the mean (standard deviation) of the number of individuals infected/not
infected at the end of the second round of contagion (individuals connected to patient 0
23

ERGMs are an estimation approach for modeling the probability of observing a network with a given
set of endogenous statistics, such as the total number of edges, open or closed triangles, or other network
features (Hunter et al. 2008; Robins et al. 2007).
24
For a similar simulation approach, see Boehmke et al. (2017).
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directly or via one intermediary) in 10,000 simulations of the interaction network. Just as
before, I denote the 10 individuals with the lowest number of direct (lowest degree centrality)
connections as “vulnerable” individuals. These are the individuals vaccinated in the Low
Degree scenario. The last column of Table 2 shows the mean (standard deviation) of the
number of vulnerable individuals that are infected under each of the vaccination scenarios.
I also perform a simulation for a No Vaccine scenario for comparison.
Under the Low Degree scenario of giving vaccine priority to the vulnerable individuals,
the number of individuals infected at the end of the second round is only slightly lower than
that under the No Vaccine scenario (roughly 37 vs. 40). Under the High Degree scenario, the
number of the infected is substantially lower: 12 fewer than under the Low Degree scenario,
or a 32 percent decrease.
These results, of course, are based on the simplifying assumption that vaccine is 100
percent effective at both preventing virus contraction and transmission, and that the effectiveness does not change with vulnerability. Given that, in actuality, vaccine effectiveness
decreases with vulnerability (Andrews et al. 2021; Nunes et al. 2021; Salmeron Rios et
al. 2022), the results error on the conservative side, downplaying the difference in effectiveness between the two vaccine priority plans. If we relaxed this assumption and allowed
the probability of virus transmission to increase with vulnerability, even for the vaccinated,
the difference between the numbers of individuals infected under each vaccine priority plan
would be even larger (i.e., among the vaccinated, vulnerable individuals would contract the
virus at a higher rate than the more central nodes).
In summary, the results of the simulation experiment confirm that, in terms of reducing
contagion, a centrality-based (i.e., exposure-based) vaccine prioritization plan substantially
outperforms that of allocating vaccines based solely on vulnerability. The simulation highlights the effectiveness of vaccinating essential frontline workers for reducing the spread of
Covid-19, compared to other vaccine prioritization strategies, under the conditions of vaccine scarcity or distributional constraints. States that prioritized vaccine access for essential
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frontline workers were able to reduce transmission by eliminating a key source of contagion—
inoculating the individuals that came into contact with both the greatest number of people
and societal groups. This leads to the following hypothesis:
Research Hypothesis: Administrative units that prioritize individuals with higher centrality will experience fewer infection cases.

Research Design
To test the research hypothesis, I leverage variation in vaccine priority lists between California
and Oregon, two neighboring Democratic-governed states that were similar in their prevaccine Covid-19 policies (Adeel et al. 2020). While early on, the two states followed a
similar vaccine distribution strategy as the rest of the US (i.e., prioritizing the elderly and
the medical workers), California was among the first states to extend vaccine eligibility to
grocery store employees (on March 1), whereas in Oregon, grocery store employees did not
become eligible for vaccination until almost a month later (on March 29). The unit of analysis
is the county-day. The dependent variable is a logged 7-day rolling average of the number of
new Covid-19 cases, obtained from the John Hopkins University Center for Systems Science
and Engineering (Gassen 2021).25
The independent variable is an interaction between California and Day of Treatment,
in which California is a binary variable that equals 1 for California and 0 for Oregon, and
Day of Treatment is a count variable; the count starts at 1 on March 14, 2 weeks since
grocery employees became eligible for vaccination in California—the date when those who
had received the first dose would have achieved partial immunity (between 50–80%) (Polack
25

The John Hopkins data contain cumulative data by day and US county. I calculated daily cases by
first-differencing cumulative cases. In a small number of cases, first differencing resulted in negative numbers
of cases, due to data corrections. Any such negative values were recoded to 0.
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et al. 2020; Bernal et al. 2021). The estimation equation is:
𝑙𝑜𝑔(𝑁 𝑒𝑤 𝐶𝑎𝑠𝑒𝑠) = 𝛽0 + 𝛿0 𝐷𝑎𝑦 𝑜𝑓 𝑇 𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝛽1 𝐶𝑎𝑙𝑖𝑓𝑜𝑟𝑛𝑖𝑎
+ 𝛿1 𝐶𝑎𝑙𝑖𝑓𝑜𝑟𝑛𝑖𝑎 × 𝐷𝑎𝑦 𝑜𝑓 𝑇 𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝑜𝑡ℎ𝑒𝑟 𝑓𝑎𝑐𝑡𝑜𝑟𝑠.
This, of course, is a textbook example of the difference-in-difference design (Wooldridge
2015, 407–12). The treatment here is measured as the day since the first grocery workers had
developed partial immunity in California (Day of Treatment). The estimation parameter 𝛿0
is the average difference between the periods before and after the start of the treatment for
the control group; 𝛽1 is the average difference between the two groups prior to the treatment;
𝛽1 + 𝛿1 is the average difference between the two groups after the start of the treatment, and
𝛿1 is the difference-in-difference coeﬀicient that gives the average difference attributable to
the treatment (i.e., the average effect of expanding vaccine eligibility to grocery employees
in California).
I control for a number of pre-treatment county-level demographic variables that may
influence Covid-19 contagion, including the logged cumulative number of reported Covid-19
cases per 1000 residents (as recorded on December 16, 2020—the day prior to the first vaccines were administered in the two states), logged GDP (2019 USD), logged population, unemployment rate, percent of population that hold at least a Bachelor’s degree, urbanization,
percentage of black and other racial minorities, percentage of Hispanic/Latino population,
percentage of foreign population, Biden’s percentage margin in the two-party vote in the
2020 election, county-level proportion of residents of age 65 and above, and an indicator
variable of whether a county was under a ban on indoor dining, bars, gyms, hair salons and
related services prior to the start of the vaccine roll out.26 Data on county-level economic
26

Prior to the beginning of the vaccination campaign, the two states did not differ on other major Covid-19
prevention policy measures in a meaningful way (Adeel et al. 2020). Both states, for example, were under
mask mandates (Hubbard 2022). Both states’ primary, secondary, and tertiary educational establishments
shifted to virtual instruction at the start of the pandemic in the spring of 2020 and stayed online until the
end of the Fall 2020 semester (Mays 2021; Brown 2021) and did not resume hybrid or in-person instruction
until March, 2021 (Brown 2021; Mays 2021).
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outcomes were obtained from the Bureau of Economic Analysis, and the demographic variables from the most recent US Census American Community Survey (2015–19 averages).
Unemployment data are 2019 numbers obtained from the most recently available decennial
census. To address temporal autocorrelation in the data, I include a lagged value of new
Covid-19 cases per 1000 residents, logged.27
To tighten the causal claims, I also implement a matched-sample design.28 I matched
California counties (treatment group) with those in Oregon (control group) on all pretreatment variables (other than California and its interaction with Treatment Day) using
coarsened exact matching (CEM) (Iacus, King, and Porro 2012).29 CEM consists of identifying exact matches (observations with the same values on all covariates) after coarsening
(dichotomizing or multichotomizing variables into discrete categories) any continuous and
ordinal variables. Per Iacus, King, and Porro (2012), I selected the number of cutpoints to
multichotomize the variables using the empirical knowledge of the data, whenever possible.
To maximize sample size, I allowed for multiple matches for each observation.
Table 3 displays the list of matched counties: 12 counties from California and 11 from
Oregon. The matched sample includes a balance of coastal and inland counties. While
it excludes several outlier-counties based on population size (e.g., Los Angeles county in
California), it includes a mix of counties of various levels of population size and urbanization.
To assess the balance in the matched sample, Table 4 displays the standardized mean
differences for each covariate, along with the corresponding 𝑝-values. California and Oregon
counties in the matched sample are not statistically significantly different on any of the
27

Diagnostics support using a three-period lag of the logged 7-day average in cases.
A key benefit of matching is that, when applied to pre-treatment outcome levels, it ensures both balance
between the treatment and control groups, as well as parallel trends in the pre-treatment period (Lindner
and McConnell 2019, 129–30). When used in combination with a difference-in-difference design, however,
a poorly specified matching model may introduce bias (Lindner and McConnell 2019). If the observable
variables used in the matching model do not account for a significant portion of the variation in the outcome,
then what one may interpret as the treatment effect may be in fact due to the unobserved and unmodeled
confounders. Model fit statistics, such as the large adjusted coeﬀicient of determination, indicate that this is
not a concern in this application. Despite this, I follow best practices by reporting both adjusted (matched
sample) and unadjusted (full sample) results (Lindner and McConnell 2019).
29
The matching strategy accounts for vaccine availability by matching on county population—a key criterion used for vaccine allocation.
28
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Table 3: Matched Counties
Oregon (11)

California (12)

Wheeler
Wallowa
Union
Linn, Klamath
Deschutes, Jackson, Polk, Yamhill
Marion
Multnomah

Sierra
Mariposa
Modoc
Calaveras
El Dorado, Lake, Nevada, Siskiyou
Placer, San Luis Obispo
Santa Barbara, Sonoma

matching variables; the overall 𝜒2 is also not statistically significant.
I estimate the model, on both full and matched samples, using OLS regression. The full
sample consists of daily observations for all counties (58 in California, 36 in Oregon) between
December 17, 2020 (the first day of vaccine administration in both states) and April 11, 2021
(two weeks after Oregon authorized giving vaccines to food processing employees, including
grocery employees) for a total of 10904 non-missing observations, while the matched sample
consists of 2668 observations.

Results
Table 5 shows the results of the statistical analysis for the full sample (Model 1) and the
matched sample (Model 2). Since the dependent variable, New Covid-19 Cases is measured
on a logged scale, the model coeﬀicients are interpretable as percent changes (Wooldridge
2015). Thus, the coeﬀicient of 0.23 on California is statistically significant at 𝛼 = .05 (twotailed test) and indicates that, prior to opening up Covid-19 vaccination to grocery store
employees, the state of California has had, on average, about 23 (0.23*100) percent more
new daily Covid-19 cases than the state of Oregon in the full sample. In the matched sample,
however, this effect is no longer statistically significant at 𝛼 = .05 (two-tailed test).
The coeﬀicient of −0.009 (−0.011 in the matched sample) on the Day of Treatment gives
the average difference in new Covid-19 cases in Oregon counties before and after California
opened up vaccination to grocery employees. This coeﬀicient is statistically significant, indi19

Table 4: Balance Between Oregon and California in the Matched Sample
Variable
Std. Difference 𝑝-value
County GDP, logged
County Population, logged
Unemployment Rate
Percent BA Degree
Urbanization
Percent Black
Percent Latino
Percent Other Race
Percent Foreign
Biden’s Margin
Prop. Aged 65+
Indoor Dining Ban
Cum. Covid, logged
𝜒2
df
𝑝-value

−0.13
−0.03
−0.48
−0.02
0.15
−0.24
−0.67
−0.51
−0.53
−0.34
−0.49
0.04
−0.11

0.74
0.94
0.24
0.97
0.71
0.55
0.10
0.21
0.20
0.41
0.12
.54
0.78

15.7
13
0.26

cating that Oregon experienced about 1 percent decrease, on average, in new daily Covid-19
cases in the period since March 14, 2021 compared to the period between December 17, 2020
and March 14, 2021.
The coeﬀicient of -0.04 (-0.03 in the matched sample) on the interaction term is the
difference-in-difference coeﬀicient. It indicates a 4 percent decrease (3 percent in the matched
sample) in new Covid-19 cases in California (compared to Oregon), since California opened
vaccine eligibility to grocery employees. This coeﬀicient, of course, gives us only the average
daily effect, as Day of Treatment is measured on an integer scale.30 The marginal effect
of California by Day of Treatment, is shown in Figure 4. As one can see, the effect of
vaccinating grocery employees grows (in absolute value) as time advances, reaching about 80
percent decrease in cases (about 60 percent in the matched sample) 20 days after the start
of the treatment period. These results provide strong support for the research hypothesis.
30

Results are robust to coding Day of Treatment on a nominal scale or including polynomials. Diagnostics
favor the model presented in Table 5.
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Table 5: The Effect of Vaccine Eligibility to Grocery Employees on New Daily Covid-19
Cases (logged)
Full Sample
Day of Treatment
−0.009∗∗∗(0.001)
California
0.229∗∗∗(0.021)
California∗Day of Treatment
−0.039∗∗∗(0.002)
Cumulative Cases, logged
−0.117∗∗∗(0.022)
County GDP, logged
0.350∗∗∗(0.023)
County Population, logged
0.376∗∗∗(0.022)
Unemployment Rate
−0.018∗∗∗(0.002)
Percent BA Degree
0.021∗∗∗(0.003)
Urbanization
0.008∗∗∗(0.001)
Percent Black
0.044∗∗∗(0.004)
Percent Latino
0.030∗∗∗(0.001)
Percent Other Race
0.026∗∗∗(0.001)
Percent Foreign
−0.045∗∗∗(0.002)
Biden’s Margin
−0.010∗∗∗(0.001)
Prop. Aged 65+
3.716∗∗∗(0.266)
Indoor Dining Ban
0.084∗∗ (0.026)
New Cases/1000 res., 3-day lag
0.213∗∗∗(0.004)
Constant
−7.185∗∗∗(0.177)
Num.Obs.
10904
2
R Adj.
0.89
∗∗∗
∗
𝑝 < .0.05 (two-tailed), 𝑝 < 0.1 (two-tailed).

Matched Sample
−0.011∗∗∗(0.002)
−0.036 (0.043)
−0.030∗∗∗(0.003)
−0.295∗∗ (0.098)
−0.571∗∗∗(0.095)
1.150∗∗∗(0.120)
−0.045∗∗∗(0.013)
0.052∗∗∗(0.006)
0.011∗∗∗(0.001)
0.213∗∗∗(0.043)
0.066∗∗∗(0.007)
0.024∗∗∗(0.006)
−0.059∗∗∗(0.014)
−0.010∗∗∗(0.002)
12.078∗∗∗(1.874)
−0.814∗∗∗(0.142)
0.132∗∗∗(0.007)
−3.403∗∗∗(0.585)
2668
0.87

Similar results also hold for the outcomes of Covid-19-related hospitalizations and deaths.31
Validating Model Assumption
Interpreting the model’s estimates in causal terms rests on several assumptions, such as the
Stable Unit Treatment Value Assumption (SUTVA), cross-sectional and temporal treatment
exogeneity, and parallel trends. In this section, I discuss the validity of each assumption in
the context of the current application.
SUTVA. The first assumption, the Stable Unit Treatment Value Assumption (SUTVA),
which requires that treatment assignments for other units do not affect the outcome for unit
𝑖, and that each treatment defines a unique outcome for each county (Imbens and Rubin
31

These additional results are presented in Appendix F.
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Figure 4: Marginal Effect of Vaccine Eligibility to Grocery Workers. Error bars represent
95% CIs.
2015, 33). The first part of SUTVA—that participants cannot interfere with the assigned
treatments—is met as long as Oregon grocery workers cannot travel to California to receive
the vaccine ahead of their turn. Though technically possible (California did not require proof
of residency for vaccine appointments), any such instances would be costly: an employee
would have to get informed on how to register for an appointment in a difference state, take
time off work and travel, in many cases, a significant distance. Hence, any such violations
would be rare. Were this type of interference pervasive, this would induce downward bias in
the estimate of the average treatment effect, i.e. make it more diﬀicult to detect a difference
between the treatment and the control group.
A secondary part of SUTVA is that each unit in the treatment group receives the same
“dose” of the treatment. This assumption would be violated, for example, if counties varied
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in terms of vaccine take-up among grocery employees. I account for this and other possible
unobserved differences among observations by including control variables, and in the matched
sample, by matching on the observable sources of variation. A weaker variant of the “equal
dose” assumption is that the unobservable differences that may induce the variation in the
treatment dose are correlated with the observable control variables included in the model
(Imbens and Rubin 2015, 9–13; Stuart 2010, 3).
Treatment Exogeneity. The second assumption is unconfoundedness or treatment
exogeneity. Exogeneity implies that the treatment and control groups are equal, on average,
on all observed and unobserved variables that may affect the outcome variable, with the
exception of the treatment and confounders for which the researcher controls (Sekhon and
Titiunik 2012, 36; Imbens and Rubin 2015). While in randomized controlled experiments,
this assumption is a function of random assignment of research participants to the treatment
and control group by the researcher, natural experiments lack a comparable iron-clad validity
guarantee. In quasi-experimental design, the validity of the exogeneity assumption hinges
on whether the researcher can provide a compelling justification.
I justify this assumption using three alternative and self-reinforcing strategies: with
statistical evidence; via the research design, which includes matching on observables (Imbens
and Rubin 2015); and analytically, by using evidence from case studies of California and
Oregon’s decision-making (Dunning 2008). The statistical evidence consists of the analysis
of the national determinants of vaccine prioritization, discussed earlier, and placebo tests,
presented later in this section.
In addition to implementing a matched design, the research design also helps alleviate
unit self-selection concerns by de-coupling the treatment assignment (at the state level)
from the unit of observation (counties). No general one-size-fits-all prioritization plan, even
the one tailored to the demographics of the state, would apply equally well at the county
level, especially in states as diverse as Oregon and California. Oregon’s Multnomah county,
which includes Portland, has very different demographics than any of the counties east of
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the Cascades. Self-selection at the state level, in other words, would not translate into
self-selection at the county level, as long as the demographics of individual counties do not
precisely match those of the entire state.32
For space consideration, the full analytical justification in presented in Appendix D. In
brief, the novelty of the virus, and the lack of information regarding its spread, effectively
set up a natural experiment of policy-making under conditions of incomplete information.
Earlier in the pandemic, these conditions resulted, for example, in many states implementing
controversial and, in retrospect, unnecessary measures of closing down beaches and national
parks.33 Likewise, most state-level decisions related to vaccine prioritization were also made
under conditions of very limited information, as the first vaccines were given emergency
approval before various aspects of their effects were fully evaluated. In particular, early
distribution plans were made in the absence of reliable information on whether vaccines
reduced transmission of the virus, prevented disease, or merely ameliorated the symptoms; a
suﬀicient body of evidence showing that vaccines were effective at reducing transmission did
not become available until mid-March 2021, long after the prioritization plans were finalized
(Christie, Mbaeyi, and Walensky 2021; CDC 2021b).34 A systematic correlation between
the treatment assignment and the outcome requires expertise—a reasonable expectation of
which treatment would work best for each unit. In the absence of such expertise, however,
the assignment mechanism is not that different from tossing a coin or rolling a die. In other
words, an uninformed decision-maker approximates a randomization mechanism.
Further evidence that the governor oﬀices did not act on a set agenda comes from
32
Individual counties had very limited discretion over vaccine prioritization, mainly with the aim of avoiding wasting doses (CVAC Jan 12, 2021, 12).
33
These policies were shown to be unnecessary, once the evidence emerged that the virus transmission is
significantly reduced in non-confined spaces.
34
Though there was a working hypothesis among medical researchers that vaccinations may reduce
transmission—owing to fewer of the more contagious symptomatic cases and reduced viral loads among
vaccinated individuals (Mallapaty 2021; Levine-Tiefenbrun et al. 2021)—there was little direct evidence
in late 2020, when prioritization distribution plans were being drafted. Moreover, there was no consensus
opinion within the medical community: some researchers offered a countering view, arguing that vaccinated individuals could still carry and spread the virus, even if they themselves were largely protected (e.g.,
Bleier, Ramanathan, and Lane 2021). Even as evidence changed, most states stuck by their pre-determined
prioritization plans.
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both states’ strict adherence to the national guidelines, and willingness to quickly modify
previously formulated plans in response to sudden changes in national guidelines, such as the
unexpected January 12 revision to the previous recommendation of prioritizing based on both
age and exposure. In response to that change, both states shifted to the now recommended
age-based prioritization plan, with the exception of groups whose eligibility had already been
announced, such as Oregon’s K-12 employees and California’s grocery employees.
Temporal Treatment Exogeneity. Related to unconfoundedness is the assumtion
that the treatment does not influence the pretreatment population, that is, that opening
vaccine eligibility to grocery workers does not affect Covid-19 cases in the preceding timeperiod (Lechner 2011). An example of this would be California grocery workers taking extra
precautions to avoid contracting Covid-19, for example, by wearing masks, in anticipation of
getting the vaccine. They might have reasoned, for example, that it is worthwhile to incur
some additional inconveniences for several weeks, so as to avoid contracting the virus right
before getting the vaccine. Had this been systematically the case, we would observe evidence
of the treatment effect prior to the start of the treatment. The placebo tests, discussed below,
show no evidence of such an effect.
Parallel trends assumption Finally, the model relies on the parallel trends assumption. This assumption requires that, after controlling for observable confounders, changes in
expected non-treatment outcomes between the time periods before and after the treatment
are mean independent of the treatment assignment (Lechner 2011). If this assumption holds,
then difference-in-difference estimation recovers unbiased estimates of the average treatment
effect for the treated.
Figure 5 shows the temporal trends in the raw data (on the left) and in the matched
sample (on the right). Both subfigures show that the daily number of new Covid-19 cases
followed a similar trend in the two states between the start of vaccinations in December 2020
and the middle of March, 2021: both experience a brief period of increasing cases between
early to mid-January, 2021, followed by a consistent decline up until early March. In the
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Figure 5: Temporal Trends (State Averages) in Covid-19 Cases, December, 2020–April, 2021.
matched sample, the aggregate difference in new Covid-19 cases between the two states was
about 460 daily new cases on December 17, 2020. This difference narrows to about 222 new
cases by February 15, 2021, and further to about 86 by March 1, and to 12 cases by the start
of the treatment on March 15.
In the treatment period, as California expanded vaccine eligibility to grocery store
employees on March 1, 2021, whereas Oregon did not, the two trends diverge. The point
of divergence falls somewhere between March 1 and March 15—the latter date is when the
grocery employees who had been vaccinated on March 1 would have achieved between 50–
80% immunity. After this time, the trend of new Covid-19 cases in California continues
to decline, whereas Oregon starts observing an increase. At this point Oregon surpasses
California in the aggregate cases in the matched sample, its lead reaching about 69 daily
new cases by April 11, 2021 (2 weeks after Oregon also opened vaccine eligibility to grocery
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Figure 6: Daily changes in the Difference Between California and Oregon, 𝛿1𝑡 , Matched
Sample. Error bars represent 90% CIs.
workers).
While the pre-treatment trends look similar, especially between mid-January and midMarch, whether they are indeed parallel is ultimately a subjective judgement. Though one
cannot directly test the null hypothesis that the slopes of the two trends are the same, it is
possible to test whether the difference between the slopes is statistically different from zero.
To do this, I estimated the following model:
𝑇 −1

𝑙𝑜𝑔(𝑁 𝑒𝑤 𝐶𝑎𝑠𝑒𝑠) = 𝛽0 + ∑ 𝛿0𝑡 𝐷𝑎𝑦𝑡 + 𝛽1 𝐶𝑎𝑙𝑖𝑓𝑜𝑟𝑛𝑖𝑎
𝑡=1
𝑇 −1

+ ∑ 𝛿1𝑡 𝐷𝑎𝑦𝑡 × 𝐶𝑎𝑙𝑖𝑓𝑜𝑟𝑛𝑖𝑎 + 𝑜𝑡ℎ𝑒𝑟 𝑓𝑎𝑐𝑡𝑜𝑟𝑠,
𝑡=1

where Day𝑡 is a set of 𝑇 − 1 indicator variables for each day 𝑡 ∈ {1, 2, … , 𝑇 − 1} included
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in the sample, 𝛿0𝑡 is a set of daily intercepts, and the coeﬀicients 𝛿1𝑡 on the interactions
between California and each of the daily dummies are estimates of the daily changes in the
difference between California and Oregon in the sample.
Figure 6 displays the coeﬀicients, 𝛿1𝑡 , on the interaction terms for each day. The daily
changes are not statistically different from zero for most of the pre-treatment period. The pretreatment mean is 0.09; it drops to -0.13 shortly after California expands vaccine eligibility
to grocery workers, and further to -0.45 in the treatment period. I interpret this as (indirect)
support for the parallel trends assumption. As additional support for the research hypothesis,
the coeﬀicients become statistically significant for the majority of the post-treatment period,
and the trend line is increasing in magnitude. In summary, the above placebo tests show no
discernible pre-treatment trends in the matched sample.
One may also define the dates that correspond to other differences between the two
states’ vaccine priority lists as pseudo-treaments. Since the timing of grocery employee eligibility was the only theoretically relevant difference, we expect that these pseudo-interventions
have no effect on the number of Covid-19 cases. Other than food and agriculture (which
included grocery employees), the two states differed on the sequence and timing of several
other groups, most prominently, teachers, and the incarcerated.35 California also had a less
expansive definition for Phase 1a, which put it 12 days ahead of Oregon in opening Phase
1b.36 Taking into the account the earlier prioritization of K-12 employees, this delayed Oregon’s opening date for vaccinating the elderly until February 7, 2021 (whereas California,
which prioritized the elderly ahead of K-12 employees, was able to start vaccinating the
elderly on January 13, 2021).
35

Oregon opened vaccine eligibility for teachers on January 25, 2021, and to the incarcerated on February
3, 2021. In California, in contrast, teachers were not eligible until March 1 and the incarcerated until March
15.
36
While California’s definition of health workers was limited to any personnel with direct interaction
with patients, Oregon had no such qualifications and also included any non-medical personnel of healthcare
facilities, such as cleaners and food servers (OVAC, Jan. 14, 2021). In addition to healthcare workers, both
states’ Phase 1a included residents of long-term care facilities (CVAC Nov. 30, 6). Oregon also included
several additional groups, such as individuals with developmental disabilities, employees of early learning
centers, and individuals working in death care services (OVAC Jan. 14, 2021).
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None of these differences matter from the theoretical point of view—since, out of all
prioritized groups, only grocery workers act as central nodes that connect large segments of
society.37 None of the pseudo-treatment test dates are associated with prominent shifts in
the slope of the trend.38

Conclusion
Unlike epidemiological studies that rely on aggregated population-level measures (e.g., Bubar
et al. 2021), network science provides a more nuanced localized understanding of contagion
in various types of network structures. Network tools allow for developing a more targeted
and eﬀicient approach to reducing contagion by focusing on the nodes with various transmission properties. This study demonstrates that using insights from network analysis to
inform vaccine prioritization plans may have substantial effects on reducing contagion, and
by implication, hospitalizations, and mortality rates.
While highly effective as a means to reduce transmission, onset, symptoms, and mortality, Covid-19 vaccines have proven to be heterogeneous in their effectiveness. In particular,
they are the least effective for individuals that face the highest risk of adverse effects from the
virus, such as the immunocompromised and the elderly. Somewhat counter-intuitively, this
study demonstrates that the most effective strategy to protect these groups may be indirect.
Rather than directly allocating the vaccines to the individuals for whom these vaccines are
the least effective, it may be more eﬀicient, under conditions of vaccine scarcity, to minimize
the probability of these individuals’ exposure to the virus by innoculating their most frequent
37

In network analysis terms, K–12 employees and the incarcerated are cliques—network clusters with large
numbers of repeat interactions, but few new ones.
38
One caveat is that statistical analysis do not allow for isolating the effect of grocery employees from that
of other food and agriculture workers, as all three of these groups were included on the same “agriculture
and food” in both states. In technical terms, this means that the estimated effect is a “bundled” effect.
Theoretically, agricultural workers or restaurant employees (e.g., short-order cooks) have similar network
positions to teachers and the incarcerated—they interact primarily with other members of their own professional setting, but are relatively isolated from the general public, especially as a result of pandemic-related
indoor dining bans. The placebo tests show no discernible effects for the incarcerated or K-12 educators,
which implies that the treatment effect is driven by the grocery employees rather than other groups that
happened to become eligible at the same time.
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contacts. Allocating scarce vaccine resources to the individuals that act as central nodes in
the network of human interactions—such as grocery workers—may be a more effective means
to reducing community spread and a more effective means at protecting the most vulnerable.
Outside of the specific application to Covid-19, this article has implications for studies
using insights from network science. Now that network analysis became commonplace for
studying political processes, the next step is to move from correlational to causal network
analysis, and this paper takes a first step. Theoretically, it offers a number of testable
implications for the study of diffusion more broadly, such as information cascades, diffusion
of policy innovations, political mobilization, and contagion of political violence. For instance,
targeting the central nodes in a network of information transmission is key to controlling the
spread of information, such as misinformation, radical speech, or anti-regime rhetoric. The
reverse strategy—structuring the network so as to ensure multiple transmission pathways,
rather than relying on a small number of central nodes—is key to maintaining communication
despite attempts at disruption, such as governments’ attempts at censorship. Likewise, if the
goal is to encourage the spread of policy innovation, from treaty ratification to regime change,
then a focus on a small number of central nodes—key innovators—may be more cost-eﬀicient
than individual targeting of the entire pool of potential adopters. Similarly, advocacy groups
may get a better return on investment by focusing on a handful of influential actors, rather
than allocating resources across a wide set of government actors. This may hold for specific
agencies within governments, as well.
Beyond the focus on network centrality, political science research can also explore other
types of network dependencies, such as indirect ties or the average length of the shortest paths
(e.g., Chyzh 2016). For example, and related to the previous point, advocacy groups may not
want to focus solely on actors that are central in the entire network, but also on actors that
may cause a tipping point that connect otherwise disconnected network clusters. Explicitly
modeling known dependencies among political actors, and testing their implications within
a causal network framework adds nuance to established political science findings.
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