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Multilevel regression and poststratification 1
interface: an application to track community-
level COVID-19 viral transmission
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Abstract

Purpose Public health surveillance systems require high-quality data to represent the population. In the absence
of comprehensive or random testing throughout the COVID-19 pandemic, we have developed a proxy method for
synthetic random sampling to estimate the actual community-level viral incidence, based on viral testing of patients
who are asymptomatic and present for elective procedures within a hospital system.

Methods The approach collects routine testing data on SARS-CoV-2 exposure among outpatients and performs
statistical adjustments of sample representation using multilevel regression and poststratification (MRP), a procedure
that adjusts for nonrepresentativeness of the sample and yields stable small group estimates. We extend MRP to
accommodate time-varying data and granular geography.

Results We have developed an open-source, user-friendly MRP interface for public implementation of the Bayesian
analysis workflow. We illustrate the MRP interface with an application to track community-level COVID-19 viral
transmission in Michigan. We present the estimated infection rate over time for the targeted population and across
demographic and geographic subpopulations.

Conclusion The interface provides timely, substantive insights into population health trends and serves as a
valuable surveillance tool for future epidemic preparedness. Beyond monitoring COVID-19, the MRP interface can
analyze a wide range of health and social science data, making it broadly applicable to diverse research areas with
reproducibility and scientific rigor.
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Introduction

Early and accurate knowledge of incidence and trends of
transmission within communities is crucial for monitor-
ing a pandemic and supporting policymakers in assessing
the effects of restrictive measures on individual and com-
munity behaviors. However, without universal screening
or random testing, government policy and healthcare
implementation responses have relied on testing peo-
ple who were symptomatic or presumed exposed, with
policies guided by officially reported positivity rates and
counts of positive cases in the community. These data
are biased in concept and flawed in practice. It is essen-
tial to establish an operational surveillance system that
allows prompt assessments of mitigation efforts and
future predictions of clinical burdens. This would trig-
ger an effective healthcare response and inform other
epidemics. Since universal random testing is not always
feasible, we must develop alternative methods that offer
similar advantages. An effective proxy measure should
be able to detect increases in viral incidence before these
trends become clinically relevant. It should also identify
decreases in incidence, allowing for the safe suspension
of mitigation strategies and supporting economic and
social recovery. Ideally, the data collection and analy-
sis procedure would be practical at the community level
and applicable nationwide, with the capacity to focus on
burdens within specific demographics. It must also be
reliable, statistically valid, cost-effective, and automatic,
ensuring that it can be deployed promptly in future
pandemics.

We present a novel Bayesian workflow for multilevel
regression and poststratification [MRP, 1], which is built
on a user-friendly open-source interface, and demon-
strate the application to track community-level COVID-
19 viral transmission. Previous work has developed the
foundation of such a proxy metric for COVID-19 tracking
data collection and statistical adjustment of demographic
representation [2, 3]. The approach collects electronic
health records (EHRs) on routine viral testing of patients
who present for elective procedures within a hospital sys-
tem and performs MRP to estimate actual viral trends.
The findings in a diverse urban-suburban-rural setting in
Indiana show that this model predicts the clinical burden
of SARS-CoV-2 earlier and more accurately than the cur-
rently accepted metrics. In contrast, the official testing
data fail to inform the surge of clinical burdens.

Our new development enhances traditional MRP by
introducing two novel methodological extensions: esti-
mation varying across time and at granular geographic
levels. Current applications of MRP predominantly rely
on cross-sectional data collected at a single time point,
either through probability sample surveys [e.g., 4, 5]
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or nonprobability samples [e.g., 6, 7]. In contrast, this
paper extends MRP to accommodate time-varying data,
enabling the tracking of trends. Moreover, due to sample
size constraints, existing MRP estimates are typically at
the national or state level. Our interface overcomes these
limitations by supporting analyses at multiple geographic
resolutions, including ZIP codes, counties, and states.
The interface is capable of modeling both binary and
continuous outcomes. As a demonstration, we apply the
interface to time-varying, ZIP-code-level data to monitor
demographic and county-level COVID-19 viral transmis-
sion trends in Michigan. We generate granular, timely
and reproducible findings to direct resource allocation,
guide surge prediction and inform rapid public health
responses and evidence-based policy making.

As a prediction approach to modeling the outcome
measures with individual-level and group-level predic-
tors, MRP has become increasingly popular for subgroup
estimation. Originally applied to estimate state-level pub-
lic opinions from sociodemographic subgroups using
sample surveys, MRP has two key components: (1) mul-
tilevel regression for small group estimation by setting
up a predictive model with a large number of covariates
and regularizing with Bayesian prior specifications, and
(2) poststratification to adjust for selection bias and cor-
rect for imbalances in the sample composition from the
target population. Flexible modeling of study outcomes
can capture complex data structures conditional on post-
stratification cells, which are determined by the cross-
tabulation of categorical auxiliary variables and calibrate
the sample discrepancy with population control informa-
tion. Besides applications in social sciences, especially
in election forecasting [e.g., 6, 8], MRP has also shown
promise in public health research [e.g., 4, 5, 7, 9, 10] show
that the key to the success of MRP in applications is the
inclusion of highly predictive covariates, and [11] discuss
estimation approaches when the population distribution
of the poststratification variables is unknown.

The new workflow improves the MRP method with an
application of tracking community-level transmission—
across geographic areas and demographic subgroups—
to monitor the epidemic over time using the developed
interface as an operational surveillance system. Lever-
aging the statistical programming language Stan [12] to
conduct Bayesian computation and model estimation,
specifically with the R package cmdstanr [13], the user-
friendly interface promotes methodological transparency,
reproducibility, and standardization for public health and
social science research. The interface is accessible via
both web-based and local platforms using the R package
shinymrp [14], offering flexible tools to facilitate analy-
ses for diverse users. By integrating data preparation,
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model fitting, diagnostic checks, and graphical report-
ing into a comprehensive end-to-end pipeline, the inter-
face enables researchers and practitioners to standardize
MRP analyses across studies and datasets. This feature
substantially lowers technical barriers, allowing repro-
ducible application of advanced statistical methods and
fostering comparability in population health research. We
illustrate model use and interface capabilities with a real-
world application tracking community-level COVID-19
viral transmission in Michigan. Health agencies can use
subgroup-specific incidence estimates to allocate testing
resources and direct targeted interventions to communi-
ties with greater vulnerability. Tracking epidemiological
trends in real time through routine hospital data provides
actionable guidance for surge prediction and rapid public
health responses. While our primary application centers
on community-level COVID-19 monitoring, the MRP
workflow developed here is broadly applicable across a
range of public health surveillance contexts.

The main contributions of this paper include: 1) intro-
ducing the MRP computational interface; 2) extending
MRP models with time-varying and granular geographic
data; 3) applying the metric to track COVID-19 viral
transmission in Michigan. We describe the data source
and MRP methods in Sect. "Methods". Section "Bayesian
workflow with MRP" presents the workflow of statistical
analyses, from data preprocessing, descriptive summa-
ries, model fitting and diagnostics, to result presentation
and validation. Section "Discussion” concludes with dis-
cussions and potential directions for future work.

Methods

Data

Our COVID-19 tracking approach collects electronic
health records of prospective surgical (and other inva-
sive procedure) patients who are asymptomatic and have
tested for acute SARS-CoV-2 infection before perform-
ing the procedure [2, 3]. Upon the reopening of elective
medical and surgical procedures after the initial COVID-
19 outbreak in early 2020, all preoperative patients were
uniformly required—per the American Society of Anes-
thesiology guidelines—to undergo surgical risk evalua-
tion and testing for acute SARS-CoV-2 infection before
any such procedures. This policy was implemented
nationwide across the U.S. All elective patients were pre-
sumed asymptomatic because any individual reporting
symptoms or recent exposure to the virus would have
their procedure either canceled or deferred. Using a stan-
dardized protocol, all preoperative patients underwent
polymerase chain reaction (PCR) testing for viral RNA
four days prior to their scheduled procedure, with tests
administered by health system staff and samples analyzed
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using the same system. This PCR testing protocol was
maintained consistently throughout the study period.
Additionally, a subset of patients, for whom preopera-
tive blood testing was clinically indicated based on age,
health status, or surgery type, were also screened for the
presence of immunoglobulin G (IgG) to the SARS-CoV-2
nucleocapsid protein (IgG N), beginning May 1, 2020.

In collaboration with hospital database managers and
in compliance with HIPAA privacy regulations, we col-
lected EHR data including PCR test results, test dates,
sex, age, race, and five-digit ZIP codes. The group rep-
resents broad age, racial, and socioeconomic diversity,
with its only explicit correlation to disease status being
the selection for elective surgical procedures and absence
of symptoms or known exposure. We assume that, within
any demographic and geographic stratum, the ratio of
asymptomatic to symptomatic SARS-CoV-2 infections
remains constant. Accordingly, the incidence of asymp-
tomatic infections should proportionally reflect commu-
nity-wide viral incidence and can serve as a proxy for true
incidence trends, though this ratio may change with the
emergence of new viral variants and the level of acquired
immunity over time. To the extent that healthcare use
or other factors affect the selection and ratio, we expect
much of this variation to be addressed through our
model adjustments. We discuss the potential violation of
these assumptions in Sect. "Discussion”. MRP adjusts the
demographic (sex, age, and race) and geographic (five-
digit ZIP code) distributions to the target population. The
target population is defined as U.S. residents dwelling in
the catchment area of the collected ZIP codes. We link
the input patient EHR data with ZIP codes to census tract
measures in the American Community Survey (ACS), the
largest household survey of the U.S. population [15], and
use the ACS aggregated summaries of sociodemographic
and socioeconomic characteristics as geographic predic-
tors at the ZIP level.

Previous work has treated PCR test sensitivity and
specificity as unknown parameters, incorporating infor-
mation from prior studies and accounting for estimation
uncertainty in final MRP estimates [2, 3, 16], which we
recommend for use when their values are undetermined.
The interface allows for specifying different sensitivity
and specificity values; for our demonstration, we pre-
sume 70% clinical sensitivity and 100% specificity, con-
sistent with the previous setting during the same study
period (March 2020—October 2022) [2, 3, 16, 17].

We track viral infections on a weekly basis. Below, we
first introduce the conventional MRP framework for
cross-sectional data, followed by extensions to accom-
modate time-varying data features.
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MRP for cross-sectional data

MREP first fits a multilevel regression model to predict the
outcome measure as a function of a set of factors, then
poststratifies the categorical factors so that their distri-
butions match those of the target population. We use a
binary outcome of interest as an example. Let y;(= 0/1)
be the binary response for individual i, with y; = 1 indi-
cating the positive response. We employ a logistic regres-
sion with varying effects for age, race, and ZIP code,
where the ZIP-code-level variation is further explained
by the ZIP-code-level predictors.

Pr(y; = 1) = logit ™ (81 + female; + ol o+ af[{]PL (1)
where male; is an indicator for men, o2%° is the age effect,
with a value of a[i] for subject i, on the log-odds function
of the probability of having a positive response, a;*° is
the racial effect, and aZ'F is the ZIP-code-level effect. In
the Bayesian framework, we assign hierarchical priors to
varying intercepts as a default setting:

age age

~ normal; (0, 2.5)

race

a® ~ normal (0,0%°), o

(2)

race

"¢ ~ normal (0,07%¢), ¢ ~ normal, (0,2.5).

Here normaly(0,2.5) represents a half-normal dis-
tribution with the mean 0 and standard deviation 2.5
restricted to positive values. As we have ZIP-code-level

predictors ZSZIP, we need to build another model in
which oZ'F is the outcome of a linear regression with

ZIP-code-level predictors:

OZSZIP = &ZSZIP +es, €5~ normal (07UZIP)’ (3)
P ~ normal, (0,2.5),

where e, is a ZIP-code-level random error.

Alternative prior distributions, including structured
priors for high-order interaction terms [5] and spatial
prior accounting for geospatial correlation, can also be
specified. We use the default setting in the interface with
normal priors given in (2) and (3) as examples and dis-
cuss extensions to other settings in Sect. "Discussion”.

Because (1) assumes that the people in the
same  poststratification cell ~share the same
response probability, we can replace the micro-
data with cellwise aggregates and employ a bino-
mial model for the sum of the responses in cell j as
y; ~ binomial(n;, 0;), where n; is the sample cell size
and 6, = logit™'(B; + fmale; + agf + ogfiee + o)
using the cellwise effects of all factors. The input data
for analysis can thus be either microdata or cellwise
aggregates.
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To generate overall population or subgroup estimates,
we combine model predictions within the poststratifica-
tion cells—in the contingency table of sex, age, race, and
ZIP—weighted by the population cell frequencies Nj,
which are derived from the linked ACS data in our appli-
cation. Additionally, we may choose custom poststratifi-
cation data for specific target populations (e.g., a different
country, rather than the U.S.). If we write the expected
outcome in cell j based on model (1) as éj in cell j, the
population average from MRP is then:

>, Nib;
25N

J-

gror —

The MRP estimator for county ¢ aggregates over covered
cells j in that county as,

N,0;

N; -

épop _ Zjecounty c
s

Zj Ecounty c

We implement Bayesian inference for the estimates,
where the variance estimates and 95% credible intervals
are computed based on the posterior samples.

MRP for time-varying data

As an example of time-varying data, we model weekly
PCR testing results. Here, MRP proceeds in two steps:
(1) fit a multilevel model to the testing data for incidence
incorporating time and covariates, and (2) poststratify
using the population distribution of the adjustment vari-
ables: sex, age, race, and ZIP codes, where we assume
the population distribution is the same during the study
period. Hence, the poststratification cell is defined by the
cross-tabulation of sex, age, race, ZIP code, and indica-
tors of time in weeks based on the test result dates.

We denote the PCR test result for individual i as y;,
where y; = 1 indicates a positive result and y; = 0 indi-
cates negative. Similarly, with poststratification cells,
we assume that people in the same cell have the same
infection rate and can directly model cellwise sum-
maries. We obtain aggregated counts as the number of
tests n; and the number of positive cases y; in cell j. Let
p; = Pr(y;;;) = 1) be the probability that person i in cell j
tests positive. We account for the PCR testing sensitivity
and specificity, where the positivity p; is a function of the
test sensitivity §, specificity 7, and the true incidence 7;
for people in cell j:

pj =1 =71 —m;)+ om;. (4)
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We fit a binomial model for y}, y; ~ binomial(n;,p;)
with a logistic regression for ; with covariates—sex, age,
race, ZIP codes, and time in weeks—to allow time-vary-
ing incidence in the multilevel model.

logit(m;) = B1 + Bomale; + aZiﬁ +af + asz[ﬁ) + azi[;']‘i (5)

where male; is an indicator for men; a[j], r[j], and s[j]
represent age, race, and ZIP levels; and t[j] denotes the
time in weeks when the test result is collected for cell j.
We include ZIP-code-level predictors ZSZIP for ZIP code
S,

ZIP _ = F7IP
oy =0z +es.

We assign the same priors in (2) and (3) to varying inter-
cepts and error terms e;. As to time-varying effects, we
assume o™ ~ normal (0, 0%™¢), with a weakly infor-
mative hyperprior, ¢''™¢ ~ normal, (0, 5).

As an example, we assign normal priors to the ZIP-
code-level and time-varying effects. The interface lever-
ages Stan’s modeling capabilities to allow alternative
prior choices and can be extended with advanced model-
ing [18], such as spatial priors for ZIP-code-level effects
or time series priors (e.g., first-order autoregressive) for
temporal effects. Alternative outcome models (e.g., nega-
tive binomial) can be specified to accommodate overdis-
persion. In our COVID-19 application, we did not find
substantial differences in the examined group estimates
with various outcome model and prior specifications, so
we presented the results based on a binomial model with
normal priors. We elaborate further on model extensions
in Sect. "Discussion".

Using the estimated incidence 7; based on the Bayes-
ian model in (5), we adjust for selection bias by applying
the sociodemographic distributions in the community

Filter states
& ZIP codes

Raw test
records

ACS data
(tract-level)

Aggregate
across tracts

USPS
crosswalk
table

Fig. 1 Data preprocessing flowchart in the interface

Convert
to factors

Poststratification
table

ZIP-level
covariates
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with population cell counts /V; based on the ACS, yield-
ing population-level weekly incidence estimates:

# Zje week thTrj

t — )
Zje week th

which can be restricted to specific subgroups or regions
of interest, as another key property of MRP is to yield
robust estimates for small groups. We obtain the Bayes-
ian credible intervals from the posterior samples for
inference.

Bayesian workflow with MRP

The interface implements an end-to-end Bayesian MRP
workflow of statistical analyses, from data preprocessing,
descriptive summaries, model fitting, diagnostics, to pre-
sentation of results, following the principles of [19]. For
illustration, we apply this process to COVID-19 tracking
in Michigan and validate the findings in comparison with
other studies.

Data preprocessing

The input data can be either individual patient test
records or aggregated summaries at the poststratification
cell level. The data cleaning and linking process is illus-
trated by the flowchart in Fig. 1. This workflow automati-
cally imputes missing predictor values using observed
frequency distributions, converts categorical variables
to factors, and standardizes continuous predictors at the
ZIP code level. The MRP integrates three data sources:
(1) PCR test results, (2) poststratification cell counts
from the ACS, and (3) ZIP-code-level predictors linked
from the ACS.

The PCR test records from hospitals include key
demographic, geographic, and temporal measures: sex,
race, age, five-digit ZIP code, PCR test result, and result
date, for the modeling. Balancing operational feasibility,

Impute
missing data

Categorical
predictors

Standardized
ZIP-level
covariates

Standardize
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timeliness and accuracy, patient records are linked to
the 2021 five-year ACS dataset by residential ZIP codes,
using the R package tidycensus [20]. This linkage
serves two purposes: (1) defining the target population as
people living in the ZIP codes’ catchment area and deriv-
ing population counts for poststratification cells, and (2)
incorporating area-level predictors of viral infection to
adjust for geographic variation. While the ACS reports
geography at the levels of census tracts, counties, and
states, ZIP codes are defined by the U.S. Postal Service
(USPS). We use the ZIP code crosswalk table released
by the U.S. Department of Housing and Urban Develop-
ment and USPS to link ZIP codes to census tracts [21]
and calculate the ZIP-code-level measures by aggregat-
ing all available tract-level measures weighted by tract
population counts. We select the county with the most-
overlapping residential addresses for one ZIP code as the
ZIP-linked county. The catchment area covered by the
list of residence address ZIP codes provided by the Mich-
igan Medicine patients can cover multiple states, beyond
Michigan. We filter the data geographically by first
removing ZIP codes with five or fewer records and then
states that constitute less than 1% of the remaining data.
We construct poststratification cells by cross-classifying
sex, race, age, and ZIP code and obtain the population
counts for these cells from weighted ACS sample distri-
butions in the relevant catchment area. These counts are
assumed to remain constant throughout the study period
(2020-2022).
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The geographic predictors include both individual-level
variables (such as education, employment, and income)
and tract-level variables (including urbanicity and the
Area Deprivation Index [ADI, 22]. These are aggregated
to ZIP codes as follows: (1) urbanicity: the percentage
of covered census tracts classified as urban, weighted by
tract population; (2) college: the percentage of residents
with an Associate’s degree or higher; (3) poverty: the per-
centage of residents with incomes below the poverty level
in the past year; (4) employment: the percentage of the
civilian labor force that is employed; (5) income: the pop-
ulation-weighted average of tract-level median household
incomes over the past 12 months; and (6) ADI: the pop-
ulation-weighted average of tract-level ADI values across
covered census tracts.

Descriptive statistics

We examine descriptive statistics of observed positiv-
ity across time and counties, demographics based on
individual records, and characteristics of the covered
geographic areas. The observed viral infection shows
variation across time, geography, and demographic
groups.

Figure 2 presents the highest value among weekly posi-
tivities and collected sample sizes across counties, exem-
plifying the large geographic variation. Most people are
from the four counties in Southeast Michigan, where the
medical center is located. However, the sample catch-
ment area covers 94 counties. The test positivity among

B
0 10k 20k 30k

Fig. 2 Highest values among weekly positive response rates (left) and available sample sizes (right) across 94 counties in the catchment area, exemplify-

ing the large geographic variation with sparse data
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Input Data Target Population Input Data
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Female Male Female Whie  Black  Other

0%

ZSD: I
Male

Sample size: 128,222

Sample size: 22,320,702 Sample size: 128,222
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Target Population Input Data Target Population

25%

II Hm

4 75+ 0-17 18-34 35-64 65-74 75+

50%
%% I
HEm In II

White  Black  Other 07 18-04 3664

Sample size: 22,320,702 Sample size: 128,222 Sample size: 22,320,702

Fig. 3 Comparisons of demographic distributions between the input data of hospital patients and the target population approximated by linked Ameri-
can Community Survey data in the catchment area. The hospital patients over-represent female, White, and older people

asymptomatic patients is often lower than 1%, but greater
variability in counties with a small number of tests results
in higher than 80% positivity in some cases. The geo-
graphically adjacent areas may not share similar peak
values.

Figure 3 compares the sex, race, and age distributions
between the hospital patients (n = 128,222) and the pop-
ulation residing in the catchment area (/N = 22,320,702).
The hospital patients have larger proportions of female,
White, and older people than the population, and this
sample discrepancy will be adjusted by the poststratifica-
tion step in MRP.

Figure 9 in the Appendix presents the distributions
of geographic characteristics. The catchment area of
the hospital patients’ residence covers 848 ZIP codes
and has a broad and diverse representation in terms of
urban/rural areas, area deprivation status, higher edu-
cation attainment, employment rate, income, and pov-
erty. We expect that socioeconomic measures at the ZIP
level would affect individual behaviors and health and be
related to viral transmission. The geographic characteris-
tics would explain the spatial variation. The poststratifi-
cation uses the population counts by ZIP code but does
not adjust the geographic characteristics.

Model fitting

We fit the model via Bayesian computation with Markov
chain Monte Carlo in Stan and obtain model fit summa-
ries and convergence assessments of the posterior sam-
ple of model parameters. We give an example of output
from model (5) in Section B of the Appendix. With the
interface, we can also specify and fit different models
with various choices of individual/geographic covariates
and varying/non-varying effects under different prior
distributions.

Model diagnostics

We compare different models and present model diag-
nostic results. We employ the approximate leave-one-out
cross-validation (LOO-CV) implemented in the R pack-
age 1oo [23] and posterior predictive checking [PPC; 24].
The LOO-CV assesses the posterior predictive perfor-
mance of Bayesian models and compares different mod-
els on expected log predictive density (elpd) for new data.

We have compared the three models with differ-
ent mean structure and variance specifications, with
included predictors listed in Table 1. Model A includes
coefficients for sex and geographic predictors and vary-
ing effects of age, race, time in weeks, and ZIP code.
Model B adds high-order interactions, between race and
college attainment status, to Model A. Model C removes
the ZIP-varying effects from Model A.

Table 2 gives the LOO-CV outputs on the model com-
parison. The difference, elpd_diff, will be positive if the
expected predictive accuracy for Model B or Model C
is higher than that for Model A. The negative elpd_diff
values show that Model A has the best predictive perfor-
mance. The se_diff values support whether the improve-
ment of Model A is substantial. A rule of thumb is to
check whether the interval (elpd_diff- 2xse_diff, elpd_diff
+ 2xse_diff) covers the value 0. Hence, we select Model A
for inference.

If the model fits the observed data well and preserves
the correlation structure, we expect the model to gener-
ate replicated data of the observations that mimic the raw
values. The weekly replicates use the observed number of
tests and estimated positivity based on models (4) and (5)
corresponding to each week to generate synthetic counts
of positive cases and then the synthetic positive response
rates. The PPC in Fig. 4 examines the weekly positiv-
ity and compares the raw values to 10 sets of replicates
based on posterior predictive samples from Model A.
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Table 1 Predictors included in each model. A checkmark indicates inclusion

ZIP-varying effect

Race x College

Employment Income Poverty Urbanicity

Race Time ADI College

Age

Male

Model

(2026) 24:15
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Table 2 Model comparisons with the leave-one-out cross-

validation

elpd_diff se_diff
Model A 0 0
Model B —2.05 0.86
Model C —4.75 3.20

The two columns show the expected log predictive density difference and
its standard error, in each case comparing to Model A. The negative elpd_diff
values show that Model A has the best predictive performance. The se_diff
values support whether the improvement of Model A is substantial

When the number of tests is small, the generated repli-
cates present large variability. Across time, the replicates
are close to the observations, showing that the model
fits the data well without red flags of failing to capture
important structure.

Estimation results

Based on the selected Model A, we present the estimated
infection incidence over time for the target population
and demographic and geographic subpopulations.

Figure 5 shows the estimated viral transmission rate
by week in the catchment area. We observe spikes in
November 2020, January 2022, and August 2022. The
MRP estimates are generally higher than the raw positiv-
ity, mainly because of the test sensitivity, where 70% of
infections are tested positive. MRP matches the sample
demographics with those in the population.

MRP stabilizes small group estimates and adjusts for
the sample discrepancy within each group. Figure 6 pres-
ents the estimated incidence for White, Black, and other
race categories. Whites tend to have lower infection rates
than Black and other racial groups, even though most
weekly differences are small and not significant. The
model does not include time trends varying across racial
groups, ie., without racial moderation effects. The esti-
mated trends are close to paralleling with similar spike
and flat periods. Examining racial differences by week,
we expect the differences to be small because of weekly
small numbers of tests. When we calculate the cumula-
tive incidences through the study period, Whites are less
likely to be infected than Black and other racial groups,
which is consistent with the literature findings [25]. The
same observation of trends applies to the sex and age
group estimates, given in Figs. 10 and 11 of the Appendix.

We select one week that observes a spike of infection,
01/31/2022-02/06/2022, and present the county-level
estimated incidence with standard error (SE) values in
Fig. 7. The collected test records across counties are
sparse, where 32 out of 94 counties do not have any tests
and 28 counties have only one test during the selected
week. The county with the largest number of tests (230)
is where the health system is located. The observed
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Fig.5 Estimated weekly incidence in the community based on the multilevel regression and poststratification (MRP) in comparison with raw values. The
shaded areas represent 95% credible intervals. The MRP estimates match the sample demographics with those in the population and are generally higher

than the raw positivity, mainly because of the test sensitivity

positivity values are unreliable, and 52 out of 62 collected
values are zero. Among the top five counties that report
the largest numbers of tests and any positive cases during
the studied week, the demographic distributions of tested
patients are generally similar, with an over-representation
of female, White, and older people compared to the ACS
data. The MRP estimates are available for all 94 counties
based on the predictions with the ACS data. The model
fit summaries in the Appendix A show that the esti-
mated coefficient of urbanicity (defined as the percent-
age of covered census tracts classified as urban, weighted
by tract population) is —0.10 with the 95% interval of
(—0.21,0.02), which shows that the urban areas tend to
have lower infection rates than the non-urban areas. The
multilevel model smooths county-level incidence esti-
mates with a range of 0.1%-5.6%, with a median value
of 0.6%. The SE values of the 94 county-wise incidence

estimates are between 0.001 and 0.037, and the variation
generally increases with the estimated incidence.

Validation and comparison

Our surveillance tool leverages routine hospital testing
of asymptomatic patients to provide an early indicator
of community disease presence, serving a similar func-
tion to wastewater monitoring for SARS-CoV-2 in public
sewer systems. By tracking trends over time, both tools
can detect increases in SARS-CoV-2 prevalence, thereby
alerting health agencies to potential surges in cases and
an increased clinical burden. We have compared our
results to data from the Michigan Wastewater Dashboard
for COVID-19 surveillance [26] and to weekly percent-
ages of Emergency Department (ED) visits diagnosed
as COVID-19 in Michigan, as reported by the CDC
COVID Data Tracker [27]. Figure 8 demonstrates that
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our estimated trends between March 22, 2020, and Octo-
ber 24, 2022, closely align with wastewater-based surveil-
lance for SARS-CoV-2 shed into Michigan’s public sewer
systems. Both surveillance methods capture the spikes in
November 2020 and January 2022, as well as the down-
ward trend since August 2022. Notably, our surveillance
approach can anticipate increases in ED visit numbers
reported to the COVID Data Tracker by approximately
one to two weeks. This validation supports findings pre-
viously reported in Indiana [2, 3].

Our results based on a representation adjustment of
routine hospital test records serve a synthetic proxy for
random sampling. When available, random-sample test-
ing surveys provide valuable benchmarking data and
should be leveraged to calibrate other data sources to
ensure population representativeness [28, 29]. However,
increasing nonresponse rates in these surveys necessitate
nonresponse bias adjustments [30, 31]. For example, [32]
have applied a similar method to MRP and adjusted for
nonresponse bias in a randomized study of COVID-19
testing in Indiana, the response rate of which is 23.6%.
Notably, the trends in calibrated new infection num-
bers reported by [28] are consistent with those seen in
the MRP-adjusted hospital test incidence monitoring [2]
between March 2020 and March 2021 in Indiana, partic-
ularly regarding the capture of infection spikes.

Discussion
With generalizability as the goal, the MRP method
adjusts for selection bias and stabilizes small group esti-
mates. We extend MRP to both cross-sectional and lon-
gitudinal data and facilitate subgroup trend analyses
over time with a user-friendly interface. A key contribu-
tion of our MRP interface is its capacity to standardize
statistical workflows and facilitate reproducibility. By
integrating all analytic steps—from data preprocessing
and model fitting to diagnostics and result visualiza-
tion—into a comprehensive pipeline, the platform makes
it straightforward for others to replicate findings and
validate results on new datasets. The interface is built
using open-source tools (Stan, R, Shiny) and is publicly
available, supporting transparency and broad accessibil-
ity. By making MRP methods widely available without
substantial coding requirements, the interface empowers
a wider range of users to implement advanced statistical
methods and strengthens training in reproducible popu-
lation health analytics. These advantages position the
interface as a foundational resource for standardized use
and methodological rigor in future epidemic surveillance
and related scientific studies.

The interface tracks the COVID-19 epidemic and deliv-
ers substantive findings in time, which is demonstrated
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using the Michigan health system data. The findings
based on the MRP workflow have implications for public
health monitoring and policy decision-making. By cor-
recting sample selection bias and generating stable esti-
mates for small demographic and geographic subgroups,
the approach can identify populations at higher risk of
infection or with lower access to healthcare resources.
Health agencies can use subgroup-specific incidence
estimates to allocate testing resources and direct tar-
geted communication to communities with greater vul-
nerability. Tracking epidemiological trends using routine
hospital data provides actionable guidance for predict-
ing surges, anticipating clinical burden and responding
swiftly to local outbreaks. Furthermore, the analytic pipe-
lines support transparency and comparability in health
reporting, which is vital for evidence-based policymaking
and resource allocation.

Our approach has several key assumptions. First, we
assume sample selection is ignorable, conditional on
adjusted demographics and geography. The only factor
determining the sample inclusion is the selection for elec-
tive surgical procedures. Elective surgery patients may
differ from the broader community in unmeasured ways,
such as healthcare access or overall health status. How-
ever, we need high-quality population data on healthcare
use and health measures to adjust these potentially con-
founding factors. Second, we assume a constant ratio of
asymptomatic to symptomatic SARS-CoV-2 infections
within any demographic and geographic stratum. We
use the estimated incidence based on asymptomatic test
records to track the infection trend, but not the magni-
tude. The ratios may change values with new viral vari-
ants and immunity levels that are naturally-acquired or
vaccine-induced. We have conducted sensitivity analyses
by including the time indicators when the new viral was
first detected in Michigan in the model and found that
the estimated trends are similar, though the incidence
rates have slightly shifted. We have also applied the MRP
adjustment to viral IgG testing data of the same group of
asymptomatic patients and validated the method using
verified clinical metrics of viral and symptomatic disease
incidence to show the expected biological correlation
of these entities with the timing, rate, and magnitude of
seroprevalence [3]. Third, the model-based adjustment
is subject to model misspecification. We use a Bayesian
binomial model, and our subgroup estimates are robust
across different outcome models. It is possible that the
model fails to capture some data structure. We suggest
users conduct thorough model diagnostics, such as the
PPC and LOO-CV in our paper, and result validation.
Additionally, the interface’s current focus is infection
incidence estimation by subgroup, but it is extensible to
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other epidemiological parameters (e.g., effective repro-
duction number, infection fatality ratio), which would
require integrating individual-level test data with aggre-
gate case and mortality data using hierarchical Bayesian
frameworks. Despite these limitations, the flexibility of
the MRP approach allows its use with a variety of sam-
pling methods and data sources, supporting broader
applicability beyond the specific settings tested so far.
Though post-epidemic testing is currently paused, the
interface has broad applicability for other disease moni-
toring and data analyses with population representation.

With respect to our current sampling method for
COVID-19 viral tracking, in accordance with accepted
American Society of Anesthesiology standards, all pre-
operative patients in the hospital system are subjected to
surgical risk evaluation. Hence, routine hospital testing is
already implemented uniformly across the U.S., increas-
ing the operational feasibility of our proposed surveil-
lance system. Previous work used data from a community
hospital in Indiana [2], and the results show differences
between the states. As shown in our county-level esti-
mates in Michigan, geographic variation can be sub-
stantial. Expanding to data from more states will further
enhance national generalizability. Empowering users of
varying backgrounds to analyze their own localized data
effectively, the workflow can be directly adopted by local,
state, and national health departments to ensure method-
ological consistency.

Originally developed in response to COVID-19, the
MRP interface provides a foundation for broader epi-
demic surveillance and diverse applications in health and
social science research. It accommodates time-varying
and cross-sectional data, continuous and binary out-
comes, and supports subgroup analyses across demo-
graphic and geographic domains. Users can specify
models, priors, and poststratification data, and analyze
probability sample surveys, non-probability samples, and
multiple data sources. Future enhancements will address
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complex spatiotemporal structures (e.g., integrating
real-time individual and aggregate testing data with
autoregressive structures across transmission neighbor-
hoods), custom prior distributions, and poststratification
with incomplete population data. The MRP workflow is
broadly applicable across a range of public health surveil-
lance contexts. For example, recent measles and pertus-
sis outbreaks in various parts of the U.S. underscore the
need for flexible, reliable surveillance systems that can
rapidly estimate disease prevalence and identify at-risk
populations [33, 34]. By facilitating subgroup estima-
tion and adjusting for selection bias, our MRP interface
could be readily adopted for outbreak response and
ongoing surveillance of many infectious diseases, where
sample representativeness and rapid trend analysis are
critical. The potential to use routinely collected hospital
data, school outbreaks, or sentinel surveillance and com-
bine them with population-level information makes our
framework adaptable beyond COVID-19, reinforcing its
generalizability for future epidemic preparedness and
monitoring of emerging health threats.

In summary, the MRP interface advances statistical
methods for epidemic surveillance by combining meth-
odological rigor, computational accessibility, and practi-
cal impact. As public health agencies move toward more
data-driven and adaptive response models, tools that
enable granular, timely, and reproducible estimation will
become increasingly essential. By establishing a founda-
tion for standardized population health analytics, our
approach aims to support ongoing efforts in epidemic
preparedness, resource optimization, and evidence-based
policy.

Appendix A Summary of geographic characteristics
Figure 9 gives the distributions of geographic
characteristics.
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Fig. 9 Distributions of geographic characteristics based on the linked American Community Survey data in the catchment area
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Appendix B Model fitting results
The Stan fit summaries of Model A are displayed in
Table 3.

A binomial model with a logit function of the positive
response rate. Samples are generated using 4 chains with
2500 post-warmup iterations each.

Table 3 Model A fit summaries
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Non-varying effects

Estimate Est.Error 1-95% u-95% R-hat Bulk_ESS Tail_ESS
Intercept -545 045 -6.37 -4.50 1.00 1629 1498
Sex.male 0.19 0.10 0.00 0.38 1.00 10062 5779
Urbanicity -0.10 0.06 -0.21 0.02 1.00 6723 5479
College -0.16 0.12 -0.40 0.08 1.00 3681 5508
Employment 0.03 0.08 -0.13 0.19 1.00 6066 6221
Poverty -0.07 0.10 -0.27 012 1.00 4295 5208
Income -0.11 0.15 -0.40 0.18 1.00 4385 4825
ADI 0.07 0.10 -0.13 0.28 1.00 5272 1902
Standard deviations of varying effects
Estimate Est.Error 1-95% u-95% R-hat Bulk_ESS Tail_ESS

Race (intercept) 045 043 0.04 1.72 1.00 1941 1404
Age (intercept) 0.63 0.38 0.24 1.64 1.00 1843 3246
Time (intercept) 1.13 0.12 0.92 1.37 1.00 1882 4113
ZIP (intercept) 0.36 0.11 0.11 0.57 1.01 989 596
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Fig. 10 Estimated weekly incidence by sex based on the multilevel regression and poststratification. Females tend to have lower infection rates than
males with small weekly differences. The shaded areas represent 95% credible intervals



Si et al. Population Health Metrics (2026) 24:15 Page 16 of 17

0.125

0.100 0-17
18-34
35-64
65-74
75+

0.075

0.050

0.025 E

0.000 ' ' T " T ' ' T T T T T T T
Mar23  May25 Jul27 Sep28  Nov30 FebO1 Apr05 Jun07 Aug09 Oct11 Dec13 Feb14 Apri8 Jun20 Aug22 Oct24
2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022

Proportion estimates

0.125
0.100
0.075
= 0-17
0.050

0.025

Proportion estimates

0.000 - T " " ; " ; " ;
Mar23 May25 Jul27 Sep28 Nov30 Feb01 Apr05 Jun07 Oct24
2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022

0.125
0.100
0.075
= 18-34
0.050

0.025

Proportion estimates

0.000 T T T T
Mar23  May25 Jul27 Sep28  Nov30 FebO1 Apr05 Jun07 Aug09 Oct11 Dec13 Feb14 Apri8 Jun20 Aug22 Oct24
2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022

0.125
0.100
0.075

& 35-64
0.050

0.025

Proportion estimates

0.000 T ' ' T T T T T T T T T T T T
Mar23  May25 Jul27 Sep28  Nov30 FebO1 Apr05 Jun07 Aug09 Oct11 Dec13 Feb14 Apri8 Jun20 Aug22 Oct24
2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022

0.125
0.100
0.075
= 65-74
0.050

0.025

Proportion estimates

0.000 - ] ; " ; " " ] Y : ' ; T ;
Mar23 May25 Jul27 Sep28 Nov30 Feb01 Apr05 Jun07 Aug09 Oct11 Dec13 Feb14 Apr18 Jun20 Aug22 Oct24
2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022

0.125
0.100 -
0.075

= 75+
0.050

Proportion estimates

0.025 ’m An A A i
A o - A A o

0.000 T ” ——l el e e T T T ; T T ;

Mar23 May25 Jul27 Sep28 Nov30 Feb01 Apr0o5 Jun07 Aug09 Oct11 Dec13 Feb14 Apr18 Jun20 Aug22 Oct24

2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 2021 2022 2022 2022 2022 2022
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Appendix C Model estimates
Figures 10 and 11 present the weekly incidence estimates
by sex and age groups, respectively.
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