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The United States experienced historically high numbers of mea-
sles cases in 2019, despite achieving national measles vaccination
rates above the World Health Organization recommendation of
95% coverage with two doses. Since the COVID-19 pandemic be-
gan, resulting in suspension of many clinical preventive services,
pediatric vaccination rates in the United States have fallen precip-
itously, dramatically increasing risk of measles resurgence. Previ-
ous research has shown that measles outbreaks in high-coverage
contexts are driven by spatial clustering of nonvaccination, which
decreases local immunity below the herd immunity threshold.
However, little is known about how to best conduct surveillance
and target interventions to detect and address these high-risk
areas, and most vaccination data are reported at the state-
level—a resolution too coarse to detect community-level cluster-
ing of nonvaccination characteristic of recent outbreaks. In this
paper, we perform a series of computational experiments to as-
sess the impact of clustered nonvaccination on outbreak potential
and magnitude of bias in predicting disease risk posed by measur-
ing vaccination rates at coarse spatial scales. We find that, when
nonvaccination is locally clustered, reporting aggregate data at
the state- or county-level can result in substantial underestimates
of outbreak risk. The COVID-19 pandemic has shone a bright light
on the weaknesses in US infectious disease surveillance and a
broader gap in our understanding of how to best use detailed
spatial data to interrupt and control infectious disease transmis-
sion. Our research clearly outlines that finer-scale vaccination data
should be collected to prevent a return to endemic measles trans-
mission in the United States.

measles | epidemiology | simulation model | disease dynamics |
vaccination clustering

The Global Vaccine Action Plan set a goal of measles elimi-
nation in five World Health Organization (WHO) regions by

2020. However, re-emergence of measles in ostensibly post-
elimination settings and slow progress in endemic settings have
thwarted these international control efforts, with 187/194 (96%)
of WHO member states reporting measles cases in 2019 (1).
Globally, the first half of 2019 witnessed the most reported
measles cases since 2006, with 791,143 suspected cases in 2019,
compared to 484,077 in 2018, a 63% increase (2, 3). Recent
drops in vaccination coverage have threatened the WHO Amer-
ican Region’s measles elimination status, attained in 2000 (4).
In the United States, a 2014 measles outbreak originating at

Disneyland was the largest, most-publicized outbreak event since
the declaration of elimination (5). Majumder et al. estimated
that the vaccination rate among those infected in this outbreak
was between 50 and 86%, much lower than California’s state
average of 92.8% (±3.9%) (6, 7) and the national average of
91.9% (6). Local variability in measles vaccine coverage likely
contributed to the size of the outbreak, with Pingali et al. finding

93 regions, or “coldspots,” encompassing 31% of California’s
primary schools, where many kindergarteners were not up-to-date
for recommended vaccinations (8). This demonstrates how fine-
scale clustering of nonvaccination can increase the likelihood of
outbreaks while “flying below the radar” of statewide statistics.
Such exemption clusters have also been responsible for outbreaks
of pertussis in Michigan (9) and Florida (10) and of measles in
Oregon (11). Vaccination heterogeneity is a key threat to measles
elimination and control: in the United States alone, 2019 saw
1,282 cases of measles in 31 states, the most since 1992, making a
return to endemic measles likely if these trends are not rapidly
reversed (12).

Redefining Vaccination Coverage Targets
To meet global elimination goals, WHO has set vaccination
coverage targets of 95% for the first and second doses of the
pediatric measles-containing vaccine (MCV) (13, 14). High cov-
erage of MCV is necessary because measles is highly contagious
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Unrepresentative big surveys significantly 
overestimated US vaccine uptake

Valerie C. Bradley1,6, Shiro Kuriwaki2,6, Michael Isakov3, Dino Sejdinovic1, Xiao-Li Meng4 & 
Seth Flaxman5 ✉

Surveys are a crucial tool for understanding public opinion and behaviour, and their 
accuracy depends on maintaining statistical representativeness of their target 
populations by minimizing biases from all sources. Increasing data size shrinks 
con!dence intervals but magni!es the e"ect of survey bias: an instance of the Big 
Data Paradox1. Here we demonstrate this paradox in estimates of !rst-dose COVID-19 
vaccine uptake in US adults from 9 January to 19 May 2021 from two large surveys: 
Delphi–Facebook2,3 (about 250,000 responses per week) and Census Household 
Pulse4 (about 75,000 every two weeks). In May 2021, Delphi–Facebook overestimated 
uptake by 17 percentage points (14–20 percentage points with 5% benchmark 
imprecision) and Census Household Pulse by 14 (11–17 percentage points with 5% 
benchmark imprecision), compared to a retroactively updated benchmark the 
Centers for Disease Control and Prevention published on 26 May 2021. Moreover, 
their large sample sizes led to miniscule margins of error on the incorrect estimates. 
By contrast, an Axios–Ipsos online panel5 with about 1,000 responses per week 
following survey research best practices6 provided reliable estimates and 
uncertainty quanti!cation. We decompose observed error using a recent analytic 
framework1 to explain the inaccuracy in the three surveys. We then analyse the 
implications for vaccine hesitancy and willingness. We show how a survey of 250,000 
respondents can produce an estimate of the population mean that is no more 
accurate than an estimate from a simple random sample of size 10. Our central 
message is that data quality matters more than data quantity, and that compensating 
the former with the latter is a mathematically provable losing proposition.

Governments, businesses and researchers rely on survey data to inform 
the provision of government services7, steer business strategy and guide 
the response to the COVID-19 pandemic8,9. With the ever-increasing vol-
ume and accessibility of online surveys and organically collected data, 
the line between traditional survey research and Big Data is becoming 
increasingly blurred10. Large datasets enable the analysis of fine-grained 
subgroups, which are in high demand for designing targeted policy 
interventions11. However, counter to common intuition12, larger sample 
sizes alone do not ensure lower error. Instead, small biases are com-
pounded as sample size increases1.

We see initial evidence of this in the discrepancies in estimates of 
first-dose COVID-19 vaccine uptake, willingness and hesitancy from 
three online surveys in the US. Two of them—Delphi–Facebook’s COVID-
19 symptom tracker2,3 (around 250,000 responses per week and with over 
4.5 million responses from January to May 2021) and the Census Bureau’s 
Household Pulse survey4 (around 75,000 responses per survey wave and 
with over 600,000 responses from January to May 2021)—have large 
enough sample sizes to render standard uncertainty intervals negligible; 
however, they report significantly different estimates of vaccination 

behaviour with nearly identically worded questions (Table 1). For exam-
ple, Delphi–Facebook’s state-level estimates for willingness to receive a 
vaccine from the end of March 2021 are 8.5 percentage points lower on 
average than those from the Census Household Pulse (Extended Data 
Fig. 1a), with differences as large as 16 percentage points.

The US Centers for Disease Control and Prevention (CDC) compiles 
and reports vaccine uptake statistics from state and local offices13. 
These figures serve as a rare external benchmark, permitting us to 
compare survey estimates of vaccine uptake to those from the CDC. 
The CDC has noted the discrepancies between their own reported 
vaccine uptake and that of the Census Household Pulse14,15, and we find 
even larger discrepancies between the CDC and Delphi–Facebook data 
(Fig. 1a). By contrast, the Axios–Ipsos Coronavirus Tracker5 (around 
1,000 responses per wave, and over 10,000 responses from January 
to May 2021) tracks the CDC benchmark well. None of these surveys 
use the CDC benchmark to adjust or assess their estimates of vaccine 
uptake, thus by examining patterns in these discrepancies, we can infer 
each survey’s accuracy and statistical representativeness, a nuanced 
concept that is critical for the reliability of survey findings16–19.
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When adjusting for community self-reported contacts 
instead of mobility, the association between a 1% change 
in reported mask-wearing and community transmission 
control was attenuated compared with the base model 
(model 1; OR 1·09, 95% CI 1·02–1·16), but was still 
significant (appendix p 1). Self-reported mask-wearing 
was also significantly associated with reduced trans-
mission across multiple Rt dichotomisation thresholds 
(appendix p 2) and when categorised as an ordinal 
variable (appendix p 3). A mixed model with a random 
intercept for state found a stronger association of 
reported mask-wearing with community transmission 
control (OR 1·18, 95% CI 1·07–1·30).

Communities with high amounts of self-reported 
mask-wearing and physical distancing were predicted by 
a logistic regression model to have the highest probability 
of community transmission control (figure 3). States 
with high rates of reported mask-wearing (57%) but with 
no change from baseline in physical distancing rates had 
a 22% (3–76%) predicted probability of community 

transmission control, although the confidence intervals 
are wide. The interaction between physical distancing 
and reported mask-wearing was not statistically 
significant (table 2, model 7).

We evaluated the change in self-reported mask-wearing 
in the 2 weeks before and after statewide mask mandates 
for 12 states (figure 4). Although there was a general trend 
of increased reported mask usage over this time period, 
the linear segmented regression models resulted in no 
significant change in slope in crude (β=0·04; 95% CI 
–0·47 to 0·54) or weighted (0·31; –0·28 to 0·91) mask 
usage after the interventions. There was a non-significant 
2·2% (95% CI –2·1 to 6·5) change in average mask usage 
after the mandate in the unweighted model and a 2·31% 
(–2·76 to 7·38) change in the weighted model.

Discussion
The effect of mask-wearing on community transmission 
of SARS-CoV-2 has been the subject of substantial 
debate, despite evidence of its potential effect to reduce 
SARS-CoV-2 spread from detailed transmission studies 
and population-wide data from other respiratory 
pathogens. In this Article, we present findings from 
more than 300 000 serial cross-sectional surveys admin-
istered daily in June and July, 2020, which confirm that a 
high percentage of self-reported face mask-wearing is 
associated with a higher probability of transmission 
control in US states. Face mask-wearing was more 
commonly reported among some socioeconomic groups 
(especially in race groups other than White and 
respondents with lower income). However, the effect of 

Figure 2: Mask wearing and the instantaneous reproductive number
Box (median and IQR) and whisker (minimum and maximum, excluding 
outliers) plots of Rt estimates for each week within the study period and state 
(grey circles). Plot is stratified by quartiles (Q1: 0–28·6%, Q2: 28·7–36·6%, 
Q3: 36·7–45·2%, Q4: 45·3–100·0%) of the percentage of individuals who 
reported that they were “very likely” to wear a mask with family or friends and to 
the grocery store. 
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Figure 1: Mask-wearing across three-digit zip code areas and over time
(A) The percentage of individuals who responded they were “very likely” to wear a mask to the grocery store and 
with family or friends was averaged across the entire study period and each three-digit ZIP Code Tabulation Area 
prefix (fuzzy matched with reported zip code) in the USA. ZIP Code Tabulation Area clusters with less than 
50 responses are shown in grey. (B) Observations of mask-wearing were also aggregated at the daily level across 
each census division for the study period.
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Goal

Develop fine-scale, debiased spatiotemporal estimates of mask-wearing



Methods

1. Dichotomize responses


2. Aggregate to county-month


3. Bayesian binomial regression


4. Raking & resampling


5. Debias with ground-truth 
vaccination data 

COVID-19 Trends and Impacts Survey, Sept. 2020 - May 2021
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Mi ∼ Binomial(Ni, pi)

logit(pi) ∼ Normal(μi, σ)

μi = β0 + β1 ⋅ population density
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Methods
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bias = CTIS vaccination prop. — true vaccination prop.



Addressing survey biases

Binomial regression model
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Model smooths over noisy proportions from small sample sizes
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Addressing survey biases

Unrepresentative samples slightly overestimate masking



Addressing survey biases
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Social desirability and non-response biases overestimate masking



Masking is spatially heterogeneous and higher in urban areas
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Masking exhibits some variability over time, mirroring national cases & vaccines
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Validation

Can social sensing approaches help reduce survey bias? 



Community estimates are a good predictor of debiased self-reported masking
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Takeaways

Masking varies spatiotemporally across the U.S.
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Social sensing may help address survey biases
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Fine-scale spatiotemporal behavioral data are critical 
to understanding disease-behavior dynamics
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