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Abstract

We examine data from a serological study that randomized participation incentives ($0, $100,
$500). Minority and poor households are underrepresented at lower incentives. We develop
a framework that uses randomized incentives to disentangle non-contact and hesitancy and
find that underrepresentation occurs because minority and poor households are more hesitant
to participate, not because they are harder to contact. In particular, reservation payments
for contacted households in minority and poor neighborhoods are substantially more likely
to exceed $100. The $500 incentive closes hesitancy gaps and restores representativeness on
observable dimensions including hospitalization and insurance rates, and a COVID-19 risk
index.
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1 Introduction

It is widely documented that scientific studies with human subjects suffer from unequal

participation rates across socioeconomic and demographic groups. Nonrepresentative studies

undermine the proper allocation of both public and private resources, e.g. by distorting

clinical trial results used to inform R&D decisions (NASEM, 2022), and by biasing population

statistics that guide policy makers (Wines and Cramer, 2022). Yet, little is known about

the key barriers to research participation and how they can be addressed. A recent report

for the National Academies of Science, Engineering, and Medicine (NASEM, 2022, p. 107)

summarizes the state of the literature:

“There is substantial quantitative data demonstrating the size and scope of the

problem of underrepresentation and exclusion of populations in research; however,

there is a dearth of critical qualitative data about facilitators of successful inclu-

sion.”

The report argues that, as a consequence,

“. . . large swaths of the U.S. population, and those that often face the greatest

challenges, are less able to benefit from [new] discoveries because they are not

adequately represented in scientific studies.”

There are two broad reasons for non-participation, and thus there are two broad drivers

of non-representativeness: either researchers are unable to make contact with a sampled

household (non-contact), or a contacted household does not participate because the perceived

costs of doing so exceed the perceived benefits (hesitancy). These two reasons for non-

participation suggest different approaches to solving the problem of underrepresentation and

exclusion in research. Hence, it is important to understand their respective roles. Moreover,

in the case of hesitancy, it is important to understand whether financial compensation—a

commonly used strategy to increase response rates—is effective in overcoming this barrier.

This paper provides a rare opportunity to learn about causes of and solutions to unequal

participation in the context of a COVID-19 serological study. In most practical settings,

it is difficult to quantify the relative importance of non-contact and hesitancy for non-

participation. For example, in studies with mail, SMS, or online outreach, non-contact is

not directly observed. Even when non-contact can be directly measured (as in the less com-

mon case of studies with in-person outreach), it is impossible to learn about the distribution

of reservation payments for participation.

Unlike these typical settings, the Representative Community Survey Project’s (RECOVER)

COVID-19 serological study experimentally varied financial incentives for participation. The

study was conducted with households in Chicago. Sampled households were sent a package

that contained a self-administered blood sample collection kit, and were asked to return the

sample by mail to our partner research laboratory in order to be tested for the presence of
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COVID-19 antibodies (“seropositivity”).1 Households in the sample were randomly assigned

one of three levels of financial compensation for participating in the study: $0, $100, or $500.
The random assignment of incentives creates ex-ante identical groups whose participation

rates only differ if the financial compensation causes the benefits to exceed the costs. We

develop a framework that uses this experimentally-induced variation together with a sim-

ple model of participation behavior to separately identify and estimate the relative impor-

tance of non-contact and hesitancy for non-participation. When applied to the RECOVER

study, our estimates show that both non-contact and hesitancy are important drivers of non-

participation, but that inequality in participation across demographic groups is primarily

driven by differences in hesitancy.

Variation in assigned incentives further allows us to learn how contacted households differ

in the incentives needed to induce participation. We find that reservation payments for

contacted households in minority and poor neighborhoods are substantially more likely to

exceed $100. The $500 incentive appears to overcome differences in hesitancy and restore

representativeness along observable dimensions, including important plausible confounds in

population health studies such as the uninsured rate, hospitalization rates, and an aggregate

COVID-19 risk index.

We can rule out differences in perceived benefits of learning one’s seropositivity status

as an explanation for these differences in hesitancy, since participants were not told their

test result. A substantial qualitative literature instead points to differences in trust in the

healthcare system and differences in concern about privacy as potential factors limiting study

participation among racial minorities.2

In Section 2, we describe the RECOVER serological study in greater detail. RECOVER

was designed and implemented using best practices in collaboration with NORC, a leading

national statistical agency, and the Wilson Antibody Biology Laboratory at the University

of Chicago. The collected data consists of the randomly-assigned compensation offer, par-

ticipation status, and addresses for each sampled household. These addresses are used to

link households to a rich set of neighborhood-level (i.e., zipcode-level) characteristics, such

as poverty, racial composition, and health, independently of whether the households partici-

pated in the study. This allows us to assess to what extent participants are representative of

the target population, at least along these observable dimensions.

We estimate participation rates across the randomly assigned incentive levels in Section

3. In the control group, the participation rate is just 6%, which is comparable to the par-

ticipation rate in other serological studies (Bobrovitz et al., 2021, and our Appendix C). We

find that financial compensation has a powerful effect on participation: the $100 incentive

1As shown in Appendix C, most COVID-19 serological studies that randomly sample participants use mail or
online outreach, as these approaches offer a pragmatic way to obtain contact-free seroprevalence data.

2A recent review can be found in Chapter 4 in NASEM (2022). In line with these studies, Alsan et al. (2022)
report that Black Americans are less likely to have confidence in research institutions, believe that science is
beneficial for them, or enroll in clinical trials. Alsan et al. (2022) also find that Black patients are more likely
to cite trust, privacy, and racism as reasons not to enroll in clinical trials, whereas White patients cite logistical
barriers and co-morbidities.
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increases participation to 17%, and the $500 incentive increases it to 29%. We also find

striking differences in participation rates by neighborhood characteristics. For example, in

the unincentivized arm, only 2% of households in high poverty neighborhoods participate,

compared to 10% in low poverty areas. The $100 incentive substantially increases partici-

pation among all groups, but widens differences in participation rates. The $500 incentive

increases participation further and, more importantly, it completely closes the participation

gap.

We develop a framework for quantifying non-contact and hesitancy as drivers of non-

participation in Section 4. In the RECOVER study—as in many other population health

studies and social surveys—a sampled household must first be successfully contacted. Be-

cause the randomly assigned incentive is only revealed after the household is contacted,

non-contact rates do not depend directly on the incentive level. Conditional on being con-

tacted, households decide whether to participate by comparing perceived costs and benefits,

which are shifted by randomly assigned incentives. The key assumption is a bound on the

proportion of contacted households who would decline to participate at $500. We show how

to use the model to quantify non-contact and hesitancy as sources of non-participation, and

to learn about differences in the distribution of reservation payments across demographic and

income groups. The analysis highlights the critical importance of randomly varying financial

incentives, which is rarely done in studies with voluntary random testing.3

We apply these methods to the RECOVER study in Section 5. We find that both non-

contact and hesitancy are important determinants of low participation. However, these de-

terminants have different implications for who participates. Non-contact rates differ little by

household demographics. But households from higher poverty and minority neighborhoods

have much higher hesitancy rates, implying that they have higher perceived costs of partici-

pation. Decomposing these causes of unequal participation, we find that hesitancy explains

89% of the participation gap at $0, and 93% at $100. Examining the distribution of reserva-

tion payments across groups, we find that reservation payments for contacted households in

poor and minority neighborhoods are substantially more likely to exceed $100.
For example, we estimate that 61% of contacted households in majority minority neigh-

borhoods would not participate for $100, compared to only 14% in majority White neighbor-

hoods. We show that our findings remain qualitatively unchanged even if we assume that a

substantial share of contacted households decline to participate at $500. Removing this as-

sumption entirely actually strengthens our conclusions about hesitancy, although it weakens

our conclusions about the importance of non-contact.

We estimate the extent to which financial incentives overcome the nonrepresentativeness

caused by differential hesitancy in Section 6. We stratify average characteristics of partici-

pating households by incentive level, and compare these characteristics to those of the entire

3In Appendix C, we show that in all publications on COVID-19 serology studies with randomly sampled U.S.
subjects, incentives are either not specified, are offered uniformly, or are varied in a non-random way. Dutz et al.
(2021) reach a similar conclusion in their systematic review of social surveys used in empirical economics research.
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invited sample. We show that without financial incentives, the participating households are

highly nonrepresentative of the invited sample along a range of socioeconomic, racial, and

health dimensions, including the risk of COVID-19 infection. As one example, only 13% of

the participants in the unincentivized arm are from higher poverty neighborhoods, compared

to 46% in the target population. Although this gap largely persists at the $100 incentive, the

$500 incentive closes it entirely. We find that the $500 arm is representative across a battery

of socioeconomic, risk, and health measures.

Our paper contributes to ongoing discussions about the quality of COVID-19 serological

studies, and in particular the challenges that stem from a lack of representation. Serological

studies were widely used to estimate epidemiological parameters that served as inputs to

highly consequential health policy decisions, such as the Infection Fatality Rate (IFR, the

likelihood of death conditional on infection) and the share of the population already infected.

Although serological studies were implemented in part to address bias due to the existence

of asymptomatic and untested infections (Aspelund et al., 2020; Manski and Molinari, 2021),

systematic reviews and meta analyses have emphasized that they often relied on nonrepre-

sentative (“convenience”) samples, exposing them to a different potential source of bias (see,

e.g., Bobrovitz et al., 2021; Chen et al., 2021).4 Due to the exponential nature of transmission

models, even small biases can translate into large forecast errors (see, e.g., Ioannidis et al.,

2022).

The problem of nonrepresentativity is not specific to studies that rely on convenience

samples. It also occurs in studies with random sampling, because some types of households

may be relatively difficult to reach or unwilling to participate. Our paper contributes to

this discussion by developing tools to measure the causes of nonrepresentativeness. While

we find non-contact rates that are high overall, we are also able to isolate the cause of

nonrepresentativeness along racial and poverty lines to differences in hesitancy, rather than

differences in non-contact rates. This finding implies that representativeness along these

characteristics can be improved by providing higher incentives to participate.

Our paper is also related to a broader literature on unequal representation in scientific

studies. A comprehensive review of this literature can be found in a recent report published

by the National Academies of Science Engineering and Medicine (NASEM, 2022). As noted

above, this report concludes that, to date, there is limited credible evidence on the causes

of and solutions to low and unequal participation across demographic groups. Our study

directly addresses these questions.

Our paper is complementary to recent work in economics that studies the consequences

of unequal representation in clinical trials. Alsan et al. (2022) propose a model that predicts

4Concerns about nonrepresentativeness of study samples have also been raised in relation to other types of studies
that aimed to inform pandemic-era health policy. For example, Bradley et al. (2021) argued that nonrepresentative
surveys substantially overestimated US vaccine uptake due to overrepresentation of highly educated and white
participants. Beyond pandemic health policy, concerns have recently been raised about under-counting of Hispanic,
Black and Native American residents in the 2020 U.S. Census, which may lead to under-allocation of government
resources to these groups (Wines and Cramer, 2022).
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that unequal representation in clinical trials reduces the extent to which innovation benefits

the underrepresented groups. Key parameters in the model are the perceived net benefits for

White and Black patients, which drive differences in recruitment costs across these groups.

However, Alsan et al. (2022) note that there is no publicly available data on trial recruitment

cost, let alone on how these costs vary across demographic groups.5 While our setting

is not a clinical trial, participation decisions in our setting are likely informed by similar

considerations. Our evidence on the causes of non-participation and how they vary by race

may be useful for informing clinical trial recruitment.

Our paper is also connected to a survey methodology literature that examines how in-

centives affect both survey participation rates and the demographic composition of survey

participants (see Groves et al. (2009); Singer and Ye (2013), and references therein). However,

this work has not used randomized incentives to disentangle non-contact and hesitancy as

causes of non-participation, nor has it examined how these drivers vary across demographic

groups.6 Existing work that randomizes incentives is typically conducted in lower-stakes

settings and the incentive levels over which randomization occurs are orders of magnitude

smaller than the incentives we consider. For example, Petrolia and Bhattacharjee (2009)

consider a mail survey on consumer preferences for ethanol-based fuels in which invited indi-

viduals were randomly offered either no incentives, $1 along with the survey, or a promise of

$5 upon completion of the survey. They find that higher incentives affect the participant com-

position by bringing in a larger percentage of less educated respondents. We are not aware

of studies that randomize financial compensation for sharing personal health information for

research or policy purposes.

Finally, there is a literature in public economics on how to increase the take-up of social

programs. The key barriers are lack of information about eligibility and transaction costs

(including stigma) associated with enrollment (see e.g., Moffitt, 1983; Currie, 2006; Dahl

et al., 2014; Deshpande and Li, 2018; Finkelstein and Notowidigdo, 2019). In contrast,

all sampled households in the RECOVER study are eligible to participate. Instead, the

barriers to participation are the researchers’ inability to contact the sampled household and

their hesitancy to participate conditional on being contacted. There is no private benefit

to participation in our context, other than the randomized financial compensation, because

participants would not be informed about the result of the test. Thus, participation decisions

reflect a tradeoff between perceived private costs and social incentives, rather than eligibility

or transaction costs.

5On pg. 9 they write: “The cost—in terms of both money and time—of enrolling a new patient in a trial also
varies across demographic groups. To the best of our knowledge, there are no publicly available estimates of trial
recruitment costs.”

6There exists, however, some direct measures of the importance of non-contact. For example, some U.S. house-
hold surveys run by national statistical agencies are conducted in-person and record reasons for non-participation.
Using this type of metadata, Brick and Williams (2013) show that both hesitancy (refusals) and non-contact are
drivers of non-participation in surveys outside the domain of public health.
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2 Study design and implementation

2.1 Background

The RECOVER serological study was carried out in Chicago between December 2020 and

March 2021. The study was designed and conducted in collaboration with two partners

from the University of Chicago: NORC, a leading survey and research organization, and the

Wilson Antibody Biology Laboratory. The RECOVER study was a pilot study intended to

measure participation rates at different levels of compensation across neighborhoods. The

results of the pilot were meant to inform the sampling design of a larger study on serpos-

itivity in Chicago. The larger study was never implemented, partly because of low overall

participation rates in RECOVER (see Section 3), and partly because the advent of vaccines

made seropositivity a lower public health priority.

2.2 Design and implementation

NORC randomly sampled 882 Chicago addresses from United States Postal Service data.

Hence, the sampled households were representative of the population of households with a

mailing address in the city. Sampled households were sent a package that contained a self-

administered blood collection kit, and were asked to return a blood sample to the Wilson

Lab to be tested for seropositivity. The package additionally contained a consent form with a

short questionnaire, instructions on self-administering and returning a blood sample, a letter

explaining the purpose of the study and providing information on financial compensation for

participating (i.e., returning a blood sample), and a pre-paid return package.

Households in the sample were randomly assigned one of three levels of compensation:

$0, $100, or $500. The latter is quite a high level of compensation for participation in a

serological study. The reason for offering such high compensation was to try to maximize

participation in this arm of the experiment. In Section 4, we show how to use the $500
incentive arm to disentangle non-contact and hesitancy rates for the lower incentive arms.

Households were asked to select the adult with the earliest upcoming birthday for partici-

pation in the study. The letter informed the household that the returned blood sample would

be tested for seropositivity, but that they would not be told the result of the test. Hence,

desire to learn about seropositivity status could not contribute to the household’s motiva-

tion for participating in the study. Appendix A contains copies of the written materials and

additional details on sampling, randomization and follow-up procedures.

2.3 Data

Our data consists of the randomly assigned incentive level, participation status, and address

for each sampled household. Although we observe additional data via the short questionnaire

for participating households, we do not have such information for non-participating house-

holds. However, we are able to merge our data with address-based information from external

sources. As a result, we can observe a rich set of address-based neighborhood characteristics
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for each household, independently of whether they participated in the study. This allows

us to analyze non-participation conditional on these characteristics and to compare how the

composition of participants differs from that of the invited sample.

We focus our attention on two neighborhood characteristics that feature prominently in

discussions of representativeness (NASEM, 2022): poverty status and racial composition.

We classify a household as being from a higher poverty neighborhood if the percentage of

households below 1.5 times the poverty line is above 30% (and classify it as lower poverty

otherwise). We classify a household as being from a majority minority neighborhood if the

share of adults identifying as non-Hispanic White is below 50% (and classify it as majority

White otherwise). This data is measured at the zipcode level, and is obtained from the

American Community Survey.7 In additional analyses, we also consider other dimensions of

neighborhood characteristics, including labor market and health conditions. We obtain this

information from the Chicago Health Atlas and the City Health Dashboard (see Appendix

B for details).

3 Participation rates and responsiveness to incentives

Figure 1a reports the proportion of households who participated in RECOVER by incentive

level. Only 6 percent of unincentivized households participated. This rate is comparable

to other serological surveys that invited a random sample of households to be tested for

COVID-19 antibodies.8

Participation rates increase substantially with the level of the incentive. Offering $100 for

participation increases participation rates to 17%, almost triple the rate without incentives.

Offering $500 for participation increases participation rates further to 29%.

Figures 1b and 1c report participation rates by neighborhood poverty status and racial

composition. While 10% of households in lower poverty neighborhoods participate without

financial incentives, only 2% in higher poverty neighborhoods do. While 9% of households

in majority White neighborhoods participate without financial incentives, only 4% in major-

ity minority neighborhoods do. The $100 incentive increases participation substantially in

lower poverty and majority White neighborhoods, but only modestly in higher poverty and

majority minority neighborhoods. However, the $500 incentive increases participation rates

to almost parity, with no statistically significant differences by either poverty status or racial

composition.

4 A model of study participation

There are two potential explanations for our finding of unequal participation rates. To

participate, a household must first be successfully contacted and made aware of the study.

7Our conclusions do not materially change if we instead use tract-level data.
8In Appendix C, we show that in all serological studies that randomly sampled subjects from a region within

the United States, the average (median) participation rate for studies that used mail outreach is 9.0% (8.3%).
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Figure 1: Participation rates

(a) Overall

(b) By poverty status (c) By racial composition

Notes: This figure reports participation rates and 90% confidence intervals by incentive group for the overall sample (a), by

neighborhood poverty status (b), and by neighborhood racial composition (c). In panel (a), p–values for testing the pairwise

equality in participation rates across incentives are shown in the top. In panels (b) and (c), differences in participation levels

across subgroups are depicted above the bars. Stars denote p-values smaller than .1 (*), .05 (**), and .01 (***).

Upon being contacted, the household must then decide to participate. Unequal participation

rates are due to some combination of systematic differences in the difficulty of contact and

hesitancy to participate. In this section, we model the participation process to quantify

non-contact and hesitancy as sources of non-participation. We also measure how contacted

households differ in their hesitancy to participate.

4.1 Model

Let Ri(z) ∈ {0, 1} denote whether household i would participate if assigned incentive z.

Participation is a two-step process in which the household is first contacted, and then de-

cides to participate. Let Ci(z) ∈ {0, 1} denote whether household i would be contacted

under incentive level z, and let Di(z) denote whether they would decide to participate if

contacted. Then household i’s participation decision is Ri(z) = Ci(z)Di(z). We will esti-

mate the model separately by demographic groups without any cross-group restrictions, so
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we suppress demographic conditioning in the notation.

We impose three baseline assumptions on this model. First, since the assigned incentive is

only revealed after the household is contacted and opens the package, we assume that contact

does not depend on z, so that Ci(z) ≡ Ci. Second, we assume that Di(z) is non-decreasing

in z for all i, so that households are more likely to participate under higher incentives. This

is the Imbens and Angrist (1994) monotonicity assumption, which Vytlacil (2002) showed is

equivalent to assuming that Di(z) = 1[Hi ≤ z] for some latent variable Hi. Together, these

two assumptions imply that

Ri(z) = Ci1[Hi ≤ z]. (1)

We interpret z−Hi as household i’s net benefit from participating, and call Hi their hesitancy

to participate. Here, a household’s hesitancy is the reservation payment that they are willing

to accept for participation in the study. If contacted, the household participates if the offered

financial incentive exceeds their hesitancy. Third, we assume that the assigned incentive, Zi,

is independent of (Ci, Hi), which is justified by random assignment of incentives.

4.2 Contact and hesitancy rates

We define the contact rate as γ ≡ P[Ci = 1] and the non-contact rate as 1 − γ. We define

the hesitancy rate as η(z) ≡ P[Hi > z|Ci = 1], which is the probability that a household

would not participate under incentive z if they were contacted. We measure the hesitancy

rate conditional on being contacted in order to hold fixed the implementation protocol of

the scientific study. Variation in η(z) allows us to learn about the distribution of hesitancy

(reservation payments) for contacted households.

4.3 Identification and estimation

The researcher does not observe (Ci, Hi), but only the incentive level, Zi, and the partic-

ipation decision Ri ≡ Ri(Zi) under this incentive level. From these observables, they can

estimate the participation rate

ρ(z) ≡ P[Ri = 1|Zi = z] = P[Ci = 1, Hi ≤ z], (2)

where the equality follows from the model (1) and random assignment of the incentive, Zi.

Measuring the contact and hesitancy rates requires determining the relative contribution of

the unobservables Ci and Hi to ρ, while allowing these unobservables to be dependent.

To make progress, we consider what can be said about the contact and hesitancy rates

under assumptions on the magnitude of the hesitancy rate at the highest incentive, z̄. In the

RECOVER survey, z̄ = $500 is large, suggesting that η(z̄) is small, and that non-participation

in the $500 treatment arm is primarily or solely due to non-contact. Since contact is not

affected by the incentive level, the participation model then allows us to infer the hesitancy
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rates at lower incentives as well.

To see how this works, suppose that we know η(z̄) exactly and decompose it as

η(z̄) =
P[Ci = 1, Hi > z̄]

P[Ci = 1]
=

P[Ci = 1]−
= ρ(z̄) by (2)︷ ︸︸ ︷

P[Ci = 1, Hi ≤ z̄]

P[Ci = 1]︸ ︷︷ ︸
≡γ

= 1− ρ(z̄)

γ
.

Rearranging shows that the contact rate γ (and non-contact rate 1− γ) is identified:

γ =
ρ(z̄)

1− η(z̄)
. (3)

Hesitancy rates at other incentive levels can then be identified by the following argument:

η(z) = P[z < Hi ≤ z̄|Ci = 1] + P[Hi > z̄|Ci = 1]

=
ρ(z̄)− ρ(z)

γ
+ η(z̄) =

(
ρ(z̄)− ρ(z)

ρ(z̄)

)
(1− η(z̄)) + η(z̄), (4)

where the second equality used (2), and the third equality substituted in the identified contact

rate from (3). We estimate (3) and (4) through their sample analogs by substituting the

estimated participation rates ρ(z) and ρ(z̄).

Our baseline estimates set η(z̄) = 0, which corresponds to the assumption that any

household would have participated at $500 incentive had they been aware of it (had they been

contacted). Given the generosity of the incentive, we view this as a reasonable assumption.

However, we also report estimates that allow η(z̄) to vary in the set [0, α], where α is a

number smaller than 1 − ρ(z̄), the largest value that keeps γ a proper probability via (3).

Under this assumption, bounds on γ and η(z) are given by

ρ(z̄) ≤ γ ≤ ρ(z̄)

1− α
and

ρ(z̄)− ρ(z)

ρ(z̄)
≤ η(z) ≤ ρ(z̄)− ρ(z)(1− α)

ρ(z̄)
. (5)

The widest “worst-case” bounds are obtained at α = 1−ρ(z̄). In Appendix D, we prove that

these bounds are sharp (best possible, given the assumptions) for any choice of α, as long as

observed participation rates ρ(z) are increasing in z.

5 The causes of low and unequal participation rates in RECOVER

We now use the method in the previous section to separately estimate non-contact and

hesitancy in the RECOVER study. We then use the variation in assigned incentives to learn

about the distribution of hesitancy (reservation payments).
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Table 1: Estimated non-contact and hesitancy rates

Hesitancy rate

Non-contact rate At $0 At $100

Overall 0.71 0.79 0.42
(0.66, 0.76) (0.68, 0.89) (0.28, 0.56)

Higher poverty 0.73 0.93 0.69
(0.68, 0.78) (0.80, 1.00) (0.55, 0.83)

Lower poverty 0.68 0.70 0.25
(0.60, 0.76) (0.54, 0.85) (0.02, 0.49)

Difference 0.05 0.24 0.44
(-0.05, 0.14) (0.03, 0.45) (0.17, 0.71)

Majority minority 0.71 0.85 0.61
(0.66, 0.76) (0.73, 0.97) (0.47, 0.74)

Majority White 0.70 0.70 0.14
(0.60, 0.80) (0.50, 0.90) (0.00, 0.47)

Difference 0.01 0.14 0.47
(-0.09, 0.12) (-0.08, 0.36) (0.14, 0.80)

Notes: This reports estimates of non-contact and hesitancy rates under the baseline assumption that all contacted households

would choose to participate if offered $500. 90% CIs are shown in parentheses.

5.1 Baseline estimates

Table 1 reports our baseline estimates, which are constructed under the assumption that all

households would choose to participate at $500 if they were aware of the study (η(z̄) = 0).

The first column of Table 1 shows estimates of the non-contact rate. Under our baseline

assumption, all households who did not participate at $500 did so because they were not

contacted, and so our estimates of the non-contact rate are the complement of the partici-

pation rates at $500 shown in Figure 1. Participation rates of 29% under the $500 incentive

arm correspond to non-contact rates of 71%. Consistent with Figure 1, we find no large or

statistically significant differences in non-contact rates across households by neighborhood

poverty or racial composition.

The second column of Table 1 shows estimates of the hesitancy rate when no financial

incentive is offered. With no financial incentive, 79% of contacted households would not

participate. This figure increases to 93% for households in high poverty neighborhoods and

to 85% for households in majority minority neighborhoods. These findings suggest that

that the perceived costs of participation are empirically relevant barriers to participation,

especially for poor and minority households.

Variation in assigned incentives allows us to learn about the distribution of hesitancy

and how it varies across groups. The third column of Table 1 shows that a $100 incentive
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sharply decreases the overall hesitancy rate from 79% to 42%. However, the decrease is largely

driven by households in lower poverty and majority White neighborhoods: in majority White

neighborhoods, only 14% of contacted households decline to participate when offered the

$100 incentive. Hesitancy rates remain substantial among households in higher poverty and

majority minority neighborhood. Whereas reservation payments for contacted households in

poor and minority neighborhoods are somewhat more likely to exceed $0, they are 2.5-4 times

more likely to exceed $100. These findings suggest that the perceived costs of participation

are high in general, and much higher for poor and minority households.

In interpreting what may explain these differences in hesitancy, we can rule out differences

in perceived benefits of learning one’s seropositivity status as an explanation for these differ-

ences in hesitancy, since participants were not told their test result. A substantial qualitative

literature instead points to differences in trust in the healthcare system and differences in con-

cern about privacy as potential factors limiting study participation among racial minorities

(see, e.g., Chapter 4 of NASEM, 2022; Alsan et al., 2022).

5.2 Decomposing the causes of unequal participation

A decomposition exercise helps clarify the relative importance of non-contact and hesitancy

for explaining unequal participation by poverty status and racial composition. Suppose that

majority minority households had the same hesitancy at $0 as majority White households.

Then, instead of a participation rate of .043 at $0, majority minority households would have a

(1− .71)× (1− .70) = .085 participation rate, only slightly lower than the .090 participation

rate for majority White households, and eliminating 89% of the participation gap. The

same calculation for the $100 incentive brings participation for majority minority households

from 11.3% to 24.8%, relative to 25.8% for majority White households, eliminating 93% of

the participation gap. Similarly, if higher poverty households had the same hesitancy as

lower poverty households, their participation would rise from 1.8% to 8.2% at $0 and 8.3% to

20.2% at $100, compared to 9.6% at $0 and 24.0% at $100 for lower poverty households. In all

cases, setting hesitancy rates equal across households largely closes participation gaps across

poverty status and racial composition. These results suggest that unequal participation rates

are primarily driven by differences in hesitancy.

5.3 Sensitivity analysis

The estimates in Table 1 use the assumption that all contacted households would choose to

participate if offered the $500 incentive. That is, the hesitancy rate at $500 is zero or, in

the notation of Section 4, η(z̄) = 0. In this section, we conduct a sensitivity analysis that

estimates bounds on the same parameters under the weaker assumption that η(z̄) ≤ α.

Figure 2 plots the estimated bounds on the overall non-contact and hesitancy rates for

α up to .25. For example, allowing α = .20 means assuming that up to 20% of contacted

households decline to participate at $500 because they find the incentive not high enough to

overcome their perceived costs. Even under this conservative assumption, Figure 2a shows
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Figure 2: Bounds on non-contact and hesitancy rates

(a) Non-contact rate

(b) Hesitancy rate at $0 (c) Hesitancy rate at $100

Notes: These figures report estimates of the bounds in (5) for different levels of α.

that non-contact rates remain high at 64%. Higher hesitancy rates at $500 also rationalize

higher hesitancy rates at lower incentive values (see (5)), reinforcing the conclusion that

hesitancy is also an important source of non-participation. At α = .20, between 79% and

83% of contacted households would not participate without an incentive.

Figure 3 plots estimated bounds by demographic group. Figures 3a and 3b show that the

bounds on non-contact rates by demographic group largely overlap for all α ≤ .25, reinforcing

the conclusion that non-contact rates do not vary systematically by demographics. Figures

3c–3f show that the opposite is true for hesitancy rates: even at α = .25, hesitancy rates

at both $0 and $100 differ markedly by both poverty status and racial composition. These

results are consistent with the conclusions from the baseline case.

As discussed in Section 4, the largest value that we can set α to while still rationalizing

the model is 1−ρ(z̄), which we estimate to be 71% among the overall population. This value

of α represents the “worst-case” assumption that everyone in the $500 incentive arm was

contacted, but 71% declined to participate because $500 was not a sufficient incentive. If

this were true, then non-contact rates would be zero, and hesitancy rates at lower incentives
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would be even larger; for example between 79% and 94% at $0. Thus, even without taking a

stand on α, we can conclude that hesitancy is an important barrier to participation. However,

our view is that allowing for the possibility that 71% of contacted households would not trade

$500 for a quick at-home blood sample is unreasonable. Under smaller—but still large—values

of α, we find non-contact to also be an important cause of non-participation.

6 How financial incentives affect representativeness

The findings in the previous section show that both non-contact and hesitancy are impor-

tant causes of low participation, but that only hesitancy differs by poverty status and racial

composition. This result implies that different perceived costs of participation lead to non-

representativeness in unincentivized studies, but that incentivized studies can improve rep-

resentativeness. In this section, we quantify the extent to which this is the case.

Figure 4 reports average neighborhood-level characteristics of participating households.

The estimates are stratified by incentive level; intuitively, one can think of each incentive level

as representing different studies conducted among ex-ante identical populations. The dotted

horizontal lines show the mean neighborhood-level characteristics of the target population.

Estimates closer to the dotted line are more representative.

The results show that an unincentivized study would be highly nonrepresentative. A

study with a $100 incentive would also be highly nonrepresentative on all six characteristics.9

However, a study with a $500 incentive is representative on all six characteristics, with

average participant characteristics that are statistically indistinguishable from those in the

target population. For example, with no incentive only 13% of the participants are from

higher poverty neighborhoods, compared to a target population average of 46%. This figure

would increase to 22% with a $100 incentive, and to 51% with a $500 incentive.

Given the RECOVER study’s goal, a particularly important dimension of nonrepresenta-

tiveness is the COVID-19 local risk index (Figure 4f). This index directly relates to the goals

of our partners at the Wilson Antibody Biology Laboratory.10 A study with no incentive or

a $100 incentive would understate the average COVID-19 risk index in the target population

by more than 1.5 points on a 10-point scale, but a study with a $500 incentive would be

almost exactly representative.

Appendix Figure E.1 shows similar patterns across a variety of additional risk and health

measures. A study with a $500 incentive would be representative for the share of smoking

adults, hospitalization rates related to alcohol, behavioral health, and mood or depressive

orders, as well as for a credit insecurity index. In contrast, both an unincentivized study and

one with a $100 incentive would not be representative for any of these measures, except the

9The six characteristics are positively correlated but typically not highly so; Appendix Table E.1 shows that the
correlations lie within 0.11 and 0.87.

10Although we observe antibody test results for participants, we do not observe them for non-participants.
Our findings suggest one should be extremely cautious in using test results from only the self-selected group of
participants.
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Figure 3: Bounds on non-contact and hesitancy rates by demographics

(a) Non-contact rate by poverty status (b) Non-contact rate by racial composition

(c) Hesitancy rate at $0 by poverty status (d) Hesitancy rate at $0 by racial composition

(e) Hesitancy rate at $100 by poverty status (f) Hesitancy rate at $100 by racial composition

Notes: These figures report estimates of the bounds in (5) for different levels of α broken down by demographic group.

hospitalization rate related to alcohol use. Overall, these findings suggest that similar con-

cerns will arise in studies or surveys designed to measure outcomes that are highly correlated

with these measures.
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Figure 4: Effect of hesitancy on representativeness: main characteristics

(a) Indicator for higher poverty neighborhood (b) Indicator for minority neighborhood

(c) Uninsured rate (d) Preventable hospitalization rate (per 10,000)

(e) Drug-related hospitalization rate (per 10,000) (f) COVID-19 local risk index (from 1-10)

Notes: These figures show participant average neighborhood-level measures stratified by incentive group. The horizontal

dashed line depicts the average among the invited sample. Variable definitions are given in Appendix B.

7 Conclusion

Scientific studies with human subjects often report lower participation rates among Black,

Hispanic, and low-income households. Lack of representation can cause public resources to be
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misdirected, and as such poses a risk to public health and to the proper allocation of resources

in other policy domains. Yet, little is known about the causes of under-representation, or

about solutions to this problem.

In this paper, we showed how randomized financial incentives can be used to measure

the relative importance of non-contact and hesitancy for non-participation, and to quantify

how they contribute to underrepresentation of minority low-income groups. In the context of

the RECOVER serological study, we found that non-contact is a cause for low participation,

but not of underrepresentation. Hesitancy among contacted households is a cause of both

low participation and underrepresentation. Examining how hesitancy varies with incentives,

we find that reservation payments for contacted households in poor and minority neighbor-

hoods are substantially more likely to exceed $100. High incentives ($500) for participation
appear to restore representativeness on dimensions that are important and plausible con-

founds in population health studies, including the uninsured rate, hospitalization rates, and

an aggregate COVID-19 risk index.
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Appendix (for online publication)

A Study implementation

This Appendix describes the design and implementation of the RECOVER serological study.

The study was designed and implemented in collaboration with NORC at the University of

Chicago, and the University of Chicago Wilson Antibody Biology Laboratory. Appendix A.1

discusses the construction of the sampling frame and the sampling and randomization proce-

dures. Appendix A.2 describes outreach and follow-up procedures, and additionally discusses

the materials sent to invited households. These materials are reproduced in Appendix A.3.

This study, its design, and its implementation were approved by the IRB at the University

of Chicago (IRB20-0721).

A.1 Sampling and randomization procedures

NORC constructed a sampling frame of approximately 1.2 million household addresses in the

city of Chicago based on address data from the United States Postal Service Computerized

Delivery Sequence File (CDSF).11 The CDSF contains a record for every mail delivery point

in the U.S. and these records are updated monthly.

NORC then randomly sampled 882 household addresses from the sampling frame for the

RECOVER study. All addresses had an equal probability of being randomly sampled. These

882 household addresses were randomly (and with equal probability) assigned to one of three

compensation arms: 374 addresses were assigned to the $0 arm, 374 addresses were assigned

to the $100 arm, and 134 addresses were assigned to the $500 arm.

A.2 Outreach and follow up procedures

Each household in the RECOVER study sample was sent a package that contained a self-

administered blood collection kit, an invitation, and a consent form with a short question-

naire. All households received material that was identical in all aspects except for minor

modifications relating to compensation for participating (i.e. returning a blood sample) de-

pending on the assigned incentive arm. In particular, households in the $0 arm were not

told about financial compensation for participating, and households in the $100 and $500
compensation arms were notified that they would receive $100 and $500 for participating,

respectively.

The blood collection kit included instructions on self-administering and returning a blood

sample.12 The written material explained the purpose of the study, provided information

on financial compensation for participating (if applicable), and explained which member of

the household should participate and how to participate, and provided contact information.

11The software program used to create the sampling frame is retained by NORC.
12On the instruction card, a link to video instructions for taking the sample was provided (https://vimeo.com/

286513641), and invitees were reminded that they could call the toll-free line to have a phone interviewer from
NORC walk them through the sample-taking process.
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Invitees were additionally provided a toll-free phone number to call with any questions about

the study, procedures, their participation, or rights as a research participant. Appendix

Exhibits A.1, A.2, and A.3 respectively depict the invitations sent to households in the $0,
$100 compensation, and $500 compensation arms.

The consent form noted that the purpose of the study was to learn how many people

had already been exposed to the virus, that the study had received IRB approval, that

participants’ data would be securely stored, that they would not receive the result of the test,

and that compensation (if offered) would be received when the Wilson laboratory received the

blood sample. The consent form concluded with a request for the participant’s signature and

a short questionnaire. The consent form differed slightly depending on the assigned incentive

arm. The first two pages of the consent form differed slightly depending on the assigned

incentive arm. Appendix Exhibits A.4, A.5, and A.6 respectively depict the first page of

the consent forms sent to households in the $0, $100 compensation, and $500 compensation

arms. Appendix Exhibits A.7, A.8, and A.9 respectively depict the second page of the consent

forms sent to households in the $0, $100 compensation, and $500 compensation arms. The

third and fourth pages of the consent form were uniform across compensation arms and are

respecitvely depicted in Appendix Exhibits A.10 and A.11.

After all packages were sent, NORC additionally sent up to three reminder postcards

to all sampled households who had not yet returned a kit. Appendix Exhibits A.12, A.13,

and A.14 respectively depict the postcards sent to households in the no compensation, $100
compensation, and $500 compensation arms. NORC also conducted up to three weekly phone

calls to these households.13 If a non-usable sample was received by the laboratory, NORC

contacted households to inform them that their sample was not usable. Households were

offered the option of receiving a replacement kit to attempt to take their sample again.14

If households refused to receive a replacement kit, the interviewer would explain that they

would not receive payment. If households agreed to receive a replacement kit, a new kit was

mailed to the participant. There was no additional payment or penalty for having to retake

one’s sample. As soon as the second sample was received by the laboratory, the participant

was sent their payment, even if this second sample was also unusable.

13Since the sampling frame itself does not contain any telephone number information, phone numbers were
appended to the sample once it was selected using data from commercial providers.

14Reasons for a non-usable sample include an empty or not-attempted kit or a kit with insufficient blood sample.
The research team was informed by the kit manufacturer that their product returns a total of 1.8% unusable
samples. When empty or not-attempted kits were sent back, NORC also attempted to assist the participant in
understanding the required conditions of participation and compensation via phone call.

21



A.3 Materials

Exhibit A.1: Invitation sent to households, incentive level $0
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Exhibit A.2: Invitation sent to households, incentive level $100
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Exhibit A.3: Invitation sent to households, incentive level $500
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Exhibit A.4: Consent form: key information, incentive level $0

25



Exhibit A.5: Consent form: key information, incentive level $100
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Exhibit A.6: Consent form: key information, incentive level $500
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Exhibit A.7: Consent form: detailed information, page 1, incentive level $0
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Exhibit A.8: Consent form: detailed information, page 1, incentive level $100
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Exhibit A.9: Consent form: detailed information, page 1, incentive level $500
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Exhibit A.10: Consent form: detailed information, page 2
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Exhibit A.11: Consent form and questionnaire
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Exhibit A.12: Reminder postcard, incentive level $0

Exhibit A.13: Reminder postcard, incentive level $100

Exhibit A.14: Reminder postcard, incentive level $500
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B Data sources and variable definitions

Our empirical analysis uses data collected from the serology study described in Section 2. We

link the study data to a set of (five digit) zipcode-level characteristics we collect from three

sources: the American Community Survey, the Chicago Health Atlas, and the City Health

Dashboard. We provide information on each source and the obtained variables below.

American Community Survey. We obtain neighborhood demographics from the 2019

American Community Survey 1-year estimates. We classify a zipcode as: (1) higher poverty if

the percentage of households below 1.5 times the poverty line is above 30% (and lower poverty

otherwise); and (2) majority minority if the share of adults identifying as non-Hispanic white

is below 50% (and majority White otherwise).

Chicago Health Atlas. We obtain zipcode-level health measures from the Chicago Health

Atlas, a portal developed by the Chicago Department of Public Health and Population Health

Analytics Metrics Evaluation Center at University of Illinois Chicago. More specifically, we

obtain the uninsurance rate and five diagnose-specific hospitalization rates. The uninsur-

ance rate is defined as the average percentage of residents without health insurance between

2016 and 2020. Diagnose-specific hospitalization rates are defined as the age-adjusted num-

ber of hospitalizations discharges for a given diagnose per 10,000 people in 2017, excluding

discharges to Veterans Administration hospitals. We obtain these hospitalization rates for

the following diagnoses: (1) alcohol-related; (2) drug-related (which include amphetamines,

cannabis, cocaine, drug induced mental disorders, hallucinogens, opioids, sedatives, hyp-

notics, anxiolytics, tranquilizers, barbiturates, and other drugs); (3) mood and depressive

disorders (which include bipolar and manic depressive disorders); (4) behavioral health (which

include substance use disorder and mental disorders); and (5) preventable (defined as condi-

tions that could be managed in a clinic setting).

City Health Dashboard. We obtain additional health and labor market measures from the

City Health Dashboard, a portal developed by NYU Langone Health. The dashboard provides

data at the census tract level, which we aggregate to the ZIP code level via population-

weighted averages using Census relationship files. The following measures are obtained from

this source: (1) annual unemployment rate, defined as the percentage of individuals at least

16 years that were unemployed and seeking work at any point in 2020; (2) credit insecurity

index, defined as the proportion of local residents who have limited access to credit, either

because they have no credit history or have negative credit outcomes; (3) COVID-19 local

risk index, which measures, on a scale between 1 and 10, the potential for COVID-19 infection

and risk for more severe COVID-19 outcomes and risks at the zipcode-level; and (4) Share

of smoking adults, defined as the percentage of adults aged 18 years or above reporting to

be current smokers in 2019.
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C Comparable COVID-19 serological surveys

Bobrovitz et al. (2021) perform a systematic review of serological studies with the goal of

identifying and subsequently synthesizing studies that tested for COVID-10 antibodies. We

use their metadata to identify studies that, like ours, invited a random sample of subjects from

a pre-specified geographic region in the United States to be tested for COVID-19 antibodies.

Our goal in doing so is to understand common practices of such serological surveys and

to contextualize our serological survey. In what follows, we first describe our process of

identifying such studies using metadata from Bobrovitz et al. (2021)’s systematic review. We

then discuss the data we collected for each study we identify. We conclude by presenting our

findings.

C.1 Identification of comparable serological studies

Bobrovitz et al. (2021) identify 968 serosurveys conducted between January 1, 2020 and

December 31, 2020 that, among other requirements, tested participants for COVID-19 an-

tibodies and reported a sample size, study date, location, and seroprevalence estimate (see

Figure 1 of Bobrovitz et al. (2021) for additional details). The metadata for these studies is

publicly-available.

We seek to identify studies which invited a random sample of subjects from a geographic

region in the United States to be tested for COVID-19 antibodies. We accomplish this goal

in two steps. First, we use variables constructed by Bobrovitz et al. (2021) to restrict to

studies that were (1) conducted in the United States, (2) used an appropriate sample frame,

and (3) used a probability sample.15 Nineteen studies satisfy these restrictions.

Second, we restrict to the subset of these studies that (1) were published in a scientific

journal, (2) defined the target population to be subjects in a geographic region (up to age

restrictions, such as excluding children), and (3) invited either the entire target population

or a random subsample of the target population. Thus, of the nineteen studies, we excluded

three studies that were not from scientific journals, two studies whose target population

were respectively prisoners and hospital and/or clinic patients, two studies that constructed

their invited samples using market research firms that maintain proprietary samples, and

three studies that constructed their invited samples using participants from other surveys.

The remaining nine studies satisfy our requirements, and constitute our analysis sample of

studies.

C.2 Measuring survey implementation and participation rates

For each study in our analysis sample, we use the metadata of Bobrovitz et al. (2021) to

collect (when possible) the outreach method, the number of invited subjects, the number of

15Bobrovitz et al. (2021) code a study as using an appropriate sample frame if the sample frame ‘described
and it approximated the target population’ (see item 1 of the metadata) and code a study as using a probability
sample if the study used a probability sampling method or the entire sample (see item 2 of the metadata). See the
supplementary materials of Bobrovitz et al. (2021) for additional details.
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participant subjects, and the offered incentive for participation. Outreach methods could be

mail, in-person, online, phone, or any combination of these. We take the number of invited

subjects to be the number of subjects who were initially invited to participate in the study,

and take the number of participant subjects to be the number of subjects who submitted

to be tested for COVID-19 following the study’s implementation. The unit for subjects is

defined based on the unit targeted by the initial serosurvey invitation. For example, if invites

were sent to households but the invitation allowed multiple individuals within a household

to participate, subjects correspond to households. When the study includes mail-only as

an outreach method and reports invited and participant numbers for mail-only, we use the

mail-only results. Two members of the research team independently performed these data

collection steps, and there were no conflicts.

C.3 Results of our systematic review

We obtained outreach methods and number of invited subjects and participants for all nine

studies. The average participation rate over the nine studies is 12.5% (median: 11.3%,

min: 0.4%, max: 23.6%). Four studies either exclusively used mail or reported mail-only

results, and the average participation rate for these is 9.0% (median: 8.3%, min: 3.1%, max:

16.5%). These participation rates are comparable to the participation rates we obtained

in our serosurvey without financial incentives (6.2%) and with $100 in financial incentives

(16.8%). The participation rate we obtain when offering $500 in financial incentives (29.1%)

is greater than the maximum participation rate of these studies.

Only three studies explicitly reported financial incentives (or lack thereof) for partici-

pation. The offered incentive (participation rate) for each of these three studies was: $10
(16.5%), $50-$100 (7.8%), and $60-$100 (11.3%). For the latter two studies, variations in the

amounts were non-random and were used to increase participation rates for certain groups.

Taken together, our results yield three conclusions. First, participation rates in serolog-

ical surveys that invite a random sub-sample of subjects from a geographic region in the

United States are typically low and consistent with the participation rates we obtained in

our study. Second, mail is a common form of outreach in serological surveys, with 44% of

studies employing this method. Third, financial incentives for participation are rarely ex-

plicitly mentioned. In the few studies that do explicitly mention financial incentives, the

amounts range from $10-100 and are either assigned uniformly or varied non-randomly.
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D Proof of sharpness

Equations (3) and (4) show that γ and η(z) are point identified for any value of η(z̄) such

that these expressions remain in the [0, 1] interval for each z. From (3), we see that γ ∈ [0, 1]

if and only if η(z̄) ∈ [0, 1 − ρ(z̄)]. When η(z̄) = 0, (4) reduces to (ρ(z̄) − ρ(z))/ρ(z̄), which

is between 0 and 1 as long as ρ(z) is an increasing function of z. On the other hand, when

η(z̄) = 1− ρ(z̄), (4) reduces to η(z) = 1− ρ(z), which is also between 0 and 1. We conclude

that if ρ(z) is increasing in z, then setting ρ(z̄) = α for any α ∈ [0, 1 − ρ(z̄)] implies that

γ and η(z) are point identified via (3) and (4). Taking the union of these points across all

α ∈ [0, 1− ρ(z̄)] produces the bounds given in (5).

It remains to be shown that the model can rationalize the data when η(z̄) is set to any

α ∈ [0, 1− ρ(z̄)], and ρ(z) is given, and weakly increasing. To show this, we take α as given

and construct a distribution of (Ci, Hi) that is independent of Zi and (i) reproduces the given

ρ(z) for each z, when responses are determined via (1), while (ii) satisfying η(z̄) = α. The

construction proceeds by reversing the logic of the identification argument. First, set the

marginal contact rate to be

γ ≡ P[Ci = 1] =
ρ(z̄)

1− α
.

Next, set the hesitancy rate at each z to be

η(z) =

(
ρ(z̄)− ρ(z)

ρ(z̄)

)
(1− α) + α.

Any increasing function defined on a subset of the real line and contained between 0 and 1

can be extended (perhaps non-uniquely) to a proper distribution function.16 As noted above,

both γ and η(z) are within 0 and 1, and η(z) is decreasing in z, because ρ(z) is increasing in

z. Extend 1−η(z) to a proper distribution function Φ. We use Φ to define a joint distribution

of (Ci, Hi) that is independent of Zi and given by

P[Ci = 1, Hi ≤ h] = γΦ(h)

and P[Ci = 0, Hi ≤ h] = (1− γ)Φ(h).

This joint distribution satisfies (i) and (ii) by construction. Q.E.D.

16The proof is trivial in the scalar case; see Lemma 2 of Torgovitsky (2019) for a generalization to the vector
case.
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E Additional results

Table E.1: Correlation between neighborhood characteristics

Majority Higher Uninsured Preventable Drug-related COVID local

Non-White ZIP poverty ZIP rate hospitalization rate hospitalization rate risk index

Majority Non-White ZIP 1.000 0.714 0.688 0.565 0.369 0.761

Higher poverty ZIP 0.714 1.000 0.518 0.649 0.550 0.826

Uninsured rate 0.688 0.518 1.000 0.327 0.112 0.550

Preventable hospitalization rate 0.565 0.649 0.327 1.000 0.872 0.763

Drug-related hospitalization rate 0.369 0.550 0.112 0.872 1.000 0.639

COVID local risk index 0.761 0.826 0.550 0.763 0.639 1.000

Notes: This table presents, for the invited sample, the degree of correlation between the household characteristics considered

in Section 6.
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Figure E.1: Effect of hesitancy on representativeness: additional characteristics

(a) Credit insecurity index (b) Share of smoking adults

(c) Alcohol related hospitalization rate (d) Behavioral health hospitalization rate

(e) Mood and depressive disorder hospitalization
rate

Notes: See notes for Figure 4
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