Xian Shen

shenxian.1029@gmail.com

EDUCATION

August 2012 to December 2016

Doctor of Philosophy

Pharmaceutical Health Services Research
University of Maryland Baltimore

August 2010 to June 2012

Master of Science

Pharmacoeconomics, Epidemiology, Pharmaceutical Policy and Outcomes Research
University of New Mexico

September 2006 to June 2010
Bachelor of Pharmacy
China Pharmaceutical University

EMPLOYMENT

March 2016 to present

Job Title: Manager

Health Economics & Outcomes Research
Avalere Health

August 2012 to March 2016

Job Title: Graduate Research Assistant
Pharmaceutical Health Services Research
University of Maryland Baltimore

August 2010 to June 2012

Job Title: Graduate Research Assistant

Pharmacoeconomics, Epidemiology, Pharmaceutical Policy and Outcomes Research
University of New Mexico


mailto:shenxian.1029@gmail.com

RESEARCH EXPERIENCE

October 2015 to March 2016

Building the Evidence Base for Evaluating Complex Drug Formulary Designs
PI: Dr. Bruce Stuart

Source: National Pharmaceutical Council

January 2015 to March 2016

Why Rates of Medication Therapy Management Differ Across Part D Plans and
What that Means for Patients, Plans, and the Medicare Program

PI: Dr. Bruce Stuart
Sources: National Association of Chain Drug Stores; PhARMA

September 2014 to March 2016

Proximal Predictors and Cost Consequences of Discontinuation with Oral
Hypoglycemic Agents among Medicare Beneficiaries with Diabetes

PI: Dr. Bruce Stuart
Source: Merck Sharp & Dohme Corp.

January 2015 to December 2015

Effects of Medicare Part D Plan Policies, Beneficiary Characteristics, and
Geographic Factors on Medication Adherence among Randomized Beneficiaries
with Low-Income Subsidies

Pl: Xian Shen
Source: PARMA

September 2013 to August 2014

Post-Marketing Surveillance of Generic Drug Usage and Substitution Patterns
PI: Dr. llene Harris

Source: Food and Drug Administration (1U01FD004855-01)

June 2013 to August 2013
Internship in Comparative Effectiveness Research and Health Policy
Employer: U.S. Health Outcomes, GlaxoSmithKline

June 2011 to August 2011

Longitudinal Lovelace Smokers Cohort Study
PI: Mr. Hans Petersen

Source: Lovelace Respiratory Research Institute



August 2010 to June 2012

The Research on Adverse Drug Events And Reports (RADAR) Project
PI: Dr. Charles L. Bennett

Source: National Cancer Institute (LIRO1CA102713-01)

PUBLICATIONS

Shen X, Stuart B, Powers C, Tom S, Magder L, Perfetto E. Impact of Formulary
Restrictions on Medication Use and Costs. Am J Managed Care. In Press.

Stuart B, Hendrick F, Shen X, Dai M, Tom S, Dougherty S, et al. Assessing Part D
sponsors’ commitment to medication therapy management and what should be done
about it. Health affairs (Project Hope) 2016;35:1572-80.

Stuart B, Shen X, Quinn C, Brandt N, Roberto P, Loh F, et al. Proximal predictors of
long-term discontinuance with oral hypoglycemic agents. Journal of Managed Care
Pharmacy: JMCP. Sep 2016;22(9):1019-27.

Shen X, Dutcher SK, Palmer J, Liu X, Kiptanui Z, Khokhar B, et al. A systematic review
of the benefits and risks of anticoagulation following traumatic brain injury. J Head
Trauma Rehabil. Jul-Aug 2015;30(4):E29-37.

Shen X, Zuckerman IH, Palmer JB, Stuart B. Trends in prevalence for moderate-to-
severe pain and persistent pain among Medicare beneficiaries in nursing homes, 2006-
2009. J Gerontol A Biol Sci Med Sci. May 2015;70(5):598-603.

Shen X, Bachyrycz A, Anderson JR, Tinker D, Raisch DW. Improving the effectiveness
of pharmacist-assisted tobacco cessation: a study of participant- and pharmacy-specific
differences in quit rates. Ann Pharmacother. Mar 2015;49(3):303-310.

Shen X, Bachyrycz A, Anderson JR, Tinker D, Raisch DW. Quitting patterns and
predictors of success among participants in a tobacco cessation program provided by
pharmacists in New Mexico. Journal of Managed Care Pharmacy: JMCP. Jun
2014;20(6):579-587.

Petersen H, Sood A, Meek PM, Shen X, Cheng Y, Belinsky SA, et al. Rapid lung
function decline in smokers is a risk factor for COPD and is attenuated by angiotensin-
converting enzyme inhibitor use. Chest. Apr 2014;145(4):695-703.

Raisch DW, Garg V, Arabyat R, Shen X, Edwards BJ, Miller FH, et al. Anaphylaxis
associated with gadolinium-based contrast agents: data from the Food and Drug
Administration's Adverse Event Reporting System and review of case reports in the
literature. Expert Opin Drug Saf. Jan 2014;13(1):15-23.



Garg V, Shen X, Cheng Y, Nawarskas JJ, Raisch DW. Use of number needed to treat in
cost-effectiveness analyses. Ann Pharmacother. Mar 2013;47(3):380-387.

CONFERENCE PRESENTATIONS

Shen X, Stuart B, Powers C, Tom S, Magder L, Perfetto E. How do formulary
restrictions affect medication use and costs for low-income subsidy recipients in
Medicare Part D plans? The 21% International Society for Pharmacoeconomics and
Outcomes Research Annual International Meeting, Washington D.C., 2016.

Shen X, Stuart B, Powers C, Tom S, Magder L, Perfetto E. Benchmark Part D plans can
affect low socioeconomic beneficiaries’ medication adherence. AcademyHealth Annual
Research Meeting, Boston, MA, 2016.

Stuart B, Brandt N, Quinn C, Shen X, Roberto P, Loh F, Rajpathak S, Huang X.
Discontinuation of oral antidiabetic drugs among Medicare beneficiaries with diabetes:
different factors predict short verses long periods without drug therapy. American Public
Health Association Annual Meeting & Exposition, Chicago, IL, 2015.

Shen X, Stuart B, Tom S. Geographic variation in Medicare Part D plan availability and
characteristics. AcademyHealth Annual Research Meeting, Minneapolis, MN, 2015.

Stuart B, Brandt N, Quinn C, Shen X, Roberto P, Loh F, Rajpathak S, Huang X.
Proximal predictors of discontinuance with oral antidiabetic agents among the elderly.
American Diabetes Association 75" Scientific Sessions, Boston, MA, 2015.

Shen X, Zuckerman IH, Stuart B. Trends in prevalence rates for pain and under-treatment
of pain among Medicare beneficiaries in nursing homes, 2006-2009. AcademyHealth
Annual Research Meeting, Baltimore, MD, 2013.

Raisch DW, Johnson B, Shen X, Dodd M. Students’ confidence and perceptions of
pharmacists’ roles in public health interventions after case study exercises. Association of
Colleges of Pharmacy Annual Meeting, Leesburg, VA, 2013.

Handal A, Shen X, Rowland A, Skipper B, Sioban H. Occupational and social stress
among pregnant flower workers in Ecuador. Work, Stress, and Health 2013: Protecting
and Promoting Total Worker Health, Los Angeles, CA, 2013.

Shen X, Raisch DW. Evaluating outcomes from prenatal antidepressant exposure: a
meta-analytic review. 17" International Society for Pharmacoeconomics and Outcomes
Research Annual International Meeting, Washington D.C., 2012.



Petersen H, Sood A, Meek P, Shen X, Cheng Y, Belinsky SA, Owen C, Washko G,
Pinto-Plata V, Celli B, Tesfaigzi Y. ACE inhibitor use is associated with less decline in
lung function in smokers. American Thoracic Society International Conference, San
Francisco, CA, 2012.



Abstract
Title of Dissertation: Impact of Beneficiary Characteristics, Drug Plan Formulary
Policies, and Environmental Factors on Medication Adherence among Low Income

Beneficiaries Covered by Medicare Part D

Xian Shen, Doctor of Philosophy, 2016
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Research suggests that low income individuals often fail to take medications as
prescribed. Various individual characteristics have been studied in relation to adherence
outcomes, however, little is known regarding how drug plan formulary policies and

external environmental factors may affect individuals’ medication adherence.

This dissertation evaluated the independent effects of beneficiary characteristics, drug
plan formulary policies, and external environmental factors on medication adherence for
oral hypoglycemic agents (OHAS), statins, and renin angiotensin system (RAS)
antagonists in a cohort of low-income subsidy (LIS) recipients enrolled in randomly
assigned benchmark Part D plans. The data source included a random 5% sample of 2012
Medicare administrative claims and a customized dataset capturing beneficiaries’ plan
assignment history. Three hosts of beneficiary characteristics, including demographics,
comorbidity burden, and health services utilization, were analyzed. The formulary
policies of interest included non-coverage, prior authorization, and step therapy, while the

environmental factors of interest were socioeconomic environment, availability of



healthcare resources, health culture, evidence-based medicine practice, and quality of

primary care.

Results indicated that beneficiary characteristics, Part D plan, and external environmental
factors all could significantly influence LIS recipients’ medication adherence. Older age,
male gender, use of multiple chronic medications were associated with higher medication
adherence, whereas black race, Hispanic ethnicity, high comorbidity burden, and frequent
hospitalizations and ER visits were inversely related to the adherence outcomes. Placing
formulary restrictions on brand-name drugs could shift utilization toward generics and
lower cost per prescription fill but had minimal impact on medication adherence among
LIS recipients. Geographic variation in adherence rates was observed consistently across
all three drug classes of interest. Those living in areas with low socioeconomic
environment and poor quality of primary care were less likely to achieve acceptable

levels of medication adherence than their counterparts.

In conclusion, low income beneficiaries’ medication adherence is influenced by multiple
levels of factors. Policies aimed at improving low income population’s adherence for
chronic medications may consider plan- and environment-oriented programs in addition

to interventions targeting at individuals’ behaviors.
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Chapter 1: Introduction

The clinical benefits of oral hypoglycemic agents (OHAS), statins, and renin-angiotensin
system (RAS) antagonists in reducing patients’ risk of developing diabetes complications
and cardiovascular events have been well established and accepted by the medical
community.!® An extensive body of evidence shows that taking these chronic
medications adherently is associated with improved clinical and economic outcomes.*®
However, research has found that individuals, especially those with low socioeconomic
status, often fail to take these medications as prescribed.”® Similar observations were
made in a recent analysis of Medicare Part C & D performance data conducted by the
Centers of Medicare and Medicaid Services (CMS). Specifically, low-income subsidy
(LIS) recipients were found to be significantly less likely to achieve acceptable levels of
adherence with these three classes of medications compared to non-LIS beneficiaries.®°
LIS recipients represent about 30% of Part D enrollees yet account for a disproportionally
high amount of Medicare program spending (nearly 70% of Part D spending in 2014).1113
Increasing LIS recipients’ adherence for chronic medications holds promise for
containing total health care expenditures while improving quality of care for this high-
spending population in the long run.

In order to craft effective policies to address LIS recipients’ suboptimal medication
adherence, the intuitive first step is to understand what factors could affect their
medication-taking behaviors. Various individual characteristics, including age,
race/ethnicity, co-morbidities and polypharmacy, have been studied in relation to
medication adherence within both the general Medicare population and the low-income

beneficiaries.®141% However, little is known regarding how prescription drug plan



policies may contribute to Part D enrollees’ medication adherence. 1”18 Although LIS
recipients are only responsible for nominal copays for prescription drugs (full-subsidy
recipients paid at most $2.60 for generics and $6.50 for brand-name drugs in 2012),°

they are subject to the same formulary coverage policies as other Part D enrollees.

Except for the six protected classes, Part D plans are only required to include a minimum
of two drugs from each therapeutic class on formulary, leaving Part D sponsors with
considerable discretion in choosing which drugs to cover and how many to cover. In
2010, some plans covered all drugs from the CMS drug reference file whereas other plans
included as few as 63% of those drugs.?° Such variation in coverage occurred not only
among drugs with low demand but also among widely used drugs. In 2012, five of the top
10 most commonly used brand-name drugs, including rosuvastatin, were unavailable or
excluded from formulary for at least 5% of Medicare beneficiaries enrolled in stand-alone
prescription drug plans (PDPs).?! In addition, an increasing trend in use of utilization
management (UM) tools among covered drugs has been seen, with the share of covered
drugs with any UM restrictions doubled from 18% in 2007 to 36% in 2012.2! Prior
research showed that LIS recipients are concentrated in benchmark PDPs, which
generally offer less generous benefit package than enhanced plans.'*?2 Given that
formulary non-coverage and UM tools are being increasingly employed by plans, it is
important to understand whether those formulary policies pose barriers for LIS recipients

to access needed prescription medications.

In addition to individual and plan effects, prior studies have found considerable regional
variation in medication adherence for various drug classes.®?32° The question of what

causes geographic variation in health services utilization has provoked controversy for



years. Is it primarily due to variation in individuals’ health care needs across the country?
Or is it due to differences in practice patterns and other external environmental factors
from region to region? Understanding sources of geographic variation in health services
use is key to tailoring effective policies for improving efficiency of health care. If cost-
effective treatments, such as OHAs for treating type 2 diabetes, are underutilized in parts
of the country because of external environmental factors, policies targeting at those
external factors could improve both efficiency and quality of care. However, if
population characteristics, including differences in health status and treatment
preferences drive the variation, then policies designed to reduce or eliminate such
variation could discourage delivery of personalized care.?®

Despite of the attention paid to geographic variation in health services utilization, few
studies have been able to quantify the contribution of external environment to the
variation independently of the role of individual characteristics.?®° Finkelstein et al
found that 40% - 50% of geographic variation in utilization is attributable to patient
demand and the remainder is due to place-specific factors. While the authors further
evaluated specific factors driving patient demand, the underlying mechanisms of place-
specific factors were not systematically analyzed.?’

It is challenging to estimate independent effects of plan policies, individual
characteristics, and external environmental factors on medication adherence using
observational data. Factors that influence individuals’ selection of prescription drug
plans, such as health beliefs, life style and use of over-the-counter medications, are often
unobservable and cannot be accounted for in data analysis. This work aims to address this

challenge in the context of a natural experiment created by an auto-assignment process



under Medicare that randomly assigns LIS recipients to benchmark Part D plans within
their regions. Randomization reduces selection bias, and creates a unique research
opportunity for estimating the impact of beneficiary characteristics, Part D plan policies
and external environmental factors on medication adherence in low-income beneficiaries.
An understanding of the roles of those multi-level factors will provide directions for

future policies to improve low-income beneficiaries’ adherence to chronic medications.

This work takes a two-step approach. The first step is to quantify the independent effects
of enrollee, plan and region on medication adherence among LIS recipients. Following
that, additional analyses are performed to further evaluate the impact of Part D plans’
formulary policies and specific external environmental factors on medication adherence

in this low-income population. The specific aims are:

Aim 1: To evaluate how beneficiary characteristics, benchmark Part D plan, and
geographic region may independently influence medication adherence for OHAs, statins,

and RAS antagonists among LIS recipients.

Aim 2: To evaluate the effects of formulary restrictions on medication adherence for
OHAGs, statins, and RAS antagonists among LIS recipients. Formulary restrictions of

interest include formulary non-coverage, prior authorization, and step therapy.

Aim 3: To evaluate the effects of external environmental factors on medication
adherence for OHAs, statins, and RAS antagonists among LIS recipients. External
environmental factors of interest include socioeconomic environment, availability of
health care resources, health culture, evidence-based medicine practice, and quality of

primary care.



Chapter 2: Background

Overview of the Medicare Part D Program

Medicare Part D is a government-subsidized program that provides Medicare
beneficiaries with optional prescription drug coverage through private plans, either PDPs
or MA-PDs. Plans must provide a benefit package that is at least actuarially equivalent to
the “standard benefit” mandated by law. In 2012, beneficiaries enrolled in plans offering
the “standard benefit” paid an annual deductible of $310, a 25% co-insurance in the
initial coverage phase, and 47.5% for brand-name drugs and 79% for generics in the
coverage gap until they spent a total of $4,700 in true out-of-pocket costs (TrOOP). Once
the TrOOP is reached, beneficiaries enter the catastrophic phase in which they pay 5%
co-insurance, or $6.50 copay for brand-name drugs/$2.60 for generics, whichever is
greater. However, most plans offer alternative benefit packages rather than the “standard
benefit”.2%% Plans may differ from each other with respect to monthly premium, annual

deductible, cost-sharing structure, formulary design, UM tools, and other plan policies.

Beneficiary premiums are determined annually through a competitive bidding process.
Each year in June, CMS receives bids from plans for covering prescription drug costs for
a Medicare beneficiary of average health. Based on the bids, a national average bid and a
base premium (25.5% of the national average bid in 2014) are determined. Plan enrollees
pay the base premium plus any difference between their plan’s bid and the national
average bid. For each of the 34 PDP regions, a benchmark is also determined, calculated
as enrollment-weighted average premium for basic benefit in the region. 3! Stand-alone
plans that offer the basic benefit whose bids are equal to or below the benchmark in their

region are called “benchmark plans”.



Low-Income Subsidy (LIS)

Medicare subsidizes beneficiary premiums by 75% overall, and provides “extra help” for
those with limited income and assets. This “extra help” is also known as the low-income
subsidy (LI1S). Beneficiaries with full LIS pay zero monthly premium if they enroll in a
benchmark plan, while those with partial LIS pay 25%, 50% or 75% of the regional
benchmark amount depending on the level of their income and assets. LIS recipients also
receive assistance from Medicare in the form of reduced cost sharing. Specifically, full
LIS recipients pay zero annual deductible whereas partial LIS recipients pay $66. Prior to
reaching the TrOOP threshold, full LIS recipients are responsible for a nominal copay for
each prescription filled (<=$2.65 for generics and <=$6.60 for brand-name drugs)
whereas partial LIS recipients pay 15% coinsurance. In the catastrophic phase, full LIS
recipients receive prescriptions for free and partial LIS recipients pay $2.55 copays for

generics and $6.35 copays for brand-name drugs.*°

Randomization of LIS Recipients

To ensure that LIS recipients have affordable prescription drug coverage, CMS randomly
assigns those who have not selected a plan to one of the benchmark plans in their region
through auto-assignment or facilitated enroliment. Each year, LIS recipients who are
enrolled in a plan that loses benchmark status for the next year are automatically re-
assigned to a new plan unless they select a plan on their own.?? Unlike other Part D
enrollees who usually can only switch plans during the annual enroliment period between
October 15th and December 7th, LIS recipients can switch to a different plan in anytime
in a year. Once a LIS recipient chooses a plan, CMS will no longer re-assign that person

even if his or her plan loses benchmark status.?%32 In 2010, 9.8 million or 39.7% Part D



enrollees received LIS.2? It is estimated that over 80% of auto-assigned LIS recipients

stay in the assigned plan throughout the year.



Chapter 3 Theoretical Framework & Causal Diagram

Theoretical Framework

The Andersen Model of Health Care Utilization provides the theoretical foundation for
this dissertation (Figure 1). The model purports that health care utilization is dependent
on individuals’ propensity to use services (predisposing), their ability to access services
(enabling), and their illness needs (need). In the context of this study, examples of
predisposing factors include demographic factors such as age, gender and race, enabling
factors include formulary restrictions, and need factors are beneficiaries’ disease burden
and comorbidities. In addition to these three hosts of factors that may influence
beneficiaries’ medication adherence behavior, the Model states that the health care
system or external environment can also affect individuals’ medication use. In this
dissertation, the external environment is represented by five specific environment-level
factors, including socioeconomic environment, availability of healthcare resources, health

culture, evidence-based medicine practice, and quality of primary care.

Figure 1 Theoretical Framework

External
Environment

(socioeconomic

environment, Predisposing Enabling Need Medication
availability of health factors (age, resources (disease use and
care resources, »(| gender,race) [ (formulary |~ burden) P adherence
health culture, restrictions)

evidence-based

medicine, quality of
primary care)

Figure 1Theoretical Framework



Causal Diagram

The directed acyclic graph (DAG) outlines the causal framework of this study (Figure 2).
Part D plan policies, individual characteristics, and external environmental factors are
assumed to directly affect medication adherence, as indicated by arrows P, C and R1
pointing from each domain to medication adherence. These three direct effects are what
this study intends to estimate. The greatest threat to causal inference in this model is the
possibility that individuals self-select into plans that best fit their needs (arrow S). As
enrollee characteristics can affect medication adherence (arrow C), plan policies can
affect average medication adherence of the enrollees indirectly through influencing who
choose to enroll in the plan. However, the randomization eliminates the possibility of
such selection behavior, hence the dashed arrow S. Finally, PDP regions may differ in
factors such as socioeconomic environment, availability of health care resources, health
culture, evidence-based medicine practice, and quality of primary care. Those external
environmental factors may affect policies that a plan adopts, and characteristics of

individuals may differ between regions (arrows R2 and R3).



Figure 2 Directed Acyclic Graph

Figure 2 Directed Acyclic Graph
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Chapter 4: Independent Effects of Beneficiary Characteristics, Part D
Benchmark Plan, and Geographic Region on Medication Adherence

among Low Income Subsidy Recipients

Abstract

Recent investigations reveal that receipt of low-income subsidies (LIS) for Medicare Part
D coverage is associated with poorer outcomes of several quality measures in the Star
Ratings program, including nonadherence to oral hypoglycemic agents (OHAS), statins,
and renin angiotensin system (RAS) antagonists. We evaluated medication adherence for
these three drug classes and identified contributing factors in a sample of diabetic LIS
recipients who were randomly assigned to benchmark Part D plans. The overall
adherence rates were 71.3% for OHASs, 69.7% for statins, and 71.9% for RAS
antagonists, lower than the thresholds for two Stars in 2014. We found that benchmark
plans, beneficiary characteristics, and geographic regions all can significantly affect LIS
recipients’ likelihoods of achieving adherence to OHAs, statins, and RAS antagonists.
Policymakers may consider motivating benchmark plans to address LIS recipients’

suboptimal medication adherence.
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Introduction

The Centers for Medicare and Medicaid Services (CMS) recently investigated the effect
of socioeconomic status on the Star Ratings of Medicare Advantage plans and stand-
alone prescription drug plans (PDPs). %3 The findings suggest that receipt of low-income
subsidies (LIS) for Medicare Part D coverage is associated with poorer outcomes of
several quality measures, including nonadherence to oral hypoglycemic agents (OHAS),
statins, and renin angiotensin system (RAS) antagonists.’%3* While it is necessary to take
this relationship into account in order to provide valid Star Ratings, it is also important to

identify ways to improve low socioeconomic beneficiaries’ medication adherence.

In this study, we aimed to understand what factors could affect LIS recipients adherence
to OHAs, statins, and RAS antagonists by exploiting a natural experiment in which LIS
recipients are randomly assigned to benchmark plans within PDP regions.>3® The power
of randomization in eliminating selection bias together with data from over a dozen of
benchmark plans across the country provided an unprecedented opportunity to evaluate
the independent effects of prescription drug plans, beneficiary characteristics, and
geographic regions on LIS recipients’ medication adherence. This knowledge would in
turn contribute to developing policy options for improving care and health outcomes for

this vulnerable population.

Methods

To ensure that LIS recipients have affordable prescription drug coverage, CMS randomly
assigns those who do not voluntarily select a Part D plan to one of the benchmark plans
in their region. Each year CMS also conducts re-assignments for assignees whose plan is

terminating or no longer qualified as premium-free in the following year (i.e., charging a
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premium above the regional benchmark threshold and not waiving de minimis amount).
LIS recipients can switch to different plans of their choice any month in a year. Once a
LIS recipient chooses a plan, assignment activities are stopped for that person.®3" We
obtained a customized dataset from CMS that captured beneficiaries’ histories of plan
assignments, dating back to 2006. We linked this dataset to a 5% sample of 2012
Medicare research files from the Chronic Conditions Data Warehouse (CCW), which
provided data on beneficiary enroliment and demographics, administrative claims, and

characteristics of Part D plans.3®

The study sample included LIS recipients with diabetes who were randomly assigned to
benchmark plans and remained in their assigned plan as of January, 2012. Eligible
beneficiaries must also have been continuously enrolled in Medicare Parts A, B & D and
have received LIS throughout 2012. Beneficiaries who filled two or more prescriptions
for insulin or stayed in inpatient facilities for >180 days in 2012 were excluded, so were
those who elected their own Part D plan. Lastly, we grouped plans from the same sponsor
with the same formulary (but operating in different regions) together and formed 17
multi-region “larger plans”. To obtain stable estimates, the “larger plan” with fewer than

100 eligible study subjects were excluded from the analysis.

Medication adherence was measured based on the proportion of days covered (PDC) by
any medications in the drug class. We computed PDC using the same methodology
applied in the Medicare Star Ratings program.® Beneficiaries with a PDC > 0.8 were
considered adherent. We constructed variables for three categories of beneficiary
characteristics, including: 1) demographics (i.e., age, gender, race/ethnicity, LIS subsidy

level, and original reason for Medicare entitlement); 2) comorbidities (i.e., hypertension,
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hyperlipidemia, chronic heart failure, chronic kidney disease, depression, and Charlson
Comorbidity Index); and 3) health services utilization (i.e., count of other chronic
medications, count of physician office visits, count of hospitalizations and ER visits). We

also created dummy variables to represent the benchmark plans and PDP regions.

In descriptive analysis, we calculated adherence rates (percentages of beneficiaries with a
PDC > 0.8) for OHAs, statins, and RAS antagonists by plan and by PDP region. We then
estimated a linear probability model to evaluate the independent effects of benchmark
plans, beneficiary characteristics, and PDP regions on the likelihood of achieving a PDC
> (0.8 for each of the three drug classes of interest. We used SAS 9.3 (Cary, NC) to

perform all the statistical analyses.

This study is innovative. By exploiting the random plan assignment, we were able to
identify highly comparable study groups within PDP regions (Tables A1-A3 in
Appendix), which allowed us to evaluate the effects of benchmark plans on LIS
recipients’ medication adherence in a setting similar to a multi-site randomized controlled
trial. Because the randomization virtually eliminated selection bias, any observed
variation in the adherence rates between benchmark plans could be considered as true
plan effects on enrollees’ medication adherence. Furthermore, prior adherence research is
mostly restricted to studying the influences of individual characteristics. In contrast, by
exploring plan and regional effects, this study provides readers with a more in-depth
understanding of factors that could affect low socioeconomic beneficiaries’ medication

adherence.
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This study has several important limitations. Our analysis was limited to randomized LIS
recipients in benchmark plans. Hence, the study findings might not be strictly
generalizable to non-benchmark plans or the general Medicare population. Medication
adherence is operationalized as proportion of days covered between the date of first
prescription fill and end of 2012 (i.e., December 31, 2012) and computed using pharmacy
claims. We recognize potential measurement errors with this operationalized definition
where discontinuation resulting from clinical reasons may be misclassified as
nonadherence. In addition, it was beyond the scope of this study to identify underlying
causes for the observed plan and regional effects. Future studies may consider assessing
the influences of specific plan characteristics and environmental factors on medication

adherence.

Results

A total of 39,475 beneficiaries from 17 multi-region benchmark plans were selected for
the study sample, of which the mean age was 66.3 years, half were White, 46.4% were
originally eligible for Medicare due to old age, 59.7% had hyperlipidemia, and 78.2%
had hypertension. About 99% of the study subjects were full LIS recipients who were
exempt from monthly premiums and annual deductible and who paid at most $2.6 for
generics and $6.5 for brand-name drugs in 2012. Those who received full LIS and paid
no copay are beneficiaries residing in long-term care institutions or enrolled in Home and
Community Based Services (HCBS) Waiver. These beneficiaries’ medications are
managed by health care providers and thus may have different utilization patterns than

their counterparts living in community (Table 1).
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A total of 21,301 study subjects (54.0%) took OHAs, 20,858 (52.8%) took statins, and
22,173 (56.2%) took RAS antagonists in 2012. The adherence rates or percentages of
beneficiaries with a PDC > 0.8 were 71.3% for OHAs, 69.7% for statins, and 71.9% for
RAS antagonists. The plans’ adherence rates ranged from 60.0% to 80.3% for OHAs,
from 63.4% to 73.6% for statins, and from 61.7% to 81.7% for RAS antagonists (Table
2). In addition, we observed geographic variation in adherence rates for all three drug
classes. The ranges were 53.9% in region 28 (AZ) to 76.1% in region 25 (1A, MN, MT,
NE, ND, SD, WY) for OHAS, 51.5% in region 33 (HI) to 78.9% in region 16 (WI) for
statins, and 57.3% in region 28 (AZ) to 81.7% in region 1 (NH, ME) for RAS
antagonists. We also calculated an average adherence rate across the three drug classes of
interest for each PDP region and plotted the average rates on a map. The northern regions
appeared to have higher average adherence rates than the southern regions in 2012

(Figure 3).
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Table 1 Characteristics of Study Sample (Chapter 4)

Table 1 Characteristics of Study Sample

Beneficiary Characteristics

N (%) / Mean (SD)

Assignment Year

2006

2007

2008

2009

2010

2011

2012

Age

Male

Old Age as Original Reason for
Medicare Entitlement

Race

White

Black

Hispanic

Other Race

LIS Subsidy Level

Full LIS, No Copay

Full LIS, Low Copay ($1.1/3.3)
Full LIS, High Copay ($2.6/6.5)
Partial LIS, 15% Coinsurance
Chronic Heart Failure
Chronic Kidney Disease
Depression

Hyperlipidemia
Hypertension

Charlson Comorbidity Index
Count of Physician Office Visits
Count of Hospitalizations
Count of ER Visits

3,371 (8.5%)
1,317 (3.3%)
4,452 (11.3%)
5,102 (12.9%)
7,756 (19.7%)
8,917 (22.6%)
8,560 (21.7%)
66.34 (14.6)
15,041 (38.1%)
18,308 (46.4%)

21,927 (55.9%)
9,570 (24.4%)
3,527 (9.0%)
4,206 (10.7%)

6,926 (17.6%)
23,298 (59.0%)
6,926 (17.6%)
415 (1.1%)
9,683 (24.5%)
9,644 (24.4%)
10,231 (25.9%)
23,592 (59.8%)
30,857 (78.2%)
153 (1.5)

9.16 (9.0)

0.50 (1.2)

151 (4.8)
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Figure 3 Geographic Variation in Average Medication Adherence
Rate for OHAs, Statins, and RAS Antagonists

1
(NH, ME)

: 30
(OR, WA) 25

(1A, MN, MT, NE, ND, 5D,
WY)

Figure 3 Geographic Variation in Average Medication Adherence Rates for OHAs, Statins, and RAS Antagonists

The estimated effects of benchmark plans, beneficiary characteristics, and PDP regions

on the probability of being adherent to OHAs are presented in Figure 4.
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Figure 4 Linear Probability Model---Effects of Beneficiary Characteristics, Benchmark Part D
Plans, and PDP Regions on the Likelihood of OHA Adherence

Beneficiary Characteristics
Age

Male

Old Age as Entitlement Reason $
Race (Ref: White) ‘
Black P :
Hispanic e — :
Other Race P
LIS Subsidy (Ref: Full, No Copay)

Full LIS, Low Copay P

Full LIS, High Copay e

Partial LIS, 15% Coinsurance f + {
Chronic Heart Failure P
Chronic Kidney Disease Pt
Depression p— :
Hyperlipidemia A
Hypertension b

Charlson Comorbidity Index = .

Count of Other Meds : H

Count of Physician Office Visits L

Count of Hospitalizations ——

Count of ER Visits Mo

Part D Plan (Ref: CCRx Basic)

AARP MedicareRx Preferred* f v +—
Aetna CVS/pharmacy f + {

Blue MedicareRx Standard * —= {
BravoRx f + |
CIGNA Medicare Rx Plan One p——
CVS Caremark Value I—o—r(
EnvisionRxPlus Silver I | :
First Health Part D Premier P
Health Net Orange Option 1 t |
HealthSpring PDP e |
Humana Walmart-Preferred P
Medco Medicare - Value P+
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Figure 4 Linear Probability Model-- Effects of Beneficiary Characteristics, Benchmark Part D Plans, and PDP Regions on the
Likelihood of OHA Adherence
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Comparing to enrollees in the Community CCRx Basic Plan (highest enrollment), their
counterparts from four other plans had significantly lower likelihoods of achieving a PDC
of 0.8 or higher after statistical adjustment for beneficiary characteristics and PDP region.
These plans were Blue MedicareRx (adjusted difference (adj diff=-14.5%, 95%
Confidence Interval (Cl)=[-26.5%, -2.6%])), BravoRx (adj diff=-5.3%, 95% CI=[-9.2%,
-1.5%]), EnvisionRxPlus Silver (adj diff=-7.6%, 95% CI=[-10.7%, -4.6%]), and Humana

Walmart-Preferred Rx (adj diff=-4.2%, 95% CI=[-6.7%, -1.6%]).

Additionally, significant regional effects were observed. Using the region with the largest
number of study subjects as reference (region 32, CA), we found that beneficiaries in
region 2 were 3.8% (95% CI1=[0.5%, 7.0%]) more likely to be adherent to OHASs whereas
those residing in regions 12 (adj diff=-7.1%, 95% CI=[-10.9%, -3.4%]), 28 (adj diff=-
15.5%, 95% CI=[-22.9%, -8.1%]), and 33 (adj diff=-19.4%, 95% CI=[-35.5, -3.2%]) had
lower likelihoods of being adherent. Most of the beneficiary characteristics included in
the regression models were significantly associated with the study outcomes. Older age
(adj diff=0.3%, 95% CI=[0.2%, 0.4%]), being male (adj diff=1.9%, 95% CI= [0.6%,
3.1%]), diagnosis for hyperlipidemia (adj diff=4.4%, 95% CI=[3.0%, 5.7%]), and taking
multiple chronic medications (adj diff=2.0%, 95% Cl=[1.8%, 2.2%]) were associated
with higher likelihoods of being adherent to OHAS, whereas old age as original reason
for Medicare entitlement (adj diff=-1.7%, 95% CIl=[-3.3%, 0.0%]), Black race (adj diff=-
10.1%, 95% CI=[-11.7%, -8.6%]), Hispanic ethnicity (adj diff=-9.6%, 95% CI=[-11.8%,
-7.5%]), lower LIS subsidy level, diagnoses for chronic heart failure (adj diff=-5.1%,
95% Cl= [-6.7%, -3.4%]) and depression (adj diff=-5.7%, 95% Cl= [-7.2%, -4.2%]),

higher Charlson Comorbidity Index score (adj diff=-1.0%, 95% CIl= [-1.5%, -0.4%]), and
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higher frequencies of hospitalizations (adj diff=-1.7%, 95% CI=[-2.4%, -0.9%]) and ER
visits (adj diff=-0.9%, 95% CI=[-1.1%, -0.7%]) were inversely related to OHA
adherence. The regression results for statins and RAS antagonists are consistent with

those for OHASs and hence are provided in the Appendix (Table A5).

Discussion

We found that the overall adherence rates of our study sample were 71.3% for OHAs,
69.7% for statins, and 71.9% for RAS antagonists, which were below the thresholds for
two Stars set by CMS in 2014 (73% for OHAs and RAS antagonists and 70% for
statins). This is consistent with the results form CMS’s investigations, highlighting
substantial room for improvements. 1° The findings from the regression models suggest
that benchmark plans, beneficiary characteristics, and geographic regions all can
significantly affect LIS recipients’ likelihoods of achieving adherence to OHAs, statins,
and RAS antagonists. Beneficiary characteristics and geographic residence are difficult to
modify. Policymakers may consider motivating benchmark plans to address LIS

recipients’ suboptimal medication adherence.

Among 8.2 million LIS recipients enrolled in PDPs in 2014, 6.4 million or 78% were
enrolled in benchmark plans.*® Such a high concentration of LIS recipients in benchmark
plans can be explained by the current policies of the LIS program. First, only benchmark
plans are eligible for receiving random assignments of LIS recipients. Moreover, only
about 4% of LIS recipients voluntarily switch plans during a year,'! thus a benchmark
plan can retain the vast majority of its assignees for as long as it remains premium-free
for LIS recipients (i.e., monthly premium below or equal to regional benchmark or waive
de minimis amount). In fact, our analysis of the plan assignment data showed that
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approximately 4.1 million or 35% of all LIS recipients were randomly assigned by CMS
and stayed in their assigned plan up to January, 2012. More importantly, we found that
LIS recipients’ likelihoods for achieving adherence to OHAs, statins, and RAS
antagonists were significantly different between plans. For instance, those enrolled in the
EnvisionRxPlus Silver Plan were consistently less likely to be adherent to OHAS (adj
diff=-7.6%, 95% CI=[-10.7%, -4.6%)]), statins ((ad]j diff=-3.7%, 95% CI=[-6.8%, -
0.6%])), and RAS antagonists (adj diff=-6.0%, 95% CI=[-8.9%, -3.1%]) than their

counterparts in the Community CCRx Basic Plan (Table A5 in Appendix).

The above evidence points to benchmark plans’ ability to widely and significantly
improve LIS recipients’ medication adherence. Examples of measures that plans may
adopt include: 1) waiving LIS recipients’ nominal copays to eliminate cost-related
nonadherence; 2) offering 90-day mail-order services to make filling prescriptions more
convenient; and 3) conducting effective medication therapy management to optimize
enrollees’ medication use. However, whether benchmark plans have strong incentives to
invest these additional resources is questionable. First, benchmark plans are PDPs and
only have financial stakes in prescription drug costs. By improving enrollees’ medication
adherence, benchmark plans are at risk for incurring higher prescription drug costs, which
they would not be able to offset by accruing savings in medical costs. Second, unlike
Medicare Advantage plans, direct financial incentives such as bonus payments for
achieving four or more Stars are not available for PDPs. Third, benchmark plans serve a
steady pool of LIS recipients and receive an influx of new LIS assignees each year,
therefore we speculate that they are relatively passive in recruiting enrollees. As a result,

the marketing privileges that a 5-Star plan enjoys, including the special enrollment period
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and being flagged as a high-performing plan in the Medicare Plan Finder, may not be as
appealing to benchmark plans as to other types of Part D plans. New incentives for
benchmark plans to focus on improving LIS recipients’ care and outcomes should be

considered.

Conclusions

Beneficiary characteristics, benchmark plans, and geographic regions all can significantly
affect LIS recipients’ medication adherence for OHAs, statins, and RAS antagonists.
Beneficiary characteristics and geographic residence are difficult to modify.
Policymakers may consider providing benchmark plans with new incentives to improve

LIS recipients’ medication adherence.
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Chapter 5: Impact of Formulary Restrictions on Medication Use and
Costs

Abstract

Objective: To evaluate effects of formulary restrictions on utilization and costs of oral
hypoglycemic agents (OHAS), statins, and renin-angiotensin system (RAS) antagonists
among low-income subsidy (LIS) recipients in Medicare Part D plans. Methods: We
analyzed a 5% sample of 2012 Medicare data from the Chronic Conditions Data
Warehouse together with a customized dataset capturing beneficiaries’ histories of plan
assignment. Eligible study subjects were LIS recipients randomized to benchmark plans.
Formulary restrictions of interest were non-coverage, prior authorization, and step
therapy. Study outcomes included generic dispensing rate (GDR), mean cost per
prescription fill, and medication adherence based on proportion of days covered (PDC).
Random intercept regression models were performed to estimate the effects of formulary
restrictions on the study outcomes by drug class. Results: After covariate adjustment,
beneficiaries subject to formulary restrictions on brand-name pioglitazone and single-
source brand-name dipeptidyl peptidase-4 inhibitors (saxagliptin, sitagliptin, and
sitagliptin-metformin) had 3.0 percentage-points higher GDR, $10.8 lower cost per
prescription fill but similar PDC compared to those who faced no restrictions. Restricting
access to brand-name atorvastatin and single-source brand-name statins (rosuvastatin and
ezetimibe-simvastatin) was associated with 14.9 percentage-points higher GDR and
$29.6 lower cost per prescription fill but had no impact on PDC. Restricting use of
single-source brand-name RAS antagonists (olmesartan, valsartan, and valsartan-

hydrochlorothiazide) was associated with 15.0 percentage-points higher GDR, $27.2
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lower cost per prescription fill, and 1.3 percentage-points lower PDC. Conclusions:
Placing formulary restrictions on brand-name drugs shifts utilization toward generic
drugs, lowers cost per prescription fill, and has minimal impact on overall adherence for

OHAs, statins and RAS antagonists among LIS recipients.
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Introduction

Over 30 million Medicare beneficiaries obtain prescription drug coverage through Part D
each year.** Although the Centers for Medicare and Medicaid Services (CMS) require
Part D plans to include at least two drugs from each therapeutic class on formulary,
coverage of specific drugs may differ across plans. In 2010, some plans covered all drugs
from the CMS drug reference file, whereas other plans included as few as 63% of those
drugs.?° Variation in coverage occurred not only to drugs with low demand or brand-
name drugs with generic equivalents (i.e., multisource drugs) but also among those
single-source drugs commonly used by Medicare beneficiaries. In 2012, five of the ten
most frequently prescribed brand-name drugs among Medicare beneficiaries were
unavailable or excluded from formulary for more than 5% of all beneficiaries enrolled in
stand-alone prescription drug plans (PDPs).2* Furthermore, use of prior authorization
among covered drugs has increased from 8% in 2007 to 20% in 2012.%

Formulary non-coverage and utilization management tools (e.g., prior authorization, step
therapy) are intended to facilitate efficient use of medications and contain prescription
drug costs. Under the Medicare Part D program, a Part D plan enrollee or the enrollee’s
prescriber can request a coverage determination, including a request for an exception of
coverage or utilization management policies. A Part D appeals process is also in place
through which a Part D enrollee may appeal an unfavorable coverage determination from
their plan sponsor. However, in the standard process, the adjudication timeframe is 72
hours for a coverage determination and 7 days for the first appeal. Prior research also
suggests that many beneficiaries have difficulty in navigating their Part D coverage and

may be unaware of the coverage determination and exception process. These issues may
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present challenges for beneficiaries to obtain and adhere to the medications prescribed to
them. Little is known regarding the impact of non-coverage, prior authorization and step
therapy (collectively referred as formulary restrictions in this paper) on medication
utilization and costs, and whether those formulary restrictions may cause unintended
reduction in overall medication adherence. The evidence gap is likely due to two analytic
challenges. First, plans often impose formulary restrictions together or complimentarily
with cost-sharing rules to control medication utilization and costs, thus it is analytically
complex to isolate the effects of one from the other. Second, factors that influence
beneficiaries’ selection of prescription drug plans, such as health beliefs, risk preferences,
and expectations for medication needs, are typically unobservable but may bias estimates
of plan effects.

Our study addresses these two analytic challenges by exploiting a natural experiment in
which CMS randomly assigns beneficiaries receiving low-income subsidies (LIS) to
benchmark PDPs within regions. 3 Over 90% of all LIS recipients receive full subsidy
and pay the same nominal copays for prescription drugs regardless of plan cost-sharing
rules.’21® Hence, focusing the analysis on LIS recipients would allow us to tease out the
influences of plans’ cost-sharing rules and estimate the independent effects of formulary
restrictions. To further ensure that LIS recipients have affordable prescription drug
coverage, CMS randomly assigns those who do not voluntarily select a Part D plan to one
of the benchmark PDPs in their region. Each year CMS also re-assigns LIS recipients
from plans that are terminating or charging premiums above regional benchmark

thresholds. 3°-3” Randomization balances both observable and unobservable beneficiary
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characteristics between plans, thus creating a unique research opportunity for
understanding how formulary restrictions work in a real world setting.

Our study focused on three classes of medications commonly used by Medicare
beneficiaries: oral hypoglycemic agents (OHAS), statins, and renin angiotensin system
(RAS) antagonists. Adherence outcomes for these three drug classes are included as
quality measures in the Medicare Star Ratings program and assigned the highest weight
in calculating overall Stars. Recent CMS investigations have revealed that receipt of LIS
is associated with poorer outcomes for several Star measures, including suboptimal
adherence for OHAs, statins, and RAS antagonists.'>% Findings from this study can also
provide Part D plans with valuable insights in the extent to which lifting formulary

restrictions may improve LIS recipients’ medication adherence for the three drug classes.
Methods

Data Source

We analyzed a 5% sample of 2012 Medicare data from the Chronic Conditions Data
Warehouse (CCW). The CCW formulary file provides detailed information regarding
formulary restrictions for the drugs of interest in 2012. The CCW prescription drug event
(PDE) file contains claims for prescription drugs incurred by beneficiaries during the
year. The CCW files also include information on Part D plan characteristics and
beneficiaries’ utilization of inpatient, outpatient, and physician services. More details
about the CCW data files can be found elsewhere.*? In addition, we obtained a
customized dataset from CMS that captures beneficiaries’ histories of plan assignment,

dating back to 2006. Through this file, we were able to identify LIS recipients who were
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randomly assigned to benchmark PDPs by CMS and who remained in their assigned plan

as of January 1, 2012,

Study Cohorts

We constructed three non-exclusive study cohorts comprising of users of OHAs, statins,
and RAS antagonists, respectively. Eligible study beneficiaries must have been
continuously enrolled in Medicare Parts A, B & D, and have received LIS throughout
2012. In addition, eligible beneficiaries for a particular cohort must have at least two
prescription fills for the drugs of interest in 2012. We excluded beneficiaries who made
plan choices prior to 2012, but allowed those who switched plans mid-year of 2012 to
remain in the data analysis according to the intention-to-treat approach commonly used in
clinical trials. For technical reasons detailed below we also excluded beneficiaries

enrolled in one Part D contract (Envision RxPlus Silver) from the analysis.

Measures

The three outcome measures were generic dispensing rate (GDR), mean cost per
prescription fill, and medication adherence based on the proportion of days covered
(PDC) by any drugs in the class. GDR was calculated as annual days of supply for
generics divided by annual total days of supply for all drugs in the class. Mean cost per
prescription fill was determined by dividing total drug expenditure by total number of
prescription fills for all drugs in the class. PDC was computed by dividing days covered
by total observation days. Days covered by overlapping prescriptions for the same drug
were adjusted by rolling over the overlapping days to cover later days when lack of drug

supply was identified. Similarly, days covered during inpatient stays were applied to
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subsequent days with no drug supply. Days in inpatient facilities were removed from both
the numerator and the denominator of PDC.° PDC was capped at 1.

In our assessment of formulary restrictions, we only considered drugs accounting for
>1% of overall utilization of the drug class in all LIS recipients. Among those drugs, the
scope of analysis was further narrowed down to those with varying degrees of restriction
across the benchmark PDPs in 2012. The rationale behind these two requirements was
that the impact of formulary restriction of a specific drug cannot be detected unless the
drug was prescribed in the study population and its access was restricted to different
degrees across plans.

Formulary restrictions of interest were non-coverage (i.e., off-formulary), prior
authorization (PA), and step therapy (STEP). To identify off-formulary medications we
first identified all drug products from the drug lists used by the Medicare Star Ratings
program, and then cross-checked to see which plans excluded which products.3%4
Indicators for PA and STEP were available from the CCW formulary file. We measured
the degree of restriction for each drug identified at brand versus generic and dosage form
level. This allowed us to examine how restricting access to brand-name version of a
multi-source drug or specific dosage forms might impact the study outcomes. The degree
of restriction for a drug was categorized as: (1) “none-restricted” if no strengths of that
drug were subject to non-coverage, PA, or STEP; (2) “partially restricted” if at least one
but not all strengths of the drug were subject to non-coverage, PA, or STEP; and (3) “all
restricted” if all strengths of the drug were subject to non-coverage, PA, or STEP.
Notably, we observed perfect correlations in the degree of restriction among drugs in

each of the three classes. Specifically, every plan that partially restricted generic
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simvastatin also partially restricted ezetimibe-simvastatin. Plans either fully restricted
brand-name pioglitazone, sitagliptin, and sitagliptin-metformin across the board or did
not restrict any of the three drugs. Plans that fully restricted valsartan also fully restricted
valsartan-hydrochlorothiazide. We constructed composite measures that grouped
commonly occurring formulary restrictions and estimated the effects of each group on the
study outcomes. Table 3 provides a list of drugs selected for analysis, the degrees of
restrictiveness observed, and groups of formulary restrictions formed. As indicated in the
table, three OHASs (sitagliptin, sitagliptin-metformin, saxagliptin), two statins (ezetimibe-
simvastatin, rosuvastatin), and three RAS antagonists (olmesartan, valsartan all,
valsartan-hydrochlorothiazide) were single-source drugs for which generics were
unavailable in 2012.

Key covariates included a variable for count of free generic drugs, indicators for PDP
regions, and a categorical variable representing state laws for generic substitution. Plan
cost-sharing rules are generally not applicable to full LIS recipients as they pay flat
copays for prescription drugs (at most $2.60 for generics and $6.50 for brand-name drugs
in 2012).1° However, in 2012, several plans provided free mail-order prescriptions for
commonly used generics in the three drug classes of interest. The covariate, “count of
generics available for free via mail order”, was developed to account for the effect of this
practice at plan level. Lastly, several PDP regions cover multiple states, some of which
could have more forceful state laws for generic substitution than others. To represent the
strictness of the state laws, we constructed a categorical variable consisting of three

values, including “state law allows generic substitution”, “state law mandates generic
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substitution but allows brand by patient request”, and “state law mandates generic
substitution but allows brand by provider request”.

We also evaluated the impact of CMS assignment methods by comparing enrollee
characteristics across the benchmark PDPs within each of the three largest PDP regions,
namely New York, Texas, and California. We expected comparable enrollee
characteristics between plans except for assignment year and age. This was because some
plans had operated as benchmark plans for more years and thus would have received
more random assignees compared to plans that achieved benchmark status in recent
years. These “older” benchmark plans would also have retained an older pool of
enrollees. Beneficiary age and assignment year were also included as covariates in the

analysis.
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Table 3 Identification of Eligible Drugs and Groups of Formulary Restrictions (Chapter 5)
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Statistical Analysis

We estimated three sets of random intercept regression models, in which dependent
variables were GDR, mean cost per prescription fill, and PDC, respectively. In each
regression model, we included a random effect to account for unexplained variability
between plans. Formulary restrictions were modeled as fixed effects. Count of generics
available for free via mail order, state law for generic substitution, PDP region,
assignment year, and beneficiary age were included as covariates in the models and

treated as fixed effects. We used SAS 9.3 (Cary, NC) for all statistical analyses.

Results

A total of 28,082 beneficiaries were eligible for the OHA cohort, 53,864 for the statin
cohort, and 57,289 for the RAS antagonist cohort. Approximately 30% of all study
subjects resided in New York, Texas, and California in 2012. As expected, enrollee
characteristics were largely comparable across benchmark PDPs within each of these
three regions except for assignment year and age (Tables A1-A3). Table A4 provides
distributions of the three study cohorts by PDP region.

From our assessment of the benchmark PDPs’ formulary designs in 2012, we found
consistent patterns in formulary restrictions for OHAs, statins, RAS antagonists. For most
of the drugs analyzed, plans either fully restricted its use (all strengths restricted) or
applied no restrictions at all (all strengths available). Formulary restrictions were mostly
placed on brand-name drugs whereas almost all generic drugs were readily available on
formulary. In addition, the benchmark PDPs appeared to have three formulary
approaches for handling brand-name drugs (Tables 4-6). From most restrictive to most

generous, they were: 1) placing restrictions on all brand-name drugs; 2) selectively
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covering brand-name drugs without restrictions; and 3) covering all single-source brand-
name drugs and commonly used multi-source brand-name drugs without restrictions.

The top panels in the next three tables present descriptive statistics for annual days of
supply for every drug that accounted for at least 1% of overall utilization in the LIS
population beginning with OHASs (Table 4), statins (Table 5), and finally RAS
antagonists (Table 6). These statistics are arrayed by the groups of formulary restrictions
described in Table 3. Placing formulary restrictions on a drug was associated with lower
utilization of that medication. The impact was more pronounced among statins (Table 5)
and RAS antagonists (Table 6) than among OHAs (Table 4).

Utilization of generic drugs was much higher among beneficiaries enrolled in plans that
restricted access to brand-name drugs. Compared to those enrolled in plans that placed no
formulary restrictions on the four statins under study (Table 5), beneficiaries who faced
restrictions in obtaining rosuvastatin (single-source brand-name), atorvastatin (multi-
source brand-name), and ezetimibe-simvastatin (single-source brand-name) not only had
considerable fewer annual days of supply for the three drugs (rosuvastatin: 9.10 vs.
35.41; brand-name atorvastatin: 1.61 vs. 20.52; ezetimibe-simvastatin: 1.13 vs. 7.99), but
also had higher use of generic atorvastatin (58.99 vs. 45.86), generic lovastatin (21.27 vs.
16.66), generic pravastatin (48.72 vs. 39.21), and generic simvastatin (136.30 vs. 120.77).
Similarly, beneficiaries who were subject to restrictions in accessing single-source brand-
name angiotensin Il receptor blockers (ARBS), including olmesartan, valsartan, and
valsartan- hydrochlorothiazide, had more days of supply for generic ARBs (losartan:

50.18 vs. 27.91; losartan- hydrochlorothiazide: 14.89 vs. 8.57) when compared to their
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counterparts who could access those drugs without requesting for plan approval (Table
6).

The bottom panels of Tables 4-6 present mean values for each of the study outcomes. The
mean GDRs for the three OHA restrictiveness groups varied from 0.83 for plans with no
restrictions to 0.84 for plans restricting only saxagliptin (single-source brand-name), to
0.88 for plans restricting brand-name pioglitazone and single-source brand-name
dipeptidyl peptidase-4 (DPP4) inhibitors (saxagliptin, sitagliptin, and sitagliptin-
metformin). For statins the mean GDR was also lowest for plans with no formulary
restrictions (0.77) climbing up to 0.95 for plans placing restrictions on brand-name
atorvastatin and single-source brand-name statins (rosuvastatin and ezetimibe-
simvastatin). For RAS antagonists plans with no restrictions again exhibited the lowest
mean GDR (0.80) with the highest mean GDR (0.95) observed among plans restricting
single-source brand-name ARBs (olmesartan, valsartan, and valsartan-
hydrochlorothiazide). Mean costs per prescription fill were inversely related to GDR. For
OHAs, the range was $54.54 in plans with the most restrictions to $71.70 in plans with

no formulary restrictions on the four OHAs under study. For statins the range was
$40.49 to $73.04 and for RAS antagonists, $20.78 to $45.74. The differences in PDCs
across plans by formulary restrictiveness were small. In no instance was the difference

greater than 0.04.
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Table 4 Descriptive Statistics for Utilization of Individual Oral Hypoglycemic Agents and Study Outcomes, Stratified by

Formulary Restrictions (Chapter 5)

Table 4 Descriptive Statistics for Utilization of Individual Oral Hypoglycemic Agents and Study
Outcomes, Stratified by Formulary Restriction Policies, n=28,082

Group of Formulary Restrictions

Brand-name PIO SAX all, None of the four

all, SIT all**, SIT- n=11,530 restricted,

MET all, SAX all, n=9,775

n=6,777

Mean Annual Days of Supply (Days)
Brand-name pioglitazone 18.56 20.25 23.80
Sitagliptin* 25.25 35.61 38.80
Sitagliptin-metformin* 5.48 8.32 9.29
Saxagliptin* 6.55 4.22 4.72
Generic pioglitazone 7.61 7.81 9.17
Generic glimepiride 30.98 31.57 33.17
Generic glipizide 40.15 35.80 35.75
Generic glipizide XL 8.55 10.81 10.47
Generic glipizide ER 14.78 16.09 12.85
Generic glyburide 25.53 24.07 24.79
Generic glyburide-metformin 9.99 8.70 11.25
Generic metformin 188.77 184.74 181.13
Study Outcomes

Generic dispensing rate 0.88 0.84 0.83
Mean cost per prescription fill (dollars) | 54.54 65.77 71.70
Proportion of days covered 0.83 0.84 0.84

*Single-source drugs in 2012; **Degree of restriction: “all” indicates all strengths restricted while
“partially” indicates at least one but not all strengths restricted; P1O: brand-name pioglitazone; SIT:
sitagliptin; SIT-MET: sitagliptin-metformin; SAX: saxagliptin;
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Table 5 Descriptive Statistics for Utilization of Individual Statins and Study Outcomes, Stratified by Formulary
Restriction Policies (Chapter 5)

Table 5 Descriptive Statistics for Utilization of Individual Statins and Study Outcomes, Stratified by
Formulary Restriction Policies, n=53,864

Group of Formulary Restrictions

ROS Generic Brand- ROS EZT- Brand- | None of

all**, SIM name all, SIM name the four

brand- partially, | ATO all, | ezetimi | all, ATO restricted,

name brand- EZT- be- n=9,525 | all, n=7,349

ATO all, | name SIM all, | simvast n=13

EZT- ATOin n=22,104 | atin all,

SIM all, | all, EZT- n=5,124

n=1,810 | SIM

partially,
n=7,939
Mean Annual Days of Supply (Days)
Brand-name 1.61 1.10 19.43*** | 34.46 4.32 0.00 20.52
atorvastatin
Ezetimibe- 1.13 8.32 0.71 0.33 0.42 0.00 7.99
simvastatin*
Rosuvastatin* 9.10 37.21 36.19 3.81 33.04 62.31 35.41
Generic atorvastatin | 58.99 64.04 42.40 27.44 54.23 36.92 45.86
Generic lovastatin 21.27 18.66 17.76 24.42 19.84 0.00 16.66
Generic pravastatin | 48.72 35.29 35.64 36.91 41.92 34.62 39.21
Generic simvastatin | 136.30 122.53 134.27 159.96 128.79 115.38 | 120.77
Study Outcomes

Generic dispensing | 0.95 0.83 0.80 0.86 0.86 0.77 0.77
rate
Mean cost per 40.49 68.66 60.48 41.44 53.05 59.29 73.04
prescription fill
(dollars)
Proportion of days 0.81 0.83 0.83 0.83 0.82 0.80 0.83
covered

*Single-source drugs in 2012; **Degree of restriction: “all” indicates all strengths restricted while
“partially” indicates at least one but not all strengths restricted; ***Several plans rejected claims for
generic atorvastatin and covered brand-name atorvastatin at generic copay during the 180 days following
patent expiration.* This 180 days covered first four months of the study period (January-April, 2012);
ATO: brand-name atorvastatin; SIM: generic simvastatin; EZT-SIM: ezetimibe-simvastatin; ROS: rosuvastatin;
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Table 6 Descriptive Statistics for Utilization of Individual RAS Antagonists and Study Outcomes, Stratified by Formulary
Restriction Policies (Chapter 5)

Table 6 Descriptive Statistics for Utilization of Individual Renin Angiotensin System Antagonists and
Study Outcomes, Stratified by Formulary Restriction Policies, n=57,289

Group of Formulary Restrictions
OLM all**, VAL Generic OoLM Generic None of
all, VAL-HCT all, | AMD-BZP | all, AMD-BZP | the four
n=1,737 all, OLM n=28,595 | all, n=4,831 | restricted,
all, n=765 n=21,361
Mean Annual Days of Supply (Days)
Generic amlodipine- 4.20 1.61 6.90 1.07 6.05
benazepril
Olmesartan* 1.86 0.35 0.81 2.67 6.06
Valsartan* 1.22 24.10 24.61 27.03 28.06
Valsartan- 0.55 13.87 10.42 11.40 14.25
hydrochlorothiazide*
Generic benazepril 5.38 23.15 13.36 12.49 11.35
Generic enalapril 24.71 14.65 18.18 17.53 16.25
Generic lisinopril 125.11 102.31 124.32 120.84 126.39
Generic lisinopri- 28.00 22.30 22.35 28.81 21.79
hydrochlorothiazide
Generic losartan 50.18 22.24 32.44 26.15 27.91
Generic losartan- 14.89 8.90 10.02 11.30 8.57
hydrochlorothiazide
Generic quinapril 2.99 6.56 3.36 4.26 3.49
Generic ramipril 11.11 5.66 6.04 8.50 6.89
Study Outcomes
Generic dispensing rate | 0.95 0.81 0.85 0.82 0.80
Mean cost per 20.78 41.01 38.89 43.31 45.74
prescription fill
(dollars)
Proportion of days 0.82 0.80 0.83 0.84 0.84
covered

*Single-source drugs in 2012; **Degree of restriction: “all” indicates all strengths restricted while
“partially” indicates at least one but not all strengths restricted; AMD-BZP: amlodipine-benazepril; OLM:
olmesartan; VAL: valsartan; VAL-HCT: valsartan-hydrochlorothiazide;

These relationships persisted after covariate adjustment for assignment year, beneficiary
age, count of generics available for free via mail order, PDP region, and state law for
generic substitution (Table 7). For OHAs, restricting use of brand-name pioglitazone and
single-source brand-name DPP4 inhibitors was associated with 3.0 percentage-points
higher GDR (p<0.0001) and $10.8 lower cost per prescription fill (p=0.0001) for OHAs.

Restricting access to brand-name atorvastatin and single-source brand-name statins was
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linked to 14.9 percentage-points higher GDR (p<0.0001) and $29.6 lower cost per
prescription fill (p<0.0001) for statins. Restricting single-source brand-name statins was
associated with $25.6 lower cost per prescription fill (p=0.0158) while restricting brand-
name atorvastatin and single-source brand-name ezetimibe-simvastatin was related to a
reduction of $12.4 (p=0.0399). Placing restrictions on single-source brand-name ARBs
was related to 15.0 percentage-points higher GDR (p<0.0001) and $27.2 lower cost per
prescription fill (p<0.0001) for RAS antagonists. Restricting only olmesartan was linked
to 3.8 percentage-points higher GDR (p=0.0434) for RAS antagonists.

The estimated effects of formulary restrictions on overall adherence were minimal.
Restricting access to brand-name pioglitazone and single-source brand-name DPP4
inhibitors was linked to 0.4 percentage-points higher PDC (p=0.3508), but the association
was not statistically significant. Beneficiaries facing formulary restrictions of brand-name
atorvastatin and single-source brand-name statins on average had 0.9 percentage-points
lower PDC (p-value=0.1197) compared to those who were not subject to such
restrictions. Restricting use of single-source brand-name ARBSs was related to 1.3
percentage-points lower PDC (p=0.0211).

Stringent state laws for generic substitution (mandating generic substitution and only
allowing brand-name drugs by provider request) were associated with 3.3 percentage-
points higher GDR for OHAs (p=0.0120) and 3.0 percentage-points higher GDR for RAS
antagonists (p-value=0.0091). Providing free mail-order prescriptions for one additional

generic statin was associated with 1.5 percentage-points higher GDR (p-value=0.0360).
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Table 7 Random Intercept Models-- Estimated Effects of Formulary Restrictions on Study Outcomes (Chapter 5)

{ap1Ze1Y1010JY20IpAY-UBLIES[RA : 1 DH-TVA ‘UBLIES[eA WA ‘UeLESaW|O (N0 ‘1idazeuag-aurdipojue
:dZ9-AINV ‘UNBISBANSOl :SOY UNRISBAWIS-3GIWINEZS (N IS-173 ‘UIlRISeAWIS ILIBUSH (NS UlleISeAlole aweu-puRlq QLY ‘undijbexes : XS uiwlopaw-undibens : 13\
-11S ‘unduiBens :11S ‘euozenbold swreu-puelq :0ld « ‘Pa3aLIsal SYIBUaIIS [|e 10U INg BUO 1Ses] Je Sajedlpul . Jenied,, ajiym paloLisal syibuans |[e sexedlpul J[e,,
:U011911358. JO 89168y -AN[RA-d AQ PaMOJ|0} (10118 paepuURlS) JUBID1LI800-18( B SJuasa.d |32 8|qel yaes uoifial 4ad pue ‘abie ‘Jeak juswubisse 10} palsnipy«

0%S2°0 “(200°0) 200°0
G660 ‘(£00°0) £00°0

9/50°0 ‘(000°0) T00'0
/GE0°0 ‘(#00°0) 800°0
106070 ‘(200°0) ¥00°0-
0£91°0 (800°0) T10°0-
1720°0 “(S00°0) £10°0-

T780°0 ‘(72£2) TOT v~
29TT°0 (80£'T) GS0°Z-

89b7°0 ‘(225°0) GEV'0-
G180 ‘(6£0°9) G8T'T-
G6L£°0 ‘(#99°€) 02z €-
888¢°0 (TEY'S) 1891~
1000°0> (T02°9) 9122 2-

160070 ‘(210°0) 0£0°0
0050°0 (900°0) 2100

9166°0 '(£00°0) 0000
9508°0 (T£0°0) 8000
7EY0'0 “(6T0°0) 8£0°0
¥68€°0 ‘(£20°0) ¥20°0
T000°0> ‘(Z£0°0) 0ST'0

1sanbaJ Jspinoad Aq pue.q SMOJ[e ‘U0IININSYNS J11aUak serepuel
1s8nbaJ jusned Aq pue.aq SMoj[e ‘uoIINIISgNS JLIausl salepuR|
(uonMnsgns o1IauUsl sMmoje :8ouaa)a.) uonNINsSans Jllauab 1oy me| 31el1S
JapJo rew eIA Aedod 018z yum sa11auab Jo JUno)

I1e dZ9-AINY 18U

e W10

[[e Ueltesaw|o ‘|le 4Zg-aNY d11sus9

I1e LOH-TVA ‘Ile TVA ‘I’ N0

(p810141S34 ANOJ Y1 JO BUOU :93UAIBJ84) SUOIILIISAI AJejnwiioy) Jo dnois

682'/G=U 10yoJ 1sluobeiuy Sy

9/19°0 ‘(£00°0) £00°0-
G£68°0 ‘(#00°0) T000

8869°0 (T00°0) 000°0
95/G°0 ‘(650°0) ££0°0-
69zZ°0 (€00°0) ¥00°0-
G6£2°0 (S00°0) 900°0-
12600 ‘(£00°0) G00°0-
€SET°0 (¥00°0) 900°0-
L6TT°0 '(900°0) 600°0-

/¥80°0 (2£8'2) 288"+~
G0T60 (959'T) ¥8T°0

¥812°0 (199°T) ¥70°Z-
¥812°0 ‘(810°92) G22'TT
8v99°0 ‘(82£'9) 081'81-
85T0°0 (685°0T) 295°Ge-
66£0°0 ‘(920°9) TOV'ZT-
£989°0 (£50°2) 058°Z-
T000°0> ‘(208°9) 065 '62-

0798°0 '(TT0°0) 2000
1020°0 ‘(900°0) GT0°0-

09£0°0 (£00°0) GTO0
£562°0 ‘(20T°0) LOT'0-
89000 ‘(220°0) £20°0
er18°0 '(S70°0) TT0°0
99v6°0 ‘(920°0) 2000
1667°0 '(0£0°0) 8500
T000°0> ‘(620°0) 67T°0

1sanbaJ Jspinoad Aq pue.q SMojje ‘uoiNIisgns J11auUak sayepue|
1s8nbaJ juaited Aq pue.q smojfe ‘uoIINISgns JlIaush sajepueip
(uonninsgns 2148uab SMo[e :83usa)a4) UoNINSANS JLIauUsl 10} Me| B1eIS
JlapJo rew eiA Aedod 018z yum sa11auab 4o Juno)

[le OL1YV aweu-pueag

e WIS-1Z3

lle WIS-1Z3 ‘|le SO

I1e INIS-1Z3 ‘|le OLV sweu-pue.d

Alrensed WIS-173 ‘Ile OLV aweu-puelq ‘Ajjented |NIS 9148UsD

[le WIS-1Z3 ‘|le OLV sweu-puelq ‘[le SO

(pa1014158. N0 83 JO BUOU :3JUBJBJA.) SUOIIDLIISa) Atejnwiioy Jo dnolo

#98'€G=U ‘1oyoD unels

G910 “(0T0°0) ¥T0°0
62700 '(900°0) TT0°0

6685°0 (T00°0) 000°0
89990 ‘(¥00°0) 2000
80G¢°0 ‘(500°0) ¥00°0-

880070 ‘(TTT'S) 98°CT-
GSbS°0 ‘(b06'2) 95L'T-

£886°0 ‘(¥£5°0) 8000
€650 ((E2'2) ¥.8°T
70000 ‘(218°2) 95L°0T-

02100 ‘(€70°0) ££0°0
02£6°0 ‘(000°0) T00°0-

08.£°0 ‘(T00°0) T00°0-
0590 ‘(#00°0) ¥00°0-
T000°0> (500°0) 0£0°0

1sanbaJ Jspinoad Aq pue.q SMOJ[e ‘U0IININSYNS J11sUak serepuel
1s9nbaJ jusied Aq pue.aq Smoj[e ‘uoIINISgNS JLIauUsl salepuRi
(uonMnsgns o11ausl SMoje :89uaa)a.) uonNISans Jllauab 1o} me| 31el1S
JapJo rew eIA Aedod 018z yum sa11auab Jo JUno)

Ile XvsS

[1e XVS ‘Ile LIIN-LIS ‘e LIS ‘xxIle Old sweu-pueig

(p210141S34 ANOJ Y1 JO BUOU :33U3JaJ84) SUONILISa AJejnwiioy Jo dnoio

2802 =U ‘HOYoQ VYHO

add

| Ind xy Jad § ues\

ddas

«S3W02INQO ApNIS U0 SUONIIIISaY Aue[NWIOS JO S193)43 palew IS —s[apolA 1deolalu] wopuey / ajqel

42



Discussion

We found that placing formulary restrictions on brand-name drugs generally shifted
utilization away from brand-name agents towards inexpensive generics. The effects were
consistent across the three drug classes but the magnitude of impact was smaller for
OHA s than for statins or RAS antagonists. LIS recipients who faced restrictions in
accessing brand-name drugs had 34.9% (38.80 vs. 25.25 days) lower annual days of
supply for sitagliptin, 74.3% (34.41 vs. 9.10 days) lower days of supply for rosuvastatin,
and 95.7% (28.06 vs. 1.22 days) lower days of supply for valsartan (Tables 4-6) than
their counterparts who could freely access those drugs. Correspondingly, the difference in
GDR between the restricted and unrestricted group was smaller for OHAs (0.88 vs. 0.83)
than for statins (0.95 vs. 0.77) and RAS antagonists (0.95 vs. 0.80).

This varying magnitude of impact might be due to differences in availability of
therapeutically equivalent agents. There were multiple generic statins and generic ARBs
available in 2012 whereas all DPP4 inhibitors were single-source brand-name drugs.
Clinical guidelines on diabetes management recommend adding a DPP4 inhibitor,
sulfonylurea, or thiazolidinedione as a second oral agent for patients who cannot achieve
their glycemic target with metformin monotherapy. > We observed that beneficiaries
who faced and did not face restrictions on DPP4 inhibitors had comparable utilization of
sulfonylureas and thiazolidinediones, indicating lack of substitution. Although the
findings from the regression analysis suggest that restricting access to DPP4 inhibitors
has minimal impact on overall OHA adherence, further work is needed to investigate
concurrent adherence among patients treated with multiple OHAs as well as the clinical

impact of formulary restrictions.
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This study addresses the intended and unintended consequences of formulary
restrictions—an understudied but important research topic given the near-ubiquity of
these tools in modern formulary management.?’ The lack of literature is partially due to
complexity in deciphering formulary designs, especially if a large number of drug
products are involved. Most prior studies are limited to providing descriptive statistics
regarding shares of restricted drugs or evaluating formulary policy changes for particular
drugs.2%4847 Qur analysis of the benchmark PDPs’ formularies contributes valuable
insights in identifying formulary restrictions that may materially impact medication
utilization patterns.

The study estimates for the effects of formulary restrictions have high internal validity.
By focusing on the randomized LIS recipients, we were able to minimize potential bias
by: 1) isolating the effects of formulary restrictions from that of cost-sharing rules; and 2)
removing confounding effects of virtually all beneficiary characteristics we could
observe—and by extension other unobserved factors that represent critical threats to
internal validity in conventional observational studies.

Additionally, LIS recipients represent about 40% of Part D enrollees yet account for over
55% of total drug spending.! This is a socially and economically disadvantaged
population who often live with disabilities and multiple chronic conditions. They tend to
have worse health outcomes yet significantly higher health care expenditures.*? Such
disparities suggest needs for improving both quality and efficiency of care for this
vulnerable population.

In 2012, full LIS recipients paid at most $2.60 for generics and $6.50 for brand-name

medications.'® We found that neither availability of free generics nor generous coverage
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of brand-name medications seemed to meaningfully affect LIS recipients’ overall
adherence for OHAs, statins, and RAS antagonists. Hence, LIS recipients’ suboptimal
adherence might be due to behavioral or clinical causes rather than costs or access
issues.248 Part D plan sponsors and other health care decision makers may consider
behavioral interventions to improve LIS recipients’ perceived importance of medication
adherence and disease management skills.

This study has a few limitations. First, the study subjects were randomized to plans
rather than to varying formulary restrictions, per se. Hence, the observed effects of
formulary restrictions might be confounded by other plan-level policies that also affect
medication utilization patterns. We observed that several benchmark PDPs provided free
mail-order prescriptions for commonly used generics, which would incentivize
beneficiaries to take generics instead of brand-name drugs and use more medications
overall. We also observed that Envision RxPlus Silver did not offer 90-day supply
prescriptions in 2012 whereas all the other benchmark PDPs did. In general, shorter
length of drug supply per prescription fill presents more opportunities for filling
prescriptions late and may lead to gaps in medication usage. To eliminate these two plan-
level policies as alternative explanations for the observed effects of formulary restrictions
on the study outcomes, we excluded beneficiaries enrolled in the Envision RxPlus Silver
plan from all analyses and included a covariate for count of free generics in the
regression models. In addition, we estimated random intercept regression models to
recognize variability in unobserved plan attributes.

Secondly, our randomized cohorts of LIS beneficiaries were not strictly comparable from

plan to plan within PDP regions. Because Part D regional benchmark thresholds are
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determined annually through a competitive bidding process, plans can lose or gain
benchmark status from year to year. When a plan loses benchmark status, its random
assignees would be re-assigned to other plans (there is an exception when the plan
premium is just above the benchmark threshold). As expected, this dynamic
randomization process resulted in small differences in beneficiary assignment year and
age.

Lastly, readers should use caution in generalizing findings of this study to non-LIS
beneficiaries. Compared to non-LIS beneficiaries, LIS recipients tend to be younger,
more socioeconomically disadvantaged, and more likely to live with disabilities and
multiple chronic conditions. Unlike LIS recipients who pay nominal copays for
prescription drugs, non-LIS beneficiaries are subject to their plan’s cost-sharing rules
which may also affect their medication utilization and costs. Nevertheless, both LIS and
non-LIS beneficiaries in a given plan face the same formulary policies and appeal process
for requesting coverage exceptions. Although the impact of formulary restrictions on the
study endpoints may differ in magnitude, we expect the nature of the relationships to hold
in non-LIS populations.

Conclusions

Placing formulary restrictions on brand-name drugs shifts drug utilization toward
generics and lowers cost per prescription fill but has minimal impact on overall
adherence for OHAs, statins and RAS antagonists among Medicare Part D enrollees

receiving low-income subsidies.
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Chapter 6: Low Income Part D Enrollees’ Medication Adherence Is
Influenced by External Environmental Factors

Abstract

Using publicly available data, we developed county and hospital referral region level
indices for five external environmental domains, including socioeconomic environment,
availability of healthcare resources, health culture, evidence-based medicine practice, and
quality of primary care. We then evaluated the relationships between these five
environment domains and medication adherence for oral hypoglycemic agents, statins,
and RAS antagonists among a sample of Medicare Part D enrollees with diabetes
receiving low-income subsidies. Although everyone in the study sample had low income
by definition, those living in areas with low socioeconomic environment—representing
most of the study sample—and poor quality of primary care were less likely to achieve
medication adherence than their counterparts, after adjusting for individual characteristics
and plan effects. This finding provides empirical evidence that supports the role of
external environment in low-income beneficiaries’ use of prescription medications
independent of their individual characteristics. Policies aimed at improving medication
adherence in poor populations may consider targeting environmental factors in addition

to individuals’ behaviors.
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Introduction

The question of what causes geographic variation in health services utilization has
provoked controversy for years. Is it primarily due to variation in individuals’ health care
needs across the country? Or is it due to differences in practice patterns and other
external environmental factors from region to region? Understanding sources of
geographic variation in health services use is key to tailoring effective policies for
improving efficiency of health care. If high use and high costs are primarily driven by
practice-related factors that generate excessive use of health services with little benefits
to patients, then policies tailored to changing this behavior could result in substantial
savings in healthcare spending. Similarly, if cost-effective treatments are underutilized in
parts of the country because of external environmental factors, policies targeting at those
external factors could improve efficiency and quality of care. However, if population
characteristics, including differences in health status and treatment preferences drive the
variation, then policies designed to reduce or eliminate such variation could discourage
delivery of personalized care.?®

Despite the attention paid to geographic variation in health services utilization, few
studies have been able to quantify the contribution of external environment to the
variation independently of the role of individual characteristics.®24264° Finkelstein et al
found that 40% - 50% of geographic variation in utilization is attributable to patient
demand and the remainder is due to place-specific factors. While the authors further
evaluated specific factors driving patient demand (i.e., demographics, health status, and
habit formation as a result of past utilization of health services), the underlying

mechanisms of place-specific factors were not systematically analyzed.?’
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Compared to utilization of hospital and medical services, less is known about the
underlying causes of geographic variation in use of prescription medications.**->* While
the same external environmental factors are likely to be relevant to physicians’
prescribing decisions, patients have considerable discretion in use of medications,
especially those indicated for chronic conditions, and the sources of this discretion are
Wldely debated.8’12’23’24'48'52_54

The clinical benefits of oral hypoglycemic agents (OHAS), statins, and renin-angiotensin
system (RAS) antagonists in reducing patients’ risk of developing diabetes complications
and cardiovascular events have been well established and accepted by the medical
community.! However, numerous studies have found that individuals, especially those
with low socioeconomic status, fail to take these medications as prescribed.”® Similar
observations were made in a recent analysis of Medicare Part C & D performance data
conducted by the Centers of Medicare and Medicaid Services (CMS). Specifically, low-
income subsidy (LIS) recipients enrolled in Part D were found to be significantly less
likely to achieve acceptable levels of adherence with these three classes of medications
compared to non-LIS beneficiaries.®°

We conducted a series of analyses to understand the factors influencing LIS recipients’
utilization patterns with each drug class and observed striking variation in adherence rates
across geographic regions. In this study, we evaluated the influence of external
environmental factors on medication adherence for OHAs, statins, and RAS antagonists
in a cohort of LIS recipients diagnosed with type 2 diabetes. Our work was driven by the
goal of improving policymakers’ understanding of the multilevel factors that influence

medication adherence in poor populations. Such an understanding is critical to crafting
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effective policies to improve adherence to chronic medications in this vulnerable

population.

Methods

We first developed county or hospital referral region (HRR) level indices to capture five
external environmental domains hypothesized to affect LIS recipients’ medication-taking
behaviors. The five domains were socioeconomic environment, availability of healthcare
resources, health culture, evidence-based medicine practice, and quality of primary care.
We then evaluated how these domains, represented by the index scores, relate to
individuals’ medication adherence for OHAs, statins, and RAS antagonists in a cohort of
LIS recipients.

Study Sample

The study population included LIS recipients with type 2 diabetes who were enrolled in
CMS-assigned benchmark prescription drug plans (PDPs) in 2012. To ensure that LIS
recipients have affordable prescription drug coverage, CMS randomly assigns those who
do not voluntarily select a Part D plan to one of the benchmark PDPs in their region.
Each year CMS also conducts re-assignments for those whose plan is terminating or no
longer qualified as premium-free in the following year. LIS recipients may switch to a
different plan of their choice any month in a year.3>2¢ Our analysis showed that
approximately 4.1 million or 35% of all LIS recipients were enrolled in a CMS-assigned
plan in the beginning of 2012. We chose to focus the analysis exclusively on randomized
LIS recipients as a means of minimizing selection bias and thus strengthening the internal

validity of the study.
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Eligible beneficiaries were also required to have been continuously enrolled in Medicare
Part A, B & D and have received LIS throughout 2012. Beneficiaries who filled two or
more prescriptions for insulin or stayed in inpatient facilities for >180 days in 2012 were

excluded from the analysis, as were those who selected their own Part D plan.

Data Source

Individual-level data were drawn from a random 5% sample of Medicare beneficiaries in
2012 from the Chronic Conditions Data Warehouse (CCW).*? The CCW files were
linked to a customized dataset from CMS to ascertain beneficiaries’ histories of plan
assignments dating back to 2006. Variables included in the county/HRR-level indices for
the five environmental domains of interest were taken from publicly available data;
specifically, County Health Rankings & Roadmaps for county-level data on
socioeconomic environment and health culture °, the Area Health Resource Files for
county-level estimates regarding availability of health care professionals °¢, and the
Dartmouth Atlas of Health Care data for information related to evidence-based medicine

practice and quality of primary care at the HRR level. %

Measures

Medication adherence was determined based on proportion of days covered (PDC) by
any medications in the drug class for OHAs, statins, and RAS antagonists, respectively.
PDC was operationalized using the same methodology applied in the Medicare Star
Ratings program for adherence measures.*® Beneficiaries with a PDC > 0.8 were

considered adherent.>®

The main independent variables were the five indices of environmental domains

measured either at the county or HRR level depending on availability of data. Our choice
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of these five domains was based on existing literature. Prior research suggests that
socioeconomic environment °>® and availability of healthcare resources -2 play a role
in individuals’ health services utilization. Building upon the work of Finkelstein et al. on
the impact of clinical practice styles 26?7, we hypothesized that medication adherence
would be higher in areas with greater adoption of evidence-based medicine practice.
Lastly, adherence to OHAs, statins, and RAS antagonists can be perceived as a form of
primary care in the sense that being adherent with these medications can help prevent
diabetes complications and cardiovascular events. To explore this hypothesis, we
included two constructs pertinent to primary care in the analysis, namely quality of

primary care and health culture.

For the purpose of this study, we grouped plans from the same Part D sponsor and
contract together into 17 “plans” and created a set of dummy variables for them. The
plan-level variables were analyzed as fixed effects. In addition, we constructed three
groups of covariates for beneficiary characteristics, including: 1) beneficiary
demographics (age, gender, race/ethnicity, LIS subsidy level, and original reason for
Medicare entitlement); 2) beneficiary comorbidities (hypertension, hyperlipidemia,
chronic heart failure, chronic kidney disease, depression, and Charlson Comorbidity
Index); and 3) beneficiary health services utilization (count of physician office visits,

count of hospitalizations and emergency room (ER) visits).

Statistical analysis
The development of an index value for each environmental domain involved six steps: 1)
selecting items that fit the underlying construct of the index; 2) reverse coding certain

items so that higher values consistently represented more desirable outcomes across all
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items; 3) performing a principal component analysis of candidate items to obtain item
loadings to the underlying construct; 4) dropping items that had a loading <0.3;% 5)
estimating Cronbach’s alpha to evaluate whether the remaining items were related to the
same underlying construct and belonged together (i.e., examining internal consistency);
and 6) dropping those items that degraded internal consistency.®* Table 8 presents the
data sources, geographic units, and specific items that were considered and ultimately

selected for creating each index.

After an index was developed, index scores were assigned to geographic units (counties
or HRRs), which were then categorized into quartile groups based on their designated
index score. For example, counties whose index score for socioeconomic environment
fell in the top 25 percentile of all counties were assigned to the highest or 1% quartile.
Correspondingly, the same quartile designation was assigned to all study subjects who
were residents of the county/HRR. We arrayed the quartile ranking for LIS recipients
along the five environmental domains and by mean medication adherence rates for the
three drug classes of interest. In addition, we estimated three linear probability models to
evaluate the associations between the geographic unit level indices and adherence for the
three medication classes while controlling for the plan- and beneficiary-level covariates.
Although binary outcomes (adherent versus non-adherent) are often analyzed using logit
or probit models in biomedical research, we opted for linear probability models because
the interpretation of the modeling results is more appealing in a policy context. In
contrast to odds ratios and relative risks which measure relative differences, the beta
coefficients from a linear model estimate absolute differences, which are more

meaningful in understanding the expected effect of a particular policy or program. In the
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instance of medication adherence, a beta coefficient estimate for a particular policy from
a linear probability model can be directly interpreted as the expected change in adherence

rate if the policy were to be implemented.

Limitations

This study has several important limitations. The development of indices for the five
environmental domains was limited by the data available to us. There are undoubtedly
other factors that may be important to medication use such as travel distance to a
pharmacy and access to medication counseling, among others. The choice of geographic
unit was also restricted by what was available. Socioeconomic environment may vary
considerably from one part of a county to another, and thus assigning county-level
measures to all individuals may have resulted in misclassification bias. Future research
should consider measuring environment factors at more granular level (e.g., 5-digit Zip
code level). In addition, like any other measures, construct validity of the index measures
could not be readily evaluated. We selected candidate items for each index based on
whether they conceptually fit the underlying construct, but admittedly, those decisions
were subjective. Lastly, the scope of the study is limited to examining secondary non-
adherence as unfilled prescriptions (primary nonadherence) are not captured in
administrative claims.

Results

The specifications for the five environmental domains indices are presented in Table 8.
The Cronbach’s alpha of the selected items for evidence-based medicine domain was
0.67, slightly below the rule of thumb threshold of 0.7. The other four indices had a

Cronbach’s alpha above 0.8, indicating high internal consistency.
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A total of 39,417 eligible beneficiaries were included in the study cohort (Table 9). The
mean age was 66.3 years, 38.1% were males, 46.4% aged into Medicare, 55.6% were
white, and over 98% received full LIS and paid only nominal copays for prescription
medications. Coexisting conditions were common among the beneficiaries: 24.6% had
chronic heart failure, 24.4% had chronic kidney disease, 25.9% had depression, 59.8%
had hyperlipidemia, and 78.2% had hypertension. The mean Charlson Comorbidity Index
count was 1.5. On average, the study subjects had 9.2 physician office visits, 0.5
hospitalizations, and 1.5 ER visits in 2012.

We identified 21,276 users of OHAs, 20,838 users of statins, and 22,143 users of RAS
antagonists. Approximately half of the study cohort resided in counties in the lowest
quartile (4" quartile) of socioeconomic environment domain, 63.1% in counties in the
highest quartile (1% quartile) of availability of healthcare resources index, and 52.4% in
counties in the highest quartile of health culture index. A total of 19.7% and 32.8% of the
study cohort lived in HRRs in the lowest quartile of evidence-based medicine practice

index and quality of primary care index, respectively (Table 9).
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Table 8 Data Source and Items of County/HRR-Level Indexes (Chapter 6)
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Table 9 Characteristics of Study Sample (Chapter 6)

Table 9. Characteristics of Study Sample (N=39,417)

N (%) / Mean (Std Dev)

Individual Characteristics

Age (years) 66.3 (14.6)
Male 15,023 (38.1%)
Old Age as Original Reason for Medicare Entitlement 18,279 (46.4%)
Race

White 21,903 (55.6%)
Black 9,555 (24.2%)
Hispanic 3,525 (8.9%)
Other Race 4,189 (10.6%)
LIS Subsidy Level

Full LIS, No Copay 6,909 (17.5%)
Full LIS, Low Copay ($1.1/3.3) 23,273 (59.0%)
Full LIS, High Copay ($2.6/6.5) 8,820 (22.4%)
Partial LIS, 15% Coinsurance 415 (1.1%)
Chronic Heart Failure 9,676 (24.6%)
Chronic Kidney Disease 9,635 (24.4%)

Depression

10,217 (25.9%)

Hyperlipidemia

23,567 (59.8%)

Hypertension

30,822 (78.2%)

Charlson Comorbidity Index 1.5 (1.5)
Count of Physician Office Visits 9.2 (9.0)
Count of Hospitalizations 0.5 (1.2)
Count of Emergency Room Visits 1.5 (4.8)
Geographic Factors

Socioeconomic Environment

1t quartile 6,004 (15.2%)
2" quartile 7,179 (18.2%)
3 quartile 8,861 (22.5%)

4" quartile (poorest)

16,852 (42.8%)

Availability of Healthcare Resources

1t quartile 24,852 (63.1%)
2" quartile 7,757 (19.7%)
3 quartile 3,840 (9.7%)

4" quartile (poorest)

2,146 (5.4%)

Health Culture

1t quartile 20,647 (52.4%)
2" quartile 7,874 (20.0%)
3 quartile 5,904 (15.0%)

4" quartile (poorest)

4,057 (10.3%)

Evidence-Based Medicine Practice

1t quartile 10,616 (26.9%)
2" quartile 9,255 (23.5%)
3 quartile 11,791 (29.9%)
4" quartile (poorest) 7,755 (19.7%)
Quality of Primary Care Index

1t quartile 7,825 (19.9%)
2" quartile 10,071 (25.6%)
3 quartile 8,581 (21.8%)

4" quartile (poorest)

12,940 (32.8%)

58




Table 10 Adherence Rate Stratified by Quartile of Index Scores (Chapter 6)

Table 10. Adherence Rate Stratified by Quartile of Index Scores

Geographic Factors OHA (n=21,276) STN (n=20,838) RAS (n=22,143)
Socioeconomic Environment

1% Quartile 76.5% 75.1% 77.0%
2" Quartile 74.3% 71.8% 73.7%
3 Quartile 70.5% 69.5% 70.5%
4™ Quartile (poorest) 68.7% 67.0% 70.1%
Availability of Healthcare Resources

1% Quartile 72.3% 70.2% 72.4%
2" Quartile 69.9% 68.9% 71.2%
3 Quartile 70.0% 68.6% 70.7%
4™ Quartile (poorest) 70.4% 69.9% 71.8%
Health Culture

1t Quartile 73.4% 70.9% 73.2%
2" Quartile 70.6% 69.2% 71.5%
3 Quartile 68.7% 68.0% 69.2%
4™ Quartile (poorest) 67.7% 66.8% 69.4%
Evidence-Based Medicine Practice

1t Quartile 75.7% 73.3% 75.1%
2" Quartile 71.0% 68.9% 71.5%
3 Quartile 70.5% 69.2% 71.5%
4™ Quartile (poorest) 67.2% 66.1% 68.8%
Quality of Primary Care Index

1t Quartile 73.6% 73.5% 74.9%
2" Quartile 73.8% 70.7% 73.0%
3 Quartile 69.4% 68.6% 69.4%
4™ Quartile (poorest) 69.3% 67.1% 71.0%
Overall 71.3% 69.7% 71.9%

The overall adherence rates were 71.3%, 69.7%, and 71.9% for OHAs, statins, and RAS
antagonists, respectively. Across the three drug classes, adherence rates were consistently lower
among those residing in counties in the lowest quartile than in the highest quartile of the
socioeconomic environment index (Table 10). Specifically, the adherence rates were 68.7% in
the lowest quartile for OHASs vs. 76.5% in the highest quartile, 67.0% vs. 75.1% for statins, and
70.1% vs. 77.0% for RAS antagonists, respectively. Similar patterns were observed for the
indices for health culture (67.7% vs. 73.4% for OHAS, 66.8% vs. 70.9% for statins, and 69.4%
vs. 73.2% for RAS antagonists), evidence-based medicine (67.2% vs. 75.7% for OHAs, 66.1%

vs. 73.3% for statins, and 68.8% vs. 75.1% for RAS antagonists), and quality of primary care

59



(69.3% vs. 73.6% for OHAS, 67.1% vs. 73.5% for statins, and 71.0% vs. 74.9% for RAS
antagonists), whereas adherence rates appeared to be comparable across quartiles of the
availability of healthcare resource index (range: 69.9%-72.3% for OHAs, 68.6%-70.2% for
statins, 70.7%-72.4% for RAS antagonists).

After adjusting for the differences in Part D plan assignment and beneficiary characteristics, the
likelihood of achieving medication adherence remained lower among beneficiaries residing in
counties with low socioeconomic environment and HRRs with low quality of primary care than
their counterparts (Table 11). Compared to beneficiaries residing in counties in the highest
quartile of the socioeconomic environment domain, those in the lowest quartile were -3.5% (95%
confidence interval (CI) = [-5.5%, -1.5%)]) less likely to achieve a PDC>0.8 for OHAs, -3.9%
(95% ClI=[-6.0%, -1.8%]) for statins, and -3.8% (95% CIl=[-5.7%, -1.8%]) for RAS antagonists.
Compared to beneficiaries living in HRRs in the 1% quartile of the quality of primary care
domain, those in other quartiles were less likely to reach a PDC of 0.8 for statins: -4.2% (95%
CI=[-6.3%, -2.1%]) for 4™ quartile; -3.2% (95% CI=[-5.4%, -1.1%]) for 3" quartile; and -2.7%
(95% Cl=[-4.6%, -0.8%]) for 2" quartile. Those living in the 4" quartile and 3" quartile also had
-2.3% (95% CI1=[-4.3%, -0.3%]) and -3.2% (95% CI=[-5.2%, -1.1%]) lower likelihoods of
having a PDC>0.8 for RAS antagonists than their counterparts residing in the highest quartile
HRRs for quality of primary care. The other environmental factors, including availability of
healthcare resource, health culture, and evidence-based medicine, were no longer predictive of
beneficiaries’ likelihood of reaching a PDC of 0.8, after controlling for differences in plan- and

beneficiary-level covariates.

60



Table 11 Adjusted Effects of External Environmental Factors on Medication Adherence Rates (Chapter 6)
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Discussion

An extensive body of prior research has examined the associations between medication
adherence and various individual characteristics, but few studies have focused on the LIS
population. LIS recipients represent about 30% of Part D enrollees yet account for a
disproportionally high amount of Medicare program spending (nearly 70% of Part D spending in
2014).113 All three medication classes evaluated in this study are recommended for most
patients with type 2 diabetes as they provide long-term benefits in preventing or delaying
complications and cardiovascular events.!® Hence, ensuring LIS recipients’ adherence to these
medications provides promise for containing total health care expenditures of this high-spending
population in the long run.

However, among the LIS recipients included in the analysis, the overall adherence rates were
only 71.3% for OHAS, 69.7% for statins, and 71.9% for RAS antagonists, lower than the
thresholds CMS set for two Stars in 2014 (73% for OHAs and RAS antagonists and 70% for
statins).®® But more importantly, adherence rates were consistently lower among LIS recipients
residing in geographic areas that rank low in socioeconomic environment, health culture,
evidence-based medicine practice, and quality of primary care. Those living in counties in the
highest quartile of socioeconomic environment had adherence rates of 76.1% for OHAs, 75.1%
for statins, and 77.0% for RAS antagonists, which were on par with Medicare population average
rates in 2014.%

The relationships between LIS recipients’ medication adherence and socioeconomic environment
and quality of primary care persisted across the three medication classes even after adjusting for
Part D plan effect and over a dozen covariates for beneficiary characteristics. This finding

provides empirical support for the role of external environment in individuals’ use of health
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services as described in Andersen’s Behavioral Model of Health Services Use.®® It illustrates that
external environment itself can affect an individual’s medication adherence separately from that
person’s own individual characteristics. This finding also has policy implications for designing
effective programs to address LIS recipients’ suboptimal medication adherence.

Currently, challenges exist in improving Medicare beneficiaries’ medication adherence for
chronic medications with extended time to benefit. The medication therapy management (MTM)
program under Part D is intended to optimize beneficiaries’ therapeutic outcomes through
improved medication use and adherence. Unfortunately, the participation rate has been lower
than expected since its initial launch in 2006 and questions have been raised regarding its
effectiveness.®®®” CMS recently announced a Part D Enhanced MTM model that will test
whether providing Part D sponsors with additional payment incentives and regulatory
flexibilities will enable enhancements to the Part D MTM program, leading to improvement in
beneficiaries’ medication and health outcomes.®

Earlier this year, the Medicare Payment Advisory Commission (MedPAC) proposed that
Congress reduce or eliminate copays for generics and biosimilars for LIS recipients with the
intention of encouraging use of lower cost drugs.®® If implemented, this policy may have a
spillover effect in increasing LIS recipients’ medication adherence. However, the magnitude of
the spillover effect would depend on the extent to which the current copays for generics
(<=%2.95 for full subsidy recipients) pose access barriers to obtaining needed medications for
LIS recipients.

Both the Part D Enhanced MTM program and MedPAC’s proposal for reducing generic copays
for LIS recipients are policy measures planned to be implemented uniformly across the country

with the aim of modifying beneficiaries’ behaviors. However, as evident from the findings of this
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study, the average adherence rates among LIS recipients residing in neighborhoods that rank
high on socioeconomic environment and quality of primary care are comparable with the
national average, while their counterparts who also have low income but live in poor areas with
low quality of primary care are significantly less likely to achieve medication adherence. From a
return to investment perspective, policy makers may consider more tailored interventions that
specifically address the challenges and barriers faced by poor populations in selective low
socioeconomic and quality of primary care areas. In addition to interventions aimed at modifying
individuals’ behaviors, eliminating nonadherence in low-income populations may also require
changes in the surrounding external environment, such as improving social and economic
wellbeing, increasing supply of health care resources, cultivating a health culture, and promoting
practice of evidence-based medicine and primary care. These aspects of external environment are
interrelated with one another, hence the payoff for improving one of those aspects is expected to
be multiplicative.

Several strengths of this study are worth mentioning. Firstly, the study is methodologically
innovative. Despite of thorough documentation of geographic variation in health services
utilization in the literature, few studies have been able to explain the variation in utilization
beyond differences in population characteristics between geographies.?®4° Using publicly
available data, we created geographic unit level indices that enabled us to explore the role of five
environmental-level domains on adherence outcomes of a socioeconomically disadvantaged
population. This opens up new venues for future research in further understanding sources of
geographic variation in health services use, which could in turn provide directions in tailoring

effective policies for improving efficiency of health care.

64



Secondly, it is well known that a small percent of the population accounts for the vast majority of
the total health care expenditure in the United States.®® Our work focused on LIS recipients, the
highest spending demography in the Medicare program, among whom the needs for improving
quality of care and reducing health care spending are the greatest. Our study showed that external
factors such as socioeconomic environment and quality of primary care also affect LIS
recipients’ medication adherence in addition to their own characteristics. This finding indicates
that multilevel factors are responsible for poor individuals’ nonadherence for chronic
medications. This insight is informative for designing future policies and interventions to

improve quality and efficiency of care for this vulnerable population.
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Chapter 7: Summary

This dissertation provides a comprehensive assessment of the respective impact of beneficiary
characteristics, drug plan formulary policies, and external environmental factors on medication
adherence in a low-income population. LIS recipients represent about 30% of Part D enrollees
yet account for a disproportionally high amount of Medicare spending.!*™® The adherence
outcomes for OHAs, statins, and RAS antagonists are included as quality measures in the
Medicare Star Ratings program. Adherence to these three classes of medications is
recommended as they provide long-term benefits in preventing or delaying complications and
cardiovascular events.® Improving LIS recipients’ adherence to these medications holds
promise for containing total health care expenditures of this high-spending population while
improving quality of care in the long run.

Results from aim 1 indicated that the overall adherence rates were only 71.3% for OHAS, 69.7%
for statins, and 71.9% for RAS antagonists among LIS recipients with diabetes in 2012. In the
assessment of the overall impact of beneficiary characteristics, benchmark Part D plan, and PDP
region, | found that all three domains can significantly influence LIS recipients’ medication
adherence. The observed relationships between beneficiary characteristics and medication
adherence is consistent with the literature. Specifically, older age, male gender, use of multiple
chronic medications were associated with higher medication adherence whereas Black
race/Hispanic ethnicity, high comorbidity burden, and frequent hospitalizations and ER visits
were inversely related to the adherence outcomes. These relationships represent the variation in
utilization driven by differences in individuals’ healthcare needs, and may be inappropriate to

modify.
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In contrast, the variation in medication adherence attributable to prescription drug plan policies
or external environmental factors presents opportunities for improving quality and efficiency of
care for poor populations. Community CCRx Basic Plan had significantly higher adherence rates
than BravoRx and EnvisionRx Plus Silver Plan across all three drug classes of interest. Since the
random plan assignment virtually removed selection bias, the estimated differences in adherence
rates should represent unbiased plan effects. Results from aim 2 suggested that formulary
restrictions on brand-name drugs only effectively shifted utilization towards generic drugs but
had negligible impact on LIS recipients’ overall adherence for OHAs, statins, and RAS
antagonists. This dissertation did not examine other aspects of prescription drug plan policies
(e.g., disease management program, quality of customer service, pharmacy network) due to data
limitations. Further research is needed to understand the sources for the between-plan differences
in adherence rates observed in aim 1. Knowledge may be drawn from plans with high adherence
rates and disseminated to improve the experience of the Part D program for low-income
beneficiaries and their adherence outcomes.

In addition, material geographic variation in adherence rates was observed where the northern
regions appeared to have higher adherence rates than the southern regions. In aim 3, county and
hospital referral region level indices for five external environmental domains were developed
and assessed in relation to LIS recipients’ medication adherence. Approximately half of the study
cohort resided in counties in the lowest quartile of socioeconomic environment index in 2012.
Even though everyone in the study sample had low income by definition (qualifying criterion for
LIS), those living in areas with low socioeconomic environment and poor quality of primary care
were less likely to achieve acceptable levels of medication adherence for OHAs, statins and RAS

antagonists than their counterparts. This finding illustrates that external environment can affect
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individuals’ medication-taking behaviors, and calls for innovative programs to deliver tailored
interventions that address the specific barriers faced by low-income individuals living in low
socioeconomic areas.

As evident from the findings of this dissertation, medication adherence among low-income
populations is affected by multiple sources of factors. The results from the attempts to
understand plan- and environmental effects are encouraging. Continued research is needed to
further understand the roles that prescription drug plan and external environment play in low
income individuals’ utilization of medications. Such an understanding will inform future policies

to improve medication adherence and health outcomes for low income populations.
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Table A4 Distribution of Study Subjects by PDP Region

PDP Region Name OHA Cohort, Statin Cohort, RAS Antagonist
Region n=28,082 n=53,864 Cohort, n=57,289
# % # % # %

1 Northern New England (New 89 0.32 223 0.41 192 0.34

Hampshire! and Maine®)
2 Central New England 1482 5.28 3218 5.97 2865 5.00

(Connecticut!, Massachusetts?®,

Rhode Island?, and Vermont?)
3 New York® 2251 8.02 4504 8.36 4421 7.72
4 New Jersey? 543 1.93 1055 1.96 1095 191
5 Mid-Atlantic (Delaware?, 589 2.1 1154 2.14 1271 2.22

District of Columbia® and

Maryland?)
6 Pennsylvania!, West Virginia® | 1100 3.92 2239 4.16 2196 3.83
7 Virginia® 661 2.35 1420 2.64 1473 2.57
8 North Carolina® 1322 4,71 2641 4.90 2869 5.01
9 South Carolina® 528 1.88 1176 2.18 1311 2.29
10 Georgia® 687 2.45 1372 2.55 1649 2.88
11 Florida? 500 1.78 1055 1.96 1159 2.02
12 Alabama?, Tennessee? 1192 4.24 2236 4.15 2604 4.55
13 Michigan? 1245 4.43 2607 4.84 2593 4,53
14 Ohio?! 1054 3.75 1992 3.70 2011 3.51
15 Indiana?!, Kentucky? 1267 4,51 2578 4,79 2726 4,76
16 Wisconsin? 595 2.12 1220 2.26 1165 2.03
17 Ilinois* 1389 4.95 2418 4.49 2570 4.49
18 Missouri* 343 1.22 672 1.25 746 1.30
19 Arkansas! 293 1.04 496 0.92 657 1.15
20 Mississippi* 796 2.83 1346 2.50 1702 2.97
21 Louisiana! 600 2.14 1078 2.00 1334 2.33
22 Texas! 1849 6.58 3147 5.84 3551 6.20
23 Oklahoma! 337 1.20 591 1.10 716 1.25
24 Kansas* 250 0.89 443 0.82 484 0.84
25 Upper Midwest and Northern 835 2.97 1840 3.42 1759 3.07

Plains (lowa?, Minnesota?,

Montana?!, Nebraska?, North

Dakota?, South Dakota! and

Wyoming?)
26 New Mexico? 167 0.59 232 0.43 288 0.50
27 Colorado! 180 0.64 301 0.56 348 0.61
28 Arizona! 204 0.73 270 0.50 372 0.65
29 Nevada? 149 0.53 241 0.45 294 0.51
30 Oregon?, Washington? 776 2.76 1537 2.85 1556 2.72
31 Idaho?, Utah! 168 0.60 288 0.53 315 0.55
32 Californial 4548 16.2 8078 15.00 8756 15.28
33 Hawaii? 40 0.14 77 0.14 85 0.15
34 Alaska! 53 0.19 119 0.22 156 0.27

State generic substitution law: 1-Allows for generic substitution by pharmacists if "brand only" not indicated by
physician; 2-Mandates generic substitution by pharmacists if "brand only" not indicated by physician and allows for
brand if requested by patient; 3- Mandates generic substitution by pharmacists if "brand only" not indicated by
physician and only allows for brand if requested by prescriber;
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