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Abstract

The objective was to evaluate the 3-year experience of a high-risk case management (HRCM) pilot program
for adults with an AARP Medicare Supplement (Medigap) Insurance Plan. Participants were provided in-person
visits as well as telephonic and mailed services to improve care coordination from December 1, 2008, to
December 31, 2011. Included were adults who had an AARP Medigap Insurance Plan, resided in 1 of 5 pilot
states, and had a Hierarchical Condition Category score > 3.74, or were referred into the program. Propensity
score weighting was used to adjust for case-mix differences among 2015 participants and 7626 qualified but
nonparticipating individuals. Participants were in the program an average of 15.4 months. After weighting,
multiple regression analyses were used to estimate differences in quality of care and health care expenditures
between participants and nonparticipants. Increased duration in the program was associated with fewer hospital
readmissions. Additionally, participants were significantly more likely to have recurring office visits and
recommended laboratory tests. The program demonstrated $7.7 million in savings over the 3 years, resulting in
a return on investment of $1.40 saved for every dollar spent on the program. Savings increased each year from
2009 to 2011 and with longer length of engagement. The majority of savings were realized by the federal
Medicare program. This study focused on quality of care and savings for an HRCM program designed solely for
Medicare members with Medicare Supplement coverage. This program had a favorable impact on quality of
care and demonstrated savings over a 3-year period. (Population Health Management 2015;18:93–103)

Introduction

Currently, more than 40 million Americans are at least
65 years of age, and this group has increased by approx-

imately 15% since 2000.1 By 2020, 55 million Americans are
expected to be at least 65 years of age,2 totaling 16% of the
population. Advanced age is accompanied by an increased
likelihood of multiple chronic conditions. For example, in
2010, two thirds, or about 21 million Medicare beneficiaries,
had 2 or more chronic conditions, and 37% had 4 or more
chronic conditions.3 In addition, the 14% of beneficiaries with
6 or more chronic conditions accounted for 55% of Medicare
spending on hospitalizations and 63% of expenditures on post-
acute care, such as skilled nursing facilities and long-term
care.3 This group also was readmitted about 30% more often
than those who were younger than 65 years of age.

Medicare beneficiaries with multiple chronic conditions
often receive health care that is fragmented. A recent study
found that most Medicare beneficiaries see 2 primary care
physicians and 5 specialists working in 4 different prac-
tices.4 The Institute of Medicine noted these shortcomings
and recommended increasing the use of programs that can
help Medicare beneficiaries better coordinate their care.5

Similar concerns have been voiced by the Department of
Health and Human Services.6 Poor coordination of care can
lead to higher health care expenditures. Increased spending
on chronic conditions is one of the key factors related to the
rapidly growing expenditures in the federal Medicare pro-
gram,7 making it prudent to reduce unnecessary spending
when possible.

Case management is a comprehensive process designed to
meet the health care needs of individuals with multiple

1OptumInsight, Ann Arbor, Michigan.
2Evolent Health, Arlington, Virginia.
3MCG—Formerly Milliman Care Guidelines, Seattle, Washington.
4Consumer Solutions Group, Optum, Ann Arbor, Michigan.
5AARP Services, Inc., Washington, DC.
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chronic conditions, with the goal of ensuring that high-
quality, cost-effective health care services are used.8 To
date, case management has been shown to improve health
outcomes. For example, one study reported that individuals
with 3 or more restrictions in activities of daily living and
who had enrolled in a case management program had de-
creased nursing home admissions.9 Similarly, other studies
have reported positive findings associated with case man-
agement, such as slowed declines in health status,10 lowered
rehospitalization rates,11,12 and improved self-reported so-
cial functioning and satisfaction.13

Another goal of case management is to reduce unnecessary
costs, but few sound economic evaluations have been con-
ducted and those performed have shown inconsistent results.
A study by Duke focused on a sample of 175 participants
who were at least 65 years of age.14 In this study, emergency
department and hospital admission expenditures were 36%
and 60% lower, respectively, among those who were man-
aged. Picariello et al conducted an evaluation of a case
management program offered to Medicare Advantage bene-
ficiaries and reported net savings of almost $5000 per par-
ticipant per year.15 Conversely, a 1-year randomized trial
found no difference in health care costs associated with a case
management program,16 nor did an 18-month randomized
controlled trial of 8504 beneficiaries enrolled in a Medicare
Plus Choice health maintenance organization plan.13 Finally,
Baker et al conducted a study of a care coordination program
for Medicare insureds and found the program resulted in
about a 10% reduction of health care expenditures.17 This
study may have underestimated program impact by including
a large proportion of people in the intervention group who did
not actively engage in the intervention.

The present study focuses on Medicare fee-for-service
beneficiaries who have a Medigap plan that carries the
AARP brand. Currently, about 3.5 million adults have an
AARP Medicare Supplement Insurance Plan. These plans
are insured either by UnitedHealthcare Insurance Company
or UnitedHealthcare Insurance Company of New York, and
are offered in all 50 states, Washington, DC, and various US
territories.

A high-risk case management (HRCM) program was of-
fered to Medigap insureds who lived in target markets located
in 5 states, including parts of California, Florida, New York,
North Carolina, and Ohio. These states were not randomly
selected. They were selected because there were a large
percentage of AARP members who qualified for these pro-
grams and had UnitedHealthcare Medicare Part D coverage.

The HRCM program evaluated herein began in December
2008 and was ongoing through 2011. The first objective of
this evaluation was to determine whether those who par-
ticipated in this program received better quality of care than
those who did not participate. Another key objective was to
determine whether participation was associated with re-
ductions in health care expenditures, yielding savings that
might offset program costs and produce a positive return on
investment (ROI) associated with program participation.

Methods

The HRCM program intervention

The HRCM program was voluntary and offered at no
additional expense to qualified Medigap insureds in the

5 pilot states. The program used several sources to find in-
dividuals qualified for the program. Included were those
who had Hierarchical Condition Category (HCC) scores
greater than 3.74. This cutoff can be lowered if predictive
modeling is used to identify those who are most likely to
succeed in the program.

The HCC score is obtained from a standard risk adjust-
ment tool utilized by the Centers for Medicare & Medicaid
Services (CMS). The underlying HCC model developed by
CMS uses a sample of over 1 million insureds to predict
health care costs. These predicted costs are then converted
to relative risk factors.18 Thus, the average Medicare ben-
eficiary has an HCC score of 1.0, while scores greater or less
than 1.0 reflect expectations for higher or lower costs in the
future based on the individual’s age, sex, and medical
conditions. HCC scores are refreshed monthly through an
internal process for all AARP Medigap insureds and are
available in the claims database.

Insured members also were invited into the program if
their HCC scores were less than 3.74, but they were referred
to the program after talking to a nurse for another reason. For
example, if a member called the Nurse HealthLine program
(which is available to all AARP members with a United
Healthcare Medicare Supplement Insurance policy) to dis-
cuss another matter and it became clear during that conver-
sation that the caller may qualify for the HRCM program,
the caller would be referred to the HRCM program. Other
insureds may have been referred to the HRCM program by
their doctor or another care provider who knew of the pro-
gram. Still others may have been referred after completing a
health risk assessment survey and reporting process that
yielded information about their health status suggesting that
the HRCM program may be beneficial to them.

If an individual agreed to participate in the HRCM pro-
gram he or she received an in-home visit by a nurse case
coordinator. During that visit, a comprehensive assessment
of the individual’s health history was conducted. An ad-
vanced plan of care was developed and shared with the par-
ticipant, his or her physician, and with any other caregivers,
if the participant agreed to share this information with those
people. Participants were then called on the telephone ap-
proximately every 3 weeks to discuss their plans of care and
ongoing health status. In addition, if the participant was
hospitalized, the nurse case coordinator assisted the hospital
with discharge planning as well as planning for in-home
care, if needed. Further, the nurse case coordinator was avail-
able to help participating members prepare for upcoming
physician appointments or to accompany participants to their
appointments if desired. Participants also received regular
mailings regarding general health topics (eg, diet, exercise,
immunizations). These mailings also included tailored mes-
sages regarding gaps in care, such as pharmaceutical refill
reminders and missed office visits.

Study design

The HRCM program evaluation compared 2 types of in-
dividuals, those who participated in the program (program
participants) and those who were qualified but did not par-
ticipate in it (program nonparticipants). First, an overall
evaluation was conducted that included those who partici-
pated in the program for at least 30 consecutive days during
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the evaluation period, which ran from the program’s in-
ception in December 2008 through December 2011. Addi-
tional analyses tested if duration in the program was
associated with better quality of care and health care ex-
penditure outcomes. This was done by dividing participating
members into 3 equal-sized groups based on the duration of
program participation throughout the study period (ie, 1–9
months, 10–18 months, 19–37 months).

Three comparison groups of nonparticipants were randomly
selected from among qualified nonparticipants so that out-
comes observed for program participants could be compared
to suitable reference groups before making inferences about
program impact. One comparison group was observed for 1–9
months after index, another was observed for 10–18 months
after index, and the third was observed for 19–37 months. Any
participants or nonparticipants who had incomplete demo-
graphic information, who had less than 3 months of pre- and
postintervention period insurance membership data, or who
had negative health care expenditures were excluded from
the study.

Index date assignment and associated time lags
from program qualification

The evaluation design required that program partici-
pants be followed for periods of time before and after ex-
posure to the program. In order to make comparisons,
nonparticipants also had to be followed for a similar time
period even though they had no exposure to the program.
This design allowed the calculation of trends over time in
health care expenditures and other outcomes for both groups
of sample members. Comparing the trends for participants
to trends for nonparticipants allowed for more accurate
inferences of program impact, once statistical adjust-
ments were applied to ensure these 2 groups of people were
similar in terms of many other factors that also influenced
outcomes.

To understand how health care expenditures changed over
time for both participants and nonparticipants, index dates
were defined for each individual to divide his or her observed
time frames into 2 periods (before versus after index). The
index date for participants was the date the individual joined
the program. The index date for each nonparticipant was

based on the date he or she became eligible for the program
plus a time lag adjustment.

In any program there may be a time lag between be-
coming eligible for and engaging in a program. This is
because it takes time to contact individuals, describe the
advantages of the program, obtain a decision to participate,
and then to set up and apply program services. The time lag
for each engaged individual (ie, the time between the first
date of program qualification and the date of actual program
engagement) was determined and the distribution of these
dates was applied to nonparticipants via a random assign-
ment method to ensure the time lag distribution for each
group was the same. The 6 months prior to the index date
was then defined as the preintervention period, while the 12
months after the index date was the postintervention period.
This procedure is illustrated in Figure 1.

Covariates

Program participants and nonparticipants may differ with
regard to demographics, health status, and other factors.
Thus the statistical analyses that were used to estimate the
impact of program participation had to account for as many
of these differences as possible. First, the demographic,
health status, and other covariates used in these analyses are
described.

Several demographic measures were accounted for in the
evaluation of the HRCM program because these may inde-
pendently influence health care utilization and expenditures.
These demographics included the insured member’s age,
sex, and 2 variables measuring member location. The first
location variable indicated if the individual resided in a rural
versus an urban area, as defined using guidelines published
by the US Census Bureau.20 The second indicated the state
of residence for the individual.

Socioeconomic variables also were included in the ana-
lyses because these may influence health care utilization and
expenditures as well. These included zip code–level corre-
lates of the individual’s race and income, which were un-
known. Ascribing labels to individuals based on the zip
codes where they lived is obviously imperfect, but the re-
search team believes it is better to at least try to account for
socioeconomic factors in an imperfect way rather than make

FIG. 1. Schematic describing how the index date for nonparticipants is established based on the lag in time from program
eligibility to program participation among participants.
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no adjustments at all for socioeconomic factors. Therefore,
zip code–level correlates of race and income were used.
Likely membership in various race or income groups has
been shown to be correlated to zip code–based metrics, and
these metrics have been shown to influence health care
utilization and expenditures.21

Thus, in this study, the research team coded for whether
the respondent lived in an area with more or fewer minority
members, depending on the percent of minority residents
living in the individual’s zip code. This was accomplished
by extracting 2010 US Census Bureau demographic data
from the American FactFinder Web site.22 The data ob-
tained included population totals and a breakdown based on
race, which included the categories of white, black, Amer-
ican Indian, Asian, Pacific Islanders, and Other. A minority
status variable was then created using the ratio of nonwhite
population to the total population, and binary indicators
based on this ratio were used to account for the impact of
living in low, medium, or high minority areas. Similarly,
residence in areas of higher or lower income was coded as
high, medium-high, medium, or low, based on whether the
median income in the individual’s zip code area was in the
highest, second-highest, third-highest, or lowest quartile in
2010, according to US Census records.

Next, the type of Medigap insurance plan was accounted
for because insurance plan features may influence utilization
of services and health care expenditures. Members who had
more complete coverage for Medicare deductibles and co-
insurance were those who enrolled in Medicare supplement
plans C, F, or J. An indicator was created to account for this
in the analysis.

The research team also accounted for whether sample
members participated in other health care coordination
programs that were offered in the pilot states. These other
programs include the aforementioned Nurse HealthLine
program, pharmaceutical adherence or medication therapy
management programs, and disease management programs
for congestive heart failure (CHF), coronary artery disease
(CAD), diabetes, or depression. The team also adjusted for
the calendar year in which HRCM program qualification
was first observed to account for the likelihood that program
maturation may be associated with better outcomes.

Several health status measures also were included in the
analyses, as these may influence health care utilization and
expenditure trends. First among these was the HCC score.
Also included were indicators for whether diagnoses of de-
mentia or psychoses were evident in the individual’s medical
claims data. Dementia and psychosis are conditions that are
associated with long-term memory loss and may be chal-
lenging and very expensive to manage. Therefore, indicators
for having either of these 2 diagnoses are included in the
participation and cost-saving models. Models also are ad-
justed for whether there was evidence of placement in long-
term nursing facilities during the preintervention period.

The research team also accounted for whether individu-
als had emergency room visits or hospitalizations in the
6 months prior to their index date. In addition to influencing
subsequent utilization and expenditure trends, these vari-
ables may help account for differences in motivation to care
for oneself.

Next, pharmaceutical claims data were available for ap-
proximately half of the sample members, namely those who

had Medicare Part D coverage provided by UnitedHealthcare
Insurance Company. The primary goal of Medicare Part D is
to ensure that Medicare beneficiaries will not forgo necessary
prescription drugs because they cannot afford them.23

Therefore, differences in Medicare Part D coverage among
participants and nonparticipants may influence the expendi-
tures being evaluated. A binary flag indicated whether or not
a member had prescription drug coverage.

The analyses also accounted for differences in the supply
of health care services in the area where the individual lived,
as these are known to influence health care utilization and
expenditures.24 These variables were derived from the
Dartmouth Atlas of Healthcare.25 These data are at the
hospital service area (HSA) level,26 which is then trans-
ferred to zip code–level by the crosswalk supplied with the
data. Physician-based metrics were calculated per 100,000,
while the number of hospital beds was calculated per 1000
residents in the individual’s HSA.

Study outcomes used to assess program impact

All of the aforementioned variables were used in statis-
tical analyses to help estimate the impact of program par-
ticipation on quality of care and health care expenditures.
The quality metrics are described next, followed by a de-
scription of how expenditure trends were used to make in-
ferences about whether the HRCM program saved money
for participants and the Medicare program.

Quality metrics. To determine if the HRCM program
was associated with improvements in quality of care, com-
pliance with a number of evidence-based guideline (EBG)
metrics was noted. EBGs are treatments that are consistent
with processes described in the peer-reviewed literature that
are associated with significantly higher quality of care.27

Quality of care was defined based on the percentage of
individuals with a quality gap in the preintervention period
who closed that gap in the postintervention period by re-
ceiving services that are associated with higher quality of
care. Quality gaps were defined as a lack of evidence in the
claims data that an EBG metric was met. Some of these
quality gaps were not disease specific, while others were
related to particular conditions that were prevalent among
those who qualified for the HRCM program.

Non-disease-specific EBG metrics included a metric in-
dicating whether a sleep agent was used after an accidental
fall or hip fracture. Other non-disease-specific metrics were
indicators of whether drugs were prescribed that should be
avoided in the elderly. These drugs are noted on the Beers
list, which contains drugs that meet specific criteria as being
potentially inappropriate medications in older adults.28 An
example of a Beers-listed drug is a tricyclic antidepressant
or anticholinergic agent prescribed to someone with previ-
ous claims evidence of a diagnosis consistent with dementia.

Other EBG metrics were related to heart disease, diabetes,
or CHF. These disease-specific EBG metrics included hav-
ing a low-density lipoprotein (LDL) cholesterol test in the
last 12 reported months, compliance with prescribed beta-
blockers or angiotensin-converting enzyme inhibitors, hav-
ing at least 2 hemoglobin A1c (HbA1c) tests in last 12
reported months among patients with diabetes, or having 1
or more office visits to manage either CAD, diabetes, or
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CHF in the last 12 reported months before the member’s
study end date.

In addition to the EBG metrics, other quality of care
metrics were based on having readmissions for any cause
and to any hospital within 30 days of a previous hospital
discharge, and whether or not the individual had an office
visit with his or her health care provider within 15 days of
hospital discharge. Readmissions that occur shortly after
previous discharge are often caused by inadequately re-
solved issues from the prior hospitalization.29 Additionally,
hospital readmissions can be caused by deterioration in the
individual’s health shortly after discharge, which may have
been avoided if the individual had received appropriate care
after discharge.29

ROI. The ROI in the HRCM program was evaluated first
by estimating savings in health care expenditures associated
with program participation, then by comparing those savings
to the cost of operating the program. Savings that exceed
program costs provide evidence of a positive ROI for the
program.

Savings were estimated using a difference-in-difference
approach. Specifically, average monthly health care expen-
ditures in the period before program participation was offered
were calculated, as were average monthly expenditures after
it was offered. The differences in these averages over time
were compared for program participants and qualified non-
participants. Savings or losses were inferred depending on
whether changes over time in health care expenditures per
month were higher for program participants or nonpartici-
pants. The aforementioned propensity score and multiple
regression analyses accounted for differences in the covari-
ates mentioned earlier, before savings were estimated. The
regression process is described in more detail later in this
paper. Health care expenditures included payments from
Medicare, the Medigap Plan, and the member’s out-of-pocket
contribution.

Once savings were estimated, they were compared to
HRCM program operating costs in order to estimate an ROI
ratio for the program. This ratio was calculated as the total
savings associated with program participation divided by
total costs associated with participation in it. An ROI ratio
greater than 1.0 would indicate net savings for the program,
while an ROI ratio less than 1.0 would indicate net losses
associated with program participation.

Statistical analyses used to estimate program savings
and quality of care

Statistical analyses were conducted by combining the data
from each duration of participation period group to yield an
overall (3-year) program impact estimate. Three sets of
analyses were conducted. The first set of analyses included
descriptive statistics that described the demographic and
other characteristics of the sample and compared the un-
adjusted case mix differences between participants and
nonparticipants. Chi-square and Student t tests were used to
test for differences in categorical and continuous variables,
respectively. Secondly, propensity score weighting, as de-
scribed in the following section, was used to remove most of
the case-mix differences between participants and nonpar-
ticipants. The third set of analyses used additional multiple

regressions as a further control for demographic, socioeco-
nomic, location, and health status differences before making
inferences about program impact on quality of care or health
care expenditure trends. This helped to account for any re-
maining case-mix differences between participants and
nonparticipants after propensity score weighting, and ad-
justed for skewed distributions of health care expenditures,
which are common.30 Additionally, previous research has
shown that increased program duration is associated with
better outcomes,31 and evaluations were completed for each
duration period to determine how different lengths of pro-
gram participation affected study findings.

Propensity score weighting. Propensity score weight-
ing32,33 was used to minimize the case-mix differences between
participants and nonparticipants. To perform the propensity
score weighting, a logistic regression model was used to esti-
mate the likelihood of participating in the program. The vari-
ables used in the logistic model were the covariates previously
described. The propensity score for each sample individual was
then obtained from the results of the logistic regression, and
was defined as his or her predicted probability of being in the
HRCM program. This probability was then used to construct a
weight to be used in subsequent analyses to adjust for case-mix
differences. The weights were defined as inverse probability
weights, which were calculated as 1/predicted probability of
HRCM participation for each participant, and as 1/(1-predicted
probability of HRCM participation) for each nonparticipant. As
suggested in the literature, weights were normalized to equal
the sample sizes in each group.34 Applying the weights when
comparing the mean values for demographics, health status,
and outcomes helped to adjust for case-mix differences be-
tween those in the participant and nonparticipant groups. The
literature has shown that propensity score weighting is a con-
venient and acceptable way to remove case-mix differences
when evaluating health and wellness programs.35

Analyses for ROI and quality estimates. Per member per
month (PMPM) savings were measured via multiple re-
gressions that applied a difference-in-difference design, so
the research team could learn whether trends in health care
expenditures differed over time for program participants
versus nonparticipants. The multiple regression approach
utilized ordinary least squares regressions. The difference
in the PMPM total health care expenditure in the pre-
intervention versus postintervention periods was used as the
dependent variable value for each sample member. Primary
explanatory variables included whether or not the individual
was engaged, an indicator for whether the outcome was
measured before or after the index date, and an interaction
term for these 2. Models also were adjusted for the demo-
graphic, health status, location, and the supply side variables
mentioned previously.

The ROI estimates were generated from the savings re-
gression models, as mentioned earlier, and were measured
for all 3 years together (ie, an overall model) by participa-
tion duration group, and by calendar year.

To calculate the quality estimates, separate logistic models
were performed for each previously described quality metric
as the dependent variable, participation status (yes/no) was
the primary explanatory variable, and the same independent
variables that were used in the expenditure models were used
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to adjust for case-mix differences. Odds ratios greater than
1.0 would suggest a benefit associated with participation
with regard to the occurrence of office visits within 15 days
of previous discharge, having an LDL or HbA1c blood test,
the use of beta-blocker drugs for those who need them,
nonuse of drugs to be avoided by the elderly, and having an
annual office visit. Conversely, odds ratios less than 1.0
would suggest a benefit associated with participation related
to avoided hospital readmissions.

Sensitivity analyses. To determine if the results were
sensitive to outliers, propensity weighted models with and
without outliers were estimated to gauge if the exclusion of
a few individuals with either very high or very low expen-
ditures influenced the results. The initial analyses were
conducted after excluding outliers. In the sensitivity analy-
sis, outliers were added back into the sample. Outliers were
identified using a method first described by Heckman et al.36

The intent of the outlier identification method was to ensure
that the ranges of health care expenditures from lowest to
highest were identical for HRCM participants and nonpar-
ticipants. Expenditures outside the common range in each
group were labeled as outliers and removed from the main
analyses but included in the sensitivity analyses.

An additional sensitivity analysis was conducted by es-
timating savings using propensity score matching. Pro-
pensity score matching32,37 was accomplished by using the
propensity scores to conduct a one-to-one matching of
participants to nonparticipants using a reasonable minimum
difference, or caliper size, based on the predicted probability
score. A within caliper, nearest neighbor matching tech-
nique was used to match participants and nonparticipants
based on their propensity scores. Finally, models were run
without the race and income variables that were based on
zip code–level data to determine if results were sensitive to
the inclusion or exclusion of these variables.

Results

This evaluation included 2015 participants and 7626
nonparticipants who were qualified to participate but chose
not to do so. Separate analyses were conducted by time
spent engaged in the program, as previously described.
Within each participation duration group, prior to propensity
score weighting, there were significant differences in a
number of the means or percentages among the case mix
measures between participants and nonparticipants. After
propensity score weighting, most measured case-mix dif-
ferences were removed. This allowed program impact to be
estimated more accurately for each program duration group,
as case-mix differences no longer influenced the results
(Table 1).

In the overall model, there were 2015 participants in the
propensity score weighted analysis that had been in the
program for at least 30 consecutive days during December
2008 through December 2011. Participants had an average
of 15.4 months of time in the postintervention period. The
PMPM savings were $250, resulting in an overall program
savings of $7.7 million, and the overall ROI was 1.4:1, in-
dicating that for every dollar invested in the program, the
program saved $1.40. The ROI estimates varied with dura-
tion in the program and by year of engagement, although

only 2 of these differences were statistically significant (Table
2). The program savings increased as the year of engage-
ment increased. From 2009 to 2011 the ROI increased each
year (from - 0.3:1 to 3.9:1). Additionally, shorter program
engagement (1–9 months) was associated with a lower ROI
compared to program engagements of 10–18 months or 19–
37 months (Table 2).

The results from the sensitivity analysis suggest that the
ROI estimates were sensitive to the inclusion or exclusion of
a few individuals with very high or low expenditures. With
the exception of the 1–9 month group, ROI estimates de-
creased when outliers were included.

In contrast, the magnitude and significance levels of the
ROIs were not sensitive to the inclusion or exclusion of the
zip code–level race and income variables. The exclusion of
these variables resulted in the ROI changing by a maximum
of 0.4, where the ROI for the 1–9 month was - 5.3:1 with
these variables compared with - 4.9:1 for the model without
these variables. In addition, the ROI P value for those first
engaged in 2010 went from statistically nonsignificant
(P = 0.055) to statistically significant (P = 0.041). (Data not
shown.)

Propensity score matching resulted in 1604 matches, and
included 79.6% of the participants and 21% of the nonpar-
ticipants. Results were comparable to those obtained using
propensity score weighting. In this analysis, participants had
an average of 15.8 months of time in the postintervention
period. The PMPM savings were $329, resulting in an
overall program savings of $8.3 million, and the overall
return on investment (ROI) was 1.8:1, which is slightly
higher than the one calculated using propensity score
weighting (1.4:1). The difference between the propensity
score matched results compared with the propensity score
weighted results is most likely attributable to the propensity
matched analyses included only 79.6% of the participants
and 21% of the nonparticipants who were included in the
propensity weighted results. (Data not shown.)

In the analyses of the quality metrics, 13 of the 19 metrics
tested (68.4%) favored participation, although most were
not statistically significant (Table 3). Among the statistically
significant findings, those in the 1–9 month group were more
likely to be readmitted within 30 days of a previous ad-
mission, were less likely to have an office visit within 15 days
of a discharge from a hospitalization, and were more likely
to have an annual office visit to manage CAD, diabetes, or
CHF. The only other statistically significant finding was that
participants in the 19–37 month group were more likely to
have an LDL test compared with nonparticipants.

Discussion

To the research team’s knowledge, this study is a unique
evaluation of quality outcomes and ROI associated with an
HRCM program for Americans who were generally at least
65 years of age, and were Medicare beneficiaries with
Medigap coverage. In this study, the preponderance of ev-
idence suggests that this program led to improvements in
quality of care. In addition, the program was associated with
a total savings of $7.7 million and an overall ROI of 1.4:1.
In addition, the ROI increased with increasing time spent
in the program and with later year of initial program par-
ticipation.
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Table 1. Study Characteristics of Participants and Nonparticipants after Propensity Score Weighting

1–9 Month group 10–18 Month group 19–37 Month group

Participant Nonparticipant Participant Nonparticipant Participant Nonparticipant
n = 619 n = 3586 n = 608 n = 2509 n = 788 n = 1531

Characteristic % or mean % or mean % or mean % or mean % or mean % or mean

Age
£ 74 years 20.6% 21.0% 21.6% 23.6% 23.3% 22.1%
75–84 years 41.9% 41.8% 39.7% 39.5% 43.4% 44.4%
‡ 85 years 37.5% 37.2% 38.7% 36.9% 33.3% 33.5%

Sex
Female 51.3% 54.3% 51.3% 54.3% 59.6% 56.9%

Race
High minority 8.4% 8.1% 7.4% 7.7% 7.2% 7.5%
Medium minority 34.4% 38.1% 39.5% 38.3% 41.0% 39.1%
Low minority 57.1% 53.8% 53.2% 54.1% 51.8% 53.4%

Income
High 56.1% 57.1% 55.4% 57.5% 56.8% 54.8%
Upper Medium 4.6% 6.2% 5.3% 6.1% 6.6% 7.3%
Lower Medium 15.0% 12.3% 11.1% 13.0% 11.7% 13.3%
Low 23.3% 22.8% 27.4% 22.5% 23.6% 23.7%
Missing 1.1% 1.6% 0.9% 1.0% 1.2% 1.0%

State
California 17.0% 16.7% 16.7% 16.1% 13.0% 14.1%
Florida 11.4% 11.2% 10.8% 11.9% 12.6% 13.2%
North Carolina 8.1% 9.1% 8.3% 8.3% 11.1% 10.7%
New York 43.4% 42.8% 41.6% 43.5% 45.2% 42.9%
Ohio 16.8% 18.5% 20.6% 18.6% 15.8% 16.3%
Other 3.3% 1.8% 2.1% 1.7% 2.4% 2.8%

Metropolitan residence 96.5% 96.4% 97.5% 96.8% 94.7% 95.9%
Medigap plan type

Plan C, F, or J 68.5% 62.6% 62.5% 62.5% 63.3% 64.2%

Participation in other programs prior to index
Multiple in pre period 8.2% 7.7% 8.9% 8.6% 9.8% 9.4%
Multiple in post period 9.1% 1.4% 12.5% 3.6% 24.1% 5.9%

Disease management or level 2 case management
Pre period 5.1% 5.9% 7.8% 6.9% 6.4% 5.5%
Post period 2.4% 3.5% 4.4% 4.1% 5.5% 5.3%

Part D drug coveragea 58.4% 58.1% 59.0% 57.5% 59.9% 59.8%
HCC score

< 2.8 18.3% 19.2% 18.4% 18.8% 30.8% 28.8%
2.8–3.74 15.6% 16.0% 14.3% 14.2% 17.1% 16.7%
3.75–4.269 23.7% 25.5% 25.5% 27.7% 23.9% 23.9%
‡ 4.27 42.4% 39.3% 41.8% 39.3% 28.3% 30.6%

Diagnosed with dementia
Pre period 13.2% 12.1% 9.7% 10.0% 8.1% 8.7%
Post period 11.5% 7.0% 8.7% 11.3% 13.0% 14.5%

Diagnosed with psychosis
Pre period 31.2% 27.5% 26.9% 24.9% 21.1% 21.2%
Post period 24.1% 16.1% 25.2% 23.8% 29.8% 33.0%

Long-term nursing home placement
Pre period 38.3% 38.8% 38.1% 36.2% 30.0% 29.5%
Post period 18.8% 22.9% 27.6% 27.4% 32.2% 38.5%

Pre period ER visitsb 24.1% 22.3% 23.4% 23.1% 23.6% 24.0%
Post period ER visitsc 25.0% 17.0% 22.0% 19.6% 21.0% 18.1%
Hospital admissions

Pre periodb 24.9% 27.0% 27.7% 29.3% 30.1% 30.5%
Post periodc 49.0% 20.8% 27.4% 24.5% 26.5% 24.4%

Acute care hospital bedsd

< 2.2 35.0% 30.7% 32.8% 31.7% 33.8% 32.5%
2.2–2.8 29.0% 34.5% 36.0% 35.1% 31.6% 34.6%
‡ 2.9 36.0% 34.8% 31.3% 33.3% 34.6% 32.9%

(continued)
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Although not statistically significant, results suggest that
longer length of engagement in the HRCM program was
associated with fewer hospital readmissions. Also, the odds
of having physician office visits shortly after hospital dis-
charge were higher among the participants and increased with
longer duration of participation. In contrast, there were no
trends by duration of participation for EBG quality metrics.
These findings are roughly consistent with a meta-analysis of
12 studies of hospital-based case management programs that
found a 6% decrease in the readmission rate for those who
participated in these programs.38 Also, improvements in
quality of care measures among participants were observed in
a study of a university-based medical management center.39

Taken together, these findings suggest that implementing
similar case management programs may improve some quality

of care metrics, perhaps by improving care coordination, as
suggested by the Institutes of Medicine.40

The ROI for the program appears to be improving over
time. The ROI for those who began participation in 2009
was - 0.3:1 compared to 3.9:1 for those who began partic-
ipation in 2011. This difference is likely related to program
improvements and greater efficiencies as the program ma-
tured over this period of time.

In this study, the ROI of the HRCM program increased
with longer duration in the program. There are at least 2
plausible explanations for this finding. When compared with
those who were qualified but chose not to participate, the
percentage of participants who died in each duration group
was highest for the 1–9 month group and lowest for the 19–
37 month group, and the pattern for health care expenditures
was similar (Fig. 2). These findings suggest that those who
are in their final phases of life accrue significant health care
expenditures, lowering program ROI for those who partic-
ipated for fewer than 10 months. Additionally, it likely takes
several months of participation to improve the quality of
health care of those in the program, and improved quality of
care is generally regarded as a prerequisite to reduced health
care expenditures and program savings.

The HRCM program staff develop close relationships
with program participants through frequent phone contacts
and need-driven face-to-face visits occurring over several
months. Visits provide a comprehensive understanding of
patient and caregiver needs and environmental issues, in-
cluding home safety. In addition to visits, frequent phone
contact provides ongoing continual support. An evaluation
of another care coordination program offering a similar
holistic approach for individuals enrolled in a high-risk
Medicare health maintenance organization reported positive
savings of $6.60 PMPM.41 It is likely that bending the cost
curve in care coordination programs is most successful
when the program establishes close relationships with par-
ticipants and utilizes a holistic approach.

Study limitations include the use of medical claims data
that were collected for insurance purposes rather than for
research purposes. It is difficult to measure health status well

Table 1. (Continued)

1–9 Month group 10–18 Month group 19–37 Month group

Participant Nonparticipant Participant Nonparticipant Participant Nonparticipant
n = 619 n = 3586 n = 608 n = 2509 n = 788 n = 1531

Characteristic % or mean % or mean % or mean % or mean % or mean % or mean

Primary care physicianse

< 70 29.7% 27.3% 26.7% 28.0% 30.7% 29.1%
70–99 32.7% 36.5% 37.1% 37.1% 33.7% 35.5%
‡ 100 37.7% 36.3% 36.2% 34.9% 35.6% 35.5%

Index year
2009 38.7% 39.2% 39.7% 46.3% 61.5% 64.3%
2010 34.2% 30.6% 47.8% 41.4% 38.5% 35.7%
2011 27.1% 30.3% 12.5% 12.3% n/a n/a

HCC, Hierarchical Condition Category; ER, emergency room.
aOnly Part D coverage provided by UnitedHealthcare.
bIn the 6 months prior to index.
cIn the first 6 months of the postintervention period.
dDistribution is based on the number of acute care hospital beds per 1000 residents.
eDistribution is based on the number of primary care physicians per 100,000 residents.

Table 2. Savings, Costs, and ROI by Year

of First Participation and Participation Length

Category Savingsa P value Costs
Return

on investmentb

By year of first participation
2009 -$58 .789 $181c -0.3:1
2010 $416 .055 $181c 2.3:1
2011 $710 .028 $181c 3.9:1

By duration of participation
1–9 months -$967 .002 $181c -5.3:1
10–18 months -$81 .727 $181c -0.5:1
19–37 months $216 .244 $181c 1.2:1

Overall $250 .093 $181c 1.4:1

aSavings are per member per month (PMPM) and calculated
using a second stage regression model after propensity score
weighting, where negative savings indicate a loss.

bReturn on investment (ROI) is the ratio of savings to costs,
where ROIs greater than 1.0:1 indicate a savings for every dollar
invested in the program and ROIs less than 1.0:1 indicate a loss for
every dollar invested in the program. For example, the Overall ROI
of 1.4:1 indicates that for every $1.00 invested in the program, the
program saved $1.40.

cCosts were based upon a blended cost for all 3 years.
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with claims data so some unknown amount of measurement
error may affect these results. Next, the limitation of using
zip code–level data to measure socioeconomic factors has
already been mentioned, and inferences for those variables
should be made with reference to residence in these areas,
regardless of the individual’s socioeconomic characteristic of
interest. However, zip code–level data have been success-
fully used in the past for similar research exercises.42 Finally,
as with all statistical models that use multivariable adjust-
ment, the propensity score and regression approaches may
not have fully adjusted for motivational or other differences
between participants and nonparticipants that could not be
measured but may have influenced the results.

The strengths of this study include its relatively large
sample size, the use of propensity score weighting and
multiple regression methods to adjust for case-mix differ-
ences between participants and nonparticipants, and the

examination of outcomes associated with different lengths
of program participation. Including a number of sensitivity
analyses also allowed inferences to be drawn regarding the
effect of those with very high or low expenditures and dif-
ferent analytic methodologies on study findings.

In conclusion, the HRCM program is unique among
Medigap plans, and has the advantages of not requiring
provider incentives or having a limited network of health
care providers from which to choose. This model aligns with
current health care models that emphasize a more prominent
consumer engagement role. In this evaluation, the HRCM
program was associated with improvements in quality of
care and a reduction in health care expenditures that was
more likely to offset program costs in more recent years and
as duration in the program increased. This study described
the quality improvements and ROI associated with an
HRCM program among a Medigap population. These find-
ings may be used to establish a baseline for future models
designed to further improve health care for these insured
members moving forward.
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Table 3. Odds Ratios for Quality Metrics

1–9 Month group 10–18 Month group 19–37 Month group Overall
Quality metric Odds ratio Odds ratio Odds ratio Odds ratio

Hospital readmission within 30 days
of previous admissiona

1.53* 1.16 0.98 1.11

Office visit within 15 days
of previous admissionb

0.66** 1.07 1.13 1.04

Drug to be avoided in the elderlyb 1.07 1.13 0.95 1.17
LDL cholesterol test (CAD or diabetes)b 1.28 1.64 2.37* 1.37*
Use of beta-blockers (CAD or CHF)b 0.79 c c 0.81
Office visits (CAD, diabetes or CHF)b 1.55* 1.39 1.72 1.58***
Hemoglobin A1c test (diabetes)b 1.33 1.39 0.97 1.19

LDL, low-density lipoprotein; CAD, coronary artery disease; CHF, congestive heart failure.
aOdds ratios less than 1.0 indicate an improvement in the quality metric for participation compared with nonparticipation. Conversely,

odds ratios greater than 1.0 indicate no improvement in the quality metric for participation compared with nonparticipation.
bOdds ratios greater than 1.0 indicate an improvement in the quality metric for participation compared with nonparticipation. Conversely,

odds ratios less than 1.0 indicate no improvement in the quality metric for participation compared with nonparticipation.
cInsufficient volume to conduct meaningful comparisons.
*P < .05; ** P < .01; *** P < .001.

FIG. 2. Mortality for high-risk case management program
participants. Deaths and per member per month costs de-
crease with increased length of participation.
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Health Insurance Program. The investigators retained full
independence in the conduct of this research.
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