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Public health crises demand timely surveillance of disease and interventions.
This was a substantial challenge during COVID-19 in the United States due
to the federalized response. States varied widely in infection and vaccination
rates. Continuous state-level probability samples for tracking were unavail-
able and would have been logistically and financially onerous.
Administrative data eventually became inaccurate. We thus evaluate the
accuracy of large-scale opt-in non-probability state and national samples
(from the Covid States Project) that estimated infection and vaccination rates
on a near-continuous basis. The estimates aligned closely with a high-
quality national probability sample and state-level administrative data (when
such data were reliable). We offer evidence that the success of the surveys,
compared to other less accurate non-probability surveys, may have stemmed
from the successful recruitment of respondents with low trust in health insti-
tutions (i.e., individuals who often avoid surveys). We conclude by discus-
sing how the Covid States Project can inform further data collection efforts
requiring extensive spatial and temporal coverage.

KEY WORDS: COVID-19; Non-probability surveys; Online survey;
Sampling; Survey methodology.

Statement of Significance

The COVID-19 pandemic posed major challenges for tracking infec-
tion and vaccination rates in the U.S. This was especially the case due
to geographic variation, which necessitated unique state-level esti-
mates. High-quality probability surveys with temporal and spatial
reach were unavailable, and state administrative data eventually
became unreliable. We evaluate the success of an alternative, the
Covid States Project (CSP), which used opt-in non-probability samples
across all states, over time. CSP estimates closely matched national
probability surveys, and the administrative benchmarks when they
were reliable. The CSP thus offers insights into how to collect geo-
graphically fine-grained quality data over time.
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1. INTRODUCTION

The United States fared poorly through the COVID-19 pandemic (Nuzzo and
Ledesma 2023). The roots of the U.S.’s performance are multifaceted, but one
persistent challenge stemmed from its federalized public health infrastructure
(Haffajee and Mello 2020). In essence, the country was experiencing 51 dis-
tinct pandemics—each state plus DC had unique experiences with distinct
infrastructures (DeSalvo et al. 2021; Woolf 2022). Among other challenges,
this created difficulties in surveillance that requires near continuous monitor-
ing of infections and interventions (e.g., vaccinations). Surveillance data are
crucial for facilitating optimal public health response. While administrative
data are common for health surveillance (e.g., Virnig and McBean 2001), sur-
vey data also can serve that purpose (Marker et al. 2024).

Indeed, the survey research community provided critical data throughout
the pandemic. The Societal Experts Action Network offered invaluable
insights using various data types, most notably probability samples (National
Academies of Sciences, Engineering, and Medicine 2020). Many of these sur-
veys covered different time intervals and geographic units; however, financial
and logistical realities meant an absence of multi-year, across-state surveys of
COVID-19 infections and vaccination (two key surveillance outcomes). The
Covid States Project (CSP) sought to fill this gap by using non-probability sur-
veys in each state and the District of Columbia to track infections and vaccina-
tion, among other items. The project ran surveys quickly, inexpensively, and
nearly continuously (which was necessary during a once-in-a-century crisis).
A central question is whether the data provided accurate surveillance of infec-
tions and vaccination. If so, this approach may offer lessons for future efforts.

Yet, there is reason to be skeptical of non-probability surveys given the lit-
erature on their relative inaccuracy (Callegaro et al. 2014; Dutwin and Buskirk
2017; Maclnnis et al. 2018; Cornesse et al. 2020; Lavrakas et al. 2022; Jerit
and Barabas 2023; Mercer and Lau 2023; Rohr et al. 2024). More acutely,
Bradley et al. (2021) documented inaccuracies in two large non-representative
samples in their assessments of COVID-19 vaccination rates. The common
use of quotas in non-probability samples invariably risks suffering from selec-
tion biases and violating the missing at random assumption (i.e., the source of
missingness is unobservable; see Kawabata et al. 2024).

An alternative to non-probability samples is integrating probability samples
at an aggregate level (e.g., national) with non-probability samples for smaller
units (e.g., states) (Wisniowski et al. 2020; Kim and Tam 2021; Salvatore
2023; Salvatore et al. 2024); with methods like small area estimation
(Beaumont and Rao 2021; Rao 2021). However, these rely on either having
statistically meaningful samples in the probability survey for the unit of inter-
est or assuming some degree of homogeneity across units to “borrow strength”
across areas (Molina and Rao 2023). During COVID-19, these conditions
were rarely met since state-level probability samples were scarce for many
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states, and states behaved heterogeneously in disease spread and vaccination
coverage. Another alternative is using Multilevel Regression and Post-
Stratification (MRP) (Downes and Carlin 2020; Ghitza and Gelman 2013)
with national probability samples and state-level census data to post-stratify.
However, MRP also assumes cross-states homogeneity and/or that demo-
graphics adequately characterize states regarding the outcomes of interest.
In our case, these are problematic assumptions: as we show later, factors—
including, say, institutional trust—are significantly associated with vaccination
rates above and beyond demographics. The assumptions are alleviated with
more data per state, implying that MRP is no substitute for decent-sized, qual-
ity state samples (but an alternative if these are not available).

Given these limitations of data integration approaches, we evaluate whether
the CSP survey produced accurate national and state-level estimates. Non-
probability sampling methods vary widely in accuracy (Baker et al. 2013),
motivating our examination of their potential for over time surveillance across
small spatial units. We compare CSP estimates to a high-quality probability
survey and administrative sources, finding that the Covid States Project closely
tracked both vaccination and cumulative infection rates, even at the state level.
We also present evidence that part of this success may be due to the recruit-
ment strategy of the CSP, which may have vitiated unit non-response/selection
bias among those with lower institutional trust.

2. METHODS
2.1 CSP Survey

The Covid States Project was developed during the pandemic to provide state-
level survey data over time in the U.S., recruiting through an opt-in non-proba-
bility platform. Most participants were recruited via PureSpectrum, an online
polling firm aggregating over 20 panel providers across all 50 states and DC.
PureSpectrum provides initial respondent identification, deduplication, and
screening for quality, demographics, and location. Using PureSpectrum API,
CSP launched and monitored simultaneous state-level surveys covering all 50
states and DC, using Census-based quotas, qualifications, and targeted sample
sizes. PureSpectrum’s providers (survey suppliers) display various types of
surveys available to potential respondents and the CSP advertised itself as a
“General” survey (rather than “Health”) without referencing COVID-19 to
avoid self-selection. No institutional affiliations were mentioned initially.
Sponsor information appeared only in the body of the consent form after
respondents clicked through.

CSP supplemented these respondents with a small number of respondents
(4.7 percent) recruited via Facebook. While these participants were funneled
into the same real-time survey projects, their recruitment messages disclosed
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that the survey was conducted by major U.S. universities to study COVID-19.
Each CSP recruitment data wave lasted approximately a month, with new
waves launched roughly every six weeks. The data used here span June 12,
2020 to January 17, 2023 (N =324,536). See Table S3 for fielding periods and
sample sizes, and Table S7 for the state-level sample sizes by wave.

The CSP used quotas for race/ethnicity, age, and gender to approximate
state-level demographics, with recruitment incentives adjusted in real-time
to meet targets. In larger states (e.g., California, Texas, New York), quotas
were interlocked by race, age, and gender. In smaller states (e.g., Wyoming,
Delaware, and Rhode Island), quotas were used independently. National
samples were reweighted using raking across interlocking race/ethnicity-
gender-age subgroups, plus education, rurality, and region, to match Census
benchmarks (or NCHS, for rurality). State-level analyses used separate
weights matched to state-specific distributions on gender, race, age, educa-
tion, and rurality. Weights were trimmed at the top and bottom 1 percent to
limit outlier influence. This quota/weighting approach targeted variables that
are linked to vaccination and infection outcomes. (Yasmin et al. 2021;
Baghani et al. 2023).

The Covid States Project took several steps to address response validity (a
particular concern in online surveys, Callegaro et al. 2014). First, respond-
ents who failed a CAPTCHA test or one of two basic attention checks that
straightforwardly ask respondents to choose a specific response option were
filtered out (Berinsky et al. 2024). The remaining respondents were eval-
uated based on their performance on a series of quality checks, including: (i)
duplicate responses, (ii) prevalence of item non-response, (iii) short survey
completion time, (iv) straight-lining consecutive item responses, (v) select-
ing a large number of occupations, (vi) selecting a large number of religions,
(vii) reporting a household with over 20 family members, (viii) reporting
over 10 activities outside their home in the past 24 hours, (ix) identifying as
a “Democrat” and “very conservative”’; or a “Republican” and “very liberal”,
and (x) giving a meaningless answer to an open-ended question requesting a
state name. Respondents who failed multiple quality checks were removed
from the data. This more complex filtering affected a relatively small per-
centage of respondents (1-3 percent), while most of the completed responses
that were removed (around 25 percent) were due to failing the basic attention
checks.

Survey attrition was typically 15-20 percent, partly reflecting the survey’s
length (average median completion time: 23 minutes). Although filtering rates
widely vary across online surveys in general (Daikeler et al. 2024), these are
still non-trivial frequencies, and they highlight a downside of many opt-in
non-probability surveys that invariably capture some invalid responses. Yet,
our approach also underscores how to rigorously address this reality. COVID-
19 infection questions appeared at the beginning in the survey, while
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vaccination items were asked mid-survey. An example questionnaire (Wave
20, 11/03/21-12/02/21) is provided in SM.

2.2 Validation

We evaluate the accuracy of CSP infection and vaccination data using three
validation strategies. First, we compare national estimates to those from the
Axios-Ipsos Coronavirus Index (Jackson et al. 2022), a near-continuous
national probability survey starting in March 2020. Axios-Ipsos uses Ipsos’
KnowledgePanel, based on address-based probability sampling of U.S. adults.
However, even after aggregating multiple waves, state-level samples were too
small to be statistically meaningful; for example, waves 34 to 37 (~6 weeks)
yielded fewer than 40 respondents in 20 states. Thus, our comparisons are lim-
ited to national estimates during overlapping time periods.

Second, we compare CSP estimates to administrative data on infections and
vaccinations on both national and state levels. These are often viewed as
highly valid (Virnig and McBean 2001; Adebisi 2025), particularly when
based on presumed census as was the case here (Marker et al. 2024).
However, as we will detail shortly, COVID-19 administrative data became
unreliable in specific periods. Therefore, we use these sources for state-level
validation only during periods where we deem them accurate, that is, when
they match the probability survey data nationally.

For infection rates, we relied on data compiled by The New York Times
from state, county, and regional health departments. These became unreliable
though after the February 2022 rollout of mass at-home rapid testing under the
Biden administration, as positive results were rarely reported to health author-
ities that produced the administrative data (Donovan 2022; Rader et al. 2022;
Santillana et al. 2024). Vaccination data came from the CDC but were also
flawed: records often failed to link multiple doses to the same person, leading
to inflated estimates (e.g., if person X received the two shots and a booster, the
CDC often would count it as two or three people being vaccinated) (CDC
2023). Consequently, as more people became eligible for more shots, the rates
exceeded even 100 percent in some cases (see Table S4).

Third, we evaluate the accuracy of the data by looking at its internal consis-
tency for over time cumulative rates. Cumulative series should never decrease
over time. To account for statistical uncertainty, we conclude the criterion is
violated if an estimate is lower than the previous estimate in the series, and the
95 percent CI of both estimates do not overlap. This violation signals an incon-
sistency, as the rates of vaccinated people and cumulative infections can only
increase over time. Other threshold criteria could be reasonably employed, and
we therefore also generally examine the fluctuations of the estimates over
time.
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2.3 Measures

We calculate CSP vaccination rates using responses to: “Have you or anyone
you know received a COVID-19 vaccine?”, computing the weighted share
who selected “I was vaccinated for COVID-19”. Axios-Ipsos asks a similar
multiple-choice item: “Do you personally know anyone who has already
received the COVID-19 vaccine?”, and we use the weighted percentage select-
ing “Yes, I have received the vaccine.” See Appendix A in the Supplementary
Online Materials (SOM) for detail on our 95 percent confidence interval calcu-
lations. For the administrative data, we sum the number of first doses adminis-
tered to adults (18+) in the CDC data and divide it by the national/state 18+
population from the 2020 Census. Since each CSP wave spans roughly one
month (Table S3), we use the weighted median response date as the reference
for vaccination estimates. Axios-Ipsos lacks precise response dates, so we use
the midpoint of each wave’s fielding period.

Definitions of a “COVID-19 infection” vary across states and over time in
the administrative data and differ from survey-based definitions. In CSP sur-
veys, infections are counted only when respondents report at least one positive
test, whereas administrative data may include cases without confirmed tests
under some conditions (see Appendix A in the SOM for details). For CSP
data, we estimate cumulative infection rates using two methods. Method 1
divides the pandemic into multi-month periods and uses the most contempora-
neous wave to estimate infections within each period to mitigate recall error.
These period-specific infection rates are then accumulated. Method 2 calcu-
lates the cumulative rate directly, by counting the reported total number of
COVID-19 contractions throughout the pandemic, separately in each wave.
While Method 1 is generally more reliable and robust (due to minimizing
recall bias and leveraging more responses), Method 2 is practical when longi-
tudinal data are unavailable or under time and budget constraints. The Axios-
Ipsos survey enables cumulative infection estimates in only six waves
(November 19, 2021-June 13, 2022). We describe the calculation procedures
for both CSP and Axios-Ipsos, along with the relevant survey questions, in
Appendix A in the SOM.

3. RESULTS

We present results for vaccination rates, followed by infections. A natural
question is: how closely must CSP estimates track the other data to be consid-
ered “accurate”? The answer depends on purpose and concomitant tolerable
tradeoffs (e.g., what alternatives exist if CSP data were unavailable?). We do
not offer a formal answer but present deviations and our own assessment of
their size; readers may view deviations as more or less concerning.
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Figure 1. (a) Trends in vaccine uptake estimations, comparing the CDC, the
Axios-Ipsos Coronavirus Index, and the CSP. Error bars represent 95 percent CI
(see Appendix A in the SOM for details) (b) Difference between Axios-Ipsos/CSP
estimates and the CDC estimate of vaccine uptake over time. (c) Histogram of differ-
ences between CSP and CDC state estimates across all CSP waves, split into waves
before and after booster shots were approved. Vertical dashed lines correspond to
medians.
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3.1 Vaccinations

Figure 1a and b compare national vaccination rate estimates from CSP, Axios-
Ipsos, and CDC data. The first takeaway is that, as discussed, CDC estimates
become unreliable after the rollout of booster shots: by December 2021,
CDC rates clearly exceed both surveys. Post-booster, CDC deviates from
Axios-Ipsos by an average of 10 points and CSP by 16 points, likely due to
their failure to link multiple doses to individuals, leading to inflated estimates.

Before boosters, CDC rates deviate from CSP on average by 3.6 points
(across 5 waves) and from Axios-Ipsos by 1.4 points (across 20 waves). The
CDC estimate is within 95 percent error margins of 18 of the 20 Axios-Ipsos
estimates and of none of the 5 CSP estimates; however, this is largely because
of very narrow CSP confidence intervals due to large sample sizes.
Regardless, the CSP estimates were not substantively far off from the CDC
during this period. Moreover, CSP data show that 65 percent of the vaccinated
respondents had received a second shot in the April 2021 wave, and above 80
percent in subsequent waves, suggesting that CDC may have overestimated
rates as early as spring 2021. Another difference between the CDC and the
surveys is the trends after January 2022: CDC estimates continue rising
slowly, while both surveys plateau with means (in this period) of 72.8 percent
(SD =0.5) for the CSP and 74.8 percent (SD = 3.8) for Axios-Ipsos.

CSP and Axios-Ipsos vaccination estimates generally align: 9 of 12 CSP
estimates deviate 5 percent or less from the closest Axios-Ipsos estimate, and
4 CSP confidence intervals intersect with those of the closest Axios-Ipsos esti-
mate (see Table S8 for differences and margins of error). Two of the three >5
percent deviations stem from a clear Axios-Ipsos outlier in September 2022:
the only instance where CSP overshoots. That Axios-Ipsos estimate violates
the internal consistency validity criteria insofar as it shows a statistically sig-
nificant decrease in a cumulative variable. CSP never violates this criterion.
The second largest deviation (8.1 percentage points) is in April 2021, when
Axios-Ipsos overshoots CDC by 2.5 percent, likely an overestimation similar
to the CDC, as noted. Excluding these three likely-off points, all CSP Axios-
Ipsos differences remain within 5 percent throughout the whole period. We
interpret this as evidence of strong alignment/validation.

Based on national level comparisons, we assume that the CDC data are
valid before boosters (despite some overcounting, as discussed), and split the
state-level comparisons by the date of booster approval. Figure 1c depicts the
distribution of state-level differences between CSP and CDC, before and after
the booster approval. Deviations increase substantially post-booster: only 61
of 357 state-wave deviations (17 percent) are below 10 percent in this period.
In contrast, 155 of 255 state-wave comparisons (61 percent) pre-boosters are
within 5 percent. In Figure S4, we plot state-level CSP and CDC trends; and
Figure S5 shows the state-level CSP-CDC differences for the five waves
before booster approval. Survey estimates match official data fairly well

920z 1snbny {z uo Jasn salelqr] Alsianiun uisyseayuoN Agq 6GZ8€/8/ L yorews/wessl/e60L 0L /10p/a|o1e-aoueApe/wess(/uoo dno-olwapede woly papeojumoq


https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf041#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf041#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf041#supplementary-data

10 Quintana-Mathé et al.

during this period: 58 percent of 255 state-wave deviations fall within confi-
dence intervals, with mean and median absolute differences of 4.9 percent and
3.9 percent. At least half of the 51 state deviations fall within the margins of
error each wave, and 36 states have 3 or more of 5 deviations within 95 per-
cent error margins. However, some states show bias: DC, SD, NM and VT
undershoot the CDC by 10 percent or more in 3 of 5 estimates, and OK and
SD have zero deviations within confidence intervals. In addition, 6 states plus
DC have only 1 deviation within CIs (AK, DC, NE, NM, PA, VT, WV).

Unsurprisingly, states with smaller samples show greater deviations from
the CDC: the 19 states plus DC, which have at least 3 out of 5 differences
above 5 percent have on average 428 respondents per wave, while the other 31
states have 494 (see Table S7). CSP state-level estimates generally undershoot
the CDC values as all differences above 95 percent error margin after
February 2021 are negative, mirroring the national-level undershooting during
this period. The internal consistency validation criterion is only violated twice
(out of 561 comparisons) at the state level, by the SD estimate of August 2022
(-20 percent difference from the previous estimate), and by the NY estimate of
October 2022 (-7 percent difference). Only 22 estimates are more than 5 per-
cent lower than the previous estimate. Vaccination rates reach a plateau after
the booster rollout (Figure S4); the standard deviations of the CSP estimates in
this period for every state are above 5 only for SD and ND, and the mean
standard deviation is 2.5 percent. Overall, this indicates that the CSP state esti-
mates are robust over time.

We conclude that the CSP survey is able to provide reliable estimates of
vaccination rates for most U.S. states and is certainly superior to CDC esti-
mates once boosters were available (which, if not capped at 95 percent,
exceeded 100 percent in 10 states in January 2023, see Table S4). The compar-
ison to CDC data during the pre-booster period allows for the identification of
problematic states (say DC, ND, NM, OK, SD, or VT).

3.2 Infections

Figures 2a and b compare national infection estimates from the CSP (Methods
1 and 2), Axios-Ipsos, and The New York Times. As with vaccination data, we
first assess when administrative data provide reliable benchmarks before turn-
ing to state-level comparisons. Methods 1 and 2 of CSP yield highly similar
results: the largest national-level difference between each Method 1 and its
closest Method 2 estimate is 3.8 percentage points. Method 1 aligns especially
well with official data before 2022, with differences being less than 1 percent-
age point in all periods except three (September 20: 1 percent; October 20:
1.18 percent; November 20: 1.52 percent). CSP estimates slightly overshoot
the official numbers in 2020, a year in which institutionalized testing capabil-
ities were inconsistent (Cohen 2020; Patel 2020). All the official numbers in
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Figure 2. (a) Cumulative COVID-19 infection rates, comparing the two estima-
tion methods of CSP, to Axios-Ipsos, and the official rate. (b) Difference between
Axios-Ipsos/CSP estimates and the official number of cumulative COVID-19 infection
rates over time. (c¢) Histogram of differences between CSP estimates and official state
numbers across all CSP waves using Method 1, split into waves before and after the
mass distribution of at-home rapid tests. Dashed lines show medians. Error bars repre-
sent 95 percent CI (see Appendix A in the SOM for details).
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2021 are within the 95 percent confidence interval of CSP using Method 1.
Method 2 estimates also closely follow the official numbers during 2020 and
2021. In 2020, the differences are less than 1 percentage point, except in
September, October, and November 2020. In 2021, half of the official numbers
are within the 95 percent confidence intervals of Method 2 (which, as men-
tioned, we expected to be less reliable).

The estimate from the only Axios-Ipsos survey that was fielded during the
first 2 years of the COVID-19 pandemic (December 2021) and asked the num-
ber of times respondents were infected aligns with CSP estimates from both
methods, as well as the official data. While only the 6 Axios-Ipsos waves
shown in Figure 2 included questions allowing a calculation of cumulative
infection rates (i.e., asking how many times a respondent had been infected),
most of their other survey waves did ask whether respondents tested positive
at least once. Therefore, we can use Axios-Ipsos as a comparison through a
longer period for an estimand (the percentage of the population that tested pos-
itive at least once), closely related to the estimand of interest (the cumulative
infection rate). Appendix A in the SOM details this analysis from June 2020 to
June 2022 and shows the results in Figure S2. CSP estimates are slightly above
Axios-Ipsos values, but they are generally close, with 9 out of 16 CSP esti-
mates within confidence intervals of the most contemporaneous Axios-Ipsos
counterpart.

From February 2022 onwards, infection rates from the administrative data
progressively diverged from the CSP and Axios-Ipsos surveys—as expected
due to the aforementioned distribution of at-home rapid tests. In 2022, only 1
of the estimates from Method 1 (February 28, 2022) captures the official num-
ber of infections within its confidence interval, and none from Method 2, with
both methods estimating substantially more COVID-19 cases than the admin-
istrative data. Similarly, Axios-Ipsos estimates show significantly more infec-
tions than the official data in this period. Although they contain both the most
contemporaneous CSP and the official numbers in their confidence intervals in
3 of the 6 waves, all Axios-Ipsos estimates are closer to the CSP values than
the official data. The results from Axios-Ipsos indicate even more cases than
the CSP in 2/2022, 3/2022, and 4/2022. After February 2022, only 1 out of 4
Axios-Ipsos confidence intervals contains the administrative rate, as the gap
between survey estimates and the official data grows, pointing to an underre-
porting of COVID-19 infections in the official numbers in this period. Both
the CSP Method 2 and the Axios-Ipsos estimates satisfy the internal consis-
tency criteria. (CSP Method 1 satisfies it by its accumulating design.) In fact,
each Method 2 estimate is higher than the previous estimate.

Given these issues in the administrative data, we split the state-level compari-
sons by the start date of at-home rapid test distribution. Figure 2¢ displays histo-
grams of the differences between the CSP estimates and the administrative
value at the median date of the survey responses in each state, before and after
the distribution of rapid tests. Figures S6 and S7 display state trends and
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deviations from the official estimates prior to the rapid test distribution, respec-
tively. Using Method 1, all CSP state-level cumulative infection rates from
2020 and 2021, 612 estimates from 12 survey waves in total, are within 10 per-
cent of the official number of cases, with a median and mean difference of 0.34
percent and 0.46 percent, respectively. In 43 states and the DC, all estimates
from these 12 CSP waves are within 5 percent of the official numbers, with the
exceptions being AK, DE, NC, ND, RI, SC, TX, and WY. Apart from NC, SC,
and TX, these again are all low population states with smaller CSP samples (see
Table S7 for state sample sizes). At least 11 out of 12 estimates are capturing
the official numbers within 95 percent CI in 36 states; and in all states except
TX and DE, a majority of the official estimates are within 95 percent CI. These
results point to generally little bias in the CSP estimates except for a few states.

Inconsistencies in how states report cases may explain some of the larger dif-
ferences observed (see Appendix A in the SOM for details). For example, posi-
tive results in an antigen test were not counted as an infection in Texas, and
thus differences with the CSP may reflect uncommon, aberrational administra-
tive accounting (Platoff et al. 2020). It is worth noting that the states with more
biased CSP estimates of cumulative infection rate before rapid tests are not the
same as the states with biased estimates of vaccination coverage before the
booster rollout. In particular, none of the 9 states (TX, DE, NC, SC, WI, CA,
MS, OH, RI) with 7 or fewer cumulative infection rate estimates within 95 per-
cent CI of the administrative data (out of 12 estimates) is also one of the 9 states
(OK, SD, NE, NM, AR, DC, PA, VT, WV) with only O or 1 vaccination esti-
mates within 95 percent CI of the CDC estimate (out of 5 estimates). After the
mass distribution of at-home rapid tests, CSP’s state-level estimates signifi-
cantly (and predictably) overshoot the official data, mimicking the results at the
national level: the median and mean differences are 7.1 and 6.5, respectively,
and 87 percent of the state-wave CSP estimates (out of 255 state-wave pairs)
are larger than the official value.

While we focus on Method 1 in the previous paragraph, Method 2 provides
estimates that match the administrative data well at the state level prior to the
rapid test campaign. The mean absolute difference between Method 2 esti-
mates and the official data across 663 state-wave estimates before rapid tests is
1.57 percent. For Method 1 it is 1.52 percent (612 estimates). The Method 1
estimates are within CI 86 percent of the time, more than the 82 percent for
Method 2. As expected, Method 1 is slightly more accurate, and also more
consistent, as this method generates estimates for the same state that are corre-
lated and cannot violate the internal inconsistency criteria (Figure S7).
However, this can also let inaccuracies in a single wave extend to estimates
further on. For example, the overestimation of the official numbers in the
June—July 2020 period in Texas, early in the pandemic, causes 9 out of 12 esti-
mates to have a CI outside of the administrative value for this state. In contrast,
the CI of only 5 out of 13 estimates from Method 2 does not cover the official
estimate in Texas. Also, only one estimate from Method 2 (out of 918
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comparisons), from August 2020 for Rhode Island, violates the internal incon-
sistency criterion (with a difference of —1.76 with the previous estimate), and
75 percent of these estimates are higher than the previous one in the temporal
series. Overall, our results show that a single survey wave from CSP can be
used with Method 2 to provide generally accurate state-level estimates of
cumulative infection rates, which would be particularly useful when time or
budget limits prevent multiple large-scale waves.

An advantage of looking at both the administrative data and the CSP’s geo-
graphically granular data is it enables the computation of data-driven confi-
dence intervals for the CSP estimates (a desirable feature given that non-
probability samples do not technically satisfy the assumptions underlying con-
fidence interval computation). We use the state-level deviations from the
administrative data before the distribution of rapid tests, where we deem it
accurate, to derive confidence intervals for the CSP state estimates through the
whole period considered. The resulting 95 percent confidence interval is (-4
percent, 5 percent) (see Appendix A in the SOM for details), slightly wider
than the average of the conventional 95 percent error margins across the CSP
state estimates in the pre-2022 data, of 3 percent. This is worthwhile since it
allows for the computation of uncertainty without relying on assumptions
about the data generating process (a probability sample), and accounts for bias
unaccounted for in standard metrics.

3.3 Evaluating Reasons for CSP’s Accuracy

In the introduction, we briefly mentioned Bradley et al.’s (2021) study of sur-
vey surveillance of COVID-19 vaccination from January 2021 to May 2021.
The authors find that two large-scale surveys, the Delphi-Facebook (Salomon
et al. 2021) and Census Household Pulse (Fields et al. 2020), with poor cover-
age, were inaccurate relative to the CDC data and Axios-Ipsos probability sur-
veys. This raises the question of why the CSP performed well whereas the two
surveys in Bradley et al. (2021) did not. As with most evaluations of survey
accuracy, we cannot arrive at a definitive answer due to too many factors being
in play (Clinton et al. 2021). First, it could be that the respondent quality
checks included in the CSP address common sources of error in other online
opt-in surveys (Freese and Jin 2025). Second, it could be the specific quotas
matter given they encompass key variables related to vaccination, for example,
age. Indeed, the quotas minimized the relevance of weights: the CSP
unweighted estimates are similarly accurate as the weighted estimates, nation-
ally and at the state level (see Figures S8 and S9). Some of the variables on
which the unweighted sample strongly skewed, like gender, were generally
unrelated to vaccination and infection (Table S6), making the CSP data “fit for
purpose” for these outcomes (Cornesse et al. 2020).
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Third, we suspect a partial explanation lies in unit non-response not cap-
tured by standard demographic measures, in particular, trust in institutions.
Low-trust individuals may decline participation as they view it as “a political
act” (Clinton et al. 2021; Silber et al. 2022). Those with lower trust in scien-
tific and health institutions were significantly less likely to vaccinate (e.g.,
Szilagyi et al. 2021), a finding confirmed in the CSP data (see Appendix A in
the SOM). Thus, if a surveillance survey obtains a lower response rate from
those with lower trust, then it would overstate vaccination rates.

We start by documenting this point with simulations. The CSP surveys
asked respondents about their trust in the CDC (on a 4-point scale, see
Appendix A in the SOM for details). We downsample the CSP data with prob-
abilities that depend on the answers to this question and then calculate the vac-
cination and the cumulative infection rate (using Method 1) with the
downsampled datasets. The goal is to simulate what the estimates would be if
the sample had fewer low-trusting people. We use four different downsam-
pling schemas: Table 1 displays the probability that respondents are included
in the downsampled dataset in each schema depending on their answers to the
CDC trust question.

These four downsampling processes are applied a hundred times to each
survey wave, before reweighting (this is key since it ensures that the biases we
simulate are not accounted for by standard weighting variables) and calculat-
ing vaccination and cumulative infection rates. We then calculate the differ-
ence between the averaged outcome across the hundred simulations and the
value from the original dataset, for each survey wave, and plot them in
Figure 3. To provide a measure of uncertainty in the differences, we sum the
MOE of the original estimate to the MOE averaged across the 100 simulations.
The results make clear that if the samples had been skewed toward higher-
trusting respondents (i.e., had greater unit non-response among low-trusters)
vaccination rate estimates would have been significantly higher/overestimated,
even after applying our weighting scheme.

Table 1. Probability of Sampling in Simulations by Level of Trust in the CDC in
Columns 2 to 5. Column 6 displays the fraction of the original dataset preserved for
each downsampling probability schema on average across simulations and survey
waves

Downsampling  Answer to trust in the CDC question Average fraction of
probability original sample
schema Alot Some Nottoomuch Notatall preserved

Low 1 0.9 0.8 0.7 0.90

Mild 1 0.9 0.6 0.5 0.85

High 1 0.9 0.4 0.3 0.80

Very high 1 1 0.2 0.2 0.80
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Figure 3. Results of Simulations Downsampling CSP Waves Following Trust in
CDC Levels. The Y-axis displays the difference between vaccination rate (upper
panel) and infection rate (bottom panel) after downsampling, compared to the original
whole sample estimate. Error bars represent the sum of the average 95 percent MOE
of the simulations and the whole sample MOE.
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In contrast, the trust down-sampling has almost no influence on the cumula-
tive infection rates. This is sensible insofar as trust constituted a crucial corre-
late of vaccine uptake (Adhikari et al. 2022), but not infection rates that
depended more on sociodemographic and contextual factors (Karmakar et al.
2021). Indeed, in the CSP data, trust in scientists and in the CDC to handle the
COVID-19 pandemic strongly correlates with vaccination rates but not infec-
tion rates (Figure S3). Notably, Bradley et al. (2021) evaluate the large unrep-
resentative samples regarding vaccination, but not infection. This simulation
provides some evidence that unit non-response based on trust can skew vacci-
nation estimates, a finding that aligns with speculation that other polls have
yielded inaccurate estimates because of difficulty to calibrate unit non-
response (Clinton et al. 2021).

We suspect the CSP may have done relatively well recruiting low-trusting
respondents due to the recruitment strategy. As mentioned, recruitment for the
bulk of CSP respondents (via PureSpectrum) made no mention of a sponsoring
institution (e.g., a university) or a survey topic (e.g., health, COVID-19). This
may have vitiated non-response by those with low trust in scientific and health
institutions who otherwise may have been wary of responding to such inquiries
(see Appendix A in the SOM for a discussion on how this compares to the sur-
veys in Bradley et al. 2021). We explore this hypothesis by leveraging the afore-
mentioned fact that a small number of CSP respondents were recruited
differently (not through PureSpectrum), via Facebook. Unlike PureSpectrum
recruitment, the Facebook recruitment made the sponsoring institutions and
topic clear. We compare vaccination rates between those who were recruited via
PureSpectrum and Facebook. The surveys and timing were identical; the only
differences were in the recruitment message and source. We focus strictly on
vaccination given the prior results that infection rates are unaffected by trust
variation.

We plot, in Figure 4, the vaccination rate in each sample, compared to the
CDC and Axios-Ipsos estimates. The vaccination rate in the Facebook sample
is 15 percentage points higher than in the PureSpectrum sample on average
across 11 survey waves. In Appendix A in the SOM, we further probe our
hypotheses by showing that the Facebook sample exhibited significantly more
trust in science relative to the PureSpectrum sample, and that trust may have
played a role in mediating the impact of the recruitment source on vaccination
rates. While we are not able to disentangle the role of the source (Facebook)
from the role of the recruitment message in this experiment, consuming
COVID-19 information on Facebook is associated with vaccine resistance
(Green et al. 2023), pointing to the importance of the recruitment message.

While speculative, the results highlight a potential role of recruitment meth-
ods in affecting unit non-response (e.g., Groves et al. 2012) in an era where
trust in knowledge-generating institutions has declined and polarized (Brady
and Kent 2022; Schulman et al. 2025). While some work suggests no or mod-
est survey sponsorship effects (Tourangeau et al. 2014; Crabtree et al. 2022),
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Figure 4. Vaccination rate in the subsamples of the CSP respondents recruited
through Facebook, compared to those recruited through PureSpectrum, Axios-
Ipsos, and the CDC data.

it is important to explicitly explore the role of trust (Silber et al. 2022) and
consider its overtime relationship with various institutions.

4. DISCUSSION

What lessons do the Covid States Project provide? First, given the relatively
poor performance of opt-in non-probability samples (Maclnnis et al. 2018;
Cornesse et al. 2020) in estimating descriptive population parameters, one can-
not presume accuracy (none of our results question the, all else constant, supe-
riority of probability samples). We presented our comparisons between the
CSP, Axios-Ipsos, and the administrative data as a validation exercise. In real
time, though, one could use the latter sources as “guardrails”—that is, quality
benchmarks against which the non-probability estimates are regularly com-
pared. These typically will be assessed at either a less granular spatial level
and/or more limited period (as if not, then there are fewer reasons to use the
non-probability data in the first place). Non-probability surveys should trans-
parently report deviations from other sources. Documenting consistent accu-
racy as well as internal consistency (e.g., cumulative rates should not decline)
can be thought of as a necessary condition for using opt-in non-probability
data for surveillance. Along these lines, we emphasize that our results should
not be taken as a “general” validation of the inherent challenges with non-
probability samples (e.g., selection biases, missing not at random). However,
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our work delineates an approach, based on regular checks with guardrail
benchmarks, that can be applied to other non-probability online surveys.

A second lesson is that multiple validation metrics (or guardrails) can be
essential. In our case, a probability survey provided a reliable benchmark at
the national level, while the administrative data provided a reliable benchmark
at the state level only across some periods of time. Having a state-level bench-
mark allowed us to confirm that the CSP state estimates were valid, facilitated
identifying problematic states (often ones with smaller sample sizes) and
allowed the calculation of data-driven confidence intervals that account for
both statistical uncertainty and bias. Using two guardrails allowed the detec-
tion of periods where one of the original guardrails (administrative data) was
unreliable. This is consistent with public health practices triangulating as
many seemingly reliable signals as possible (Smolinski et al. 2015;
Baltrusaitis et al. 2018; Lipsitch and Santillana 2019; Lu et al. 2021).

Third, researchers need to be deliberate when assessing or using administra-
tive data, and refrain from characterizing them as a “ground truth” benchmark
especially when third party sources (e.g., probability surveys) disagree with
the official data. The administrative biases mean that for state-level estimates,
the CSP provided the most reliable data on vaccination and cumulative infec-
tion rates of which we are aware across long periods of the COVID-19 pan-
demic. Bluntly, careful use of an opt-in non-probability data source offered
otherwise unavailable information vital to surveilling public health.

Fourth, the CSP offers guidance on survey design. The CSP worked well
due to various design decisions; among these, we suspect that ensuring
response validity was key and the CSP employed extensive filtering. In addi-
tion, the samples were well balanced on the key correlates of the outcomes
(infections and vaccination) thanks to the use of quotas that reduced the reli-
ance on weighting. CSP’s use of PureSpectrum platform, which aggregates
diverse survey providers, may have alleviated the biases from these specific
channels. Given the inevitable threat of unmeasured confounding in non-
probability samples, ensuring balance on correlates of the target parameter is
vital to accurate estimation; it also cannot be assumed and requires an under-
standing of the targeted outcome and validation of the approach.

In particular, trust in science has polarized more than any other institution
in the United States (Schulman et al. 2025). Nonresponse among low-trust
individuals may lead to inaccuracies in survey estimates. We recommend
avoiding sponsor or content disclosure during recruitment to prevent this
effect, or weighting by correcting variables if present (e.g., partisanship, see
Appendix A in the SOM). That is the case, of course, if the target estimand
correlates with trust, as with vaccination (but not infection).

All of this suggests that opt-in non-probability samples can play a vital role
in situations that demand longitudinal, across space data. Examples of such
scenarios include reactions to climate change, mass protests, political cam-
paigns, gun purchasing, mental health, racism, and more. This can be done
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without substantial financial cost. For instance, a 25,000-person CSP sample,
with representative state-level coverage, costs around $40,000. While we iden-
tify potential biases for some states, our results indicate that a large portion of
the inaccuracies of the CSP state estimates were due to sampling error, espe-
cially regarding cumulative infection rates. Therefore, larger samples would
likely yield substantially more accuracy for a marginal increase in costs (Jerit
and Barabas 2023). Probability surveys may produce more accurate data in
general, but there are often logistical and financial tradeoffs. Finally, the CSP
large samples provide an opportunity to look at small subpopulations of inter-
est (Simonson et al. 2024). We did not do this here, but the samples are large
enough, at least nationally, to zero in on very small groups.

More generally, we recognize our evaluation of the Covid States Project is
limited. We looked at limited outcomes, employed statistical methods devel-
oped for probability samples, and did not offer a precise metric for suitable
accuracy matches. We also did not explore the use of MRP with our data
which may have helped in our poorer performing smaller sample states (i.e.,
not as a full substitute to the CSP but as a complement for these states).
Studying how MRP can complement non-probability data collection for small
geographical units is an interesting avenue for future work. Additionally, the
CSP’s approach to data collection was far from straightforward and required a
host of decisions, many of which were made quickly to provide data as the
COVID-19 pandemic unfolded. The field would benefit from building on task
force reports on non-probability sampling and online sampling (e.g., McPhee
et al. 2022) to further develop infrastructure that would be available for
researchers to use when probability samples are unable to meet the demands
and when fit for purpose.

SUPPLEMENTARY MATERIALS

Supplementary materials are available online at academic.oup.com/jssam.

DATA AVAILABILITY

The Axios-Ipsos and the CDC data used in this paper are available online: the
CDC data can be downloaded from the CDC website at this linkl, and the
Axios-Ipsos data is available at https://ropercenter.cornell.edu/. The individual
level CSP data is accessible at the Harvard Dataverse (https://doi.org/10.7910/
DVN/ZUJUG6H) upon publication of the article (or if requested by reviewers).
To avoid deidentification, only the variables used for the main text analysis

1. https://data.cdc.gov/Vaccinations/COVID-19-Vaccination-Age-and-Sex-Trends-in-the-Uni/
5i5k-6cmh/
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will be included, without demographics. In particular, the questions on vacci-
nation, testing, and COVID-19 infections will be included, together with the
state of the respondent and the weights used. The data with all variables used
for weighting (enabling a full replication of the results, including the weights
calculation) will be provided upon request to the authors after going through a
data sharing agreement. All code used in this paper is available at https://
github.com/LazerLab/COVID19-surveys.
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