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BACKGROUND: Nineteen US states and D.C. have used
the Affordable Care Act Medicaid health home waiver to
create behavioral health home (BHH) programs for Med-
icaid beneficiaries with serious mental illness (SMI). BHH
programs integrate physical healthcare management and
coordination into specialty mental health programs. No
studies have evaluated the effects of a BHH program cre-
ated through the Affordable Care Act waiver on cardiovas-
cular care quality among people with SMI.
OBJECTIVE: To study the effects of Maryland’s Medicaid
health home waiver BHH program, implemented October
1, 2013, on quality of cardiovascular care among individ-
uals with SMI.
DESIGN: Retrospective cohort analysis using Maryland
Medicaid administrative claims data from July 1, 2010,
to September 30, 2016. We used marginal structural
modeling with inverse probability of treatment weighting
to account for censoring and potential time-dependent
confounding.
PARTICIPANTS: Maryland Medicaid beneficiaries with
diabetes or cardiovascular disease (CVD) participating in
psychiatric rehabilitation programs, the setting in which
BHHs were implemented. To qualify for psychiatric reha-
bilitation programs, individuals must have SMI. The ana-
lytic sample included BHH and non-BHH participants,
N = 2605 with diabetes and N = 1899 with CVD.
MAIN MEASURES: Healthcare Effectiveness Data and
Information Set (HEDIS) measures of cardiovascular care
quality including annual receipt of diabetic eye and foot
exams; HbA1c, diabetic nephropathy, and cholesterol
testing; and statin therapy receipt and adherence among
individuals with diabetes, as well as HEDIS measures of
annual receipt of cholesterol testing and statin therapy
and adherence among individuals with CVD.
KEY RESULTS: Relative to non-enrollment, enrollment
in Maryland’s BHH program was associated with in-
creased likelihood of eye exam receipt among individuals
with SMI and co-morbid diabetes, but no changes in other
care quality measures.

CONCLUSIONS: Additional financing, infrastructure,
and implementation supports may be needed to realize
the full potential of Maryland’s BHH to improve cardio-
vascular care for people with SMI.
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INTRODUCTION

People with serious mental illnesses (SMIs) such as schizo-
phrenia and bipolar disorder die 10–20 years earlier than the
overall US population, primarily due to cardiovascular disease
(CVD).1–5 Prevalence of every cardiovascular risk factor and
behavior is elevated among people with SMI.6–12 High car-
diovascular risk in this group is driven by multiple factors.
Antipsychotic medications causeweight gain and alter glucose
metabolism.13,14 High rates of poverty, unemployment, hous-
ing instability, and criminal justice system involvement in the
US population with SMI impede adoption of healthy behav-
iors and access to services.15–22 Further, the US specialty
mental health sector’s historic separation from the general
medical sector presents challenges for coordinating mental
and physical healthcare.23–25 Studies have shown lower rates
of receipt of guideline-recommended post-myocardial infarc-
tion and diabetes care among populations with versus without
SMI,26–30 with particularly low rates of guideline-concordant
care among those covered by Medicaid,31 the insurer for
nearly 70% of US adults with SMI.32

The 2010 Patient Protection and Affordable Care Act
(ACA) Medicaid health home waiver allowed states to create
health homes for high-cost, high-need subsets of Medicaid
beneficiaries.33,34 Through the waiver program, states can bill
Medicaid for care management and coordination which are not
traditionally reimbursable services.34 As of June 2019, 19 US
states and D.C. have used the ACA Medicaid health home
waiver to create a “behavioral health home” (BHH) program
for Medicaid beneficiaries with SMI.34 BHHs integrate gen-
eral medical care management and coordination into the
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specialty mental health settings where many people with SMI
receive the majority of their healthcare services.25,35 BHH
implementation is typically led by a nurse care manager em-
bedded in the community mental health setting.36–38

No prior studies have examined the effects a BHH program
created through the ACA Medicaid health home waiver on
quality of cardiovascular care for people with SMI. While a
BHH intervention tested in a clinical trial improved cardiovas-
cular care,37 it is important to rigorously evaluate real-world
programs given the well-documented “voltage drop” phenom-
enon, in which the beneficial effects of interventions observed
in clinical trials are muted when implemented in real-world
settings in the absence of research funding and infrastruc-
ture.39 In this study, we evaluate the effects of Maryland’s
ACAwaiver BHH program on receipt of guideline-concordant
cardiovascular care among Medicaid beneficiaries with SMI
and co-morbid diabetes or CVD.

METHODS

Behavioral Health Homes

Maryland implemented its BHH program on October 1,
2013.40 BHHs were implemented by psychiatric rehabilitation
programs, community-based programs affiliated with outpa-
tient mental health clinics that deliver psychosocial rehabilita-
tion services such as vocational training and mental health
case management.41 To qualify for a psychiatric rehabilitation
program, Medicaid beneficiaries must have SMI, defined as
significant functional impairment resulting from a mental
disorder.41

Sixty-three of 255 total psychiatric rehabilitation programs
in Maryland had operational BHHs during the study period.42

At each site, the BHH was led by a nurse care manager
responsible for leading general medical care management
and coordination activities, with support from a medical di-
rector and consulting primary care physician or nurse practi-
tioner.40,43 The nurse care manager led BHH enrollment, with
psychiatric rehabilitation program participants actively
consenting to join the program.40,43 Maryland’s BHH model
has been described in detail previously.36

Study Design

We conducted a retrospective cohort study comparing quality
of cardiovascular care among BHH enrollees before and after
program implementation to quality of care over the same
period among non-enrollees weighted to equate, on measur-
able characteristics, to BHH participants (see “Analytic
Strategy”).

Data and Study Period

We used Maryland Medicaid administrative claims data
from July 1, 2010, to September 30, 2016. Data for the
38 months prior to the BHH program’s start date of

October 1, 2013 (July 1, 2010–September 30, 2013) was
used to identify the cohort of individuals with diabetes
and CVD (details below). We evaluated the effects of the
BHH on outcomes of interest from October 1, 2012, to
September 30, 2016, encompassing at least 1 year pre-
and up to 3 years post-BHH implementation data for each
individual in the sample, with variation depending upon
when a given BHH participant was enrolled.

Study Sample

The study sample included BHH participants and comparison
individuals not participating in Maryland’s BHH program,
ages 18–64, who met three criteria. First, enrollment in Mary-
land Medicaid from October 1, 2012, to September 30, 2013,
the year prior to BHH implementation. Second, diagnosis of
diabetes or CVD prior to BHH implementation (details be-
low). Third, greater than five psychosocial rehabilitation ser-
vices during the analytic study period of October 1, 2012–
September 30, 2016; as Maryland’s BHH program is imple-
mented in psychiatric rehabilitation programs, only the subset
of Medicaid beneficiaries with SMI receiving psychosocial
rehabilitation services in such programs were eligible for
BHH enrollment. Given that all BHH participants received
> 5 psychosocial rehabilitation services, we limited the sample
to include comparison participants who received a similar
level of psychosocial rehabilitation during the study period
(our analytic approach further accounted for individual-level
differences in psychosocial rehabilitation service utilization
among individuals in the sample; see below).
Individuals with diabetes were defined as those with at least

two uniquely dated claims with any diagnosis code from the
Healthcare Effectiveness Data and Information Set (HEDIS)
diabetes value set or any dispensation of insulin,
hypoglycemic/antihyperglycemics, or metformin44 in the
38 months prior to BHH implementation (July 1, 2010, the
first month of the Maryland Medicaid fiscal year of July 1,
2010–June 30, 2011 to September 30, 2013, the month prior to
BHH implementation). Individuals with CVDwere defined as
those with any inpatient claim code from the HEDIS myocar-
dial infarction or acute myocardial infarction value sets, or any
inpatient or outpatient claim code from the HEDIS coronary
artery bypass graft value set, percutaneous coronary interven-
tion value set, or ischemic vascular disease value set44 in the
38 months prior to BHH implementation.
BHH participants met the criteria above and were enrolled

in the BHH program at any time point after the program began
on October 1, 2013; comparison individuals were those not
enrolled. As individuals were enrolled in BHHs on a rolling
basis, our marginal structural modeling analytic strategy is
designed to account for the potential time-dependent con-
founding related to this variation.

Measures

All measures were constructed at the person-year level.
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Independent Variable. In primary analyses, BHH enrollment
was measured as a 0/1 indicator that changed from 0 to 1 in the
first year that an individual became enrolled. Consistent with
the idea of an intent-to-treat analysis, we assumed that once
enrolled, individuals participated in the BHH for the remain-
der of the study or until they censored out of the sample due to
Medicaid disenrollment. In a sensitivity analysis, we defined
the independent variable as cumulative years of BHH enroll-
ment per person.

Dependent Variables. Dependent variables were HEDIS
CVD risk factor/CVD care quality indicators that can be
measured entirely with administrative claims data, specif-
ically measures of quality of diabetes mellitus and CVD
care (detailed specifications in Table 3).44 Diabetes quality
of care measures, assessed among the full study sample
with diabetes as defined above, included annual receipt of
diabetic eye and foot exams; hemoglobin A1c monitoring;
diabetic nephropathy testing; and cholesterol testing (in-
cluding total cholesterol, LDL-C, HDL, and/or triglycer-
ide testing). We also measured annual receipt of any statin
therapy and statin adherence, defined as receipt of statin
prescriptions covering at least 80% of days from initial
statin therapy dispensation to end of measurement year,
among the subset of individuals with diabetes aged 40–64
without co-morbid diagnoses of CVD. We measured an-
nual receipt of cholesterol testing in the full sample with
CVD, and annual receipt of any statin therapy and statin
adherence among males with CVD aged 21–64 and fe-
males with CVD aged 40–64. For all analyses involving
statin measures, individuals with any dispensation for
clomiphene and any code from the HEDIS pregnancy,
in vitro fertilization, end-stage renal disease, or cirrhosis
value sets were excluded. 44 Each of these measures was
coded as a dichotomous 0/1 variable, with 1 indicating
service receipt.

Covariates. Since BHH participants were enrolled on a rolling
basis, our analytic strategy incorporated both time-invariant
and time-varying covariates. Time-invariant covariates includ-
ed baseline age, sex, race/ethnicity, SMI diagnosis type, and
size of the patient population of the psychiatric rehabilitation
program where each individual in the sample was enrolled;
Medicaid managed care organization; and Maryland region of
residence. Time-varying covariates weremeasured in the base-
line period (October 2012–September 2013) and during each
subsequent year. To ensure these variables were measured
prior to the outcomes and exposure of a given time period,
they were lagged by one time period. Time-varying covariates
included eligibility for Medicaid via disability, co-morbid
substance use disorder diagnosis, Elixhauser comorbidity in-
dex, number of psychosocial rehabilitation services received,
number of visits with a primary care physician, and prior-year
quality of cardiovascular care outcomes.

Analytic Strategy

We used a marginal structural modeling approach to account
for potential time-dependent confounding and for censoring
due to Medicaid disenrollment. We fit the marginal structural
model by applying inverse probability of treatment weights for
every person-year in the study cohort.45–47 These models
estimate the effect of an exposure of interest for the entire
study population. In our case, themarginal structural modeling
approach estimated the effects of BHH enrollment on out-
comes using weighting to generate estimates as if the entire
study population had been enrolled in a BHH versus not
enrolled.
An advantage of the marginal structural modeling (MSM)

approach is that, unlike difference-in-differences analyses or
regression models with fixed or random effects, MSM can
account for confounding due to time-varying variables (e.g.,
co-morbid substance use disorder diagnosis and Elixhauser
comorbidity index) that may be (1) impacted by BHH enroll-
ment and (2) prognostic for future BHH enrollment and the
outcome.48 MSMs were specifically designed to handle this
type of confounding, which can occur in many settings where
the intervention starts at different times for different partici-
pants. The MSM approach makes the following assump-
tions:45 no unobserved confounders; anyone in the reference
population is eligible to enroll in BHH; dropout is independent
of the outcome conditioned on the observed history; the in-
verse probability of treatment weight and marginal structural
models are correctly specified; and there is no impact of BHH
enrollment on the psychosocial rehabilitation service use mea-
sure used to define the study sample.
First, we estimated the inverse probability of BHH enroll-

ment for each person-year, adjusting for time-invariant and
time-varying confounders. To control for each individual’s
history of treatment and other covariates, the weights for each
person-year were calculated as the product of the inverse
probabilities in prior person-years (see Appendix 2 for full
weighting details). Second, we calculated censoringweights to
account for factors that may influence censoring (dropout) due
to Medicaid disenrollment. We calculated the inverse proba-
bility of Medicaid disenrollment for each person-year,
adjusting for time-invariant and time-varying confounders;
the censoring weight for a given person-year was the product
of the inverse probabilities in prior years. The final weight for
any given person-year observation was the product of the
treatment and censoring weights.
We examined covariate balance in BHH-enrolled versus

non-enrolled participants in the baseline period by assessing
the absolute difference in the mean value of each baseline
covariate between the two groups divided by the standard
deviation of the relevant covariate in the entire sample. We
then fit weighted logistic regression models (see Appendix 2
for full model specification) to estimate the effect of BHH
enrollment on outcomes adjusting for year. To facilitate inter-
pretation of results, we calculated the predicted probability of
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annual receipt of each measure of guideline-concordant care
among BHH enrollees and non-enrollees. In a sensitivity
analysis, we examined the effects of total years of BHH
enrollment on outcomes. This study was deemed exempt by
the Johns Hopkins School of Medicine Institutional Review
Board.

RESULTS

The diabetes sample included 914 BHH and 1691 non-BHH–
enrolled individuals with SMI, 277 of whom were censored
during the study period due to Medicaid disenrollment. Of the
919 BHH participants with diabetes, 72% (N = 661) were
enrolled in the year 1 of implementation of Maryland’s BHH
program; 19% (N = 176) were enrolled in year 2; and 8% (N =
77) were enrolled in year 3. The CVD sample included 601
BHH and 1298 non-BHH–enrolled participants, 195 of whom
were censored during the study period due to Medicaid
disenrollment. Of these, 70% (N = 420) were enrolled in year
1; 19% (N = 114) in year 2; and 11% (N = 67) in year 3.
For both the diabetes and CVD samples, the unweighted

baseline characteristics of the BHH-enrolled and non-enrolled
groups differed, underscoring the need for weighting (Table 1).
Weighting improved covariate balance: at baseline, the aver-
age absolute standardized mean difference of covariate values
between the BHH and weighted comparison groups in the
diabetes and CVD (Figs. 1 and 2) samples was near or below
20%, a cut point used to mark good covariate balance.47

BHH enrollment was associated with increased likelihood
of annual eye exam receipt (OR 1.86, 95% CI 1.19–2.91)
among those study participants with SMI and diabetes (Ta-
ble 2). BHH enrollment had no statistically significant effects
on any of the other measures of guideline-concordant diabetes
or CVD care examined. Results of the sensitivity analysis
(Table 4) showed that the duration of BHH enrollment did
not affect outcomes.

DISCUSSION

Our study is the first to examine the effects of a state Medicaid
BHH program created through the ACA Medicaid health
home waiver on receipt of guideline-concordant cardiovascu-
lar care among individuals with SMI. Findings suggest that the
BHH did not achieve the goals of either primary prevention of
CVD among those with diabetes or secondary prevention
among those who had already experienced a myocardial in-
farction or CVD procedure. BHH enrollment was associated
with improvement on a single indicator of guideline-
concordant care: likelihood of eye exam receipt among indi-
viduals with diabetes. Eye exams may be “low hanging fruit,”
in that they are minimally invasive and straightforward for
providers to conduct and individuals with SMI to complete.
Further, qualitative studies have found that individuals with
diabetes are highly motivated to protect their vision.49,50 Only

two prior studies have assessed the effects of a BHH on quality
of cardiovascular care. The results of one clinical trial showed
that a BHH implemented in a community mental health clinic
improved receipt of guideline-concordant diabetes and hyper-
tension, but not dyslipidemia, care (our study’s use of admin-
istrative claims data precluded us from assessing quality of
hypertension and dyslipidemia care, as our data does not
include laboratory results).37 Similar to our findings, an eval-
uation of another real-world, SAMHSA grant–funded51 BHH
program found no effect of BHHs implemented in seven New
York community mental health centers on HbA1c monitoring
among participants with diabetes.52 These findings suggest
that while the BHH model holds promise for improving car-
diovascular care quality, additional resources and supports to
ensure high-fidelity implementation in real-world settings may
be needed.
Prior studies by our team examined implementation of

Maryland’s BHH program.36,53 Key challenges included dif-
ficulty coordinating care with PCPs and lack of effective
health IT infrastructure.36 Only 15% of Maryland’s BHHs
have a co-located PCP, none of whom work full-time at the
psychiatric rehabilitation program implementing the BHH.36

As all BHH participants are allowed to choose their own PCP,
BHH staff at sites with co-located PCPs reported that not all
participants used the on-site provider. Relatedly, Maryland
BHH programs do not have shared electronic medical records
with the various PCPs serving their participants with SMI in
the community.36 These challenges are consistent with those
identified in other BHH programs.38,54–57

InMaryland, BHHs receive a $102.86 per-member monthly
payment for delivering at least two health home services to
each enrolled participant.40,43 As 100% of this payment goes
to the psychiatric rehabilitation program implementing the
BHH, external providers have no financial incentive to partic-
ipate in care coordination for BHH participants with SMI.
Alternative structures such as hub-and-spoke58 or accountable
care organization models33 that can create funding streams for
both the community mental health programs implementing
BHHs and external primary care partners may help facilitate
guideline-concordant cardiovascular care. Integrating BHHs
into accountable care organizations may also support delivery
of guideline-concordant cardiovascular care by tying payment
incentives to performance metrics, such as the HEDIS mea-
sures examined in this study.59

Maryland’s BHH program is implemented in psychiatric
rehabilitation programs, whereas other states implementing
BHHs through the ACA Medicaid health home waiver do so
in community mental health clinics.34 While the organization-
al structure and implementation challenges encountered in
Maryland are similar to those that have been documented in
outpatient mental health clinic BHHs38,54–57—and this study’s
results were consistent with those of an evaluation of a BHH
program implemented in New York community mental health
centers52—future research should consider differences in
BHH implementation and outcomes in less clinical settings,
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like psychiatric rehabilitation programs, relative to more clin-
ical specialty mental health settings. A potential benefit of
implementation in psychiatric rehabilitation programs which
exist in all 50 US states60 is that they serve the high-need
subset of people with SMI with significant functional
impairment.
Our results should be interpreted in the context of potential

limitations. We examined quality of cardiovascular care out-
comes 3 years post-BHH implementation, though due to the
rolling nature of BHH enrollment in Maryland, about 30% of

our study sample were enrolled in the BHH program in year 2
or 3; longer term follow-up studies are needed. Measures of
receipt of statin therapy were based on prescription fills, and
were unable to measure patients’ medication adherence with
claims data. While our analyses accounted for censoring due
to Medicaid disenrollment, the claims data did not include
information on reason for disenrollment. In addition, we were
unable to determine which patients saw a PCP co-located
within a BHH program. Tobacco smoking is a significant
source of cardiovascular risk in SMI,61 but due to a lack of

Table 1 Unweighted Characteristics of the Study Sample

Population with diabetes
(n = 2605)

Population with CVD
(n = 1899)

Overall BHH enrolled
(n = 909)

No BHH enrollment
(n = 1690)

Overall BHH enrolled
(n = 726)

No BHH enrollment
(n = 1628)

Mean age (years) (mean, SD) 46.4
(9.5)

47.6 (9.2) 45.7 (9.6)* 48.1
(9.1)

49.4 (8.7) 47.5 (9.2)*

Female (%) 59.0 50.1 63.9* 56.6 48.1 60.6*
Race (%)
Black 56.3 47.8 60.9* 55.1 46.4 59.4*
White 37.6 44.9 33.7* 39.5 47.4 35.8*
Other 6.11 7.3 5.4 5.4 6.2 5.1

Elixhauser comorbidity index
(mean, SD)

4.9 (0.1) 5.0 (0.1) 4.9 (0.1) 5.3 (0.1) 5.4 (0.1) 5.3 (0.1)

Primary psychiatric diagnosis (%)
Schizophrenia 52.5 67.3 44.5* 50.6 63.1 44.8*
Bipolar disorder 28.0 20.8 31.9* 28.0 22.1 30.7*
Major depressive disorder 18.8 11.5 22.7* 20.4 14.1 23.3*
Other 0.8 0.4 0.9 0.9 0.7 1.1

Substance use disorder (%) 22.6 18.4 24.8* 29.9 25.8 31.7*
Disability (%) 79.1 90.0 73.2* 82.9 92.9 78.3*
Maryland residence (%)
Baltimore City 33.1 19.7 40.3* 32.3 19.6 38.2*
Baltimore surrounding 26.6 31.4 24.1* 22.2 20.2 26.6**
Northwest 8.0 10.5 6.6* 8.3 9.5 7.8
National Capitol Area 17.9 18.2 17.7 23.8 27.0 22.3*
Other 14.4 20.2 11.3* 13.4 17.3 11.6*

N psychosocial rehab. services
(mean, SD)

8.1 (0.1) 10.7 (0.2) 6.7 (0.2)* 7.8 (0.2) 10.2 (0.3) 6.6 (0.2)*

Visits with a primary care
provider (mean, SD)

13.9 (0.2) 15.5 (0.3) 13.0 (0.2)* 13.8 (0.2) 15.5 (14.8) 13.1 (0.3)*

*p< 0.05

Table 2 Effects of Behavioral Health Home Enrollment on Quality of Cardiovascular Care

Quality of care measures Odds ratio (95% CI) Predicted probability of receiving guideline-concordant
care, per year (95% CI)

Health home group Comparison group

Population with diabetes
Annual receipt of:
Diabetic eye exam 1.86 (1.19–2.91)* 0.98 (0.97–0.99) 0.96 (0.96–0.97)
Diabetic foot exam 1.46 (0.92–2.31) 0.02 (0.01–0.03) 0.01 (0.01–0.02)
Hemoglobin A1c test 1.06 (0.91–1.23) 0.54 (0.51–0.57) 0.53 (0.51–0.55)
Diabetic nephrology test 1.03 (0.89–1.19) 0.59 (0.56–0.62) 0.58 (0.56–0.60)
Cholesterol test 1.02 (0.88–1.19) 0.48 (0.44–0.51) 0.47 (0.45–0.49)
Any statin therapy 0.88 (0.65–1.19) 0.32 (0.26–0.38) 0.35 (0.31–0.39)
> 80% statin therapy adherence 1.26 (0.91–1.75) 0.24 (0.19–0.29) 0.20 (0.17–0.23)

Population with cardiovascular disease
Annual receipt of:
Cardiovascular monitoring 1.00 (0.84–1.20) 0.45 (0.41–0.49) 0.45 (0.43–0.47)
Any statin therapy 1.20 (0.87–1.67) 0.26 (0.20–0.31) 0.23 (0.20–0.25)
> 80% statin therapy adherence 1.08 (0.77–1.53) 0.15 (0.11–0.19) 0.14 (0.12–0.16)

*p< 0.05
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claims-based measures, guideline-concordant cessation treat-
ment was not examined in our study. Our claims-based mea-
sures may be subject to measurement error due to incomplete
documentation of the CPT codes by healthcare providers. Our
marginal structural modeling analysis assumes no unobserved
confounding and correct model specification. A possible ex-
tension of this research is to apply alternative robust methods
for fitting the marginal structural model.62–64

CONCLUSIONS

Additional financing, infrastructure, and implementation sup-
ports may be needed to realize the potential of Maryland’s
BHH to improve cardiovascular care for people with SMI.
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APPENDIX 1

Table 3 HEDIS Quality of Care Measure Specifications

Quality of care
measures

Population (denominator) Receipt of guideline-concordant care (numerator)

Population with diabetes
Annual receipt of:
Diabetic eye exam Prior to the study period:

I. Any inpatient claim with any diagnosis code from HEDIS
“Diabetes Value Set”
or
II. At least two uniquely dated claims with any diagnosis
code from HEDIS “Diabetes Value Set”
or
III. Any dispensation of insulin or
hypoglycemics/antihyperglycemics (HEDIS Table CDC-A)
or metformin

Any code from HEDIS “Diabetic Retinal Screening Value
Set” or “Diabetic Retinal Screening with Eye Care
Professional Value Set” or “Diabetic Retinal Screening
Negative Value Set” during the measurement year

Diabetic foot exam Procedure code G9224, G9225, or G9226 during the
measurement year

Hemoglobin A1c
test

Any code from HEDIS “HbA1c Tests Value Set” during the
measurement year

Diabetic
nephropathy
test

Any code from HEDIS “Urine Protein Tests Value Set”
during the measurement year

Cholesterol test Any code from HEDIS “LDL-C Tests Value Set” or
“Cholesterol Tests other than LDL-C Value Set” during the
measurement year

Any statin therapy I. Population with diabetes (see above)
and
II. Aged 40–67
and not (excluding):
- Population with CVD (see below)
- Any dispensation for clomiphene (HEDIS Table SPC-A)
- Any code from HEDIS “Pregnancy Value Set”
- Any code from HEDIS “IVF Value Set”
- Any code from HEDIS “ESRD Value Set”
- Any code from HEDIS “Cirrhosis Value Set”

At least one dispensation for a statin medication of any
intensity (HEDIS Table SPD-A) during the measurement
year

> 80% statin
therapy
adherence

At least 80% proportion of days covered from initial statin
therapy dispensation to end of measurement year

Population with cardiovascular disease
Annual receipt of:
Cardiovascular

monitoring
Prior to the study period:
I. Any inpatient claim with code from HEDIS “AMI Value
Set”
or
II. Any inpatient claim with code from HEDIS “MI Value
Set”
or
III. Any code from HEDIS “CABG Value Set”
or
IV. Any code from HEDIS “PCI Value Set”
or
V. Any code from HEDIS “Other Revascularization Value
Set”
or
VI. Any diagnosis code from HEDIS “IVD Value Set”

Any code from HEDIS “LDL-C Tests Value Set” or
“Cholesterol Tests other than LDL-C Value Set” during the
measurement year

Any statin therapy I. Population with CVD
and
II. Male aged 21–75
or
III. Female aged 40–75
and not (excluding):
- Any dispensation for clomiphene (HEDIS Table SPC-A)
- Any code from HEDIS “Pregnancy Value Set”
- Any code from HEDIS “IVF Value Set”
- Any code from HEDIS “ESRD Value Set”
- Any code from HEDIS “Cirrhosis Value Set”

At least one dispensation for a statin medication of any
intensity (HEDIS Table SPD-A) during the measurement
year

> 80% statin
therapy
adherence

At least 80% proportion of days covered from initial statin
therapy dispensation to end of measurement year
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APPENDIX 2 MARGINAL STRUCTURAL MODEL
ESTIMATION

Confounders

Observed time-invariant confounders included (as measured
at baseline) the following: (i) age, (ii) sex, (iii) race/ethnicity,
(iv) psychiatric diagnosis, (v) the psychiatric rehabilitation
patient population size at the organization where the individual
received the plurality of their psychosocial rehabilitation ser-
vices; (vi) indicator for enrollment in one of nine possible
Medicaid managed care organizations, and (vii) region of
residence. Observed time-varying variables included the fol-
lowing: (i) eligibility for Medicaid via disability, (ii) substance
use disorder diagnosis, (iii) co-morbidity (measured via
Elixhauser index), (iv) number of psychosocial rehabilitation
services received, (v) past visits with a primary care clinician,
and (vi) past quality of care outcomes. Time-varying variables
were measured in the pre-intervention (October 2012–Sep-
tember 2013) and during each 1-year period throughout the
study. To ensure these variables were measured prior to the
outcomes and exposure of a given time period, they were
lagged by one time period.

Treatment Weights

At each person-year observation, the estimated treatment
weight was calculated as such: Let Aij denote individual i’s
treatment assignment (BHH enrollment) at time period j
(A_ij = 1 indicates individual i is enrolled in a BHH at time j,
and A_ij = 0 otherwise). Let Lij denote the vector of time-
invariant and time-varying confounders observed for subject i
at time period j. Let Lij and Aij represent the ith individual’s
observed covariate and treatment history up through time j. By
assumption, each individual i who enrolls in a BHH during the
intervention period hasAij equal to a vector of 0’s before their
year of enrollment followed by 1’s; each individual who does
not enroll in BHH hasAij equal to (0,0,0). The weight for each
person-year observation was defined as:

Ti tð Þ ¼
∏t

j¼1P j Aij

� �� Ai; j−1

�

∏t
j¼1P j Aij

� �� Ai; j−1; Lij
�

Each term in the numerator was the conditional probability
of the ith individual receiving their assigned treatment (BHH
enrollment or not), given past treatment assignment. Each term
in the denominator was the conditional probability of the ith
individual receiving their assigned treatment, given past treat-
ment assignment and the observed time-invariant and time-
varying covariates up until time j.

Censoring Weights

At each person-year observation, the estimated censoring
weight was calculated as such: Let Cij denote if individual i

is censored in time period j + 1 (C_ij = 1 indicates individual i
is not censored in time period j + 1, and A_ij = 0 otherwise).
Let Lij denote the vector of time-invariant and time-varying

confounders observed for subject i at time period j. Let Lij and
C i,j-1 represent the ith individual’s observed covariate and
censoring history up through time j. The weight for each
person-year observation at year t was defined as:

Wi tð Þ ¼
∏t

j¼1P j Cij ¼ 1
� �� Ci; j−1 ¼ 1

�

∏t
j¼1P j Cij ¼ 1

� �� Ci; j−1 ¼ 1; Lij
�

Each term in the numerator was the conditional probability
of the ith individual receiving their assigned censoring status,
given past censoring. Each term in the denominator was the
conditional probability of the ith individual receiving their
assigned censoring status given past censoring and the ob-
served time-invariant and time-varying covariates up until
time j. We assumed the only form of censoring was right
censoring, i.e., dropout.

Final Weights

The final weight for any given person-year observation was
the product of the censoring and treatment weight. To control
for high variability, weights were truncated to the value of the
1st percentile and at the value of the 99th percentile of the
weight distribution. Weight estimation was conducted with
adaptations to Stata code developed by Fewell and
colleagues.45

Weighted Regression Model

The marginal structural model for each outcome is a logistic
regression model with main terms for year (1–3, or) and for
BHH enrollment during the current year. For participants who
dropped out of Medicaid and later re-enrolled, we only use
their data up through the time when they dropped out. We fit
the following weighted logistic regression model to estimate
results: Pr(Outcome Eventij) = B0 + B1(HealthHomeij) +
B2(Year), where HealthHomeij represents any enrollment in a
given person-year period. This marginal structural model ap-
proach makes the following assumptions: no unobserved con-
founders; anyone in the reference population is eligible to
enroll in BHH; dropout is independent of the outcome condi-
tioned on the observed history; our models are correct; and
each participant’s data vector is an independent, identically
distributed draw from an unknown joint distribution. The last
assumption is implicitly made in many types of analyses (e.g.,
analyses using fixed effects), though often it is not explicitly
stated.
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Figure 2 Difference in baseline covariates in weighted versus unweighted samples of behavioral health home enrolled and non-enrolled group
participants, cardiovascular disease sample (N = 1899). The average absolute standardized mean difference of covariate values between the
BHH and weighted comparison groups in the cardiovascular disease sample. The vertical dashed line indicates 20% standardized mean
difference, a cut point used to mark good covariate balance.47 PTSD= post-traumatic stress disorder; MCO=managed care organization;

CVD = cardiovascular disease.

APPENDIX 3

Figure 1 Difference in baseline covariates in weighted versus unweighted samples of behavioral health home enrolled and non-enrolled
participants, diabetes sample (N = 2605). The average absolute standardized mean difference of covariate values between the BHH and

weighted comparison groups in the diabetes sample. The vertical dashed line indicates 20% standardized mean difference, a cut point used to
mark good covariate balance.47 PTSD = post-traumatic stress disorder; MCO=managed care organization.
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APPENDIX 4

Table 4 Effects of Duration (Years) of Health Home Enrollment on Quality of Cardiovascular Risk Factor Care

Quality of care measures Odds ratio (95% CI) Predicted probability of receiving guideline-concordant care,
per year (95% CI)

1-Year health home enrollment 2-Year health home enrollment

Population with diabetes
Annual receipt of:
Diabetic eye exam 1.46 (0.79–2.70) 1.00 (0.99–1.00) 1.00 (0.99–1.00)
Diabetic foot exam 1.12 (0.94–1.35) 0.04 (0.03–0.05) 0.04 (0.03–0.05)
Hemoglobin A1c test 0.99 (0.92–1.07) 0.73 (0.71–0.75) 0.73 (0.70–0.75)
Diabetic nephrology test 1.04 (0.95–1.14) 0.81 (0.79–0.83) 0.82 (0.80–0.84)
Cholesterol test 0.94 (0.87–1.01) 0.68 (0.66–0.70) 0.67 (0.64–0.70)
Any statin therapy 0.93 (0.81–1.07) 0.54 (0.49–0.58) 0.52 (0.46–0.58)
> 80% statin therapy adherence 1.06 (0.93–1.22) 0.39 (0.35–0.44) 0.41 (0.35–0.46)

Population with cardiovascular disease
Annual receipt of:
Cardiovascular monitoring 0.96 (0.88–1.05) 0.66 (0.63–0.68) 0.65 (0.62–0.69)
Any statin therapy 1.06 (0.93–1.21) 0.38 (0.34–0.42) 0.40 (0.34–0.45)
> 80% statin therapy adherence 1.08 (0.94–1.24) 0.29 (0.25–0.32) 0.30 (0.25–0.35)

*p< 0.05
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