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a b s t r a c t

Purpose: We assess the effectiveness of multilevel regression with poststratification (MRP) as a tool to
mitigate selection bias from online surveys of small geographical regions.
Methods: We collected self-reported health information from an Internet-based sample of adults
residing within the St. Louis, MO, metropolitan area in 2017. We created Bayesian hierarchical models
with three sets of predictor variables for each of six common health behaviors and outcomes, with results
poststratified using the American Community Survey to estimate region and ZIP Code Tabulation Area
elevel prevalence.
Results: When comparing MRP estimates with a population-based sample as a reference, we found that
adjustment using MRP can reduce bias in prevalence estimates and provide estimates for local area
prevalence. 14 of 18 adjusted estimates were closer to the benchmark than the unadjusted estimates and
MRP using all three covariate sets resulted in better overall agreement with the benchmark compared
with the unadjusted estimates.
Conclusions: MRP can improve prevalence estimates from self-selected Internet-based samples, although
a nonnegligible amount of bias may remain. Illustrating the utility and limitations of this method will
help researchers develop relevant estimates of the local public health burden, helping local health of-
ficials better understand and reduce poor health outcomes.

© 2019 Elsevier Inc. All rights reserved.
Introduction

Obtaining survey data for small geographic areas is of primary
importance in epidemiological research that focuses on neighbor-
hood and place. However, such data are not readily available via
pre-existing sources. National data sets such as the Behavioral Risk
Factor Surveillance System (BRFSS) do not provide local area in-
formation because of potential lack of confidentiality and low
reliability of estimates based on small samples [1,2]. With concerns
over data privacy and emphasis on improving data privacy
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regulation [3], granular geographic data are not likely to be made
available to the public by existing surveillance programs. This may
impede the implementation of local public health programs and
geographically targeted decision-making.

To fill the gaps in availability of secondary data, researchers may
collect primary data within a targeted geographic area; however,
they often encounter difficulties obtaining a representative sample
from their target population. Traditional recruitment strategies
such as telephone and mail have shown decreasing response rates
over recent years [4,5], resulting in bias in even well-designed
studies [6]. Thus, researchers have turned to the Internet as a
recruitment platform [7]. While self-selection into an Internet-
based survey does not solve the problem of non-
representativeness, the resulting sample can have similar quality to
those from designed studies with high nonresponse [8e11].

Multilevel regression with poststratification (MRP) is one
approach to make results from Internet samples more represen-
tative of the target population [12]. The use of multilevel models
shrinks covariate-adjusted estimates toward the overall mean,

mailto:travis.loux@slu.edu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.annepidem.2019.09.005&domain=pdf
www.sciencedirect.com/science/journal/10472797
https://doi.org/10.1016/j.annepidem.2019.09.005
https://doi.org/10.1016/j.annepidem.2019.09.005
https://doi.org/10.1016/j.annepidem.2019.09.005


Table 1
Comparison of model predictors for multilevel regression with poststratification
(MRP) adjustment

Predictor MRP model 1 MRP model 2 MRP model 3

ZCTA % white X X X
ZCTA % Bachelor's degree X X X
ZCTA median income X X X
County of residence X X X
Sex 2 2 2
Age 4 4
Education 5 4*
Race 5 5
Total number of strata 4880 4880 4880
Empty population strata 1365 1542 1639

Numbers in cells of individual-level characteristics represent strata used in MRP
analysis. Total number of strata determined by product of 122 ZCTAs and numbers
of strata of individual-level characteristics sex, age, education, and race as used in
the model.

* Bachelor's degree and graduate degree combined to match ACS stratification.

T. Loux et al. / Annals of Epidemiology 39 (2019) 15e2016
reducing the risk of extreme model predictions, especially for co-
variate combinations with small sample sizes. In MRP, an outcome
model is built from a sample then applied to population-based data
such as a government census. An outcome is predicted for each
stratum defined by the variables in the regression model. The
stratum-specific estimates are then averaged, using the census
stratum size as a weight. Assuming the researcher has controlled
for all covariates associated with both selection into the sample and
the outcome, the resulting estimatewill be approximately unbiased
in the target population [12]. Originally used in the context of
public opinion polling [13e15], MRP has been used in recent pop-
ulation health studies to obtain state and county level estimates for
various health outcomes using BRFSS data [16] and to estimate
health outcomes for Australian territories [17].

In public health, MRP has predominantly been used for studies
that use traditional survey methods with large sample sizes
recruited from large, highly populated geographic areas, with
poststratification based on the most recent national census esti-
mates. However, the utility of these methods for Internet-based
studies of moderate size that focus on small geographic areas is
unknown.

We determined the feasibility of MRP for reducing bias in local
estimates when the source data come from a moderate-sized,
nonrandom, Internet-based sample of a small geographic area by
comparing MRP-adjusted estimates from this sample to
population-based estimates developed by the Missouri County-
Level Study (CLS) [18].

Materials and methods

Survey data

Respondents were recruited to take an online survey via Face-
book advertisements between February and December 2017. In-
clusion criteria were residence in one of the 122 ZIP codes within
the St. Louis metropolitan area, age 18e65 years, English-speaking,
and not institutionalized or residents of assisted living facilities. We
matched the self-reported residential ZIP code with the corre-
sponding ZIP Code Tabulation Areas (ZCTAs) to delineate
geographic areas, as this facilitates the implementation of locally
based interventions and inferences [19]. ZCTAs are generalized
areal representations of U.S. Postal Service ZIP code service areas
and, in most instances, are equivalent to the ZIP code [20]. Health
outcomes included self-reported physician-diagnosed arthritis,
asthma, depression, and diabetes; physical inactivity in the month
proceeding the survey; and current smoking status. These health
outcomes were chosen because they are important health prob-
lems across many populations and are measured in the CLS [18],
providing a reference against which to compare our results.
Wording of the survey items were drawn from the CLS, allowing for
direct comparisons. All participants provided written consent
before taking the online survey. The university's Institutional Re-
view Board approved of this study.

Population data

ZCTA-level population data for the St. Louis metropolitan area
were obtained from the American Community Survey (ACS) 5-year
estimates (2012e2016) through Integrated Public Use Microdata
Series National Historical Geographic Information System (IPUMS
NHGIS) [21].

The Census Bureau limits the number of variables cross-
classified at the ZCTA level. To compare adjustment models, three
separate ZCTA population data files were used: (1) age by sex by
education level, (2) age by sex by race, and (3) sex by race by
education level. These characteristics have been used in previous
MRP studies of health outcomes [16,17]. The ACS does not allow
stratification by age, education, and race at the ZCTA level, making
analysis based on this variable set not possible.

Population-based outcome estimates

Prevalence estimates for health outcomes of interest in the St.
Louis metropolitan area were obtained from the 2016 CLS [18]. The
CLS used random digit dialing to take a county-stratified random
sample of noninstitutionalized English-speaking Missouri resi-
dents. The 2016 study sampled 1200 respondents from the City of
St. Louis, 2000 from St. Louis County, and 400e800 from the other
eight counties in the St. Louismetropolitan area, alongwith similar-
sized samples for every other county in the state. Responses were
weighted to be representative of the Missouri adult population at
the county level following the raking approach used by BRFSS [2].
We obtained metropolitan area estimates using population-
weighted averages of the relevant county estimates.

Statistical methods

The Facebook sample contained 425 unique respondents. De-
mographic information from the respondents was compared with
metropolitan area population data via the Cramer's V effect size
measure [22] to indicate magnitude of nonrepresentativeness of
the sample. By rule of thumb, Cramer's V between 0.3 and 0.5 are
considered “moderate” differences, whereas Cramer's V greater
than 0.5 are considered “large” differences. In line with the ACS
data, Facebook respondent ages were categorized as 18e24, 25e34,
34e44, and � 45 years. Respondent race was reported as non-
Hispanic white, non-Hispanic Asian, non-Hispanic black, Hispan-
ic, and other. Education level was reported as less than high school
diploma, high school diploma or equivalent, some college/asso-
ciate's degree, bachelor's degree, and graduate/professional degree.
Participants' home address was recorded as one of St. Louis City, St.
Louis County, or another county in the metropolitan area.

Missing data for any relevant variable was multiply imputed
using chained equations [23] to create five complete data sets.
Details regarding missing data are provided in the Supplementary
Materials. Within each imputed data set, three Bayesian hierar-
chical binary logistic regressions were performed for each outcome
using individual-level and ZCTA-level predictors. For MRP model 1,
the ACS variables were age, sex, and education level; forMRPmodel
2, the ACS variables were age, sex, and race; and for MRP model 3,
the ACS variables were sex, race, and education level (Table 1). In



Table 2
A comparison of the Facebook sample with the St. Louis (STL) metropolitan area

Characteristic FB sample STL metro area Cramer's V

n ¼ 425 n ¼ 2,108,538

Age (%) 0.83
18e24 150 (35.3) 192,189 (12.0)
25e34 120 (28.2) 281.147 (17.5)
35e44 36 (8.5) 271,235 (16.9)
Over 44 119 (28.0) 861,081 (53.6)

Race/ethnicity (%) 0.81
White non-Hispanic 261 (65.4) 1,219,202 (75.9)
Asian non-Hispanic 58 (14.5) 40,790 (2.5)
Black non-Hispanic 51 (12.8) 289,681 (18.0)
Hispanic 14 (3.5) 34,540 (2.2)
Other 15 (3.8) 21,439 (1.3)

County (%) 0.79
St. Louis City 167 (39.3) 316,030 (15.0)
St. Louis County 221 (52.0) 1,000,560 (47.5)
Other metropolitan
area counties

37 (8.7) 791,948 (37.6)

Education (%) 0.72
Less than high school 8 (1.9) 132,446 (9.2)
High school 28 (6.6) 359,616 (25.0)
Some college 82 (19.3) 440,604 (30.6)
Associate's degree 28 (6.6)
Bachelor's degree 184 (43.4) 305,039 (21.2)
Graduate/professional
degree

94 (22.2) 201,438 (14.0)

Income (%) 0.32
Less than $15,000 65 (17.8) 90,410 (10.8)
$15,000-$25,000 38 (10.4) 79,627 (9.5)
$25,000k-$35,000 48 (13.1) 79,875 (9.6)
$35,000-$50,000 50 (13.7) 113,054 (13.5)
$50,000-$75,000 71 (19.4) 153,327 (18.4)
$75,000-$100,000 38 (10.4) 105,821 (12.7)
More than $100,000 56 (15.3) 213,125 (25.5)

Male (%) 157 (39.3) 1,019,301 (48.3) 0.18

St. Louis metropolitan area figures come from 5-year estimates (2012e2016) of the
American Community Survey.
FB ¼ Facebook.
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model 3, bachelor's degree and graduate/professional degree were
combined to match ACS stratification, which is limited by the
number and sizes of strata. Each model also included census-
obtained ZCTA-level percentage white, percentage with bach-
elor's degree or higher, and median income, respondent's county of
residence, and a random effect for ZCTA. The coefficients for each
predictor used a normal prior with mean 0 and standard deviation
2.5. With a sample of this size, results may be dependent on the
prior distributions chosen; therefore, a sensitivity analysis using
normal priors with standard deviation 1, causing more shrinkage to
the overall mean, was performed. Each model was run on four
chains with a 1000 iteration burn in per chain. Model fit was
assessed through Bayesian R2 [24] and WatanabeeAkaike infor-
mation criterion. For each stratum defined by cross-classifying
ZCTA with the ACS variables, 4000 draws from the posterior dis-
tribution of the linear predictor were taken. For ZCTAs which were
not observed in the Facebook data set, the posterior distribution
Sample count
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Fig. 1. Geographic distribution of sample. Left panel shows number of respondents p
was marginalized across the other predictor variables. For each of
the 4000 draws, the stratum-specific predictions were aggregated
to the metropolitan area and ZCTA levels using weighted averages
with stratum population counts as weights. The linear predictors
were transformed to the proportion scale via inverse logit. The
4000 draws from each of the five imputed data sets were combined
for a total of 20,000 draws from the posterior distribution ac-
counting for uncertainty from the imputed data. The point esti-
mate, standard error, and 95% credible intervals were obtained by
the median, standard deviation, and middle 95% of the 20,000
draws, respectively.

Metropolitan area MRP results were compared with population-
based estimates from the CLS directly and by computing 2-sample

z-scores, z¼ ðpMRP �pCLSÞ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2MRP þ s2CLS

q
; which can be interpreted

as the distance between estimates accounting for estimation un-
certainty. The absolute value of the raw difference and z-scores
were summed across all assessed health outcomes for each model
to create two measures of overall model closeness. All analyses
were performed in R version 3.5.0 [25]. The packages VIM [26] and
mice [27] were used for exploring and imputing missing data,
respectively, and rstanarm [28] was used for hierarchical regression
modeling.

Results

Consistent with CHERRIES definitions for online survey report-
ing [29], the Facebook survey had a participation rate of 85% (664
initiated surveys/774 unique survey page visits) and a completion
rate of 64% (425 completed surveys/664 initiated surveys),
respectively. Age, race/ethnicity, county of residence, and education
appear to be highly unrepresentative within the Facebook sample
(Table 2). Compared with the metropolitan area population, re-
spondents in the Facebook sample were notably younger, with over
60% of Facebook respondents less than 35 years old. Individuals
identifying as Asian were over-represented, whereas individuals
identifying as white and black were under-represented. St. Louis
City was over-represented in the sample at the expense of other
metropolitan area counties. The Facebook sample was more highly
educated than the general population, with 65% having obtained a
bachelor's degree or more compared with 35% in the metro area
population. Given these variables were strongly associated with
sample selection, they are especially important to account for in
adjustment. Figure 1 shows the geographic distribution of Facebook
respondents. Respondents represented 75 of the 122 ZCTAs in the
study region. Sample sizes within the 75 ZCTAs ranged from 1 to 33
respondents with a median of 3 respondents per represented ZCTA.

Model MRP 1 included age, sex, and education level as pre-
dictors, as well as the predictors used in all models. The means of
the Bayesian R2 posterior distributions ranged from 0.077 to 0.234
across the six outcome models (Supplementary Table 2). This
model adjusted estimates closer to CLS estimates in four of the six
outcomes by raw difference and five of the six outcomes by z-score
Sample rate
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Table 3
Point estimates from unadjusted Facebook data and MRP-adjusted results with raw differences (d) 2-sample z-scores (z) comparing estimates to Missouri County-Level Study
(CLS) estimates

Outcome Raw FB data MRP 1 MRP 2 MRP 3 CLS

Est d z Est d z Est d z Est d z Est

Arthritis 0.141 �0.128 �4.96 0.208 �0.061 �1.39 0.187 �0.083 �2.06 0.137 �0.132 �3.89 0.269
Asthma (current) 0.089 �0.006 �0.37 0.075 �0.02 �0.99 0.084 �0.011 �0.48 0.078 �0.016 �0.79 0.095
Depression 0.284 0.067 2.41 0.315 0.098 2.02 0.269 0.053 1.25 0.254 0.037 0.96 0.217
Diabetes 0.064 �0.042 �2.76 0.120 0.013 0.36 0.109 0.002 0.07 0.074 �0.032 �1.04 0.106
Physical inactivity 0.173 �0.057 �2.23 0.280 0.05 0.97 0.210 �0.02 �0.44 0.187 �0.042 �1.08 0.230
Smoker (current) 0.118 �0.077 �3.46 0.265 0.069 1.51 0.167 �0.028 �0.74 0.162 �0.034 �0.95 0.196
Abs sum 0.378 16.19 0.312 7.23 0.196 5.04 0.294 8.69

The final row gives the sum of the absolute differences across health outcomemodels. See Table 1 for the set of predictors used in each MRPmodel. Smallest d and z values for
each outcome are in boldface font.
FB ¼ Facebook.
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(Table 3). All estimates were within 7% of the CLS estimates with
the largest z-score being 2.02. Across all outcomes, there was an
18% reduction in the sum of the absolute raw differences and a 55%
reduction in the sum of the absolute z-scores.

Model MRP 2 included age, sex, and race, along with the pre-
dictors used in all models. The means of the Bayesian R2 posterior
distributions ranged from 0.069 to 0.230 across the six outcome
models (Supplementary Table 2). This model adjusted estimates
closer to the CLS estimates in five of the six outcomes (Table 3) and
produced the estimates closest to the CLS estimates in three of the
six outcomes by both raw difference and z-score. This model
reduced the sum of the absolute raw differences by 47% and the
sum of the absolute z-scores by 69%, the greatest reduction in both
measures across the three adjustment models.

Model MRP 3 included sex, race, education level, and the pre-
dictors used in all models. The means of the Bayesian R2 posterior
distributions ranged from 0.058 to 0.157 across the six outcome
models (Supplementary Table 2). Compared with the unadjusted
estimates, it produced estimates closer to the CLS values in four of
the six outcomes by raw difference and five of the six outcomes by
z-score (Table 3). The sum of absolute differences was reduced by
24% and the sum of absolute z-scores was reduced by 46%.

Figure 2 provides a visual display of all estimates. The only
outcome for which the raw data provided the best estimate was
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Fig. 2. Estimates of health outcomes with
asthma, where all four estimates were within 2% of the CLS esti-
mate and the absolute values all z-scores were less than 1, sug-
gesting very good fit across all estimates with all being easilywithin
sampling variation. MRP 3 produced the smallest adjustments from
the raw estimates and MRP 1 produced the largest adjustments,
although MRP 1 over-corrected in some outcomes. The raw Face-
book estimates farthest from the CLS estimates were arthritis and
smoking, for which the Facebook confidence intervals had no
overlap with the CLS intervals. In both cases, the MRP adjustments
significantly reduced bias and resulted in credible intervals that
overlapped with the CLS confidence interval, with the one excep-
tion of the MRP 3 arthritis estimate.

Across all MRP 2 results, the largest relative adjustment was to
the Facebook diabetes estimate, reducing the absolute z-score from
2.76 to 0.07. The most interesting ZCTA-level plot displays the
geographical distribution of physical inactivity across the metro-
politan area (Fig. 3). The map shows the highest levels of physical
inactivity in the western ZCTAs, which are the rural areas of the
metropolitan area, as well as northern St. Louis County in the
eastern part of the metropolitan area. The lowest levels of physical
inactivity are in the east-central region, mostly making up more
affluent areas of St. Louis County. There are two ZCTAs in the central
and south central parts of the metropolitan area for which median
income was not available in the ACS data and therefore prevalence
tes Physical
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Fig. 3. ZCTA estimates of 30-day physical inactivity using Facebook data with MRP 2
model adjustment. NA: ZCTAs with missing population information could not be
predicted.
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cannot be predicted. A deeper investigation into the ZCTA-level
adjustments made by MRP 2 is provided in the Supplementary
Material, along with maps for all outcomes after adjustment by
MRP 2.

The results from the sensitivity analysis follow those presented
here and are available in the Supplementary Material.
Discussion

Our results suggest MRP can improve estimates of health be-
haviors and outcomes from self-selected online samples, although
bias remains. MRP 2 provided estimates closest to the CLS estimates
because of its combination of census variables. The variables
included in an MRP model should be strongly associated with the
likelihood of selection into the survey as well as the outcome of
interest. Age and race have the two least representative distribu-
tions among the demographic data (county of residence was
included in all MRP models), making them important factors to
include in adjustment. In addition, the St. Louis region has sub-
stantial racial social and health disparities, suggesting race is
doubly important. Thus, it should be no surprise that adjustment by
age and race provided the estimates closest to the population-
based CLS estimates.

There is much recent work to analyze selection bias using tools
similar to causal inference methodologies [30]. Hernan et al used
causal diagrams to formalize selection bias [31], which allows se-
lection bias to be addressed using tools from that approach [32].
Others have explored probability-of-selectionweights to generalize
to a broader population [33,34]. Such approaches will directly
produce a marginal estimate, whereas MRP produces conditional
estimates which are then averaged to yield a marginal estimate.
The availability of conditional estimates through MRP is beneficial
both as estimates in their own right and as a model checking tool.

Choice of adjustment variables is extremely important for the
quality of estimates MRP and other adjustment strategies produce
[35]. In fields such as public opinion, very strong predictors of future
action exist. For example, political party registration and recent
voting history are strong predictors of future voting behavior [14,15].
Inpublic health, such strongpredictors are difficult to obtain,making
MRPdor any alternative adjustment methoddpotentially less
powerful in these cases. In addition, the lack of population datawith
local geographic identifiers (e.g., ZCTA) limits the number of vari-
ables that can be used for small area estimation. As we see in our
results, the ability to adjust for only a few variables can potentially
leave substantial bias remaining if there are multiple strong pre-
dictors of selection and outcome. To the extent that neighborhood
characteristics predict individual level outcomes, some of these
shortfalls can be addressed using aggregated data, such as ZCTA level
education or income data, as we have done here. Still, the median
and mean Bayesian R2 across all models were less than 0.25, indi-
cating that additional covariates could improve estimates.

Any comparison of estimates in this analysis relies on the quality
of the CLS estimates to which all others are being compared. While
the CLS is a population-based study following a rigorous method-
ology, its estimates have their own sampling variability and po-
tential biases. Even with these caveats, the CLS likely provides the
best estimates for the St. Louis metropolitan area. In addition, the
relatively small sample size makes cross-model comparisons
difficult. While the small samples did not keep MRP from
improving point estimates, wide and overlapping credible intervals
make it difficult to claim that certain models provide systematically
better estimates.

Conclusions

MRP has been shown to be a valuable tool to adjust nonrepre-
sentative survey estimates [13e17]. In the present study, we
developed and compared MRP estimates using data from a sample
of participants recruited through Facebook in a single metropolitan
area. Previous public health studies using MRP [16,17] have esti-
mated outcomes at larger geographical levels and have built
models from large, relatively representative data sets (both greater
than 10,000 respondents). Our study extends the investigation of
MRP adjustment using a smaller, less-representative sample and
estimating health behaviors and outcomes for small geographic
areas. The results are positive, although there are clear indications
that MRP is not a silver bullet for eliminating bias from highly self-
selected samples in public health research. Careful application of
MRP is a feasible strategy for reducing bias in local estimates when
the source data come from a nonrandom, Internet-based sample,
although lack of highly stratified population data at such a granular
geographic level is a major limitation.
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Appendix

Using multilevel regression with poststratification to obtain regional
health estimates from a Facebook-recruited sample: Supplementary
material

Exploration of missing data
Supplementary Figure 1 displays the proportions and patterns

of missing data. Gender and race/ethnicity had the most missing
data at about 6% a piece, and were often missing togetherdboth
were missing in 26 cases, with 24 respondents missing both
Supplementary Figure 1. Missing data counts and patterns. Variables zip code, age, count
code, and median income within zip code were completely observed and excluded from th
responses. All other variables had less than 5% missing, with
physician-diagnosed asthma, depression, and arthritis being the
only other variables with more than 1% missing.

Complete cases were compared with respondents with any
missing data via c2 tests. Complete cases were significantly different
from cases with missing data in most of the assessed variables. To
highlight some differences, complete cases tended to be younger
than those with missing data, more likely to be residents of St. Louis
County compared with St. Louis City, and living in slightly less-
educated ZIP codes. Counts and percents within each group and
test results for all variables are provided in Supplementary Table 1.
y of residence, percentage white in zip code, percentage with bachelor's degree in zip
is figure.
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Supplementary modeling and MRP results
Supplementary Table 1
Comparison of complete records to records with any missing data

Characiteristic Incomplete cases Complete cases P

n ¼ 115 n ¼ 310

Male (%) 44 (49.4) 113 (36.5) .037
Age (%) <.001
18e24 68 (59.1) 82 (26.5)
25e34 27 (23.5) 93 (30.0)
35e44 3 (2.6) 33 (10.6)
Over 44 17 (14.8) 102 (32.9)

Race/ethnicity (%) .302
White non-Hispanic 54 (60.7) 207 (66.8)
Asian non-Hispanic 19 (21.3) 39 (12.6)
Black non-Hispanic 9 (10.1) 42 (13.5)
Hispanic 3 (3.4) 11 (3.5)
Other 4 (4.5) 11 (3.5)

Education (%) .047
Less than high school 2 (1.8) 6 (1.9)
High school 9 (7.9) 19 (6.1)
Some college 23 (20.2) 59 (19.0)
Associate's degree 1 (0.9) 27 (8.7)
Bachelor's degree 58 (50.9) 126 (40.6)
Graduate/professional degree 21 (18.4) 73 (23.5)

Income (%) .145
Less than $15,000 8 (14.3) 30 (9.7)
$15,000-$25,000 4 (7.1) 44 (14.2)
$25,000k-$35,000 12 (21.4) 38 (12.3)
$35,000-$50,000 9 (16.1) 62 (20.0)
$50,000-$75,000 2 (3.6) 36 (11.6)
$75,000-$100,000 12 (21.4) 53 (17.1)
More than $100,000 9 (16.1) 47 (15.2)

County (%) .009
St. Louis City 55 (47.8) 112 (36.1)
St. Louis County 46 (40.0) 175 (56.5)
Other 14 (12.2) 23 (7.4)

Zip percent white (mean [SD]) 60.86 (22.76) 56.47 (26.26) .114
Zip percent with bachelor's degree (mean [SD]) 41.61 (17.21) 35.29 (17.55) .001
Zip median income (mean [SD]) 51,801.64 (18,925.13) 49,419.94 (17,469.97) .224
Depression 21 (20.6) 96 (31.0) .059
Diabetes 6 (5.4) 21 (6.8) .764
Asthma (current) 4 (4.2) 32 (10.3) .099
Arthritis 7 (6.5) 52 (16.8) .013
Smoker (current) 10 (8.9) 40 (12.9) .345
Physical inactivity 13 (11.6) 60 (19.4) .087
Supplementary Table 2
Bayesian R2 and WAIC for each outcome model

Outcome Measure MRP 1 MRP 2 MRP 3

Arthritis Bayesian R2 0.234/0.234/0.023 0.23/0.229/0.025 0.157/0.157/0.026
WAIC 256.65/26.24 252.8/26.65 301.46/27.92

Asthma Bayesian R2 0.077/0.08/0.025 0.069/0.072/0.023 0.058/0.061/0.022
WAIC 272.04/29.27 275.37/29.87 280.85/30.06

Depression Bayesian R2 0.098/0.099/0.02 0.102/0.102/0.019 0.098/0.099/0.018
WAIC 490.29/21.65 478.64/21.7 480.57/22.03

Diabetes Bayesian R2 0.172/0.173/0.037 0.195/0.195/0.038 0.153/0.153/0.044
WAIC 180.14/26.26 170/25.73 199.51/28.1

Physical inactivity Bayesian R2 0.152/0.152/0.026 0.135/0.135/0.027 0.125/0.125/0.027
WAIC 365.19/26.56 370.89/26.49 376.94/26.96

Smoke (current) Bayesian R2 0.172/0.172/0.027 0.119/0.12/0.026 0.124/0.125/0.026
WAIC 270.43/26.4 293.76/27.3 286.58/27.49

Values reported as median/mean/standard deviation and mean/standard deviation of posterior distribution, respectively.
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Maps of estimated zip code prevalence (model MRP 2 only)

Supplementary Figures 2e7 provide maps of MRP estimates of
ZCTA-level prevalence for all health behaviors and outcomes
assessed.
Supplementary Figure 6. Zip code estimates of current smoking prevalence using
Facebook data with MRP 2 model adjustment.

Supplementary Figure 7. Zip code estimates of 30-day physical inactivity using
Facebook data with MRP 2 model adjustment. Same as article Fig. 2.

Supplementary Figure 2. Zip code estimates of diagnosed depression using Facebook
data with MRP 2 model adjustment.

Supplementary Figure 3. Zip code estimates of diagnosed diabetes using Facebook
data with MRP 2 model adjustment.

Supplementary Figure 4. Zip code estimates of current asthma diagnosis using
Facebook data with MRP 2 model adjustment.

Supplementary Figure 5. Zip code estimates of diagnosed arthritis using Facebook
data with MRP 2 model adjustment.
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Investigation of ZIP code level estimates

Looking further into ZIP code level estimates of physical inactivity
in the 30 days preceding the survey, we see that in nearly all cases
MRP adjusts the raw point estimates closer to the overall sample
mean (Supplementary Fig. 8, left panel). As expected, this is especially
true if raw point estimates are extreme or are from small samples.

Confidence interval width is also shrunk dramatically by as
much as 0.50 (Supplementary Fig. 8, right panel), although none of
the intervals suggest a high level of accuracy, with the most narrow
still being 0.15 wide (i.e., a margin of error of ±0.075). This is in
contrast to the metropolitan area estimates, for which MRP
increased the confidence interval widths. This distinction may be
Supplementary Figure 8. Comparison of point estimates and confidence interval widths
represents overall sample proportion.
due to two forces pulling in opposite directions: MRP partially
pools, or “borrows” information from adjacent areas to increase
precision from small samples, but also increases the width of the
confidence/credible intervals to capture additional uncertainty due
to adjustment for self-selection which is not present in the unad-
justed estimates. The presence of missing data may also play some
role in the widening of intervals.

A larger sample size would likely shrink the widths of the
adjusted intervals further. While an overall sample size of 425 may
not yield highly precise estimates, the adjustments we see indicate
that MRP can not only help to stabilize point estimates, but also
shrink confidence intervals so that large samples within each ZIP
code may not be necessary to provide highly precise estimates.
using raw Facebook data and MRP 2 adjustment. Vertical dashed line in left panel



T. Loux et al. / Annals of Epidemiology 39 (2019) 15e20 20.e5
Sensitivity analysis

A sensitivity analysis was performed in which all coefficients
were given a normal prior with mean 0 and standard deviation
1, as opposed to an SD of 2.5 in the primary analysis. This
change would potentially affect the results by shrinking
Supplementary Table 3
Sensitivity analysis

Outcome Measure MRP 1

Arthritis Bayesian R2 0.208/0.207/0.0
WAIC 251.24/24.17

Asthma Bayesian R2 0.059/0.062/0.0
WAIC 269.97/28.46

Depression Bayesian R2 0.086/0.086/0.0
WAIC 487.66/20.76

Diabetes Bayesian R2 0.123/0.126/0.0
WAIC 176.17/24.35

Physical inactivity Bayesian R2 0.129/0.129/0.0
WAIC 363.26/25.71

Smoke (current) Bayesian R2 0.13/0.13/0.025
WAIC 271.31/25.27

Bayesian R2 and WAIC for each outcome model. Values reported as median/mean/stand

Supplementary Table 4
Sensitivity analysis

Outcome Raw FB data MRP 1

Est d z Est d z

Arthritis 0.141 �0.128 �4.96 0.190 �0.079 �1.9
Asthma (current) 0.089 �0.006 �0.37 0.080 �0.015 �0.6
Depression 0.284 0.067 2.41 0.299 0.082 1.8
Diabetes 0.064 �0.042 �2.76 0.106 0 �0.0
Physical inactivity 0.173 �0.057 �2.23 0.256 0.026 0.5
Smoker (current) 0.118 �0.077 �3.46 0.232 0.036 0.8
Abs sum NA 0.378 16.19 NA 0.238 5.8

Point estimates from unadjusted Facebook data and MRP-adjusted results with raw differ
(CLS) estimate. The final row gives the sum of the absolute differences across health outc
d and z values for each outcome are in boldface font.

Supplementary Figure 9. Sensitivity analysis. Estimates of health outcomes with 95% cre
Missouri County-Level Study.
coefficients closer to 0. This led to MRP estimates with less
adjustment than in the primary analysis, although ultimately
the results are similar to those presented in the main text.
Supplementary Table 3 provides model fit statistics while
Supplementary Table 4 and Supplementary Figure 9 show
outcome estimates.
MRP 2 MRP 3

24 0.207/0.206/0.025 0.142/0.142/0.025
248.14/24.41 296.89/26.55

22 0.054/0.057/0.021 0.046/0.049/0.02
271.84/28.99 277.55/29.38

19 0.09/0.091/0.018 0.088/0.089/0.018
476.86/20.86 478.9/21.17

33 0.132/0.134/0.033 0.098/0.102/0.036
168.59/23.36 195.43/27.03

26 0.117/0.118/0.026 0.11/0.111/0.026
367.83/25.64 373.57/26.26
0.096/0.097/0.024 0.098/0.1/0.023
290.44/26.26 284.46/26.28

ard deviation and mean/standard deviation of posterior distribution, respectively.

MRP 2 MRP 3 CLS

Est d z Est d z Est

4 0.179 �0.09 �2.36 0.135 �0.134 �4.08 0.269
9 0.086 �0.008 �0.36 0.080 �0.015 �0.69 0.095
2 0.265 0.048 1.2 0.253 0.036 0.95 0.217
1 0.102 �0.004 �0.15 0.073 �0.034 �1.3 0.106
6 0.207 �0.023 �0.55 0.189 �0.041 �1.07 0.230
3 0.161 �0.035 �0.95 0.156 �0.04 �1.16 0.196
5 NA 0.209 5.57 NA 0.299 9.26 NA

ences (d) 2-sample z-scores (z) comparing estimate to Missouri County-Level Survey
ome models. See Table 1 for the set of predictors used in each MRP model. Smallest

dible intervals. FB: Facebook; MRP: Multilevel regression with poststratification; CLS:
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