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Abstract

Purpose: To demonstrate how selection into a healthcare facility can induce bias in an electronic
medical record-based study of community deprivation and chronic hepatitis C virus infection, in
order to more accurately identify local risk factors and prevalence.

Methods: We created a catchment model that attempted to define the probability of selection into
a retrospective cohort. Then using the inverse of this probability, we compared naive unweighted
and weighted models to demonstrate the impact of selection bias.

Results: ZIP code-level ecological plots of the cohort demonstrated that there was a pattern of
the community deprivation, hepatitis C outcome, and distance to the health center (an intuitive
proxy for being within catchments). The naive multilevel analysis found that living in an area with
greater deprivation resulted in 1.25 times greater odds of HCV (95% CI: 1.06, 1.48), whereas the
weighted analysis found less certainty of this effect due to a selection bias.

Conclusions: We observed that selection into the catchment area of the studied healthcare
facility may bias the association of community deprivation and hepatitis C. This may be mitigated
through inverse probability weighting.

Keywords

Catchment Area, Health; Residence Characteristics; Electronic Health Records; Hepatitis C,
Chronic; Cohort Studies; Selection Bias

"Corresponding Author: Neal D. Goldstein, 3215 Market St., Philadelphia, PA, 19104, United States, 1-267-359-6207,
ng338@drexel.edu.

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our
customers we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review
of the resulting proof before it is published in its final form. Please note that during the production process errors may be discovered
which could affect the content, and all legal disclaimers that apply to the journal pertain.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Goldstein et al. Page 2

INTRODUCTION

With the increasing utilization of electronic medical records (EMRS) in outpatient
medicine,! and corresponding analyses that may inform decisions about resources and
services offered, it is imperative that researchers understand the patient population that
contributed data into the EMR, i.e. the healthcare facility’s catchment area. In particular,
there is the potential for selection bias in the design phase of a study if the catchment

area is not representative of the underlying population.? Access to care and entrance into

a healthcare setting is a complex process exacerbated by the multifaceted payer system

in the U.S.,3# and can result in differential patient population selection that may affect

both outcomes and exposures.® Existing evidence suggests marked differences between
population-based surveys and health care system-based estimates of disease prevalence®:’
and risk factors.8:? The representativeness of EMR data must be thoroughly understood in an
effort to minimize bias, especially given the rise in population health surveillance from these
data.10

While this potential for selection bias is known, it has rarely been quantified. Ness et al.
examined differential participation in clinic-based care for a cohort of childhood cancer
survivors across the United States and Canada between 1994 and 2003.2 They observed

that cohort participants who visited a long-term follow-up clinic were on average 1.4 times
more likely to report a chronic health condition compared to those who were not seen in the
clinic. The authors adjusted the endpoints of the reported confidence intervals to account for
the differential participation and corresponding uncertainty of the resulting estimates. This
approach necessitated individual-level data from an underlying cohort on those individuals
who did not participate in the follow-up clinic. In the present study, we took a different
perspective supposing that individual-level data on non-participants were not available, as is
frequently the case (i.e. those who have not visited a given healthcare facility and thus do
not have data in the EMR). We sought to derive a model to predict the probability of visiting
a healthcare facility and then use this information to adjust for potential selection bias in

an analysis, based only on information from the EMR supplemented with publicly available
aggregated data.

A motivating study

Chronic infection with hepatitis C virus (HCV) is a preventable disease affecting 2 —

4 million people in the U.S.11 Despite decreasing HCV prevalence (from both curative
treatment and mortality), acute infections are increasing, largely driven by people who
inject drugs, which has fueled by the opioid epidemic.12 Less well understood is how

the community influences individual HCV risk. We focused on community socioeconomic
context measured via the area deprivation index (ADI) and its relation to HCV diagnosis at
an urban federally qualified health center (FQHC). Community healthcare facilities play a
crucial role in delivering health care to the medically unserved, amplifying concern about
differential selection as compared to the source population.13 If patients that have elected
to seek care at this FQHC are different with respect to both ADI and HCV compared to
patients who have not elected to seek care at this FQHC, there is potential for selection bias
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that would effect inference about the effect of ADI on HCV prevalence (Figure 1). This
scenario would arise if the ADI for patients not seeking care at this FQHC (unobserved)

is different from that of the ADI assigned to their community. To ascertain this, we can
examine the catchment area of the FQHC locations, and evaluate whether catchment is
related to ADI and HCV. To put this more generally, can the catchment area of a community
healthcare facility induce a selection bias in community-wide inference of an EMR-based
cohort study?

MATERIALS and METHODS

Study setting and population

This study was conducted at a FQHC in New Castle County, Delaware, USA, serving
primarily an urban area (the city of Wilmington). Adult patients >18 years were eligible for
inclusion if they had =1 visit at one of two FQHC locations — annotated as locations A and
B — between November 1, 2016 and June 30, 2019. These dates were selected as identifying
“active” patients in the FQHC’s EMR. Patients were geocoded into their respective ZIP
codes for analysis: only patients residing in New Castle County were retained for analysis
as they represent the target area of the FQHC. Data retrieved from the EMR included age
in years, sex, race (white vs. non-white), Hispanic ethnicity, insurance status (non-private
vs. private), number of visits in the past two years, days since last visit, and a diagnosis

of HCV. Using the ZIP code, we then retrieved U.S. Census data from the 2017 American
Community Survey 5-year estimates including population size; median household income
in the past year; the number of women 15 — 50 years who had a birth in the past year (as

a marker of fertility); percent white, black, or other race; percent employed; and percent
with private or government funded health insured.4 As a proxy for FQHC accessibility, we
also obtained the density of bus stops per square mile for each ZIP code from the Delaware
open data portal.1> The FQHC estimates that over 50% of patients regularly use public
transportation to access their services.

The ZIP code level ADI was our exposure of interest. This variable was operationalized as a
Z-score composite of census indicators of education, employment, income and poverty, and
household composition, where a higher score indicates greater deprivation.1® The primary
outcome was a diagnosis of HCV in the EMR (yes vs. no) identified by the following
ICD-10-CM codes from the EMR: B18.2 (Chronic viral hepatitis C), B19.20 (Unspecified
viral hepatitis C without hepatic coma), B19.21 (Unspecified viral hepatitis C with hepatic
coma), and B19.2 (Unspecified viral hepatitis C).

This study was deemed IRB exempt by ChristianaCare (Newark, DE).

Defining the catchment area

The catchment area represents the geography and population from which a healthcare
facility draws patients. There are a variety of methods for operationalizing it.1” Based on
availability of data, we used an approach that determined the three distance radii around
each of the two FQHC locations that contained 75%, 80%, and 90% of patients (Figure
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2), corresponding to the respective distances <7 miles, <8 miles, and <12 miles.18 Each
individual in the cohort either falls within or outside of these three catchment definitions.

Statistical analysis

First, we examined individual as well as ecological ZIP code-level characteristics of

the cohort using descriptive statistics. Multiple linear regression models and scatterplots
summarized associations among the exposure (ADI), prevalence of the outcome (HCV), and
patient distance to the FQHC (an intuitive proxy for being within catchment areas). These
models provided insight into the possibility of selection bias via the association of HCV and
ADI with distance to FQHC. Student’s t-test, Wilcoxon rank-sum test, and Chi-squared test
were used to identify individual- and ZIP code-level cohort characteristics associated with
the exposure, outcome, and distance measures for possible confounder identification.

Second, we used generalized linear mixed effects regression models to estimate the log-odds
of an individual being in the FQHC’s catchment area, accounting for the clustering at

the ZIP code-level. Three separate catchment models were fit, corresponding to the three
distance radii around each of the two FQHC locations that contained 75%, 80%, and 90%
of hospital patients (Figure 2). Individual-level characteristics hypothesized to be associated
with visiting the FQHC included age at last visit, race, ethnicity, insurance status, and

the number of visits in the past two years. Density of bus stops was also included as a
ZIP-code level predictor. The predicted probability obtained from these models is equivalent
to the propensity score of being in the catchment area.1® We then took the inverse of the
propensity score to serve as the inverse probability weight (IPW) to attempt to account

for potential selection bias.29 In our cohort, a higher IPW corresponds to underrepresented
individuals visiting the FQHC who will receive a greater weight in analysis compared to
lower IPW values indicating overrepresented individuals. IPWs were stabilized by replacing
the numerator in the calculation with the proportion of individuals falling within a given
catchment definition.2! In a sensitivity analysis, stabilized IPWs were trimmed between the
2"d and 98t percentiles.

Third, we used generalized linear mixed effects regression models to estimate the log-odds
of an individual having a diagnosis of HCV given their ADI, accounting for the clustering at
the ZIP code-level. Potential confounders included age at last visit, sex, race, and insurance
status. Four models were fit: a naive model that did not consider the potential selection

bias and served as the basis for comparisons (model 1), and three IPW models that allowed
insight into possible selection bias via the three catchment areas previously defined (models
2to 4).

All analyses were conducted in R version 3.6.1 (R Foundation for Statistical Computing,
Vienna, Austria). Measures of central tendency are provided as means or medians, as
appropriate, with corresponding standard deviations (SD) or interquartile ranges (IQR)
respectively. Point estimates from regression models represent marginal effects presented
as odds ratios (OR) with their corresponding confidence intervals (CI). Cls for IPW models
were obtained via bootstrapping 1,000 samples.?2 Analytic code may be downloaded from
https://doi.org/10.5281/zenodo.4630272.
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RESULTS

Cohort characteristics

Between November 1, 2016 and June 30, 2019, 16,070 patients visited one of two locations
at the FQHC: 76% visited location A and 24% visited location B. Of those, 15,574 (97%)
lived in New Castle County and were retained for analysis. The median age was 38 years
old (IQR: 21 years) and most patients were female (64%). There was roughly an even split
between those who identified as Hispanic and those who did not (51% vs. 49%), and a small
majority were white compared to non-white (55% vs. 45%). As is expected at an FQHC,

the preponderance of patients did not have private insurance (67%). Compared with the
ZIP-code level census estimates, individuals with no private insurance were overrepresented
in our cohort, with a median 17 percentage points higher across the study area (IQR: 13
percentage points). The median distance patients lived from their visited FQHC location was
3 miles (IQR: 5 miles) and the average ADI was 0.4 (SD: 0.9).An HCV diagnostic code was
recorded for 286 patients (2%) of the cohort. Additional characteristics are reported in Table
1.

As distance to the FQHC increased, prevalence of HCV (Figure 3a) as well as ADI

score (corresponding to less deprivation, Figure 3b) decreased; see also Table 1. This was
corroborated by individual-level modeling. For each additional mile further from an FQHC,
the averaged odds of HCV declined by 6% (OR=0.94, 95% CI: 0.91, 0.97) in logistic
regression, and the averaged ADI score declined by 0.12 (95% CI: 0.11, 0.12) in linear
regression. Figure 3c suggested an ecological association between ADI and prevalence

of HCV. Again, individual-level regression corroborated this finding whereby each point
increase in ADI (greater deprivation) was associated with an average increased odds of
51% (OR=1.51, 95% CI: 1.33, 1.71) for HCV. Stratum specific individual-level regression
estimates by distance to clinic less than or greater than the 75! percentile indicated
heterogeneity of this association (OR=2.69, 95% CI: 1.24, 6.93; =8 miles OR=1.44, 95% ClI:
1.26, 1.67); 80t and 90t percentiles were similar.

Calculated prevalence of HCV in the cohort trended with distance, regardless of how
catchment area was defined, in that prevalence was consistently higher among those within
the catchment areas. For those within the distance thresholds, the prevalence proportions of
HCV were 2.1%, 2.0%, and 1.9% for the 75! percentile, 80" percentile, and 90t percentile.
For those outside of these distance thresholds, the prevalence proportions of HCV were
1.2%, 1.2%, and 0.9%. Taken as a whole, the data suggested a pattern of the exposure, the
outcome, and distance to the FQHC.

Catchment area and probability of selection into cohort

Among the three catchment models, only non-white race and the density of bus stops were
associated with the three distance-based threshold definitions (Table 2). Averaged across the
75t 80t and 90™ percentile models, non-white race was associated with 21% decreased
odds of being in the catchment radius compared to white race, controlling for age, ethnicity,
insurance status, number of visits in the past two years, and density of bus stops. As the
radius increased in size, there was a dose-response effect from the density of bus stops.
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For example, the 90th percentile model demonstrated an average 5-fold increase in odds
(OR=5.40, 95% CI: 1.68, 17.39) of being in the catchment for each unit increase in the
density of bus stops, compared with an average 2-fold increase for the 80™ percentile model,
controlling for all other covariates. In other words, living in a ZIP code with greater bus
accessibility translated to greater likelihood of being in the FQHC catchment. Model fit
measured via the Akaike information criterion, improved as the catchment area widened.

Naive analysis of the relation between individual HCV and community ADI

On average, for each ZIP code-level increase in ADI (moving towards an area with greater
deprivation) odds of HCV increased by 25% (OR=1.25, 95% CI: 1.06, 1.48) controlling for
age, sex, race, and insurance status, and taking into account correlated errors within ZIP
codes. All four covariates were also independent predictors of HCV (Table 3).

IPW analysis of the relation between individual HCV and community ADI

Results from the three IPW models are shown in Table 3. While findings for the individual-
level characteristics remained consistent with the naive model, estimates of the primary
exposure of ADI changed as a result of the weighting. The point estimate increased, while
the Cls became wider in all three catchment models. Results from IPW trimming were
consistent with untrimmed IPWs (not shown). These findings suggested that the naive effect
was overly precise due to ignoring at least one source of systematic error. The model

fit measured via the Akaike information criterion improved with IPW, supporting model
selection with the smallest catchment area definition (75! percentile). In short, although
evidence supports that ADI and HCV may be related in the observed cohort, the evidence is
weaker for existence of the association in the source population.

DISCUSSION

In this analysis of a retrospective cohort of FQHC patients, we demonstrated how

the catchment area may induce a selection bias in an outpatient EMR-based study.
Understanding the potential impact of the selection process for this cohort was important
because individuals with HCV, regardless of FQHC contact, benefit from HCV diagnosis
and treatment.11:12 Best estimates of HCV prevalence in the source population suggest
approximately 1% seropositivity (95% CI: 0.7%, 1.2%) based on a recent modeling study.23
We observed that people in the catchment area (low IPW) have an expected higher
prevalence of HCV than the community at large. Conversely, people not in the catchment
area (high IPW) who are seen at the FQHC have an HCV prevalence similar to that of the
general population. Individuals seen at the FQHC (low IPW) seem to be a select group of
individuals who most likely will benefit from the mission of the FQHC to serve historically
marginalized populations.

For individuals in the catchment area as modeled in our naive analysis, which ignored
possible selection bias, there is evidence of an association between ADI and HCV.
This association should be viewed with caution given the weaker association for those
outside of the catchment area (higher IPW). Selection bias affected the strength of
association and induced apparent heterogeneity of effect in that there appeared to be
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some effect modification by factors related to access to care at this FQHC. The IPW
analysis that accounted for this phenomenon mitigated this heterogeneity of effect and
permitted inference about what happened in the counterfactual population of patients in the
community with equitable access to this FQHC.20 This can be contrasted with the naive
analysis that ignored selection bias and the associated apparent heterogeneity of effect of
ADI on HCV diagnosis.

Those individuals with HCV who reside outside of the FQHC catchment area yet chose

to travel to the clinics may reflect an underlying different risk-group than the greater
population in their respective ZIP codes: as we observed, individuals were more likely to
have non-private insurance compared to the rest of the community. Our data are unable to
offer any insight into the decision to seek care at an FQHC that was further away than

other healthcare facilities closer to home. Indeed, there are other community healthcare
facilities in our study area where individuals could have sought medical care. One may

posit the decision to visit our location was due to comfort and familiarity with the providers
or practice, cost, accessibility, or other unidentified reasons.24-26 Contrary to the fact, we
expected persons who visited the FQHC to have similar prevalence of HCV, elevated relative
to community at large, regardless of how far they travel. Therefore, it remains unknown to us
whether these individuals represent the “tip of an iceberg” for sub-populations in those areas
who also have HCV but did not visit this FQHC, i.e., persons in worse overall health relative
to persons of similarly lower socioeconomic status who travel farther to visit FQHC (and
incidentally exhibiting higher rates of HCV diagnosis). In other words, patients from outside
of the catchment area who attended the FQHC may not be a random sampling of individuals
(with similar socioeconomic characteristics) from outside of the catchment area.

This study was conducted during a dynamic period in the history of HCV management.

The opioid epidemic has contributed substantially to the burden of HCV and may have
influenced who was tested.12:27 At the time of our study, risk-factor based screening was
used at the FQHC and there were likely individuals in the cohort with undiagnosed HCV.
As certain HCV risk factors are likely related to community deprivation,28 the impact of
such differential misclassification is difficult to predict. Since study complention, the FQHC
implemented universal one-time screening for adult in line with updated U.S. Preventive
Services Task Force recommendations.?® After sufficient time, these data would have been
potentially useful to validate our diagnosis. With more widespread access to direct acting
antiviral therapy, the ability to treat and cure HCV is markedly improved over interferon-
based regimens.3% Unlike other locales, in our study setting non-specialists are able to
prescribe treatment and there is no urine drug screen requirement.31:32 Taken as a whole, this
local context may have influenced who was seen at the FQHC compared to the community
at large.

Our study is not without additional limitations. First, our models relied upon a simple
definition of catchment area: the percentile of patients within a fixed radius of the
FQHC. Future catchment analyses would be well served to employ more sophisticated
approaches that can incorporate prior evidence of patient referral patterns through a
Bayesian framework.1” Second, we modeled data that were available to us from both the
EMR and public data sources to meet our aims. It is possible that residual confounding is
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present in both our catchment and HCV models. Study strengths include use of healthcare
worker entered-EMR data, a geospatial methodological approach to selection bias, and a
large cohort size.

CONCLUSION

In summary, we observed that the FQHC catchment processes may induce selection bias

in a study of ADI and HCV. Fortunately, the potential impact of this EMR-based study
design issue is remediable through appropriate analytic methodology that allows for more
complete presentation of uncertainty in the translation of results to the source population.
We encourage other researchers working with EMR-based outpatient data to consider the
patient selection process and how that may relate to their exposure and outcome under study.
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ABBREVIATIONS and ACRONYMS

ADI Area deprivation index

Cl Confidence interval

EMR Electronic medical record

FQHC Federally qualified health center
HCV Chronic hepatitis C virus infection
IPW Inverse probability weighting
IQR Interquartile range

OR Odds ratio

SD Standard deviation
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Figure 1.
Directed acyclic graph of the primary research question: “Is area deprivation index (ADI)

associated with a diagnosis of chronic hepatitis C (HCV) for a federally qualified health
center (FQHC) serving New Castle County, Delaware, USA?” The shaded box indicates
that we may be inadvertently conditioning the relationship between ADI and HCV on
the catchment of the FQHC, inducing selection bias. Demographic factors include age,
race (white, non-white), and Hispanic ethnicity. Accessibility factors include insurance
(non-private, private), number of previous visits in past 2 years, and access to public
transportation (density of bus stops).

Ann Epidemiol. Author manuscript; available in PMC 2022 August 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Goldstein et al.

Page 12

\gp?

(a) (b)

Figure 2.
Distance-based threshold catchment areas (75t, 80t, 90t percentiles corresponding to the

respective distances <7 miles, <8 miles, and <12 miles) for a federally qualified health center
with locations shown in A) and B) serving New Castle County, Delaware, USA. Gradient
represents a choropleth depiction of the density of patients for a given ZIP code (lighter
shades of gray=low, darker shades of gray=high).
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federally qualified health center (FQHC) by observed prevalence of chronic Hepatitis C
virus (HCV) infection, B) median distance to FQHC by area deprivation index (ADI), and
C) ADI by observed prevalence of HCV and median distance to FQHC, for a cohort of

patients in New Castle County, Delaware, USA. Dashed lines depict line of best fit.
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Table 1.

Characteristics of a cohort of patients seen at a federally qualified health center serving New Castle County,
Delaware, USA between November 1, 2016 — June 30, 2019, overall and within catchment areas defined by
three distance-based thresholds (75%, 80%, and 90% of patients).

Characteristic Overall (n=15,574) 75t percentile 80t percentile 90t percentile
(n=11,683) n=12,459) (n=14,017)
Individual-level
Age in yrs, median (IQR) 38(21) 38(22) 38(22) 38(21)
Sex, n (%)
Female 9,961 (64%) 7,443 (64%) 7,947 (64%) 8,945 (64%)
Male 5,613 (36%) 4,240 (36%) 4,512 (34%) 5,072 (36%)
Race, n (%)
White 8,184 (55%) 6,022 (53%) 6,517 (54%) 7,418 (55%)
Non-white 6,819 (45%) 5,307 (47%) 5,557 (46%) 6,131 (45%)
Ethnicity, n (%)
Non-Hispanic 7,850 (51%) 6,013 (52%) 6,340 (51%) 7,015 (50%)
Hispanic 7,603 (49%) 5,572 (48%) 6,017 (49%) 6,890 (50%)
Insurance, n (%)
Non-private 6,460 (67%) 5,202 (70%) 5,453 (69%) 5,970 (68%)
Private 3,258 (33%) 2,282 (30%) 2,430 (31%) 2,798 (32%)
Primary health center, n (%)
Location A 11,897 (76%) 8,923 (76%) 9,518 (76%) 10,708 (76%)
Location B 3,677 (24%) 2,760 (24%) 2,941 (24%) 3,309 (24%)
Number of visits in past 2 years, median 3(6) 3(6) 3(6) 3(6)
(IQR)
Days since last visit, median (IQR) 233 (418) 214 (413) 218 (416) 225 (416)
Diagnosis of chronic Hepatitis C virus 286 (2%) 241 (2%) 249 (2%) 272 (2%)
infection, n (%)
Distance to federally qualified health 3(5) 2(3) 2(3) 3(4)
center in mi., median (IQR)
ZIP code-level
(IQR)Density of bus stops per sg. mi., median 23 (24) 27 (20) 27 (20) 23(21)

Area deprivation indexa, mean (SD) 0.4(09) 0.7(09) 06(0.9) 0.5(09)

SD, standard deviation; IQR, interquartile range

a L . . . . - .
Operationalized as a Z-score composite of ZIP code-level 2017 American Community Survey 5-year estimates based on indicators of education,
employment, income and poverty, and household composition.
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Table 2.

Mixed effects regression models of belonging to a catchment area defined by three distance-based thresholds
(75%, 80%, and 90% of patients) for a federally qualified health center serving New Castle County, Delaware,
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USA.

Characteristic

Marginal adjusted odds ratio (95% confidence interval)

75t percentile

80 percentile

90th percentile

Individual-level

Age in yearsa

0.94 (0.87, 1.02)

0.93 (0.86, 1.01)

0.91 (0.83, 1.00)

Race

White Ref Ref Ref

Non-white 0.83(067.103) 76 (062,094 0.77 (060, 0.98)”
Ethnicity

Non-Hispanic Ref Ref Ref

Hispanic 0.97 (0.78,1.20)  0.92(0.75,1.15)  0.95 (0.74, 1.24)
Insurance

Non-private Ref Ref Ref

Private 1.00 (0.84,1.20)  0.96 (0.81,1.14)  0.93 (0.76, 1.13)

Number of visits in past 2 yearsa

ZIP code-level

1.05 (0.97, 1.14)

1.02 (0.93, 1.11)

1.06 (0.93, 1.20)

Density of bus stops per sq. mi. - g5 (4 41 250)0 2,07 (1.31, 3277 5.40 (1.68,17.39)”
Measure of model fit
Akaike information criterion 3,346 3,295 2,457

a\/ariable standardized and centered for modeling

bp<0.05
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Table 3.

Naive and inverse probability weighted mixed effects regression models for the association of area deprivation
index and individual chronic Hepatitis C virus infection with catchment area defined by three distance-based
thresholds (75%, 80%, and 90% of patients) for a federally qualified health center serving New Castle County,
Delaware, USA.

Marginal adjusted odds ratio (95% confidence interval)

Characteristic

Naive model

Inverse probability weighted models

75t percentile

80 percentile

90t percentile

Individual-level
a b b b b
Age 1.60 (151, 1.89)” 1.68(151,1.83)” 1.73(1.56,1.89)” 1.68 (1.54,1.82)
Sex
Female Ref Ref Ref Ref
Male 181(141,233)7 183(111,230)7 16507, 20707 170 (122, 2.09)”
Race
White Ref Ref Ref Ref
Non-white 0.74 (057,097)7  0.63(0.37,0.78)7 070 (0.42,0.89)7 0.70 (0.4, 0.88)”
Insurance
Non-private Ref Ref Ref Ref
Private 0.43(0.31,059)? 0.35(0.18,048)7 038 (0.21,051)? 042 (0.26,0.57)”
ZIP code-level

Avrea deprivation index

Measure of model fit

Akaike information criterion

125 (1.06, 1.48)”

2,206

1.39 (1.00, 1.56)

1,556

1.39 (1.04, 1.59)”

1,660

127 (101, 1.44)?

1,963

a\/ariable standardized and centered for modeling

by<0.05

Operationalized as a Z-score composite of ZIP code-level 2017 American Community Survey 5-year estimates based on indicators of education,

employment, income and poverty, and household composition.
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