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s of 2019, the 518 accountable care organizations (ACOs)

participating in the Medicare Shared Savings Program

(MSSP) coordinate care for 10.9 million fee-for-service
(FFS) beneficiaries.! More than 70% currently participate in upside-
only tracks, but the Pathways to Success final rule requires that
all future MSSP ACOs take on some level of downside risk within
2 years.? Financial performance for participants in the 2-sided
Next Generation ACO (NGACO) model varied widely, ranging from
owed losses of $14 million to earned savings of nearly $30 million
in 2017, highlighting the need for reproducible strategies that can
improve outcomes and reduce spending.

Most NGACOs implemented care management programs targeted
at subpopulations with chronic comorbid diseases as a way to
manage costs,* but there are relatively few examples in the literature
that demonstrate an association between complex care manage-
ment programs and lower medical expenditures for participating
beneficiaries.>" Findings from recently published success stories
were limited to a single ACO site or based on a small sample size
of Medicare FFS patients, which limits generalizability.”" To our
knowledge, there are no large-scale, multisite ACO studies that
evaluate the impact of a standardized complex care management
program on cost and utilization outcomes.

Some previous studies have identified care management strategies
that may be associated with improved outcomes, such as proac-
tive targeting of populations with preventable risk factors,”**
evidence-based intervention design,®"" and continuous perfor-
mance management facilitated by key operational indicators.'
However, there is little detail regarding the relative importance
of implementing specific program features” or the impact of
intervention fidelity on program effectiveness. Fidelity, or the
degree to which an intervention is applied as intended, is generally
acknowledged as a modifier of population health program effects
in literature,® but its precise impact on program effectiveness is
not well understood.

ABSTRACT

OBJECTIVES: The objectives of this study were to estimate
the utilization and spending impact of a standardized
complex care management program implemented at 5 Next
Generation accountable care organizations [NGACOs) and
to identify reproducible program features that influenced
program effectiveness.

STUDY DESIGN: In 2016 and 2017, high-risk Medicare
beneficiaries aligned to 5 geographically diverse NGACOs
were identified using predictive analytics for enrollment

in a standardized complex care management program. We
estimated the program’s impact on all-cause inpatient
admissions, emergency department visits, and total
medical expenditures (TME) relative to a matched cohort of
nonparticipants. In a subanalysis, we studied the modifying
effects of intervention fidelity on program impact.

METHODS: We created 1897 propensity score-matched
case-control pairs based on preprogram similarities in
disease profile, predictive risk score, medical cost, and
utilization. Changes in outcomes 6 months post program
were measured using difference-in-differences analyses.
We used principal components analysis to identify program
features associated with reduced inpatient admissions,
classified cases according to intervention fidelity, and
measured postprogram changes in TME for each subgroup.

RESULTS: Program participation was associated with a
21% reduction in all-cause inpatient admissions (P=.03)
and a 22% reduction in TME (P=.02) 6 months after program
completion. Relative spending reductions were 2.1 times
greater for high-fidelity interventions compared with overall
program participation (P<.001).

CONCLUSIONS: Centrally staffed complex care management
programs can reduce costs and improve outcomes for
high-risk Medicare beneficiaries. Integrating predictive

risk stratification, evidence-based intervention design, and
performance monitoring can ensure consistent outcomes.
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OBJECTIVES

The principal objective of this study was to
estimate the clinical and financial impact of
a standardized complex care management
program implemented across 5 geographically
diverse NGACOs during 2016 and 2017. We
analyzed whether program participation was

v

associated with changes in all-cause inpatient tion fidelity.

v

admissions, emergency department (ED) visits,
and total medical expenditures (TME) for
participating beneficiaries. In a subanalysis, we
identified specific program features that were
associated with improved outcomes, developed
ageneralizable measure of intervention fidelity, and estimated the

v

modifying effects of intervention fidelity on program outcomes.

METHODS

Overview of Complex Care Program

In 2016 and 2017, Evolent Health, a provider of value-based care
services, partnered with 5 NGACOs to implement a complex care
management program targeted at Medicare beneficiaries with
chronic comorbidities and a high risk of hospitalization.? In the
program, registered nurses led an evidence-driven, team-based
care advising approach®'®2? aimed at reducing hospitalizations,
ED visits, and TME among participating beneficiaries. Common
chronic conditions within the target population included chronic
obstructive pulmonary disease, coronary artery disease, diabetes,
congestive heart failure, and asthma. Some patients also exhibited
comorbid diagnoses with chronic kidney disease, behavioral health
conditions, or neurocognitive disorders.

Enrollment

Nearly 87% of program participants were proactively identified via
predictive risk stratification. Machine learning models predicted each
patient’s risk of incurring a future avoidable hospitalization using
administrative, clinical, and sociodemographic variables such as comor-
bid diagnoses, condition severity, acute utilization trends, laboratory
values, educational attainment, and food access.?*?* A small subset
of enrollees (13%) were referred to the program by their physician.

Once identified, patients were added to a queue for telephonic
outreach from a registered nurse. Program coordinators prioritized
patients for outreach according to predicted admission risk, along
with the output from a separate predictive model that estimated each
prospective participant’s likelihood of enrolling in the program.?
Across all ACOs during the study period, approximately 3% of
patients were identified as appropriate for the program.

Program Design

Registered nurses collaborated with patients, their physicians,
and an extended care team to develop an individualized care plan
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TAKEAWAY POINTS

This large-scale, multisite study demonstrates that a standardized complex care management

program can consistently reduce utilization and spending for high-risk Medicare populations

distributed across diverse geographies.

» Program participation was significantly associated with reduced all-cause inpatient admis-
sions (-21.2%) and lower total medical expenditures (-22.0%) compared with a propensity
score-matched cohort of nonparticipants.

We identified specific program features that were significantly associated with interven-

Relative spending reductions were 1.9 times greater for high-fidelity interventions compared
with overall program participation.

Future accountable care organization leaders can use these findings to inform effective
care management program design.

focused on 6 key mechanisms: barrier identification and action
planning, gap in care closure, care coordination, basic medication
reconciliation,? patient activation and education,'** and referrals to
local or electronic resources. Program duration averaged 4 months,
and patient-care advising interactions were designed to occur at
least every 14 calendar days. More than 96% of patient-care advising
interactions occurred telephonically. Patients graduated from the
program once all identified barriers were resolved.

A web-based care management workflow tool was used to
document all program activities, monitor key performance indica-
tors, trigger relevant clinical alerts, and identify patients due for
follow-up. Program coordinators periodically reviewed aggregate
performance data each month to identify best practices and develop
process improvement plans.

Study Population

Intervention and control samples were created from a pooled
population 0f 163,977 Medicare beneficiaries aligned to 5 NGACOs in
California, Idaho, Illinois, Indiana, and Virginia. The intervention
sample includes beneficiaries 65 years and older who enrolled in
complex care management between January 1, 2016, and December 31,
2017. All patients who participated in the program and had no other
care management program enrollment in the 12 months preceding
identification were eligible for inclusion in the intervention sample.
Patients who were identified as appropriate for care management
via predictive risk stratification but declined to participate, could
not be reached for initial enrollment, or were not contacted during
the study period because of program capacity constraints served as
candidate controls. In separate sensitivity analyses, we restricted
the control group to include only patients who were identified via
predictive stratification but not contacted during the study period.

Data Sources

Program operations data were used to identify intervention and
control patients. Outcome measures were derived from adminis-
trative claims data and reported in terms of rates per member per
month or per 1000, where applicable. The baseline period refers to
the 12-month period prior to the program start date for intervention
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TABLE 1. Baseline Characteristics and Utilization Among Control and Intervention Groups Before and After Propensity Score Matching

Control
Patients, n 3666
Age in years, mean 77.7
Female sex 57%
Charlson Comorbidity Index score, mean 5.59
Comorbid diseases

Diabetes 54%

Asthma 17%

Coronary artery disease 56%

Chronic obstructive pulmonary disorder 39%

Congestive heart failure 48%

Dementia 17%

Risk score percentile 79.7
Utilization metrics (per 1000 members per month)

Total inpatient admissions 2548.6
Acute admissions 1888.2
Nonacute admissions 639.1

ACSC admissions 801.2

ED visits 1462.5

PCP visits 9387.5

Specialist visits 10,187.1

TME (in $ PMPM) 3868.6

Baseline After matching
Intervention Control Intervention
1993 1897 1897
76.8 <.001° 76.9 76.9 .933
60% .0212 59% 59% >.999
5.55 722 5.55 5.52 777
57% .090 58% 55% 140
20% <.001® 20% 20% .902
54% .0492 55% 53% .345
39% .983 39% 39% .842
46% .081 46% 45% 415
10% <.001® 9% 10% .318
79.4 567 78.3 79.0 .278
1845.5 <.001® 1979.3 1854.2 162
1445.3 <.001® 1542.9 1453.1 .200
389.3 <.001® 417.4 393.3 470
670.6 <.001® 714.8 668.9 .209
1314.8 .075 1290.7 1294.2 962
9827.1 .091 9458.3 9633.9 .524
10,300.2 749 10,316.1 10,224.8 796
2952.0 <.001® 3167.7 2963.9 143

ACSC, ambulatory care-sensitive condition; ED, emergency department; PCP, primary care physician; PMPM, per member per month; TME, total

medical expenditures.
2P <.05.
5P <.001.

patients and the date of initial identification for controls. Members
were followed for 6 months to evaluate utilization and cost outcomes.
All analyses were performed in R 3.5.1.

Propensity Score Matching

Across several preintervention periods, we observed that trends
were not parallel for the primary outcome of interest, TME, in the
treatment and control groups (eAppendix A [eAppendices avail-
able at ajmc.com]), which could introduce bias due to regression
to the mean (RTM).?*?” To mitigate potential RTM bias, we used
1:1 propensity score matching® using covariates related to both
outcome and assignment?-* to select for controls who most
resembled patients in the intervention group. We constructed
separate multivariable logistic regression models for each ACO
population using patient demographics; presence of congestive
heart failure, chronic obstructive pulmonary disease, diabetes
mellitus, dementia, and other comorbidities; Charlson Comorbidity
Index score®; predictive risk score; baseline spending; and baseline
utilization. The variables used in the propensity score model are
listed in Table 1. Patients within each ACO were matched using a
caliper width of 0.2 times the SD of the propensity score without
replacement. Matched pairs were then pooled into a final study

data set. We assessed covariate balance both within each ACO and
across the entire study cohort.

Difference-in-Differences Analysis

Following propensity score matching, our primary analysis utilized
a difference-in-differences (DID) approach to compare the change in
costand utilization outcomes before and after the program among
the intervention group with the change in the control group over
the same period.* The outcomes of interest were all-cause inpatient
admissions, ED visits, and TME. We used linear probability models
thatadjusted for month of year, years of ACO experience, and ACO site.

Intervention Fidelity Analysis

Using program operations data collected by the workflow manage-
ment tool, we explored modifiable program components related to
patientidentification and care management intervention delivery
that were associated with reduced all-cause inpatient admissions
post program. Using principal components analysis (PCA) and
multivariable regression techniques, we isolated 5 reproducible
program features that were significantly associated with reduced
admissions.?*** We created binary flags for each feature and
assigned each case in the intervention sample a normalized score of
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intervention fidelity from 0 to 100. The interven-
tion fidelity score was calculated by observing

whether each feature was present during the

study period and weighted according to the

estimated percentage of variance explained

by each feature. Using sensitivity analyses, we

determined intervention fidelity score thresh-
oldsand classified each intervention participant

into low- and high-fidelity subgroups. The

score was validated using a separate cohort of
program participants to ensure replicability NOT MATCHED
and generalizability.

RESULTS

During the study period, 1993 total patients

No match found
n=6

enrolled in the complex care program and
had sufficient historical and follow-up
data available (Figure 1). Six patients were
excluded from the analysis because we did
notidentify an appropriate matched control.
The final analysis included 1897 1:1 matched
pairs. Prior to matching, we found significant
differences between the intervention and

MATCHED

control groups that were balanced following

. . INTERVENTION
propensity score matching (Table 1). After
matching, we observed approximately parallel

preperiod trends in both the intervention and

FIDELITY COHORTS®

Effective Care Management by NGACOs

FIGURE 1. Study Population Criteria

All patients from January 1, 2016, to December 31, 2017,
who met criteria for complex care management program?
N=5659

I
- -

Program participants
n=1993

Nonparticipants®
n=3666

No match found

Matched by propensity score 1:1 n=1769

! !

Intervention group
n=1897

Control group
n=1897

Low fidelity (0-59)
n=507

High fidelity (60-100)
n=1390

control cohorts for the primary outcome, TME
(eAppendix B), satisfying the parallel trend

aMedicare beneficiaries aligned to the 5 Next Generation accountable care organizations in the study
cohort with a high risk of hospitalization and at least 9 months of data in the preintervention period and

3 months of data in the postintervention period.

assumption required for internal validity of

DID estimates.
constraints (n=680).

Utilization and Spending

Using regression analysis, we estimated the
adjusted predicted change in all-cause inpatient
admissions, ED visits, and TME for the intervention group relative
to the change observed during the same period in the control group
(Table 2 [A]). The models adjusted for potential year-over-year
changes in costand utilization patterns. Compared with the control
group, participation in the complex care program was significantly
associated with a 21.2% decline in inpatient admissions (95% CI,
-37.1% to —5.4%; P=.03) and a 22.0% reduction in TME (95% CI,
-37.6% to —6.5%; P=.02). We also observed a relative 3.0% decline
in ED visits for program participants (95% CI, —20.1% to 14.2%), but
the difference was not statistically significant (P=.78).

We also conducted sensitivity analyses that restricted the control
group definition to include only patients who were in queue for
outreach, and we observed that inpatient admissions were reduced
by 21% and TME was reduced by 17% (eAppendix C). The magnitudes
of the reductions were similar to the results in the unrestricted
control group, but the results are not statistically significant.

®Reasons for nonparticipation include patient declined to participate (n=2208), patient contacted but
not reached (n=778), and patient not contacted during the study period because of program capacity

¢Intervention fidelity refers to the degree to which an intervention is implemented as intended. A score of
0 to 100 was assigned to each case in the intervention sample using a weighted equation based on the
observed occurrence of key program activities during the study period (Figure 2J.

Intervention Fidelity

We identified 5 program components during PCA that were associ-
ated with intervention fidelity: patient identification based on
predictive stratification; graduation from the program with goals
achieved; at least 2 patient-care advising interactions per month; at
least1documented care plan within 14 days of program enrollment;
and in-person visits from care managers (Figure 2). Each program
participant was assigned a normalized intervention fidelity score
between 0 and 100 based on observed occurrences of each of the
5 program components identified during PCA and weighted by
their estimated relative influence on postprogram reductions
in inpatient admissions. After sensitivity analyses, we created
2 subgroups based on the calculated measure of intervention fidelity:
low fidelity (0-59) and high fidelity (60-100).

In separate DID models, we observed magnified program effects
among program participants in the high intervention fidelity
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TABLE 2. Relative Change in All-Cause Inpatient Admissions, ED Visits, and TME
A. Overall care management program participation

Baseline?® Follow-up® Difference-in-differences®

Control (n=1897)

Intervention (n=1897) Control Intervention Control Intervention Percentage points (95% Cl)

Total inpatient admissions 1979.3 1854.2 2295.3 1743.6 -21.2(-37.1 to -5.4) .03

ED visits 1290.7 1294.2 1319.6 1288.2 -3.0 (-20.1 to 14.2) .78

TME 3167.7 2963.9 3691.2 2866.1 -22.0 (-37.6 to -6.5) .02
B. Subset of program participants who received high-fidelity intervention (score 2 60)¢

Control (n=1390) Baseline® Follow-up® Difference-in-differences*

Intervention (n=1390) Control Intervention Control Intervention Percentage points (95% Cl)

Total inpatient admissions 1363.5 1298.6 1759.8 841.2 -46.9 (-65.3 to -28.5) <.001

ED visits 987.8 1006.1 1002.7 938.0 -8.1(-32.0 to 14.8) .56

TME 2070.3 2030.4 2747.7 1612.9 -42.2 (-59.5 to -24.8) <.001

ACO, accountable care organization; ED, emergency department; TME, total medical expenditures.

2Defined as 12 months prior to program enrollment or in-queue status.

Defined as 6 months following program enrollment or in-queue status.

‘Represents the relative change in each outcome for intervention group patients; estimates are from linear probability models adjusting for month of year and ACO
program year as fixed effects and ACO as an indicator variable.

dIntervention fidelity refers to the degree to which an intervention is implemented as intended. A score of 0 to 100 was assigned to each case in the intervention
sample using a weighted equation based on the observed occurrence of key program activities during the study period (Figure 2).

FIGURE 2. Program Features Associated With Reduced Inpatient

Admissions, Ordered by Relative Influence Determined in Principal
Components Analysis
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subgroup (60-100) compared with the low-fidelity subgroup (0-59)
and the mean reduction in TME for all program participants in the
intervention sample (Figure 3). Within the high-fidelity subgroup,
inpatient admissions were reduced by 46.9% (95% CI, —65.3% to
-28.5%; P <.001) and TME was reduced by 42.2% (95% CI, —-68% to
-25%; P <.001) 6 months post program, which is 1.9 times greater
than the mean TME reduction observed among all program
participants in the study. We also observed an 8% reduction in TME
among patients in the low intervention fidelity subgroup, but the
results were not statistically significant (95% CI, —31.6% to 48.2%;
P=.73) (Table 2 [B]).

FIGURE 3. Relative Changes in Total Medical Expenditures

Associated With Participation in Care Management, Overall
and by Intervention Fidelity Score?

P

High fidelity (60-100) ~42% 001
n = 1390 ‘ :

Low fidelity (0-59) i 8% 7
n =507 : :

Overall -22% H 02
n=1897 ’ : :
-80% -60% -40% -20% 0% 20% 40%  60%

Relative difference-in-differences

2Intervention fidelity refers to the degree to which an intervention is
implemented as intended. A score of 0 to 100 was assigned to each case in
the intervention sample using a weighted equation based on the observed
occurrence of key program activities during the study period (Figure 2).

DISCUSSION

To our knowledge, this analysis is the first large-scale study to
demonstrate thata centralized complex care management program
can reduce total medical expenditures among high-risk beneficiaries
across multiple ACO sites. Sensitivity analyses showed consistent
program impact within each NGACO and across the entire study
population. Given that the NGACOs in the study were heterogenous
in terms of size (ranging from approximately 14,000 to 45,000
beneficiaries), geography, and experience with the NGACO model
(3 of the 5 were in the first year of participation in the program),
this study’s findings may be generalizable to other MSSP ACOs.
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To further evaluate our findings, we identified studies that found
an association between high-risk care management programs and
reduced utilization and spending for participants. The magnitude
of the reduction in hospitalizations and ED visits that we observed
among complex care program graduates is within previously reported
ranges.”>"! However, compared with other studies of successful
high-risk Medicare care management program implementations,
our analysis found that program participation reduced medical
expenditures to a greater extent. Our findings show that TME for
program participants decreased by 22% relative to nonparticipants.
Other studies that found lower spending among program participants
reported relative reductions of 6% to 9%."

We hypothesize that several factors could account for the relatively
higher program effects observed in our study. First, we evaluated
a mature program that was staffed by teams with previous imple-
mentation experience. Therefore, our results may partly reflect the
time required to develop effective care management and patient
engagement strategies, which was noted as a potential determinant
of success in previous studies.?°

Second, we used machine learning models that employed diverse
clinical, administrative, and sociodemographic data sources to
identify prospective program participants who are likely to incur
a future avoidable hospitalization. During our literature review,
we found that other successful programs used less sophisticated
targeting criteria based on the presence of chronic comorbidities®
or prior utilization.”" Results of previous studies have shown
that predictive models can accurately predict future preventable
utilization®?*?* and produce superior results relative to condition-
based criteria.** However, although predictive risk stratification
has been widely adopted by ACOs, many organizations rely solely
on claims-based models*?* and do not leverage other clinical
data sources that may predict future risk. Our findings suggest
that predictive risk stratification algorithms, particularly models
that include diverse data sources, are a critical component of
program effectiveness. Moreover, analytics that inform patient
engagement strategies can help ensure that programs achieve
maximum reach.?3

Finally, our intervention design was grounded in evidence-based
best practices”> and was continuously monitored throughout
implementation using a centralized care management workflow tool.
Leveraging real-time program operations data, program coordinators
were able to monitor specific care-advising activities, track partici-
pantadherence to recommendations, and identify opportunities to
improve implementation. We observed that postprogram spending
reductions among cases in the high-fidelity subgroup, in which
patients consistently received program features associated with
reduced risk of hospitalization, were 1.9 times greater than the
reductions observed among overall program participants (42% vs
22%). Of the 1897 program participants in the intervention group,
1390 (73%) received high-fidelity interventions, which suggests that
the consistent application of high-value program components was
a significant driver of program success.

Effective Care Management by NGACOs

NGACO leaders reported difficulties implementing performance
management strategies, citing infrequent tracking that occurred on
amonthly and sometimes quarterly basis.* We hypothesize that the
weekly monitoring cycle employed by the care management staff in
this study contributed to the program’s effectiveness. As has been
found with the management of chronic disease prevention needs,*"*
real-time data feeds were critical to the performance management
process and provided care managers with timely information that
influenced patient-level care.

Limitations

Itisimportant to acknowledge potential limitations of our study. For
example, enrollment in the complex care program was nonrandom,
which introduced the potential for biased DID estimates. We took
several steps to control for measurable confounding and to mitigate
potential bias due to regression to the mean during the propensity
score—matching process. For example, we matched the cases to
controls who were similar across several baseline characteristics,”"
including preperiod outcomes and time-invariant covariates such
as age and sex (eAppendix D).?** Given the numerous variables that
were examined for the propensity score models, we assumed that
any unmeasured confounders would be distributed similarly across
our comparison groups.*® Moreover, we believe that using the same
risk stratification algorithm to identify both treatment and control
group subjects mitigated the risk of selecting treatment and control
groups thatare meaningfully different. To further validate our results,
we performed sensitivity analyses that restricted the control group
to include only patients who were in queue for outreach but not
contacted (eAppendix C). We observed that inpatient admissions
and TME were reduced and that the magnitude of the reductions
was similar to the results in the unrestricted control group. The
results of the sensitivity analysis were not statistically significant,
however, and the reduced sample size affected our ability to study
the modifying effects of intervention fidelity on program outcomes.

Several areas require further investigation. For instance, more
research is needed to understand the specificimpact of integrating
diverse data sources, including real-time clinical data, on risk
stratification accuracy and overall program effectiveness. Similarly,
future studies could examine how factors like patient activation, =
provider engagement, and previous organizational experience with
care management could affect program success. Finally, this study
did not evaluate program implementation costs, calculate return
on investment, or quantify overall savings that can be attributed
to complex care management. Future studies could evaluate
the cost-effectiveness of different complex care management
program components.

CONCLUSIONS

For provider organizations considering performance-based risk
arrangements, it is important to understand specific tactics that
can improve utilization outcomes and reduce medical spending.
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This study adds to a growing body of evidence that complex care
management programs can reduce all-cause inpatientadmissions and
TME for participating high-risk Medicare beneficiaries with complex
comorbidities.”" We found that program effects were consistent
across a relatively heterogenous cohort of NGACOs, suggesting
that program effects are reproducible across varying populations.

We identified several program components that are associated
with intervention fidelity, such as predictive risk stratification,
timely care planning, frequent patient-care advising interactions,
and in-person visits. Our findings suggest that program participants
who are proactively targeted via predictive stratification and
consistently engaged with high-value program activities experience
postprogram cost reductions that are nearly 2 times greater than
average (Figure 3). Current and future ACO leaders can leverage the
findings from this study to implement specific program activities
that are associated with program success. ®
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eAppendix A. Pre-Period Trends for Total Medical Expenditures (TME) per Member per Month (PMPM) for Unmatched

Intervention and Control Samples

Unmatched Samples

Control (n = 3,660)
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Each time period on the x-axis represents 6 months (e.g. #-18 represents the period from 24 months to 18 months prior to the
intervention). The expected trend was calculated using a linear regression line-of-best-fit based on the trend observed over 24 months

in the pre-intervention time periods #-18, t-12, t-6, and ¢, which we then projected into the post-intervention period ¢+6.



eAppendix B. Pre-Period Trends for Total Medical Expenditures (TME) per Member per Month (PMPM) for Matched Intervention

and Control Samples

Matched Samples
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Each time period on the x-axis represents 6 months (e.g. #-18 represents the period from 24 months to 18 months prior to the
intervention). The expected trend was calculated using a linear regression line-of-best-fit based on the trend observed over 24 months

in the pre-intervention time periods #-18, t-12, t-6, and ¢, which we then projected into the post-intervention period ¢+6.



eAppendix C. Regression-Adjusted Propensity-Score-Matched Difference-in-Difference Results, by Control Sample Exclusion

Criteria

A. Control Group includes patients who are: (1) in-queue for outreach; (2) contacted but not reached; and (3) contacted and

declined to participate

Controln = 1,897 Baseline® Follow-Up"® Difference-in-Difference®
Intervention n = 1,897

Control Intervention Control Intervention Percentage points (95% CI) P
Total Inpatient Admissions ~ 1979.3 1854.2 22953 1743.6 -21.2 (-37.1to -5.4) 0.03
ED Visits 1290.7 1294.2 1319.6 1288.2 -3.0 (-20.1 to 14.2) 0.78
Total Medical Expenditures 3167.7 2963.9 3691.2 2866.1 -22.0 (-37.6 t0 -6.5) 0.02
B. Control Group includes patients who are: (1) in-queue for outreach; and (2) contacted but not reached
Control n = 946 Baseline® Follow-Up"® Difference-in-Difference®
Intervention n = 946

Control Intervention Control Intervention Percentage points (95% CI) P
Total Inpatient Admissions 2308 2056 2899 2069 -23 (-43 to -2) 0.07
ED Visits 1524 1436 1527 1438 0 (-21to 21) 0.99
Total Medical Expenditures 3859 3378 4622 3310 -22 (-41 to -3) 0.06
C. Control Group includes patients who are: (1) in-queue for outreach
Control n =491 Baseline® Follow-Up"® Difference-in-Difference®
Intervention n =491

Control Intervention Control Intervention Percentage points (95% CI) P
Total Inpatient Admissions 2859 2298 3465 2088 -21 (-43t0 0) 0.10
ED Visits 1657 1536 1574 1560 6 (-20 to 32) 0.71
Total Medical Expenditures 4369 3580 5122 3369 -17 (-36 t0 2) 0.15

2 Defined as 12 months prior to program enrollment or in queue status

®Defined as 6 months following program enrollment or in queue status




¢ Represents the relative change in each outcome for intervention group patients; estimates are from linear probability models

adjusting for month of year and ACO program year as fixed effects and ACO as an indicator variable



eAppendix D. Variables Used in Propensity Score Model

Demographics
Age
Sex

Clinical Risk Assessments
Charlson Comorbidity Score
Predictive Risk Score Percentile

Cost
Total Medical Expenditures (TME) (in $ PMPM)

Comorbid Diseases
Diabetes (%)
Asthma (%)
Coronary Artery Disease (%)
Chronic Obstructive Pulmonary Disorder (%)
Congestive Heart Failure (%)
Dementia (%)

Utilization Metrics (per 1000 members per month)
Total Inpatient Admissions

Acute Admissions
Non-Acute Admissions
ACSC Admissions
ED Visits
PCP Visits
Specialist Visits
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