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Abstract

Objective: To measure the effect of a mobile integrated health community para-
medicine (MIH-CP) transitional care program on hospital utilization, emergency
department visits, and charges.

Data Sources: Retrospective secondary data from the electronic health record and
regional health information exchange were used to analyze patients discharged from
a large academic medical center and an affiliated community hospital in Baltimore,
Maryland, May 2018-October 2019.

Study Design: We performed an observational study comparing patients enrolled in
an MIH-CP program to propensity-matched controls. Propensity scores were calcu-
lated using measures of demographics, clinical characteristics, social determinants of
health, and prior health care utilization. The primary outcome is inpatient readmission
within 30 days of discharge. Secondary outcomes include excess days in acute care
30 days after discharge and emergency department visits, observation hospitaliza-
tions, and total health care charges within 30 and 60 days of discharge.

Data Collection: Included patients were over 18 years old, discharged to home from
internal/family medicine services, and live in eligible ZIP codes. The intervention
group was enrolled in the MIH-CP program; controls met inclusion criteria but were
not enrolled during the study period.

Principal Findings: The adjusted model showed no difference in 30-day inpatient
readmission between 464 enrolled patients and propensity-matched controls (adjusted
incidence rate ratio = 1.19, 95% confidence interval [CI] [0.89, 1.60]). There was a higher
rate of observation hospitalizations within 30 days of index discharge for MIH-CP
patients (adjusted incidence rate ratio = 1.78, 95% Cl = [1.01, 3.14]). This difference did
not persist at 60 days, and there were no differences in other secondary outcomes.
Conclusions: We found no significant difference in short-term health care utilization
or charges between patients enrolled in an MIH-CP transitional care program and
propensity-matched controls. This highlights the importance of well-controlled,

robust evaluations of effectiveness in novel care-delivery systems.
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communities.

1 | INTRODUCTION

The transition between hospital and home has been shown to be a
crucial time in the care trajectory of illness.*™3 There are significant
financial incentives for hospital systems to assist with care transitions
to avoid unnecessary hospital utilization and rehospitalization
penalties.* While the optimal structure of care transition programs is
uncertain due to mixed evidence, common aspects among effective
programs include in-home evaluation, multidisciplinary teams, and
multifaceted intervention.>>~”

Maryland's Total Cost of Care All-Payer Model, a capitated
payment system for hospitals, incentivizes innovative models of
care to reduce per capita costs and improve patient health out-
comes.2? One such model, mobile integrated health and community
paramedicine (MIH-CP), uses paramedics and emergency medical ser-
vices systems to support the transition of patients with complex medi-
cal conditions from hospital to their homes and communities. MIH-CP
programs vary widely in structure, focus, and training requirements;
however, successful programs are consistent in their ability to identify
and fill gaps in community services, coordinating interventions to
meet patients' medical and social needs.'®'! However, the evidence
base for such interventions on care transitions is mixed, and studies
frequently use methods that either lack a control group or use poorly
matched controls. Such techniques are subject to selection bias and
regression to the mean.”1213

The Baltimore City MIH-CP program is a unique academic-
governmental partnership between the University of Maryland Medi-
cal Center (UMMC) and the Baltimore City Fire Department (BCFD).
Patients are enrolled for the 30 days following hospital discharge, dur-
ing which community paramedicine teams conduct home visits and
coordinate interdisciplinary support to assist patients living in West
Baltimore in their transition from hospital to home. By addressing
complex social and medical needs, the program works toward its goals

of reducing health care utilization and cost and improving quality of

What this study adds
e This observational study adds to prior literature by describing a robust and well-controlled

What is known on this topic
e Mobile integrated health and community paramedicine (MIH-CP) programs are partnerships
between paramedics, emergency medical services systems, and interdisciplinary health care

teams that care for patients with complex medical and social needs in their homes and

o MIH-CP programs vary widely in structure, focus, and training requirements.
o Literature supporting MIH-CP's effectiveness in assisting care transitions is limited, drawing
mostly from evaluations of pilot programs that lack a control group or use poorly matched

controls—techniques that may inaccurately overestimate program effect.

evaluation of an MIH-CP care transition program in an urban environment.
e We found no significant differences in 30-day inpatient readmission, charges, excess days,
emergency department visits, or hospital observations following hospital discharge among

program participants compared to controls.

care. Patients served by the program are likely to have multiple
chronic health conditions, lower health literacy, and more frequent
social barriers to accessing preventive and acute health care services.

Initial findings from the program are promising. We found anec-
dotally that partnership with the BCFD, an institution that had a
strong preexisting relationship of trust, engagement, and accountabil-
ity with the community, has enabled more successful uptake of pro-
gram services by the community compared to other transitional care
programs that do not use emergency medical services personnel and
do not perform home visits. After the first operational year, the risk-
adjusted readmission rate for enrolled patients is lower than those
who are eligible but not enrolled in the program. The hospitalization
rate for enrolled patients 30 days after hospital discharge is 72.2%
lower than the 30 days prior. These evaluation methods, however, are
subject to selection bias and regression to the mean effects.
Stakeholders such as the medical center, medical system, and city and
state government are interested in continued and more rigorous pro-
gram evaluation.

The objective of this study is to conduct a rigorous analysis of the
effect of the Baltimore City MIH-CP transitional care program on cost
and health care utilization using multiple data sources. We hypothe-
size the patients enrolled in the MIH-CP program will have fewer
30-day inpatient rehospitalizations, emergency department (ED) visits,
excess days in acute care, and lower total health care costs compared

to propensity-matched controls.

2 | METHODS

21 | Study design, setting, and participants

This is a retrospective observational study comparing outcomes
for patients enrolled in the MIH-CP program to those of propensity-
matched controls discharged from hospitalization between May 1, 2018
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and October 31, 2019. Our initiative targets all adult patients older
than 18 years of age living in eligible West Baltimore ZIP codes
(21201, 21216, 21217, 21223, 21229, and 21230), who are discharged
to home from an inpatient or observation hospitalization on internal
medicine or family medicine services at UMMC (a large tertiary care
academic medical center) or University of Maryland Midtown Campus
(a nearby, closely affiliated community hospital). In addition, patients
must have stable housing so the field team can conduct home visits.
The intervention group is defined as patients enrolled in the MIH-CP
program during the study period; patients with multiple enrollments
in the MIH-CP program were included in the intervention but only
their first enrollment and corresponding index changes were ana-
lyzed. All patients enrolled in the program during the study period
were excluded from the control population. Patients enrolled in
the ED that were not admitted to the hospital were excluded from
the study since they are likely different from patients recruited
from hospital stays and would therefore require a different pool of
controls. Patients are identified and referred to the program during
interdisciplinary discharge rounds, during which inpatient physi-
cians, administrators, social workers, case managers, and program

community health workers (CHWs) identify eligible patients with

All discharges (N = 72,481)
5/2018-10/2019

l | ¢

complex medical and social needs likely to benefit from MIH-CP
support. Participation in the program is voluntary and patients
must consent to enrollment (about 75% of patients approached
accept enrollment). Program capacity (30-50 patients per month)
may limit the number of eligible patients that can be offered MIH-
CP enrollment. Eligible patients already participating in other lon-
gitudinal care programs offering similar services were unlikely to
be referred to MIH-CP in order to prioritize patients that were in
most need of support.

For our analysis, we identified patients enrolled in the program
using records kept internally by the MIH-CP program. Propensity-
matched controls were identified from the hospital-based electronic
health record (EHR) as adult patients living in the ZIP codes served by
the program who were discharged to home (i.e., not to a nursing home
or assisted living or rehabilitation facility) after an inpatient or observa-
tion hospitalization with an eligible service and were not enrolled in the
MIH-CP program during the study period. Patients that declined enroll-
ment in the program were not excluded from the pool of potential con-
trols. The unit of analysis is the discharge rather than the patient. There
are 464 discharges in the intervention group and 5530 discharges in

the control group that we used for final analysis (Figure 1).

Enrolled in MIH-CP

Not enrolled in MIH-CP

MIH-CP first enroliment
(intervention)
(n = 464)

(n=505) (n=71,976)
—N - Multiple enrollments Ineligible discharges
(n=31) (n=66,171)
Enrolled f - ’ - Not internal/family
) ( nr_olce;) rom medicine
v i (n = 60,880)

- Not in catchment
area (n =3623)

- Not discharged to
home (n = 1081)

- Previously enrolled
in MIH-CP (n = 587)

(n = 5805)

Eligible discharges not
enrolled in MIH-CP

- Data unavailable to
calculate propensity
score (n = 275)

FIGURE 1  Study flow diagram

Not enrolled in MIH-CP
with available
propensity score
(control)
(n=5530)

for identifying intervention and
control groups. ED, emergency
department; MIH-CP, Mobile
Integrated Health Community
Paramedicine program



GINGOLD ET AL.

H HSR Health Services Research | 1149
1L

2.2 | Intervention

The Baltimore City MIH-CP uses a multidisciplinary team of physi-
cians, nurse practitioners, paramedics, nurses, pharmacists, social
workers, and CHWs to provide tailored, patient-centered support to
individuals in their homes for 30 days after hospital discharge. CHWs
enroll patients into the program, schedule home visits with the field
team, and coordinate and execute the wide variety of activities
needed to address or mitigate social and environmental needs. CHWs
work with the discharging medical team and staff pharmacists to
address medication-related problems and with primary care providers
and other disease specialists to schedule both new and follow-up
appointments. Specially trained community paramedics working under
novel, state-approved expanded practice protocols and the program's
medical director (a physician) conduct a comprehensive screening of
demographic information, self-reported health, and social and medical
needs on the first visit to a patient's home, as well as a real-time medi-
cation reconciliation with the pharmacist over videoconference. Team
members, including community paramedic field teams, use cutting-
edge health information technology—such as the hospital-based EHR
and videoconferencing/text messaging compliant with the Health
Insurance Portability and Accountability Act—to communicate and to
coordinate interventions in order to meet patients' medical and social
needs. Community paramedics consult with advanced practice
providers either in-person or via telemedicine while performing in-
home assessments. Also involved in program design, evaluation, and
administration are quality assurance professionals, a health economist,
epidemiologist, biostatistician, and project managers. Needs are
reassessed frequently during repeat home visits and patient contacts
via telephone. A discharge visit at the end of the 30-day program
reassesses outstanding needs and self-reported quality of life. It also
provides an opportunity to extend enrollment if necessary or enact a
“warm handoff” to the patient's a primary care physician, case

manager, or other care teams for ongoing care and support.

2.3 | Variables

Variables for building the propensity score model were abstracted for
all patients from the EHR (see Appendix S1). Our propensity score
model included patient demographics, diagnosis, number and type of
comorbidities, calculated risk of readmission, employment, housing,
proxies for social support, multiple measures of prior health care
utilization and charges, medical service discharging the patient, the
number of inpatient discharges by physician, and the relative
frequency with which the inpatient discharging physician referred
patients to the MIH-CP program. Codes from the International Statistical
Classification of Diseases, Tenth Revision, identifying diagnoses present on
index admission were used to identify disease-specific comorbidities and
calculate the Charlson comorbidity index.2* Risk of 30-day potentially
avoidable readmission was measured by internationally validated
HOSPITAL score, which assigns weights to seven clinical variables and

has been internationally validated to predict the risk of readmissions.*>*¢

Outcome data for hospitalizations and ED visits, as well as data about
prior health care utilization for the propensity score model, were
obtained from our regional health information exchange, the
Chesapeake Regional Informational System for Our Patients (CRISP).
This data source captures ED and hospital utilization occurring
outside our hospital system in Maryland and the District of Columbia.
The primary outcome is number of inpatient hospitalizations within
30 days of initial hospital discharge. Secondary outcomes are ED
visits, observation hospitalizations, and total inpatient and outpatient
charges within 30 and 60 days after discharge, as well as excess days
in acute care 30 days after discharge. Excess days in acute care is a
weighted summation of days associated with ED visits, observation
stays, and unplanned inpatient readmissions 30 days after discharge.l”®
An additional secondary outcome was 30-day unplanned inpatient
readmission within 30 days of an initial inpatient hospitalization, as
defined by the Centers for Medicare and Medicaid Services Hospital
Readmissions Reduction Program. This outcome is of particular inter-
est to our hospital partners as they face financial penalties associated
with such revisits. This outcome only applies to patients whose index
admission was inpatient and were identified by a special indicator in
CRISP.

24 | Analysis

Differences in patients' and physicians' characteristics between
discharges in the intervention group and discharges in the control
group were compared using Mann-Whitney U test for continuous
variables and chi-square test for categorical variables.

Each index discharge in the intervention group was matched to a
discharge in the control group by 1:1 nearest neighbor matching with-
out replacement using propensity scores estimated using the variables
described above and shown in the Appendix S1. The balance of indi-
vidual predictors between the intervention and control groups before
and after matching was examined using standardized differences.*’
Average treatment effect for the treated was used to compute the
association of MIH-CP on various outcomes of interest using
the propensity-score-matched sample; 95% confidence intervals (Cls)
and p values of average treatment effects for the treated were com-
puted using a bootstrap method.

In addition, imbalance in some predictors is expected after pro-
pensity score matching, and the rule of thumb is that imbalance is
acceptable if the absolute value of standardized differences between
case and control groups is 10% or less. Covariate adjustment was con-
ducted using the propensity-score-matched sample to further adjust
for clinically important covariates or covariates with the absolute
value of standardized differences greater than 10%. For the primary
outcome (i.e., number inpatient readmissions within 30 days of dis-
charge) and other count data (e.g., ED, observation visits), we used
mixed-effects Poisson or negative binomial regression to account for
matching pairs and adjust for important covariates (e.g., prior health
care utilization and charges). For continuous secondary outcomes

(excess days in acute care and charges), mixed-effects linear model
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was used. Analysis of the secondary outcome of 30-day unplanned
readmission was performed using the subgroup of enrolled and con-
trol patients whose index hospitalization was inpatient status, since
only inpatient admissions can result in this outcome; therefore, it
required a separate and de novo propensity matching but the same
analysis plan was used.

Since our MIH-CP program is new (began in May 2018), was pil-
oted with a small number of patients, and changed rapidly in scope,
structure, and function over its first 6 months of operation, its effec-
tiveness may change over the study period. In order to evaluate for
this, we performed a sensitivity analysis by stratifying cohorts by date
of index readmission. Using mixed-effects models similar to those
described above, we replaced the binary group variable with a
three-level group variable (intervention enrolled before 2019
vs. intervention enrolled January 1, 2019 and later vs. control).
Database creation and cleaning were performed using SAS version 9.4
(SAS Institute Inc). Statistical analysis was performed using Stata/SE
version 16 (StataCorp LLC).

3 | RESULTS

Out of 72,481 discharges identified during the study period,
505 (0.69%) were for patients enrolled in the MIH-CP program,
464 (91.8%) of which were retained for analysis after removing dupli-
cate enrollments and patients enrolled from settings besides hospitali-
zation (e.g., the ED). The remaining 71,976 (99.3%) served as potential
controls. Of these, 66,171 (91.9%) were excluded because they did
not meet inclusion criteria for enrollment in the program. After
excluding discharges that lacked the data necessary to calculate a pro-
pensity score, we identified 5530 discharges to include as potential
matched controls. This process is shown in Figure 1.

Comparison between the 464 intervention discharges and 5530
control discharges is shown in Table 1. Compared to controls, patients
enrolled in the MIH-CP program were more likely to be older, female,
and have a steady place to live, more comorbidities, and a higher body
mass index. Their index admission was more likely to be at the larger
academic center (due to recruitment protocols), be an inpatient
admission, and have higher charges, and they were more likely to be
taken care of by a physician with higher rates of referral to the
program. Intervention discharges were less likely to be high utilizers
of inpatient and ED services in the year prior to index hospital
discharge, although overall mean total charges across all settings of
care (ED, inpatient, and observation) were similar between groups.
Common reasons for the index admission were bronchospastic disease,
congestive heart failure, chest pain, and substance use (data not shown).
Propensity matching of intervention and control discharges was success-
ful. All observable characteristics did not differ significantly between
propensity-score-matched groups (all p > 0.05); only two covariates had
standardized differences slightly greater than 10% (% bias = —10.3 for
employment, p = 0.08; % bias = —11.2 for charges in 30 days preceding
discharge, p = 0.15), demonstrating effective matching (Appendix S1,
Figure A).

Results from the propensity score matching and mixed-effects
models are shown in Table 2. Prior to matching, the intervention
group had a higher rate of inpatient readmission and higher charges,
although none of these differences were statistically significant. In the
final adjusted model, there was no difference in 30-day inpatient
readmissions between intervention and control groups (adjusted inci-
dence rate ratio = 1.19 [0.89, 1.60]). In general, differences in second-
ary outcomes between groups narrowed after propensity score
matching, and adjusted measures of association moved closer to the
null. The adjusted model did show a higher likelihood of observation
hospitalizations within 30 days of index discharge for MIH-CP
patients compared to matched controls (adjusted incidence rate
ratio = 1.78, 95% Cl = [1.01, 3.14]). However, this difference did not
persist at 60 days, and there were no statistically significant differ-
ences in other secondary outcomes of cost or utilization between
groups. This was also true of the subgroup analysis of patient with inpatient
index hospitalizations examining the outcome of 30-day unplanned inpatient
readmission (unadjusted incidence rate ratio = 1.04, 95% Cl = [0.75, 1.44];
adjusted incidence rate ratio = 0.93, 95% Cl = [0.67, 1.30]).

Table 3 demonstrates the results from the sensitivity analysis,
stratifying the cohorts to early (2018) and mature (2019) program
periods. The early period showed higher likelihood of inpatient
readmission, higher costs, and more frequent hospital observations
for enrolled patients compared to controls, although none of these
trends were statistically significant except for observation hospitaliza-
tions within 30 days of discharge. Beginning in 2019, there was no
longer a trend toward increased 30 -day inpatient readmissions, and
differences between groups narrowed, although again no association
was statistically significant. However, it does imply that patient selec-

tion and program effectiveness improved over the study period.

4 | DISCUSSION

In a retrospective analysis, we found that the rate of 30-day inpatient
readmissions were similar between hospitalized patients enrolled in
an MIH-CP transitional care program and hospitalized propensity-
matched controls. We found a trend toward fewer ED visits but
increased cost among program participants; these differences were
not statistically significant. There was a small increase in hospital
observations at 30 days after discharge among MIH-CP patients, but
this association did not persist to 60 days. Sensitivity analysis showed
a trend toward improved effectiveness of the program in the latter
portion of the study period (2019), although none of these associa-
tions were statistically significant.

Actionable conclusions from prior literature evaluating MIH-CP
programs are limited by study quality.” Many evaluations are of pilot
programs and therefore have small sample sizes. Some studies report
large effects on readmissions and/or cost, but frequently these evalu-
ations either lack a control group and compare treatment groups to
implausible counterfactuals, or have poorly matched controls that are
subject to selection bias and regression to the mean.”*>3 Pre-post

studies are the most common and are very susceptible to these
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TABLE 1 Summary statistics by group

Variable Unenrolled (n = 5530) MIH-CP (n = 464) Total (N = 5994) p Value
Mean age + SD, y 56.46 + 15.83 61.37 £ 14.36 56.84 + 15.78 <0.001**
Female gender, # (%) 2979 (53.87) 279 (60.13) 3258 (54.35) 0.01>*
Mean hospital length of stay + SD, d 3.63+4.43 495+ 10.86 3.74 £5.23 <0.001**
Mean charges for index admission + SD, $ 12,706.26 + 14,510.26 15,262.03 + 18,558.18 12,904.1 + 14,876.85 <0.001**
Inpatient admissions 365 days before <0.001°*
discharge, # (%)
0-1 3817 (69.02) 321 (69.18) 4138 (69.04)
2-5 1209 (21.86) 125 (26.94) 1334 (22.26)
>5 504 (9.11) 18 (3.88) 522 (8.71)
ED visits 365 days before discharge, # (%) 0.02*
0 1600 (28.93) 156 (33.62) 1756 (29.3)
1-9 3402 (61.52) 278 (59.91) 3680 (61.39)
>9 528 (9.55) 30 (6.47) 558 (9.31)
Mean charges 365 days before 42,530.1 + 73,661.22 39,423.18 + 73,817.82 42,289.59 + 73,671.87 0.63°
discharge + SD, $
Mean Charlson comorbidity index + SD 431 +3.83 445 + 342 432+38 0.04**
Comorbidities, # (%)
COPD/asthma 2052 (37.11) 176 (37.93) 2228 (37.17) 0.76°
CHF 1558 (28.17) 173 (37.28) 1731 (28.88) <0.0015*
Diabetes 2054 (37.14) 215 (46.34) 2269 (37.85) <0.001°*
Substance abuse 2905 (52.53) 215 (46.34) 3120 (52.05) 0.01°*
HIV 504 (9.11) 45(9.7) 549 (9.16) 0.74°
Cancer 713(12.89) 86 (18.53) 799 (13.33) 0.001°*
Hypertension 4036 (72.98) 366 (78.88) 4402 (73.44) 0.01*
ESRD 1210 (21.88) 115 (24.78) 1325 (22.11) 0.16°
Psychiatric disease 2532 (45.79) 231 (49.78) 2763 (46.1) 0.11°
Cardiovascular disease 531 (9.6) 62 (13.36) 593(9.89) 0.01b*
Race, # (%) 0.55°
Black 4785 (86.53) 405 (87.28) 5190 (86.59)
White 648 (11.72) 54 (11.64) 702 (11.71)
Other 97 (1.75) 5(1.08) 102 (1.7)
Health insurance payer, # (%) 0.03%*
Private 443 (8.01) 29 (6.25) 472 (7.87)
Medicaid 2456 (44.41) 182 (39.22) 2638 (44.01)
Medicare 2547 (46.06) 247 (53.23) 2794 (46.61)
Other/none 84 (1.52) 6(1.29) 90 (1.5)
Housing: “l have a steady place 4244 (76.75) 414 (89.22) 4658 (77.71) <0.001°*
to live,” # (%)
Index hospitalization status: inpatient 3039 (54.95) 317 (68.32) 3356 (55.99) <0.001°*
(vs. observation), # (%)
Enrolled at UMMC # (%) 3125 (56.51) 411 (88.58) 3536 (58.99) <0.001°*
Mean BMI = SD 28.95 + 8.49 30.48 + 10.14 29.07 + 8.64 0.01%*
Mean physician MIH-CP referral 0.07 £ 0.06 0.13 £ 0.07 0.08 + 0.07 <0.001**
rate + SD

Abbreviations: BMI, body mass index; CHF, congestive heart failure; COPD, chronic obstructive pulmonary disease; ED, emergency department; ESRD,
end-stage renal disease; HIV, human immunodeficiency virus; MIH-CP, Mobile Integrated Health Community Paramedicine program; SD, standard
deviation; UMMC, University of Maryland Medical Center (large academic center).

@Calculated using Mann-Whitney U test.

bCalculated using chi-square test.

*Denotes statistical significance at p < 0.05.
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TABLE 3

Outcome
Inpatient admission

30 days postdischarge

Excess days

In acute care®
Charges 30 days
Postdischarge, $
Charges 60 days
Postdischarge, $

MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled

MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled
MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled
MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled

Summary of MIH-CP effect stratified by time of index hospitalization discharge

Effect size
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1L

IRR [95% CI]?
1.34[0.92, 1.96]
1.01[0.73, 1.40]
Difference [95% CI]©
0.17 [-0.5,0.84]

—0.16 [-0.69, 0.37]
2531.45[-1239.22, 6302.12]
1186.78 [-1797.57,4171.13]
1353.71 [-3541.73, 6249.16]

433.36 [-3429.87,4296.58]

Adjusted IRR [95% CI]®
1.38 [0.95, 2.02]
1.09 [0.78, 1.53]
Adjusted difference [95% Cl]
0.21[-0.42, 0.84]¢

-0.09 [-0.59, 0.41]¢
3036.44 [-533.48, 6606.35]"
1526.58 [—1305.89, 4359.04]f
2045.21 [-2525.43, 6615.86]f
1096.88 [-2529.59, 4723.34]f

MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled
MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled in 2019 vs. unenrolled
MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled after 2019 vs. unenrolled
MIH-CP enrolled before 2019 vs. unenrolled
MIH-CP enrolled after 2019 vs. unenrolled

ED visits 30 days
Postdischarge
ED visits 60 days
Postdischarge
Obs 30 days
Postdischarge
Obs 60 days
Postdischarge

IRR [95% CI]®
0.77 [0.45, 1.33]
0.80[0.53,1.21]

Adjusted IRR [95% Cl]
[ 0.73[0.46, 1.15]"

[ 0.86 [0.61, 1.20]"
1.02 [0.65, 1.59] 0.98 [0.69, 1.40]"
0.96 [0.68, 1.36] 1.04[0.79, 1.37]"
2.66 [1.39, 5.08]* 2.26[1.15, 4.45]"
1.44[0.76, 2.70] 1.50[0.78, 2.87]

1.75 [1.03, 3.00]* 1.49 [0.85, 2.61]
1.24[0.77, 1.98] 1.26 [0.77, 2.08]

Abbreviations: Cl, confidence interval; ED, emergency department; IRR, incidence rate ratio; MIH-CP, Mobile Integrated Health Community Paramedicine

program; Obs, hospital observation status; OR, odds ratio.
#Calculated as MIH-CP = unenrolled.

bAdjusted for employment status; charges in the 30, 60, 90, and 365 days preceding discharge; inpatient visits in the 30 and 365 days preceding discharge;
and amount charged at the index discharge using mixed-effects Poisson regression model to account for matching pairs.

“Calculated as MIH-CP — unenrolled.

dAdjusted for employment status; charges in the 30, 60, 90, and 365 days preceding discharge; inpatient visits in the 30 and 365 days preceding discharge;
ED visits in the 30 and 365 days preceding discharge; and amount charged at the index discharge using mixed-effects linear model to account for matching

pairs.

®Calculated as [Days of unplanned inpatient hospitalization + # hospital observations + 0.5*ED visits] within 30 days of hospital discharge.
fAdjusted for employment status; charges in the 30, 60, 90, and 365 days preceding discharge; ED visits in the 30 and 365 days preceding discharge; and
amount charged at the index discharge using mixed-effects negative binomial regression model to account for matching pairs.

8Calculated as MIH-CP -+ unenrolled.

PAdjusted for employment status; charges in the 30, 60, 90, and 365 days preceding discharge; inpatient visits in the 30 and 365 days preceding discharge;
observation hospitalizations in the 30 and 365 days preceding discharge; and amount charged at the index discharge using mixed-effects Poisson

regression model to account for matching pairs.

iAdjusted for employment status; charges in the 30, 60, 90, and 365 days preceding discharge; and amount charged at the index discharge using mixed-

effects linear model to account for matching pairs.
*Denotes statistical significance at p < 0.05.

effects. Evaluated this way, our program would demonstrate a 72.2%
“decrease” in hospitalization rates in 30-day periods before and after
program enrollment. This result is likely in part because the index hos-
pitalization is included in the “pre” period, and because hospitaliza-
tions tend to occur during peaks of individual patient health care
utilization (patterns of health care utilization at the patient level are
commonly cyclical).

Evaluations that have more appropriate control groups or are ran-
domized often estimate smaller effects. This phenomenon was
highlighted when the Camden “Hotspotting” project, a comprehen-
sive primary care program that initially reported a large effect on costs
using retrospective analysis, published results of a randomized

controlled trial that showed no effect on primary outcomes.?® Simi-
larly, evaluating our program with contemporaneous and matched
controls reduces the estimated effect. However, other randomized tri-
als of care management programs do show positive results, highlight-
ing the difficulty in generalizing findings from evaluations of such
programs across settings and contexts.?*

Our retrospective study is primarily limited by selection bias due
to unobserved confounders that may affect the risk of 30-day inpa-
tient readmission. Patients are not randomly assigned to the MIH-CP
intervention; there was likely a subjective component to the recruit-
ment of patients by CHWs and interdisciplinary discharge teams.

In addition, recruitment was performed only at certain times and days
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of the week. Therefore, it is possible that factors affecting patient
recruitment were incompletely accounted for in our propensity score
model, such as health-related behaviors, social support, other care
coordination support, health literacy, or time/day of discharge. We
attempted to adjust for observable factors affecting the risk of
readmission using a propensity score model that included of over
50 variables. Notably, we were able to incorporate only a few social
factors in our model because these data are not routinely collected at
our institution. Social factors may be related to risk of readmission as
well as recruitment into the MIH-CP program. Anecdotally, however,
our team has found that we frequently identify needs during home
visits that went unrecognized during the hospital stay. The lack of
effective recognition of these needs in the hospital may reduce the
role these factors play in confounding through selection bias unmiti-
gated by propensity modeling.

The structure of our MIH-CP program did evolve somewhat over
time, and changes in utilization, evolving health care delivery models
outside MIH-CP, and in the program's function and efficacy could
have resulted in variation in program effect over the study period.
Since our sample size was limited by the convenience sample of
patients enrolled, our study may have been underpowered to detect
clinically significant differences, especially when stratified by early
(2018) and mature (2019) program periods. If patient selection and
operational effectiveness similar to the mature program period
continue, a longer study with more patients may show a statistically
significant improvement in our primary outcome. A modest but signifi-
cant reduction in likelihood of post-discharge ED visits might be
observed with a longer study period of an operationally refined
program. Repeat analysis after a longer program duration may allow
for increased power and the ability to identify smaller but meaningful
associations between program enrollment and decreased health care
utilization or cost.

Despite the lack of observed impact on short-term health care
utilization outcomes, it is possible that our MIH-CP program improves
care quality and patient-reported health outcomes. In general,
patients' satisfaction with MIH-CP programs has been shown to be
high.” Pilot data from our program show improved patient-reported
health over the program's 30-day course for enrolled patients, and
high average satisfaction scores (9.75/10).22 In addition to conducting
analyses with sufficient power and methods to reduce selection bias,
future work should examine the effect of MIH-CP programs on
patient-reported outcomes including the ability to improve self-care
(patient activation); few studies have measured such outcomes com-
pared to robust control populations. If MIH-CP were shown to
improve patient health and experience without significantly increasing
cost or utilization, continuation of the program may be justified. In
addition, incorporating more complete data measuring social determi-
nants of health into propensity models may improve matching
between recruited patients and controls. Consistent documentation
and data collection regarding these determinants would enable further
research to determine which social interventions have the greatest
effect on health care utilization and individual health outcomes, and

would inform more effective program development.

MIH-CP programs are becoming increasingly common across
Maryland and the United States, but the optimal structure and
approach is not clear, to date, as evaluation methodology has been of
poor quality. A robust, long-term evaluation of a mature program
informs the national discussion on the cost-effectiveness of MIH-CP
for improving care transitions. The Baltimore City MIH-CP program is
similar to many other MIH-CP programs in urban areas in the United
States. Policy makers should be cautious to assume the cost-
effectiveness of similar programs and should encourage more robust
evaluation, including randomized trials, of new and existing programs.
Key stakeholders were hesitant to approve a randomized trial of our
program due to a perception that there is a lack of clinical equipoise
between MIH-CP-supported discharges and standard discharge care
and an interest in providing services to as many patients as possible.
Results from our study provide evidence that it may be reasonable to
conduct a randomized trial comparing MIH-CP to standard discharge
care or another care coordination program in order to ascertain a
more accurate measure of program effectiveness. We await the
findings of randomized trials currently under way?3-25; similar trials in
multiple sites would be helpful for a comprehensive evaluation of the
MIH-CP strategy across different contexts and perhaps support

meta-analysis.

5 | CONCLUSION

This propensity-matched observational study of an MIH-CP transi-
tional care program did not show a significant difference in 30-day
inpatient readmissions, charges, excess days in acute care, ED visits,
or observations after hospital discharge among program participants
compared to controls. However, it does inform a deeper understand-
ing of our program and we plan to use the results to guide perfor-
mance improvement strategies to optimally benefit patients. While
limited power may have obscured small but meaningful associations,
this study demonstrates the necessity of realistic comparisons with
control groups accurately representing the counterfactual when eval-
uating care coordination programs to mitigate the pervasive effects of
selection bias and regression to the mean. We encourage other MIH-
CP and care transition programs and funders to insist on rigorous
evaluation methods, including randomized control trials, to provide
evidence-based guidance that can drive implementation of novel care-
delivery models to meet the Triple Aim and improve population health.
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