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ABSTRACT 
BACKGROUND 

Inappropriate medication use is common and represents a substantial clinical and 

economic burden in the United States (US). The Center for Medicare and Medicaid 

Services (CMS) has adopted one of the Pharmacy Quality Alliance (PQA)’s quality 

measures to assess percentages of older adult beneficiaries receiving high-risk 

medications (HRM) in Medicare Advantage Prescription Drug plan and stand-alone 

Prescription Drug plan. Understanding geographic patterns of HRM use may help CMS 

and their partners develop and tailor prevention strategies (such as prior authorization) to 

be implemented in the areas of need. Furthermore, The HRM use measure was used to 

assess Medicare Advantage Prescription drug plan (MA-PD) and stand-alone Prescription 

Drug plan (PDP) performance and to provide guidance for practitioners to reduce the use 

of such medications. Limited evidence exists on how HRM use is associated with patient 

characteristics and whether risk adjustment is necessary to accurately evaluate  health 

plan performance on the HRM measure. 

OBJECTIVES 

The  overall  objectives of this research was to understand regional and patient 

characteristics associated with HRM use measure to develop risk adjustment  model for 

the HRM measure to accurately evaluated health plan performance. The first specific   

aims were to examined HRM use patterns among Medicare beneficiaries enrolled in: (1) 

Medicare Advantage prescription drug plans (MA-PDs); and (2) stand-alone prescription 

drug plans (PDPs) across geographic areas over time in the United States. The second 

specific aims were to: (a) measure HRM use in MA-PD and PDP beneficiaries with 

disadvantaged characteristics, including low income and disability; and (b) examine the 
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relationship between disadvantaged characteristics and HRM use given constant effect of 

health plans. The third specific aims were to  examine the relations between patient risk 

factors and the HRM measure and develop risk adjustment tool for the HRM measure in 

older adults enrolled in MA-PDs and PDPs. 

 

METHODS 

This cross-sectional study used a 5% national Medicare sample (2011–2013 for 

the first aims and 2013 for the second and third aims). Among beneficiaries aged ³65 

years who were continuously enrolled in MA-PDs or PDPs (~1.3 million each year), we 

identified those with ≥2 prescriptions for the same HRM (e.g., amitriptyline) during the 

year based on the HRM list provided by CMS and Pharmacy Quality Alliance. For the 

first specific aims,  multivariable logistic regression was used to estimate adjusted annual 

HRM use rates across 306 Dartmouth Atlas of Health Care hospital referral regions 

(HRRs), adjusting for sociodemographic, health-status, and access-to-care factors. 

For  the second aims,  Multivariable generalized linear mixed models were used to assess 

the association of HRM use and disadvantage factors such as low-income subsidy 

(LIS)/dual eligibility status (DE) and disability after adjusting for health plan effect and 

patient-level confounding characteristics (i.e., sociodemographic, geographic, clinical 

complexity). For the third aims,  multivariable generalized linear mixed models were 

used to assess the association of HRM use and patient risk factors (e.g., age, gender) and 

identify risk factors after adjusting for health plan effect. The identified risk factors were 

used as variables for regression-based risk adjustment for the HRM measure. Unadjusted 

and adjusted quality rankings among health plans were compared. 



 

 12 

RESULTS 

First, a total of 1,161,076, 1,237,653, and 1,402,861 beneficiaries satisfied the 

study criteria and were included in 2011, 2012, and 2013, respectively. Among our study 

sample, nearly 40% (39%, 39% and 37% in 2011, 2012 and 2013 respectively) were 

enrolled in MA-PD plans, whereas remaining 60% (61%, 61%, and 63% in 2011, 2012 

and 2013 respectively) were enrolled in PDP plans. HRM use significantly decreased 

over time among Medicare beneficiaries enrolled in MA-PD (13.1% to 8.4%, p<0.001) 

and PDP (16.2% to 12.2%, p<0.001) plans. Among MA-PD beneficiaries, HRM users 

more frequently: female (70.4% vs. 59.9%, p<0.001); White (84.6% vs. 81.4%, p < 

0.001); eligible for the Part D Low Income Subsidy or Medicaid benefits (22.3% vs. 

16.6%, p<0.001); and disabled (15.6% vs 8.7%, p<0.001) compared to non-HRM users in 

2013. Among PDP beneficiaries, HRM users had higher proportions of: females (72.8% 

vs. 62.5%, p < 0.001); Whites (86.6% vs. 85.3%, p<0.001); LIS/DEs (29.2% vs. 23.3%, 

p<0.001); and disabled people (15.4% vs 8.5%, p<0.001) compared to non-HRM users. 

In 2013, the ratios of 75th-to-25th percentile HRM use rates across HRRs were 1.42 (MA-

PDs) and 1.31 (PDPs). HRRs with the highest HRM use rates were: Casper, WY 

(20.4%), Waco, TX (16.7%), Lubbock, TX (15.7%), Santa Barbara, CA (15.2%), and 

Temple, TX (15.1%) (MA-PDs); and Lawton, OK (18.8%), Alexandria, LA (18.8%), 

Lake Charles, LA (18.6%), Oklahoma City, OK (18.0%), and Slidell, LA (18.0%) 

(PDPs).  

Second, there were a total of 520,019 MA-PD and 881,264 PDP beneficiaries 

who met the study criteria. Of the MA-PD beneficiaries, 88,693 (17.1%) were LIS/DE 

and 48,997 (9.4%) were disabled. Of PDP beneficiaries, 213,096 (24.2%) were LIS/DE, 
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and 83,593(9.5%) were disabled. LIS/DE beneficiaries had a higher percent of HRM 

users compared to non-LIS/DE MA-PD (17.0% vs. 9.6%, p < 0.001) and PDP (17.1% vs. 

13.2%, p < 0.001) beneficiaries.  Disabled beneficiaries had a higher percent of HRM 

users compared to non-LIS/DE MA-PD (17.0% vs. 9.6%, p < 0.001)) and PDP (17.0% 

vs. 9.6%, p < 0.001) beneficiaries. Multivariable analyses showed LIS/DE (OR = 1.07; 

95% CI: 1.04, 1.10) and disability (OR =1.38; 95% CI: 1.34, 1.42) were associated with 

HRM among the MA-PD population as well as in the PDP population (LIS/DE OR = 

1.14; 95% CI: 1.12, 1.16 and disability OR = 1.37; 955 CI: 1.34, 1.40).  

Third, the HRM users were more likely to be younger (OR = 0.981, 95% CI, 

0.980-0.983 for MA-PD and OR=0.982, 95% CI, 0.981-0.983 for PDP); women (OR = 

1.545; 95% CI,1.514-1.576 for MA-PD and OR=1.606, 95% CI, 1.584-1.628); eligible to 

receive low-income subsidy (OR = 1.086, 95%CI, 1.057-1.115 for MA-PD and 1.170, 

95% CI, 1.150–1.190 for PDP); disabled (OR = 1.380, 95%CI, 1.342 –1.420 for MA-PD 

and 1.378, 95%CI, 1.352–1.405 for PDP); seeing multiple prescibers (OR =1.076, 

95%CI, 1.072, 1.081 for MA-PD and 1.072, 95%CI, 1.069-1.075); filling prescriptions at 

multiple pharmacies (OR = 1.092, 95%CI, 1.083-1.102 for MA-PD and OR = 1.092, 

95%CI, 1.086, 1.099 for PDP); and had higher average modified RxRisk-V (OR = 1.176, 

95%CI ,1.171 – 1.181 for MA-PD and OR = 1.173, 95%CI, 1.170-1.176 for PDP). Being 

older and white were protective against receipt of HRMs. These variables were 

recommended for the risk adjustment model.  Unadjusted scores showed low levels of 

agreement (Cohen’s kappa < 0.7) with risk-adjusted scores in identifying statistical 

outliers suggesting risk adjustment is necessary.  

CONCLUSION 
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Geographic variation in HRM use exists among older adults in Medicare, 

regardless of prescription drug plans. Areas with high HRM rates may benefit from 

targeted interventions to prevent potential adverse consequences. LIS/DE; disability; 

demographic such as age, gender, race; and clinical complexity were associated with 

higher HRM use in both the MA-PD and PDP populations even when controlling for 

health plan effects. Failure to  adjust for beneficiaries case mix might penalize some truly 

high-quality MA-PD and PDP providers that serve sick beneficiaries or beneficiaries with 

poor socioeconomic conditions.   
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CHAPTER ONE  

 
INTRODUCTION 

 

1.1 BACKGROUND 

The pharmaceuticals are a vital component of the care for geriatric patients. 

Prescribing in the elderly population aged more than 65 is affected by several 

characteristics including factors influenced by aging; therefore, some medications may 

not be appropriate patients in this population (Kinirons & Crome, 1997; Nelson & 

Dannefer, 1992; Spinewine et al., 2007). Elderly patients tend to encounter age-related 

malfunction such as poor hepatic metabolism and renal clearance of medicines and these 

physiologic changes may enhance the toxicity of some medications (Mangoni & Jackson, 

2004). Inappropriate medication use is not uncommon in the elderly population (Bao, 

Shao, Bishop, Schackman, & Bruce, 2012; Centers for Medicare & Medicaid services, 

2014; Davidoff et al., 2015; Egger, Bachmann, Hubmann, Schlienger, & Krähenbühl, 

2006; Fick, Mion, Beers, & L Waller, 2008; Gallagher, Barry, Ryan, Hartigan, & 

O'Mahony, 2008). One study concluded that in the community-dwelling elderly, 42.6% 

of the population may be using at least one potentially inappropriate medication (i.e., 

medications not recommended by The American Geriatric Society for use in the elderly 

population) (Campanelli, 2012; Davidoff et al., 2015). Among outpatient clinics visit 

within the Department of Veterans Affairs, rates of prescribing potentially inappropriate 

medications for the elderly (HRME), as defined by the National Committee on Quality 

Assurance’s Healthcare Effectiveness Data and Information Set (HEDIS) quality measure 

was estimated to be between 13.1% and 12.3% (Pugh et al., 2011).  
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The Beers Criteria was first developed in 1991 by a geriatric, Dr. Mark Beers 

(Beers et al., 1991). The criteria were updated in 1997 to cover ambulatory care, and then 

revised in 2003, 2012, and in 2015.  As of 2015, the American Geriatrics Society (AGS) 

made a commitment to regularly update the criteria (American Geriatrics Society 2012 

Beers Criteria Update Export Panel, 2012; Fick et al., 2003). The Beers Criteria was 

widely adopted by healthcare organizations and incorporated into performance measures. 

A performance measure in HEDIS “Use of High-Risk Medications in Elderly,” was 

developed by the National Committee for Quality Assurance based on Beers criteria 

(National Committee for Quality Assurance, 2016). The measure was endorsed by the 

National Quality Forum (NQF) and the Pharmacy Quality Alliance (PQA), and was later 

included in the Centers for Medicare and Medicaid Services (CMS) Star rating measures 

to assess Medicare Part D prescription drug plans.  

The high-risk medication measure, one of the five medication measures 

developed by PQA that were adopted by CMS, reports the percentage of elderly 

beneficiaries who receive a medication with high risk of serious adverse events when 

alternatives are available (Hung & Perfetto, 2016; Pharmacy Quality Alliance, 2017b).  

The measure is computed using prescription claims to assess the percentage of patients 

who received at least two prescription fills for the same high-risk medication during the 

measurement period(Centers for Medicare & Medicaid Services, 2015a).  The high-risk 

medication measure includes selected prescription medications from the list of potentially 

inappropriate medications to be avoided recommended by the American Geriatric Society 

(Pharmacy Quality Alliance, 2017a). In 2013, the average rates of high-risk medication 

among Medicare Advantage prescription drug plans and stand-alone prescription drug 
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plans were 11% and 14% representing 3.2 and 2.7-star ratings in 2015, respectively 

(Centers for Medicare & Medicaid Services, 2015a). Star ratings are CMS tool to assess 

sponsors’ performance that is being used to promote the concepts of: 1) better care; 2) 

healthier communities; and 3) lower costs. It is also used to determine health plans bonus 

payment and reimbursement (Jacobson, Neuman, Damico, & Huang). Health plans are 

driven to target Medicare Part D measures and to ensure that patents are on appropriate 

therapy to meet star rating thresholds(Centers for Medicare & Medicaid Services, 2015a). 

Health plans are mandated to provide their star rating performance information on their 

websites. Also, health plans with an overall 5-star rating are allowed to present CMS’s 

gold star icons in their promotional material (Centers for Medicare and Medicaid 

Services, 2017). Health plans with low star ratings, on the other hand, are marked with a 

low-performing icon if they have any Part C or Part D summary rating of 2.5 or lower 

(Centers for Medicare & Medicaid Services, 2015a).  
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1.2 STATEMENT OF PROBLEM 

Recently, Medicare Part D drug plans, both Advantage prescription drug plans 

and stand-alone prescription drug plans (PDPs), have expressed concerns that certain 

plans that enrolled large proportion of disadvantage population (e.g., patients with low-

income or disability) may have make it difficult to achieve high-quality star performance 

and thus the plans that serve these disadvantaged populations would be discouraged to 

provide care to this population (Centers for Medicare & Medicaid services, 2015c; 

National Quality Forum, 2014). An effort has been made to investigate each pharmacy 

quality measure to determine the impact on plans that serve a disproportionate share of 

disadvantaged patients, but the high-risk medication measure has not yet been 

studied(Centers for Medicare & Medicaid services, 2015c, 2016a; Dharmarajan, Bentley, 

Banahan Iii, & West-Strum, 2014). High-risk medication exposure could be influenced 

by several factors. One study found that patients who were male, were taking many 

prescription medications, who had a psychiatric condition, and had many medical care 

visits were more likely to be exposed to high-risk medications defined by HEDIS (Pugh 

et al., 2011).  Other study has found that patients who are Caucasian, female, and were 

taking many prescription medications were associated with HEDIS high-risk medication 

exposure (Goulding, 2004).  Risk factors could be varied by patient clinical complexity. 

For example, elderly individuals with psychiatric comorbidities were less likely to be 

prescribed potentially inappropriate opioids (Pugh et al., 2011). A study assessing elderly 

patients with dementia, reported that potentially inappropriate anticholinergic use was 

associated with diagnoses of anxiety and mood disorders as well as and patient-perceived 

fair-to-poor general health status (Kachru, Carnahan, Johnson, & Aparasu, 2015). Desai 
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et al. found high-risk medication performance of pharmacies was associated with: patient 

age, race, and income; pharmacy type; and health professional shortage areas (Desai, 

Nau, Conklin, & Heaton, 2016). As these previous studies have indicated, there are 

several factors such as sociodemographic, including demographic characteristics (e.g., 

age, gender) and socioeconomics (e.g., income, education) that might influence 

performances scores. Eisenberg and Butterfield suggested that disparities in healthcare 

could have a relationship with sociodemographic factors. The authors indicated that 

sociodemographic factors could influence measurement performance (Eisenberg & 

Butterfield, 2015).  

One of contextual socioeconomic risk factors worth being examined is geographic 

variation of high-risk medication (HRM) use. Using the list of high-risk medications 

proposed by PQA, CMS reported the average rate of high-risk medication use was 0.86 

claims per elderly beneficiary with Part D coverage in 2014. The lowest rates (i.e., in the 

range of 1.09 to 1.31) were found in some Western states, Midwestern states, and states 

in New England whereas the highest rates were found in South areas (Centers for 

Medicare & Medicaid services, 2016b). Using a list of medications to be avoided in 

elderly maintained by he National Committee for Quality Assurance (NCQA) as part of 

HEDIS measures, a study by the Dartmouth Institute reported a geographic variation of 

high-risk medication use (Dartmouth Institute for Health Policy and Clinical Practice, 

2013). Over 26% (i.e., 26.6%) of Medicare Part D beneficiaries filled at least one high-

risk medication prescription in 2010. By state, the incidence of HEDIS high-risk 

medication use ranged from 14.0% to 43.0%. The regions at 90th percentile of high-risk 

medication use had 36.6% of the beneficiaries with high-risk medication exposure 
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suggesting there was regional clustering (Dartmouth Institute for Health Policy and 

Clinical Practice, 2013). However, the definition of high-risk medication used was 

different from the one used by CMS.  

A study by Inovalon’s Division of Statistical Research, using data from 2013 

Medicare Advantage, reported that dual eligible status among Medicare Advantage 

beneficiaries was negatively associated with high-risk medication use within the same 

plan. The members with dual eligible status had 16% higher rates of high-risk medication 

use than non-dual eligible members. Even when the model was adjusted for percentage of 

dual eligible within the plan, the results remained consistent (Inovalon's Division of 

Statisitical Research, 2015).  

Another characteristic of the disadvantaged population is low-income 

status(National Quality Forum, 2014). As stated by Satin “Asking clinics and physicians 

who work primarily with poor patient populations to achieve the same results as those 

working with wealthier populations is effectively asking for more, and in some cases, 

impossible more from these providers/plans. The results of such unrealistic demands may 

be fewer and fewer providers/plans willing to serve the already underserved” (Satin, 

2006). CMS released a report conducting in all Medicare Advantage and stand-alone Part 

D contracts to investigate whether the average within-contract disparity in performance, 

including 11 HEDIS measures (e.g., BMI assessment, breast cancer screening, colorectal 

screening, diabetes care, reducing the risk of falling) and 3 PQA adherence measures for 

diabetes, hypertension, and cholesterol, was associated with having patients being: on 

low-income subsidies; dual-eligible; or disabled. Results indicated that 12 of 16 measures 

presented negative association suggesting that members with low-income subsidy/dual 
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eligible status were less likely to receive the recommended care than those without the 

status.  The results were consistent when comparing outcomes between disabled and non-

disabled members (Centers for Medicare & Medicaid services, 2015c). Whereas the 

Inovalon’s study provided an assessment of the impact of dual eligible status, the impact 

of low-income subsidy and disability are also important to account for sociodemographic 

risk adjustment as CMS is taking all three into consideration. Therefore, an understanding 

of the relationship of how socioeconomic status may impact high-risk medication use is 

critical.   

Centers for Medicare and Medicaid have proposed two methods to adjust for 

sociodemographic factors, including indirect standardization and categorical adjustment 

index (CAI), to perform risk adjustment to account for individuals with low-income 

subsidies, dual eligibility, and disabilities (Centers For Medicare & Medicaid services, 

2015b). Nevertheless, the indirect standardization did not perform well in simulated data; 

therefore, CMS decided to use categorical adjustment index to further investigate the 

impact of risk adjustment on star ratings (Centers for Medicare & Medicaid services, 

2016a). Applying CAI to star ratings resulted in a small change in the star ratings; a half-

star movement from 3.5 to 4.0 was found in nine contracts after CAI application. In 

addition, there were 16 medication advantage part D contracts that increased a half-star 

after the adjustment. The movement of star ratings in stand-alone Part D was mixed as it 

resulted in both increasing and decreasing the star measures. The adjustment procedure, 

however, did not account for patient clinical complexity that has been found to influence 

the use of high-risk medication. The Inovalon study found that not only socioeconomic 

factors but also clinical characteristics such as substance abuse, anxiety, 
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bipolar/depression, cancer, diabetes, chronic heart failure, chronic obstructive pulmonary 

disease, dementia, human immunodeficiency virus (HIV), peripheral vascular disease, 

rheumatoid arthritis, and schizophrenia could have impact on high-risk medication use 

(Inovalon's Division of Statisitical Research, 2015). Including both socioeconomic and 

clinical complexity into risk adjustment calculations was also seen in another study that 

investigated disparity of pharmacy quality performance.  Dharmarajan et al. computed 

risk adjustment that took into account patient characteristics such as age, gender, race, 

low-income subsidy status, average number of prescription, and medication types in an 

effort to include clinical complexity.  The results demonstrated that risk-adjusted scores 

provided the more reliable indicator for pharmacy quality performance (Dharmarajan et 

al., 2014). The authors, therefore, emphasized the importance of incorporating case-mix 

adjustment into performance-based evaluation for medication use (Dharmarajan et al., 

2014). The results of a study by Zaslavsky & Epstein conducted in 22 California health 

plans to investigate ten HEDIS quality-of-care measures, however, was not consistent 

with Dharmarajan et al. study. The investigators reported that adjusting for patient 

characteristics had a mild impact on health plan HEDIS performance (Zaslavsky & 

Epstein, 2005).  In this context, it is important to investigate the impact of risk adjustment 

for socioeconomic, community resource, and clinical complexity on high-risk medication 

star ratings of health plans.  
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1.3 THEORETICAL FRAMEWORK 

 
 As recommended by NFQ, investigating the impact of sociodemographic should 

be determined measure-by-measure and based on a conceptual framework to reflect and 

describe the multifaceted relationship among factors and quality outcomes (National 

Quality Forum, 2014). The Andersen Behavioral Model (ABM) is widely used as a 

conceptual framework to understand patient behavior of healthcare utilization because it 

takes into consideration both societal and individual perspectives (R. Andersen & 

Newman, 2005; Ronald M  Andersen, 1995; Ronald M Andersen, Davidson, & 

Baumeister, 2013). The ABM was used to examine the predisposing, enabling, need 

factors at contextual (i.e., environmental factors) and at personal levels associated with 

the High-Risk Medication use (Ronald M Andersen et al., 2013). The model was also 

used to select factors for risk adjustment because if appropriate factors and statistical 

methods for controlling effects are selected, there is less likelihood that adjusted-

performance scores would mask disparities or differences in quality among health plans 

(National Quality Forum, 2014). Traditionally, the underlying ABM consists of four main 

components (Ronald M  Andersen, 1995; Ronald M Andersen et al., 2013):  

• Individual characteristics 

o Individual predisposing factors: Predisposing factors include the 

demographic characteristics (e.g., age, sex, any biological imperatives), 

social factors (e.g., education, occupation, ethnicity, social network such 

as family or organization that potentially can grant access to services), and 
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health belief (i.e., attitude, values, and knowledge regarding health and 

healthcare) that could influence need and use of health services.  

o Individual enabling factors: Individual enabling factors include 

financing and organizational factors. The financing factors refer to income 

and wealth that enable an individual to pay for the healthcare services or 

could also refer to the price an individual actually pays based on his/her 

insurance conditions. Organizational factors refer to: whether an 

individual has a regular source of care (e.g., private doctor, community 

clinic); whether an individual has medical transportation and the type of 

transportation; and time spent receiving care (i.e., travel and waiting time 

for care).  

o Individual need factors: Andersen and Davidson (2013) distinguished 

between perceived need (i.e., patient-reported health condition) and 

evaluated need (i.e., clinical-reported health condition).  The former need 

is a result of the realized importance and severity of the condition that led 

to a decision to seek medical care. While, the later is more objective and 

assessed by healthcare professional (e.g., blood pressure, temperature, 

vital signs) to determine needs. 

• Environmental factor: the factor basically refers healthcare system that can be 

divided into four components including: volume of resources; geographically 

distribution of resources; access (i.e., the mean to which an individual gain access 

to medical system as well as qualification condition an individual needs to meet); 

and structure (i.e., characteristics of system where an individual is following since 
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entry the system)(R. Andersen & Newman, 2005).  In recognition of the 

importance of community, quality assessment, and interaction with managed care 

environment in the United States, Andersen and Davidson (2013) incorporated the 

environmental factors and circumstances into a boarder term and called 

“contextual” factors. The contextual characteristics are divided into the same way 

as the first three components are.  

o Contextual predisposing characteristics refer to demographic (e.g., 

predominantly with elderly) and social composition of communities (e.g., 

how supportive the community might be), underlying community values 

and norms regarding how to manage healthcare services.  

o Contextual enabling factors include health policies, and financing and 

organizational factors. Health policies could refer to public policies at all 

level from local to national (e.g., the Affordable Care Act (ACA)). 

Financial factors refer to resource availability within a community such as 

community income, affluence, and the rate of health insurance coverage. 

Contextual organizational factor refers to amount, geographic variation, 

and community-specific healthcare structures and distribution of 

healthcare resources (e.g., physician and hospital density).  

o Contextual need factor involves health-related physical environment such 

as quality of housing, water and air. In addition, index such as death rates, 

occupational injury rates, motor vehicle rates could be included. 

Prevalence of a specific condition, mortality, morbidity, and disability 
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could be used as population health indices(Ronald M Andersen et al., 

2013).  

• Health behaviors: Health behaviors are personal health practices that influence 

the individual’s health status or health outcomes. The interaction between 

healthcare providers and patients is considered the process of medical care such as 

whether a provider checks a cluster of differentiation 4 (CD4) cell count in a 

patient with human immunodeficiency virus (HIV). Depending on what type of 

service being assessed, use of personal health services could be influenced by 

predisposing, enabling, and need factors to different degrees.  

• Outcomes: Andersen and Davidson (2013) separate outcomes into patient’s 

perceived health status, evaluated health status, customer satisfaction, and quality 

of life. Perceived outcome is affected by health behavior, personal health, 

individual predisposing, enabling, need factors, and environmental factors affect 

outcomes whereas evaluated outcomes can be achieved by healthcare provider’s 

judgment using biomarkers and tests of patient clinical condition and function.  

Customer satisfaction can be assessed using patient ratings for travel time and 

waiting in line, or for their interaction with healthcare providers. Quality of life is 

the last outcome added to the model due to the board domain of the concept 

including physical health, psychological, and social relationship, and 

environment. The fact that each individual could perceive the importance of these 

domains differently should be taken into consideration as well.   
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While the model was first initiated during 1960s, it has evolved to incorporate more 

concepts and constructs that represent sociological, psychological and public health and 

healthcare (R. Andersen & Newman, 2005; Petrovic & Blank, 2015). The model that was 

developed and published in 1968 aims to: understand healthcare service use; define and 

measure equity; and support developing health policies to facilitate equitable access [Cite 

Andersen 1968] The initial model explains use of healthcare as a function of 

predisposition to use healthcare service, enabling factors that could either facilitate or 

prevent use and need for care (Figure 1-1).  

FIGURE 1-1. The initial Andersen Behavioral model  

 

Aday and other investigators performed the second phase of model development 

during the 1970s(Aday & Andersen, 1974). The revised model more comprehensively 

represented: national health policy; resources and healthcare organizations in the health 

care system; and recognition of consumer satisfaction as part of outcomes (Figure 1-2).   
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FIGURE 1-2. The phase-2 Andersen Behavioral model 

 

The third phase revision was conducted during 1980s – 1990s. The model was 

reconstructed to have three domains including: 1) primary determinants of health 

behavior including population characteristics, health care system, and external 

environment; 2) health behavior where personal health practice is recognized and 

separated from use of health services; 3) health outcomes that is consisted of perceived 

health status, evaluated health status, and consumer satisfaction.  The version of 

Andersen model (1995) that has been widely used the fourth revision in 1995 that added 

recognition of sociological perspectives as well as health care reforms (Figure 1-3). In 

this fourth version, the composition of components changed the relationship direction 

(i.e., feed-back loops).  
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FIGURE 1-3. The 4th revised version of Andersen Behavioral model 

  

 The Andersen-Newman behavioral model of health service, a widely used version of 

Andersen behavioral model, was developed in 2005 to include public health and health 

(e.g., resource distribution and availability) where societal factors affect individual 

factors (i.e., individual predisposing, enabling, and need determinants) both directly and 

through the health services system (R. Andersen & Newman, 2005). The Andersen-

Newman model is presented in Figure 1-4. 

FIGURE 1-4. The Andersen-Newman Behavioral model of health service 
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In the most recent version of Andersen behavioral model, Andersen and Davidson 

describe the model as a multilevel model that has both individual and contextual elements 

of health services use (Ronald M Andersen et al., 2013). The emphasis of the model 

shifted toward conceptualizing and measuring access to medical care as a key to 

understanding health care utilization and making policy (i.e., the Affordable Care Act 

(ACA)). In this case, the ACA fits with the contextual enabling characteristics. 

Contextual characteristics include any public policy at the local or national level (Figure 

1-5).  

FIGURE 1-5.  The behavioral model of health services use with contextual and 

individual characteristics 

 

 

This version acknowledges the importance of community, quality of care, and managed 

care organization in the dimension of access.  Equitable access occurs when predisposing 

(biological factors such as age and gender) and need factors determine most of utilization. 
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On the contrary, inequitable access occurs when accessibility is determined by social 

predisposing factors such as education and ethnicity and enabling variables such as 

insurance, source of care and income.  In addition, the model captures other important 

factors contributing to disparity such as low-income and minority status. 
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1.4 STUDY PURPOSE  

This study was designed to: 1) use real-world observational data to provide 

understanding on high risk medication use geographically; 2) estimate the impact of 

disadvantage socioeconomic status (i.e., low-income subsidy, dual eligibility, and/or 

disability) compared to non-disadvantage socioeconomic status (referred to as the “within 

effect”) on the likelihood of high-risk medication use among Medicare Part D population 

after controlling for the effect of individual contracts benefit package and other covariate 

in both member and/or contract levels; and assess the impact of risk adjustment on health 

plans’ HRM performance.  

1.5 SPECIFIC AIMS AND HYPOTHESES 

Aim #1: To measure high-risk medication geographic variation prevalence rates for 

elderly Medicare Part D beneficiaries in the US who had at least two prescription fills for 

the same high-risk medication during 2013.  

1.1: To examine variation of high-risk medication use among Medicare beneficiaries with 

Medicare Advantage Prescription Drug plans across geographic areas.  

Hypothesis: There is no testable hypothesis. 

1.2: To examine variation of high-risk medication use among Medicare beneficiaries with 

stand-alone prescription drug plans across geographic areas. 

Hypothesis: There is no testable hypothesis. 

  

Aim #2: To estimate the impact of disadvantaged socioeconomic status (i.e., low-income 

subsidy/dual eligibility, and/or disability) compared to non-disadvantaged socioeconomic 
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status (referred to as the “within effect”) on the likelihood of high-risk medication use 

among Medicare Part D beneficiaries after controlling for the effect of individual contract 

benefit packages and other covariates. The analyses for beneficiaries with Medicare 

Advantage–Prescription Drug plans and stand-alone prescription drug plans were 

performed separately. 

Objective#2.1: Among elderly Part D beneficiaries age 65 or older, estimate the 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statues. 

Hypothesis 2.1: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility status. 

Objective#2.2: Among elderly Part D beneficiaries age 65 or older, estimate the 

likelihood of high-risk medication use among disabled individuals compared to 

individuals who were not disabled. 

Hypothesis 2.2: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries. 

Objective#2.3: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics (e.g., age, gender, race/ethnicity). 

Hypothesis 2.3: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing characteristics. 
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Objective#2.4: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled individuals compared to non-

disabled individuals given the constant individual predisposing characteristics (e.g., age, 

gender, race/ethnicity). 

Hypothesis 2.4: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing characteristics. 

Objective#2.5: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics (e.g., age, gender, race/ethnicity), and geographic 

and community characteristics (e.g., living in an area designated as having a shortage of 

primary care physicians or mental health professionals, and living in a metropolitan area). 

Hypothesis 2.5: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing and geographic and community 

characteristics. 

Objective#2.6: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled compared to non-disabled 

individuals given the constant individual predisposing characteristics, and geographic and 

community characteristics.  
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Hypothesis 2.6: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing and geographic and community characteristics. 

Objective#2.7: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics, geographic and community characteristics, and 

need characteristics (i.e., clinical complexity).  

Hypothesis 2.7: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing and geographic and community 

characteristics, and need characteristics. 

Objective#2.8: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled compared to non-disabled 

individuals given the constant individual predisposing characteristics, geographic and 

community characteristics, and need characteristics.  

Hypothesis 2.8: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing, geographic and community characteristics, and need characteristics. 

Aim #3: To determine how different adjustment methods affect health plan 

performance on the high-risk medication use scores. The secondary aim was to examine 

the impact of risk adjustment on health plans’ High Risk Medication performance star 

ratings. The population included in this study was the Medicare Part D population. The 
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analyses for beneficiaries with Medicare Advantage–Prescription Drug plans and stand-

alone prescription drug plans were performed separately. 

Hypothesis: There is no testable hypothesis. 
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Geographic Variation of High-Risk Medication Use among Part D Medicare 
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2.1 ABSTRACT  

Background: Understanding geographic patterns of high-risk medication (HRM) use 

among older adults may help the Centers for Medicare & Medicaid Services (CMS) and 

their partners develop and tailor prevention strategies.  

 

Objective: We examined HRM use patterns among Medicare beneficiaries enrolled in: 

(1) Medicare Advantage prescription drug plans (MA-PDs); and (2) stand-alone 

prescription drug plans (PDPs) across geographic areas over time in the United States.  

 

Methods: This cross-sectional study used a 5% national Medicare sample (2011–2013). 

Among beneficiaries aged ³65 years who were continuously enrolled in MA-PDs or 

PDPs (~1.3 million each year), we identified those with ≥2 prescriptions for the same 

HRM (e.g., amitriptyline) during the year based on the HRM list provided by CMS and 

Pharmacy Quality Alliance. Multivariable logistic regression was used to estimate 

adjusted annual HRM use rates across 306 Dartmouth Atlas of Health Care hospital 

referral regions (HRRs), adjusting for sociodemographic, health-status, and access-to-

care factors. 

 

Results: A total of 1,161,076, 1,237,653, and 1,402,861 beneficiaries satisfied the study 

criteria and were included in 2011, 2012, and 2013, respectively. Among our study 

sample, nearly 40% (39%, 39% and 37% in 2011, 2012 and 2013 respectively) were 

enrolled in MA-PD plans, whereas remaining 60% (61%, 61%, and 63% in 2011, 2012 

and 2013 respectively) were enrolled in PDP plans. HRM use significantly decreased 
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over time among Medicare beneficiaries enrolled in MA-PD (13.1% to 8.4%, p<0.001) 

and PDP (16.2% to 12.2%, p<0.001) plans. Among MA-PD beneficiaries, HRM users 

more frequently: female (70.4% vs. 59.9%, p<0.001); White (84.6% vs. 81.4%, p < 

0.001); eligible for the Part D Low Income Subsidy or Medicaid benefits (22.3% vs. 

16.6%, p<0.001); and disabled (15.6% vs 8.7%, p<0.001) compared to non-HRM users in 

2013. Among PDP beneficiaries, HRM users had higher proportions of: females (72.8% 

vs. 62.5%, p < 0.001); Whites (86.6% vs. 85.3%, p<0.001); LIS/DEs (29.2% vs. 23.3%, 

p<0.001); and disabled people (15.4% vs 8.5%, p<0.001) compared to non-HRM users. 

In 2013, the ratios of 75th-to-25th percentile HRM use rates across HRRs were 1.42 (MA-

PDs) and 1.31 (PDPs). HRRs with the highest HRM use rates were: Casper, WY 

(20.4%), Waco, TX (16.7%), Lubbock, TX (15.7%), Santa Barbara, CA (15.2%), and 

Temple, TX (15.1%) (MA-PDs); and Lawton, OK (18.8%), Alexandria, LA (18.8%), 

Lake Charles, LA (18.6%), Oklahoma City, OK (18.0%), and Slidell, LA (18.0%) 

(PDPs).  

 

Conclusions: Geographic variation in HRM use exists among older adults in Medicare, 

regardless of prescription drug plans. Areas with high HRM rates may benefit from 

targeted interventions (e.g., medication therapy management monitoring or alternative 

medication substitutions) to prevent potential adverse consequences.
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What is already known about this subject  

• Older adults have higher risk of adverse drug events than younger adults due to 

age-related drug metabolism changes. 

• Adverse drug events due to High-Risk Medication (HRM) use among older adults 

are associated with a substantial clinical and economic burden in the United 

States.  

• Previous report suggested geographic variation of high-risk medication use in 

stand-alone prescription drug plan (PDP) beneficiaries.  

 

What this study adds 

 

• This study is one of the first to use the Pharmacy Quality Alliance’s HRM 

measure which is included in Centers for Medicare and Medicaid’s Star Ratings, 

to measure geographic variation of HRM. 

• Findings from this study can be generalized to both types of Medicare 

prescription drug plans, Medicare Advantage prescription drug plans (MA-PDs) 

and PDPs. 

• This study observed that  geographic variation in HRM use exists among 

Medicare Part D enrollees regardless of plan types.  

• The information may be used by plan sponsors in strategizing and prioritizing 

more targeted intervention based on areas with high HRM rates to prevent 

potential adverse consequences. 
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2.2 BACKGROUND  

Inappropriate medication use is common among older adults (Bao, Shao, Bishop, 

Schackman, & Bruce, 2012; Centers for Medicare & Medicaid Services, 2014; Davidoff 

et al., 2015; Egger, Bachmann, Hubmann, Schlienger, & Krähenbühl, 2006; Fick, Mion, 

Beers, & L Waller, 2008; Gallagher, Barry, Ryan, Hartigan, & O'Mahony, 2008; Opondo 

et al., 2012) where the rate varies from 12.3 – 42.6% depending on the definition used 

(Campanelli, 2012; Davidoff et al., 2015; Opondo et al., 2012; Pugh et al., 2011) Because 

poor hepatic metabolism and renal clearance may enhance the toxicity of medications 

among older adults (Mangoni & Jackson, 2004), older adults are more susceptible to 

adverse drug events than younger adults. This is important because adverse drug events 

due to inappropriate medication use among older adults represent a substantial clinical 

and economic burden in the United States (US). (Fu et al., 2007; Gurwitz et al., 2005; 

Hyttinen, Jyrkkä, & Valtonen, 2016)  

The Beers Criteria, first developed in 1991 (Beers et al., 1991) and updated 

regularly since (American Geriatrics Society 2012 Beers Criteria Update Export Panel, 

2012; Fick et al., 2003), has been widely adopted by healthcare organizations to reduce 

potentially inappropriate medication use. Sub-sections of the Beers Criteria have also 

been used to develop quality performance measures to assess, among other things, high-

risk medications (HRM) use in older adults. The Pharmacy Quality Alliance (PQA) 

created one such measure (Scarlatos, 2015) to assess the percentage of older adults who 

received an HRM when alternatives were available. (Hung & Perfetto, 2016; Pharmacy 

Quality Alliance, 2017) The PQA HRM measure was adopted by the Centers for 

Medicare and Medicaid Services (CMS) for the 2015 Star Ratings measures (based on 
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2013 data) to assess Medicare Advantage prescription drug (MA-PD) plans and stand-

alone prescription drug plans (PDPs). (Erickson, Leslie, & Patel, 2014)  

Several attempts have been made by health plans to decrease HRM use, 

including: educational mailings intended to influence prescribing behavior; requiring 

prior authorization approval for HRMs; formulary exclusion of HRMs; and using 

comprehensive medication reviews as part of medication therapy management services 

(Almodovar, Axon, Coleman, Warholak, & Nahata, 2018; Erickson et al., 2014). 

However, geographic disparities in HRM use have not been widely investigated in the 

peer review literature. 

In order to assess geographic variation, geographical units must be defined. This 

can be done at the state level, the census region, or at the hospital referral region (HRR) 

(Dartmouth Institute for Health Policy and Clinical Practice, 2017b). Previous HRM 

research work assessed use at the state level using the PQA measure in the Part D 

population (Centers for Medicare & Medicaid Services, 2016), and the use of HRM using 

at the HRR level using a different HRR measure (i.e., the Health Effectiveness Data 

Information Set or HEDIS measure) in the PDP population. (Dartmouth Institute for 

Health Policy and Clinical Practice, 2013; Zhang, Baicker, & Newhouse, 2010) Each of 

them had its limitation. For example, the CMS report did not assess the measure at HRR 

level whereas Zhang’s study did not assess the measure that CMS uses (PQA measure). 

The PQA measure is important to investigate because it is used by CMS for use in 

their Star Rating system to encourage reductions in HRM use in older adults. (Centers for 

Medicare & Medicaid Services, 2013; Owen, 2014)In addition, it is important to assess 
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both the MA-PD and PDP population because the MA-PD account for 30% of the 

Medicare Part D population (Xiao & Thiele, 2016)and evaluating both MA-PD and PDP 

populations will help provide a more complete picture of the Medicare Part D population.  

The objective of this study was to measure the geographic variation of HRM use 

using the PQA measure in both MA-PD and PDP beneficiaries at the HRR level using 

data from 2011, 2012, and 2013 adjusted for demographics, access-to-care factors, and 

health status.   
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2.3 METHODS  

2.3.1 Study Design 

 A cross-sectional study design was used to measure the PQA measure HRM use 

geographic variation in both MA-PD and PDP beneficiaries in 2011, 2012, and 2013.    

2.3.2 Data Sources  

We used a Medicare 5% sample claims database which consisted of 

approximately 3.2 million Medicare beneficiaries from 2011 to 2013. Research 

identifiable files that included beneficiary-level data on Part A, B and D claims were 

accessible to researchers after the CMS privacy board approved the proposal and 

researchers signed a Data Use Agreement (https://www.resdac.org).  

The two standard analytic files used for this study were the: 2011-2013 Medicare 

Part D Prescription Drug Event (PDE) file; and Master Beneficiary Summary Files 

(MBSF). 

• The PDE file contained detailed data on each drug claim and included 

information such as encrypted beneficiary, pharmacy, prescriber, and contract 

identifiers that were used to link other files (e.g., the plan characteristics, 

pharmacy characteristics, and the prescriber characteristics files) as well as 

detailed prescription information including the National Drug Code (NDC), 

quantity filled, fill date, and days supply. (Research Data Assistance Center 

(ResDAC), 2017b)  
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• The MBSF contained basic individual-level demographic data such as date of 

birth, age, gender, race, place of residence (state and county codes, and ZIP 

code), monthly enrollment status information for Parts A, B, D, end-stage renal 

disease status, contract identifiers, dual eligibility status, and whether the 

beneficiaries received the Part D low-income subsidy. (Research Data Assistance 

Center (ResDAC), 2017a) 

The researchers linked the PDE file with data on individual beneficiary 

characteristics that are available in MBSF using identification numbers, the “BENE_ID” 

variable. Several county-level variables were included to give context to each 

beneficiary’s regional and access-to-care factors. These data were drawn from the 2013 - 

2014 Area Health Resource File (AHRF), a database containing more than 6,000 

variables regarding health facilities, health professions, measures of resource scarcity, 

health status, economic activity, training programs for healthcare professionals, and 

socioeconomic and environmental characteristics.  

2.3.3 Inclusion and Exclusion Criteria 

The following inclusion and exclusion criteria were made to develop the final data 

sample. First, beneficiaries were only included in a calendar year if, they were; aged 65 

or older at the enrollment; alive during the calendar year; US citizens, and without end-

stage renal disease at the enrollment. Second, to investigate prescription utilization, we 

restricted our sample to those who had prescription drug events data (i.e., had filled at 

least one prescription during the calendar year). Third, the sample included only 
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beneficiaries who were insured by Part D for the entire 12 months. Beneficiaries who had 

Part D coverage gap(s) or switched plans were excluded from the sample. 

2.3.4 Independent variable: Hospital Referral Regions  

 Hospital referral regions (HRRs) were used to define geographic area in this 

study. Dartmouth created HRRs by aggregating 3,436 hospital service areas based on 

where the largest proportion of major cardiovascular and neurosurgery procedures were 

performed in each service area. As a result, each HRR has at least one town or city where 

both major cardiovascular surgical procedures and neurosurgery are performed. 

(Dartmouth Institute for Health Policy and Clinical Practice, 2017a) We assigned each 

beneficiary to an HRR based on their residential ZIP Code. (Wennberg, Fisher, 

Goodman, & Skinner, 2008)    

 

2.3.5 Dependent variable: Measure of High-Risk Medication (HRM) Use  

We examined claims for HRM across nine therapeutic classes - anticholinergics 

(excluding TCAs), antithrombotics, anti-infectives, cardiovascular, central nervous 

system, endocrine, pain medications, gastrointestinal, and skeletal muscle relaxants. The 

definitions of HRM are updated each time the Beers criteria are updated. This study used 

the HRM list for PQA’s HRM measure that health plans used for the 2013, the latest year 

in this study, to assess HRM rates in each calendar year (Appendix 1). Using beneficiary-

level data, we computed period prevalence as the proportion of beneficiaries in the 

sample with at least two prescription fills for the same HRM during 2011, 2012, and 

2013. (Pharmacy Quality Alliance, 2015) 
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2.3.6 Covariates  

Demographic characteristics, which were obtained from the MBSF file for each 

beneficiaries in each year, included: age; sex; race/ethnicity (Black, Hispanic, and White 

or other); Part D low-income subsidy (LIS)/dual eligible (DE) status; and disability status 

for each beneficiary in each year. . Geographic and access-to-care factors drawn from the 

AHRF included rural/urban continuum (metro vs. non-metro), measures of access to 

health care services including primary care shortage area (partial, full, or none) and 

mental care shortage area (partial, full, or none).  

It is worth noting that, under the Star Rating system, the HRM measure is 

calculated using only prescription drug claims and not medical claims. This means that 

the Star measure are calculated without using the International Classification of Disease, 

9th Revision, Clinical Modification (ICD-9-CM) codes, therefore, our study followed this 

same procedure (i.e., did not use ICD-9 codes). Thus, to account for variation in health 

status and prevalence of chronic conditions, a chronic comorbidity score was calculated 

using the RxRisk-V score for each beneficiary. (Farley, Harley, & Devine, 2006; Sloan et 

al., 2003) The RxRisk-V was selected because it utilizes the medication claims file.  

The RxRisk-V, developed as an all-age risk adjustment tool, is a pharmacy-based 

risk adjustment score that uses ambulatory pharmacy data to identify chronic disease 

categories and predict total health care costs. The RxRisk-V model performed similarly 

to the Ambulatory Clinical Group (ACG), a diagnostic based model. (Fishman et al., 

2003) Therefore, the RxRisk-V is an acceptable alternative when using diagnostic code is 

not available or not used. In addition, the score has been shown to be predictive of 

healthcare costs (Fishman et al., 2003; Sloan et al., 2003) and mortality. (Fan, 
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Maciejewski, Liu, McDonell, & Fihn, 2006; Johnson et al., 2006; Vitry, Wong, 

Roughead, Ramsay, & Barratt, 2009) In this study, a modified RxRisk-V was used with 

42 disease states; the conditions ostomy, neurogenic bladder, and urinary incontinence 

were excluded due to unavailability of these data in the pharmacy claims file. The 

RxRisk-V categories were also modified to avoid double counting HRMs.  

The number of unique pharmacies used and unique prescribers per patient, 

gathered from the pharmacy and prescriber identifiers available in the Medicare art D 

PDE file, were used to reflect clinical complexity. 

2.3.7 Statistical Analyses 

We used descriptive statistics to quantify high-risk medication use. Crude 

prevalence rates were computed by dividing the number of beneficiaries with at least two 

prescription fills for the same HRM by the total number of beneficiaries for each HRR 

within our study sample. Our sequential analytical approach is described below.  

First, we conducted multivariate logistic regression analyses to estimate risk-

adjusted rates controlling for demographic, geographic/access-to-case factors, and 

clinical factors for beneficiaries with MA-PD and PDP beneficiaries separately. Second, 

the predicted probability of HRM use was generated using marginal effect models for 

each HRR. Third, we ranked the HRRs based on the HRM use rates from highest to 

lowest. Fourth, the ratios of 75th-to-25th percentile HRM rates were computed based on 

HRM rates of HRRs at 75th percentile and 25th percentile. The ratio greater then 1 

suggests a geographic variation. All statistical analyses were performed using SAS 

version 9.4 (SAS Institute Inc, Cary, North Carolina). This study was deemed exempt 

human subjects research by the University of Arizona Institutional Review Board. 
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2.4 RESULTS  

2.4.1. Patient Characteristics 

A cohort selection flowchart is provided in Figure 2-1. The most common reasons 

to exclude beneficiaries during the study period was they were aged less than 65 or they 

did not fill any prescription or were not continuously enrolled in Part D prescription drug 

plans for entire 12 months during the calendar year. A total of 1,161,076, 1,237,653, and 

1,402,861 beneficiaries met the study criteria and were included in 2011, 2012, and 2013 

samples, respectively. Of these, 449,875 (39%), 484,132 (39%), and 521,546 (37%) were 

enrolled in MA-PDs and 711,201 (61%), 753,521 (61%), and 881,315 (63%) were 

enrolled in PDPs in 2011, 2012, 2013, respectively.  

Because sociodemographics, regional or access-to-care factors, and clinical 

complexity did not change appreciably from year to year (Table 2-1), only the 2013 data 

were used to describe the population as following. In 2013, the mean age was 75.5 years; 

62.9% (n = 881,972) were female; 84.1% (n = 1,179,764) were White; 8.5% (n = 

118,853) were Black; and 2.3% (n = 31,802) were Hispanic; 21.6% (n = 302,829) 

received Part D LIS or eligible for Medicaid (LIS/DE); 9.5% (n = 132,919) were 

disabled. The majority of beneficiaries resided in the South (n= 494,588, 35.3%); and 

metropolitan areas (n=1,147,573, 81.9%). Approximately, a half of beneficiaries lived in 

an area designated as having a partial shortage of primary care physicians (775,941, 

55.3%) and a partial shortage of mental health professionals (n = 692,672, 49.4%). More 

than a quarter of beneficiaries had two to four modified RxRisk conditions (n = 333,525, 

28.7%) in 2013. The characteristics between MA-PD and PDP beneficiaries were slightly 

different (Table 2-1).  
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2.4.2 HRM use and Geographic Variation 

The proportions of MA-PD beneficiaries with HRM use was 13.2% in 2011, 

11.4% in 2012, and 8.7% in 2013; and the proportions of the PDP beneficiaries with 

HRM use was 15.8 % in 2011, 13.9% in 2012, and 11.9% in 2013. Adjusted prescription 

HRM use varied substantially across the 306 HRRs in 2011, 2012, and 2013 (Appendix 

2). The proportion of MA-PD beneficiaries who were HRM users per HRR ranged from 

4.8% to 31.7% (5th – 95th percentile, 9.2% – 20.5%) in 2011; 4.1% to 26.0% (5th – 95th 

percentile, 8.0% – 16.7%) in 2012; and 3.3% to 20.4% (5th – 95th percentile, 5.0% - 

12.6%) in 2013 (Figure 2-2). The ratios of 75th-to-25th percentile HRM use rates across 

HRRs were 1.43 for 2011, 1.40 for 2012, and 1.42 for 2013. The proportion of PDP 

beneficiaries who were HRM users per HRR ranged from 8.7% to 24.9% (5th – 95th 

percentile, 11.6% – 22.2%) in 2011; 7.4% to 20.5% (5th – 95th percentile, 10.3% – 

18.3%) in 2012; and 6.1% to 18.9% (5th – 95th percentile, 8.8% - 16.1%) in 2013 (Figure 

2-3). The ratios of 75th-to-25th percentile HRM use rates across HRRs were 1.39 for 

2011, 1.36 for 2012, and 1.31 for 2013.  

When HRRs were ranked on adjusted HRM use rates among MA-PD 

beneficiaries, HRRs with the highest HRM use rates were: Anchorage, AK (31.7%), 

Lawton, OK (26.7%), Jackson, TN (26.3%), Oxford, MS (25.2%), and Hattiesburg, MS 

(23.4%) for 2011; Casper, WY (26.0%), Tuscaloosa, AL (21.6%), Oxford, MS (21.0%), 

Waco, TX (20.0%), and Augusta, GA (19.2%) for 2012; Casper, WY (20.4%), Waco, TX 

(16.7%), Lubbock, TX (15.7%), Santa Barbara, CA (15.2%), and Temple, TX (15.1%) 

for 2013. Casper, WY, Tuscaloosa, AL, and Augusta, GA were among the top 10 highest 
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HRM use rates for MA-PD beneficiaries three years consecutively. State-level patterns 

were also revealed. Among MA-PD beneficiaries, Texas HRRs made up four of the top-

ten HRRs with highest HRM use rates in 2013. Table 2-2 presents the top ten HRRs with 

highest HRM use rates.  

Among PDP beneficiaries, HRRs with the highest HRM use rates were: Monroe, 

LA (24.9%), Texarkana, AR (23.9%), Provo, UT (23.8%), Meridian, MS (23.6%), 

Shreveport, LA (23.4%) for 2011; Monroe, LA (20.5%), Lake Charles, LA (20.4%), 

Alexandria, LA (20.1%), Oklahoma City, OK, (20.1%), Tuscaloosa, AL (19.6%) for 

2012; Lawton, OK (18.8%), Alexandria, LA (18.8%), Lake Charles, LA (18.6%), 

Oklahoma City, OK (18.0%), Slidell, LA (18.0%) for 2013. Monroe, LA; Lawton, OK; 

Shreveport, LA; and Lake Charles, LA were among the top 10 highest HRM use rates for 

PDP beneficiaries three years consecutively. Among PDP beneficiaries, Louisiana HRRs 

made up most of the top-ten HRRs with highest HRM use rates in 2011, 2012, and 2013.  
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2.5 DISCUSSION   

Our study observed that prescriptions for HRMs, as defined by CMS/PQA, remain 

common (approximately 10% annually) among MA-PD and PDP beneficiaries who were 

older than or equal to 65 years of age. In addition, our study findings suggested disparity 

due to geographic differences remain a concern regardless health plan type or year. After 

adjustment for patient level demographics, regional or access-to-care variables, and 

clinical complexity, HRR-level geographic variation persisted across three years. The 

majority of areas with high HRM rates were located in the Southern US for both MA-PD 

and PDP beneficiaries. These findings are similar to those found in previous studies. 

(Dartmouth Institute for Health Policy and Clinical Practice, 2013; Lund, Charlton, 

Steinman, & Kaboli, 2013; Rothberg et al., 2008)   

Possible explanations for this could be inefficiency in Medicare spending. A report 

conducted by Kaiser found that the areas with highest price- and health-risk adjusted 

Medicare per capita spending were mainly located in the South. (Cubanski, Neuman, & 

White, 2015) Residents in South were more likely to be sicker, more likely to be Black or 

Hispanic, and more likely to be dual eligible.  In addition, these  areas tended to have 

fewer physicians per resident, a larger supply of hospital beds and surgical centers, and 

more post-acute healthcare professionals. The characteristics of local hospitals might be 

another determinant contributing to the high rate of Southern HRM use. Jha, Orav, and 

Epstein (Jha, Orav, & Epstein, 2011) identified that hospitals defined as low quality and 

high cost were more likely than others to be small or located in the South. Alternatively, 

these findings could be due to some unique characteristics in the South including: a 
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greater prevalence of chronic disease or polypharmacy; physician prescribing patterns;  

health-plan formularies; and patient preference.(Lowes, 2016)   

We attempted to address some of the limitations present in Zhang et al. study. (Zhang 

et al., 2010) That is, the definition of HRM use in our study was based on the PQA/CMS 

measures to align with the current practices used when determining the Part D Star 

Ratings; and we also included the MA-PD population to present the full spectrum of the 

Part D Medicare population which had not been assessed in previous HRM geographic 

variation studies.  

Unlike the PDP population, the clusters of high HRM users were not only found in 

the south but also in the west among the MA-PD population. Future research is warranted 

for further investigation of the interaction between different Part D plan types and area 

characteristics.    

Limitations 

Our findings should be interpreted in the context of this study’s limitations. First, 

using claims data implies that the study validity is affected by limitations related to 

secondary data sources. We relied on the assumption that dispensed medications were 

consumed as prescribed. Second, although we have identified several determinants that 

can be potentially associated with the use of HRM, there could be other unmeasured or 

unobservable determinants that have not been investigated. Third, the study aimed to 

describe the geographic variation of HRM use in three separate years. However, a 

statistical trend analysis was not assessed. Fourth, patient clinical complexity may have 

been slightly underestimated due to modification of the RxRisk score (e.g., exclusion 

HRM medications). 
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2.6 CONCLUSION 

Geographic variation in HRM use exists among older adults in Medicare, 

regardless of type of prescription drug plan in 2011, 2012, and 2013. Most areas of 

concern were located in the Southern US. Areas with high HRM rates may benefit from 

targeted interventions (e.g., MTM monitoring or alternative medication substitutions) to 

prevent potential adverse consequences. 
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FIGURE 2-1. Cohort Flowchart Diagram, 2011 - 2013 
MA-PD = Medicare Advantage Prescription Drug Plans; PDP = stand-along prescription drug plan  
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TA
BLE 2-1. M

edicare Beneficiaries A
ged of 65 or O

lder w
ith M

edicare A
dvantage Prescription D

rug plans (M
A

-PD
) and Stand-alone 

Prescription D
rug Plans (PD

P) 2013: D
em

ographics and C
haracteristics O

verall and By H
igh-R

isk M
edication U

se Status  
 

  
Beneficiaries w

ith M
edicare A

dvantage 
Prescription D

rug Plans (M
A

-PD
) 

Beneficiaries w
ith stand-alone Prescription 

D
rug Plans (PD

P) 
  

  
Total  

 
(N

 = 521,546) 

H
igh-risk  

m
edication 
users  

(N
 = 53,699, 
10.2%

) 

N
on-high-risk 
m

edication 
users  

 (N
 = 467,847, 
89.7%

) 

Total  
 

(N
 =881,315) 

H
igh-risk  

m
edication 
users 

(N
 = 124,763, 
14.2%

) 

N
on-high-risk 
m

edication 
users 

(N
 = 756,552, 
85.8%

) 
Sociodem

ographics 
 

 
 

 
 

 
Fem

ale, n(%
) 

318,033 (61.0) 
37,803 (70.4) 

280,230 (59.9) 
563,939 (64.0) 

90,812 (72.8) 
473,127 (62.5) 

A
ge, m

ean (SD
)  

74.7 (7.3) 
74.2 (7.0) 

74.7 (7.3) 
75.6 (7.8) 

75.0 (7.6) 
75.6 (7.9) 

R
ace, n(%

) 
 

 
 

 
 

 
 

W
hite 

426,103 (81.7) 
45,430 (84.6) 

380,673 (81.4) 
753,661 (85.5) 

108,087 (86.6) 
645,574 (85.3) 

 
B

lack 
51,396 (9.9) 

4,792 (8.9) 
46,604 (10) 

67,457 (7.7) 
9,265 (7.4) 

58,192 (7.7) 
 

H
ispanic 

13,905 (2.7) 
1,372 (2.6) 

12,533 (2.7) 
17,897 (2) 

2,387 (1.9) 
15,510 (2.1) 

 
O

thers 
30,142 (5.8) 

2,105 (3.9) 
28,037 (6) 

42,300 (4.8) 
5,024 (4) 

37,276 (4.9) 
Low

 incom
e subsidy/dual 

eligible (LIS/D
E), n(%

) 
89,715 (17.2) 

11,966 (22.3) 
77,749 (16.6) 

213,114 (24.2) 
36,485 (29.2) 

176,629 (23.3) 
D

isabled, n(%
) 

49,318 (9.5) 
8,398 (15.6) 

40,920 (8.7) 
83,601 (9.5) 

19,153 (15.4) 
64,448 (8.5) 

G
eographic 

characteristics (C
ounty-

level) 
 

 
 

 
 

 
R

egion, n(%
) 

 
 

 
 

 
 

 
N

ortheast  
107,016 (20.5) 

10,300 (19.2) 
96,716 (20.7) 

169,451 (19.2) 
19,712 (15.8) 

149,739 (19.8) 
 

M
idw

est  
92,325 (17.7) 

8,602 (16) 
83,723 (17.9) 

234,289 (26.6) 
29,479 (23.6) 

204,810 (27.1) 
 

South  
166,676 (32) 

19,327 (36) 
147,349 (31.5) 

327,912 (37.2) 
54,207 (43.4) 

273,705 (36.2) 
 

W
est  

154,328 (29.6) 
15,359 (28.6) 

138,969 (29.7) 
148,463 (16.8) 

21,170 (17) 
127,293 (16.8) 

 
unknow

n 
1,201 (0.2) 

111 (0.2) 
1,090 (0.2) 

1,200 (0.1) 
195 (0.2) 

1,005 (0.1) 
R

ural/U
rban C

ontinuum
, 

n(%
) 

 
 

 
 

 
 

 
m

etropolitan areas 
466,537 (89.5) 

47,707 (88.8) 
418,830 (89.5) 

681,036 (77.3) 
94,984 (76.1) 

586,052 (77.5) 

 
nonm

etropolitan 
areas  

53,807 (10.3) 
5,881 (11) 

47,926 (10.2) 
199,022 (22.6) 

29,575 (23.7) 
169,447 (22.4) 



   
67 

 
  

Beneficiaries w
ith M

edicare A
dvantage 

Prescription D
rug Plans (M

A
-PD

) 
Beneficiaries w

ith stand-alone Prescription 
D

rug Plans (PD
P) 

  
  

Total  
 

(N
 = 521,546) 

H
igh-risk  

m
edication 
users  

(N
 = 53,699, 
10.2%

) 

N
on-high-risk 
m

edication 
users  

 (N
 = 467,847, 
89.7%

) 

Total  
 

(N
 =881,315) 

H
igh-risk  

m
edication 
users 

(N
 = 124,763, 
14.2%

) 

N
on-high-risk 
m

edication 
users 

(N
 = 756,552, 
85.8%

) 
R

esident in a Prim
ary C

are 
Shortage A

rea, n(%
) 

 
 

 
 

 
 

 
full shortage area 

198,027 (38.0) 
20,132 (37.5) 

177,895 (38) 
293,134 (33.3) 

42,334 (33.9) 
250,800 (33.2) 

 
partial shortage area 

283,209 (54.3) 
29,079 (54.2) 

254,130 (54.3) 
492,732 (55.9) 

68,883 (55.2) 
423,849 (56) 

 
not shortage area 

39,108 (7.5) 
4,377 (8.2) 

34,731 (7.4) 
94,192 (10.7) 

13,342 (10.7) 
80,850 (10.7) 

R
esident in a M

ental C
are 

Shortage A
rea, n(%

) 
 

 
 

 
 

 
 

full shortage area 
198,768 (38.1) 

20,601 (38.4) 
178,167 (38.1) 

373,485 (42.4) 
55,346 (44.4) 

318,139 (42.1) 
 

partial shortage area 
278,002 (53.3) 

28,459 (53) 
249,543 (53.3) 

414,670 (47.1) 
56,788 (45.5) 

357,882 (47.3) 
 

not shortage area 
43,574 (8.4) 

4,528 (8.4) 
39,046 (8.3) 

91,903 (10.4) 
12,425 (10) 

79,478 (10.5) 
C

linical com
plexity 

 
 

 
 

 
 

N
um

ber of prescribers, 
n(%

) 
 

 
 

 
 

 
 

0-2 
237,178 (45.5) 

14,832 (27.6) 
222,346 (47.5) 

363,893 (41.3) 
31,752 (25.4) 

332,141 (43.9) 
 

3+ 
284,368 (54.5) 

38,867 (72.4) 
245,501 (52.5) 

517,422 (58.7) 
93,011 (74.6) 

424,411 (56.1) 
N

um
ber of pharm

acies, 
n(%

) 
 

 
 

 
 

 
 

0-1 
283,264 (54.3) 

24,333 (45.3) 
258,931 (55.3) 

475,332 (53.9) 
55,429 (44.4) 

419,903 (55.5) 
 

2+ 
238,282 (45.7) 

29,366 (54.7) 
208,916 (44.7) 

405,983 (46.1) 
69,334 (55.6) 

336,649 (44.5) 
M

odified R
xR

isk-V
 index, 

m
ean(SD

) 
4.1 (2.7) 

5.6 (2.7) 
4.0 (2.6) 

4.5 (2.8) 
5.9 (2.8) 

4.2 (2.7) 
A

sterisks represent statistical significance betw
een high-risk m

edication users vs. non-high-risk m
edication users and betw

een health plan types. M
A

-PD
 = M

edicare A
dvantage Prescription D

rug 
plan; PD

P = stand-alone Prescription D
rug plan; Sig = Significant difference; SD

 = Stand deviation 
***p < 0.001; ** 0.0001 £  p < 0.01; *0.01£ p < 0.05 
a w

ithin-plan difference (i.e., high-risk m
edication users vs. non-high-risk m

edication users) 
b B

etw
een-plan difference (i.e., M

A
-PD

 vs. PD
P) 



   
68 

	
FIG

U
R

E 2-2. Percentage of Beneficiaries R
eceiving Tw

o or M
ore Prescription of A

ny H
igh-R

isk 
M

edications (H
R

M
) A

m
ong Beneficiaries w

ith M
edicare A

dvantage Prescription D
rug Plan, 

2011-2013 
The high-risk m

edication use rates w
ere adjusted for age, sex, race, Part D

 low
 incom

e subsidy/dual eligibility status, disability status, geographic 
characteristics (e.g. rural/urban continuum

), clinical com
plexity (e.g., m

odified R
xR

isk index). M
A

-PD
 = M

edicare A
dvantage Prescription D

rug plan 

H
igh Risk M

edication use rates am
ong M

A-PD beneficiaries, 2011-2013

2011
2012

2013

≤ 8.0 %

8.1 –
10.0%

10.1 –
13.0%

13.1 –
16.0%

> 16.0%



   
69 

 

	
FIG

U
R

E 2-3. Percentage of Beneficiaries R
eceiving Tw

o or M
ore Prescription of A

ny H
igh-R

isk 
M

edications (H
R

M
) am

ong Beneficiaries w
ith Stand-alone Prescription D

rug Plans (PD
P), 2011-

2013 
The high-risk m

edication use rates w
ere adjusted for age, sex, race, Part D

 low
 incom

e subsidy/dual eligibility status, disability status, geographic 
characteristics (e.g. rural/urban continuum

), clinical com
plexity (e.g., m

odified R
xR

isk index). PD
P = stand-alone Prescription D

rug plan	

H
igh Risk M

edication use rates am
ong PDP beneficiaries, 2011-2013

2011
2012

2013

≤ 11.0 %

11.1 –
13.0%

13.1 –
15.0%

15.1 –
17.0%

> 17.0%



 

 
 

70 

TABLE 2-2. Top 10 Hospital Referral Regions with High-Risk Medication Rate, 
2011 – 2013 
 

Provider Type Rank Region 
High-Risk 
medication 

rate 
Region 

High-Risk 
medication 

rate 
Region 

High-Risk 
medication 

rate 

MA-PD  2011  
(n = 449,875) 

 2012  
(n = 484,132) 

 2013  
(n = 521,546) 

 
 

1 Anchorage, AK 31.7% Casper, WY 26.0% Casper, WY 20.4%  
2 Lawton, OK 26.7% Tuscaloosa, AL 21.6% Waco, TX 16.7%  
3 Jackson, TN 26.3% Oxford, MS 21.0% Lubbock, TX 15.7%  
4 Oxford, MS 25.2% Waco, TX 20.0% Santa Barbara, CA 15.2%  
5 Hattiesburg, MS 23.4% Augusta, GA 19.2% Temple, TX 15.1%  
6 Casper, WY 22.6% Owensboro, KY 19.1% Oklahoma City, OK 14.9%  
7 Tuscaloosa, AL 22.1% Fort Worth, TX 18.5% Augusta, GA 14.7%  
8 Lafayette, LA 22.1% Oklahoma City, OK 18.1% Tuscaloosa, AL 14.7%  
9 Bryan, TX 22.1% Temple, TX 18.1% Fort Worth, TX 14.4%  
10 Augusta, GA 22.1% Medford, OR 18.1% Redding, CA 13.8% 

PDP 
 

2011  
(n = 711,201) 

 
2012  

(n = 753,521) 

 
2013  

(n = 881,315) 

 

 
1 Monroe, LA 24.9% Monroe, LA 20.5% Lawton, OK 18.8%  
2 Texarkana, AR 23.9% Lake Charles, LA 20.4% Alexandria, LA 18.8%  
3 Provo, UT 23.8% Alexandria, LA 20.1% Lake Charles, LA 18.6%  
4 Meridian, MS 23.6% Oklahoma City, OK 20.1% Oklahoma City, OK 18.0%  
5 Shreveport, LA 23.4% Tuscaloosa, AL 19.6% Slidell, LA 18.0%  
6 Slidell, LA 23.3% Lawton, OK 19.5% Tuscaloosa, AL 17.9%  
7 Longview, TX 23.1% Shreveport, LA 19.4% Monroe, LA 17.4%  
8 Jackson, MS 23.0% Jackson, MS 19.2% Shreveport, LA 17.1%  
9 Hattiesburg, MS 23.0% Provo, UT 18.8% Metairie, LA 16.7%  
10 Lawton, OK 23.0% San Angelo, TX 18.7% Lafayette, LA 16.6% 

The high-risk medication use rates were adjusted for age, sex, race, Part D low income subsidy/dual eligibility status, disability status, geographic 
characteristics (e.g. rural/urban continuum), clinical complexity (e.g., modified RxRisk index).  MA-PD = Medicare Advantage Prescription Drug plan; PDP 
= stand-alone Prescription Drug plan. 
Bolded indicates the hospital referral regions with high rates of high-risk medication use for three years consecutively.   
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TABLE 2-3. APPENDIX 1 High-Risk Medications measure 33 
 

Description    Prescription Products   
Anticholinergics (exclude TCAs)       

First-generation antihistamines (as single agent 
or as part of combination products) – excludes 
OTC products 

  

- Brompheniramine,  - Cyproheptadine  - Doxylamine 
- Carbinoxamine  - Dexbrompheniramine - Hydroxyzine 
- Chlorpheniramine - Dexchlorpheniramine - Promethazine 
- Clemastine  - Diphenhydramine (oral) -Triprolidine 

Antiparkinson agents - Benztropine (oral) -Trihexyphenidyl   
Antithrombotics       

Antithrombotics - Ticlopidine* -Dipyridamole, oral short-acting (does not apply to the extended-
release combination with aspirin) 

Anti-infective       
Anti-infective - Nitrofurantoin (include when cumulative day supply is >90 days) (A)  

Cardiovascular       
Alpha blockers, Central - Guanabenz* 

- Guanfacine* 
 -Methyldopa* -Reserpine (>0.1mg/day) (B) 

Cardiovascular, other -Disopyramide* -Digoxin (>0.125mg/day) (c) -Nifedipine, immediate 
release* 

Central Nervous System       
Tertiary TCAs (as a single agent or as part of a 
combination product) 

  

- Amitriptyline - Doxepin (>6mg/day) (D) -Trimipramine 

- Clomipramine - Imipramine   
Antipsychotics, first-generation (conventional) -Thioridazine  - Mesoridazine   
Barbiturates - Amobarbital* - Mephobarbital* - Phenobarbital  

- Butabarbital* - Pentobarbital* - Secobarbital* 
  - Butalbital     

Central Nervous System, other - Chloral hydrate* - Meprobamate   

Nonbenzodiazepine hypnotics (include when 
cumulative day supply is >90 days) (E) 

- Eszopiclone - Zolpidem - Zaleplon 

Vasodilators for dementia -Ergoloid mesylates* - Isoxsuprine   

Endocrine       
Endocrine - Desiccated thyroid -Estrogens** with or without 

progesterone (oral and topical 
patch products only) 

-  Megestrol 

Sulfonylureas, long-duration - Chlorpropamide - Glyburide   

Gastrointestinal       

Gastrointestinal  - Trimethobenzamide 
 

  

Pain Medications       
Pain Medications - Meperidine - Pentazocine*   

Non-COX-selective NSAIDS*** - Indomethacin - Ketorolac   

Skeletal muscle relaxants       

Skeletal muscle relaxants (as a single agent or as 
part of a combination product) 

  

- Carisoprodol - Cyclobenzaprine - Methocarbamol 

- Chlorzoxazone - Metaxalone - Orphenadrine 

*Infrequently used drugs. 
(A) For nitrofurantoin, a patient is included in the numerator if he/she received at least two prescription fills for the medication and if the cumulative days 
supply for any nitrofurantoin product is greater than 90 days during the measurement period; (B) For reserpine, a patient is included in the numerator if he/she 
received at least two prescription fills for the medication and if the average daily dose is greater than 0.1mg; (C) For digoxin, a patient is included in the 
numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 0.125mg; (D) For doxepin, a patient is 
included in the numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 6mg. (E) The 
cumulative calculation applies to the class of nonbenzodiazepine hypnotics and not for each individual medication. A patient is included in the numerator if 
he/she received at least two prescription fills for any medication in the class and if the cumulative days supply for any product is greater than 90 days during the 
measurement period. For example, if a patient received a 30 day supply of zolpidem, a second fill for 30 days supply of zolpidem and then a fill for 35 days 
supply eszopiclone (all during the measurement period), this would qualify for inclusion in the numerator. 
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TABLE 2-4. APPENDIX 2 High-Risk Medication use measure for each Dartmouth 
Atlas of Healthcare Hospital Referral Regions (HRR) by year 
 

  HRR MA-PD 
 

PDP 
 ID City State 2011 2012 2013 

 
2011 2012 2013 

1 Birmingham AL 19.0% 16.5% 11.0%  20.9% 18.0% 15.9% 
2 Dothan AL 19.0% 12.6% 9.3%  20.3% 18.3% 16.4% 
5 Huntsville AL 19.2% 13.8% 11.6%  19.0% 16.7% 14.1% 
6 Mobile AL 19.2% 15.5% 11.0%  19.9% 17.2% 16.0% 
7 Montgomery AL 18.0% 15.4% 10.7%  19.7% 16.4% 15.4% 
9 Tuscaloosa AL 22.1% 21.6% 14.7%  22.5% 19.6% 17.9% 
10 Anchorage AK 31.7% 15.4% 5.6%  14.1% 14.4% 10.7% 
11 Mesa AZ 13.1% 12.5% 9.7%  15.2% 12.2% 11.4% 
12 Phoenix AZ 14.6% 13.3% 10.3%  16.9% 15.0% 12.4% 
14 Sun City AZ 12.3% 11.5% 9.2%  14.7% 12.9% 11.3% 
15 Tucson AZ 14.4% 13.6% 9.9%  17.8% 14.7% 13.0% 
16 Fort Smith AR 16.5% 13.9% 8.3%  20.8% 17.6% 14.0% 
18 Jonesboro AR 20.3% 8.9% 8.7%  22.4% 17.3% 13.6% 
19 Little Rock AR 17.7% 13.5% 9.8%  20.6% 16.6% 13.4% 
21 Springdale AR 15.9% 10.9% 5.9%  18.9% 14.5% 12.8% 
22 Texarkana AR 20.4% 13.1% 8.9%  23.9% 16.7% 14.4% 
23 Orange County CA 13.7% 12.0% 8.5%  20.4% 18.2% 15.1% 
25 Bakersfield CA 14.1% 11.5% 7.7%  20.1% 16.4% 12.8% 
31 Chico CA 13.5% 6.3% 3.5%  20.4% 17.2% 14.9% 
33 Contra Costa CA 9.1% 8.6% 6.9%  18.3% 16.6% 15.0% 
43 Fresno CA 13.3% 10.0% 6.6%  17.5% 14.2% 12.4% 
56 Los Angeles CA 11.4% 9.8% 7.0%  18.8% 16.9% 14.2% 
58 Modesto CA 14.7% 13.3% 11.8%  18.1% 15.2% 12.6% 
62 Napa CA 12.7% 10.0% 8.3%  17.1% 15.2% 13.3% 
65 Alameda Count CA 9.3% 7.9% 6.7%  16.3% 13.9% 11.7% 
69 Palm Springs/ CA 16.2% 13.7% 11.9%  20.7% 16.9% 15.5% 
73 Redding CA 18.1% 16.7% 13.8%  19.0% 16.8% 13.8% 
77 Sacramento CA 12.0% 10.7% 8.7%  17.0% 14.8% 11.9% 
78 Salinas CA 14.9% 10.9% 10.8%  16.7% 13.9% 11.9% 
79 San Bernardino CA 14.3% 12.2% 9.0%  18.2% 15.3% 13.6% 
80 San Diego CA 12.9% 11.8% 8.8%  14.9% 13.8% 12.1% 
81 San Francisco CA 8.6% 8.5% 6.3%  15.0% 12.8% 12.2% 
82 San Jose CA 9.3% 8.8% 6.1%  16.1% 13.9% 11.0% 
83 San Luis Obis CA 19.2% 15.7% 12.5%  17.3% 13.6% 11.7% 
85 San Mateo County CA 10.0% 8.6% 7.5%  13.5% 13.0% 11.4% 
86 Santa Barbara CA 17.3% 17.7% 15.2%  18.1% 15.9% 13.4% 
87 Santa Cruz CA 19.5% 14.6% 5.5%  21.3% 17.0% 14.4% 
89 Santa Rosa CA 9.5% 8.7% 6.8%  16.9% 17.0% 14.5% 
91 Stockton CA 12.5% 9.6% 8.9%  18.6% 15.1% 12.5% 
96 Ventura CA 13.6% 10.9% 8.2%  16.7% 16.0% 13.9% 
101 Boulder CO 12.0% 9.6% 7.9%  15.7% 12.6% 13.9% 
102 Colorado Springs CO 15.7% 12.4% 9.8%  14.1% 13.1% 10.4% 
103 Denver CO 13.0% 11.4% 8.9%  17.2% 15.5% 13.5% 
104 Fort Collins CO 18.7% 12.4% 8.2%  15.0% 11.9% 11.0% 
105 Grand Junction CO 17.4% 15.3% 12.8%  17.2% 14.6% 10.1% 
106 Greeley CO 14.2% 11.7% 6.7%  15.7% 13.6% 11.6% 
107 Pueblo CO 15.0% 10.9% 8.9%  17.6% 17.4% 13.2% 
109 Bridgeport CT 12.2% 10.4% 8.4%  12.2% 10.1% 9.2% 
110 Hartford CT 12.1% 9.7% 8.2%  13.0% 11.1% 9.8% 
111 New Haven CT 12.9% 11.0% 8.3%  12.0% 9.8% 8.9% 
112 Wilmington DE 11.9% 12.5% 8.2%  12.3% 11.5% 10.1% 
113 Washington DC 8.9% 6.6% 6.3%  14.1% 12.6% 11.1% 
115 Bradenton FL 13.0% 13.7% 8.9%  16.1% 13.6% 12.1% 
116 Clearwater FL 15.0% 12.3% 8.1%  17.8% 16.1% 13.0% 
118 Fort Lauderdale FL 13.9% 11.4% 6.0%  15.9% 13.9% 11.8% 
119 Fort Myers FL 14.8% 14.1% 11.2%  16.8% 14.3% 12.4% 
120 Gainesville FL 10.0% 10.5% 7.5%  15.7% 14.1% 11.6% 
122 Hudson FL 15.1% 12.9% 7.6%  14.2% 13.0% 12.1% 
123 Jacksonville FL 14.6% 13.0% 10.3%  17.1% 14.9% 13.2% 



 

 73 

124 Lakeland FL 15.4% 15.2% 11.3%  18.1% 15.4% 13.0% 
127 Miami FL 14.1% 11.9% 6.2%  18.8% 15.8% 13.4% 
129 Ocala FL 14.9% 12.9% 10.4%  16.2% 14.3% 12.9% 
130 Orlando FL 14.1% 11.7% 7.5%  15.6% 13.4% 11.5% 
131 Ormond Beach FL 17.9% 14.1% 8.4%  17.8% 15.4% 13.1% 
133 Panama City FL 14.1% 8.3% 7.3%  18.7% 16.2% 12.2% 
134 Pensacola FL 18.2% 13.9% 10.6%  21.5% 17.4% 15.8% 
137 Sarasota FL 13.0% 14.4% 11.9%  17.4% 15.1% 13.6% 
139 St. Petersburg FL 16.7% 13.8% 8.0%  17.8% 14.6% 12.0% 
140 Tallahassee FL 17.4% 14.6% 10.0%  20.4% 18.3% 16.1% 
141 Tampa FL 13.9% 10.9% 6.7%  15.2% 13.6% 10.5% 
142 Albany GA 20.1% 13.4% 12.6%  19.1% 13.5% 14.6% 
144 Atlanta GA 14.8% 13.1% 10.4%  17.5% 15.2% 13.3% 
145 Augusta GA 22.1% 19.2% 14.7%  20.8% 18.4% 14.9% 
146 Columbus GA 17.6% 14.3% 11.5%  20.0% 16.0% 14.3% 
147 Macon GA 18.1% 16.3% 13.7%  19.7% 17.3% 14.5% 
148 Rome GA 20.2% 15.2% 11.3%  18.3% 15.6% 13.6% 
149 Savannah GA 16.8% 13.9% 10.7%  19.7% 17.7% 14.5% 
150 Honolulu HI 12.3% 11.5% 8.3%  15.2% 15.2% 10.4% 
151 Boise ID 15.7% 14.7% 12.3%  19.4% 15.2% 12.8% 
152 Idaho Falls ID 15.6% 11.6% 9.8%  15.7% 13.2% 10.8% 
154 Aurora IL 15.3% 14.3% 3.9%  13.6% 11.4% 10.0% 
155 Blue Island IL 15.3% 10.6% 6.6%  12.6% 10.9% 10.3% 
156 Chicago IL 11.8% 9.3% 6.0%  13.4% 12.3% 10.6% 
158 Elgin IL 14.8% 10.5% 5.4%  14.2% 12.8% 10.8% 
161 Evanston IL 13.9% 9.4% 5.8%  14.3% 12.7% 11.9% 
163 Hinsdale IL 10.7% 7.9% 4.7%  12.6% 10.2% 8.7% 
164 Joliet IL 7.8% 8.4% 5.4%  13.3% 10.7% 9.7% 
166 Melrose Park IL 15.1% 11.1% 5.9%  13.1% 11.2% 10.0% 
170 Peoria IL 11.3% 10.2% 6.2%  13.5% 12.1% 10.7% 
171 Rockford IL 14.6% 9.6% 6.0%  12.1% 10.4% 9.8% 
172 Springfield IL 10.4% 8.0% 4.4%  13.4% 12.5% 11.2% 
173 Urbana IL 11.5% 12.8% 8.9%  13.6% 12.5% 10.4% 
175 Bloomington IL 7.5% 8.8% 7.2%  12.6% 11.8% 9.7% 
179 Evansville IN 14.6% 11.4% 7.2%  16.8% 15.1% 12.6% 
180 Fort Wayne IN 14.3% 11.9% 9.0%  14.1% 11.8% 10.3% 
181 Gary IN 11.4% 11.9% 6.6%  13.4% 12.6% 10.9% 
183 Indianapolis IN 13.4% 11.3% 8.6%  14.7% 12.6% 10.9% 
184 Lafayette IN 9.6% 5.6% 4.4%  13.5% 10.7% 9.6% 
185 Muncie IN 14.6% 12.5% 7.4%  15.6% 12.9% 11.5% 
186 Munster IN 16.0% 14.1% 9.1%  14.8% 12.9% 10.9% 
187 South Bend IN 11.5% 11.4% 7.8%  13.5% 11.7% 10.7% 
188 Terre Haute IN 17.7% 13.1% 8.0%  14.2% 12.6% 10.3% 
190 Cedar Rapids IA 14.0% 12.1% 8.0%  12.5% 12.0% 9.4% 
191 Davenport IA 11.4% 11.8% 9.3%  13.6% 12.0% 10.6% 
192 Des Moines IA 14.4% 11.9% 8.0%  13.2% 12.3% 10.6% 
193 Dubuque IA 4.8% 17.2% 13.7%  10.8% 8.9% 8.2% 
194 Iowa City IA 12.1% 12.0% 9.9%  13.5% 11.9% 9.5% 
195 Mason City IA 12.4% 4.1% 7.4%  11.1% 9.2% 8.7% 
196 Sioux City IA 11.4% 9.3% 5.7%  15.4% 12.7% 11.3% 
197 Waterloo IA 13.2% 9.0% 7.5%  14.7% 11.5% 10.5% 
200 Topeka KS 15.9% 10.4% 6.9%  15.4% 14.2% 11.3% 
201 Wichita KS 18.9% 15.5% 9.2%  19.8% 16.7% 13.9% 
203 Covington KY 15.4% 10.9% 8.1%  16.0% 13.3% 11.7% 
204 Lexington KY 14.8% 12.0% 8.6%  18.3% 15.6% 13.6% 
205 Louisville KY 16.0% 11.8% 8.4%  17.7% 15.3% 12.5% 
207 Owensboro KY 18.3% 19.1% 11.0%  21.1% 16.7% 13.8% 
208 Paducah KY 18.8% 15.6% 9.4%  20.7% 17.0% 15.1% 
209 Alexandria LA 21.3% 12.7% 7.8%  21.9% 20.1% 18.8% 
210 Baton Rouge LA 19.7% 14.1% 7.8%  22.0% 18.2% 16.3% 
212 Houma LA 20.2% 14.0% 7.8%  18.4% 16.5% 13.3% 
213 Lafayette LA 22.1% 17.9% 9.6%  22.2% 18.6% 16.6% 
214 Lake Charles LA 18.1% 14.9% 5.0%  22.6% 20.4% 18.6% 
216 Metairie LA 18.6% 12.8% 6.5%  20.9% 18.4% 16.7% 
217 Monroe LA 18.4% 13.1% 9.8%  24.9% 20.5% 17.4% 
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218 New Orleans LA 20.5% 12.3% 6.8%  21.7% 16.6% 14.2% 
219 Shreveport LA 18.1% 13.1% 7.7%  23.4% 19.4% 17.1% 
220 Slidell LA 18.9% 11.8% 5.9%  23.3% 17.6% 18.0% 
221 Bangor ME 12.0% 12.8% 8.9%  14.5% 12.1% 10.9% 
222 Portland ME 11.6% 10.1% 7.9%  13.4% 11.7% 10.5% 
223 Baltimore MD 11.1% 8.7% 7.7%  13.4% 11.8% 10.3% 
225 Salisbury MD 5.1% 7.1% 3.5%  12.5% 10.7% 8.7% 
226 Takoma Park MD 8.0% 5.1% 4.7%  11.3% 11.1% 9.7% 
227 Boston MA 9.7% 8.5% 7.6%  11.3% 9.4% 8.1% 
230 Springfield MA 11.7% 9.7% 9.3%  14.5% 12.6% 10.1% 
231 Worcester MA 12.2% 11.4% 9.9%  11.8% 10.3% 8.9% 
232 Ann Arbor MI 11.8% 10.4% 7.7%  11.6% 10.1% 9.1% 
233 Dearborn MI 13.2% 9.4% 7.1%  13.6% 11.6% 11.1% 
234 Detroit MI 11.8% 11.0% 8.1%  14.6% 12.0% 11.1% 
235 Flint MI 10.6% 10.3% 6.6%  12.4% 10.7% 10.7% 
236 Grand Rapids MI 12.0% 8.1% 6.5%  13.0% 11.7% 10.0% 
238 Kalamazoo MI 11.9% 8.6% 5.7%  13.8% 12.6% 10.1% 
239 Lansing MI 10.3% 9.5% 6.0%  11.2% 10.5% 10.3% 
240 Marquette MI 9.2% 7.2% 7.8%  11.7% 11.9% 8.5% 
242 Muskegon MI 14.7% 9.8% 8.2%  14.8% 13.7% 10.5% 
243 Petoskey MI 9.2% 9.1% 6.2%  14.6% 12.1% 9.9% 
244 Pontiac MI 10.2% 9.1% 6.8%  12.1% 11.3% 10.1% 
245 Royal Oak MI 10.2% 9.2% 7.9%  13.4% 11.1% 9.5% 
246 Saginaw MI 13.1% 9.7% 6.2%  11.5% 10.5% 10.7% 
248 St. Joseph MI 9.5% 8.8% 8.3%  13.0% 11.2% 8.4% 
249 Traverse City MI 12.3% 12.1% 9.7%  12.5% 11.4% 10.2% 
250 Duluth MN 13.5% 12.1% 7.4%  11.3% 9.9% 8.9% 
251 Minneapolis MN 10.5% 9.5% 6.8%  12.2% 10.9% 9.6% 
253 Rochester MN 8.2% 6.7% 6.1%  11.9% 10.3% 8.8% 
254 St. Cloud MN 10.3% 7.3% 4.5%  11.7% 10.4% 6.9% 
256 St. Paul MN 10.3% 9.5% 7.7%  12.9% 11.3% 9.7% 
257 Gulfport MS 19.9% 10.7% 4.7%  19.0% 13.8% 13.7% 
258 Hattiesburg MS 23.4% 12.8% 7.9%  23.0% 18.1% 16.0% 
259 Jackson MS 20.2% 13.8% 9.9%  23.0% 19.2% 16.5% 
260 Meridian MS 22.0% 16.5% 12.5%  23.6% 17.4% 15.4% 
261 Oxford MS 25.2% 21.0% 11.7%  15.7% 13.3% 10.9% 
262 Tupelo MS 16.8% 11.2% 5.9%  21.1% 16.3% 13.4% 
263 Cape Girardea MO 14.6% 12.5% 7.7%  17.8% 15.6% 12.8% 
264 Columbia MO 13.8% 12.4% 8.4%  15.3% 13.3% 10.7% 
267 Joplin MO 9.6% 8.6% 7.5%  19.7% 16.2% 14.2% 
268 Kansas City MO 13.8% 12.2% 7.7%  16.5% 14.1% 12.0% 
270 Springfield MO 15.7% 13.7% 9.4%  17.7% 13.9% 11.2% 
273 St. Louis MO 13.5% 11.9% 8.5%  15.0% 12.8% 11.2% 
274 Billings MT 14.4% 10.7% 10.3%  15.3% 12.6% 10.6% 
275 Great Falls MT 21.3% 15.0% 7.2%  15.0% 12.1% 9.8% 
276 Missoula MT 16.2% 13.1% 7.5%  16.3% 13.0% 10.4% 
277 Lincoln NE 10.6% 9.9% 8.3%  14.3% 11.7% 10.7% 
278 Omaha NE 12.0% 11.6% 9.7%  13.6% 11.7% 9.7% 
279 Las Vegas NV 14.8% 12.7% 7.3%  17.6% 15.5% 12.1% 
280 Reno NV 15.2% 13.7% 11.6%  19.7% 16.0% 13.3% 
281 Lebanon NH 10.5% 8.5% 8.3%  12.8% 12.0% 10.4% 
282 Manchester NH 12.8% 10.9% 9.1%  11.6% 10.7% 10.7% 
283 Camden NJ 10.2% 9.4% 7.8%  11.4% 10.1% 9.0% 
284 Hackensack NJ 11.2% 10.5% 9.2%  13.4% 12.1% 11.1% 
285 Morristown NJ 10.8% 10.7% 9.0%  11.7% 10.9% 10.3% 
288 New Brunswick NJ 12.9% 11.6% 8.1%  13.3% 10.7% 10.2% 
289 Newark NJ 12.1% 11.1% 11.4%  14.6% 12.9% 12.4% 
291 Paterson NJ 11.5% 13.4% 11.5%  16.2% 13.3% 11.2% 
292 Ridgewood NJ 7.4% 8.0% 9.1%  10.8% 11.5% 11.2% 
293 Albuquerque NM 14.4% 10.8% 8.7%  15.5% 12.9% 11.5% 
295 Albany NY 9.9% 9.2% 7.2%  10.8% 9.7% 9.4% 
296 Binghamton NY 10.7% 8.8% 6.7%  11.8% 10.8% 9.6% 
297 Bronx NY 13.3% 11.7% 8.7%  14.9% 12.6% 11.1% 
299 Buffalo NY 13.2% 11.5% 10.2%  14.1% 12.3% 10.9% 
300 Elmira NY 11.2% 10.6% 8.3%  12.8% 12.2% 10.7% 
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301 East Long Isl NY 11.2% 9.9% 8.2%  12.4% 11.0% 10.0% 
303 Manhattan NY 11.8% 10.2% 7.9%  14.7% 13.0% 12.1% 
304 Rochester NY 12.4% 11.7% 10.2%  13.4% 12.9% 10.9% 
307 Syracuse NY 9.6% 9.8% 7.3%  11.1% 10.6% 10.3% 
308 White Plains NY 10.4% 10.2% 8.4%  13.6% 11.5% 10.9% 
309 Asheville NC 15.9% 13.4% 10.0%  19.1% 15.7% 15.4% 
311 Charlotte NC 15.1% 12.7% 10.0%  17.2% 14.7% 12.4% 
312 Durham NC 15.7% 13.5% 10.6%  16.0% 12.9% 11.9% 
313 Greensboro NC 17.8% 14.7% 12.3%  19.8% 15.9% 12.9% 
314 Greenville NC 17.4% 16.6% 10.9%  16.9% 14.1% 12.9% 
315 Hickory NC 18.8% 15.7% 12.3%  17.8% 14.3% 12.3% 
318 Raleigh NC 14.2% 12.9% 9.5%  16.6% 15.0% 12.5% 
319 Wilmington NC 18.8% 15.7% 11.1%  19.1% 15.2% 14.1% 
320 Winston-Salem NC 15.4% 13.8% 11.6%  16.6% 14.8% 12.8% 
321 Bismarck ND 19.1% 16.7% 10.4%  12.6% 11.4% 10.3% 
322 Fargo/Moorhead ND 11.8% 9.8% 7.8%  13.3% 11.3% 9.9% 
323 Grand Forks ND 15.7% 14.8% 11.0%  14.4% 13.9% 11.7% 
324 Minot ND 8.3% 5.3% 3.3%  13.0% 12.8% 10.6% 
325 Akron OH 14.0% 11.5% 8.0%  11.6% 10.8% 10.3% 
326 Canton OH 12.4% 12.0% 7.9%  14.4% 12.5% 11.1% 
327 Cincinnati OH 14.7% 12.1% 9.3%  16.3% 13.8% 12.0% 
328 Cleveland OH 9.9% 8.4% 6.6%  12.6% 11.0% 10.1% 
329 Columbus OH 13.2% 10.6% 7.7%  13.6% 12.0% 11.1% 
330 Dayton OH 15.2% 15.3% 11.5%  16.2% 13.9% 12.2% 
331 Elyria OH 8.4% 6.5% 4.7%  10.2% 9.6% 8.8% 
332 Kettering OH 14.4% 13.4% 11.2%  14.3% 13.5% 12.1% 
334 Toledo OH 11.8% 8.6% 7.1%  13.8% 11.9% 9.6% 
335 Youngstown OH 13.2% 13.0% 9.9%  13.9% 11.6% 10.6% 
336 Lawton OK 26.7% 14.4% 4.6%  23.0% 19.5% 18.8% 
339 Oklahoma City OK 21.0% 18.1% 14.9%  22.0% 20.1% 18.0% 
340 Tulsa OK 18.8% 16.0% 11.9%  19.4% 16.4% 14.8% 
341 Bend OR 15.8% 14.3% 11.3%  19.6% 18.1% 12.8% 
342 Eugene OR 17.6% 15.6% 11.5%  16.7% 14.3% 11.9% 
343 Medford OR 20.6% 18.1% 13.2%  20.4% 17.4% 14.7% 
344 Portland OR 13.4% 11.5% 8.9%  16.3% 14.0% 11.4% 
345 Salem OR 13.3% 12.6% 10.2%  16.2% 14.3% 13.2% 
346 Allentown PA 10.3% 8.9% 7.6%  12.2% 10.8% 8.8% 
347 Altoona PA 10.8% 10.7% 8.0%  14.2% 13.8% 11.5% 
350 Danville PA 10.8% 9.5% 7.3%  13.1% 11.0% 9.9% 
351 Erie PA 8.1% 7.9% 6.2%  10.3% 9.3% 8.6% 
352 Harrisburg PA 10.6% 9.9% 7.2%  12.3% 10.6% 9.7% 
354 Johnstown PA 13.1% 12.0% 8.9%  14.6% 13.7% 13.2% 
355 Lancaster PA 12.0% 9.5% 7.2%  13.3% 11.1% 9.7% 
356 Philadelphia PA 9.7% 9.0% 7.8%  11.8% 10.4% 9.5% 
357 Pittsburgh PA 11.0% 10.2% 7.3%  13.2% 10.7% 10.0% 
358 Reading PA 11.3% 9.3% 7.1%  12.3% 10.6% 8.6% 
359 Sayre PA 10.4% 10.4% 5.7%  14.3% 12.0% 11.5% 
360 Scranton PA 10.2% 8.6% 4.4%  14.3% 11.3% 9.9% 
362 Wilkes-Barre PA 12.1% 10.3% 9.4%  14.5% 12.7% 11.1% 
363 York PA 12.7% 12.3% 9.9%  13.2% 11.1% 10.8% 
364 Providence RI 11.5% 9.6% 8.3%  12.0% 10.6% 8.6% 
365 Charleston SC 14.1% 10.9% 8.6%  16.9% 13.9% 13.0% 
366 Columbia SC 14.1% 10.9% 10.6%  16.5% 14.5% 12.6% 
367 Florence SC 18.9% 13.6% 13.5%  22.7% 17.8% 15.1% 
368 Greenville SC 16.1% 12.6% 8.4%  19.7% 16.0% 14.3% 
369 Spartanburg SC 19.4% 15.1% 11.6%  21.8% 17.9% 16.0% 
370 Rapid City SD 14.5% 11.7% 6.3%  17.1% 13.1% 9.8% 
371 Sioux Falls SD 12.0% 9.7% 7.9%  13.8% 11.6% 9.0% 
373 Chattanooga TN 17.5% 11.7% 9.4%  19.4% 16.4% 14.4% 
374 Jackson TN 26.3% 13.2% 12.2%  21.6% 17.5% 14.0% 
375 Johnson City TN 16.6% 12.8% 10.2%  18.5% 16.6% 14.2% 
376 Kingsport TN 16.7% 13.5% 9.7%  19.3% 14.0% 12.6% 
377 Knoxville TN 16.4% 12.7% 7.1%  19.4% 17.1% 13.9% 
379 Memphis TN 16.7% 13.8% 11.8%  20.8% 17.2% 14.5% 
380 Nashville TN 18.0% 14.4% 10.7%  20.9% 16.5% 13.8% 
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382 Abilene TX 15.6% 15.7% 10.2%  22.3% 17.4% 16.5% 
383 Amarillo TX 12.3% 9.5% 8.4%  18.7% 13.9% 12.5% 
385 Austin TX 17.8% 13.1% 8.5%  17.5% 14.9% 13.1% 
386 Beaumont TX 17.2% 11.6% 9.8%  20.5% 18.5% 15.4% 
388 Bryan TX 22.1% 14.8% 10.8%  14.5% 13.3% 11.7% 
390 Corpus Christ TX 16.1% 12.1% 7.8%  16.9% 14.5% 14.1% 
391 Dallas TX 17.1% 14.1% 11.3%  19.2% 16.6% 14.8% 
393 El Paso TX 14.3% 11.8% 8.3%  15.8% 13.7% 12.4% 
394 Fort Worth TX 19.8% 18.5% 14.4%  20.1% 16.5% 14.4% 
396 Harlingen TX 17.2% 14.3% 9.2%  16.5% 15.7% 12.5% 
397 Houston TX 16.4% 12.9% 8.1%  17.8% 15.2% 13.7% 
399 Longview TX 19.1% 16.0% 11.7%  23.1% 18.4% 15.7% 
400 Lubbock TX 19.9% 16.4% 15.7%  19.6% 18.1% 15.0% 
402 McAllen TX 16.8% 17.1% 9.5%  17.5% 17.4% 14.3% 
406 Odessa TX 16.8% 15.3% 12.2%  16.5% 15.5% 13.5% 
411 San Angelo TX 15.0% 13.9% 5.7%  19.3% 18.7% 16.1% 
412 San Antonio TX 13.8% 11.6% 7.6%  16.4% 14.0% 12.4% 
413 Temple TX 17.8% 18.1% 15.1%  18.6% 17.1% 13.7% 
416 Tyler TX 18.9% 13.4% 10.2%  19.7% 16.6% 14.9% 
417 Victoria TX 19.4% 8.2% 4.0%  16.2% 12.5% 11.7% 
418 Waco TX 17.4% 20.0% 16.7%  20.4% 18.0% 15.3% 
420 Wichita Falls TX 15.6% 17.4% 11.6%  21.3% 17.3% 13.0% 
421 Ogden UT 17.3% 12.1% 10.5%  19.1% 14.3% 13.9% 
422 Provo UT 17.6% 13.4% 12.5%  23.8% 18.8% 16.1% 
423 Salt Lake City UT 16.6% 14.8% 12.0%  18.3% 15.7% 13.5% 
424 Burlington VT 10.5% 8.1% 7.6%  12.5% 11.4% 10.5% 
426 Arlington VA 12.1% 9.0% 5.3%  12.8% 11.7% 9.6% 
427 Charlottesville VA 15.9% 12.5% 7.6%  14.7% 12.4% 10.6% 
428 Lynchburg VA 14.0% 12.4% 5.0%  14.8% 12.4% 11.5% 
429 Newport News VA 13.4% 10.0% 5.6%  16.6% 13.0% 11.2% 
430 Norfolk VA 12.6% 11.5% 4.9%  14.6% 12.7% 11.3% 
431 Richmond VA 12.3% 10.2% 6.4%  14.7% 13.1% 10.8% 
432 Roanoke VA 16.0% 12.2% 8.8%  14.9% 13.6% 10.6% 
435 Winchester VA 11.5% 7.5% 7.5%  11.9% 9.3% 9.7% 
437 Everett WA 16.4% 12.7% 10.2%  16.0% 14.5% 12.5% 
438 Olympia WA 16.0% 15.8% 8.9%  16.9% 15.9% 13.1% 
439 Seattle WA 11.1% 9.4% 8.0%  14.6% 13.0% 10.9% 
440 Spokane WA 16.0% 14.6% 11.3%  18.2% 15.7% 12.7% 
441 Tacoma WA 14.8% 13.1% 10.3%  17.3% 13.6% 12.2% 
442 Yakima WA 9.8% 9.6% 7.2%  12.7% 10.8% 10.0% 
443 Charleston WV 14.7% 12.0% 7.1%  15.1% 12.8% 11.6% 
444 Huntington WV 14.1% 11.9% 6.9%  15.8% 12.8% 11.8% 
445 Morgantown WV 12.4% 9.8% 6.2%  14.0% 11.5% 10.1% 
446 Appleton WI 9.2% 8.4% 6.4%  10.2% 11.1% 7.8% 
447 Green Bay WI 10.8% 9.5% 6.8%  13.6% 11.3% 10.3% 
448 La Crosse WI 10.1% 9.0% 7.5%  12.2% 11.3% 9.8% 
449 Madison WI 9.1% 8.3% 6.5%  13.3% 10.5% 10.1% 
450 Marshfield WI 13.2% 10.6% 7.9%  8.7% 8.8% 7.9% 
451 Milwaukee WI 12.6% 11.9% 10.1%  13.4% 11.7% 10.2% 
452 Neenah WI 13.0% 11.4% 8.7%  13.2% 7.4% 6.1% 
456 Wausau WI 11.1% 10.8% 10.2%  14.2% 12.5% 10.3% 
457 Casper WY 22.6% 26.0% 20.4%  16.3% 14.0% 11.2% 

MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; 
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3.1 ABSTRACT  

 
Background: Adverse drug reactions due to inappropriate use of medications are 

prevalent among older adults. The High-Risk Medication (HRM) use measure was used 

to assess Medicare Advantage Prescription drug plan (MA-PD) and stand-alone 

Prescription Drug plan (PDP) performance and to provide guidance for practitioners to 

reduce the use of such medications. Limited evidence exists on how HRM use is 

associated with disparities, poor socioeconomic status and disability status.  

 

Objective: The objectives of this study were to: (a) measure HRM use in MA-PD and 

PDP beneficiaries with disadvantaged characteristics, including low income and 

disability; and (b) examine the relationship between disadvantaged characteristics and 

HRM use given constant effect of health plans.  

 

Methods: A retrospective cross-sectional study design using an administrative claims 

data from a 2013 Medicare 5% national sample was used to create two cohorts (MA-PD 

and PDP) for inclusion.  Among beneficiaries aged ³65 years who were continuously 

enrolled in a MA-PD or PDP, we identified those with ≥2 prescriptions for the same 

HRM (e.g., amitriptyline) during the year based on the HRM list provided by Pharmacy 

Quality Alliance (HRM users). Multivariable generalized linear mixed models were used 

to assess the association of HRM use and disadvantage factors such as low-income 

subsidy (LIS)/dual eligibility status (DE) and disability after adjusting for health plan 
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effect and patient-level confounding characteristics (i.e., sociodemographic, geographic, 

clinical complexity).  

 

Results: There were a total of 520,019 MA-PD and 881,264 PDP beneficiaries who met 

the study criteria. Of the MA-PD beneficiaries, 88,693 (17.1%) were LIS/DE and 48,997 

(9.4%) were disabled. Of PDP beneficiaries, 213,096 (24.2%) were LIS/DE, and 

83,593(9.5%) were disabled. LIS/DE beneficiaries had a higher percent of HRM users 

compared to non-LIS/DE MA-PD (17.0% vs. 9.6%, p < 0.001) and PDP (17.1% vs. 

13.2%, p < 0.001) beneficiaries.  Disabled beneficiaries had a higher percent of HRM 

users compared to non-LIS/DE MA-PD (17.0% vs. 9.6%, p < 0.001)) and PDP (17.0% 

vs. 9.6%, p < 0.001) beneficiaries. Multivariable analyses showed LIS/DE (OR = 1.07; 

95% CI: 1.04, 1.10) and disability (OR =1.38; 95% CI: 1.34, 1.42) were associated with 

HRM among the MA-PD population as well as in the PDP population (LIS/DE OR = 

1.14; 95% CI: 1.12, 1.16 and disability OR = 1.37; 955 CI: 1.34, 1.40).  

 

Conclusions: LIS/DE and disability were associated with higher HRM use in both the 

MA-PD and PDP populations even when controlling for health plan effects.   
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What is already known about this subject  

• Older adults have a higher risk of adverse drug events than younger adults due to 

age-related drug metabolism changes. 

• Adverse drug events due to High-Risk Medication (HRM) use among older adults 

are associated with a substantial clinical and economic burden in the United 

States.  

• Limited evidence exists on the association between HRM use and disparities 

associated with poor socioeconomic status and disability status.  

 

What this study adds 

• The findings from this study add to the literature on the association between 

health disparities (low socioeconomic status and disability status) and HRM use 

after adjusting for patient characteristic and health plans effect. 

• The association between socioeconomic status,  disability status on HRM use is 

complex  

• Our results suggest that there may be a need to incorporate socioeconomic and 

disability status into risk adjustment for the comparison of health plan 

performance on the HRM.  
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3.2 BACKGROUND  

The older adult population is increasing rapidly in the United States.  This is of 

concern because the older adult population has a the high prevalence of adverse drug 

reactions due to inappropriate use of medications.(Bao, Shao, Bishop, Schackman, & 

Bruce, 2012; Davidoff et al., 2015; Egger, Bachmann, Hubmann, Schlienger, & 

Krähenbühl, 2006; Fick, Mion, Beers, & L Waller, 2008)  To address this, The Pharmacy 

Quality Alliance (PQA) created a high risk medication use measure (HRM) based on a 

subset from the Beers criteria to identify inappropriate medication use among older 

adults.(American Geriatrics Society 2012 Beers Criteria Update Export Panel, 2012; 

Beers et al., 1991; Fick et al., 2003; Scarlatos, 2015)  The PQA HRM measure, assesses 

the percentage of elderly beneficiaries who received an HRM when alternatives were 

available. (Hung & Perfetto, 2016; Pharmacy Quality Alliance, 2017) The measure was 

later included in the Centers for Medicare and Medicaid Services (CMS) 2015 Star 

Ratings which were used to evaluate the quality of care provided by Medicare Advantage 

prescription drug (MA-PD) plans and stand-alone prescription drug plans (PDPs). 

(Erickson, Leslie, & Patel, 2014) Several attempts (e.g.,  educational mailings intended to 

influence prescribing behavior, prior authorization, medication therapy management) 

were subsequently made by health plans to decrease HRM use.(Almodovar, Axon, 

Coleman, Warholak, & Nahata, 2018; Erickson et al., 2014)  

Healthcare quality outcomes are a function of many determinants including 

patient factors.(Iezzoni, 2013) Patients are not randomly assigned to drug plans (National 

Quality Forum, 2014) and thus a disproportionate number of vulnerable beneficiaries in a 

plan could have an impact on drug plan Star measure performance. (Centers for Medicare 
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& Medicaid Services, 2015)  Low socioeconomic status (e.g., income, education) and 

disability status could contribute to poor health outcomes. (Centers for Medicare & 

Medicaid Services, 2015) 

 

Income has been used as a primary indicator of socioeconomic status (National 

Quality Forum, 2014). The association between socioeconomic status and HRM use has 

been well established in previous studies (Beuscart et al., 2017; Extavour, 2015; Holmes, 

Luo, Kuo, Baillargeon, & Goodwin, 2013). For example, Holmes et al. found a 

signification association between the use of HRMs and low income subsidy eligibility 

among fee-for-service Medicare Part D beneficiaries in Texas using 2008 prescription 

event data (Holmes et al., 2013). Disability status is another factor that of interest that 

may impact performance scores. (Centers for Medicare & Medicaid Services, 2015) A 

study found that the prevalence of potentially inappropriate medication use in older 

disabled people was higher than those who were not disabled (Yang et al., 2015). 

Disabled persons are more likely to have: a lower chance to earn income; higher medical 

expenses; less education; and less accessibility to healthcare due to limitations in 

transportation (American Psychological Association, 2017).   

 

While most previous studies assessed HRM use at the patient-level, health plans 

may also have influence on HRM use.  Thus, is important to adjust for the effect of health 

plan. However, to our knowledge, little is known about the association of 

sociodemographics (i.e., low-income subsidy (LIS)/dual eligible (DE) status and 

disability) and HRM use while controlling for health plan type (MA-PD and PDP). 
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Therefore, to address the above research gaps, our study aimed to examine association of 

sociodemographic (i.e., LIS/DE status and disability) and HRM use while controlling for 

health plan effect. 
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3.3 METHODS  

3.3.1 Data Sources and Study Design 

A cross-sectional study design was used to assess the relationship between patient 

characteristics (i.e., low income, disability) and HRM use using a Medicare 5% national 

sample of administrative claims data from January 1 to December 31, 2013.  

Research identifiable files that included beneficiary-level data on Part A, B and D 

claims were accessible to researchers after the CMS privacy board approved the proposal 

and researchers signed a Data Use Agreement (https://www.resdac.org).  

The two CMS standard analytic files used for this study included Medicare Part D 

Prescription Drug Event (PDE) file and Master Beneficiary Summary Files (MBSF). We 

obtained drug utilization data from the PDE file, included data on prescription fills for 

each beneficiary. The file contained data such as: identifiers for encrypted beneficiary, 

prescriber, pharmacy, and contract identifiers; and detailed prescription information 

including the National Drug Code, quantify filled, fill date, and days supply. (Research 

Data Assistance Center (ResDAC), 2017b) We obtained demographic and Medicare 

enrollment information for our cohort from the MBSF file. The file contained data such 

as date of birth, gender, race place of residence (state and county codes, and 9-digit ZIP 

code), monthly enrollment status information, end-stage renal disease status, contract 

identifiers, DE status, and whether the beneficiaries received the Part D LIS. (Research 

Data Assistance Center (ResDAC), 2017a) 

Researchers kept only variables of interest and merged these two files using 
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beneficiary identifiers (the BENE_ID variable). In addition, we obtained county-level 

regional data from the 2013-2014 Area Health Resource File (AHRF), a database 

containing variables such as health facilities, health professions, measure of resource 

scarcity, and training programs for healthcare professionals.  Characteristics of areas 

where beneficiaries resided were drawn from the 2013 – 2014 Area Health Resource File 

(AHRF) (Health Resources and Services Administration Data Warehouse) and the 2014 

Acxiom’s InfoBase ® Geo file. (Acxiom Corporation, 2014) 

3.3.2 Eligibility  

The following inclusion and exclusion criteria were used to develop the final 

sample. First, beneficiaries were only included in a calendar year if, they were; aged 65 

or older at enrollment; alive during the calendar year; US citizens, and without end-stage 

renal disease at the enrollment. Second, to investigate prescription utilization, we 

restricted our sample to those who had prescription drug event data (i.e., had filled at 

least one prescription during the calendar year). Third, the sample included only 

beneficiaries who were insured by either MA-PD or PDP for the entire 12 months. 

Beneficiaries who enrolled in temporary a Part D health plan (i.e., Medicare’s’ Limited 

Income Newly Eligible Transition program), had Part D coverage gap(s), or switched 

plans were excluded from the sample. Fourth, beneficiaries who enrolled in small health 

plans were excluded from the sample. Small health plans, having members less than 30, 

were excluded to handle the cluster imbalance issue (unequal size of clusters).  
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3.3.3 Primary Independent Variables: Socioeconomic and Disability Status 

In this study, “disadvantaged” characteristics of interest included socioeconomic 

and disability status.  

 

Income has been used as a primary indicator for socioeconomic status. 

Determination of income should be considered carefully because: individual and 

household incomes vary widely; sources of data and computation methods vary; and 

variations in cost of living and purchasing power across the United States should also be 

considered. (National Quality Forum, 2014) Alternatively, DE for Medicaid and 

Medicare is often used as an indicator of low income. Even though there is a variation 

eligibility status, benefits, and payments across states, DE status can be an acceptable 

indicator of low income and the data are available. Nevertheless, some low-income 

people may not be eligible for Medicaid (National Quality Forum, 2014).  

 

Therefore, in this study, the socioeconomic status was indicated based on 

beneficiaries’ Part D low-income subsidy (LIS) and/or dual eligibility status (DE). 

Beneficiaries with Part D LIS were identified using the PDE file if the beneficiaries: 1) 

were deemed eligible for LIS with premium subsidy and/or copayment; or 2) enrolled in 

LIS with premium subsidy and copayment at any point in the measurement year 2013. 

The MBSF file was used to identify Medicare beneficiaries who were fully or partially 

DE at any point during 2013. Partially DE includes beneficiaries enrolled in the Medicare 

Savings Programs (i.e., Qualified Medicare Beneficiary program, the Specified Low-

Income Medicare Beneficiary Program, the Qualifying Individuals Program, and the 
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Qualified Disabled Working Individual Program).  

 

Another independent variable of interest was disability status that was identified 

using the original reason for Medicare entitlement (available in the Master Beneficiary 

Summary file).  

3.3.4 Primary Outcome: High-Risk Medication (HRM) Use  

We examined claims for HRM across nine therapeutic classes - anticholinergics 

(excluding TCAs), antithrombotics, anti-infectives, cardiovascular, central nervous 

system, endocrine, pain medications, gastrointestinal, and skeletal muscle relaxants. The 

definitions of HRM are updated each time the Beers criteria are updated. This study used 

the HRM list for PQA’s HRM measure that health plans used for the 2013, the latest year 

in this study, to assess HRM rates in each calendar year (Appendix 1). Using beneficiary-

level data, we computed period prevalence as the proportion of beneficiaries in the 

sample with at least two prescription fills for the same HRM during 2013. (Pharmacy 

Quality Alliance, 2015) 

3.3.5 Covariates  

Demographic characteristics, which were obtained from the MBSF file for each 

beneficiary in each year, included: age; sex; race/ethnicity; Part D low-income 

subsidy/dual eligible (LIS/DE) status; and disability status for each beneficiary in each 

year. Geographic and access-to-care factors drawn from the AHRF included rural/urban 

continuum (metro vs. non-metro), measures of access to health care services including 

primary care shortage area and mental care shortage area (partial, full, or none). 
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Community characteristics were obtained from the Acxiom Market Indices data file 

including: median income range of the households in the geographic area (less than 

$15,000; $15,000 - 19,999; $20,000 - $29,999; $30,000 - $39,999; $40,000 - $49,999; 

$50,000 - $74,999; $75,000 - $99,999; $100,000 - $124,999; and $125,000 or more); 

percent of all households where the first individual has completed high school or less; 

percent of all households that contain married individuals; and percent of all households 

that own their home. 

It is worth noting that, under the Star Rating system, the HRM measure is 

calculated using only prescription drug claims and not medical claims. This means that 

the Star measures are calculated without using the International Classification of Disease, 

9th Revision, Clinical Modification (ICD-9-CM) codes, therefore, our study followed this 

same procedure (i.e., did not use ICD-9 codes). Thus, to account for variation in health 

status and prevalence of chronic conditions, a chronic comorbidity score was calculated 

using the RxRisk-V score for each beneficiary. (Farley, Harley, & Devine, 2006; Sloan et 

al., 2003) The RxRisk-V was selected because it utilizes only the medication claims file.  

The RxRisk-V, developed as an all-age risk adjustment tool, is a pharmacy-based 

risk adjustment score that uses ambulatory pharmacy data to identify chronic disease 

categories and predict total health care costs. The RxRisk-V model performed similarly 

to the Ambulatory Clinical Group (ACG), a diagnostic based model.(Fishman et al., 

2003)  Therefore, the RxRisk-V is an acceptable alternative when using diagnostic code 

is not available or not used. In addition, the score has been shown to be predictive of 

healthcare costs (Fishman et al., 2003; Sloan et al., 2003) and mortality. (Fan, 

Maciejewski, Liu, McDonell, & Fihn, 2006; Johnson et al., 2006; Vitry, Wong, 
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Roughead, Ramsay, & Barratt, 2009) In this study, a modified RxRisk-V was used with 

42 disease states; the conditions ostomy, neurogenic bladder, and urinary incontinence 

were excluded due to unavailability of these data in the pharmacy claims file. The 

RxRisk-V categories were also modified to avoid double counting HRMs.  

The number of unique pharmacies used and unique prescribers per patient, 

gathered from the pharmacy and prescriber identifiers available in the Medicare art D 

PDE file, were used to reflect clinical complexity. 

3.3.6 Statistical Analyses: Hierarchical Logistic Regression Model 

The impact of Part D LIS/DE and disability across beneficiaries with MA-PD and 

PDP on HRM were examined using generalized linear mixed-model (GLMM). The 

model takes into account the variability at each level of the hierarchy and allows the 

effects to be analyzed within the models. (Breslow & Clayton, 1993; Snijders & Bosker, 

1999) Thus, it is suitable for clustering of patients’ observation within plans, while the 

traditional regression models assumes independence of observations (Dai, Li, & Rocke, 

2006; Hox, Moerbeek, & van de Schoot, 2010). The model is an aggregation of two 

levels of hierarchy. The first level was the outcome that is the sum of an intercept for the 

patient’s health plans and the patient’s disadvantaged status. At level 2, the health plan 

level intercepted as the sum of an overall mean and the random variations from the mean.  

 

Four different model specifications were examined in which a random effects 

variable was used to account for the clustered of data from beneficiaries of the same plan 

across three comparisons between disadvantaged versus non-disadvantaged groups (i.e., 

LIS/DE (1= yes, 2=no), and disability status (1= yes, 2=no)).  Model 1 was an unadjusted 
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model examining the effect of the beneficiaries with disadvantaged or non-disadvantaged 

status as the independent variable. In model 2, we added demographic factors (e.g., age, 

gender). In model 3, socioeconomic status characteristics (e.g., percent of all households 

where the first individual has completed high school or less; percent of all households that 

contain married individuals; median income range of the households in the geographic area) 

were added to those variables included in model 2. In model 4, clinical complexity (e.g., 

RxRisk index, number of pharmacy) was added in addition to variables specified in 

model 3.  

 

Exponentiation of the coefficient of the independent variable (i.e., LIS/DE, or 

disability) yields Odds Ratio (ORs) indicates the average within-health plan beneficiary 

disparity due to disadvantaged status (Dai et al., 2006). Statistically significant 

differences in estimates were assessed at an alpha less than 0.001. For each model, a c-

statistic (area under the receiver operating characteristic curve) and residual intraclass 

correlation coefficient (ICC) were calculated (Snijders & Bosker, 1999). All statistical 

analyses were performed using SAS version 9.4 (SAS Institute Inc, Cary, North 

Carolina). This study was deemed exempt human subjects research by the University of 

Arizona Institutional Review Board.
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3.4 RESULTS  

3.4.1 Patient Selection  

Of the 3 million Medicare beneficiaries in the 5% national Medicare sample from 

2013, 2.3 million Medicare beneficiaries were aged 65 years or older. After applying the 

exclusion criteria (e.g., United States citizens, not enrolled in small health plans), a total 

of 1,401,283 beneficiaries were included in the study cohort. Of those, a total of 520,019 

(37%) were patients enrolled in MA-PDs and 881,315 (63%) beneficiaries were enrolled 

with PDPs.  

 

3.4.2 Patient Characteristics of Beneficiaries by Low-Income Subsidy (LIS) and/or Dual 

Eligibility (DE) 

Table 3-1 describes the subject characteristics by health plan and LIS/DE status. 

Of the MA-PD beneficiaries, 88,693 (17.1%) beneficiaries were classified in LIS/DE 

group. Compared to non-LIS/DE beneficiaries, LIS/DE beneficiaries more frequently: 

female (70.7% vs. 59.0%, p < 0.001); Black (20.5% vs. 7.6%, p < 0.001); Hispanic (9.3% 

vs. 1.3); and disabled (18.6% vs. 7.5%, p < 0.001) in MA-PDs.  

 

The community characteristics were slightly different between LIS/DE and non-

LIS/DE beneficiaries. LIS/DE beneficiaries had higher proportions of beneficiaries who 

lived in the geographic area where the: median household income was less than $15,000 

(14.4% vs. 3.4%); percent of all households that own their own home was less than 60% 

(36.5% vs. 13.6%); and percent of all households that are married less than 30% (34.0% 



 

 
 

93 

vs. 14.2%). LIS/DE beneficiaries had higher mean of modified RxRisk-V score (5.2 vs. 

3.9, p < 0.001). Of the PDP beneficiaries, 513,096 (24.2%) were in LIS/DE group.  

 

3.4.3 Patient Characteristics of Beneficiaries by Disability Status 

Table 3-2 describes the characteristics by health plan and disability status. Of the 

MA-PD beneficiaries, 48,997 (9.4%) beneficiaries had disability as an original reason for 

enrollment and were defined as disabled beneficiaries in this study. On average, disabled 

beneficiaries were younger than non-disabled (p < 0.001). In addition, disabled 

beneficiaries more frequently: male (46.1% vs. 38.3%, p < 0.001); Black (25.0% vs. 

7.6%, p < 0.001); and classified in LIS/DE group (33.6% vs. 15.3%, p < 0.001). The 

community characteristics were slightly different between disabled and non-disabled 

beneficiaries. The average modified RxRisk-V index was higher among disabled than 

non-disabled beneficiaries (5.4 vs. 4.0, p < 0.001).  

 

Of the PDP beneficiaries, 83,593 (9.5%) beneficiaries were classified in disability 

group. These differences in characteristics were observed among PDP beneficiaries. For 

example, on average, disabled beneficiaries were younger than non-disabled (72.2 vs. 

75.9, p < 0.001). Disabled beneficiaries more frequently: male (41.8% vs. 35.4%, p < 

0.001); Black (15.6% vs. 6.8%, p < 0.001); and classified in LIS/DE group (51.1% vs. 

21.4%, p < 0.001). The average modified RxRisk-V index was higher among disabled 

than non-disabled beneficiaries (5.8 vs. 4.3, p < 0.001). 
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3.4.4 Use of High-Risk Medication (HRM) 

Among 520,019 MA-PD beneficiaries, 53,497 (10.3%) received at least two 

prescription fills for the same HRMs as defined by PQA/CMS and were identified as 

HRM users, 88,693 (17.1%) were LIS/DE, and 48,997 (9.4%) were disabled. Compared 

to non-LIS/DE beneficiaries, LIS/DE beneficiaries had a higher proportion of HRM users 

(13.3% vs. 9.7%, p < 0.001). Compared to non-disabled beneficiaries, disabled 

beneficiaries had a higher proportion of HRM users (17.0% vs. 9.6%, p < 0.001) (Figure 

3-1 and Table 3-5).  

 

Of the 881,264 PDP beneficiaries, 124,758 (14.2%) were HRM users, 213,096 

(24.2%) were LIS/DE, and 83,593(9.5%) were disabled. Compared to non-LIS/DE 

beneficiaries, LIS/DE beneficiaries had a higher proportion of HRM users (17.1% vs. 

13.2%, p < 0.001). Similarly, disabled beneficiaries had a higher proportion of HRM 

users compared to non-disabled beneficiaries (Figure 3-1 and Table 3-5). 

 

3.4.5 Hierarchical Logistic Regression Analyses 

Table 3-3 presents the association of LIS/DE and disability status on likelihood of 

HRM use. 

 

Among MA-PD beneficiaries, LIS/DE beneficiaries were more likely to use HRM 

than non-LIS/DE beneficiaries (OR = 1.42, 95% CI = 1.39, 1.46, p < 0.001) with a c-

statistic of 0.62 from model 1a where only LIS/DE was included. Disabled beneficiaries 

were more likely to use HRM than non-disabled beneficiaries (OR = 1.89, 95% CI = 
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1.84, 1.94, p < 0.001) with c-statistic of 0.62 from model 1b where only disability status 

was included.  

 

Model 2 included LIS/DE, disability status, and demographics. From Model 2, the 

results were consistent with those of Model 1 with slightly lower magnitude of LIS/DE 

(OR = 1.34, p < 0.001) and disability status (OR = 1.85, p < 0.001) on likelihood of HRM 

use with a higher c-statistic (0.64) suggesting improvement of model predictivity.  

Adding geographic characteristics (e.g., living in an area designated as having a shortage 

of primary care physicians or mental health professionals, and living in a metropolitan 

area), Model 3 demonstrated similar association of LIS/DE and disability on HRM use, 

but the c-statistic remained the same.  

 

Adding clinical complexity (e.g., modified RxRisk index), Model 4 demonstrated 

a similar direction of findings. The effect of LIS/DE decreased from Model 1 (OR = 1.07, 

p < 0.001) and the effect of disability status decreased from Model 1 (OR = 1.38, p 

<0.001). In addition, Model 4 demonstrated considerable improvement as the c-statistic 

changed from 0.64 to 0.72.  It is worth noting that a c-statistic more than 0.70 is 

considered acceptable. Given that the all residual ICC approximately were 0.04, this 

indicates that 4% of the variability in the HRM rate is accounted for by the health plans, 

leaving 96% of the variability to be accounted for by the beneficiaries or other unknown 

(or unmeasured) factors. 
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We found similar pattern among PDP beneficiaries. LIS/DE beneficiaries were 

significantly associated with HRM use than non-LIS/DE beneficiaries (model 1 OR = 

1.39, model 2 OR = 1.32, model 3 OR = 1.27, and model 4 OR = 1.14, p < 0.001). 

Disabled beneficiaries were associated with HRM use than non-disabled beneficiaries 

(model 1 OR = 1.91, model 2 OR = 1.79, model 3 OR = 1.79, and model 4 OR = 1.37, p 

< 0.001). Considerable improvement was observed as the c-statistics changed from 0.59 

and 0.60 to 0.71. Similar to the MA-PD models, all residual ICC in the PDP analytical 

models ranged from 0.0257 to 0.0285 suggesting that only 3% of the variability in the 

HRM rate is accounted for by the health plans.   
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3.5 DISCUSSION  

Our study is the first study to assess the effects of disability and poor 

socioeconomic status among MA-PD and PDP Medicare beneficiaries on the PQA HRM 

measure that CMS adopted for the Star Ratings. Although the HRM measure was 

transitioned to be a display measure to allow for further investigation of measure 

performance in the beginning of 2018, it remains an important measure for health plans 

(Centers for Medicare & Medicaid Services, 2016).  

 

As MA-PD and PDP plan structures are different, the investigation of these plan 

types was conducted separately in this study. Our study found that HRM use among PDP 

and MAPD beneficiaries were 14.2% and 10.3%. Our finding is also consistent with a 

study that was conducted at the health-plan level (Almodovar et al., 2018) that found that 

MA-PD providers had better performance on the HRM measure. This finding is not 

surprising given the different structures of the health plans. That is, MA-PD providers 

offer more holistic coverage for both pharmaceutical treatment and other medical 

services, while PDP providers focus on optimizing prescription drug costs. MA-PD 

providers may provide more interventions aimed at avoiding the use of HRMs so that 

consequent adverse drug events that may result in hospital admission, emergency 

department visits, and other medical services that MA-PD providers pay for are 

prevented.  

 

As this HRM measure is used to evaluate the quality of care provided by health 

plans, our study controlled for between-contract differences using hierarchical logistic 
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regression models. The findings suggested a health disparity due to socioeconomic and 

disability status.  

 

The results are consistent with previous studies. Desai et al. (2016) found that 

pharmacies located in counties with patients who had low incomes were more likely to 

have poor performance for the HRM measure. Our result is also consistent with a report 

from the Inovalon research group that DE status had negative effect on measures 

including the HRM measures among MA-PD beneficiaries. (Inovalon's Division of 

Statisitical Research, 2015) 

 

Our study found that having disability as the original reason for enrollment had 

significant association with HRM measure. The finding was consistent with a study using 

different definition of HRM. The study found that the prevalence of potential 

inappropriate medication in older disabled people was higher than that of elderly in 

nursing homes or of those receiving home care (Yang et al., 2015). This could be 

explained by the fact that disabled persons are more likely to have: less chance to earn 

incomes; higher medical expenses; less education; and less accessibility to healthcare due 

to limitations in transportation (American Psychological Association, 2017).  

 

As one of the former Star Ratings measures, the HRM measure was used to as an 

indicator for quality of care performance across health plans. The comparison is made 

based on an assumption that all health plans have similar proportion of beneficiaries with 

poor socioeconomic status, which may not be accurate (Centers for Medicare & Medicaid 
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Services, 2015) as CMS revealed a disproportionate percentage of LIS/DE beneficiaries 

and disabled beneficiaries across health plans. As a result, CMS proposed methods to 

handle this issue applying risk adjustment for some measures. However, the HRM 

measure was not included in the investigation by CMS. Our study suggested the 

socioeconomic and disability status also had an association with HRM measure 

performance and thus it is worth considering risk adjustment.    

 

Limitations 

The study has several limitations. First, the study validity is affected by 

limitations related to use of secondary data sources (i.e., claims data). The reasons why 

certain high-risk prescriptions may have been justified are not be captured in claims 

databases. Second, the study design was cross-sectional study where causation could not 

be investigated to identify factors leading to HRM exposure. Third, some variables were 

not included in our analysis are limited to use only prescription drug files where other 

patients’ data are not available. However, we attempted to minimize this limitation. We 

used RxRisk-V index to reflect clinical complexity when ICD-9-CM were not available 

and we also used number of prescribers and pharmacies where beneficiaries received 

health care services to indicate beneficiaries’ clinical needs. Forth, we used LIS and/or 

DE status to reflect poor socioeconomic status. Lastly, although we have identified 

several determinants that are potentially associated with the use of HRMs, there may be 

other important health-plan level and beneficiaries-level confounders that should have 

been included.  
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3.6 CONCLUSION 

Despite the limitations, our study contributed to the exciting literature on health 

disparity associated with poor socioeconomic and disability in HRM use after adjusting 

for patient characteristics and health plan effect. The association of these two 

determinants and HRM use is complex. Our results suggest a need to investigate the 

association between patient health status and health plan HRM measure performance. In 

addition, the findings indicate a need to incorporate socioeconomic and disability status 

into risk adjustment for the comparison of health plans performance on the HRM 

measure. 
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TABLE 3-1. Demographics and characteristics overall and by low income 
subsidy/dual eligible status for Medicare beneficiaries aged 65 or older with 
Medicare Advantage Prescription Drug plans and stand-alone Prescription Drug 
plans in 2013  
Medicare Advantage Prescription Drug plan 
(MA-PD) 

LIS/DE  
(N = 88,693) 

Non-LIS/DE 
 (N = 431,326) 

Sig 

Sociodemographics    
Female, n(%) 62,675 (70.7) 2543,22 (59.0) *** 
Age, mean (SD)  71.6 (5.9) 75.0 (7.4) *** 
Race, n(%)   *** 

 White 54,133 (61) 370,961 (86)  
 Black 18,205 (20.5) 32,838 (7.6)  
 Hispanic 8,259 (9.3) 5,551 (1.3)  
 Others 8,096 (9.1) 21,976 (5.1)  
Disabled, n(%) 16,477 (18.6) 32,520 (7.5) *** 
Geographic characteristics (County-level) a    
Region, n(%)    *** 

 Northeast  21,377 (24.1) 85,173 (19.7)  
 Midwest  10,668 (12) 81,232 (18.8)  
 South  35,038 (39.5) 131,213 (30.4)  
 West  21,466 (24.2) 132,654 (30.8)  
Resident in metropolitan areas, n(%)  79,132 (89.2) 386,029 (89.5) ** 
Resident in a Primary Care Shortage Area, n(%)    *** 

 full shortage area 33,522 (37.8) 163,934 (38)  
 partial shortage area 49,675 (56) 232,728 (54)  
 not shortage area 5,352 (6) 33,609 (7.8)  
Resident in a Mental Care Shortage Area, n(%)    *** 
 full shortage area 36,145 (40.8) 162,063 (37.6)  
 partial shortage area 47,288 (53.3) 229,908 (53.3)  
 not shortage area 5,116 (5.8) 38,300 (8.9)  
Geographic characteristics (9-digit zip code-level) a    
Median income rage of the households in the geographic 
area, n(%)  

  *** 

 less than $15,000 12,763 (14.4) 14,557 (3.4)  
 $15,000 - $19,999 7,956 (9) 14,346 (3.3)  
 $20,000 - $29,999 13,981 (15.8) 36,229 (8.4)  
 $30,000 - $39,999 12,769 (14.4) 49,405 (11.5)  
 $40,000 - $49,999 9,382 (10.6) 53,228 (12.3)  
 $50,000 - $74,999 13,220 (14.9) 107,060 (24.8)  
 $75,000 - $99,999 5,394 (6.1) 63,075 (14.6)  
 $100,000 - $124,999 2,333 (2.6) 32,977 (7.6)  
 $125,000 or more 1,855 (2.1) 31,503 (7.3)  

Percent of all households that own their home, n(%)    *** 
 0%-60% 32,335 (36.5) 59,833 (13.9)  
 60-75%  11,426 (12.9) 48,941 (11.3)  
 75-90%  16,046 (18.1) 106,086 (24.6)  
 90-100% 19,846 (22.4) 187,520 (43.5)  

Percent of all households that the first member has 
completed college or higher, n(%)    

*** 

 0%-10%  33,442 (37.7) 136,797 (31.7)  
 10%-30%  31,443 (35.5) 152,789 (35.4)  
 30%-50%  7,488 (8.4) 52,305 (12.1)  
 50%-100%  7,280 (8.2) 60,489 (14)  

Percent of all households that are married, n(%)    *** 
 0%-30% 301,25 (34) 61,448 (14.2)  
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 30%-50%  19,302 (21.8) 78,737 (18.3)  
 50%-75%  20,628 (23.3) 152,060 (35.3)  
 75%-100%  9,598 (10.8) 110,135 (25.5)  

Clinical complexity    
Number of prescribers, n(%)   *** 
 0-2 34,938 (39.4) 201,639 (46.7)  
 3+ 53,755 (60.6) 229,687 (53.3)  
Number of pharmacies used, n(%)   *** 

 0-1 51,042 (57.5) 231,219 (53.6)  
 2+ 37,651 (42.5) 200,107 (46.4)  

Modified RxRisk-V index, mean(SD) 5.2 (2.8) 3.9 (2.6) *** 

Stand-alone Prescription Drug plans (PDP) LIS/DE 
(N = 213,096) 

Non- LIS/DE 
 (N = 668,168) Sig 

Sociodemographics    
Female, n(%) 149,944 (70.4) 413,966 (62) *** 
Age, mean (SD)  76.6 (8.4) 75.2 (7.6) *** 
Age group, n(%)   *** 

 65 - 70 53,798 (25.2) 191,131 (28.6)  
 70-75 44,291 (20.8) 161,965 (24.2)  
 75 - 85  72,228 (33.9) 220,811 (33)  
 ≥ 85 42,779 (20.1) 94,261 (14.1)  
Race, n(%)   *** 

 White 137,642 (64.6) 615,980 (92.2)  
 Black 35,162 (16.5) 32,291 (4.8)  
 Hispanic 15,491 (7.3) 2,401 (0.4)  
 Others 24,801 (11.6) 17,496 (2.6)  
Disabled, n(%) 42,714 (20) 40,879 (6.1) *** 
Geographic characteristics (County-level) a    
Region, n(%)   *** 

 Northeast  42,542 (20) 126,901 (19)  
 Midwest  40,128 (18.8) 194,148 (29.1)  
 South  84,286 (39.6) 243,600 (36.5)  
 West  45,734 (21.5) 102,725 (15.4)  
Resident in metropolitan areas, n(%) 162,483 (76.2) 518,512 (77.6) *** 
Resident in a Primary Care Shortage Area, n(%)   *** 

 full shortage area 83,259 (39.1) 209,861 (31.4)  
 partial shortage area 111,920 (52.5) 380,781 (57)  
 not shortage area 17,498 (8.2) 76,688 (11.5)  
Resident in a Mental Care Shortage Area, n(%)   *** 
 full shortage area 103,209 (48.4) 270,258 (40.4)  
 partial shortage area 93,590 (43.9) 321,051 (48)  
 not shortage area 15,878 (7.5) 76,021 (11.4)  
Geographic characteristics (Zip code-level) a    
Median income rage of the households in the geographic 
area, n(%) 

  *** 

 less than $15,000 27,911 (13.1) 20,009 (3)  
 $15,000 - $19,999 17,979 (8.4) 20,586 (3.1)  
 $20,000 - $29,999 29,353 (13.8) 47,461 (7.1)  
 $30,000 - $39,999 26,573 (12.5) 67,775 (10.1)  
 $40,000 - $49,999 20,971 (9.8) 75,592 (11.3)  
 $50,000 - $74,999 29,203 (13.7) 155,498 (23.3)  
 $75,000 - $99,999 13,443 (6.3) 99,037 (14.8)  
 $100,000 - $124,999 6,280 (2.9) 57,397 (8.6)  
 $125,000 or more 6,378 (3) 69,020 (10.3)  

Percent of all households that own their home, n(%)   *** 
 0%-60% 72,235 (33.9) 76,776 (11.5)  
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 60-75%  23,014 (10.8) 63,886 (9.6)  
 75-90%  32,686 (15.3) 143,921 (21.5)  
 90-100% 50,156 (23.5) 327,792 (49.1)  

Percent of all households that the first member has 
completed college or higher, n(%)   

*** 

 0%-10%  77,440 (36.3) 215,555 (32.3)  
 10%-30%  64,207 (30.1) 210,520 (31.5)  
 30%-50%  16,704 (7.8) 81,899 (12.3)  
 50%-100%  19,740 (9.3) 104,401 (15.6)  

Percent of all households that are married, n(%)   *** 
 0%-30% 65,804 (30.9) 76,810 (11.5)  
 30%-50%  39,209 (18.4) 96,184 (14.4)  
 50%-75%  46,658 (21.9) 228,158 (34.1)  
 75%-100%  26,420 (12.4) 211,223 (31.6)  

Clinical complexity    
Number of prescribers, n(%)   *** 
 0-2 95,326 (44.7) 268,547 (40.2)  
 3+ 117,770 (55.3) 399,621 (59.8)  
Number of pharmacies used, n(%)   *** 

 0-1 136,786 (64.2) 338,516 (50.7)  
 2+ 76,310 (35.8) 329,652 (49.3)  

Modified RxRisk-V index, mean(SD) 5.2 (3.1) 4.2 (2.6) *** 
Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; LIS/DE = Low income subsidy/dual eligible; Sig = Significant 
difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
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TABLE 3-2. Demographics and characteristics overall and by disability status for 
Medicare beneficiaries aged 65 or older with Medicare Advantage Prescription 
Drug plans and stand-alone Prescription Drug plans in 2013 
Medicare Advantage Prescription Drug plan 
(MA-PD) 

Disabled 
(N = 48,997) 

Non-Disabled 
 (N = 471,022) 

Sig 

Sociodemographics    
Female, n(%) 26,390 (53.9) 290,607 (61.7) *** 
Age, mean (SD)  71.6 (5.9) 75.0 (7.4) *** 
Race, n(%)   *** 

 White 134,716 (28.6) 370,961 (86)  
 Black 117,570 (25) 32,838 (7.6)  
 Hispanic 159,979 (34) 5,551 (1.3)  
 Others 58,757 (12.5) 21,976 (5.1)  
Low Income Subsidy/Dual Eligibility (LIS/DE), n (%) 16,477 (33.6) 72,216 (15.3) *** 
Geographic characteristics (County-level) a    
Region, n(%)    *** 

 Northeast  9,713 (19.8) 96,837 (20.6)  
 Midwest  7,642 (15.6) 84,258 (17.9)  
 South  19,432 (39.7) 146,819 (31.2)  
 West  12,105 (24.7) 142,015 (30.2)  
Resident in metropolitan areas, n(%)  465,161 (89.5) 422,882 (89.8) *** 
Resident in a Primary Care Shortage Area, n(%)    *** 

 full shortage area 18,651 (38.1) 178,805 (38)  
 partial shortage area 26,250 (53.6) 256,153 (54.4)  
 not shortage area 3,991 (8.1) 34,970 (7.4)  
Resident in a Mental Care Shortage Area, n(%)    *** 
 full shortage area 19,839 (40.5) 178,369 (37.9)  
 partial shortage area 25,245 (51.5) 251,951 (53.5)  
 not shortage area 3,808 (7.8) 39,608 (8.4)  
Geographic characteristics (Zip code-level) a    
Median income rage of the households in the geographic 
area, n(%)  

  *** 

 less than $15,000 4,612 (9.4) 22,708 (4.8)  
 $15,000 - $19,999 3,343 (6.8) 18,959 (4)  
 $20,000 - $29,999 6,797 (13.9) 43,413 (9.2)  
 $30,000 - $39,999 7,155 (14.6) 55,019 (11.7)  
 $40,000 - $49,999 6,324 (12.9) 56,286 (11.9)  
 $50,000 - $74,999 9,295 (19) 110,985 (23.6)  
 $75,000 - $99,999 3,901 (8) 64,568 (13.7)  
 $100,000 - $124,999 1,635 (3.3) 33,675 (7.1)  
 $125,000 or more 1,231 (2.5) 32,127 (6.8)  

Percent of all households that own their home, n(%)    *** 
 0%-60% 12,968 (26.5) 79,200 (16.8)  
 60-75%  6,228 (12.7) 54,139 (11.5)  
 75-90%  9,895 (20.2) 112,237 (23.8)  
 90-100% 15,202 (31) 192,164 (40.8)  

Percent of all households that the first member has 
completed college or higher, n(%)    

*** 

 0%-10%  18,397 (37.5) 151,842 (32.2)  
 10%-30%  16,810 (34.3) 167,422 (35.5)  
 30%-50%  4,466 (9.1) 55,327 (11.7)  
 50%-100%  4,620 (9.4) 63,149 (13.4)  

Percent of all households that are married, n(%)    *** 
 0%-30% 11,996 (24.5) 79,577 (16.9)  
 30%-50%  9,885 (20.2) 88,154 (18.7)  
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 50%-75%  13,812 (28.2) 158,876 (33.7)  
 75%-100%  8,600 (17.6) 111,133 (23.6)  

Clinical complexity    
Number of prescribers, n(%)   *** 
 0-2 17,073 (34.8) 219,504 (46.6)  
 3+ 31,924 (65.2) 251,518 (53.4)  
Number of pharmacies used, n(%)   *** 

 0-1 24,624 (50.3) 257,637 (54.7)  
 2+ 24,373 (49.7) 213,385 (45.3)  

Modified RxRisk-V index, mean(SD) 5.4 (2.9) 4.0 (2.6) *** 

Stand-alone Prescription Drug plans (PDP) Disabled 
(N = 83,593) 

Non- Disabled 
 (N = 797,671) Sig 

Sociodemographics    
Female, n(%) 48,682 (58.2) 515,228 (64.6) *** 
Age, mean (SD)  72.2 (6.3) 75.9 (7.9) *** 
Age group, n(%)   *** 

 65 - 70 36,135 (43.2) 208,794 (26.2)  
 70-75 22,611 (27) 183,645 (23)  
 75 - 85  20,440 (24.5) 272,599 (34.2)  
 ≥ 85 4,407 (5.3) 132,633 (16.6)  
Race, n(%)   *** 

 White 65,908 (78.8) 687,714 (86.2)  
 Black 13,000 (15.6) 54,453 (6.8)  
 Hispanic 2,319 (2.8) 15,573 (2)  
 Others 23,66 (2.8) 39,931 (5)  
Disabled, n(%) 42,714 (51.1) 170,382 (21.4) *** 
Geographic characteristics (County-level) a    
Region, n(%)   *** 

 Northeast  15,533 (18.6) 153,910 (19.3)  
 Midwest  20,241 (24.2) 214,035 (26.8)  
 South  35,493 (42.5) 292,393 (36.7)  
 West  12,214 (14.6) 136,245 (17.1)  
Resident in metropolitan areas, n(%) 680,995 (77.3) 621,074 (77.9) *** 
Resident in a Primary Care Shortage Area, n(%)   *** 

 full shortage area 28,547 (34.1) 264,573 (33.2)  
 partial shortage area 46,306 (55.4) 446,395 (56)  
 not shortage area 8,622 (10.3) 85,564 (10.7)  
Resident in a Mental Care Shortage Area, n(%)   *** 
 full shortage area 38,539 (46.1) 334,928 (42)  
 partial shortage area 37,206 (44.5) 377,435 (47.3)  
 not shortage area 7,730 (9.2) 84,169 (10.6)  
Geographic characteristics (Zip code-level) a    
Median income rage of the households in the geographic 
area, n(%) 

  *** 

 less than $15,000 8,207 (9.8) 39,713 (5)  
 $15,000 - $19,999 5,803 (6.9) 32,762 (4.1)  
 $20,000 - $29,999 10,608 (12.7) 66,206 (8.3)  
 $30,000 - $39,999 11,192 (13.4) 83,156 (10.4)  
 $40,000 - $49,999 9,460 (11.3) 87,103 (10.9)  
 $50,000 - $74,999 13,854 (16.6) 170,847 (21.4)  
 $75,000 - $99,999 6,277 (7.5) 106,203 (13.3)  
 $100,000 - $124,999 2,731 (3.3) 60,946 (7.6)  
 $125,000 or more 2,434 (2.9) 72,964 (9.1)  

Percent of all households that own their home, n(%)   *** 
 0%-60% 21,968 (26.3) 127,043 (15.9)  
 60-75%  8,692 (10.4) 78,208 (9.8)  



 

 
 

111 

 75-90%  13,570 (16.2) 163,037 (20.4)  
 90-100% 26,336 (31.5) 351,612 (44.1)  

Percent of all households that the first member has 
completed college or higher, n(%)   

*** 

 0%-10%  30,782 (36.8) 262,213 (32.9)  
 10%-30%  24,140 (28.9) 250,587 (31.4)  
 30%-50%  7,160 (8.6) 91,443 (11.5)  
 50%-100%  8,484 (10.1) 115,657 (14.5)  

Percent of all households that are married, n(%)   *** 
 0%-30% 19,886 (23.8) 122,728 (15.4)  
 30%-50%  13,804 (16.5) 121,589 (15.2)  
 50%-75%  20,960 (25.1) 253,856 (31.8)  
 75%-100%  15,916 (19) 221,727 (27.8)  

Clinical complexity    
Number of prescribers, n(%)   *** 
 0-2 27,878 (33.3) 335,995 (42.1)  
 3+ 55,715 (66.7) 461,676 (57.9)  
Number of pharmacies used, n(%)   *** 

 0-1 44,219 (52.9) 431,083 (54)  
 2+ 39,374 (47.1) 366,588 (46)  

Modified RxRisk-V index, mean(SD) 5.8 (3.0) 4.3 (2.7) *** 
Note: Asterisks represent statistical significance between disabled vs. non-disabled  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
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FIGURE 3-1. High-Risk Medication use by low income subsidy/dual eligible (LIS/DE) status 
and disability status. 
Note: Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible and between 
disabled and non-disabled 
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant; LIS/DE  = Low income 
subsidy/dual eligible 
***p < 0.001; ** 0.0001 ≤ p < 0.01; *0.01 ≤  p < 0.05 
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TABLE 3-3. Likelihood of High-Risk medication exposure 
Health plan type LIS/DE Adjustment of 

Odds Ratio on HRM  
(95% CI) † 

Disability Adjustment of 
Odds Ratio on HRM  

(95% CI) † 

C-statistic Residual 
ICC‡ 

MA-PD 
    

 
Model 1a 1.424 (1.389, 1.459) *** 

 
0.62 0.0405***  

Model 1b 
 

1.889 (1.841, 1.939) *** 0.62 0.0414***  
Model 2 1.336 (1.302, 1.371) *** 1.850 (1.800, 1.900)*** 0.64 0.0394***  
Model 3 1.308 (1.272, 1.345) *** 1.849 (1.797, 1.903) *** 0.64 0.0397***  
Model 4 1.070 (1.039, 1.101) *** 1.380 (1.340, 1.422) *** 0.72 0.0433*** 

PDP 
    

 
Model 1a 1.389 (1.368, 1.411) *** 

 
0.59 0.0285***  

Model 1b 
 

1.906 (1.873, 1.940) *** 0.60 0.0275***  
Model 2 1.320 (1.299, 1.342) *** 1.788 (1.755,  1.822) *** 0.63 0.0281***  
Model 3 1.273 (1.249, 1.297) *** 1.794 (1.758, 1.831) *** 0.63 0.0282***  
Model 4 1.137 (1.115, 1.160) *** 1.370 (1.341, 1.399) *** 0.71 0.0257*** 

Note: 
All models were controlled for between-contract differences. 
Model 1a included low income subsidy/dual eligibility status (LIS/DE) 
Model 1b included disabled status 
Mode 2 included low income subsidy/dual eligibility status, disabled status, age, gender, and race 
Mode 3 included low income subsidy/dual eligibility status, disabled status, age, gender, race, metropolitan areas, primary care shortage area, mental 
care shortage area, median income rage of the households in the geographic area, percent of all households that own their home, percent of all 
households that the first member has completed college or higher, and percent of all households that are married 
Mode 4 included low income subsidy/dual eligibility status, disabled status, age, gender, race, metropolitan areas, primary care shortage area, mental 
care shortage area, median income rage of the households in the geographic area, percent of all households that own their home, percent of all 
households that the first member has completed college or higher, percent of all households that are married, number of prescribers, number of 
pharmacies, and modified RxRisk-V index 
CI = Confidence Interval; HRM = High-Risk Medication; OR = Odds Ratio; MA-PD = Medicare Advantage Prescription Drug Plans  
; PDP = stand-alone prescription Drug Plans; ICC = Intraclass correlation coefficient 
† Statistically significant impact of independent variables were computed using logistic regression with random intercept 
‡ Statistically significant amount of variability in the log odds of high-risk medications use between health plans in the sample 
*** p< 0.001; ** 0.001 ≤p< 0.01; *0.01 ≤ p<0.05 
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TABLE 3-4. APPENDIX 1 Medications included in the High-Risk Medication 
measure 25 

Description    Prescription Products   
Anticholinergics (exclude TCAs)       

First-generation antihistamines (as single agent 
or as part of combination products) – excludes 
OTC products 

  

- Brompheniramine,  - Cyproheptadine  - Doxylamine 
- Carbinoxamine  - Dexbrompheniramine - Hydroxyzine 
- Chlorpheniramine - Dexchlorpheniramine - Promethazine 
- Clemastine  - Diphenhydramine (oral) -Triprolidine 

Antiparkinson agents - Benztropine (oral) -Trihexyphenidyl   
Antithrombotics       

Antithrombotics - Ticlopidine* -Dipyridamole, oral short-acting (does not apply to the extended-
release combination with aspirin) 

Anti-infective       
Anti-infective - Nitrofurantoin (include when cumulative day supply is >90 days) (A)  

Cardiovascular       
Alpha blockers, Central - Guanabenz* 

- Guanfacine* 
 -Methyldopa* -Reserpine (>0.1mg/day) (B) 

Cardiovascular, other -Disopyramide* -Digoxin (>0.125mg/day) (c) -Nifedipine, immediate 
release* 

Central Nervous System       
Tertiary TCAs (as a single agent or as part of a 
combination product) 

  

- Amitriptyline - Doxepin (>6mg/day) (D) -Trimipramine 

- Clomipramine - Imipramine   
Antipsychotics, first-generation (conventional) -Thioridazine  - Mesoridazine   
Barbiturates - Amobarbital* - Mephobarbital* - Phenobarbital  

- Butabarbital* - Pentobarbital* - Secobarbital* 
  - Butalbital     

Central Nervous System, other - Chloral hydrate* - Meprobamate   

Nonbenzodiazepine hypnotics (include when 
cumulative day supply is >90 days) (E) 

- Eszopiclone - Zolpidem - Zaleplon 

Vasodilators for dementia -Ergoloid mesylates* - Isoxsuprine   

Endocrine       
Endocrine - Desiccated thyroid -Estrogens** with or without 

progesterone (oral and topical 
patch products only) 

-  Megestrol 

Sulfonylureas, long-duration - Chlorpropamide - Glyburide   

Gastrointestinal       

Gastrointestinal  - Trimethobenzamide 
 

  

Pain Medications       
Pain Medications - Meperidine - Pentazocine*   

Non-COX-selective NSAIDS*** - Indomethacin - Ketorolac   

Skeletal muscle relaxants       

Skeletal muscle relaxants (as a single agent or as 
part of a combination product) 

  

- Carisoprodol - Cyclobenzaprine - Methocarbamol 

- Chlorzoxazone - Metaxalone - Orphenadrine 

*Infrequently used drugs. 
(A) For nitrofurantoin, a patient is included in the numerator if he/she received at least two prescription fills for the medication and if the cumulative days 
supply for any nitrofurantoin product is greater than 90 days during the measurement period; (B) For reserpine, a patient is included in the numerator if he/she 
received at least two prescription fills for the medication and if the average daily dose is greater than 0.1mg; (C) For digoxin, a patient is included in the 
numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 0.125mg; (D) For doxepin, a patient is 
included in the numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 6mg. (E) The 
cumulative calculation applies to the class of nonbenzodiazepine hypnotics and not for each individual medication. A patient is included in the numerator if 
he/she received at least two prescription fills for any medication in the class and if the cumulative days supply for any product is greater than 90 days during the 
measurement period. For example, if a patient received a 30 day supply of zolpidem, a second fill for 30 days supply of zolpidem and then a fill for 35 days 
supply eszopiclone (all during the measurement period), this would qualify for inclusion in the numerator. 
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TABLE 3-5. APPENDIX 2 High-Risk Medication use by low income subsidy/dual 
eligible status and disability status of Medicare beneficiaries aged 65 or older with 
Medicare Advantage Prescription Drug plans (MA-PD) and stand-alone 
prescription drug plans (PDP) in 2013 

MA-PD	 	 	 	 	 	 	 	 	

	 	 LIS/DE	
(N	=	88,693)	

Non-LIS/DE	
(N	=	431,326)	 Sig	 	 Disabled	

	(N	=48,997)	
Non-Disabled	
(	=	471,022)	 Sig	

HRM	users,	n	(%)	a	 	 11,812	(13.3)	 41685	(9.7)	 ***	 	 8,333	(17)	 45,164	(9.6)	 ***	
non-HRM	users,	n(%)	
a	

	 76,881	(86.7)	 389641	(90.3)	 	 	 40,664	(83)	 425,858	(90.4)	 	
PDP	 	 	 	 	 	 	 	 	
	
	

	 LIS/DE	
	(N	=213,096)	

Non-LIS/DE	
(N	=	668,168)	 Sig	 	 Disabled	

(N	=	83,593)	
Non-Disabled	
	(N	=	797,671)	 Sig	

HRM	users,	n(%)	a	 	 36,484	(17.1)	 88,274	(13.2)	 ***	 	 19,152	(22.9)	 105,606	(13.2)	 ***	
non-HRM	users,	n(%)	
a	

	 176,612	(82.9)	 579,894	(86.8)	 	 	 64,441	(77.1)	 692,065	(86.8)	 	
Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible and between disabled and non-
disabled 
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; HRM = High-Risk Medication; LIS/DE = Low-income 
subsidy/dual eligibility; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a High-Risk Medication users are patients who received at least two prescription fills for the same high-risk medication as defined by Pharmacy Quality 
Alliance/Centers for Medicare and Medicaid Services 
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4.1 ABSTRACT 

Background:  The High-Risk Medication (HRM) use measure was used to assess 

Medicare Advantage Prescription drug plan (MA-PD) and stand-alone Prescription Drug 

plan (PDP) performance and to provide guidance for practitioners to reduce the use of 

medications that are not appropriate for older adults. Limited evidence exists to 

accurately evaluate  health plan performance on the HRM measure.  

Objective:  To examine the relations between patient risk factors and the HRM measure 

and develop risk adjustment tool for the HRM measure in older adults enrolled in MA-

PDs and PDPs. 

Methods: A retrospective cross-sectional study design using an administrative claims 

data from a 2013 Medicare 5% national sample was used to create two cohorts (MA-PD 

and PDP) for inclusion.  Among beneficiaries aged ³65 years who were continuously 

enrolled in a MA-PD or PDP, we identified those with ≥2 prescriptions for the same 

HRM (e.g., amitriptyline) during the year based on the HRM list provided by Pharmacy 

Quality Alliance (HRM users). Multivariable generalized linear mixed models were used 

to assess the association of HRM use and patient risk factors (e.g., age, gender) and 

identify risk factors after adjusting for health plan effect. The identified risk factors were 

used as variables for regression-based risk adjustment for the HRM measure. Unadjusted 

and adjusted quality rankings among health plans were compared.  

Results: There were a total of 520,019 MA-PD and 881,264 PDP beneficiaries who met 

the study criteria enrolled 474 MD-PD and 60 PDP contracts. In adjusted analyses,  the 

HRM users were more likely to be younger (OR = 0.981, 95% CI, 0.980-0.983 for MA-

PD and OR=0.982, 95% CI, 0.981-0.983 for PDP); women (OR = 1.545; 95% CI,1.514-
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1.576 for MA-PD and OR=1.606, 95% CI, 1.584-1.628); eligible to receive low-income 

subsidy (OR = 1.086, 95%CI, 1.057-1.115 for MA-PD and 1.170, 95% CI, 1.150–1.190 

for PDP); disabled (OR = 1.380, 95%CI, 1.342 –1.420 for MA-PD and 1.378, 95%CI, 

1.352–1.405 for PDP); seeing multiple prescibers (OR =1.076, 95%CI, 1.072, 1.081 for 

MA-PD and 1.072, 95%CI, 1.069-1.075); filling prescriptions at multiple pharmacies 

(OR = 1.092, 95%CI, 1.083-1.102 for MA-PD and OR = 1.092, 95%CI, 1.086, 1.099 for 

PDP); and had higher average modified RxRisk-V (OR = 1.176, 95%CI ,1.171 – 1.181 

for MA-PD and OR = 1.173, 95%CI, 1.170-1.176 for PDP). Being older and white were 

protective against receipt of HRMs. These variables were recommended for the risk 

adjustment model.  Unadjusted scores showed low levels of agreement (Cohen’s kappa < 

0.7) with risk-adjusted scores in identifying statistical outliers suggesting risk adjustment 

is necessary.  

Conclusions: We demonstrated that failure to  adjust for beneficiaries case mix might 

penalize some truly high-quality MA-PD and PDP providers that serve sick beneficiaries 

or beneficiaries with poor socioeconomic conditions.   
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What is already known about this subject 

• Adverse drug events due to high-risk medication use are common among older 

adults. 

• Many risk factors could influence the use HRMs.  

• Risk adjustment has been proposed to account for those risk factors that are 

unevenly distributed among health plans when comparing plan performance. 

 

What this study adds 

• Patient demographic, socioeconomic, and clinical complexity were identified to 

be associated with HRM use. 

• Regression-based risk adjustment is recommended when comparing health plan 

performance on the HRM measure. 
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4.2 BACKGROUND  

Adverse drug events due to inappropriate use of medications are common among 

older adults. (Bao, Shao, Bishop, Schackman, & Bruce, 2012; Davidoff et al., 2015; 

Egger, Bachmann, Hubmann, Schlienger, & Krähenbühl, 2006; Fick, Mion, Beers, & L 

Waller, 2008) The High Risk Medication use Measure (HRM), developed by the 

Pharmacy Quality Alliance, was created to avoid the ADEs in this population. (American 

Geriatrics Society 2012 Beers Criteria Update Export Panel, 2012; Beers et al., 1991; 

Fick et al., 2003; Scarlatos, 2015)   The measure was later included in the Centers for 

Medicare and Medicaid Services (CMS) 2015 Star Ratings which were used to evaluate 

the quality of care provided by Medicare Advantage prescription drug (MA-PD) plans 

and stand-alone prescription drug plans (PDPs). (Erickson, Leslie, & Patel, 2014) Health 

plans made a variety of interventions to avoid the HRM use. Such attempts ranged from 

educational mailings to prescribers to prior authorization for HRMs. (Almodovar, Axon, 

Coleman, Warholak, & Nahata, 2018; Erickson et al., 2014)  

Many different factors could influence the use of HRMs. For example, Holmes et 

al. found a association between HRM use and low income subsidy eligibility among fee-

for-service Medicare Part D beneficiaries in Texas using 2008 prescription event data 

(Holmes, Luo, Kuo, Baillargeon, & Goodwin, 2013). Furthormore, other patient 

characteristics such as gender, disability, health status were also found to be associated 

with HRM use. (Cooper, Dore, Kazis, Mor, & Trivedi, 2014; Yang et al., 2015)  

 These patient risk factors may not be distributed equally across health plans. 

Thus, risk adjustment can be used to minimize the systematic bias created by differences 

in inherent health risks that patients or populations carry to ensure that similar situations 
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are being compared (Iezzoni, 2013).  Dharmarajan et al. computed risk adjustment that 

took into account patient characteristics such as age, gender, race, low-income subsidy 

status, average number of prescriptions, and medication types in an effort to include 

clinical complexity. Including both socioeconomic and clinical complexity into risk 

adjustment calculations, the risk adjustment model used in the Dharmarajan et al. study 

provided a more reliable indicator of pharmacy quality performance (Dharmarajan, 

Bentley, Banahan Iii, & West-Strum, 2014). The findings, therefore, indicated that it was 

import to incorporate case-mix adjustment into performance-based evaluations of 

medication use (Dharmarajan et al., 2014).  

 However, there is limited evidence regarding risk adjustment for the HRM 

measure. The aims for this study were to develop an risk adjustment model and examine 

the impact of risk adjustment on health plans’ HRM performance rankings for both 

Medicare Advantage–Prescription Drug plans and stand-alone prescription drug plans. 
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4.3 METHODS  

4.3.1 Study Design 

This study utilized a retrospective cross-sectional claims database design to 

compute and compare unadjusted and adjusted scores on the Pharmacy Quality Alliance 

HRM measure for health plans whose members enrolled in Medicare Part D as defined 

by the Centers for Medicare and Medicare.  A 2013 Medicare 5% sample claims database 

was used. 

 

4.3.2 Data Source and variables  

Research identifiable files that included beneficiary-level data on Part A, B and D 

claims were accessible to researchers after the CMS privacy board approved the proposal 

and researchers signed a Data Use Agreement (https://www.resdac.org). The Master 

Beneficiary Summary Files (MBSF) and Medicare Part D Prescription Drug Event (PDE) 

file, CMS standard analytic files, were used in this study. We obtained demographic and 

Medicare enrollment information from the MBSF file. The file contained data such as 

date of birth, gender, race, state, disability status, county codes, and 9-digit ZIP code, 

monthly enrollment status information, end-stage renal disease status, contract identifiers, 

dual eligibility status, and eligibility for low-income subsidy. (Research Data Assistance 

Center (ResDAC), 2017a) 

Socioeconomic status was assessed based on beneficiaries’ Part D low-income 

subsidy (LIS) and/or dual eligibility (DE) status. Beneficiaries with Part D LIS were 

identified using the PDE file if the beneficiary was: 1) deemed eligible for LIS with 
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premium subsidy and/or copayment; or 2) enrolled in LIS with premium subsidy and 

copayment at any point in the measurement year 2013. The MBSF file was used to 

identify Medicare beneficiaries who were fully or partially DE at any point during 2013. 

Partially DE includes beneficiaries enrolled in the Medicare Savings Programs (i.e., 

Qualified Medicare Beneficiary program, the Specified Low-Income Medicare 

Beneficiary Program, the Qualifying Individuals Program, and the Qualified Disabled 

Working Individual Program). We obtained drug utilization data from the PDE file, 

including data on prescription fills for the beneficiaries. The file contained data such as: 

beneficiary identifier, prescribers, pharmacies, and contract identifiers; and detailed 

prescription information (e.g., the National Drug Code, quantify filled, fill date, and days 

supply). (Research Data Assistance Center (ResDAC), 2017b)  

Geographic and access-to-care factors drawn from the 2013 – 2014 Area Health 

Resource File (AHRF) (Health Resources and Services Administration Data Warehouse)  

included rural/urban continuum (metro vs. non-metro), measures of access to health care 

services including primary care shortage area and mental care shortage area (partial, full, 

or none). Community characteristics were obtained from the 2014 Acxiom’s InfoBase ® 

Geo file (Acxiom Corporation, 2014)including: median income range of the households 

in the geographic area (less than $15,000; $15,000 - 19,999; $20,000 - $29,999; $30,000 - 

$39,999; $40,000 - $49,999; $50,000 - $74,999; $75,000 - $99,999; $100,000 - $124,999; 

and $125,000 or more); percent of all households where the first individual has 

completed high school or less; percent of all households that contain married individuals; 

and percent of all households that own their home.  
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Under the Star Rating system, the HRM measure is calculated using only 

prescription drug claims and not medical claims. This means that the Star measures are 

calculated without using the International Classification of Disease, 9th Revision, 

Clinical Modification (ICD-9-CM) codes, therefore, our study followed this same 

procedure (i.e., did not use ICD-9 codes). Thus, to account for variation in health status 

and prevalence of chronic conditions, a chronic comorbidity score was calculated using 

the RxRisk-V score for each beneficiary. (Farley, Harley, & Devine, 2006; Sloan et al., 

2003) The RxRisk-V was selected because it utilizes the medication claims file.  

The RxRisk-V, developed as an all-age risk adjustment tool, is a pharmacy-based 

risk adjustment score that uses ambulatory pharmacy data to identify chronic disease 

categories and predict total health care costs. The RxRisk-V model performed similarly 

to the Ambulatory Clinical Group (ACG), a diagnostic based model. (Fishman et al., 

2003) Therefore, the RxRisk-V is an acceptable alternative when using diagnostic code is 

not available or not used. In addition, the score has been shown to be predictive of 

healthcare costs (Fishman et al., 2003; Sloan et al., 2003) and mortality. (Fan, 

Maciejewski, Liu, McDonell, & Fihn, 2006; Johnson et al., 2006; Vitry, Wong, 

Roughead, Ramsay, & Barratt, 2009) In this study, a modified RxRisk-V was used with 

42 disease states; the conditions ostomy, neurogenic bladder, and urinary incontinence 

were excluded due to unavailability of these data in the pharmacy claims file. The 

RxRisk-V categories were also modified to avoid double counting HRMs. The number of 

unique pharmacies used and unique prescribers per patient, gathered from the pharmacy 

and prescriber identifiers available in the Medicare Part D PDE file, were used to reflect 

clinical complexity.   
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4.3.3 Study Population 

The following inclusion and exclusion criteria were made to develop the final data 

sample. First, beneficiaries were only included if they were: aged 65 or older at the 

enrollment; alive during the calendar year; US citizens, and without end-stage renal 

disease at the enrollment. Second, to investigate prescription utilization, we restricted our 

sample to those who had prescription drug events data (i.e., had filled at least one 

prescription during the year). Third, the sample included only beneficiaries who were 

insured by either an MA-PD or PDP for the entire 12 months. Beneficiaries who enrolled 

in temporary Part D health plan (i.e., Medicare’s’ Limited Income Newly Eligible 

Transition program), had Part D coverage gap(s) during the year, or switched plans, at 

any time in the year, were excluded. Fourth, beneficiaries who enrolled in small health 

plans (i.e., having members less than 30) were excluded because they may cause the 

cluster imbalance issue to statistical models.  

 

4.3.4 Outcome: High-Risk Medication use Measure 

The definition of HRM measures for 2013 were used for this study to correspond 

with the Medicare Part D Prescription Drug Event file for 2013 and with the effort health 

plans made to improve their ratings on the HRM measure(Pharmacy Quality Alliance, 

2015). We examined claims for HRMs across eight therapeutic classes - anticholinergics 

(excludes TCAs), antithrombotics, anti-infectives, cardiovascular, central nervous 

system, endocrine, pain medications gastrointestinal, skeletal muscle relaxants as 

presented in Appendix 1. Using beneficiary-level data, we computed period prevalence as 
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the proportion of beneficiaries in the sample with at least two prescription fills for the 

same HRM (Appendix 1) during 2013 (Pharmacy Quality Alliance, 2015). 

 

Statistical analyses: 

Regression-Based Risk adjustment 

Selection of appropriate risk factors is critical to validate statistical methods for 

risk adjustment. Multivariate statistical regression is commonly used for risk adjustment 

(Iezzoni, 2013).  

We identified covariates of high-risk medication use for risk adjustment using 

using a stepwise method. We estimated this effect using classical logistic regression 

models in multivariate analyses by selecting covariates based on alpha less than 0.001 for 

retention in the final model (Li, Cai, Glance, Spector, & Mukamel, 2009). 

Health plans performance profiling  

Unadjusted HRM use measure was calculated as the proportion of eligible 

beneficiaries in the sample with at least two prescription fills for the same HRM. The 

average performance on the HRM measure was calculated as the sum of performance 

scores of all health plans divided by the total number of health plans.  

A hierarchical or mixed-effect logistic regression model with a random intercept 

was used to compute a risk-adjusted measure for high-risk medication. That is,  

 

logit'()*+ = - + /* 	+	β23)*2 	+ 	β23)*4 	+ 	β53)*5	 + ⋯	+	β73)*7	                  (1) 
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 /* was assumed normally distributed with mean of zero and variance 894. The 

beneficiary’s probability of high-risk medication use (:̂)*2) was predicted assuming null 

effect of /* and the expected rate of HRM use for each health plan  (=*2) was calculated 

as the sum of :̂)*2 for beneficiaries in health plan > divided by ?*.  

To compute the risk-adjusted HRM measure (@ABB*2), we first computed 

logit'risk − adjusted	HRM	measure	*+ = ln Q
RS

2TRS	
U –	ln Q

WS
X

2TWS
X	
U 	+

ln	( Z[\]^__	]^`\	Za	b)cbT])d7	e\f)g^`)Zh	9d\

2iiTZ[\]^__	]^`\	Za	b)cbT])d7	e\f)g^`)Zh	9d\		
		)	                  (2) 

 

The overall rate of high-risk medication was calculated for all beneficiaries in the 

sample, and then back-transformed logit (@ABB*2) to the probability scale:  

 

risk − adjusted	HRM	measure	* = [1 + lmnopT2	'risk −

adjusted	HRM	measure	*+]T2                      (3)  

 

The equations (1) and (2) were recommended by Li et al. because the findings 

were consistent with the specification of the logistic model and demonstrated superiority 

in terms of detecting outlier facilities when compared to other methods based on the 

difference or ratio between observed and expected outcomes. The models were fitted to 

adjust patient case mix.  
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Comparing unadjusted and risk-adjustment on the HRM measure  

Validity is important for risk adjustment model development. Predictive validity 

was examined using the c-statistic which is equivalent to the area under the receiver 

operating characteristics curve (Li et al., 2009). The c-statistic can range from 0.5 

(random discrimination) to 1.0 (perfect discrimination) (Hosmer & Lemeshow, 1995).  

At the measure level, convergent validity was examined. We compared 

unadjusted and adjusted measures based on rankings and ranking based on decile. In 

addition, we defined high- and low-quality health plans by ranking based on percentile. 

Health plans in the lowest 20 percentile and 80 percentile were identified as “high-quality 

top 20%” and “low-quality bottom 20%” health plans because the HRM measure 

represents an adverse performance. We quantified the convergent validity of those 

models computing the measure using the Cohen’s weighted kappa (r) statistic between 

the unadjusted HRM measure and risk-adjusted HRM measure. All statistical analyses 

were performed using SAS version 9.4 (SAS Institute Inc, Cary, North Carolina). This 

study was deemed exempt human subjects research by the University of Arizona 

Institutional Review Board. 
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4.4 RESULTS  

4.4.1 Patient Characteristics 

 Of the 3 million Medicare beneficiaries in the 5% national Medicare sample from 

2013, a total of 1,401,283 met eligibility criteria (e.g., US citizens, Part D enrolled, and 

not enrolled in small health plans). Of those, a total of 520,019 (37%) were patients 

enrolled in an MA-PD and 881,315 (63%) were enrolled in a PDP. The most common 

reason to exclude beneficiaries during the study period was they were aged less than 65 

or their prescription fill information were not available in the PDE file.  Medicare 

beneficiaries with MA-PD health plans were attributed to a total of 474 contracts and 

those with PDPs were attributed to a total of 70 contracts.  

Table 4-1 describes patient characteristic by health plan type. The characteristics 

between MA-PD and PDP beneficiaries were not much different. The majority of cohorts 

were females, aged between 75 to 85, who were white. They mostly lived in the South 

and resided in a metropolitan area. Of MA-PD beneficiaries, 53,497 (10.3%) were HRM 

users. Of PDP beenficiaries, 124,758 (14.2) were HRM users.  

 

4.4.2 Patient characteristics and high-risk medication use 

Table 4-2 presents the final model. The selected variables included age, gender, 

race, LIS/DE, disability status, number of prescribers, number of pharmacies from which 

beneficiaries received healthcare services, and modified RxRisk-V score. These variables 

were found to be significant determinants of HRM use. From MA-PD beneficiaries, the 

estimated odds of HRM use were significantly higher among females than males (OR 
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=1.545, 95% CI = 1.514, 1.576).  Age variables presented a slightly protective effect for 

HRM use (OR = 0.981, 95% CI = 0.980, 0.983). The estimated odds of HRM use were 

significantly different among race, where Whites had the highest odds of HRM use (p 

<0.001). MA-PD beneficiaries with LIS/DE had higher odds of HRM use than non-

LIS/DE beneficiaries (OR = 1.086, 95% CI = 1.057, 1.115) and disabled beneficiaries 

had higher odds of HRM use than those without disability (OR = 1.380, 95% CI = 1.342, 

1.420). MA-PD beneficiaries who received healthcare services from multiple prescribers 

(OR = 1.076, 95% CI = 1.072, 1.081) or pharmacies (OR = 1.092, 95% CI = 1.073, 

1.102) were more likely to have HRM use.  Every unit increase in the modified RxRisk-

V index was associated with a 17% increase in the odds of HRM use. The c-statistic of 

the MA-PD model was estimated to be 0.72 indicating that the model had good predictive 

properties. The residual intraclass correlation coefficient (ICC) for the random-intercept 

model was 0.043 which indicated that 4.3% of the unexplained variation, after controlling 

for patient characteristics, could be attributed to variation between health plan contracts. 

Nonzero covariance parameters were confirmed using a Wald test (p < 0.001).  

For PDP beneficiaries, the estimated odds of HRM use were significantly higher 

among females than males (OR =1.606, 95% CI = 1.584, 1.628).  Similar to MA-PDs, the 

age variable demonstrated a protective effect on the likelihood of HRM use (p < 0.001). 

The estimated odds of HRM use were significantly different among races, where Whites 

had the highest odds of HRM use (p <0.001). PDP beneficiaries with LIS/DE had a 

higher odds of HRM use than non-LIS/DE beneficiaries (OR = 1.170, 95% CI = 1.150, 

1.190) and disabled beneficiaries had a higher odds of HRM use than those without 

disability (OR = 1.378, 95% CI = 1.352, 1.405). MA-PD beneficiaries who received 
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healthcare services from multiple prescribers (OR = 1.072, 95% CI = 1.069, 1.075) or 

pharmacies (OR = 1.0926, 95% CI = 1.086, 1.099) were more likely to have HRM use.  

Every unit increase in the modified RxRisk-V index was associated with a 17% increase 

in odds of HRM use. The c-statistic of the PDP model was estimated to be 0.71 which 

indicates good predictive properties for the model. The residual ICC for the random-

intercept model was 0.026 indicating that 2.6% of the unexplained variation, after 

controlling for patient characteristics, could be attributed to variation between health 

plans (p < 0.001).  

 

Risk adjustment 

Figure 4-2 demonstrates the comparison between the unadjusted and risk-adjusted 

rankings for the HRM measure among MA-PD providers based on the random-intercept 

method. A total of 474 MA-PD providers were ranked based on their HRM use rate. The 

ranking ranged from 1 to 484 indicating health plans with a low to high proportion of 

HRM use within a health plan.  Figure 4-2b presented the decile ranking from 1 to 10 

indicating a low to high-proportion of HRM use. We found some movement of rankings 

after risk adjustment. Figure 4-3 demonstrates the comparison between unadjusted and 

risk-adjusted rankings for the HRM measure among PDP providers based on the random-

intercept method. The pattern of movement after risk-adjustment were consistent with the 

movement found among MA-PD providers.  

Of 474 MA-PD providers, a total of 28 health plans (6%) moved more than or 

equal to 3 decile ranks higher (e.g., moved from decile 5 to decile 2) whereas the 

majority of MA-PD providers remained in the same decile group (n = 149, 32.1%). A 
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total of 20 (4.3%) MA-PD providers moved more than or equal to 3 decile ranks lower. 

Of 70 PDP providers, a total of 7 health plans (10.0%) moved more than or equal to 3 

decile ranks higher whereas the majority of PDP providers remained in the same decile 

group (n = 18, 25.7%). A total of 8 (11.4%) PDP providers moved more than or equal to 

3 decile ranks lower. We found that 3 PDP providers (4.3%) moved more than or equal to 

3 decile ranks higher whereas the majority of PDP providers remained in the same decile 

group (n = 26, 37.1%).  

Based on unadjusted HRM measures, 20% (n = 92) of MA-PD health plans were 

classified into top quality, 60% (n = 279) into medium-quality, and 20% (n = 93) into 

low-quality. The agreement between the unadjusted HRM use rates in identifying the 

high-quality top 20% and bottom 20% of all MA-PD providers was observed. Cohen’s 

Kappa values assessing the comparison of unadjusted and risk-adjusted HRM rates were 

0.51 (95% CI: 0.44 – 0.58) and 0.66 (95% CI: 0.50 – 0.82) indicating moderate 

agreement for MA-PD and PDP providers, respectively. 



 

 
 

134 

4.5 DISCUSSION  

Because health outcomes are a function of both quality of care and patient 

determinants such as socioeconomic, environmental, and clinical conditions, it is 

important to adjust for case mix variations among MA-PD and stand-alone PDP 

providers before comparing their performance on quality of care. In this study, we used a 

5% Medicare claims data to assess the need for risk adjustment when comparing the 

quality performance among Part D providers on patient safety using the HRM measure.   

The hierarchical logistic regression models with random-intercepts were used to 

generated risk-adjusted performance rankings. The models demonstrated good predictive 

validity (c-statistic > 0.7) for both MA-PDs and PDPs. This justified the choice of patient 

determinants to be adjusted for when measuring Part D providers.  The residual intraclass 

correlation coefficient for the MA-PD and PDP models were 0.043  and 0.026, 

respectively. This suggests both patient- and health plan-level were important to include 

in risk adjustment models.  

CMS examined the difference in the outcomes between the LIS, DE, and/or 

disabled groups versus the non-low-income, non-DE, and/or non-disabled groups 

(Centers for Medicare & Medicaid Services, 2015). However, it was seen in this study 

that these are not the only socioeconomic characteristics that should be considered when 

risk adjusting, other case mix characteristics should also be included in risk adjustment 

models for both MA-PD and PDP providers. For example, although the effect of LIS/DE 

(OR = 1.086, p< 0.001) and disability (OR =1.38, p < 0.001) were  significant in MA-PD 

beneficiaries, the effects of other variables were just as high. The Odds ratio of females 

compared to males on HRM rates was 1.545 (p < 0.001). Furthremore, our study 
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suggested that clinilcal components such as disease severity should be included in risk 

adjustment.  

It was seen that the quality classificiation of MA-PD and PDP providers changed 

susbstantially after risk adjustment. Approximately, 32% of high-quality MA-PD 

providers and 47% of low-quality MA-PD providers were misclassified if risk-adjustment 

was not applied. In addition, 26% of MA-PDs of medium-qualtiy were misclassified to 

be outliers (i.e., high-quality top 20 % or low-qaultiy bottom 20%) if risk-adjustment was 

not made.  

   As shown here, not sufficiently addressing the effect of patient case mix while 

measuring performance quality could lead to misclassification. Similar results were 

reported in studies examing the effect of risk ajdusmtent on quality measures in other 

areas. Dharmarajan et al. computed a risk adjustment model that took into account patient 

characteristics such as age, gender, race, LIS status, average number of prescriptions, and 

medication types in an effort to include clinical complexity. The risk adjustment model 

used in Dharmarajan et al. study provided the more reliable indicator for pharmacy 

quality performance than the unadjusted model(Dharmarajan et al., 2014). The findings, 

therefore, support the importance of incorporating case-mix adjustment into performance-

based evaluation for medication use (Dharmarajan et al., 2014).  Another study found that 

45% to 50% of Medicare Part D providers moved up or down a star in the in the 

adherence domain of the Star Rating system after adjusting for socioeconomic 

determinants at the contract level (Young, Rickles, Chou, & Raver, 2014).   

Our findings in the HRM measure and findings from other studies support the 

importance of adjusting for case mix when comparing quality performance among health 
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plans. Failture to do so coud lead to health care facilities avoiding treating the sickest 

patients or those with poor socioeconomic status because of concerns about their rankings 

(Mukamel et al., 2007).  Pharmacy Quality Alliance’s Risk Adjustment Advisory Panel is 

currently investigating the need for case-mix adjustment in response to the concern 

among Part D providers (Pharmacy Quality Alliance, 2017). 

 

Limitations  

This study has several limitations and therefore the findings need to be interpreted 

with caution. Like other studies using claims data, a limitation of this study is the use of 

the high-risk medication measure, which may not be an accurate indication of patients 

high-risk medication taking behavior. Medications for which the patient paid out-of-

pocket are not available in pharmacy claims; this could lead to an underestimation of 

HRM rates. Another important limitation of this study and of most studies using risk 

adjustment methods was that there were no “gold standard” quality measure which can be 

used to verify the risk adjustment measure. Like other pharmacy measures, the HRM 

measures were computed based on only the prescription claims. Thus, no diagnostic 

codes were available in the dataset.  

It is worth noting that our study used 2013 Medicare prescription claims data. 

Since the HRM measure has been moved from the star rating caluluation to the display 

category, and the HRM measure is no longer involve with bonus payments. Thus, since 

incentives are different, the findings may be different if newer data were used.  There 

may be demographic and other determinants that were not available in our dataset and are 

usally not available in claims data. 
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4.5 CONCLUSION  

The findings of this study emphasize the need for risk adjustment in evaluating 

quality performance on the high-risk medication use measure. We demonstrated that 

failture to  adjust for beneficiary case mix might panalize some truly high-quality MA-

PD and PDP providers serving sick beneficiaries or beneficiaries with low socioeconomic 

status, while rewarding some providers serving healthier beneficiaries if the high-risk 

medication use measure were used in a value-based payment system.  While this study 

focused on the risk adjustment for a high-risk medication use measure, future research 

should compare the actual adverse drug event outcomes between the unadjusted and risk-

adjusted high-risk medication use measure.  
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TABLE 4-1. Medicare beneficiaries aged of 65 or older with Medicare Advantage 
Prescription Drug plans (MA-PD) and stand-alone Prescription Drug Plans (PDP) 
2013: Demographics and characteristics overall  

  MA-PD 
(N = 520,019) 

PDP 
(N = 881,264) 

Sociodemographics   
Female, n(%) 316,997 (61) 563,910 (64) 
Age, mean (SD)  74.7 (7.3) 75.6 (7.8) 
Age group, n(%)   

 65 - 70 157,019 (30.2) 244,929 (27.8) 
 70-75 131,260 (25.2) 206,256 (23.4) 
 75 - 85  171,144 (32.9) 293,039 (33.3) 
 ≥ 85 60,596 (11.7) 137,040 (15.6) 
Race, n(%)   

 White 425,094 (81.7) 753,622 (85.5) 
 Black 51,043 (9.8) 67,453 (7.7) 
 Hispanic 13,810 (2.7) 17,892 (2) 
 Others 30,072 (5.8) 42,297 (4.8) 
Low Income Subsidy/Dual Eligibility (LIS/DE), n (%) 88693 (17.1) 213096 (24.2) 
Disabled, n(%) 48,997 (9.4) 83,593 (9.5) 
Geographic characteristics (County-level) a   
Region, n(%)    

 Northeast  106,550 (20.5) 169,443 (19.2) 
 Midwest  91,900 (17.7) 234,276 (26.6) 
 South  166,251 (32) 327,886 (37.2) 
 West  154,120 (29.6) 148,459 (16.8) 
Resident in metropolitan areas, n(%)  465,161 (89.5) 680,995 (77.3) 
Resident in a Primary Care Shortage Area, n(%)    

 full shortage area 197,456 (38) 293,120 (33.3) 
 partial shortage area 282,403 (54.3) 492,701 (55.9) 
 not shortage area 38,961 (7.5) 94,186 (10.7) 
Resident in a Mental Care Shortage Area, n(%)    
 full shortage area 198,208 (38.1) 373,467 (42.4) 
 partial shortage area 277,196 (53.3) 414,641 (47.1) 
 not shortage area 43,416 (8.3) 91,899 (10.4) 
Geographic characteristics (Zip code-level) a   
Median income rage of the households in the geographic area, 
n(%)  

  

 less than $15,000 27,320 (5.3) 47,920 (5.4) 
 $15,000 - $19,999 22,302 (4.3) 38,565 (4.4) 
 $20,000 - $29,999 50,210 (9.7) 76,814 (8.7) 
 $30,000 - $39,999 62,174 (12) 94,348 (10.7) 
 $40,000 - $49,999 62,610 (12) 96,563 (11) 
 $50,000 - $74,999 120,280 (23.1) 184,701 (21) 
 $75,000 - $99,999 68,469 (13.2) 112,480 (12.8) 
 $100,000 - $124,999 35,310 (6.8) 63,677 (7.2) 
 $125,000 or more 33,358 (6.4) 75,398 (8.6) 

Percent of all households that own their home, n(%)    
 0%-60% 92,168 (17.7) 149,011 (16.9) 
 60-75%  60,367 (11.6) 86,900 (9.9) 
 75-90%  122,132 (23.5) 176,607 (20) 
 90-100% 207,366 (39.9) 377,948 (42.9) 

Percent of all households that the first member has completed 
college or higher, n(%)    

 0%-10%  170,239 (32.7) 292,995 (33.2) 
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Note:  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; SD = Stand deviation 
a Numbers do not add up to total numbers due to missing data. 
 

 10%-30%  184,232 (35.4) 274,727 (31.2) 
 30%-50%  59,793 (11.5) 98,603 (11.2) 
 50%-100%  67,769 (13) 124,141 (14.1) 

Percent of all households that are married, n(%)    
 0%-30% 91,573 (17.6) 142,614 (16.2) 
 30%-50%  98,039 (18.9) 135,393 (15.4) 
 50%-75%  172,688 (33.2) 274,816 (31.2) 
 75%-100%  119,733 (23) 237,643 (27) 

Clinical complexity   
Number of prescribers, n(%)   
 0-2 236,577 (45.5) 363,873 (41.3) 
 3+ 283,442 (54.5) 517,391 (58.7) 
Number of pharmacies, n(%)   

 0-1 282,261 (54.3) 475,302 (53.9) 
 2+ 237,758 (45.7) 405,962 (46.1) 

Modified RxRisk-V categories, n(%)   
 0 Rx conditions 46,704 (9) 68,334 (7.8) 

 1 Rx conditions 105,806 (20.3) 156,261 (17.7) 
 2-4 Rx conditions 148,724 (28.6) 242,767 (27.5) 
 5-7 Rx conditions 121,292 (23.3) 214,904 (24.4) 
 8+ Rx conditions 97,493 (18.7) 198,998 (22.6) 
Modified RxRisk-V index, mean(SD) 4.1 (2.7) 4.5 (2.8) 
High-Risk Medication use, n(%)   
 High-Risk Medication users 53497 (10.3) 124758 (14.2) 
 non-High-Risk Medication users 466522 (89.7) 756506 (85.8) 



 

 
 

144 

TABLE 4-2. Coefficient and Odds Ratio Estimate of the Characteristic Variables in Random-
Intercept Regression Model Used for Risk Adjustment 
 

Health Plan 
Type 

Patient Characteristic Coefficient Standard 
Error 

OR 95% CI P 
Value 

  Age 
 

-0.0189 0.0007 0.981 0.980,0.983 <0.0001 
  Gender 

     
<0.0001 

  
 

Female 0.4348 0.0103 1.545 1.514, 1.576 
 

  
 

Male Reference 
    

  Race 
     

<0.0001 
  

 
Black -0.2975 0.0179 0.743 0.717, 0.769 

 

  
 

Hispanic -0.2223 0.0321 0.801 0.752, 0.853 
 

  
 

Others -0.3082 0.0254 0.735 0.699, 0.772 
 

MA-PD 
 

White Reference 
    

  Low Income Subsidy/Dual Eligibility 
(LIS/DE) 

    
<0.0001 

  
 

LIS/DE 0.0822 0.0136 1.086 1.057, 1.115 
 

  
 

Non-LIS/DE Reference 
    

  Disability status 
    

<0.0001 
  

 
Disables 0.3222 0.0144 1.380 1.342, 1.420 

 

  
 

non-Disables Reference 
    

  Number of prescribers 0.0735 0.0022 1.076 1.072, 1.081 <0.0001 
  Number of pharmacies  0.0884 0.0045 1.092 1.083, 1.102 <0.0001 
  Modified RxRisk-V index 0.1619 0.0021 1.176 1.171, 1.181 <0.0001 
  C-statistic 0.72 
  Residual ICC 0.043 (Wald test P < 0.0001)  

Age 
 

-0.0185 0.0004 0.982 0.981, 0.983 <0.0001  
Gender 

     
<0.0001   

Female 0.4736 0.0071 1.606 1.584 , 1.628 
 

  
Male Reference 

    
 

Race 
     

<0.0001   
Black -0.2242 0.0125 0.799 0.780, 0.819 

 
  

Hispanic -0.1869 0.0239 0.830 0.792, 0.869 
 

  
Others -0.1851 0.0164 0.831 0.805, 0.858 

 

PDP 
 

White Reference 
    

 
Low Income Subsidy/Dual Eligibility 
(LIS/DE) 

    
<0.0001 

  
LIS/DE 0.1570 0.0088 1.170 1.150, 1.190 

 
  

Non-LIS/DE Reference 
    

 
Disability status 

    
<0.0001   

Disables 0.3208 0.0099 1.378 1.352, 1.405 
 

  
non-Disables Reference 

    
 

Number of prescribers 0.0696 0.0014 1.072 1.069, 1.075 <0.0001  
Number of pharmacies  0.0884 0.0029 1.092 1.086, 1.099 <0.0001  
Modified RxRisk-V index 0.1593 0.0014 1.173 1.170, 1.176 <0.0001  
C-statistic 0.71  
Residual ICC 0.026 (Wald test P < 0.0001) 

Note: 
The variables were selected using stepwise selection method with alpha level less than 0.001. 
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant 
difference; CI = Confidence Interval; ICC = Residual Intraclass correlation. 
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FIGURE 4-1. Comparison of Unadjusted and Risk-Adjusted Ranking†  for High-Risk 
Medication measure among Medicare Advantage Prescription Drug plans (MA-PD) 
providers ( N =  464) 
 

(a) Rankings  

 
 
(b) Decile Rankings 

 
Note:  
† based on random-intercept model 
* High-quality rankings indicates low rate of high-risk medication use and low-quality ranking indicates high rate of high-risk medication use.  
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FIGURE 4-2. Comparison of Unadjusted and Risk-Adjusted Ranking†  for High-Risk 
Medication measure among stand-alone Prescription Drug Plans (PDP) providers ( N =  
70) 
 

(a) Rankings 

 
 

(b) Decile Rankings 

 
 
Note:  
† based on random-intercept model 
* High-quality rankings indicates low rate of high-risk medication use and low-quality ranking indicates high rate of high-risk medication use. 
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TABLE 4-3. APPENDIX 1 Medications included in the High-Risk Medication 
measure 26 

Description    Prescription Products   
Anticholinergics (exclude TCAs)       

First-generation antihistamines (as single agent 
or as part of combination products) – excludes 
OTC products 

  

- Brompheniramine,  - Cyproheptadine  - Doxylamine 
- Carbinoxamine  - Dexbrompheniramine - Hydroxyzine 
- Chlorpheniramine - Dexchlorpheniramine - Promethazine 
- Clemastine  - Diphenhydramine (oral) -Triprolidine 

Antiparkinson agents - Benztropine (oral) -Trihexyphenidyl   
Antithrombotics       

Antithrombotics - Ticlopidine* -Dipyridamole, oral short-acting (does not apply to the extended-
release combination with aspirin) 

Anti-infective       
Anti-infective - Nitrofurantoin (include when cumulative day supply is >90 days) (A)  

Cardiovascular       
Alpha blockers, Central - Guanabenz* 

- Guanfacine* 
 -Methyldopa* -Reserpine (>0.1mg/day) (B) 

Cardiovascular, other -Disopyramide* -Digoxin (>0.125mg/day) (c) -Nifedipine, immediate 
release* 

Central Nervous System       
Tertiary TCAs (as a single agent or as part of a 
combination product) 

  

- Amitriptyline - Doxepin (>6mg/day) (D) -Trimipramine 

- Clomipramine - Imipramine   
Antipsychotics, first-generation (conventional) -Thioridazine  - Mesoridazine   
Barbiturates - Amobarbital* - Mephobarbital* - Phenobarbital  

- Butabarbital* - Pentobarbital* - Secobarbital* 
  - Butalbital     

Central Nervous System, other - Chloral hydrate* - Meprobamate   

Nonbenzodiazepine hypnotics (include when 
cumulative day supply is >90 days) (E) 

- Eszopiclone - Zolpidem - Zaleplon 

Vasodilators for dementia -Ergoloid mesylates* - Isoxsuprine   

Endocrine       
Endocrine - Desiccated thyroid -Estrogens** with or without 

progesterone (oral and topical 
patch products only) 

-  Megestrol 

Sulfonylureas, long-duration - Chlorpropamide - Glyburide   

Gastrointestinal       

Gastrointestinal  - Trimethobenzamide 
 

  

Pain Medications       
Pain Medications - Meperidine - Pentazocine*   

Non-COX-selective NSAIDS*** - Indomethacin - Ketorolac   

Skeletal muscle relaxants       

Skeletal muscle relaxants (as a single agent or as 
part of a combination product) 

  

- Carisoprodol - Cyclobenzaprine - Methocarbamol 

- Chlorzoxazone - Metaxalone - Orphenadrine 

*Infrequently used drugs. 
(A) For nitrofurantoin, a patient is included in the numerator if he/she received at least two prescription fills for the medication and if the cumulative days 
supply for any nitrofurantoin product is greater than 90 days during the measurement period; (B) For reserpine, a patient is included in the numerator if he/she 
received at least two prescription fills for the medication and if the average daily dose is greater than 0.1mg; (C) For digoxin, a patient is included in the 
numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 0.125mg; (D) For doxepin, a patient is 
included in the numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 6mg. (E) The 
cumulative calculation applies to the class of nonbenzodiazepine hypnotics and not for each individual medication. A patient is included in the numerator if 
he/she received at least two prescription fills for any medication in the class and if the cumulative days supply for any product is greater than 90 days during the 
measurement period. For example, if a patient received a 30 day supply of zolpidem, a second fill for 30 days supply of zolpidem and then a fill for 35 days 
supply eszopiclone (all during the measurement period), this would qualify for inclusion in the numerator. 

 



 

 
 

148 

CHAPTER FIVE 
DISCUSSION & CONCLUSIONS 

5.1 SUMMARY OF FINDINGS  

The purpose of this dissertation was to use observational data from real-world 

evidence to provide a comprehensive view of the high-risk medication use among elderly 

individuals with Medicare prescription drug coverage (Part D) at the regional, individual, 

and contract level. Using the definition provided by the Pharmacy Quality Alliance 

(PQA), the high-risk medication use measure represents the proportion of beneficiaries in 

the sample with at least two prescription fills for the same high-risk medication. We 

answered three research questions regarding the geographic variation of high-risk 

medication use, the association of health disparities due to poor socioeconomic and 

disability status with high-risk medication use, and the impact of risk adjustment on Part 

D providers’ performance on the high-risk medication use measure. These three questions 

were investigated in beneficiaries with Medicare Advantage Prescription drug plans 

(MA-PDs) and beneficiaries with stand-along Prescription Drug Plans (PDPs) separately 

because the structures of the health plans are inherently different. Geographic variation 

and trends of high-risk medication use among MA-PDs and PDP beneficiaries was 

assessed at each hospital referral region (HRR) from 2011 to 2013. There is concern 

about how health disparities due to poor socioeconomic and disability status is associated 

with high-risk medication use. In this study, we identified those with low-income subsidy 

and/or dual eligibility (LIS/DE) status as a proxy for poor socioeconomic status. Thus, 

the second research question addressed the impact of this status on the high-risk 

medication use at beneficiaries level by controlling for beneficiaries-level characteristics 
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and between-health plan differences. Unlike the first and second research questions that 

aimed to examine the impact of geographic and individual factors on high-risk 

medication use, the last research question identified factors that may be necessary to 

create risk-adjusted score to support health plan profiling when comparing health plan 

performance on the measure. It is important to examine the impact and validity of the 

risk-adjusted performance score at the health plan level.  

The first research question of this dissertation was to estimate the geographic 

variation and trends of high-risk medication use among elderly Medicare beneficiaries 

with MA-PDs and PDPs across HRR using the national Medicare 5% claims database 

(2011-2013). Multivariable logistic regression was used to estimate adjusted annual high-

risk medication use rates across 306 Dartmouth Atlas of Health Care hospital referral 

regions (HRRs), adjusting for sociodemographic, health-status, and access-to-care 

factors. PDP beneficiaries (n=2,346,037) were more likely to be older (75.8±7.8 

vs.74.8±7.3 years), female (65% vs. 61%), white (85% vs. 82%), and have low-income-

subsidy/dual-eligibility status (28% vs. 17%) compared to MA-PD beneficiaries 

(n=1,455,553) (p<0.001). High-risk medication use significantly decreased over time 

among MA-PD beneficiaries (13.2% to 8.7%, p<0.0001) and PDP beneficiaries (15.8% 

to 11.9%, p<0.0001). The proportion of MA-PD beneficiaries who were high-risk 

medication users per HRR ranged from 4.8% to 31.7% (5th – 95th percentile, 9.2% – 

20.5%) in 2011; 4.1% to 26.0% (5th – 95th percentile, 8.0% – 16.7%) in 2012; and 3.3% 

to 20.4% (5th – 95th percentile, 5.0% - 12.6%) in 2013. The ratios of 75th-to-25th 

percentile high-risk medication use rates across HRRs were 1.43 for 2011, 1.40 for 2012, 

and 1.42 for 2013 (Figure 5-1b). The proportion of PDP beneficiaries who were high-risk 
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medication users per HRR ranged from 8.7% to 24.9% (5th – 95th percentile, 11.6% – 

22.2%) in 2011; 7.4% to 20.5% (5th – 95th percentile, 10.3% – 18.3%) in 2012; and 

6.1% to 18.9% (5th – 95th percentile, 8.8% - 16.1%) in 2013. State-level patterns were 

also identified (Figure 5-1b). Among MA-PD beneficiaries, Texas HRRs made up four of 

the top-ten HRRs with highest high-risk medication use rates in 2013. Among PDP 

beneficiaries, Louisiana HRRs made up most of the top-ten HRRs with highest high-risk 

medication use rates in 2011, 2012, and 2013. Almost HRRs on the top-ten for 2011 to 

2013 among PDPs were in the South (e.g., Alabama, Georgia, Mississippi, Oklahoma, 

Tennessee, and Texas). While, seven to eight of the top-ten HRRs for 2011 to 2013 

among MA-PDs clustered in the South and the rest were from the West. Our findings 

reveal a similar pattern to that of previous studies which identified a high prevalence of 

high-risk medication use in the South. We found that the overall rates of high-risk 

medication use among MA-PD beneficiaries were lower than for PDP beneficiaries. This 

could be explained by the characteristics of Medicare Advantage plans which are more 

comprehensive and integrated and could, in turn, could lead to a better care management. 

The unique contribution of this study was to estimate the high-risk medication use rates 

using a measure that the Centers for Medicare and Medicaid Services adopted to use 

when evaluating performance of Part D plans. Also, the decreasing trend in HRM use 

rates suggests that a measure could influence practice in the real-world setting.  
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FIGURE 5-1.  Percentage of beneficiaries receiving two or more prescription of any high-risk 
medications among beneficiaries with Medicare Advantage Prescription Drug Plan and Stand-
alone Prescription Drug Plan, 2011-2013 

a) 

 
b)  

 
Note:  The high-risk medication use rates were adjusted for age, sex, race, Part D low income subsidy/dual eligibility status, disability status, 
geographic characteristics (e.g. rural/urban continuum), clinical complexity (e.g., modified RxRisk index). MA-PD = Medicare Advantage Prescription 
Drug plan; PDP = stand-alone Prescription Drug Plan 
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The second question of this dissertation focused on assessing the high-risk 

medication use among MA-PD and PDP beneficiaries with disadvantaged status (i.e., 

low-income subsidy/dual eligibility (LIS/DE), disability) in comparison with those 

without using the national Medicare 5% claims database 2013. Multivariable Hierarchical 

logistic regression models were used to examine the impact of these statuses on high-risk 

medication use while adjusting for sociodemographic, community factors, clinical 

complexity, and between-health plan differences. MA-PD Beneficiaries with LIS/DE 

represented a high proportion of disability and lived in neighborhoods with low education 

compared with those without LIS/DE status. MA-PD Beneficiaries with disabled status 

represented a high proportion of LIS/DE and lived in neighborhoods with high proportion 

of uneducated people. Both beneficiaries with either LIS/DE or disability had higher 

clinical complexity as measured via the high modified RxRisk index. Like MA-PD 

beneficiaries, the differences in demographics and other characteristic between those with 

and without the disadvantaged status were also found among PDP beneficiaries. The odds 

of using high-risk medication among MA-PD and PDP beneficiaries with LIS/DE were 

42% and 39%, respectively, higher than those of beneficiaries without LIS/DE. The odds 

of using high-risk medication among disabled MA-PD and PDP beneficiaries were 89% 

and 90%, respectively, higher than non-disabled beneficiaries. After adjusting for 

demographic and community factors, the impact of LIS/DE and disability did not change 

noticeably. After adding clinical characteristics including number of prescribers and 

pharmacies from which beneficiaries received services and modified RxRisk-V to reflect 

clinical complexity, the odds of using high-risk medication among MA-PD and PDP 

beneficiaries with LIS/DE were 7%  and 14%, respectively, higher than those of 
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beneficiaries without LIS/DE; and the odds of using high-risk medication among disabled 

MA-PD and PDP beneficiaries were 38%  and 37%, respectively, higher than non-

disabled beneficiaries. Further, adding clinical complexity to the models improved their 

predictivity suggesting that clinical complexity may have substantial influence on the 

association between these statuses and high-risk medication use. We rejected the 

hypotheses and concluded that LIS/DE and disability had impact on likelihood of high-

risk medication use (Table 5-1).   

TABLE 5-1. Hypotheses to address the second research question  

Hypothesis P value Hypothesis 
results 

There is no difference between high-risk medication use 
between Medicare beneficiaries with and without low-income 
subsidy/dual eligibility status. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare disabled and non-disabled beneficiaries. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare beneficiaries with and without low-income 
subsidy/dual eligibility after controlling for the individual 
predisposing characteristics. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare disabled and non-disabled beneficiaries 
after controlling for the individual predisposing 
characteristics. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare beneficiaries with and without low-income 
subsidy/dual eligibility after controlling for the individual 
predisposing and geographic and community characteristics. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare disabled and non-disabled beneficiaries 
after controlling for the individual predisposing and 
geographic and community characteristics. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare beneficiaries with and without low-income 
subsidy/dual eligibility after controlling for the individual 
predisposing and geographic and community characteristics,  
and need characteristics. 

<0.001 Reject 

There is no difference between high-risk medication use 
between Medicare disabled and non-disabled beneficiaries 

<0.001 Reject 
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after controlling for the individual predisposing, geographic 
and community characteristics, and need characteristics. 

 
  The third research of this dissertation used the same database to identify variables 

for risk adjustment and to examine the impact of risk adjustment on health plan 

performance of the high-risk medication measure. Traditional multivariable logistic 

regressions were performed to identify appreciate variables for risk adjustment using the 

stepwise method. The risk-adjusted high-risk medication performance scores for each 

health plan were obtained using hierarchical or mixed-effect logistic regression models 

with a random intercept. Unadjusted and risk-adjusted rankings were compared using 

Cohen’s kappa to demonstrate convergent validity of models.  The selected variables for 

risk adjustment included age, gender, race/ethnicity, LIS/DE, disability, number of 

prescribers, number of pharmacies, and modified RxRisk-V index. The c-statistic were 

0.72 and 0.71 suggesting acceptably good predictivity of the risk-adjustment models 

among MA-PD and PDP beneficiaries, respectively. There were some movement of 

rankings detected after risk adjustment (Figure 5-2). The directionality was the same as 

demonstrated by Cohen’s kappa. This indicate acceptably convergent validity. However, 

since the agreement were less than 0.7 suggesting there may be a need to consider risk 

adjustment when comparing performance of high-risk medication use among MA-PD and 

PDP providers for a fair comparison.  
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FIGURE 5-2. Comparison of Unadjusted and Risk-Adjusted Ranking* for High-
Risk Medication measure among Medicare Advantage Prescription Drug Plan (MA-
PD) and Stand-alone Prescription Drug Plan (PDP) providers 

 

MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug Plan.  
* High-quality rankings indicates low rate of high-risk medication use and low-quality ranking indicates high rate of high-risk 
medication use.  
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5.2 CONCLUSIONS  

This dissertation, which assessed the factors associated with a high-risk 

medication measure among both older MA-PD and PDP individuals aged more than or 

equal to 65 years from individual, geographic, and contract perspectives, supports the 

development of risk-adjustment for the measure. We found that there was geographic 

variation in high-risk medication use among older adults in Medicare, regardless of 

prescription drug plans. Most areas of concern were located in the South.  The differences 

in high-risk medication use among older adults Medicare beneficiaries with and without 

LIS/DE and disability were significant. In addition, adjusting for clinical complexity have 

a considerable impact of the relationship between high-risk medication use and status 

regarding poor socioeconomic status and disability. The likelihood of high-risk 

medication use was mainly influenced by demographic, socioeconomic, disability, and 

need factors such as clinical complexity and therefore these factors are recommended for 

inclusion in a risk adjustment model for the high-risk medication measure. The impact of 

risk adjustment was revealed in this study suggesting the need to develop a well-validated 

risk adjustment when comparing health plan performance for the high-risk medication 

use measure.  
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5.3 IMPLICATIONS OF THE STUDY  

The findings from our three research questions have significant implications.  

Part D sponsors should use more targeted interventions based on geographic areas to 

reduce the use of high-risk medications.  

 Medication reconciliation, promoting comprehensive medication review, and use 

of medication therapy management services could help with this geographical targeting. 

This study can help Medicare Part D providers be aware that some beneficiaries may 

require more attention from providers to avoid the use of high-risk mediation. Part D 

contracts are recommended to include this determinant in their algorithm for identify 

these high-risk populations. Not only should patient geographic location be added but 

low-income subsidy, dual eligibility, and disability status should be considered for 

inclusion in algorithms to help health plan providers target this population so that 

prescribers can be contacted in a timely manner and use of high-risk medications 

prevented. Medication Therapy Management (MTM) is an important strategy that health 

plan providers are using to provide medication consultation for patients who are at risk of 

adverse drug events and high drug cost spending. As required by CMS, Comprehensive 

Medication Reviews (CMRs) are one of the services MTM providers use during 

medication consultation. CMRs can help plans prevent the use of high-risk medications 

in older adult beneficiaries.  

 

An integrated care model that limits number of physicians and pharmacies that 

beneficiaries use is encouraged  
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 Based on the second and third research questions, the number of physicians and 

pharmacies were identified as significant determinants contributing to the likelihood of 

high-risk medication use. Unlike the clinical condition reflected through the RxRisk-V, 

these two factors can be controlled.  Follow the Integrated Delivery System (IDS) model 

may somehow limits number of physicians and pharmacies in a system and reduce the 

use of inappropriate medications such as high-risk medications. 

 

There is a need for diagnostic codes to be available in pharmacy claims files  

The Risk adjustment study reveal that clinical complexity is an important 

determinant contributing to high-risk medication use. Although we use RxRisk-V and 

modified the RxRisk-V to avoid double counting medications that were also listed as 

high-risk medications, the scores may not accurately reflect patient clinical conditions. In 

addition, making diagnostic codes available may not only benefit risk adjustment but may 

also help pharmacists better understand the patients conditions during MTM intervention.  
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5.4 LIMITATIONS  

Findings from this study should be interpreted with caution as there are some 

limitations. First, using claims data implies that the study validity is affected by 

limitations related to secondary data sources. We relied on the assumption where filled 

medications were consumed as prescribed. Medications that patient paid out-of-pocket 

were not available in claims and therefore could lead to an underestimate of high-risk 

medication use rates. The reasons why certain high-risk prescriptions may have been 

justified are not be captured in claims databases. There might be some instance where a 

patient had been taking a high-risk medication regularly without any complications. 

When he or she turned 65, the physician decided to continue prescribing the same 

medication prescribe as oppose to switching to an alternative to maintain the patient’s 

compliance to the medication. In this case, the patient should be counted as a numerator 

for high-risk medication rate. It could lead over estimation of high-risk medication use 

among this type of population.  

There is also a specific limitation related to using only prescription claims is 

unavailability of diagnoses information to examine clinical complexity. However, we 

attempted to use RxRisk-V index to reflect clinical complexity when ICD-9-CM were not 

available and we also used number of prescribers and pharmacies where beneficiaries 

received health care services to indicate beneficiaries’ clinical needs.  We used low-

income subsidy and/or dual eligibility status to reflect poor socioeconomic status. 

Although the variable may not be an accurate indicator, it is the most appropriate variable 

that is available and stated as a main component of socioeconomics status (National 

Quality Forum, 2014). Second, although we have identified several determinants that 
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potentially associated with the use of high-risk medication. There could be some other 

unmeasured or unobservable determinants that have not been investigated. There may 

also be other important health-plan level and beneficiaries-level determinants that are not 

reliably captured in the prescription file or other important factors that not included in the 

datasets. Third, the study design was cross-sectional study where causation could not be 

investigated to identify factors leading to high-risk medication exposure. It is possible 

that, for example, the patient was prescribed to same high-risk medication twice during 

the first half of the year but visited a number of pharmacies during the second half of the 

year. 

Fourth, this dissertation has some limitations in term of generalizability. As we 

excluded, for example, those who were not enrolled in any health plans continuously, 

those who switched health plans, or those who were not US citizens, our findings may 

not be generalizable to these beneficiaries. For the second and third research question 

(Aim 2 and Aim 3), our finding may also not generalizable to those enrolled in health 

plans that had less than 30 members. Furthermore, the findings may not reflect current 

prevalence as we used data from 2011 to 2013 to address the first research question and 

used data from 2013 to address the second and third research questions. It is worth noting 

that out study was carried out using 2013 Medicare prescription claims data. Since there 

have been changes with respect to the category of the high-risk medication use measure 

to display categories, the findings may be different if newer data were used.  Specially, 

the high-risk medication use measure is no longer involved within calculating Part D plan 

bonus payments. There may be demographic and other determinants that were not 

available in our dataset and are usually not available in claims data. Last, there is another 
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limitation that is specific for the third research question. Like most studies using risk 

adjustment methods, there were no true quality rankings that can be used to compare the 

findings from the risk adjustment methods. This limitation stemmed from the lack of a 

“gold standard” to verify the measure. Therefore, this impacts the criterion validity of the 

risk-adjusted measure.  
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5.5 FUTURE RESEARCH  
Important opportunities exist to understand the high-risk medication use 

geographically and individually and improve the risk adjustment models for the high-risk 

medication measure. Future studies should be conducted to overcome the limitations of 

this dissertation and to cover the questions not yet addressed.  

To better identify the factors related to the use of high-risk medication to better 

understand the causation, future should define timelines for baseline, index dates, and 

follow-up to demonstrate causation. To overcome the limitation of not having some 

information such as diagnostic codes or physicians’ notes to determine when prescribing 

a high-risk medication is justified, it is recommended that future studies utilize a database 

from an integrated health system that has complete information from all points of care are 

available.  Furthermore, a survey or interview study design may be helpful for obtaining 

the information regarding prescribing decision making.  Patients also have options to 

purchase medications out-of-pocket. This information is not captured in claims data. We 

recommend future research to conduct to qualitative study or survey to obtain how often 

and why patients would do so. For the second and third question, health-plan level 

characteristics such as number of members or subtypes of health plans were not included 

in the dissertation, thus future research should investigate to what extent these variables 

contribute to the likelihood of high-risk medication use at both beneficiary level and 

health plan level. The instrumental variable method is recommended to overcome the 

limitations where some unmeasurable confounders may have significant influence on the 

outcome.  

The dissertation has some generalizability issues.  It is recommended for future 

research to focus on some specific population that were excluded from the dissertation 
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such as Medicare Part D beneficiaries who switched plan during the measurement year or 

those who stopped enrollment. The analysis may also find out what common 

denominators there are among this population and whether they influence the results. In 

addition to generalizability issue, there is a generalizability issue related to timeframe. 

This study used data from 2011-2013 when the high-risk medication measure was a part 

of Centers for Medicare and Medicaid Services’ Star Rating system. It is recommended 

for future studies to use database that were more current to reflect the situation of high-

risk medication use, specifically after the measure was moved to the display category.  

Not only do we recommended further investigations due to the limitations of this 

dissertation, the findings from this dissertation also identified additional research gaps for 

future research. For aim1, the map presenting high-risk medication looked like the map 

presenting geographic variation in Medicare prescription drug spending. Future research 

should focus on finding the association between Medicare spending and high-risk 

medication use. This could reflect on the inefficiency of Medicare spending on patient 

safety and quality improvement in those locations with high rates of the high-risk 

medication use. Per the Pharmacy Quality Alliance’s definition of the high-risk 

medication measure, the investigation of each high-risk medication or each class of high-

risk medication was not covered in this dissertation. Therefore, future research should 

investigate more to identify which medication or therapeutic classes were of most 

concern. The study aimed to describe the geographic variation and pattern of high-risk 

medication in three separate years. However, a statistical trend analysis was not 

addressed and therefore is recommended to be performed in future research. It is worth to 

consider looking at the trend of each hospital referral regions as well.  
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For the third research question, the risk-adjustment score for the measure was 

developed. However, there are some opportunity left to investigate. Like other 

measurement development, psychometric properties should be investigated to ensure the 

measure or instrument perform in the direction that they are designed for. Variables were 

identified using a statistical model. However, the perspective from clinicians and patients 

should be incorporated as evidence of content validity. Future research should try using a 

qualitative study design to examine additional data in this regard. The third research 

study aimed to compare the risk-adjusted scores from a regression-based model. This 

method is not the method that CMS currently uses for risk adjustment. Therefore, it is 

recommended for future research to incorporate the CMS’s method and compare with the 

regression-based method. Criteria validity is an important type of validity that required a 

“gold standard.” The future research should identify appropriate outcome that the high-

risk medication measure was originally designed to reflect. It could be mortality, hospital 

readmission or falls, for instance. Finally, regardless of whether unadjusted or adjusted, 

all psychometric properties test for this high-risk medication measure is warranted. 
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APPENDIX A.  
High-Risk Medications used to calculate the Centers for Medicare and Medicaid Services 2015 Star 
Rating using 2013 Part D event file data (Pharmacy Quality Alliance, 2015). 
 

Description    Prescription Products   
Anticholinergics (exclude TCAs)       

First-generation antihistamines (as single agent 
or as part of combination products) – excludes 
OTC products 

  

- Brompheniramine,  - Cyproheptadine  - Doxylamine 
- Carbinoxamine  - Dexbrompheniramine - Hydroxyzine 
- Chlorpheniramine - Dexchlorpheniramine - Promethazine 
- Clemastine  - Diphenhydramine (oral) -Triprolidine 

Antiparkinson agents - Benztropine (oral) -Trihexyphenidyl   
Antithrombotics       

Antithrombotics - Ticlopidine* -Dipyridamole, oral short-acting (does not apply to the extended-
release combination with aspirin) 

Anti-infective       
Anti-infective - Nitrofurantoin (include when cumulative day supply is >90 days) (A)  

Cardiovascular       
Alpha blockers, Central - Guanabenz* 

- Guanfacine* 
 -Methyldopa* -Reserpine (>0.1mg/day) (B) 

Cardiovascular, other -Disopyramide* -Digoxin (>0.125mg/day) (c) -Nifedipine, immediate 
release* 

Central Nervous System       
Tertiary TCAs (as a single agent or as part of a 
combination product) 

  

- Amitriptyline - Doxepin (>6mg/day) (D) -Trimipramine 

- Clomipramine - Imipramine   
Antipsychotics, first-generation (conventional) -Thioridazine  - Mesoridazine   
Barbiturates - Amobarbital* - Mephobarbital* - Phenobarbital  

- Butabarbital* - Pentobarbital* - Secobarbital* 
  - Butalbital     

Central Nervous System, other - Chloral hydrate* - Meprobamate   

Nonbenzodiazepine hypnotics (include when 
cumulative day supply is >90 days) (E) 

- Eszopiclone - Zolpidem - Zaleplon 

Vasodilators for dementia -Ergoloid mesylates* - Isoxsuprine   

Endocrine       
Endocrine - Desiccated thyroid -Estrogens** with or without 

progesterone (oral and topical 
patch products only) 

-  Megestrol 

Sulfonylureas, long-duration - Chlorpropamide - Glyburide   

Gastrointestinal       

Gastrointestinal  - Trimethobenzamide 
 

  

Pain Medications       
Pain Medications - Meperidine - Pentazocine*   

Non-COX-selective NSAIDS*** - Indomethacin - Ketorolac   

Skeletal muscle relaxants       

Skeletal muscle relaxants (as a single agent or as 
part of a combination product) 

  

- Carisoprodol - Cyclobenzaprine - Methocarbamol 

- Chlorzoxazone - Metaxalone - Orphenadrine 

*Infrequently used drugs. 
(A) For nitrofurantoin, a patient is included in the numerator if he/she received at least two prescription fills for the medication and if the cumulative days 
supply for any nitrofurantoin product is greater than 90 days during the measurement period; (B) For reserpine, a patient is included in the numerator if he/she 
received at least two prescription fills for the medication and if the average daily dose is greater than 0.1mg; (C) For digoxin, a patient is included in the 
numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 0.125mg; (D) For doxepin, a patient is 
included in the numerator if he/she received at least two prescription fills for the medication and if the average daily dose is greater than 6mg. (E) The 
cumulative calculation applies to the class of nonbenzodiazepine hypnotics and not for each individual medication. A patient is included in the numerator if 
he/she received at least two prescription fills for any medication in the class and if the cumulative days supply for any product is greater than 90 days during the 
measurement period. For example, if a patient received a 30 day supply of zolpidem, a second fill for 30 days supply of zolpidem and then a fill for 35 days 
supply eszopiclone (all during the measurement period), this would qualify for inclusion in the numerator. 
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APPENDIX B.  
Utilization pattern of high-risk medications by therapeutic class, 2011 – 2013  

MA-PD HRM users  PDP HRM users 
HRM Therapeutic class 2011 

(N = 66,220) 
2012 

(N = 62,881) 
2013 

(N = 53,699) 
 2011 

(N = 129,351) 
2012 

(N = 122,335) 
2013 

(N = 124,763) 
Anticholinergics (exclude TCAs) 11.2% 8.8% 8.8%  15.2% 12.5% 13.1% 
Anti-thrombotics 1.2% 0.8% 0.6%  1.0% 0.7% 0.6% 
Anti-infective 2.6% 2.1% 2.1%  3.7% 3.3% 3.3% 
Cardiovascular 7.7% 7.9% 8.1%  7.6% 7.6% 7.4% 
Central Nervous System 34.2% 38.4% 41.1%  36.3% 39.7% 40.5% 
Endocrine 35.3% 36.2% 33.2%  32.3% 32.7% 30.4% 
Gastrointestinal 0.1% 0.1% 0.04%  0.1% 0.1% 0.04% 
Pain Medications 4.1% 3.9% 3.8%  3.3% (3.0% 2.8 
Skeletal muscle relaxants 16.0% 12.3% 11.4%  15.8% 13.3% 13.9 

Note: HRM = High-risk medication; MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plana Individual HRM users could have exposed to multiple 
HRM therapeutic classes; therefore, numbers do not add up to total numbers. 
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APPENDIX C.  
High-Risk Medication use measure for each Dartmouth Atlas of Healthcare Hospital 
Referral Regions (HRR) by year 
 

  HRR MA-PD 
 

PDP 
 ID City State 2011 2012 2013 

 
2011 2012 2013 

1 Birmingham AL 19.0% 16.5% 11.0%  20.9% 18.0% 15.9% 
2 Dothan AL 19.0% 12.6% 9.3%  20.3% 18.3% 16.4% 
5 Huntsville AL 19.2% 13.8% 11.6%  19.0% 16.7% 14.1% 
6 Mobile AL 19.2% 15.5% 11.0%  19.9% 17.2% 16.0% 
7 Montgomery AL 18.0% 15.4% 10.7%  19.7% 16.4% 15.4% 
9 Tuscaloosa AL 22.1% 21.6% 14.7%  22.5% 19.6% 17.9% 
10 Anchorage AK 31.7% 15.4% 5.6%  14.1% 14.4% 10.7% 
11 Mesa AZ 13.1% 12.5% 9.7%  15.2% 12.2% 11.4% 
12 Phoenix AZ 14.6% 13.3% 10.3%  16.9% 15.0% 12.4% 
14 Sun City AZ 12.3% 11.5% 9.2%  14.7% 12.9% 11.3% 
15 Tucson AZ 14.4% 13.6% 9.9%  17.8% 14.7% 13.0% 
16 Fort Smith AR 16.5% 13.9% 8.3%  20.8% 17.6% 14.0% 
18 Jonesboro AR 20.3% 8.9% 8.7%  22.4% 17.3% 13.6% 
19 Little Rock AR 17.7% 13.5% 9.8%  20.6% 16.6% 13.4% 
21 Springdale AR 15.9% 10.9% 5.9%  18.9% 14.5% 12.8% 
22 Texarkana AR 20.4% 13.1% 8.9%  23.9% 16.7% 14.4% 
23 Orange County CA 13.7% 12.0% 8.5%  20.4% 18.2% 15.1% 
25 Bakersfield CA 14.1% 11.5% 7.7%  20.1% 16.4% 12.8% 
31 Chico CA 13.5% 6.3% 3.5%  20.4% 17.2% 14.9% 
33 Contra Costa CA 9.1% 8.6% 6.9%  18.3% 16.6% 15.0% 
43 Fresno CA 13.3% 10.0% 6.6%  17.5% 14.2% 12.4% 
56 Los Angeles CA 11.4% 9.8% 7.0%  18.8% 16.9% 14.2% 
58 Modesto CA 14.7% 13.3% 11.8%  18.1% 15.2% 12.6% 
62 Napa CA 12.7% 10.0% 8.3%  17.1% 15.2% 13.3% 
65 Alameda Count CA 9.3% 7.9% 6.7%  16.3% 13.9% 11.7% 
69 Palm Springs/ CA 16.2% 13.7% 11.9%  20.7% 16.9% 15.5% 
73 Redding CA 18.1% 16.7% 13.8%  19.0% 16.8% 13.8% 
77 Sacramento CA 12.0% 10.7% 8.7%  17.0% 14.8% 11.9% 
78 Salinas CA 14.9% 10.9% 10.8%  16.7% 13.9% 11.9% 
79 San Bernardino CA 14.3% 12.2% 9.0%  18.2% 15.3% 13.6% 
80 San Diego CA 12.9% 11.8% 8.8%  14.9% 13.8% 12.1% 
81 San Francisco CA 8.6% 8.5% 6.3%  15.0% 12.8% 12.2% 
82 San Jose CA 9.3% 8.8% 6.1%  16.1% 13.9% 11.0% 
83 San Luis Obis CA 19.2% 15.7% 12.5%  17.3% 13.6% 11.7% 
85 San Mateo County CA 10.0% 8.6% 7.5%  13.5% 13.0% 11.4% 
86 Santa Barbara CA 17.3% 17.7% 15.2%  18.1% 15.9% 13.4% 
87 Santa Cruz CA 19.5% 14.6% 5.5%  21.3% 17.0% 14.4% 
89 Santa Rosa CA 9.5% 8.7% 6.8%  16.9% 17.0% 14.5% 
91 Stockton CA 12.5% 9.6% 8.9%  18.6% 15.1% 12.5% 
96 Ventura CA 13.6% 10.9% 8.2%  16.7% 16.0% 13.9% 
101 Boulder CO 12.0% 9.6% 7.9%  15.7% 12.6% 13.9% 
102 Colorado Springs CO 15.7% 12.4% 9.8%  14.1% 13.1% 10.4% 
103 Denver CO 13.0% 11.4% 8.9%  17.2% 15.5% 13.5% 
104 Fort Collins CO 18.7% 12.4% 8.2%  15.0% 11.9% 11.0% 
105 Grand Junction CO 17.4% 15.3% 12.8%  17.2% 14.6% 10.1% 
106 Greeley CO 14.2% 11.7% 6.7%  15.7% 13.6% 11.6% 
107 Pueblo CO 15.0% 10.9% 8.9%  17.6% 17.4% 13.2% 
109 Bridgeport CT 12.2% 10.4% 8.4%  12.2% 10.1% 9.2% 
110 Hartford CT 12.1% 9.7% 8.2%  13.0% 11.1% 9.8% 
111 New Haven CT 12.9% 11.0% 8.3%  12.0% 9.8% 8.9% 
112 Wilmington DE 11.9% 12.5% 8.2%  12.3% 11.5% 10.1% 
113 Washington DC 8.9% 6.6% 6.3%  14.1% 12.6% 11.1% 
115 Bradenton FL 13.0% 13.7% 8.9%  16.1% 13.6% 12.1% 
116 Clearwater FL 15.0% 12.3% 8.1%  17.8% 16.1% 13.0% 
118 Fort Lauderdale FL 13.9% 11.4% 6.0%  15.9% 13.9% 11.8% 
119 Fort Myers FL 14.8% 14.1% 11.2%  16.8% 14.3% 12.4% 
120 Gainesville FL 10.0% 10.5% 7.5%  15.7% 14.1% 11.6% 
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122 Hudson FL 15.1% 12.9% 7.6%  14.2% 13.0% 12.1% 
123 Jacksonville FL 14.6% 13.0% 10.3%  17.1% 14.9% 13.2% 
124 Lakeland FL 15.4% 15.2% 11.3%  18.1% 15.4% 13.0% 
127 Miami FL 14.1% 11.9% 6.2%  18.8% 15.8% 13.4% 
129 Ocala FL 14.9% 12.9% 10.4%  16.2% 14.3% 12.9% 
130 Orlando FL 14.1% 11.7% 7.5%  15.6% 13.4% 11.5% 
131 Ormond Beach FL 17.9% 14.1% 8.4%  17.8% 15.4% 13.1% 
133 Panama City FL 14.1% 8.3% 7.3%  18.7% 16.2% 12.2% 
134 Pensacola FL 18.2% 13.9% 10.6%  21.5% 17.4% 15.8% 
137 Sarasota FL 13.0% 14.4% 11.9%  17.4% 15.1% 13.6% 
139 St. Petersburg FL 16.7% 13.8% 8.0%  17.8% 14.6% 12.0% 
140 Tallahassee FL 17.4% 14.6% 10.0%  20.4% 18.3% 16.1% 
141 Tampa FL 13.9% 10.9% 6.7%  15.2% 13.6% 10.5% 
142 Albany GA 20.1% 13.4% 12.6%  19.1% 13.5% 14.6% 
144 Atlanta GA 14.8% 13.1% 10.4%  17.5% 15.2% 13.3% 
145 Augusta GA 22.1% 19.2% 14.7%  20.8% 18.4% 14.9% 
146 Columbus GA 17.6% 14.3% 11.5%  20.0% 16.0% 14.3% 
147 Macon GA 18.1% 16.3% 13.7%  19.7% 17.3% 14.5% 
148 Rome GA 20.2% 15.2% 11.3%  18.3% 15.6% 13.6% 
149 Savannah GA 16.8% 13.9% 10.7%  19.7% 17.7% 14.5% 
150 Honolulu HI 12.3% 11.5% 8.3%  15.2% 15.2% 10.4% 
151 Boise ID 15.7% 14.7% 12.3%  19.4% 15.2% 12.8% 
152 Idaho Falls ID 15.6% 11.6% 9.8%  15.7% 13.2% 10.8% 
154 Aurora IL 15.3% 14.3% 3.9%  13.6% 11.4% 10.0% 
155 Blue Island IL 15.3% 10.6% 6.6%  12.6% 10.9% 10.3% 
156 Chicago IL 11.8% 9.3% 6.0%  13.4% 12.3% 10.6% 
158 Elgin IL 14.8% 10.5% 5.4%  14.2% 12.8% 10.8% 
161 Evanston IL 13.9% 9.4% 5.8%  14.3% 12.7% 11.9% 
163 Hinsdale IL 10.7% 7.9% 4.7%  12.6% 10.2% 8.7% 
164 Joliet IL 7.8% 8.4% 5.4%  13.3% 10.7% 9.7% 
166 Melrose Park IL 15.1% 11.1% 5.9%  13.1% 11.2% 10.0% 
170 Peoria IL 11.3% 10.2% 6.2%  13.5% 12.1% 10.7% 
171 Rockford IL 14.6% 9.6% 6.0%  12.1% 10.4% 9.8% 
172 Springfield IL 10.4% 8.0% 4.4%  13.4% 12.5% 11.2% 
173 Urbana IL 11.5% 12.8% 8.9%  13.6% 12.5% 10.4% 
175 Bloomington IL 7.5% 8.8% 7.2%  12.6% 11.8% 9.7% 
179 Evansville IN 14.6% 11.4% 7.2%  16.8% 15.1% 12.6% 
180 Fort Wayne IN 14.3% 11.9% 9.0%  14.1% 11.8% 10.3% 
181 Gary IN 11.4% 11.9% 6.6%  13.4% 12.6% 10.9% 
183 Indianapolis IN 13.4% 11.3% 8.6%  14.7% 12.6% 10.9% 
184 Lafayette IN 9.6% 5.6% 4.4%  13.5% 10.7% 9.6% 
185 Muncie IN 14.6% 12.5% 7.4%  15.6% 12.9% 11.5% 
186 Munster IN 16.0% 14.1% 9.1%  14.8% 12.9% 10.9% 
187 South Bend IN 11.5% 11.4% 7.8%  13.5% 11.7% 10.7% 
188 Terre Haute IN 17.7% 13.1% 8.0%  14.2% 12.6% 10.3% 
190 Cedar Rapids IA 14.0% 12.1% 8.0%  12.5% 12.0% 9.4% 
191 Davenport IA 11.4% 11.8% 9.3%  13.6% 12.0% 10.6% 
192 Des Moines IA 14.4% 11.9% 8.0%  13.2% 12.3% 10.6% 
193 Dubuque IA 4.8% 17.2% 13.7%  10.8% 8.9% 8.2% 
194 Iowa City IA 12.1% 12.0% 9.9%  13.5% 11.9% 9.5% 
195 Mason City IA 12.4% 4.1% 7.4%  11.1% 9.2% 8.7% 
196 Sioux City IA 11.4% 9.3% 5.7%  15.4% 12.7% 11.3% 
197 Waterloo IA 13.2% 9.0% 7.5%  14.7% 11.5% 10.5% 
200 Topeka KS 15.9% 10.4% 6.9%  15.4% 14.2% 11.3% 
201 Wichita KS 18.9% 15.5% 9.2%  19.8% 16.7% 13.9% 
203 Covington KY 15.4% 10.9% 8.1%  16.0% 13.3% 11.7% 
204 Lexington KY 14.8% 12.0% 8.6%  18.3% 15.6% 13.6% 
205 Louisville KY 16.0% 11.8% 8.4%  17.7% 15.3% 12.5% 
207 Owensboro KY 18.3% 19.1% 11.0%  21.1% 16.7% 13.8% 
208 Paducah KY 18.8% 15.6% 9.4%  20.7% 17.0% 15.1% 
209 Alexandria LA 21.3% 12.7% 7.8%  21.9% 20.1% 18.8% 
210 Baton Rouge LA 19.7% 14.1% 7.8%  22.0% 18.2% 16.3% 
212 Houma LA 20.2% 14.0% 7.8%  18.4% 16.5% 13.3% 
213 Lafayette LA 22.1% 17.9% 9.6%  22.2% 18.6% 16.6% 
214 Lake Charles LA 18.1% 14.9% 5.0%  22.6% 20.4% 18.6% 
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216 Metairie LA 18.6% 12.8% 6.5%  20.9% 18.4% 16.7% 
217 Monroe LA 18.4% 13.1% 9.8%  24.9% 20.5% 17.4% 
218 New Orleans LA 20.5% 12.3% 6.8%  21.7% 16.6% 14.2% 
219 Shreveport LA 18.1% 13.1% 7.7%  23.4% 19.4% 17.1% 
220 Slidell LA 18.9% 11.8% 5.9%  23.3% 17.6% 18.0% 
221 Bangor ME 12.0% 12.8% 8.9%  14.5% 12.1% 10.9% 
222 Portland ME 11.6% 10.1% 7.9%  13.4% 11.7% 10.5% 
223 Baltimore MD 11.1% 8.7% 7.7%  13.4% 11.8% 10.3% 
225 Salisbury MD 5.1% 7.1% 3.5%  12.5% 10.7% 8.7% 
226 Takoma Park MD 8.0% 5.1% 4.7%  11.3% 11.1% 9.7% 
227 Boston MA 9.7% 8.5% 7.6%  11.3% 9.4% 8.1% 
230 Springfield MA 11.7% 9.7% 9.3%  14.5% 12.6% 10.1% 
231 Worcester MA 12.2% 11.4% 9.9%  11.8% 10.3% 8.9% 
232 Ann Arbor MI 11.8% 10.4% 7.7%  11.6% 10.1% 9.1% 
233 Dearborn MI 13.2% 9.4% 7.1%  13.6% 11.6% 11.1% 
234 Detroit MI 11.8% 11.0% 8.1%  14.6% 12.0% 11.1% 
235 Flint MI 10.6% 10.3% 6.6%  12.4% 10.7% 10.7% 
236 Grand Rapids MI 12.0% 8.1% 6.5%  13.0% 11.7% 10.0% 
238 Kalamazoo MI 11.9% 8.6% 5.7%  13.8% 12.6% 10.1% 
239 Lansing MI 10.3% 9.5% 6.0%  11.2% 10.5% 10.3% 
240 Marquette MI 9.2% 7.2% 7.8%  11.7% 11.9% 8.5% 
242 Muskegon MI 14.7% 9.8% 8.2%  14.8% 13.7% 10.5% 
243 Petoskey MI 9.2% 9.1% 6.2%  14.6% 12.1% 9.9% 
244 Pontiac MI 10.2% 9.1% 6.8%  12.1% 11.3% 10.1% 
245 Royal Oak MI 10.2% 9.2% 7.9%  13.4% 11.1% 9.5% 
246 Saginaw MI 13.1% 9.7% 6.2%  11.5% 10.5% 10.7% 
248 St. Joseph MI 9.5% 8.8% 8.3%  13.0% 11.2% 8.4% 
249 Traverse City MI 12.3% 12.1% 9.7%  12.5% 11.4% 10.2% 
250 Duluth MN 13.5% 12.1% 7.4%  11.3% 9.9% 8.9% 
251 Minneapolis MN 10.5% 9.5% 6.8%  12.2% 10.9% 9.6% 
253 Rochester MN 8.2% 6.7% 6.1%  11.9% 10.3% 8.8% 
254 St. Cloud MN 10.3% 7.3% 4.5%  11.7% 10.4% 6.9% 
256 St. Paul MN 10.3% 9.5% 7.7%  12.9% 11.3% 9.7% 
257 Gulfport MS 19.9% 10.7% 4.7%  19.0% 13.8% 13.7% 
258 Hattiesburg MS 23.4% 12.8% 7.9%  23.0% 18.1% 16.0% 
259 Jackson MS 20.2% 13.8% 9.9%  23.0% 19.2% 16.5% 
260 Meridian MS 22.0% 16.5% 12.5%  23.6% 17.4% 15.4% 
261 Oxford MS 25.2% 21.0% 11.7%  15.7% 13.3% 10.9% 
262 Tupelo MS 16.8% 11.2% 5.9%  21.1% 16.3% 13.4% 
263 Cape Girardea MO 14.6% 12.5% 7.7%  17.8% 15.6% 12.8% 
264 Columbia MO 13.8% 12.4% 8.4%  15.3% 13.3% 10.7% 
267 Joplin MO 9.6% 8.6% 7.5%  19.7% 16.2% 14.2% 
268 Kansas City MO 13.8% 12.2% 7.7%  16.5% 14.1% 12.0% 
270 Springfield MO 15.7% 13.7% 9.4%  17.7% 13.9% 11.2% 
273 St. Louis MO 13.5% 11.9% 8.5%  15.0% 12.8% 11.2% 
274 Billings MT 14.4% 10.7% 10.3%  15.3% 12.6% 10.6% 
275 Great Falls MT 21.3% 15.0% 7.2%  15.0% 12.1% 9.8% 
276 Missoula MT 16.2% 13.1% 7.5%  16.3% 13.0% 10.4% 
277 Lincoln NE 10.6% 9.9% 8.3%  14.3% 11.7% 10.7% 
278 Omaha NE 12.0% 11.6% 9.7%  13.6% 11.7% 9.7% 
279 Las Vegas NV 14.8% 12.7% 7.3%  17.6% 15.5% 12.1% 
280 Reno NV 15.2% 13.7% 11.6%  19.7% 16.0% 13.3% 
281 Lebanon NH 10.5% 8.5% 8.3%  12.8% 12.0% 10.4% 
282 Manchester NH 12.8% 10.9% 9.1%  11.6% 10.7% 10.7% 
283 Camden NJ 10.2% 9.4% 7.8%  11.4% 10.1% 9.0% 
284 Hackensack NJ 11.2% 10.5% 9.2%  13.4% 12.1% 11.1% 
285 Morristown NJ 10.8% 10.7% 9.0%  11.7% 10.9% 10.3% 
288 New Brunswick NJ 12.9% 11.6% 8.1%  13.3% 10.7% 10.2% 
289 Newark NJ 12.1% 11.1% 11.4%  14.6% 12.9% 12.4% 
291 Paterson NJ 11.5% 13.4% 11.5%  16.2% 13.3% 11.2% 
292 Ridgewood NJ 7.4% 8.0% 9.1%  10.8% 11.5% 11.2% 
293 Albuquerque NM 14.4% 10.8% 8.7%  15.5% 12.9% 11.5% 
295 Albany NY 9.9% 9.2% 7.2%  10.8% 9.7% 9.4% 
296 Binghamton NY 10.7% 8.8% 6.7%  11.8% 10.8% 9.6% 
297 Bronx NY 13.3% 11.7% 8.7%  14.9% 12.6% 11.1% 
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299 Buffalo NY 13.2% 11.5% 10.2%  14.1% 12.3% 10.9% 
300 Elmira NY 11.2% 10.6% 8.3%  12.8% 12.2% 10.7% 
301 East Long Isl NY 11.2% 9.9% 8.2%  12.4% 11.0% 10.0% 
303 Manhattan NY 11.8% 10.2% 7.9%  14.7% 13.0% 12.1% 
304 Rochester NY 12.4% 11.7% 10.2%  13.4% 12.9% 10.9% 
307 Syracuse NY 9.6% 9.8% 7.3%  11.1% 10.6% 10.3% 
308 White Plains NY 10.4% 10.2% 8.4%  13.6% 11.5% 10.9% 
309 Asheville NC 15.9% 13.4% 10.0%  19.1% 15.7% 15.4% 
311 Charlotte NC 15.1% 12.7% 10.0%  17.2% 14.7% 12.4% 
312 Durham NC 15.7% 13.5% 10.6%  16.0% 12.9% 11.9% 
313 Greensboro NC 17.8% 14.7% 12.3%  19.8% 15.9% 12.9% 
314 Greenville NC 17.4% 16.6% 10.9%  16.9% 14.1% 12.9% 
315 Hickory NC 18.8% 15.7% 12.3%  17.8% 14.3% 12.3% 
318 Raleigh NC 14.2% 12.9% 9.5%  16.6% 15.0% 12.5% 
319 Wilmington NC 18.8% 15.7% 11.1%  19.1% 15.2% 14.1% 
320 Winston-Salem NC 15.4% 13.8% 11.6%  16.6% 14.8% 12.8% 
321 Bismarck ND 19.1% 16.7% 10.4%  12.6% 11.4% 10.3% 
322 Fargo/Moorhead ND 11.8% 9.8% 7.8%  13.3% 11.3% 9.9% 
323 Grand Forks ND 15.7% 14.8% 11.0%  14.4% 13.9% 11.7% 
324 Minot ND 8.3% 5.3% 3.3%  13.0% 12.8% 10.6% 
325 Akron OH 14.0% 11.5% 8.0%  11.6% 10.8% 10.3% 
326 Canton OH 12.4% 12.0% 7.9%  14.4% 12.5% 11.1% 
327 Cincinnati OH 14.7% 12.1% 9.3%  16.3% 13.8% 12.0% 
328 Cleveland OH 9.9% 8.4% 6.6%  12.6% 11.0% 10.1% 
329 Columbus OH 13.2% 10.6% 7.7%  13.6% 12.0% 11.1% 
330 Dayton OH 15.2% 15.3% 11.5%  16.2% 13.9% 12.2% 
331 Elyria OH 8.4% 6.5% 4.7%  10.2% 9.6% 8.8% 
332 Kettering OH 14.4% 13.4% 11.2%  14.3% 13.5% 12.1% 
334 Toledo OH 11.8% 8.6% 7.1%  13.8% 11.9% 9.6% 
335 Youngstown OH 13.2% 13.0% 9.9%  13.9% 11.6% 10.6% 
336 Lawton OK 26.7% 14.4% 4.6%  23.0% 19.5% 18.8% 
339 Oklahoma City OK 21.0% 18.1% 14.9%  22.0% 20.1% 18.0% 
340 Tulsa OK 18.8% 16.0% 11.9%  19.4% 16.4% 14.8% 
341 Bend OR 15.8% 14.3% 11.3%  19.6% 18.1% 12.8% 
342 Eugene OR 17.6% 15.6% 11.5%  16.7% 14.3% 11.9% 
343 Medford OR 20.6% 18.1% 13.2%  20.4% 17.4% 14.7% 
344 Portland OR 13.4% 11.5% 8.9%  16.3% 14.0% 11.4% 
345 Salem OR 13.3% 12.6% 10.2%  16.2% 14.3% 13.2% 
346 Allentown PA 10.3% 8.9% 7.6%  12.2% 10.8% 8.8% 
347 Altoona PA 10.8% 10.7% 8.0%  14.2% 13.8% 11.5% 
350 Danville PA 10.8% 9.5% 7.3%  13.1% 11.0% 9.9% 
351 Erie PA 8.1% 7.9% 6.2%  10.3% 9.3% 8.6% 
352 Harrisburg PA 10.6% 9.9% 7.2%  12.3% 10.6% 9.7% 
354 Johnstown PA 13.1% 12.0% 8.9%  14.6% 13.7% 13.2% 
355 Lancaster PA 12.0% 9.5% 7.2%  13.3% 11.1% 9.7% 
356 Philadelphia PA 9.7% 9.0% 7.8%  11.8% 10.4% 9.5% 
357 Pittsburgh PA 11.0% 10.2% 7.3%  13.2% 10.7% 10.0% 
358 Reading PA 11.3% 9.3% 7.1%  12.3% 10.6% 8.6% 
359 Sayre PA 10.4% 10.4% 5.7%  14.3% 12.0% 11.5% 
360 Scranton PA 10.2% 8.6% 4.4%  14.3% 11.3% 9.9% 
362 Wilkes-Barre PA 12.1% 10.3% 9.4%  14.5% 12.7% 11.1% 
363 York PA 12.7% 12.3% 9.9%  13.2% 11.1% 10.8% 
364 Providence RI 11.5% 9.6% 8.3%  12.0% 10.6% 8.6% 
365 Charleston SC 14.1% 10.9% 8.6%  16.9% 13.9% 13.0% 
366 Columbia SC 14.1% 10.9% 10.6%  16.5% 14.5% 12.6% 
367 Florence SC 18.9% 13.6% 13.5%  22.7% 17.8% 15.1% 
368 Greenville SC 16.1% 12.6% 8.4%  19.7% 16.0% 14.3% 
369 Spartanburg SC 19.4% 15.1% 11.6%  21.8% 17.9% 16.0% 
370 Rapid City SD 14.5% 11.7% 6.3%  17.1% 13.1% 9.8% 
371 Sioux Falls SD 12.0% 9.7% 7.9%  13.8% 11.6% 9.0% 
373 Chattanooga TN 17.5% 11.7% 9.4%  19.4% 16.4% 14.4% 
374 Jackson TN 26.3% 13.2% 12.2%  21.6% 17.5% 14.0% 
375 Johnson City TN 16.6% 12.8% 10.2%  18.5% 16.6% 14.2% 
376 Kingsport TN 16.7% 13.5% 9.7%  19.3% 14.0% 12.6% 
377 Knoxville TN 16.4% 12.7% 7.1%  19.4% 17.1% 13.9% 
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379 Memphis TN 16.7% 13.8% 11.8%  20.8% 17.2% 14.5% 
380 Nashville TN 18.0% 14.4% 10.7%  20.9% 16.5% 13.8% 
382 Abilene TX 15.6% 15.7% 10.2%  22.3% 17.4% 16.5% 
383 Amarillo TX 12.3% 9.5% 8.4%  18.7% 13.9% 12.5% 
385 Austin TX 17.8% 13.1% 8.5%  17.5% 14.9% 13.1% 
386 Beaumont TX 17.2% 11.6% 9.8%  20.5% 18.5% 15.4% 
388 Bryan TX 22.1% 14.8% 10.8%  14.5% 13.3% 11.7% 
390 Corpus Christ TX 16.1% 12.1% 7.8%  16.9% 14.5% 14.1% 
391 Dallas TX 17.1% 14.1% 11.3%  19.2% 16.6% 14.8% 
393 El Paso TX 14.3% 11.8% 8.3%  15.8% 13.7% 12.4% 
394 Fort Worth TX 19.8% 18.5% 14.4%  20.1% 16.5% 14.4% 
396 Harlingen TX 17.2% 14.3% 9.2%  16.5% 15.7% 12.5% 
397 Houston TX 16.4% 12.9% 8.1%  17.8% 15.2% 13.7% 
399 Longview TX 19.1% 16.0% 11.7%  23.1% 18.4% 15.7% 
400 Lubbock TX 19.9% 16.4% 15.7%  19.6% 18.1% 15.0% 
402 McAllen TX 16.8% 17.1% 9.5%  17.5% 17.4% 14.3% 
406 Odessa TX 16.8% 15.3% 12.2%  16.5% 15.5% 13.5% 
411 San Angelo TX 15.0% 13.9% 5.7%  19.3% 18.7% 16.1% 
412 San Antonio TX 13.8% 11.6% 7.6%  16.4% 14.0% 12.4% 
413 Temple TX 17.8% 18.1% 15.1%  18.6% 17.1% 13.7% 
416 Tyler TX 18.9% 13.4% 10.2%  19.7% 16.6% 14.9% 
417 Victoria TX 19.4% 8.2% 4.0%  16.2% 12.5% 11.7% 
418 Waco TX 17.4% 20.0% 16.7%  20.4% 18.0% 15.3% 
420 Wichita Falls TX 15.6% 17.4% 11.6%  21.3% 17.3% 13.0% 
421 Ogden UT 17.3% 12.1% 10.5%  19.1% 14.3% 13.9% 
422 Provo UT 17.6% 13.4% 12.5%  23.8% 18.8% 16.1% 
423 Salt Lake City UT 16.6% 14.8% 12.0%  18.3% 15.7% 13.5% 
424 Burlington VT 10.5% 8.1% 7.6%  12.5% 11.4% 10.5% 
426 Arlington VA 12.1% 9.0% 5.3%  12.8% 11.7% 9.6% 
427 Charlottesville VA 15.9% 12.5% 7.6%  14.7% 12.4% 10.6% 
428 Lynchburg VA 14.0% 12.4% 5.0%  14.8% 12.4% 11.5% 
429 Newport News VA 13.4% 10.0% 5.6%  16.6% 13.0% 11.2% 
430 Norfolk VA 12.6% 11.5% 4.9%  14.6% 12.7% 11.3% 
431 Richmond VA 12.3% 10.2% 6.4%  14.7% 13.1% 10.8% 
432 Roanoke VA 16.0% 12.2% 8.8%  14.9% 13.6% 10.6% 
435 Winchester VA 11.5% 7.5% 7.5%  11.9% 9.3% 9.7% 
437 Everett WA 16.4% 12.7% 10.2%  16.0% 14.5% 12.5% 
438 Olympia WA 16.0% 15.8% 8.9%  16.9% 15.9% 13.1% 
439 Seattle WA 11.1% 9.4% 8.0%  14.6% 13.0% 10.9% 
440 Spokane WA 16.0% 14.6% 11.3%  18.2% 15.7% 12.7% 
441 Tacoma WA 14.8% 13.1% 10.3%  17.3% 13.6% 12.2% 
442 Yakima WA 9.8% 9.6% 7.2%  12.7% 10.8% 10.0% 
443 Charleston WV 14.7% 12.0% 7.1%  15.1% 12.8% 11.6% 
444 Huntington WV 14.1% 11.9% 6.9%  15.8% 12.8% 11.8% 
445 Morgantown WV 12.4% 9.8% 6.2%  14.0% 11.5% 10.1% 
446 Appleton WI 9.2% 8.4% 6.4%  10.2% 11.1% 7.8% 
447 Green Bay WI 10.8% 9.5% 6.8%  13.6% 11.3% 10.3% 
448 La Crosse WI 10.1% 9.0% 7.5%  12.2% 11.3% 9.8% 
449 Madison WI 9.1% 8.3% 6.5%  13.3% 10.5% 10.1% 
450 Marshfield WI 13.2% 10.6% 7.9%  8.7% 8.8% 7.9% 
451 Milwaukee WI 12.6% 11.9% 10.1%  13.4% 11.7% 10.2% 
452 Neenah WI 13.0% 11.4% 8.7%  13.2% 7.4% 6.1% 
456 Wausau WI 11.1% 10.8% 10.2%  14.2% 12.5% 10.3% 
457 Casper WY 22.6% 26.0% 20.4%  16.3% 14.0% 11.2% 

MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; 
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APPENDIX D.  
GEOGRAPHIC VARIATION OF HIGH-RISK MEDICATIONS USE AMONG 

PART D MEDICARE BENEFICIARIES 
 

BACKGROUND 
Experts at the Dartmouth Institute for Health Policy and Clinical Practice have 

documented geographic variation in Medicare spending and quality of care for more than 

20 years. Dartmouth Atlas, a map with regional variation, is widely used for visual 

inspection of the geographic variation in the United States (US) (Dartmouth Institute for 

Health Policy and Clinical Practice, 2017b).Geographic variation is of interest among 

health planners and social epidemiologists (Cooper, Cooper, McGinley, Fan, & 

Rosenthal, 2012). Health planners or policy makers predominantly focus on healthcare 

spending and associated regional factors in attempt to manage healthcare resources 

((Baicker & Chandra, 2004; Fisher et al., 2003; Zuckerman, Waidmann, Berenson, & 

Hadley, 2010) whereas, epidemiological research stresses the association between health 

and its attributes, such as poverty and racial disparity. (Avendano, Glymour, Banks, & 

Mackenbach, 2009; Cooper et al., 2012; Subramanian, Chen, Rehkopf, Waterman, & 

Krieger, 2005).  

Geographic variation research plays an important role in healthcare reform. For 

instance, the Institute of Medicine (IOM) reported geographic variation in healthcare 

expenditures incurred from hospitals, physicians, and other health care providers who 

serve Medicare Part A, Medicare Part B, and Medicare Part D (Institute of Medicine, 

2013). Consistent with other studies (Fisher et al., 2003; Wennberg, Fisher, & Skinner, 

2003; Zuckerman et al., 2010), the report concluded there was wide variation in 

healthcare utilization and expenditures across regions (Institute of Medicine, 2013).  The 

findings prompted a discussion about whether reducing payment rates in high healthcare 



 

 183 

spending regions may decrease costs without affecting healthcare quality for Medicare 

beneficiaries (Institute of Medicine, 2013). The findings from geographic variation 

studies were used to both support and to oppose adjusting hospital and physician payment 

rates based on regional performance (Hahn, 2009; Institute of Medicine, 2013).   

Determination of a reliable geographic units (i.e., county-level, state-level) is 

critical for healthcare service research (Kilaru et al., 2015) and to assess geographic 

disparities (Ricketts & SHEPS, 2002). The geographic units can be classified by 

healthcare markets (i.e., hospital service areas [HSAs], and hospital referral regions 

[HRRs] created by Dartmouth Atlas of Health Care ((Dartmouth Institute for Health 

Policy and Clinical Practice, 2017b)), political boundaries (e.g., county, state) where 

local and state governments are involved, and metropolitan statistical areas (MSAs) 

created by the Office of Management and Budget for collecting, tabulating, and 

publishing Federal statistics (Office of Management and Budget, 2010).  HRRs and 

counties units are commonly utilized by health service researchers (Baicker, Buckles, & 

Chandra, 2006; Curtis et al., 2006; Newhouse & Garber, 2013; Welch, Sharp, Gottlieb, 

Skinner, & Wennberg, 2011; Zhang, Baicker, & Newhouse, 2010a, 2010b).  

The Dartmouth HSAs/HRRs were developed through a three-step process. First, 

all acute care hospitals were assigned to either town or city where they are located. 

Second, a ZIP code was assigned to the town/city that contains the hospitals that most 

often provide services to local residents; this becomes a pilot HAS. Third, the assignment 

of all ZIP codes and HSAs are finalized.  Dartmouth defined 306 HRRs based on the 

aggregation of the 3,436 HSAs to regions where the largest proportion of major 

cardiovascular and neurosurgery procedures were performed. As a result, each HRR has 
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at least one town/city where both major cardiovascular surgical procedures and 

neurosurgery are performed (Dartmouth Institute for Health Policy and Clinical Practice, 

2017a). However, there are concerns regarding the use of HRRs that were developed 20 

years ago (Hu, Wang, & Xierali, 2016; Jia, Wang, & Xierali, 2016). The pattern of 

hospital services utilization may change overtime; and there might also be other time-

varying factors such as changes in population, infrastructure, political reconstruction, and 

health insurance policies that could influence HRR validity (Hu et al., 2016).  

The Medicare Modernization Act (MMA) of 2003 provided prescription drug 

coverage with a wide spectrum of offered benefit packages and different prices and 

formularies to for millions of seniors and disabled Americans in an effort to improve 

prescription access. The legislation became effective in 2006 (Jacobson & Anderson, 

2010). One of the goals of the MMA goal was to increase drug utilization and decrease 

Medicare and Medicaid beneficiaries’ out-of-pocket prescription costs; thus, increasing 

medication accessibility (Oliver, Lee, & Lipton, 2004). Regional variations have been 

examined for the Beneficiary Part D population. Conducting a study using 5% random 

sample of Medicare stand-along Part D beneficiaries in 2007, Zhang et al. examined 

geographic variation in Medicare prescription drug spending (Zhang et al., 2010a). The 

beneficiaries with Medicare Advantage (Part C) plans were excluded from the study 

because their medical spending was not reported in the dataset (Zhang et al., 2010a). The 

Dartmouth HRRs were assigned using beneficiary ZIP codes. A multivariate model was 

created for prescription expenditures that adjusted for local price differences, individual 

demographic and clinical characteristics, dual eligible status, low-income subsidy for Part 

D, and Part D characteristics such as offering coverage while a member reach a coverage 
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gap (i.e., the “doughnut hole”) (Zhang et al., 2010a). As a result, there was considerable 

variation in access; the highest medical spending was 60% more than the lowest 

spending. The discussion over medical spending then shifted to focus on the variation’s 

causes and included not only economic outcomes but also other outcomes and quality 

(Newhouse & Garber, 2013). A study reported the diagnosis frequency among fee-for-

service Medicare beneficiaries ranged across HRRs from 0.58 to 1.23 (Welch et al., 

2011). Some peer-reviewed articles investigated regional variation concerning the quality 

of prescription access (Arizpe, Reveles, & Aitken, 2016; Curtis et al., 2006; McDonald, 

Carlson, & Izrael, 2012; Morden et al., 2014; Zhang et al., 2010b). For instance, 

concerning overuse of antibiotics, a retrospective cohort study reported  geographic 

variation resulting in high rates of antibiotic use in south of the US (1,623 claims/1,000 

members) among Part D Medicare beneficiaries in 2013 (Arizpe et al., 2016).  Although 

this study did not define antibiotic overuse, it provided a snapshot of the variation. 

Another study assessed geographic variation of schedule II opioid analgesic use among 

members in a large commercial insurance program which identified wide differences in 

medication claim rates from 9 claims (New York) to more than 123.1 claims (Alaska) per 

1,000 total claims by state. Among 3,141 counties, claim rates ranged from 0 to 220 per 

1,000 total claims (Curtis et al., 2006).  

Geographic variations of high-risk medication use have been assessed in previous 

studies and reports. The proportion of beneficiaries who received at least one high-risk 

medication in 2007 was one of the outcomes that Zhang et al. assessed across 306 HRRs 

using 5% Medicare beneficiaries aged between 65 to 99 years who enrolled in stand-

alone Part D plans (Zhang et al., 2010b). Individuals with high-risk medication were 
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identified based on the list provided by the National Committee for Quality Assurance 

(NCQA), the creator of the Healthcare Effectiveness Data and Information Set (HEDIS), 

of healthcare quality measures that is widely used in the US (HEDIS 2012 Technical 

Specifications for Physician Measurement, 2011).  The HRR with the lowest rate of high-

risk medication use was the Bronx, New York (11.4%), whereas the high rate of high-risk 

medication use was found in Alexandria, Louisiana (44.0%) with a coefficient of 

variation of 1.49 (Zhang et al., 2010b). The reported coefficient of variation suggested 

that the variation was quite high (Bentley, 2011). The author concluded that the regions 

with high nondrug medical expenditures trended to be the regions where inappropriate 

prescribing practices were prevalent (Zhang et al., 2010b).    

In 2013, the Dartmouth Institute for Health Policy and Clinical Practice assessed 

geographic variation across several pharmacy-related quality outcomes such as effective 

pharmaceutical therapy for diabetes (i.e., use of angiotensin converting enzyme inhibitors 

[ACE-I] or angiotensin receptor blockers [ARBs] and statin among patient among Part D 

Medicare beneficiaries with diabetes) (Dartmouth Institute for Health Policy and Clinical 

Practice, 2013). One of the measures assessed was high-risk medication use. Individuals 

with high-risk medication use were identified using HEDIS high-risk medication measure 

(HEDIS 2012 Technical Specifications for Physician Measurement, 2011). The findings 

indicated that 26.6% of Medicare Part D beneficiaries age 65 and older filled at least one 

high-risk medication in 2010. Investigated by HRR level, the variation was quite marked;  

the highest rate (43.0% in Alexandria, Louisiana) was three times higher than the lowest 

rate (14.0% in Rochester, Minnesota). Also, 36.6 % of Part D beneficiaries resided in 

regions where high-risk medication use was prevalent (90th percentile) whereas less than 
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20% of the population resided in regions where high-risk prescriptions were rarely found 

(10th percentile) (Dartmouth Institute for Health Policy and Clinical Practice, 2013). 

Overall, 6.1% of the beneficiaries used more than one different high-risk prescription in 

2010. The highest use was found in Alexandria, Louisiana (14.6%) and the lowest use 

was found in Mason City, Iowa (1.5%). The variation was noticeable with the range 

between 10th and 90th percentile of 2.8% to 11.1% (Dartmouth Institute for Health 

Policy and Clinical Practice, 2013).   

Regional variation of high-risk medication use was not only investigated across 

HRRs (Dartmouth Institute for Health Policy and Clinical Practice, 2013; Zhang et al., 

2010b) but also across states (Centers for Medicare & Medicaid services, 2016).  Using 

the list of high-risk medications proposed by Pharmacy Quality Alliance (PQA), Centers 

for Medicare and Medicaid Services (CMS) reported the average rate of high-risk 

medication use of 0.86 claims per elderly individual with Part D coverage in 2014. The 

highest rates were found in South whereas the lowest rates (i.e., in the range of 1.09 to 

1.31) were found in some Western states, Midwestern states, and states in New England.  

With the amendment of the MMA in 2003, Part D prescription drug plan benefits 

have been available by private insurance companies since 2006. Part D beneficiaries get 

the choice of selecting a stand-alone prescription drug plan (PDP) or one integrated with 

Medicare Advantage in the form of Medicare Advantage Prescription Drug plans (MA-

PD). In 2007, CMS instituted a 5-point star rating system to evaluate the quality of care 

provided by Medicare sponsors (Owen, 2014). This rating is also applied to MA-PD and 

PDP sponsors (Owen, 2014). MA-PD sponsors that scored lower than a three-star 

summary rating for three consecutive years are subjected to termination [cite CMS 
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technical]. With passage of the 2010 Affordable Care Act (AAC), CMS were permitted 

to incentivize high-performing MA-PD sponsors with bonus payments (Owen, 2014). 

Although previous report suggested geographic variation of high-risk medication use 

(Dartmouth Institute for Health Policy and Clinical Practice, 2013; Zhang et al., 2010b), 

the geographic variation based on CMS/PQA high-risk medication use measure (i.e., 

“patients who received at least two prescription fills for the same high-risk medication 

during the measurement period” will be identified as beneficiaries with high-risk 

medication and include in numerator for performance evaluation) and its trend after the 

passage of ACC was not yet examined and was limited to PDP beneficiaries. Therefore, 

this study concerning HRR-level geographic variation of high-risk medication use 

measure defined by PQA/CMS among MA-PD and PDP beneficiaries in 2011 to 2013.  
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THEORETICAL FRAMEWORK   
As described in Chapter 1, the Andersen Behavioral Model was used as the 

theoretical framework for this research. The model describes individual healthcare 

utilization as a function of predisposing, enabling, need factors, personal health choices, 

and external environment. The predisposing factors include demographic characteristics. 

The enabling factor is the ability of an individual to access a healthcare service. Clinical 

conditions based on perceived health status or clinician judgment are considered as need 

factors. Lastly, community-related characteristics and area of residence could also 

determine individual healthcare utilization and behaviors (R. Andersen & Newman, 

2005; Ronald M  Andersen, 1995; Ronald M Andersen, Davidson, & Baumeister, 2013). 

This study focused on examining one of the environmental factors, geographic variation 

in association with prevalence of high-risk medication use while adjusting for other 

components of the Andersen Behavioral Model.  

 

SPECIFIC AIMS 
To measure high-risk medication geographic variation prevalence rates for elderly 

Medicare Part D beneficiaries in the US who had at least two prescription fills for the 

same high-risk medication during 2013.  

1.1: To examine variation of high-risk medication use among Medicare beneficiaries with 

Medicare Advantage Prescription Drug plans across geographic areas.  

1.2: To examine variation of high-risk medication use among Medicare beneficiaries with 

stand-alone prescription drug plans across geographic areas. 

 

METHODS 
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Study Design 
To investigate the geographic variation of high-risk medication use prevalence, 

we measured the prevalence among elderly Medicare Part D beneficiaries in each 

hospital referral region (HRR) using the Medicare 5% sample claims database during the 

time frame from 2011 to 2013. 

 

Data Source and study population  

Health plans offering Part D drug coverage submit claims data on prescription 

drug events for all Part D beneficiaries to CMS. Research identifiable files that included 

beneficiary-level data on Part A, B and D claims were accessible to researchers after the 

CMS privacy board approved the proposal and researchers signed a Data Use Agreement 

(https://www.resdac.org). The primary data sources for the study were the 2011-2013 

Medicare Part D Prescription Drug Event (PDE) file for a 5% sample of beneficiaries and 

Master Beneficiary Summary Files (MBSF). The researchers linked the PDE file with 

data on individual beneficiary characteristics. The PDE file contain detailed data on each 

drug claim and includes information such as encrypted beneficiary, pharmacy, prescriber, 

and contract identifiers that can be used to link to other files (e.g., the plan characteristics, 

pharmacy characteristics, and the prescriber characteristics files) as well as detailed 

prescription information including the National Drug Code (NDC), quantity filled, fill 

date, and day supply. Cost data are also reported in the PDE file with prescription 

payment paid by plans and patients (Research Data Assistance Center (ResDAC), 

2017b). The Master Beneficiary Summary Files (MBSF) contains basic individual-level 

demographics data such as date of birth, age, gender, race, place of residence (state and 

county codes, and ZIP code), monthly enrollment status information for Parts A, B, D, 
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end-stage renal disease, type of coverage (e.g., PDP, MAPD), dual eligibility status, and 

whether the beneficiaries received the Part D low-income subsidy (Research Data 

Assistance Center (ResDAC), 2017a). Several county-level variables were included to 

give context to each beneficiary’s environment. These data were drawn from the 2013 - 

2014 Area Resource File (ARF), a database containing more than 6,000 variables 

regarding health facilities, health professions, measures of resource scarcity, health status, 

economic activity, training programs for healthcare professionals, and socioeconomic and 

environmental characteristics. Beneficiaries were only included in a calendar year from 

2011 to 2013 if, at enrollment, they were aged 65 or older, alive, US citizen, without end-

stage renal disease, and continuously enrolled in the same Part D plan for the entire 12 

months.  

 

Measure of high-risk medication use 

We examined claims for high-risk medication across eight therapeutic classes - 

anticholinergics (excludes TCAs), antithrombotics, anti-infective, cardiovascular, central 

nervous system, endocrine, pain medications gastrointestinal, skeletal muscle relaxants as 

presented in Appendix A. Because the definitions of high-risk medications are updated 

when the BEERs criteria are updated, the PQA’s list and definition of high-risk 

medication measures for 2011, 2012, and 2013 were used for this study to correspond 

with the PDE file of 2013 and with the effort health plans have made to improve their 

ratings on the high-risk medication measure (Pharmacy Quality Alliance, 2015). Using 

beneficiary-level data, we computed period prevalence as the proportion of beneficiaries 
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in the sample with at least two prescription fills for the same high-risk medication 

(Appendix A) during 2011, 201,  and 2013 (Pharmacy Quality Alliance, 2015). 

 

Covariates 

 Demographic characteristics were obtained from the MBSF file including: 

age; sex; race/ethnicity (black, Hispanic, and white or other); and Part D low-income 

subsidy (LIS)/dual eligible/disability status.  A chronic comorbidity score was calculated 

using the RxRisk model described by Fisher et al. (Fisher et al., 2003). This pharmacy-

based risk adjustment score, developed as an all-age risk adjustment tool, uses 

ambulatory pharmacy data to identify chronic disease categories and predict total health 

care costs. Although the Hierarchical Coexisting Condition (HCC) outperformed the 

RxRisk model in predicting healthcare costs, the RxRisk model performed similarly to 

the Ambulatory Clinical Group (ACG) (Fisher et al., 2003). Therefore, it is an acceptable 

alternative when using pharmacy claims data where International Classification of 

Disease, 9th Revision, Clinical Modification (ICD-9-CM) codes are not available to 

account for variation in health status and prevalence of chronic conditions among 

Medicare beneficiaries. The RxRisk categories were modified to avoid double counting 

medications used to identify high-risk medication. Number of unique pharmacies used 

and unique prescribers were used to reflect clinical complexity using pharmacy and 

prescriber identifiers available in the Medicare Part D Prescription Drug Event file. 

 Contextual characteristic drawn from the ARF included rural/urban continuum (metro 

vs. non-metro), measures of access to health care services including Health Professional 

Shortage Area (HPSA) designation (partial, full, or none). Beneficiary ZIP codes were 
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used to assign them to 306 Dartmouth Atlas of Health Hospital Referral Regions (HRR) 

(Wennberg, Fisher, Goodman, & Skinner, 2008).  

 

Statistical analyses 

We used descriptive statistics to quantify high-risk medication use. Crude 

prevalence rates were computed by dividing the number of beneficiaries with at least two 

prescription fills for the same high-risk medication by the total number of beneficiaries 

for each HRR. We conducted multivariate logistic regression analyses to estimate risk-

adjusted rates controlling for demographic, socioeconomic status, and clinical factors for 

beneficiaries with MA-PD and PDP beneficiaries separately.  

In logistic regression(Iezzoni, 2013), the dependent variable is log odds or logit of 

high-risk medication use. That is, 

	

 

where  is the probability of the event for the ith case, and   could be covariates with 

the risk class or a group of significant variables. Multicollinearity diagnostic between 

model determinants was investigated. The predicted probability of high-risk medication 

use was generated using marginal effect models. All statistical analyses were performed 

using SAS version 9.4 (SAS Institute Inc, Cary, North Carolina). This study was deemed 

exempt human subjects research by the University of Arizona Institutional Review 

Board. 
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RESULTS  
Patient Characteristics 

The full three-year longitudinal sample (2011-2013) represented 3,210,451 

Medicare beneficiaries with prescription drug coverage. A cohort selection flowchart is 

provided in Figure 2.1. The most common reason to exclude beneficiaries during the 

study period was they were aged less than 65 or they were not enrolled in prescription 

drug plans. A total of 1,161,076, 1,237,653, and 1,402,861 beneficiaries satisfied the 

study criteria and were included in 2011, 2012, and 2013, respectively. Of these, 449,875 

(39%), 484,132 (39%), and 521,546 (37%) were enrolled in MA-PDs and 711,201 (61%), 

753,521 (61%), and 881,315 (63%) were enrolled in PDPs in 2011, 2012, 2013, 

respectively. Sociodemographics, contextual characteristics, and clinical complexity did 

not change appreciably from year to year. In 2013, the mean age was 75.5; 62.9% (n = 

881,972) were female; 84.1% (n = 1,179,764) were White; 8.5% (n = 118,853) were 

black; and 2.3% (n = 31,802) were Hispanic; 21.6% (n = 302,829) received Part D LIS or 

eligible for Medicaid (LIS/DE); 9.5% (n = 132,919) were disabled. The majority of 

beneficiaries resided in the South (n= 494,588, 35.3%); and metropolitan areas 

(n=1,147,573, 81.9%). Approximately, a half of patients lived in an area designated as 

having a partial shortage of primary care physicians (775,941, 55.3%) and a partial 

shortage of mental health professionals (n = 692,672, 49.4%). More than a quarter of 

beneficiaries had two to four modified RxRisk conditions (n = 333,525, 28.7%) in 2013. 

The characteristics between MA-PD and PDP beneficiaries were slightly different. For 

example, compared to PDP beneficiaries, MA-PD beneficiaries had: a lower proportion 

of females (61% vs. 64%, p < 0.001); were younger (mean age: 74.7 vs 75.6, p< 0.001); a 



 

 195 

lower proportion of Whites (81.7% vs 753,661, p<0.001); a higher proportions of Blacks 

(9.9% vs. 7.7%, p<0.001); and had a lower proportion of LIS/DE (17.2% vs. 24.2%, p 

<0.001). MA-PD beneficiaries lived in the Midwest less often (17.7% vs. 26.6%, p < 

0.001) and the West (29.6% vs. 16.8%, p < 0.001) more frequently than PDP 

beneficiaries although the majority of both populations lived in the South. MA-PD 

beneficiaries had a higher proportion of residents in metropolitan areas than PDP 

beneficiaries (89.5% vs. 77.3%, p<0.001). MA-PD had a slightly lower average modified 

RxRisk index than PDP beneficiaries (4.4 vs. 4.5, p<0.001). 

 

Patient characteristic and high-risk medication use   

Demographics and geographic characteristics and clinical complicity varied 

across groups defined by high-risk medication (HRM) use (Table 2.1). Of the MA-PD 

beneficiaries in 2013, 53,699 (10.2%) received two or more prescription of any high-risk 

medications, and were defined as HRM users. Compared to non-HRM users, HRM users 

more frequently: female (70.4% vs. 59.9%, p < 0.001); White (84.6% vs. 81.4%, p < 

0.001); LIS/DE (22.3% vs. 16.6%, p < 0.001); and disabled (15.6% vs 8.7%, p<0.001). 

HRM users had higher proportions of beneficiaries who saw more than or equal to three 

prescribers (72.4% vs 52.5%, p < 0.001) and filled prescription at more than or equal to 

two pharmacies (54.7% vs 44.7%, P < 0.001). The majority of HRM users had more than 

eight modified RxRisk conditions whereas the majority of non-HRM users had two to 

four modified RxRisk conditions (p < 0.001). Of the PDP beneficiaries in the same year, 

124,763 (14.2%) were HRM users. Compared to non-HRM users, HRM users had higher 

proportions of: females (72.8% vs. 62.5%, p < 0.001); Whites (86.6% vs. 85.3%, p < 
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0.001); LIS/DEs (29.2% vs. 23.3%, p < 0.001); and disabled people (15.4% vs 8.5%, 

p<0.001). Geographic characteristics were significantly different between non-HRM and 

HRM users. HRM users had higher proportions of beneficiaries who saw more than or 

equal to three prescribers (74.6% vs 56.1%, p < 0.001) and filled prescription at more 

than or equal to two pharmacies (55.6% vs 44.5%, P < 0.001). The majority of HRM 

users had more than eight modified RxRisk conditions whereas the majority of non-HRM 

users had two to four modified RxRisk conditions (p < 0.001).  

  

High-risk medication use and geographic variation 

Overall, HRM use significantly decreased over time among MA-PD beneficiaries 

(13.2% to 8.7%, p<0.001) and PDP beneficiaries (15.8% to 11.9%, p<0.001) (Figure 

2.2). Central nervous system and endocrines were the HRM classes the made up more 

than half of the HRM users across the three years (Appendix B). The Multivariable 

logistic regression was used to estimate adjusted annual HRM use rates across 306 HRRs, 

adjusting for sociodemographic, health-status, and contextual factors. The proportions of 

MA-PD beneficiaries with HRM use was 13.2% in 2011, 11.4% in 2012, and 8.7% in 

2013; and the proportions of the PDP beneficiaries with HRM use was 15.8 % in 2011, 

13.9% in 2012, and 11.9% in 2013. Adjusted prescription HRM varies substantially 

across the 306 HRRs in 2011, 2012, and 2013 (Appendix C). The proportion of MA-PD 

beneficiaries who were HRM users per HRR ranged from 4.8% to 31.7% (5th – 95th 

percentile, 9.2% – 20.5%) in 2011; 4.1% to 26.0% (5th – 95th percentile, 8.0% – 16.7%) 

in 2012; and 3.3% to 20.4% (5th – 95th percentile, 5.0% - 12.6%) in 2013. The ratios of 

75th-to-25th percentile HRM use rates across HRRs were 1.43 for 2011, 1.40 for 2012, 
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and 1.42 for 2013. The proportion of PDP beneficiaries who were HRM users per HRR 

ranged from 8.7% to 24.9% (5th – 95th percentile, 11.6% – 22.2%) in 2011; 7.4% to 

20.5% (5th – 95th percentile, 10.3% – 18.3%) in 2012; and 6.1% to 18.9% (5th – 95th 

percentile, 8.8% - 16.1%) in 2013. The ratios of 75th-to-25th percentile HRM use rates 

across HRRs were 1.39 for 2011, 1.36 for 2012, and 1.31 for 2013.  

Table 2.2 presents the top ten HRRs with highest HRM use rates. When HRRs 

were ranked on adjusted HRM use rates among MA-PD beneficiaries, HRRs with the 

highest HRM use rates were: Anchorage, AK (31.7%), Lawton, OK (26.7%), Jackson, 

TN (26.3%), Oxford, MS (25.2%), and Hattiesburg, MS (23.4%) for 2011; Casper, WY 

(26.0%), Tuscaloosa, AL (21.6%), Oxford, MS (21.0%), Waco, TX (20.0%), and 

Augusta, GA (19.2%) for 2012; Casper, WY (20.4%), Waco, TX (16.7%), Lubbock, TX 

(15.7%), Santa Barbara, CA (15.2%), and Temple, TX (15.1%) for 2013. Casper, WY, 

Tuscaloosa, AL, and Augusta, GA were HRRs that were on the top 10 of highest HRM 

use rates among MA-PD beneficiaries for three years consecutively. Among PDP 

beneficiaries, HRRs with the highest HRM use rates were: Monroe, LA (24.9%), 

Texarkana, AR (23.9%), Provo, UT (23.8%), Meridian, MS (23.6%), Shreveport, LA 

(23.4%) for 2011; Monroe, LA (20.5%), Lake Charles, LA (20.4%), Alexandria, LA 

(20.1%), Oklahoma City, OK, (20.1%), Tuscaloosa, AL (19.6%) for 2012; Lawton, OK 

(18.8%), Alexandria, LA (18.8%), Lake Charles, LA (18.6%), Oklahoma City, OK 

(18.0%), Slidell, LA (18.0%) for 2013. Monroe, LA; Lawton, OK; Shreveport, LA; and 

Lake Charles, LA were HRRs were HRRs that were on the top 10 of highest HRM use 

rate among PDP beneficiaries for three years consecutively.  
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State-level patterns were also revealed. Among MA-PD beneficiaries, Texas 

HRRs made up four of the top-ten HRRs with highest HRM use rates in 2013. Among 

PDP beneficiaries, Louisiana HRRs made up most of the top-ten HRRs with highest 

HRM use rates in 2011, 2012, and 2013. Almost HRRs on the top-ten for 2011 to 2013 

among PDPs were on the South - Alabama, Georgia, Mississippi, Oklahoma, Tennessee, 

Texas (Figure 2.4 and Appendix B).  While, seven to eight of the top-ten HRRs for 2011 

to 2013 clustered on the South among MA-PDs and the rest were from the West (Figure 

2.3 and Appendix B). 

 

DISCUSSION  
Prescriptions for high-risk medications, as defined by CMS/PQA, remain common 

(approximately 10% annually) among MA-PD and PDP beneficiaries who were older 

than or equal to 65 years of age. Our study found that the overall HRM rates among MA-

PD beneficiaries were consistently lower than PDP beneficiaries from 2011 to 2013. This 

could be due to the different business models between MA-PD and PDP sponsors and 

their beneficiary’s behavior. Using data from the Medicare Current Beneficiary Survey 

(MCBS), Riley et al. (2009) suggested that MA-PD were healthier and therefore 

suggesting favorable selection into MA-PDs.  This is consistent with our study as MA-

PDs had slightly lower RxRisk scores compared to PDP beneficiaries. Cline et al. 

identified potential variables, including demographic, health status, and other, associated 

with the adverse selection into PDP plans (Cline et al, 2010). Erten et al. (2013) 

concluded that MA-PD enrollees were more likely to be evidence-based medicine users 

but had a lower quality metric in the area of adherence.  

Our study findings suggested disparity due to geographic difference remains in 
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concern. After adjustment for demographics, contextual variables, and clinical 

complexity at patient-level across three years, board HRR-level variation, approximately 

1.4 in MA-PD and 1.3 in PDP beneficiaries, persisted across three years. The majority of 

areas with high HRM rates were located in southern part of the US. Our finding reveal 

the similar pattern found in previous studies (Zhang et al., 2010b); Dartmouth Institute 

for Health Policy and Clinical Practice, 2013). Similar geographic variation patterns were 

found in Veterans Health Administration and hospitalized older adults (Rothberg et al., 

2008; Lund et al., 2013). We attempted to address some of the limitations present in 

Zhang et al. study (Zhang et al., 2010b). The definition of HRM measure in this study 

were based on PQA/CMS to reflect the current measure used in Star Ratings more 

precisely; and we also included the MA-PD population to present the full spectrum of 

Part D Medicare population that had not been discussed in previous studies. Although the 

overall trend of HRM decrease over time, the clustering of HRM users remain in an 

almost identical pattern. A report conducted by Kaiser found that the areas with highest 

price- and health-risk adjusted Medicare per capita spending were mainly located in the 

South (Cubanski, Neuman, & White, 2015). The characteristics of residents in those 

locations were more likely to be sicker, a larger proportion of Black and Hispanic, and 

smaller proportion of dual eligible; and the areas tended to have fewer physicians per 

residents, and larger supply of hospital beds and surgical centers, and more post-acute 

healthcare professionals. The characteristics of local hospitals might be another 

determinant contributing to the high rate of HRM use. Jha, Orav, and Epstein (2011) 

identified that hospitals that worse hospital, defined as low quality and high cost, were 

more likely than others to be small or located in the South. Unlike the PDP population, 
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the clusters of high HRM users were also found in both the south and the west among the 

MA-PD population. Future research is warranted for further investigation of the 

interaction between different Part D plan types and area characteristics.   

Due to the ACA’s passage, the decline rate of HRM from 2011 to 2013 may be 

capturing some of the early effects of the healthcare reform. Medicare instituted the 

Hospital Readmission Reduction Program panelizing hospitals with high rates of 

readmission within 30 days with the same health conditions. Older adults are more likely 

to be hospitalized due to adverse drug reactions than younger adults given more that they 

have complicated treatment regimens and are prone to physiological changes in pathways 

that process medications (O’connor, Gallagher, & O'mahony, 2012; Mangoni, & Jackson, 

2004; Budnitz et al., 2006). From one perspective, the Hospital Readmission Reduction 

Program could, in turn, create physician awareness of the need to evaluate for the 

potential benefits and adverse consequences of prescribing a medication.  Conversely, 

reduction in hospitalization may lead to reduced use of high-risk medication. Lund et al. 

found that hospitalization due to acute myocardial infraction was associated with the 

increase risk of inappropriate use of potential inappropriate medication (PIM) in older 

adults (Lund et al., 2015). The healthcare reform may also have an influence on 

pharmacy practice. The Center for Medicare and Medicaid Innovation operated under 

CMS was in charge of supporting utilization of medication therapy management (MTM) 

to evaluate quality and efficiency of services (Matzke & Ross,  2010). As the elderly 

population continues to grow, the importance of medication management among this 

population is increasing.  Caffiero et al. (2017) found an association between a clinical 

pharmacist-provided MTM intervention and a decrease in drugs to avoid in individuals 
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aged ≥65 years among members in an integrated health care delivery system (Lichtenberg 

& Sun, 2007; Gu, Dillion, & Burt, 2010). In MA-PD, Almodovar et al. (2018) reported 

that suggested that higher comprehensive medication review was associated with lower 

rate of the high-risk medication measure. These and other changes in health policy as 

well as actions taken by Part D sponsors and healthcare providers seem to have influence 

on healthcare system performance nationwide. Our findings have important implications 

for the national value-base payment system. Our results indicate there is a need to 

provide more targeted intervention based on geographic areas for Part D sponsors to 

reduce the use of high-risk medication using strategies, for instance, medication 

reconciliation, promoting comprehensive medication review, use of medication therapy 

management services.  

Our findings should be interpreted in the context of this study’s limitations. First, 

using claims data implies that the study validity is affected by limitations related to 

secondary data sources. We relied on the assumption where filled medications were 

consumed as prescribed. Second, although we have identified several determinants that 

potentially associated with the use of high-risk medication. There could be some other 

unmeasured or unobservable determinants that have not been investigated. Third, the 

study aimed to describe the geographic variation and pattern of high-risk medication in 

three separate years. However, a statistical trend analysis was not addressed. Fourth, 

some variables were not included in our analysis are limited to use only prescription drug 

files where other patients’ data are not available. However, we attempted to minimize this 

limitation. We used RxRisk score to reflect clinical complexity when ICD-9-CM were 
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not available and we used contextual variables (e.g., media income in certain area) using 

zip code at best crude indicator of patient-level characteristics.  

 

CONCLUSION 
Geographic variation in HRM use exists among older adults in Medicare, 

regardless of prescription drug plans. Areas with high HRM rates may benefit from 

targeted interventions (e.g., medication therapy management monitoring or alternative 

medication substitutions) to prevent potential adverse consequences. 
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Figure 2.1. Flow
 chart of eligible cohort selection, 2011 – 2013 
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Note:	Unadjusted	high-risk	medication	rates	shown	in	Table	1	differ	from	adjusted	rates	in	this	table.	The	high-risk	medication	use	rates	
were	adjusted	for	age,	sex,	race,	Part	D	low	income	subsidy/dual	eligibility	status,	disability	status,	geographic	characteristics	(e.g.	
rural/urban	continuum),	clinical	complexity	(e.g.,	modified	RxRisk	index).		MA=PD	=		Medicare	beneficiaries	with	Medicare	Advantage	
Prescription	Drug;	PDP	=	stand-alone	prescription	drug	plans	

  
Figure 2.2. Percentage of beneficiaries receiving two or more prescription of any High-Risk Medications 
(HRM) among Medicare beneficiaries with Medicare Advantage Prescription Drug plans (MA-PD) and 
stand-alone prescription drug plans (PDP), 2011 – 2013 
 
 
Table 2.2. Top 10 hospital referral regions with High-risk medication rate, 2011 – 2013 
 

Prescription drug plans type 
     

	
MA-PD	

Rank  2011  
(n = 449,875) 

Region 

High-risk 
medication 

rate 

2012  
(n = 484,132) 

Region 

High-risk 
medication 

rate 

2013  
(n = 521,546) 

Region 

High-risk 
medication 
rate 	

1 Anchorage, AK 31.7% Casper, WY 26.0% Casper, WY 20.4% 	
2 Lawton, OK 26.7% Tuscaloosa, AL 21.6% Waco, TX 16.7% 	
3 Jackson, TN 26.3% Oxford, MS 21.0% Lubbock, TX 15.7% 	
4 Oxford, MS 25.2% Waco, TX 20.0% Santa Barbara, CA 15.2% 	
5 Hattiesburg, MS 23.4% Augusta, GA 19.2% Temple, TX 15.1% 	
6 Casper, WY 22.6% Owensboro, KY 19.1% Oklahoma City, OK 14.9% 	
7 Tuscaloosa, AL 22.1% Fort Worth, TX 18.5% Augusta, GA 14.7% 	
8 Lafayette, LA 22.1% Oklahoma City, OK 18.1% Tuscaloosa, AL 14.7% 	
9 Bryan, TX 22.1% Temple, TX 18.1% Fort Worth, TX 14.4% 	
10 Augusta, GA 22.1% Medford, OR 18.1% Redding, CA 13.8% 

	
PDP	

 
2011  

(n = 711,201) 

 
2012  

(n = 753,521) 

 
2013  

(n = 881,315) 

 

	
1 Monroe, LA 24.9% Monroe, LA 20.5% Lawton, OK 18.8% 	
2 Texarkana, AR 23.9% Lake Charles, LA 20.4% Alexandria, LA 18.8% 	
3 Provo, UT 23.8% Alexandria, LA 20.1% Lake Charles, LA 18.6% 	
4 Meridian, MS 23.6% Oklahoma City, OK 20.1% Oklahoma City, OK 18.0% 	
5 Shreveport, LA 23.4% Tuscaloosa, AL 19.6% Slidell, LA 18.0% 	
6 Slidell, LA 23.3% Lawton, OK 19.5% Tuscaloosa, AL 17.9% 	
7 Longview, TX 23.1% Shreveport, LA 19.4% Monroe, LA 17.4% 	
8 Jackson, MS 23.0% Jackson, MS 19.2% Shreveport, LA 17.1% 	
9 Hattiesburg, MS 23.0% Provo, UT 18.8% Metairie, LA 16.7% 	
10 Lawton, OK 23.0% San Angelo, TX 18.7% Lafayette, LA 16.6% 

Note: The high-risk medication use rates were adjusted for age, sex, race, Part D low income subsidy/dual eligibility status, disability status, geographic characteristics (e.g. rural/urban 
continuum), clinical complexity (e.g., modified RxRisk index).  MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan. 
Bolded indicates the hospital referral regions with high rates of high-risk medication use for three years consecutively.   

2011 2012 2013
MA-PD 13.2% 11.4% 8.7%
PDP 15.8% 13.9% 11.9%
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Note:  The high-risk medication use rates were adjusted for age, sex, race, Part D low income subsidy/dual eligibility status, disability status, geographic characteristics (e.g. rural/urban 
continuum), clinical complexity (e.g., modified RxRisk index). MA-PD = Medicare Advantage Prescription Drug plan	

 
Figure 2.3 Percentage of beneficiaries receiving two or more prescription of any High-Risk Medications 
(HRM) among Beneficiaries with Medicare Advantage Prescription Drug Plan, 2011-2013

High Risk Medication use rates among MA-PD beneficiaries, 2011- 2013

2011 2012

2013

≤ 8.0 %

8.1 – 10.0%

10.1 – 13.0%

13.1 – 16.0%

> 16.0%
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Note: The high-risk medication use rates were adjusted for age, sex, race, Part D low income subsidy/dual eligibility status, disability status, geographic characteristics (e.g. rural/urban 
continuum), clinical complexity (e.g., modified RxRisk index). PDP = stand-alone Prescription Drug plan	

 
Figure 2.4 Percentage of beneficiaries receiving two or more prescription of any High-
Risk Medications (HRM) among Beneficiaries with stand-alone Prescription Drug Plans 
(PDP), 2011-2013 

High Risk Medication use rates among PDP beneficiaries, 2011- 2013

2011 2012

2013

≤ 11.0 %

11.1 – 13.0%

13.1 – 15.0%

15.1 – 17.0%

> 17.0%
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APPENDIX E. 
SOCIOECONOMIC AND DISABILITY STATUS DISPARITIES IN 

HIGH-RISK MEDICATIONS USE 
AMONG PART D MEDICARE BENEFICIARIES ACROSS HEALTH 

PLANS 
 

BACKGROUND  
Demographic, socioeconomic, and health disparity  

The impacts of socioeconomic factors on health and healthcare services have been 

documented.  As defined by Healthy People 2020 (HealthyPeople.gov), health disparities 

is “a particular type of health difference that is closely linked with social, economic, 

and/or environmental disadvantage. Health disparities adversely affect groups of people 

who have systematically experienced greater obstacles to health based on their racial or 

ethnic group; religion; socioeconomic status; gender; age; mental health; cognitive, 

sensory, or physical disability; sexual orientation or gender identity; geographic location; 

or other characteristics historically linked to discrimination or exclusion.”  Racial 

disparities, for example, exist between disadvantaged and privileged groups (Iezzoni, 

2013; National Quality Forum, 2014). A cross-sectional study was conducted in 150,391 

visits by Medicare beneficiaries including black and white members 65 years of age and 

older. In comparison to white patients, the findings indicated that black patients were less 

likely to be seen by board certified physicians, which may impact the quality care they 

provide to their patients. The physicians also reported having more difficulty in helping 

their patients get access to high-quality subspecialists, good diagnostic imaging services, 

and nonemergency hospital admissions (Bach, Pham, Schrag, Tate, & Hargraves, 2004). 

Low income status was statistically associated with a lower quality of care (Asch  et al., 

2006). Experts proposed three mechanisms through which may lead to the disadvantaged 
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population being provided poor quality care (National Quality Forum, 2014). First, health 

care providers could offer biased care delivery based on patient sociodemographic 

characteristics (e.g., race, income, language).  Second, disparities could vary based on 

where the disadvantaged patient resides. That is, the disadvantaged patients may reside in 

areas with limited healthcare resources and funding. Third, the sociodemographic 

characteristics of disadvantaged patients may bias partnership between the patients and 

the clinicians and thus patients may not collaborate in the decision-making process 

(National Quality Forum, 2014).  

High-risk medication use measure 

Dr. Mark Beers developed criteria for potentially inappropriate medication 

prescribing in the elderly in 1991 (Beers et al., 1991). The criteria were updated in 1997 

to cover ambulatory care, and then revised in 2003, 2012, and in 2015.  As of 2015, the 

American Geriatrics Society (AGS) made a commitment to regularly update the criteria 

(American Geriatrics Society 2012 Beers Criteria Update Export Panel, 2012; Fick et al., 

2003). Inappropriate medication use is not uncommon in the elderly population (Bao, 

Shao, Bishop, Schackman, & Bruce, 2012; Centers for Medicare & Medicaid services, 

2014; Davidoff et al., 2015; Egger, Bachmann, Hubmann, Schlienger, & Krähenbühl, 

2006; Fick, Mion, Beers, & L Waller, 2008; Gallagher, Barry, Ryan, Hartigan, & 

O'Mahony, 2008). Despite recognition of adverse drug events and available alternatives, 

potentially inappropriate medications are still frequently prescribed. One study concluded 

that in the community-dwelling elderly, 42.6% of the population may be using at least 

one potentially inappropriate medication (i.e., medications not recommended by The 

American Geriatric Society (AGS) for use in the elderly population) (Campanelli, 2012; 
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Davidoff et al., 2015). Using data from the 2000 – 2001 Medical Expenditure Panel 

Survey, Fu et al. reported that the total incremental healthcare expenditure associated 

with inappropriate medications was $7.2 billion (95% confidence interval, $3.4 billion–

$15.7 billion) in the community-dwelling elderly (Fu et al., 2007). The Beers Criteria 

were widely adopted by healthcare organizations and incorporated into performance 

measures. A National Committee on Quality Assurance’s Healthcare Effectiveness Data 

and Information Set (HEDIS) performance measure “Use of High-Risk Medications in 

Elderly,” was developed by the National Committee for Quality Assurance based on 

Beers criteria (National Committee for Quality Assurance, 2016). Among outpatient 

clinics visit within the Department of Veterans Affairs, rates of prescribing potentially 

inappropriate medications for the elderly (HRME), as defined by the HEDIS quality 

measure was estimated to be between 13.1% and 12.3% (Pugh et al., 2011). With value-

based delivery and payment systems, those responsible for quality improvement and 

affordability aim to close the gap of quality issue of overuse of inappropriate medications 

(Scarlatos, 2015). Star Ratings are published annually to assess quality of care delivered 

to target beneficiaries as well as to determine incentive payments for Medicare 

Advantage plans (Hung & Perfetto, 2016). The high-risk medication measure, one of the 

five medication measures developed by the Pharmacy Quality Alliance (PQA) that were 

adopted by The Center for Medicare & Medicaid Services (CMS), reports the percentage 

of elderly beneficiaries who receive a medication with high risk of serious adverse events 

when alternatives are available (Hung & Perfetto, 2016; Pharmacy Quality Alliance, 

2017b).  The performance measure often target for intervention by payers and healthcare 

providers because is a key safety measure in the CMS Star Rating System for Part D 



 

 220 

contractors (Scarlatos, 2015). The measure is computed using prescription claims to 

assess the proportion of patients who received at least two prescription fills for the same 

high-risk medication during the measurement period (Centers for Medicare & Medicaid 

Services, 2015b).  The high-risk medication measure includes selected prescription 

medications from the list of potentially inappropriate medications to be avoided 

recommended by the AGS (Pharmacy Quality Alliance, 2017a). PQA selected the 

medications based on four criteria (Scarlatos, 2015). First, the measure should be 

computed independently from pharmacy claims data. For instance, benzodiazepines are 

not included on the PQA list of high-risk medications because they are appropriate to use 

for treating anxiety, a common condition among elderly. However, this distinction 

requires having access to a diagnosis and the diagnostic codes are not available in 

prescription claims.  Second, only prescription drugs are included because over-the-

counter (OTC) drugs may not be consistently captured in prescription claims. For 

example, first-generation prescription antihistamines are included on the PQA high-risk 

medication list whereas the OTC antihistamine and its combinations are not. Third, only 

medications the AGS recommends should be “Avoided” are included in the PQA 

measure because some conditions are not clearly defined, for example, short term and 

long-term distinction between short-term and long-term use. Fourth, there are some 

instance where certain conditions for use can be captured using prescription claims. For 

example, Beer’s criteria recommends avoiding oral and topical patch estogens. 

Prescription claims have information on route of administration; therefore, the measure 

can capture this use (Scarlatos, 2015).    

Demographic, socioeconomic, and high-risk medication use  
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An effort has been made to examine each pharmacy quality measure to assess the 

impact on plans that serve a disproportionate share of disadvantaged patients, but the 

high-risk medication measure has not yet been studied (Centers for Medicare & Medicaid 

services, 2015c, 2016; Dharmarajan, Bentley, Banahan Iii, & West-Strum, 2014). Like 

many other performance measures that have been investigated (Chien et al., 2012; 

Hasnain-Wynia et al., 2007; Hong et al., 2010; Skinner, Chandra, Staiger, Lee, & 

McClellan, 2005), high-risk medication incidents could be affected by several 

sociodemographic factors (Goulding, 2004; Pugh et al., 2011) and clinical complexity 

(Kachru, Carnahan, Johnson, & Aparasu, 2015; Pugh et al., 2011). Sociodemographic 

factors are also associated with pharmacy performance in controlling high-risk 

medication use. For example, one study used regional sociodemographic factors as 

independent variables for analysis. The investigators found that pharmacy quality 

performance scores on high-risk medication use was associated with: patient age, race, 

and income; pharmacy type; and health professional shortage areas (Desai, Nau, Conklin, 

& Heaton, 2016). As these previous studies have indicated, there are several factors such 

as sociodemographic, including demographic characteristics (e.g., age, gender), 

socioeconomics (e.g., income, education) and environmental factors that might influence 

performances scores.  

Income is a main component of socioeconomic status (National Quality Forum, 

2014). However, determination to income information should be considered carefully 

because: individual and household incomes vary widely; source of data and computation 

methods vary; and variations in cost of living and purchasing power across the US should 

also be considered (NQF).  Alternatively, dual eligible for Medicaid and Medicare is 
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often used as an indicator of low income. Even though there is a variation eligibility 

status, benefits, and payments across states, dual eligible status can be an acceptable 

indicator of low income and the data are available. Nevertheless, some low-income 

people may not be eligible for Medicaid (National Quality Forum, 2014). Disability is 

another factor that is of interest to a regulator like CMS for determining the impact on 

performance scores (Centers for Medicare & Medicaid Services, 2015a) . A study found 

that the prevalence of potential inappropriate medication in older disabled people was 

higher than that of elderly in nursing homes or of those receiving home care (Yang et al., 

2015). Disabled persons are more likely to have: a lower chance to earn income; higher 

medical expenses; less education; and less accessibility to healthcare due to limitations in 

transportation (American Psychological Association, 2017). A report conducted by 

Inovalon research group indicated that dual eligible status had negative effect on 

measures including the high-risk medication measures. To be specific, the authors 

concluded that “dual eligible members within the same plan benefit package, regardless 

of the percent of dual eligible members in plans” (Inovalon's Division of Statisitical 

Research, 2015). However, the report was conducted using only those enrolled in 

Medicare Advantage–Prescription Drug plans; members enrolled in stand-along Part D 

Medicare health plans were not included in the study even though the quality 

performance of their health plans was assessed under the CMS Star Ratings (Centers for 

Medicare & Medicaid services, 2017). Of Medicare beneficiaries enrolled in Part D 

plans, 61% were enrolled in stand-alone prescription drug plans whereas the rest were 

enrolled in Medicare Advantage–Prescription Drug plans (Medicare Payment Advisory 

Commission, 2016). However, little is known about impact of sociodemographic (i.e., 
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low-income subsidy/dual eligible status and disability) on high-risk medication use while 

controlling for different health plans serving members enrolled in Medicare Advantage–

Prescription Drug and stand-alone prescription drug plans.    

 

THEORETICAL FRAMEWORK   
The Andersen Behavioral Model was used as the theoretical framework for this 

study to describe the phenomenon of high-risk medication use. The model includes 

predisposing, enabling, need factors, external environment factors, and personal health 

practices.  The predisposing factors include demographic characteristics (e.g., age, 

gender, education, race/ethnicity). The enabling factor is the ability of an individual to 

access a healthcare service (e.g., income, poverty). Clinical conditions based on 

perceived health status or clinician judgment are considered need factors (i.e., health 

conditions). Regional characteristics and area of residence (e.g., regional median income, 

urban or rural residence, health professional shortage areas) could also influence personal 

healthcare utilization and behavior (R. Andersen & Newman, 2005; Ronald M  Andersen, 

1995; Ronald M Andersen, Davidson, & Baumeister, 2013).  
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SPECIFIC AIMS  
To estimate the impact of disadvantaged socioeconomic status (i.e., low-income 

subsidy/dual eligibility, and/or disability) compared to non-disadvantaged socioeconomic 

status (referred to as the “within effect”) on the likelihood of high-risk medication use 

among Medicare Part D beneficiaries after controlling for the effect of individual contract 

benefit packages and other covariates. The analyses for beneficiaries with Medicare 

Advantage–Prescription Drug plans and stand-alone prescription drug plans were 

performed separately. 

Objective#2.1: Among elderly Part D beneficiaries age 65 or older, estimate the 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statues. 

Hypothesis 2.1: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility status. 

Objective#2.2: Among elderly Part D beneficiaries age 65 or older, estimate the 

likelihood of high-risk medication use among disabled individuals compared to 

individuals who were not disabled. 

Hypothesis 2.2: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries. 

Objective#2.3: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics (e.g., age, gender, race/ethnicity). 
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Hypothesis 2.3: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing characteristics. 

Objective#2.4: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled individuals compared to non-

disabled individuals given the constant individual predisposing characteristics (e.g., age, 

gender, race/ethnicity). 

Hypothesis 2.4: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing characteristics. 

Objective#2.5: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics (e.g., age, gender, race/ethnicity), and geographic 

and community characteristics (e.g., living in an area designated as having a shortage of 

primary care physicians or mental health professionals, and living in a metropolitan area). 

Hypothesis 2.5: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing and geographic and community 

characteristics. 

Objective#2.6: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled compared to non-disabled 
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individuals given the constant individual predisposing characteristics, and geographic and 

community characteristics.  

Hypothesis 2.6: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing and geographic and community characteristics. 

Objective#2.7: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among individuals with low-income subsidy/dual 

eligibility compared to individuals without any of those statuses given the constant 

individual predisposing characteristics, geographic and community characteristics, and 

need characteristics (i.e., clinical complexity).  

Hypothesis 2.7: There is no difference between high-risk medication use between 

Medicare beneficiaries with and without low-income subsidy/dual eligibility after 

controlling for the individual predisposing and geographic and community 

characteristics, and need characteristics. 

Objective#2.8: Among elderly Part D beneficiaries age 65 or older, estimate 

likelihood of high-risk medication use among disabled compared to non-disabled 

individuals given the constant individual predisposing characteristics, geographic and 

community characteristics, and need characteristics.  

Hypothesis 2.8: There is no difference between high-risk medication use between 

Medicare disabled and non-disabled beneficiaries after controlling for the individual 

predisposing, geographic and community characteristics, and need characteristics. 
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METHODS 
 

Study Design 

This study was a retrospective cross-sectional claim database study to estimate the 

impact of low-income subsidy/duel eligibility and disability status on high-risk 

medication use among elderly Medicare Part D beneficiaries using the Medicare 5% 

sample claims database for 2013. 

 

Data Source  

Medicare Five-Percent Sample Claims Database 

The primary data sources for the study were the 2013 Medicare Part D 

Prescription Drug Event file for the 5% sample of beneficiaries and Master Beneficiary 

Summary Files. The researcher linked the Medicare Part D Prescription Drug Event file 

with data on individual beneficiary characteristics. Health plans are required to submit 

Part D drug coverage claims data on prescription drug events for all Part D beneficiaries 

to CMS. Research identifiable files that included beneficiary-level data on Part A, B and 

D claim were accessible to researchers after the CMS privacy board approved the 

proposal and researchers signed a Data Use Agreement (https://www.resdac.org). The 

Medicare Part D Prescription Drug Event file contains detail data on: each drug event for 

stand-alone prescription drug plans, Medicare Advantage–Prescription Drug plans, and 

other health plans (i.e., employer-sponsored plans); encrypted beneficiary, pharmacy, 

prescriber, and contract identifiers that can be used to link to other files (e.g., the plan 

characteristics, pharmacy characteristics, and the prescriber characteristics files); and 

each prescription detailed information including the National Drug Code, quantity filled, 
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dates of filling prescriptions, and day supply. Cost data are also reported in the Medicare 

Part D Prescription Drug Event file with prescription payment paid by plans and patients 

(Research Data Assistance Center (ResDAC), 2017b). The Master Beneficiary Summary 

files contain basic individual-level data on demographics such as: date of birth; age; 

gender; race; place of residence (state and county codes, and ZIP code); monthly 

enrollment status information for Parts A, B and D; type of coverage (e.g., employer-

sponsored retirement plans, stand-alone prescription drug plans, Medicare Advantage–

Prescription Drug plans) and dual eligibility status; whether the beneficiaries receive the 

Part D low-income subsidy; and original reason for entitlement (e.g., disability, end-stage 

renal disease) (Research Data Assistance Center (ResDAC), 2017a). These beneficiaries-

level data were linked with socioeconomic characteristics based on ZIP+4 area codes to 

indicate community data points. Table 3.1 presents the Medicare Five-Percent Sample 

Claim variables used.  
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Table 3.1 Variables used from the Medicare Five-Percent Sample Claims 

Variable Name Description 

Master Beneficiary Summary Files  
BENE_ID Encrypted beneficiary identifier 
BENE_DEATH_DT Date of death of beneficiary 
NDI_DEATH_DT Verified date of death of beneficiary by a particular 

state’s death certificate  
BENE_ENTLMT_RSN_ORIG Original reason for entitlement code 
BENE_ESRD_IND Presence or absence of End-Stage Renal Disease  
BENE_BIRTH_DT Date of birth of beneficiary 
STATE_CODE State code of the residence of beneficiary  
BENE_COUNTY_CD County code for beneficiary 
BENE_ZIP_CD Zip code of the mailing address of beneficiary 
PTD_CNTRCT_ID Part D contract number 
BENE_SEX_IDENT_CD Gender of beneficiary 
BENE_RACE_CD Race of beneficiary 

Medicare Part D Prescription Drug Event file  

BENE_ID Encrypted beneficiary identifier 
PLAN_CVRG_MOS_NUM Number of months of Part D Coverage 
PTD_CNTRCT_ID Part D contract number 
DUAL_ELGBL_MOS_NUM Number of months during the year that the 

beneficiary was dually eligible (eligible for 
Medicaid)  

CST_SHR_GRP_CD Part D low-income cost sharing group code 
SRVC_DT Date on which the prescription was filled 
PRDSRVID National Drug Code (NDC) number 
 PLNCNTRC 

 

Encrypted Plan Contract identifier  

QTYDSPNS Number of dosage units dispensed (Quantity 
dispensed) 

DAYSSPLY Number of days’ supply of medication dispensed 
(Days Supply) 

FILL_NUM Number fill of the current dispensed supply 
CCW_PHARMACY_ID Pharmacy identifier 
CCW_PRSCRBR_ID Prescriber identifier 

 

Acxiom’s Market Indices  

The Acxiom’s InfoBase ® Geo file 2014 was used in this study. The data elements 

include: geocode information (e.g., five-digit zip code, five-digit zip code with specific 

four digits); total households (i.e., aggregation of the total number of households at the 

zip code level); education of first individual (i.e., aggregation of the Education Level of 

the 1st individual in the household); marital status indicating if the householder is 
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married or single; household income (i.e., aggregation of income - estimated household 

indicating the estimated household income); owner/renter status indicating whether a 

household is owner or renter occupied; and medical shortage area (i.e., indicators for 

individual resides in a mental health shortage area and primary care shortage area) 

(Acxiom Corporation, 2014).  

Area Health Resource File (AHRF) 

The Area Health Resource File (AHRF) 2013-2014 is a dataset obtained from the 

United States Department of Health and Human Services on ahrf.hrsa.gov. The data 

aggregate more than 50 sources and includes more than 6,000 health care resource 

variables. The dataset consists of 7 elements including: codes and classifications; health 

professions; health facilities; utilization; expenditures; population; and environment.  

The following diagram summarizes the process involved in preparing the database 

for analyses.  

Figure 3.1. Methods to prepare the dataset for analyses 

 

 

Dataset preparation for analyses (Aim 2,3) 
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Study Population 

Beneficiaries were only included in a calendar year from 2011 to 2013 if, at 

enrollment, they were aged 65 or older, alive, a US citizen, without end-stage renal 

disease, and continuously enrolled in the same Part D plan for the entire 12 months. 

 

Dependent variable: Measure of high-risk medication use 

We examined claims for high-risk medication across eight therapeutic classes - 

anticholinergics (excludes Tricyclic antidepressents), antithrombotics, anti-infective, 

cardiovascular, central nervous system, endocrine, pain medications gastrointestinal, 

skeletal muscle relaxants as presented in Appendix A. Because the definitions of high-

risk medications are updated when the BEERs criteria are updated, PQA’s list and 

definition of high-risk medication measures for 2013 were used for this study to 

correspond with the Medicare Part D Prescription Drug Event file of 2013 and with the 

effort health plans have made to improve their ratings on the high-risk medication 

measure (Pharmacy Quality Alliance, 2015). Using beneficiary-level data, we computed 

period prevalence as the proportion of beneficiaries in the sample with at least two 

prescription fills for the same high-risk medication (Appendix A) during 2013 (Pharmacy 

Quality Alliance, 2015). 

 

Independent variables  

Beneficiaries were assigned to groups based on their Part D low-income subsidy, 

dual eligibility, and disability. The Master Beneficiary Summary file was used to identify 

Medicare beneficiaries who were fully or partially dual eligible at any point of the 
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measurement year 2013. Partially dual eligible includes beneficiaries enrolled in the 

Medicare Savings Programs (i.e., Qualified Medicare Beneficiary program, the Specified 

Low-Income Medicare Beneficiary Program, the Qualifying Individuals Program, and the 

Qualified Disabled Working Individual Program). Beneficiaries with Part D low-income 

subsidy were identified using Part D drug event file if the beneficiaries: 1) deemed 

eligible for low-income subsidy (LIS) with premium subsidy and/or copayment; or 2) 

enrolled in LIS with premium subsidy and copayment at any point in the measurement 

year 2013. Another independent variable of interest was disability status that was 

identified using original reason for Medicare entitlement available in the Master 

Beneficiary Summary file.  

 

Covariates 

The association between Part D beneficiaries with and without any of low-income 

subsidy/dual eligible and/or disability status could be confounded by demographic, 

socioeconomic and clinical characteristics. Therefore, these factors were adjusted to 

minimize potential bias. Demographic characteristics were obtained from the Master 

Beneficiary Summary file including: age; sex; and race/ethnicity (black, Hispanic, and 

white or other). County-level geographic and community characteristics were obtained 

from the Area Health Resource file including: living in a metropolitan area, living in an 

area designated as having a shortage of primary care physicians, and living in an area 

designated as having a shortage of mental health professionals. Zip code-level geographic 

and community characteristics were obtained from the Acxiom Market Indices data file 

including: median income range of the households in the geographic area (less than 

$15,000; $15,000 - 19,999; $20,000 - $29,999; $30,000 - $39,999; $40,000 - $49,999; 
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$50,000 - $74,999; $75,000 - $99,999; $100,000 - $124,999; and $125,000 or more); 

percent of all households where the first individual has completed high school or less; 

percent of all households that contain married individuals; and percent of all households 

that own their home. A chronic comorbidity score was calculated using the RxRisk model 

described by Fisher et al. (Fisher et al., 2003). This pharmacy-based risk adjustment 

score, developed as an all-age risk adjustment tool, uses ambulatory pharmacy data to 

identify chronic disease categories and predict total health care costs. Although the 

Hierarchical Coexisting Condition (HCC) outperformed the RxRisk model in predicting 

healthcare costs, the RxRisk model performed similarly to the Ambulatory Clinical 

Group (ACG) (Fisher et al., 2003). Therefore, it is an acceptable alternative when using 

pharmacy claims data where International Classification of Disease, 9th Revision, 

Clinical Modification (ICD-9-CM) codes are not available to account for variation in 

health status and prevalence of chronic conditions among Medicare beneficiaries. The 

RxRisk categories were modified to avoid double counting medications used to identify 

high-risk medication. Number of unique pharmacies used and unique prescribers visited 

were used to reflect clinical complexity using pharmacy and prescriber identifiers 

available in the Medicare Part D Prescription Drug Event file. 

 

Statistical analyses: Hierarchical logistic regression model 

The impact of low-income subsidy/dual eligible and/or disability across 

beneficiaries with stand-alone prescription drug and Medicare Advantage–Prescription 

Drug on high-risk medication use were examined using generalized linear mixed-model 

(GLMM). The model takes into account of the variability at each level of the hierarchy 
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and allows the effects to be analyzed within the models.  The model are often referred to 

as, for example, multilevel, mixed, and random coefficient models (Breslow & Clayton, 

1993; Snijders & Bosker, 1999).  Thus, it is suitable for clustering of patients’ 

observation within plans, while the traditional regression models assume independence of 

observations (Dai, Li, & Rocke, 2006; Hox, Moerbeek, & van de Schoot, 2010). The 

model provides shrunken estimates that have the helpful quality of extending to higher 

level unit estimates towards the population means (Dai et al., 2006; Iezzoni, 2013). 

Four different specifications were examined in which a random effects variable to 

account for the clustered of data from beneficiaries of the same plan across three 

comparisons between disadvantage versus non-disadvantage groups (i.e., low-income 

subsidy and/or dual eligible (1= yes, 2=no), and disability status (1= yes, 2=no)).  Model 

1 was an unadjusted model examining the effect of the beneficiaries with disadvantaged 

or non-disadvantaged status as the independent variable. In model 2, we added 

demographic factors (e.g., age, gender). In model 3, socioeconomic status characteristics 

(e.g., percent of all households where the first individual has completed high school or less; 

percent of all households that contain married individuals; median income range of the 

households in the geographic area) were added to those variables included in model 2 

previously.  In model 4, clinical complexity (e.g., RxRisk index, number of pharmacy) 

was added in addition to variables specified in model 3.  

In this model, the plan effects are measured by the random intercept

, a linear combination of a mean (  and a variation (  from the mean. 

The distribution of variation (  is assumed to normal. The mixed model is an 

aggregation of two levels of hierarchy. The first level was the outcome that is the sum of 
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an intercept for the patient’s health plans and the patient’s disadvantage status. At level 2, 

the health plan level intercepted as the sum of an overall mean and the random variations 

from the mean. That is,  

 

where  is the probability of the high-risk medication use for beneficiary i in health 

plan j, conditional on the disadvantage status x. The equation is a mixed model because it 

has both fixed effects (  and random effects ( ) with the link function logit. Thus, 

this model is considered a member of generalized linear mixed models.  

The regression coefficient of interest is . Exponentiation the  yields an Odds 

Ratio that indicates the average within-health plan beneficiary disparity due to 

disadvantaged status (Dai et al., 2006). Model selection was performed based on 

appropriateness of variable selection, covariance structure (e.g., auto-regression, 

unstructured, compound symmetry) and goodness of fit profile of the model. Statistically 

significant differences in estimates were assessed at an alpha less than 0.001. For each 

model, a c-statistic (area under the receiver operating characteristic curve) and residual 

intraclass correlation coefficient were calculated (Snijders & Bosker, 1999). All statistical 

analyses were performed using SAS version 9.4 (SAS Institute Inc, Cary, North 

Carolina). This study was deemed exempt human subjects research by the University of 

Arizona Institutional Review Board. 

 



 

 236 

RESULTS 
Patient Selection  

Of the 3 million Medicare beneficiaries in the 5% national Medicare sample from 

2013, 2.3 million Medicare beneficiaries were aged 65 years or older. After applying the 

exclusion criteria (e.g., US citizens, Part D enrolled, and not enrolled in small health 

plans), a total of 1,401,283 beneficiaries were included in the study cohort. Of those, a 

total of 520,019 (37%) were patients enrolled in MA-PDs and 881,315 (63%) 

beneficiaries were enrolled with PDPs. Figure 3.2 outlines the flowchart of eligible 

cohort selection details.  

 

Patient characteristics of beneficiaries enrolled in Medicare Advantage Prescription 

Drug Plans (MA-PDs) 

Table 3.2 describes sociodemographics, contextual characteristics, and clinical 

complexity of eligible MA-PD beneficiaries overall and by low-income subsidy and/or 

dual eligible status. The mean age was 74.7; 61.0% (n = 316,997) were female; 81.7% (n 

= 425,094) were White; 9.8% (n = 51,043) were Black; 2.7 % (n = 13,810) were 

Hispanic; 17.1% (n = 88,693) received Part D LIS or eligible for Medicaid (LIS/DE); and 

9.4% (n = 48,997) were disabled. The majority of beneficiaries resided in the South (n = 

154,120, 32.0%); and metropolitan areas (n = 465,161, 89.7%). Approximately, a half of 

the eligible MA-PD cohort lived in an area designed as having a partial shortage of 

primary care physicians (282,403, 54.3%) and a partial shortage of mental health 

professionals (n = 277,196, 53.3%). Almost a quarter of eligible MA-PD beneficiaries (n 

= 120,280, 23.1%) resided in an area where household median income ranged from 

$50,000 to $74,999 and in an area where the percent of all households that own their 
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home ranged from 75 to 90% (n =122,132, 23.5%). More than a quarter of beneficiaries 

had two to four modified RxRisk conditions (n = 148,724, 28.6%).   

Demographics and geographic characteristics and clinical complicity varied 

across groups defined by LIS/DE status among MA-PD beneficiaries. Of the MA-PD 

beneficiaries, 88,693 (17.1% %) received Part D LIS or eligible for Medicaid (LIS/DE); 

and were defined as LIS/DE beneficiaries. LIS/DE beneficiaries were slightly younger 

than non-LIS/DE beneficiaries (71.6 vs. 75.0 years, p < 0.001). Compared to non-LIS/DE 

beneficiaries, LIS/DE beneficiaries more frequently: female (70.7% vs. 59.0%, p < 

0.001); Black (20.5% vs. 7.6%, p < 0.001); Hispanic (9.3% vs. 1.3); and disabled (18.6% 

vs. 7.5%, p < 0.001). The county-level characteristics were slightly different between 

LIS/DE and non-LIS/DE beneficiaries. LIS/DE beneficiaries had higher proportions of 

beneficiaries who lived in the geographic area where the: median household income was 

less than $15,000 (14.4% vs. 3.4%); percent of all households that own their own home 

was less than 60% (36.5% vs. 13.6%); and percent of all households that are married less 

than 30% (34.0% vs. 14.2%). Compared to non-LIS/DE beneficiaries, LIS/DE 

beneficiaries more frequently saw more than or equal to three prescribers (60.6% vs 

53.3%, p < 0.001). The majority of LIS/DE beneficiaries had more than eight modified 

RxRisk conditions whereas the majority of non-LIS/DE beneficiaries had two to four 

modified RxRisk conditions (p < 0.001).  

Table 3.3 describes sociodemographics, contextual characteristics, and clinical 

complexity of eligible MA-PD beneficiaries overall and by disability status as an original 

reason for enrollment. Of the MA-PD beneficiaries, 48,997 (9.4%) beneficiaries had 

disability as an original reason for enrollment and were defined as disabled beneficiaries 
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in this study. On average, disabled beneficiaries were younger than non-disabled (71.6 vs. 

75.0, p < 0.001). Compared to non-disabled beneficiaries, disabled beneficiaries were less 

frequently: female (53.9% vs. 61.7%, p < 0.001); White (45.5% vs. 82.4%, p < 0.001); 

but more frequently Black (17.7% vs. 9.0%, p < 0.001); and received Part D LIS or 

eligible for Medicaid (33.6% vs. 15.3%, p < 0.001). The geographic characteristics at 

county-and zip code -level were slightly different between disabled and non-disabled 

beneficiaries. For example, disabled beneficiaries had higher proportions of beneficiaries 

who lived in the geographic area where percent of all households that own their own less 

than 60% (26.5% vs. 16.5%). The majority of disabled beneficiaries had more than eight 

modified RxRisk conditions (34.8%) whereas the majority of non-disabled users had two 

to four modified RxRisk conditions (29.3%) (p < 0.001). The average modified RxRisk-

V index was higher among disabled than non-disabled beneficiaries (5.4 vs. 4.0, p < 

0.001). 

 

Patient characteristics of beneficiaries enrolled in Stand-alone Prescription Drug Plans 

(PDPs) 

Table 3.4 describes sociodemographics, contextual characteristics, and clinical 

complexity of eligible PDP beneficiaries overall and by low-income subsidy and/or dual 

eligible status. The mean age was 75.6; 64.0% (n = 563,910) were female; 85.5% (n = 

753,622) were White; 7.7% (n = 67,453) were Black; 2.0 % (n = 17,892) were Hispanic; 

24.2% (n = 213,096) received LIS/DE beneficiaries; and 9.5% (n = 83,593) were 

disabled. The majority of beneficiaries resided in the South (n = 327,886, 37.2%); and 

metropolitan areas (n = 680,995, 77.3%). Approximately, a half of eligible PDP cohort 
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lived in an area designed as having a partial shortage of primary care physicians 

(492,701, 55.9%) and a partial shortage of mental health professionals (n = 414,641, 

47.1%). The majority of PDP beneficiaries (n = 184,701, 21.0%) resided in an area where 

household median income ranged from $50,000 to $74,999 and in an area where percent 

of all households that own their home were more than 90% (n =377,948, 42.9%); percent 

of all households than the first member has completed college or higher were less than 

10%; and percent of all households that are married ranged from 50% to 75%. More than 

a quarter of beneficiaries had two to four modified RxRisk conditions (n = 242,767, 

27.5%) with an average of 4.5 conditions.    

Demographics and geographic characteristics and clinical complicity varied 

across groups defined by disability status among PDP beneficiaries. Of the PDP 

beneficiaries, 513,096 (24.2% %) received Part D LIS or eligible for Medicaid (LIS/DE); 

were defined as LIS/DE beneficiaries. LIS/DE beneficiaries were slightly older than non-

LIS/DE beneficiaries (76.6 vs. 75.2 years, p < 0.001). Compared to non-LIS/DE 

beneficiaries, LIS/DE beneficiaries more frequently: female (70.4% vs. 62%, p < 0.001); 

Black (16.5% vs. 4.8%, p < 0.001); Hispanic (7.3% vs. 0.4); and disabled (20.0% vs. 

6.1%, p < 0.001). The county-level characteristics were slightly different between 

LIS/DE and non-LIS/DE beneficiaries. LIS/DE beneficiaries had higher proportions of 

beneficiaries who lived in the geographic area where the: median household incomes 

were less than $15,000 (13.1% vs. 3.0%); percent of all households that own their home 

was less than 60% (33.9% vs. 11.5%); and percent of all households that are married was 

less than 30% (30.9% vs. 11.5%). The majority of LIS/DE beneficiaries (33.7%) had 
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more than eight modified RxRisk conditions whereas the majority of non-LIS/DE 

beneficiaries (29.4%) had two to four modified RxRisk conditions (p < 0.001).  

Table 3.5 describes sociodemographics, contextual characteristics, and clinical 

complexity of eligible PDP beneficiaries overall and by disability status as an original 

reason for enrollment. Of the PDP beneficiaries, 83,593 (9.5%) beneficiaries had 

disability as an original reason for enrollment and were defined as disabled beneficiaries 

in this study. On average, disabled beneficiaries were younger than non-disabled (72.2 vs. 

75.9, p < 0.001). Compared to non-disabled beneficiaries, disabled beneficiaries more 

frequently: male (41.8% vs. 35.4%, p < 0.001); Black (15.6% vs. 6.8%, p < 0.001); and 

received Part D LIS or eligible for Medicaid (51.1% vs. 21.4%, p < 0.001). The 

geographic characteristics at county-and zip code -level were slightly different between 

disabled and non-disabled beneficiaries. Compared to non-disabled beneficiaries, 

disabled beneficiaries more frequently saw more than or equal to three prescribers 

(66.7% vs. 57.9%, p < 0.001). The majority of disabled beneficiaries had more than eight 

modified RxRisk conditions (39.8%) whereas the majority of non-disabled users had two 

to four modified RxRisk conditions (28.3%) (p < 0.001). The average modified RxRisk-

V index was higher among disabled than non-disabled beneficiaries (5.8 vs. 4.3, p < 

0.001). 

 

Use of High-Risk Medication 

Among 520,019 MA-PD beneficiaries, 53,497 (10.3%) received at least two 

prescription fills for the same high-risk medication as defined by PQA/CMS and were 

defined as high-risk medication users. Among LIS/DE beneficiaries enrolled in MA-PDs, 
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11,812 beneficiaries were high-risk medication users. Compared to non-LIS/DE 

beneficiaries, LIS/DE beneficiaries had a higher proportion of high-risk medication users 

(13.3% vs. 9.7%, p < 0.001). Among disabled beneficiaries enrolled in MA-PDs, 8,333 

beneficiaries were high-risk medication users. Compared to non-disabled beneficiaries, 

disabled beneficiaries had a higher proportion of high-risk medication users (17.0% vs. 

9.6%, p < 0.001). Of the 881,264 PDP beneficiaries, 124,758 (14.2%) were high-risk 

medication users. Of these, 36,484 were LIS/DE and 19,152 were disabled beneficiaries. 

Compared to non-LIS/DE beneficiaries, LIS/DE beneficiaries had a higher proportion of 

high-risk medication users (17.1% vs. 13.2%, p < 0.001). Similarly, disabled 

beneficiaries had a higher proportion of high-risk medication users compared to non-

disabled beneficiaries 

 

Hierarchical logistic regression analyses 

 Table 3.7 presents the association of LIS/DE and disability status on likelihood of 

high-risk medication use using the multivariable multilevel logistic random-intercept 

models, including the odds ratios (OR), and 95% confidence intervals (CI) for the OR of 

LIS/DE and disabled status, c-statistic, and residual intraclass correlation (ICC) for MA-

PD and PDP beneficiaries.  

Among MA-PD beneficiaries, LIS/DE beneficiaries were more likely to use high-risk 

medication than non-LIS/DE beneficiaries (OR = 1.42, 95% CI = 1.39, 1.46, p < 0.001) 

with a c-statistic of 0.62 from model 1a where only LIS/DE was included. Disabled 

beneficiaries were more likely to use high-risk medication than non-disabled 

beneficiaries (OR = 1.89, 95% CI =  1.84, 1.94, p < 0.001) with c-statistic of 0.62 from 
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model 1b where only disability status was included. Model 2 included LIS/DE, disability 

status, and demographics. From Model 2, the results were consistent with those of Model 

1 with slightly lower magnitude of LIS/DE (OR = 1.34, 95% CI = 1.30, 1.37, p < 0.001) 

and disability status (OR = 1.85, 95% CI = 1.80, 1.90, p < 0.001) on likelihood of high-

risk medication use with a higher c-statistic (0.64) suggesting improvement of model 

predictivity.  Adding geographic characteristics (e.g., living in an area designated as having 

a shortage of primary care physicians or mental health professionals, and living in a 

metropolitan area), Model 3 demonstrated similar association of LIS/DE and disability on 

high-risk medication use, but the c-statistic remained the same. Adding clinical complexity 

(e.g., modified RxRisk index), Model 4 demonstrated a similar direction of findings. The 

effect of LIS/DE decreased from Model 1 (OR = 1.07, 95% CI = 1.04, 1.10, p < 0.001) and 

the effect of disability status decreased from Model 1 (OR = 1.38, 95% CI  = 1.34, 1.42, p 

<0.001). In addition, Model 4 demonstrated considerably improvement as the c-statistics 

change from 0.64 to 0.72.  It is worth noting that a c-statistic more than 0.70 is considered 

acceptable.   Given that the all residual ICC approximately were 0.04, this indicates that 4% 

of the variability in the high-risk medication use rate is accounted for by the health plans, 

leaving 96% of the variability to be accounted for by the beneficiaries or other unknown (or 

unmeasured) factors. 

We found similar pattern among PDP beneficiaries. LIS/DE beneficiaries were 

more likely to use high-risk medication than non-LIS/DE beneficiaries (OR = 1.39, 95% 

CI = 1.37, 1.41, p < 0.001) with a c-statistic of 0.59 from model 1a where only LIS/DE 

was included. Disabled beneficiaries were more likely to use high-risk medication than 

non-disabled beneficiaries (OR = 1.91, 95% CI = 1.87, 1.94, p < 0.001) with a c-statistic 

of 0.60 from model 1b where only disability status was included. Model 2 included 
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LIS/DE, disability status, and demographics. From Model 2, the results were consistent 

with Model 1 with a diminished effect of LIS/DE (OR = 1.32, 95% CI = 1.30, 1.34, p < 

0.001) and disability status (OR = 1.79, 95% CI = 1.76, 1.82, p < 0.001) on the likelihood 

of high-risk medication use with a higher c-statistic (0.63). Adding geographic 

characteristics (e.g., living in an area designated as having a shortage of primary care 

physicians or mental health professionals, and living in a metropolitan area), the Model 3 

demonstrated similar associations of LIS/DE and disability on high-risk medication use, but 

the c-statistic remained the same (c-statistic  = 0.63). Adding clinical complexity (e.g., 

modified RxRisk index), Model 4 demonstrated a similar directionality. The effect of LIS/DE 

decreased from Model 1 (OR = 1.14, 95% CI = 1.12, 1.16, p < 0.001) and the effect of 

disability status decreased from Model 1 (OR = 1.37, 95% CI  = 1.34, 1.40, p <0.001). We 

also investigated the interaction between LIS/DE and Disability status to examine the effect 

modification on both multiplicative and additive scales; the effect was not considerably 

noticeable. Compared to Model 4 from the MA-PD model, the effect of LIS/DE from the 

PDP Model 4 was slightly more noticeable whereas the effect of disability was quite similar. 

In addition, Model 4 demonstrated considerable improvement as the c-statistics changed from 

0.59 and 0.60 to 0.71, which is considered acceptable.  Similarly to the MA-PD models, all 

residual ICC in the PDP analytical models ranged from 0.0257 to 0.0285 suggesting that only 

3% of the variability in the high-risk medication use rate is accounted for by the health plans.   
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DISCUSSION 

Our study is the first study to assess the effects of disability and poor socioeconomic 

status among MA-PD and PDP Medicare beneficiaries on the High-Risk Medications 

(HRM) measure that endorsed by Pharmacy Quality Alliance (PQA) and adopted by 

Centers for Medicare and Medicaid (CMS) for Star Ratings. Although the HRM measure 

was transitioned to be a display measure to allow for further investigation of measure 

performance in the beginning of 2018, it remains an important measure for health plans 

(Centers for Medicare & Medicaid services, 2016).  

As MA-PD and PDP plan structures are different, the investigation of these plan types 

was conducted separately in this study. Our study found that PDP beneficiaries had a 

higher rate of HRM use compared to MA-PD beneficiaries (14.2% vs 10.3%). This is not 

unexpected given the different structures of the health plans. That is, MA-PD providers 

offer more holistic coverage for both pharmaceutical treatment and other medical 

services, while PDP providers focus on optimizing prescription drug costs. MA-PD 

providers may provide more interventions aimed at avoiding the use of HRMs so that 

consequent adverse drug events that may result in hospital admission, emergency 

department visits, and other medical services that MA-PD providers pay for are 

prevented. In addition, CMS had lower expectations for PDP providers in the area of 

avoiding HRM use. This may lead to higher rates of HRM use among PDP beneficiaries. 

Our finding is also consistent with a study that was conducted at the health-plan level 

(Almodovar, Axon, Coleman, Warholak, & Nahata, 2018) that found that MA-PD 

providers had better performance on the HRM measure. 
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Our findings revealed that PDPs have higher rates of LIS/DE but similar rates of 

disabled. Although PDP beneficiaries had a higher rate of HRM use than MA-PD, both 

MA-PD and PDP beneficiaries with LIS/DE had higher proportions of HRM users than 

non-LIS/DE beneficiaries; and disabled beneficiaries also had higher rates of HRM users 

than non-disabled beneficiaries. As this measure is used to evaluate the quality of care 

provided by health plans, our study controlled for between-contract differences using 

hierarchical logistic regression models. The findings suggested a health disparity due to 

socioeconomic and disability status. In univariable models, the significant effects of 

LIS/DE and disability were revealed. The stepwise approach was performed to 

investigate the impact of each main component (i.e., demographics, contextual, and need 

factors). Substantial improvement was found when adding the clinical component, 

including modified RxRisk-V, and number of prescribers and pharmacies where 

beneficiaries received healthcare, to the model. This was demonstrated by the c-statistics 

reaching the acceptable threshold (above 0.7). The pattern was found in both MA-PD and 

PDP models. The low amount of variability explained by health plans suggested low 

impact of health plans on likelihood of HRM use.  

The results are consistent with other similar previous studies. A pharmacy-level study 

conducted by Desai et al. (2016) found that pharmacies located in counties with patients 

who had low incomes were more likely to have poor performance for the high-risk 

medication measure. Our result is also consistent with a report from the Inovalon research 

group that dual eligible status had negative effect on measures including the high-risk 

medication measures among MA-PD beneficiaries. Our study found that having disability 

as the original reason for enrollment had significant association with higher likelihood of 
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the high-risk medication use measure. The finding was consistent with a study using 

different definition of high-risk medication. The study found that the prevalence of 

potential inappropriate medication in older disabled people was higher than that of 

elderly in nursing homes or of those receiving home care (Yang et al., 2015). This could 

be explained by the fact that disabled persons are more likely to have: less chance to earn 

incomes; higher medical expenses; less education; and less accessibility to healthcare due 

to limitations in transportation (American Psychological Association, 2017).  

As one of former Star Ratings measures, the HRM measure was used to as an 

indicator for quality of care performance across health plans. The comparison is made 

based on an assumption that all health plans have similar proportion of beneficiaries with 

poor socioeconomic status, which may not be accurate (Centers for Medicare & Medicaid 

Services, 2015a) as CMS revealed a disproportionate percentage of LIS/DE beneficiaries 

and disabled beneficiaries across health plans. As a result, CMS proposed methods to 

handle this issue applying risk adjustment for some measures. However, the HRM 

measure was not included in the investigation by CMS. Our study suggested the 

socioeconomic and disability status also had an impact on HRM measure performance 

and that it is worth considering risk adjustment for the HRM measure.   

The study has several limitations. First, the study validity is affected by limitations 

related to use of secondary data sources (i.e., claims data). The reasons why certain high 

risk prescriptions may have been justified are not be captured in claims databases. 

Second, the study design was cross-sectional study where causation could not be 

investigated to identify factors leading to high-risk medication exposure. Third, some 

variables were not included in our analysis are limited to use only prescription drug files 
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where other patients’ data are not available. However, we attempted to minimize this 

limitation. We used RxRisk-V index to reflect clinical complexity when ICD-9-CM were 

not available and we also used number of prescribers and pharmacies where beneficiaries 

received health care services to indicate beneficiaries’ clinical needs. Forth, we used low-

income subsidy and/or dual eligibility status to reflect poor socioeconomic status. 

Although the variable may not be an accurate indicator, it is the most appropriate variable 

that is available and stated as a main component of socioeconomics status (National 

Quality Forum, 2014). Fifth, although we have identified several determinants that 

potentially associated with the use of high-risk medication. There may be other important 

health-plan level and beneficiaries-level determinants that are not reliably captured in the 

prescription file or other important factors that not included in the datasets. Lastly, as we 

excluded those who were not enrolled in any health plans continuously or those who 

switched health plans, our findings may not be generalizable to these beneficiaries. 

CONCLUSION 
The impact of socioeconomic and disability determinant on the high-risk 

medication use measure is complex and varies by health plans type. Our results suggest 

that a first priority maybe to focus on investigating the impact of disadvantaged status on 

health plan high-risk medication measure performance. In addition, the findings indicate 

a need to incorporate socioeconomic and disability status into risk adjustment for the 

comparison of health plans performance on the high-risk mediation measure.  
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Figure 3.2. Flow chart of eligible cohort selection in 2013 
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Table 3.2 Medicare beneficiaries aged of 65 or older with Medicare Advantage Prescription Drug plans 
(MA-PD) 2013: Demographics and characteristics overall and by low income subsidy/dual eligible 
status  
 

       
    Total  

 
(N = 520,019) 

Low income 
subsidy/dual eligible 

(N = 88,693) 

Non-Low income 
subsidy/dual eligible 

 (N = 431,326) 

Sig  

Sociodemographics      
Female, n(%) 316,997 (61) 62,675 (70.7) 2543,22 (59) ***  
Age, mean (SD)  74.7 (7.3) 71.6 (5.9) 75.0 (7.4) ***  
Age group, n(%)    ***  

 65 - 70 157,019 (30.2) 23,633 (26.6) 1333,86 (30.9)   
 70-75 131,260 (25.2) 20,488 (23.1) 110,772 (25.7)   
 75 - 85  171,144 (32.9) 31,307 (35.3) 139,837 (32.4)   
 ≥ 85 60,596 (11.7) 13,265 (15) 47,331 (11)   
Race, n(%)    ***  

 White 425,094 (81.7) 54,133 (61) 370,961 (86)   
 Black 51,043 (9.8) 18,205 (20.5) 32,838 (7.6)   
 Hispanic 13,810 (2.7) 8,259 (9.3) 5,551 (1.3)   
 Others 30,072 (5.8) 8,096 (9.1) 21,976 (5.1)   
Disabled, n(%) 48,997 (9.4) 16,477 (18.6) 32,520 (7.5) ***  
Geographic characteristics (County-level) a      
Region, n(%)     ***  

 Northeast  106,550 (20.5) 21,377 (24.1) 85,173 (19.7)   
 Midwest  91,900 (17.7) 10,668 (12) 81,232 (18.8)   
 South  166,251 (32) 35,038 (39.5) 131,213 (30.4)   
 West  154,120 (29.6) 21,466 (24.2) 132,654 (30.8)   
Resident in metropolitan areas, n(%)  465,161 (89.5) 79,132 (89.2) 386,029 (89.5) **  
Resident in a Primary Care Shortage Area, n(%)     ***  

 full shortage area 197,456 (38) 33,522 (37.8) 163,934 (38)   
 partial shortage area 282,403 (54.3) 49,675 (56) 232,728 (54)   
 not shortage area 38,961 (7.5) 5,352 (6) 33,609 (7.8)   
Resident in a Mental Care Shortage Area, n(%)     ***  
 full shortage area 198,208 (38.1) 36,145 (40.8) 162,063 (37.6)   
 partial shortage area 277,196 (53.3) 47,288 (53.3) 229,908 (53.3)   
 not shortage area 43,416 (8.3) 5,116 (5.8) 38,300 (8.9)   
Geographic characteristics (Zip code-level) a      
Median income rage of the households in the geographic area, n(%)     ***  

 less than $15,000 27,320 (5.3) 12,763 (14.4) 14,557 (3.4)   
 $15,000 - $19,999 22,302 (4.3) 7,956 (9) 14,346 (3.3)   
 $20,000 - $29,999 50,210 (9.7) 13,981 (15.8) 36,229 (8.4)   
 $30,000 - $39,999 62,174 (12) 12,769 (14.4) 49,405 (11.5)   
 $40,000 - $49,999 62,610 (12) 9,382 (10.6) 53,228 (12.3)   
 $50,000 - $74,999 120,280 (23.1) 13,220 (14.9) 107,060 (24.8)   
 $75,000 - $99,999 68,469 (13.2) 5,394 (6.1) 63,075 (14.6)   
 $100,000 - $124,999 35,310 (6.8) 2,333 (2.6) 32,977 (7.6)   
 $125,000 or more 33,358 (6.4) 1,855 (2.1) 31,503 (7.3)   

Percent of all households that own their home, n(%)     ***  
 0%-60% 92,168 (17.7) 32,335 (36.5) 59,833 (13.9)   
 60-75%  60,367 (11.6) 11,426 (12.9) 48,941 (11.3)   
 75-90%  122,132 (23.5) 16,046 (18.1) 106,086 (24.6)   
 90-100% 207,366 (39.9) 19,846 (22.4) 187,520 (43.5)   

Percent of all households that the first member has completed college or higher, n(%)     ***  
 0%-10%  170,239 (32.7) 33,442 (37.7) 136,797 (31.7)   
 10%-30%  184,232 (35.4) 31,443 (35.5) 152,789 (35.4)   
 30%-50%  59,793 (11.5) 7,488 (8.4) 52,305 (12.1)   
 50%-100%  67,769 (13) 7,280 (8.2) 60,489 (14)   

Percent of all households that are married, n(%)     ***  
 0%-30% 91,573 (17.6) 301,25 (34) 61,448 (14.2)   
 30%-50%  98,039 (18.9) 19,302 (21.8) 78,737 (18.3)   
 50%-75%  172,688 (33.2) 20,628 (23.3) 152,060 (35.3)   
 75%-100%  119,733 (23) 9,598 (10.8) 110,135 (25.5)   

Clinical complexity      
Number of prescribers, n(%)    ***  
 0-2 236,577 (45.5) 34,938 (39.4) 201,639 (46.7)   
 3+ 283,442 (54.5) 53,755 (60.6) 229,687 (53.3)   
Number of pharmacies, n(%)    ***  

 0-1 282,261 (54.3) 51,042 (57.5) 231,219 (53.6)   
 2+ 237,758 (45.7) 37,651 (42.5) 200,107 (46.4)   

Modified RxRisk-V categories, n(%)    ***  
 0 Rx conditions 46,704 (9) 4,571 (5.2) 42,133 (9.8)   

 1 Rx conditions 105,806 (20.3) 10,674 (12) 95,132 (22.1)   
 2-4 Rx conditions 148,724 (28.6) 21,462 (24.2) 127,262 (29.5)   
 5-7 Rx conditions 121,292 (23.3) 23,727 (26.8) 97,565 (22.6)   
 8+ Rx conditions 97,493 (18.7) 28,259 (31.9) 69,234 (16.1)   
Modified RxRisk-V index, mean(SD) 4.1 (2.7) 5.2 (2.8) 3.9 (2.6) ***  

Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
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Table 3.3 Medicare beneficiaries aged of 65 or older with Medicare Advantage Prescription Drug plans 
(MA-PD) 2013: Demographics and characteristics overall and by disability status  
 

       
    Total  

(N = 520,019) 
Disabled 

(N = 48,997) 
Non-Disabled 
 (N = 471,022) 

Siga  

Sociodemographics      
Female, n(%) 316,997 (61) 26,390 (53.9) 290,607 (61.7) ***  
Age, mean (SD)  74.7 (7.3) 71.6 (5.9) 75.0 (7.4) ***  
Age group, n(%)    ***  

 65 - 70 157,019 (30.2) 22,303 (45.5) 134,716 (28.6)   
 70-75 131,260 (25.2) 13,690 (27.9) 117,570 (25)   
 75 - 85  171,144 (32.9) 11,165 (22.8) 159,979 (34)   
 ≥ 85 60,596 (11.7) 1,839 (3.8) 58,757 (12.5)   
Race, n(%)    ***  

 White 425,094 (81.7) 36,865 (75.2) 388,229 (82.4)   
 Black 51,043 (9.8) 8,681 (17.7) 42,362 (9)   
 Hispanic 13,810 (2.7) 1,859 (3.8) 11,951 (2.5)   
 Others 30,072 (5.8) 1,592 (3.2) 28,480 (6)   
Low Income Subsidy/Dual Eligibility (LIS/DE), n (%) 88,693 (17.1) 16,477 (33.6) 72,216 (15.3) ***  
Geographic characteristics (County-level) a      
Region, n(%)    ***  

 Northeast  106,550 (20.5) 9,713 (19.8) 96,837 (20.6)   
 Midwest  91,900 (17.7) 7,642 (15.6) 84,258 (17.9)   
 South  166,251 (32) 19,432 (39.7) 146,819 (31.2)   
 West  154,120 (29.6) 12,105 (24.7) 142,015 (30.2)   
Resident in metropolitan areas, n(%) 465,161 (89.7) 465,161 (89.5) 422,882 (89.8) ***  
Resident in a Primary Care Shortage Area, n(%)    ***  

 full shortage area 197,456 (38) 18,651 (38.1) 178,805 (38)   
 partial shortage area 282,403 (54.3) 26,250 (53.6) 256,153 (54.4)   
 not shortage area 38,961 (7.5) 3,991 (8.1) 34,970 (7.4)   
Resident in a Mental Care Shortage Area, n(%)    ***  
 full shortage area 198,208 (38.1) 19,839 (40.5) 178,369 (37.9)   
 partial shortage area 277,196 (53.3) 25,245 (51.5) 251,951 (53.5)   
 not shortage area 43,416 (8.3) 3,808 (7.8) 39,608 (8.4)   
Geographic characteristics (Zip code-level) a      
Median income rage of the households in the geographic area, n(%)    ***  

 less than $15,000 27,320 (5.3) 4,612 (9.4) 22,708 (4.8)   
 $15,000 - $19,999 22,302 (4.3) 3,343 (6.8) 18,959 (4)   
 $20,000 - $29,999 50,210 (9.7) 6,797 (13.9) 43,413 (9.2)   
 $30,000 - $39,999 62,174 (12) 7,155 (14.6) 55,019 (11.7)   
 $40,000 - $49,999 62,610 (12) 6,324 (12.9) 56,286 (11.9)   
 $50,000 - $74,999 120,280 (23.1) 9,295 (19) 110,985 (23.6)   
 $75,000 - $99,999 68,469 (13.2) 3,901 (8) 64,568 (13.7)   
 $100,000 - $124,999 35,310 (6.8) 1,635 (3.3) 33,675 (7.1)   
 $125,000 or more 33,358 (6.4) 1,231 (2.5) 32,127 (6.8)   

Percent of all households that own their home, n(%)    ***  
 0%-60% 92,168 (17.7) 12,968 (26.5) 79,200 (16.8)   
 60-75%  60,367 (11.6) 6,228 (12.7) 54,139 (11.5)   
 75-90%  122,132 (23.5) 9,895 (20.2) 112,237 (23.8)   
 90-100% 207,366 (39.9) 15,202 (31) 192,164 (40.8)   

Percent of all households that the first member has completed college or higher, n(%)    ***  
 0%-10%  170,239 (32.7) 18,397 (37.5) 151,842 (32.2)   
 10%-30%  184,232 (35.4) 16,810 (34.3) 167,422 (35.5)   
 30%-50%  59,793 (11.5) 4,466 (9.1) 55,327 (11.7)   
 50%-100%  67,769 (13) 4,620 (9.4) 63,149 (13.4)   

Percent of all households that are married, n(%)    ***  
 0%-30% 91,573 (17.6) 11,996 (24.5) 79,577 (16.9)   
 30%-50%  98,039 (18.9) 9,885 (20.2) 88,154 (18.7)   
 50%-75%  172,688 (33.2) 13,812 (28.2) 158,876 (33.7)   
 75%-100%  119,733 (23) 8,600 (17.6) 111,133 (23.6)   

Clinical complexity      
Number of prescribers, n(%)    ***  
 0-2 236,577 (45.5) 17,073 (34.8) 219,504 (46.6)   
 3+ 283,442 (54.5) 31,924 (65.2) 251,518 (53.4)   
Number of pharmacies, n(%)    ***  

 0-1 282,261 (54.3) 24,624 (50.3) 257,637 (54.7)   
 2+ 237,758 (45.7) 24,373 (49.7) 213,385 (45.3)   

Modified RxRisk-V categories, n(%)    ***  
 0 Rx conditions 46,704 (9) 2,604 (5.3) 44,100 (9.4)   

 1 Rx conditions 105,806 (20.3) 5,521 (11.3) 100,285 (21.3)   
 2-4 Rx conditions 148,724 (28.6) 10,844 (22.1) 137,880 (29.3)   
 5-7 Rx conditions 121,292 (23.3) 12,997 (26.5) 108,295 (23)   
 8+ Rx conditions 97,493 (18.7) 17,031 (34.8) 80,462 (17.1)   
Modified RxRisk-V index, mean(SD) 4.1 (2.7) 5.4 (2.9) 4.0 (2.6) ***  

Note: Asterisks represent statistical significance between disabled vs. non-disabled  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
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Table 3.4 Medicare beneficiaries aged of 65 or older with stand-alone prescription drug plans (PDP) 
2013: Demographics and characteristics overall and by low income subsidy/dual eligible status  
 

       
    Total  

 
(N = 881,264) 

Low income 
subsidy/dual eligible 

(N = 213,096) 

Non- Low income 
subsidy/dual eligible 

 (N = 668,168) 

Sig  

Sociodemographics      
Female, n(%) 563,910 (64) 149,944 (70.4) 413,966 (62) ***  
Age, mean (SD)  75.6 (7.8) 76.6 (8.4) 75.2 (7.6) ***  
Age group, n(%)    ***  

 65 - 70 244,929 (27.8) 53,798 (25.2) 191,131 (28.6)   
 70-75 206,256 (23.4) 44,291 (20.8) 161,965 (24.2)   
 75 - 85  293,039 (33.3) 72,228 (33.9) 220,811 (33)   
 ≥ 85 137,040 (15.6) 42,779 (20.1) 94,261 (14.1)   
Race, n(%)    ***  

 White 753,622 (85.5) 137,642 (64.6) 615,980 (92.2)   
 Black 67,453 (7.7) 35,162 (16.5) 32,291 (4.8)   
 Hispanic 17,892 (2) 15,491 (7.3) 2,401 (0.4)   
 Others 42,297 (4.8) 24,801 (11.6) 17,496 (2.6)   
Disabled, n(%) 83,593 (9.5) 42,714 (20) 40,879 (6.1) ***  
Geographic characteristics (County-level) a      
Region, n(%)    ***  

 Northeast  169,443 (19.2) 42,542 (20) 126,901 (19)   
 Midwest  234,276 (26.6) 40,128 (18.8) 194,148 (29.1)   
 South  327,886 (37.2) 84,286 (39.6) 243,600 (36.5)   
 West  148,459 (16.8) 45,734 (21.5) 102,725 (15.4)   
Resident in metropolitan areas, n(%) 680,995 (77.3) 162,483 (76.2) 518,512 (77.6) ***  
Resident in a Primary Care Shortage Area, n(%)    ***  

 full shortage area 293,120 (33.3) 83,259 (39.1) 209,861 (31.4)   
 partial shortage area 492,701 (55.9) 111,920 (52.5) 380,781 (57)   
 not shortage area 94,186 (10.7) 17,498 (8.2) 76,688 (11.5)   
Resident in a Mental Care Shortage Area, n(%)    ***  
 full shortage area 373,467 (42.4) 103,209 (48.4) 270,258 (40.4)   
 partial shortage area 414,641 (47.1) 93,590 (43.9) 321,051 (48)   
 not shortage area 91,899 (10.4) 15,878 (7.5) 76,021 (11.4)   
Geographic characteristics (Zip code-level) a      
Median income rage of the households in the geographic area, n(%)    ***  

 less than $15,000 47,920 (5.4) 27,911 (13.1) 20,009 (3)   
 $15,000 - $19,999 38,565 (4.4) 17,979 (8.4) 20,586 (3.1)   
 $20,000 - $29,999 76,814 (8.7) 29,353 (13.8) 47,461 (7.1)   
 $30,000 - $39,999 94,348 (10.7) 26,573 (12.5) 67,775 (10.1)   
 $40,000 - $49,999 96,563 (11) 20,971 (9.8) 75,592 (11.3)   
 $50,000 - $74,999 184,701 (21) 29,203 (13.7) 155,498 (23.3)   
 $75,000 - $99,999 112,480 (12.8) 13,443 (6.3) 99,037 (14.8)   
 $100,000 - $124,999 63,677 (7.2) 6,280 (2.9) 57,397 (8.6)   
 $125,000 or more 75,398 (8.6) 6,378 (3) 69,020 (10.3)   

Percent of all households that own their home, n(%)    ***  
 0%-60% 149,011 (16.9) 72,235 (33.9) 76,776 (11.5)   
 60-75%  86,900 (9.9) 23,014 (10.8) 63,886 (9.6)   
 75-90%  176,607 (20) 32,686 (15.3) 143,921 (21.5)   
 90-100% 377,948 (42.9) 50,156 (23.5) 327,792 (49.1)   

Percent of all households that the first member has completed college or higher, n(%)    ***  
 0%-10%  292,995 (33.2) 77,440 (36.3) 215,555 (32.3)   
 10%-30%  274,727 (31.2) 64,207 (30.1) 210,520 (31.5)   
 30%-50%  98,603 (11.2) 16,704 (7.8) 81,899 (12.3)   
 50%-100%  124,141 (14.1) 19,740 (9.3) 104,401 (15.6)   

Percent of all households that are married, n(%)    ***  
 0%-30% 142,614 (16.2) 65,804 (30.9) 76,810 (11.5)   
 30%-50%  135,393 (15.4) 39,209 (18.4) 96,184 (14.4)   
 50%-75%  274,816 (31.2) 46,658 (21.9) 228,158 (34.1)   
 75%-100%  237,643 (27) 26,420 (12.4) 211,223 (31.6)   

Clinical complexity      
Number of prescribers, n(%)    ***  
 0-2 363,873 (41.3) 95,326 (44.7) 268,547 (40.2)   
 3+ 517,391 (58.7) 117,770 (55.3) 399,621 (59.8)   
Number of pharmacies, n(%)    ***  

 0-1 475,302 (53.9) 136,786 (64.2) 338,516 (50.7)   
 2+ 405,962 (46.1) 76,310 (35.8) 329,652 (49.3)   

Modified RxRisk-V categories, n(%)    ***  
 0 Rx conditions 68,334 (7.8) 18,053 (8.5) 50,281 (7.5)   

 1 Rx conditions 156,261 (17.7) 23,766 (11.2) 132,495 (19.8)   
 2-4 Rx conditions 242,767 (27.5) 46,282 (21.7) 196,485 (29.4)   
 5-7 Rx conditions 214,904 (24.4) 53,177 (25) 161,727 (24.2)   
 8+ Rx conditions 198,998 (22.6) 71,818 (33.7) 127,180 (19)   
Modified RxRisk-V index, mean(SD) 4.5 (2.8) 5.2 (3.1) 4.2 (2.6) ***  

Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.0001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data.
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Table 3.5. Medicare beneficiaries aged of 65 or older with stand-alone prescription drug plans (PDP) 
2013: Demographics and characteristics overall and by disability status  

 
       
    Total  

(N = 881,264) 
Disabled 

(N = 83,593) 
Non- Disabled 
 (N = 797,671) 

Siga  

Sociodemographics      
Female, n(%) 563,910 (64) 48,682 (58.2) 515,228 (64.6) ***  
Age, mean (SD)  75.6 (7.8) 72.2 (6.3) 75.9 (7.9) ***  
Age group, n(%)    ***  

 65 - 70 244,929 (27.8) 36,135 (43.2) 208,794 (26.2)   
 70-75 206,256 (23.4) 22,611 (27) 183,645 (23)   
 75 - 85  293,039 (33.3) 20,440 (24.5) 272,599 (34.2)   
 ≥ 85 137,040 (15.6) 4,407 (5.3) 132,633 (16.6)   
Race, n(%)    ***  

 White 753,622 (85.5) 65,908 (78.8) 687,714 (86.2)   
 Black 67,453 (7.7) 13,000 (15.6) 54,453 (6.8)   
 Hispanic 17,892 (2) 2,319 (2.8) 15,573 (2)   
 Others 42,297 (4.8) 23,66 (2.8) 39,931 (5)   
Low Income Subsidy/Dual Eligibility (LIS/DE), n (%) 213,096 (24.2) 42,714 (51.1) 170,382 (21.4) ***  
Geographic characteristics (County-level) a      
Region, n(%)    ***  

 Northeast  169,443 (19.2) 15,533 (18.6) 153,910 (19.3)   
 Midwest  234,276 (26.6) 20,241 (24.2) 214,035 (26.8)   
 South  327,886 (37.2) 35,493 (42.5) 292,393 (36.7)   
 West  148,459 (16.8) 12,214 (14.6) 136,245 (17.1)   
Resident in metropolitan areas, n(%) 680,995 (77.4) 680,995 (77.3) 621,074 (77.9) ***  
Resident in a Primary Care Shortage Area, n(%)    ***  

 full shortage area 293,120 (33.3) 28,547 (34.1) 264,573 (33.2)   
 partial shortage area 492,701 (55.9) 46,306 (55.4) 446,395 (56)   
 not shortage area 94,186 (10.7) 8,622 (10.3) 85,564 (10.7)   
Resident in a Mental Care Shortage Area, n(%)    ***  
 full shortage area 373,467 (42.4) 38,539 (46.1) 334,928 (42)   
 partial shortage area 414,641 (47.1) 37,206 (44.5) 377,435 (47.3)   
 not shortage area 91,899 (10.4) 7,730 (9.2) 84,169 (10.6)   
Geographic characteristics (Zip code-level) a      
Median income rage of the households in the geographic area, n(%)     ***  

 less than $15,000 47,920 (5.4) 8,207 (9.8) 39,713 (5)   
 $15,000 - $19,999 38,565 (4.4) 5,803 (6.9) 32,762 (4.1)   
 $20,000 - $29,999 76,814 (8.7) 10,608 (12.7) 66,206 (8.3)   
 $30,000 - $39,999 94,348 (10.7) 11,192 (13.4) 83,156 (10.4)   
 $40,000 - $49,999 96,563 (11) 9,460 (11.3) 87,103 (10.9)   
 $50,000 - $74,999 184,701 (21) 13,854 (16.6) 170,847 (21.4)   
 $75,000 - $99,999 112,480 (12.8) 6,277 (7.5) 106,203 (13.3)   
 $100,000 - $124,999 63,677 (7.2) 2,731 (3.3) 60,946 (7.6)   
 $125,000 or more 75,398 (8.6) 2,434 (2.9) 72,964 (9.1)   

Percent of all households that own their home, n(%)     ***  
 0%-60% 149,011 (16.9) 21,968 (26.3) 127,043 (15.9)   
 60-75%  86,900 (9.9) 8,692 (10.4) 78,208 (9.8)   
 75-90%  176,607 (20) 13,570 (16.2) 163,037 (20.4)   
 90-100% 377,948 (42.9) 26,336 (31.5) 351,612 (44.1)   

Percent of all households that the first member has completed college or higher, n(%)     ***  
 0%-10%  292,995 (33.2) 30,782 (36.8) 262,213 (32.9)   
 10%-30%  274,727 (31.2) 24,140 (28.9) 250,587 (31.4)   
 30%-50%  98,603 (11.2) 7,160 (8.6) 91,443 (11.5)   
 50%-100%  124,141 (14.1) 8,484 (10.1) 115,657 (14.5)   

Percent of all households that are married, n(%)     ***  
 0%-30% 142,614 (16.2) 19,886 (23.8) 122,728 (15.4)   
 30%-50%  135,393 (15.4) 13,804 (16.5) 121,589 (15.2)   
 50%-75%  274,816 (31.2) 20,960 (25.1) 253,856 (31.8)   
 75%-100%  237,643 (27) 15,916 (19) 221,727 (27.8)   

Clinical complexity      
Number of prescribers, n(%)    ***  
 0-2 363,873 (41.3) 27,878 (33.3) 335,995 (42.1)   
 3+ 517,391 (58.7) 55,715 (66.7) 461,676 (57.9)   
Number of pharmacies, n(%)    ***  

 0-1 475,302 (53.9) 44,219 (52.9) 431,083 (54)   
 2+ 405,962 (46.1) 39,374 (47.1) 366,588 (46)   

Modified RxRisk-V categories, n(%)    ***  
 0 Rx conditions 68,334 (7.8) 4,214 (5) 64,120 (8)   

 1 Rx conditions 156,261 (17.7) 7,994 (9.6) 148,267 (18.6)   
 2-4 Rx conditions 242,767 (27.5) 16,827 (20.1) 225,940 (28.3)   
 5-7 Rx conditions 214,904 (24.4) 21,283 (25.5) 193,621 (24.3)   
 8+ Rx conditions 198,998 (22.6) 33,275 (39.8) 165,723 (20.8)   
Modified RxRisk-V index, mean(SD) 4.5 (2.8) 5.8 (3.0) 4.3 (2.7) ***  

Note: Asterisks represent statistical significance between disabled vs. non-disabled  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
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Table 3.6 Medicare beneficiaries aged of 65 or older with Medicare Advantage Prescription Drug plans 
(MA-PD) and stand-alone prescription drug plans (PDP) 2013: High-Risk Medication use by low 
income subsidy/dual eligible status and disability status 
 

MA-PD	 	 	 	 	 	 	 	 	 	

	
Total		
(N	=	

520,019)	

	 Low	income	
subsidy/dual	

eligible	
(N	=	88,693)	

non-Low	
income	

subsidy/dual	
eligible	

(N	=	431,326)	

Sig	

	

Disabled	
	(N	=48,997)	

Non-Disabled	
(N	=	471,022)	 Sig	

High-Risk	Medication	users,	n	(%)	a	 53,497	(10.3)	 	 11,812	(13.3)	 41685	(9.7)	 ***	 	 8,333	(17)	 45,164	(9.6)	 ***	

non-High-Risk	Medication	users,	n(%)	
a	

466,522	
(89.7)	

	 76,881	(86.7)	 389641	(90.3)	 	 	 40,664	(83)	 425,858	(90.4)	 	

PDP	 	 	 	 	 	 	 	 	 	

	
	

Total		
(N	=	

881,264)	

	 Low	income	
subsidy/dual	

eligible	
	(N	=213,096)	

non-Low	
income	

subsidy/dual	
eligible	

(N	=	668,168)	

Sig	

	

Disabled	
(N	=	83,593)	

Non-Disabled	
	(N	=	797,671)	 Sig	

High-Risk	Medication	users,	n(%)	a	 124,758	
(14.2)	

	 36,484	(17.1)	 88,274	(13.2)	 ***	 	 19,152	(22.9)	 105,606	(13.2)	 ***	

non-High-Risk	Medication	users,	n(%)	
a	

756,506	
(85.8)	

	 176,612	(82.9)	 579,894	(86.8)	 	 	 64,441	(77.1)	 692,065	(86.8)	 	

Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible and between disabled and non-disabled 
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a High-Risk Medication users are patients who received at least two prescription fills for the same high-risk medication as defined by Pharmacy Quality Alliance/Centers for Medicare and 
Medicaid Services 
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Table 3.7 Likelihood of High-Risk medications exposure 
Health	plan	type	 LIS/DE	Adjustment	

Odds	Ratio	on	HRM		
(95%	CI)	†	

Disability	Adjustment	
Odds	Ratio	on	HRM		

(95%	CI)	†	

C-
statistic	

Residual	
ICC‡	

MA-PD	
	 	 	 	

	
Model	1a	 1.424	(1.389,	1.459)	***	

	
0.62	 0.0405***		

Model	1b	
	

1.889	(1.841,	1.939)	***	 0.62	 0.0414***		
Model	2	 1.336	(1.302,	1.371)	***	 1.850	(1.800,	1.900)***	 0.64	 0.0394***		
Model	3	 1.308	(1.272,	1.345)	***	 1.849	(1.797,	1.903)	***	 0.64	 0.0397***		
Model	4	 1.070	(1.039,	1.101)	***	 1.380	(1.340,	1.422)	***	 0.72	 0.0433***	

PDP	
	 	 	 	

	
Model	1a	 1.389	(1.368,	1.411)	***	

	
0.59	 0.0285***		

Model	1b	
	

1.906	(1.873,	1.940)	***	 0.60	 0.0275***		
Model	2	 1.320	(1.299,	1.342)	***	 1.788	(1.755,		1.822)	***	 0.63	 0.0281***		
Model	3	 1.273	(1.249,	1.297)	***	 1.794	(1.758,	1.831)	***	 0.63	 0.0282***		
Model	4	 1.137	(1.115,	1.160)	***	 1.370	(1.341,	1.399)	***	 0.71	 0.0257***	

Note:	
All	models	were	controlled	for	between-contract	differences.	
Model	1a	included	low	income	subsidy/dual	eligibility	status	(LIS/DE)	
Model	1b	included	disabled	status	
Mode	2	included	low	income	subsidy/dual	eligibility	status,	disabled	status,	age,	gender,	and	race	
Mode	3	included	low	income	subsidy/dual	eligibility	status,	disabled	status,	age,	gender,	race,	metropolitan	areas,	primary	care	shortage	
area,	mental	care	shortage	area,	median	income	rage	of	the	households	in	the	geographic	area,	percent	of	all	households	that	own	their	
home,	percent	of	all	households	that	the	first	member	has	completed	college	or	higher,	and	percent	of	all	households	that	are	married	
Mode	4	included	low	income	subsidy/dual	eligibility	status,	disabled	status,	age,	gender,	race,	metropolitan	areas,	primary	care	shortage	
area,	mental	care	shortage	area,	median	income	rage	of	the	households	in	the	geographic	area,	percent	of	all	households	that	own	their	
home,	percent	of	all	households	that	the	first	member	has	completed	college	or	higher,	percent	of	all	households	that	are	married,	number	
of	prescribers,	number	of	pharmacies,	and	modified	RxRisk-V	index	
CI	=	Confidence	Interval;	HRM	=	High-Risk	Medication;	OR	=		Odds	Ratio;	MA-PD	=	Medicare	Advantage	Prescription	Drug	Plans		
;	PDP	=	stand-alone	prescription	Drug	Plans	;	ICC	=	Intraclass	correlation	coefficient	
†	Statistically	significant	impact	of	independent	variables	were	computed	using	logistic	regression	with	random	intercept	
‡	Statistically	significant	amount	of	variability	in	the	log	odds	of	high-risk	medications	use	between	health	plans	in	the	sample	
***	p<	0.001;	**	0.001	≤p<	0.01;	*0.01	≤	p<0.05	
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APPENDIX F. 
RISK ADJUSTMENT AND HEALTH PLAN PERFORMANCE ON 
HIGH-RISK MEDICATIONS USE AMONG PART D MEDICARE 

BENEFICIARIES 
BACKGROUND  

Patient-related attributes should be accounted before meaningful comparisons of 

outcome performances among patients, healthcare providers, treatments, healthcare 

systems, as well as health plans can be made (Iezzoni, 2013). The phenomenon is 

multifaceted.  Factors include: specific healthcare needs; financial enabling factors; 

geographic factors; personal preference; and expectations for treatment effectiveness and 

services that could influence how a person seeks care (Aday & Andersen, 1974; R. 

Andersen & Newman, 2005; Ronald M  Andersen, 1995; Ronald M Andersen, Davidson, 

& Baumeister, 2013; Iezzoni, 2013). Risk adjustment would not be needed if these 

factors were distributed equally across comparison groups (Iezzoni, 2013). In reality, 

there is a mix of patients who are treated with different treatments, served by different 

healthcare providers, and enrolled in different health plans.  Subsequently, higher-risk 

patients trend to incur higher costs than lower-risk patients despite the quality of their 

healthcare providers or the efficiency of their health plans (Iezzoni, 2013). For example, 

higher-risk patients are those with complex illness, uncontrollable clinical conditions, or 

co-occurring conditions and thus, they may develop more complications and adverse 

events than healthier patients. Thus, risk adjustment aims to minimize the systematic bias 

created by differences in inherent health risk that patients or populations carry when they 

enroll in a healthcare plan to ensure that similar situations are being compared (Iezzoni, 

2013).  Theoretically, risk adjustment balances risk factors between groups to identify the 

effectiveness of a treatment, thus resembling a randomized-controlled trial (RCT) where 

investigators have control over protocol, setting, and other factors are balanced between 
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treatment and control groups.  It has been more than 30 years since the first risk 

adjustment equations were developed (Iezzoni, 2013). For example, risk adjustment 

models used for payment include: the Diagnosis-Related Groups (DRGs) which are used 

for acute care hospital payment per inpatient discharge; the Centers for Medicare and 

Medicaid Services Hierarchical Condition Categories (CMS-HCCs) which are used for 

capitated payment for Medicare managed care organizations; and drug Hierarchical 

Condition Categories (RxHCCs) which are used for Medicare Part D payments for 

medications (Iezzoni, 2013).  

Risk adjustment does not only help minimize confounding effects but also 

facilitates comparison of outcomes (e.g., performances, practice profiles, report cards) by 

taking into account individual differences in intrinsic characteristics (Iezzoni, 2013). One 

of the aims of the comparison is to create motivation among healthcare providers, 

hospitals, and payers to deliver better quality of care (Iezzoni, 2013). However, the 

comparison methods should be established carefully and the interpretation should be 

done thoughtfully and include credible methodology and a conceptual framework 

(Iezzoni, 2013). As defined by the National Quality Forum (NQF), sociodemographic 

factors embrace a variety of socioeconomic statuses (SES) (e.g, income, education, 

homelessness) and demographic factors (e.g., race, ethnicity, language).  NQF also 

defines sociodemographic adjustment such that it refers to adjustment for both clinical 

and sociodemographic factors (National Quality Forum, 2014). Social, socioeconomic, 

and environmental factors could have a systematic impact on health care processes and 

outcomes. Thus, factors recommended by Iezzoni to be assessed for risk adjustment 

include: familial characteristics (i.e., marital status and household composition); social 
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networks; education and health literacy; employment; income; homelessness; and 

neighborhood and geographic characteristics (Iezzoni, 2013).  

There are both supporters and opponents of sociodemographic adjustment for 

performance comparison. The first concern is that, when adjusting sociodemographic 

factors, disadvantaged patients might be provided worse quality of care because 

performance scores may not reflect the actual performance of care providers. This 

concern sometimes is called “adjusting away” (National Quality Forum, 2014). The 

second concern is that adjustment could mask meaningful differences in quality outcomes 

across organizations. This could happen when the adjustment has a large effect on the 

difference in performance such that the true difference could not be detected. The third 

concern is that the adjustment implies worse outcomes are expected among 

disadvantaged patients; this creates a double standard for treating these patients. 

Detractors indicate that, eventually, risk adjustment will jeopardize motivation to provide 

quality care to advantaged patients because the disadvantaged are expected to receive 

lower quality care (National Quality Forum, 2014). On the contrary, not adjusting for 

sociodemographic factors would lead to incorrect comparisons (National Quality Forum, 

2014) because the evidence of sociodemographic status affecting performance outcomes 

has been documented in peer-reviewed publications (Chien et al., 2012; Hasnain-Wynia 

et al., 2007; Hong et al., 2010; Skinner, Chandra, Staiger, Lee, & McClellan, 2005). For 

example, mortality rates between the United States (US) hospitals were affected by high 

and low proportions of black individuals with myocardial infraction (Skinner et al., 

2005). Physician organizations’ performance outcomes were affected by regional 

socioeconomic characteristics (Chien et al., 2012). The Hospital Quality Alliance 
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Inpatient Quality of Care scores varied by locations where there was high density of 

minority patients seeking care (Hasnain-Wynia et al., 2007). Poor physician clinical 

performance rankings were associated with higher ratios of underinsured, minority, and 

non-English speaking patients (Hong et al., 2010). As we are in the era of driving 

healthcare using financial rewards and penalties for care quality, performance measures 

are intended to correctly reflect quality. Otherwise, not using risk adjustment will 

penalize organizations and providers who serve large proportions of disadvantaged 

populations (NQF). Not only are provider and hospital performance affected but health 

plans are as well. Socioeconomic characteristics have affected the performance ratings of 

private Medicare Part D drug plans. As a result, authors have suggested the Centers for 

Medicare and Medicaid Services (CMS) “should seriously consider adjusting adherence 

scores to account for differences in the socioeconomic characteristics of enrollee 

populations.”(Young, Rickles, Chou, & Raver, 2014). As defined by NQF, adjusting for 

clinical characteristics is a part of sociodemographic adjustment (National Quality 

Forum, 2014). Dharmarajan et al. computed risk adjustment that took into account patient 

characteristics such as age, gender, race, low-income subsidy status, average number of 

prescriptions, and medication types in an effort to include clinical complexity. Including 

both socioeconomic and clinical complexity into risk adjustment calculations, the risk 

adjustment model used in Dharmarajan et al. study provided the more reliable indicator 

for pharmacy quality performance (Dharmarajan, Bentley, Banahan Iii, & West-Strum, 

2014). The findings, therefore, supported the importance of incorporating case-mix 

adjustment into performance-based evaluation for medication use (Dharmarajan et al., 

2014).  
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 The evidence above supports a consideration of sociodemographic factor 

adjustment. By acknowledging recommendation made by the NQF to determine adjusting 

sociodemographic factors for accountability and payment application, CMS examined the 

difference in the outcomes between the low-income, dual eligible, and/or disabled groups 

versus the non-low-income, non-dual eligible, and/or non-disabled groups (Centers for 

Medicare & Medicaid Services, 2015a). Among Medicare Advantaged beneficiaries, 

low-income, dual eligible, and/or disabled accounted for 26.1% in 2012.  Disability status 

was identified based on reason for entitlement as of December 2012. It was found that 

there was overlap in the low-income/dual eligible and disability status groups. This 

cohort consisted of individuals with both low-income subsidy/dual eligible and disabled 

status (22.1%); 43.1% of individuals had low-income subsidy/dual eligible status only; 

and 34.8% individuals had disabled status only.  CMS described two types of disability 

including: between-contract disparities reflecting true differences in quality performance 

between plans; and within-contract disparities reflecting differences between subgroups 

in a certain plan. The later type of disparity should be considered for sociodemographic 

adjustment; however, the former type should be taken into account. Case Mix Adjustment 

was used for this investigation to compare contracts as if each contract serve the same 

mix of beneficiaries. The analyses included all Medicare Advantage and stand-alone 

prescription drug plans, including Special Needs Plans (SNPs) and contracts in Puerto 

Rico) to investigate whether the average within-contract disparities in performance, 

including 11 the National Committee on Quality Assurance’s Healthcare Effectiveness 

Data and Information Set (HEDIS) quality measures (e.g., body mass index assessment, 

breast cancer screening, colorectal screening, diabetes care, reducing the risk of falling) 
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and three Pharmacy Quality Alliance (PQA) adherence measures for diabetes, 

hypertension, and cholesterol, was associated with having patients being: on low-income 

subsidies/dual-eligible; or disabled. (Centers for Medicare & Medicaid Services, 2015a). 

Three fixed-effect logistic models were fit including: a model adjusting for low-

income/dual-eligible status; a model adjusting for disabled status; and a model adjusting 

for both low-income/dual eligible and disabled status for each measure. Between-contract 

difference was accounted for by using fixed effects. The results indicated that 12 of 16 

measures presented negative association suggesting that members with low-income 

subsidy/dual eligible status were less likely to receive the recommended care than those 

without the status.  The results were consistent when comparing outcomes between 

disabled and non-disabled members (Centers for Medicare & Medicaid services, 2015c). 

Centers for Medicare and Medicaid have proposed two methods to adjust for 

sociodemographic factors, including indirect standardization and categorical adjustment 

index (CAI), to perform risk adjustment to account for individuals with low-income 

subsidy, dual eligibility, and disability (Centers For Medicare & Medicaid services, 

2015b). Nevertheless, the indirect standardization did not perform well in simulated data; 

therefore, CMS decided to use categorical adjustment index to further investigate the 

impact of risk adjustment on Star Ratings (Centers for Medicare & Medicaid services, 

2016).  

 To determine the value of the CAI for the summary and overall Star Ratings, the 

contract’s adjusted measure-level Star Ratings are created based on adjusted measure 

scores using beneficiary-level regression models where only indicators of Low-income 

subsidy and disability status are considered fixed effects (Centers For Medicare & 
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Medicaid services, 2015b). However, the validity of the regression model used to obtain 

the estimates for CAI computation is unclear.  The operational definitions of validity 

have been used widely for developing risk adjustment methods including: face validity; 

content validity; construct validity; convergent validity; discriminant validity; criterion 

validity; predictive validity; and attritional validity (Iezzoni, 2013; Li, Cai, Glance, 

Spector, & Mukamel, 2009). Examining and selecting determinants for a risk adjustment 

model are crucial for face and content validity. At the regression model level, examining 

agreement of effect of risk factors is important to provide convergent validity (Li et al., 

2009). At the quality measurement level, examining agreement of ranking and 

identification of outliers are critical to infer convergent validity (Li et al., 2009). Thus, we 

examined impact of risk adjustmend on the high-risk medications measure and compared 

adjusted and unadjusted health plan rankings.  
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THEORETICAL FRAMEWORK   
The theoretical framework used for this study was the Andersen Behavioral 

Model. The model includes predisposing, enabling, need factors, external environment 

factors, and personal health practices.  The predisposing factors include demographic 

characteristics (e.g., age, gender, education, race/ethnicity). The enabling factors 

represent the ability of an individual to access a healthcare service (e.g., income, 

poverty). Clinical conditions based on perceived health status or clinician judgment are 

considered need factors (i.e., health conditions, number of unique pharmacy a person 

visit). Finally, regional characteristics and area of residence (e.g., regional median 

income, urban or rural residence, health professional shortage areas) could influence 

personal healthcare utilization and behaviors (R. Andersen & Newman, 2005; Ronald M  

Andersen, 1995; Ronald M Andersen et al., 2013).  

 

SPECIFIC AIMS  
The primary aim for this study was to determine how different adjustment 

methods affect health plan performance on the high-risk medication use scores. The 

secondary aim was to examine the impact of risk adjustment on health plans’ High Risk 

Medication performance star ratings. The population included in this study was the 

Medicare Part D population. The analyses for beneficiaries with Medicare Advantage–

Prescription Drug plans and stand-alone prescription drug plans were performed 

separately. 
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METHODS 
Study Design 

This study utilized a retrospective cross-sectional claims database design to 

compute and compare unadjusted and adjusted scores on the high-risk medication use in 

elderly measure for health plans whose members enrolled in Medicare Part D as defined 

by the Centers for Medicare and Medicare and Pharmacy Quality Alliance.  A Medicare 

5% sample claims database for 2013 was used. 

 

Data Source:  

Medicare Five-Percent Sample Claims Database 

The primary data sources for the study were the 2013 Master Beneficiary 

Summary files and Medicare Part D Prescription Drug Event files for the 5% sample of 

Medicare beneficiaries. Individual beneficiary characteristics were used to link the data 

between the Medicare Part D Prescription Drug Event file and the Master Beneficiary 

Summary files.  

The Master Beneficiary Summary Files contains basic individual-level data on 

demographics such as date of birth, age, gender, race, place of residence (state and county 

codes, and ZIP code), monthly enrollment status information for Medicare Parts A, B, D, 

type of Medicare coverage (e.g., employer-sponsored retirement plans, stand-alone 

prescription drug plans, Medicare Advantage–Prescription Drug plans), dual eligibility 

status, whether the beneficiaries receive the Part D low-income subsidy, and original 

reason for entitlement (e.g., disability, end-stage renal disease) (Research Data Assistance 

Center (ResDAC), 2017a). These beneficiary-level data were linked with socioeconomic 

characteristics based on ZIP+4 area codes to indicate community data points. As required 
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by CMS, health plans providing services to Medicare Part D beneficiaries submit Part D 

drug coverage claims data on prescription drug events. Research identifiable files that 

included beneficiary-level data on Part A, B and D claims were accessible to researchers 

after the CMS privacy board approved the proposal and researchers signed a Data Use 

Agreement (https://www.resdac.org). The Medicare Part D Prescription Drug Event file 

contains detail data on: each drug event for Medicare Advantage–Prescription Drug 

plans, stand-alone prescription drug plans, and employer-sponsored plans; encrypted 

beneficiary, prescriber, pharmacy, and contract identifiers that can be used to link to other 

files (e.g., the plan characteristics, pharmacy characteristics, and the prescriber 

characteristics files); and detailed prescription information including the National Drug 

Code, quantity filled, dates of filling prescriptions, and day supply. Expenditure 

information such as prescription payment paid by plans and patients such as out-of-

pocket expenses is also reported in the Medicare Part D Prescription Drug Event file 

(Research Data Assistance Center (ResDAC), 2017b).  

Acxiom’s Market Indices  

This study utilized The Acxiom’s InfoBase ® Geo file 2014. The data provide 

insight on geographic characteristics of each beneficiary using ZIP+4 area codes. The 

data elements include: geocode information (e.g., ZIP+4 area codes, Federal County 

Name Identifier); total households (i.e., aggregation of the total number of households at 

the zip code level); education of the first individual in the household (e.g., number of 

households where the first individual has completed high school or less), percent of all 

households where the first individual has completed college); marital status (e.g., percent 

of all households that contain married individuals), number of households containing 



 

 273 

single individuals); household income (e.g., average income of the households in the 

geographic area, median income range of the households in the geographic area); 

owner/renter status (e.g.,  percent of all households that own their home); and medical 

shortage area (e.g., individual resides in a Mental Health Shortage Area) (Acxiom 

Corporation, 2014).  

Area Health Resource File (AHRF) 

We used the Area Health Resource File (AHRF) 2013-2014 dataset obtained from 

the United States Department of Health and Human Services on (www.ahrf.hrsa.gov). 

The data set aggregates more than 50 data sources and includes more than 6,000 health 

care resource variables. Several elements are captured in this dataset including: codes and 

classifications; health facility numbers and types; hospital utilization; population 

characteristics and economic data; health professions training resources; land use; and 

housing density. 
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Study Population 

Beneficiaries were only included in calendar year 2013 cohort if, at enrollment, 

they were: aged 65 or older; alive; a US citizen; without end-stage renal disease; and 

continuously enrolled in the same Part D plan for the entire 12 months. 

 

Dependent variable: Measure of high-risk medication use 

We examined claims for high-risk medication across eight therapeutic classes - 

anticholinergics (excludes TCAs), antithrombotics, anti-infectives, cardiovascular, central 

nervous system, endocrine, pain medications gastrointestinal, skeletal muscle relaxants as 

presented in Appendix A. Because the definitions of high-risk medications are updated 

when the BEERs criteria are updated, PQA’s list and definition of high-risk medication 

measures for 2013 were used for this study to correspond with the Medicare Part D 

Prescription Drug Event file for 2013 and with the effort health plans made to improve 

their ratings on the high-risk medication measure (Pharmacy Quality Alliance, 2015). 

Using beneficiary-level data, we computed period prevalence as the proportion of 

beneficiaries in the sample with at least two prescription fills for the same high-risk 

medication (Appendix A) during 2013 (Pharmacy Quality Alliance, 2015). 

 

Independent variables  

Beneficiaries were assigned to groups based on their Part D low-income subsidy, 

dual eligibility, and disability. The Master Beneficiary Summary file was used to identify 

Medicare beneficiaries who were fully or partially dual eligible at any point of the 

measurement year 2013. Partially dual eligible includes beneficiaries enrolled in the 
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Medicare Savings Programs (i.e., Qualified Medicare Beneficiary program, the Specified 

Low-Income Medicare Beneficiary Program, the Qualifying Individuals Program, and the 

Qualified Disabled Working Individual Program). Beneficiaries with Part D low-income 

subsidy were identified using Part D drug event file if the beneficiaries: 1) deemed 

eligible for low-income subsidy (LIS) with premium subsidy and/or copayment; or 2) 

enrolled in LIS with premium subsidy and copayment at any point in the measurement 

year 2013. Another independent variable of interest was disability status that was 

identified using original reason for Medicare entitlement available in the Master 

Beneficiary Summary file.  

 

Covariates 

The association between Part D beneficiaries with and without any of low-income 

subsidy/dual eligible and/or disability status could be confounded by demographic, 

socioeconomic and clinical characteristics. Therefore, these factors were adjusted to 

minimize potential bias. Demographic characteristics were obtained from the Master 

Beneficiary Summary file including: age; sex; and race/ethnicity (black, Hispanic, and 

white or other). County-level geographic and community characteristics were obtained 

from the Area Health Resource file including: living in a metropolitan area; living in an 

area designated as having a shortage of primary care physicians; and living in an area 

designated as having a shortage of mental health professionals. Zip code-level geographic 

and community characteristics were obtained from the Acxiom Market Indices data file 

including: median income range of the households in the geographic area (less than 

$15,000; $15,000 - 19,999; $20,000 - $29,999; $30,000 - $39,999; $40,000 - $49,999; 

$50,000 - $74,999; $75,000 - $99,999; $100,000 - $124,999; and $125,000 or more); 
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percent of all households where the first individual has completed high school or less; 

percent of all households that contain married individuals; and percent of all households 

that own their home. A chronic comorbidity score was calculated using the RxRisk model 

described by Fisher et al. (Fisher et al., 2003). This pharmacy-based risk adjustment 

score, developed as an all-age risk adjustment tool, uses ambulatory pharmacy data to 

identify chronic disease categories and predict total health care costs. Although the 

Hierarchical Coexisting Condition (HCC) outperformed the RxRisk model in predicting 

healthcare costs, the RxRisk model performed similarly to the Ambulatory Clinical 

Group (ACG) (Fisher et al., 2003). Therefore, it is an acceptable alternative when using 

pharmacy claims data where International Classification of Disease, 9th Revision, 

Clinical Modification (ICD-9-CM) codes are not available to account for variation in 

health status and prevalence of chronic conditions among Medicare beneficiaries. The 

RxRisk categories were modified to avoid double counting medications used to identify 

high-risk medication. Number of unique pharmacies used and unique prescribers were 

used to reflect clinical complexity using pharmacy and prescriber identifiers available in 

the Medicare Part D Prescription Drug Event file. 

  

Regression-Based Risk adjustment 

Selection of appropriate risk factors is critical to validate statistical methods for 

risk adjustment. Multivariate statistical regressions is commonly used for risk adjustment 

(Iezzoni, 2013). The fundamental concept of using regression models is first estimate the 

predicted the expected outcome for each beneficiary; then, the expected outcome at 

health plan levels can be obtained as the summed risk of all beneficiaries in the health 
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plan divided by the total number of beneficiaries; lastly, the difference between average 

observed and expected outcomes is used to generate the risk-adjusted the high-risk 

medication use score.  

In this study, we included indicators for beneficiaries’ Part D low-income 

subsidy, dual eligibility, and disability to be basic variables in all risk-adjustment models 

because they resemble the same regression model CMS uses to generate predicted 

outcomes for the categorical adjustment index proposed for the 2018 Star Ratings 

program (Centers for Medicare & Medicaid Services, 2017). Other risk factors such as 

demographic characteristics; socioeconomic characteristics associated with regional 

characteristics and area of residence; a chronic characteristics based on medication 

profile; and number of pharmacies and prescribers were also determined to include in the 

final model. 

Although the regression-based risk adjustment approach allows researchers 

flexibility to include variables, over-adjustment should be monitored during fitting the 

model. We estimated this effect using classical logistic regression models in multivariate 

analyses by selecting covariates based on alpha less than 0.001 for retention in the final 

model (Li et al., 2009). 

Statistical analyses: 

Health plans performance profiling  

We identified covariates of high-risk medication use for risk adjustment using a 

stepwise method. Only variables, significant at 0.001 level were retained in the final 

models.  
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Unadjusted high-risk medication use measure was calculated as the proportion of 

eligible beneficiaries in the sample with at least two prescription fills for the same high-

risk medication. The average performance on the high-risk medication measure was 

calculated as the sum of performance scores of all health plans divided by the total 

number of health plans. Methods used in this study for risk-adjustment included:  

Method 1. A hierarchical or mixed-effect logistic regression model with a random 

intercept was used to compute a risk-adjusted measure for high-risk medication. That is,  

 

                  (1) 

 

  was assumed normally distributed with mean of zero and variance . The 

beneficiary’s probability of high-risk medication use (  was predicted assuming null 

effect of  and the expected rate of high-risk medication use for each health plan  (  

was calculated as the sum of  for beneficiaries in health plan  divided by .  

To compute the risk-adjusted high-risk medication measure ( , we first 

computed 

     

             (2) 

 

The overall rate of high-risk medication was calculated for all beneficiaries in the 

sample, and then back-transformed logit ( ) to the probability scale:  
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                      (3)  

 

The equations (1) and (2) were recommended by Li et al. because the findings 

were consistent with the specification of the logistic model and demonstrated superiority 

in terms of detecting outlier facilities when compared to other methods based on the 

difference or ratio between observed and expected outcomes. The models were fitted to 

adjust patient case mix.  

Method 2. The method involved deriving the risk-adjusted HRMM directly based 

on the random-effects shrinkage estimators  after adjusting for beneficiary 

characteristics. That is,  

 

 

Comparing unadjusted and risk-adjustment on the high-risk medications measure  

Validity is important for risk adjustment model development. When examining 

the framework of validity criteria, Li et al. classified validity into two perspectives 

including the: regression model level; and measure level (Iezzoni, 2013; Li et al., 2009). 

At the regression model level, incorporating appropriate variables that were affecting 

outcomes supported content validity (Iezzoni, 2013; Li et al., 2009). Predictive validity 

was examined using the c-statistic which is equivalent to the area under the receiver 

operating characteristics curve (Li et al., 2009). The c-statistic can range from 0.5 

(random discrimination) to 1.0 (perfect discrimination) (Hosmer & Lemeshow, 1995).  
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At the measure level, convergent validity was examined. We defined high- and 

low-quality health plans by ranking based on percentile for each method. Health plans in 

the lowest 20 percentile and 80 percentile were identified as “high-quality top 20%” and 

“low-quality bottom 20%” health plans because the high-risk medication measure 

represents an adverse performance. We quantified the convergent validity of those 

models computing the measure using the Cohen’s weighted kappa ( ) statistic between 

the unadjusted HRMM and risk-adjusted HRMM. All statistical analyses were performed 

using SAS version 9.4 (SAS Institute Inc, Cary, North Carolina). This study was deemed 

exempt human subjects research by the University of Arizona Institutional Review 

Board. 
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RESULTS 
Patient Characteristics 

 Of the 3 million Medicare beneficiaries in the 5% national Medicare sample from 

2013, a total of 1,401,283 Medicare beneficiaries met eligibility criteria (e.g., US 

citizens, Part D enrolled, and not enrolled in small health plans). Of those, a total of 

520,019 (37%) were patients with MA-PDs and 881,315 (63%) beneficiaries were 

patients with PDPs. Figure 4.1 outlines the flowchart of eligible cohort selection details. 

The most common reason to exclude beneficiaries during the study period was they were 

aged less than 65 or they were not enrolled in prescription drug plans. Medicare 

beneficiaries with MA-PDs health plans were attributed to a total of 474 contracts and 

those with PDPs were attributed to a total of 70 contracts.  

Table 4.1 describes sociodemographics, contextual characteristics, and clinical 

complexity of eligible Medicare Part D beneficiaries overall and by health plan type. The 

mean age was 75.2 (SD = 7.7); 62.9% (n = 880,907) were female; 84.1% (n = 1,178,716) 

were White; 8.5% (n = 118,496) were Black; 2.3 % (n = 31,702) were Hispanic; 21.5% 

(n = 301,789) received Part D LIS or eligible for Medicaid (LIS/DE); 9.5% (n = 132,590) 

were disabled. The majority of beneficiaries resided in the South (n = 494,137, 35.3%); 

and metropolitan areas (n = 1,146,156, 81.8%). Approximately, a half of eligible 

beneficiaries in the cohort lived in an area designed as having a partial shortage of 

primary care physicians (775,104 55.3%) and a partial shortage of mental health 

professionals (n = 691,837, 49.4%). The majority of eligible Medicare Part D 

beneficiaries (n = 304, 981, 21.8%) lived in a neighborhood with high proportion of 

household own their homes (n = 585,314, 41.8%). More than a quarter of beneficiaries 
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had two to four modified RxRisk conditions (n = 391,491, 27.9%).  The average of 

modified RxRisk-V index was 4.1 with SD of 2.7.  

 The characteristics between MA-PD and PDP beneficiaries were slightly 

different. For example, compared to PDP beneficiaries, MA-PD beneficiaries had: a 

lower proportion of females (61% vs. 64%, p < 0.001); were younger (mean age: 74.7 vs 

75.6, p< 0.001); a lower proportion of Whites (81.7% vs. 85.5, p<0.001); a higher 

proportions of Blacks (9.8% vs. 7.7%, p<0.001); and had a lower proportion of LIS/DE 

(17.1% vs. 24.2%, p <0.001). However, the proportion of disabled was not different 

between MA-PD and PDP beneficiaries.  

MA-PD beneficiaries lived in the Midwest less often (17.7% vs. 26.6%, p < 

0.001) and the West (29.6% vs. 16.8%, p < 0.001) more frequently than PDP 

beneficiaries although the majority of both populations lived in the South (32.0% and 

37.2% for MA-PD and PDP beneficiaries, respectively). MA-PD beneficiaries had a 

higher proportion of residents in metropolitan areas than PDP beneficiaries (89.5% vs. 

77.3%, p<0.001).  MA-PD had a slightly lower average modified RxRisk index than PDP 

beneficiaries (4.1 vs. 4.5, p<0.001). 

 

Patient characteristics and high-risk medication use 

Model selections were performed using stepwise method to selection appropriate risk 

factors to include in final for risk adjustment.  Only variables that were significant at 

0.001 level were retained in final models. The multivariable multilevel logistic random-

intercept models can be found in Table 4.2, including the coefficient estimates and odd 

ratios (OR), and 95% confidence interval (CI) for the OR of the MA-PD and PDP model 
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for each selected patient characteristics variables in the risk-adjusted model.  Those 

selected variables are age, gender, race, LIS/DE, disability status, number of prescribers 

and number of pharmacies beneficiaries received healthcare services, and modified 

RxRisk-V scores. These variables were found to be significant determinants of high-risk 

medication use likelihood. From MA-PD beneficiaries, the estimated odds of high-risk 

medication use were significantly higher among females than males (OR =1.545, 95% CI 

= 1.514, 1.576).  Age variables presented a slightly protective effect on high-risk 

medication use (OR = 0.981, 95% CI = 0.980, 0.983). The estimated odds of high-risk 

medication use were significantly different among race, where White have the highest 

odds of high-risk medication use (p <0.001). MA-PD beneficiaries with LIS/DE had 

higher odds of high-risk medication use than non-LIS/DE beneficiaries (OR = 1.086, 

95% CI = 1.057, 1.115) and disabled beneficiaries had higher odds of high-risk 

medication user than those without disability (OR = 1.380, 95% CI = 1.342, 1.420). MA-

PD beneficiaries who received healthcare services from multiple prescribers (OR = 

1.076, 95% CI = 1.072, 1.081) or pharmacies (OR = 1.092, 95% CI = 1.073, 1.102) were 

more likely to high-risk medication use.  Every unit increases in the modified RxRisk-V 

index was associated with 17% increase in odds of high-risk medication use. The c-

statistic of the MA-PD model was estimated to be 0.72 indicating a good predictive 

property of the model. The residual intraclass correlation coefficient (ICC) for the 

random-intercept model was 0.043 indicating the 4.3% of the unexplained variation, after 

controlling for patient characteristics, could be attributed to variation between health plan 

contracts. Nonzero covariance parameters were confirmed using a Wald test (p < 0.001).  
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From PDP beneficiaries, the estimated odds of high-risk medication use were 

significantly higher among females than males (OR =1.606, 95% CI = 1.584, 1.628).  

Similarly to MA-PD, age variable demonstrated a protective effect on likelihood of high-

risk medication use (p < 0.001). The estimated odds of high-risk medication use were 

significantly different among race, where White have the highest odds of high-risk 

medication use (p <0.001). PDP beneficiaries with LIS/DE had higher odds of high-risk 

medication use than non-LIS/DE beneficiaries (OR = 1.170, 95% CI = 1.150, 1.190) and 

disabled beneficiaries had higher odds of high-risk medication user than those without 

disability (OR = 1.378, 95% CI = 1.352, 1.405). MA-PD beneficiaries who received 

healthcare services from multiple prescribers (OR = 1.072, 95% CI = 1.069, 1.075) or 

pharmacies (OR = 1.0926, 95% CI = 1.086, 1.099) were more likely to high-risk 

medication use.  Every unit increases in the modified RxRisk-V index was associated 

with 17% increase in odds of high-risk medication use. The c-statistic of the PDP model 

was estimated to be 0.71 indicating a good predictive property of the model. The residual 

ICC for the random-intercept model was 0.026 indicating the 2.6% of the unexplained 

variation, after controlling for patient characteristics, could be attributed to variation 

between health plans (p < 0.001).  

 

Risk adjustment 

Figure 4.2 demonstrated the comparison between unadjusted and risk-adjusted 

rankings for high-risk medication measure among MA-PD providers based on the 

random-intercept method. A total of 474 MA-PD providers were ranked based on their 

high-risk medication use rate. The ranking ranged from 1 to 484 indicating health plans 
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with low to high proportion of high-risk medication in a health plan.  Figure 4.2b 

presented the decile ranking from 1 to 10 indicating low to high-proportion of high-risk 

medication. We found some movement of ranking after risk adjustment. Figure 4.3 

demonstrated the comparison between unadjusted and risk-adjusted rankings for high-

risk medication measure among PDP providers based on the random-intercept method. 

The pattern of movement after risk-adjustment were consistent with MA-PD providers. 

We found similar patterns when the shrinkage estimator of the random-intercept model 

were used.  

Table 4.3 presented the changes in decile ranking after risk adjustment. Of 474 

MA-PD providers, a total of 28 health plans (6%) moved up to a higher-quality decile 

ranking for more than or equal to 3 decile ranks (e.g., moved from decile 5 to decile 2) 

whereas the majority of MA-PD providers remained in the same decile group (n = 149, 

32.1%). A total of 20 (4.3%) MA-PD providers moved down to a lower-quality decile 

ranking for more than or equal to 3 decile ranks. Of 70 PDP providers, a total of 7 health 

plans (10.0%) moved up to a higher quality decile ranking for more than or equal to 3 

decile ranks whereas the majority of PDP providers remained in the same decile group (n 

= 18, 25.7%). A total of 8 (11.4%) PDP providers moved down to a lower-quality decile 

ranking for more than or equal to 3 decile ranks. Using shrinkage estimators of the 

model, the finding were similar; a total of 19 MA-PD providers (4.1%) moved to higher 

quality decile ranking for more than or equal to 3 ranks whereas the majority of MA-PD 

providers stayed in the same decile group (n = 188, 32.1%). We found that 3 PDP 

providers (4.3%) moved to a higher quality decile for more than or equal to 3 ranks 

whereas the majority of PDP providers remained in the same decile group (n = 26, 
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37.1%). The agreement between the unadjusted high-risk medication use rates in 

identifying the high-quality top 20% and bottom 20% of all MA-PD providers was 

presented in Table 4.4. Cohen’s kappa values assessing the comparison of unadjusted and 

risk-adjusted high-risk medication rates were 0.51 (95% CI: 0.44 – 0.58) and 0.66 (95% 

CI: 0.50 – 0.82) indicating moderate agreement for MA-PD and PDP providers, 

respectively. The rankings based on the shrinkage estimators of the models also presented 

a moderate agreement to unadjusted rankings (0.64 for MA-PD and  0.66 for PDP). 
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DISCUSSION 
As the United States healthcare system moved from traditional volume-driven to 

value-driven payment model, there is an increase concern being placed on the 

measurement of quality of care provided by health plans. CMS also tracks performance 

of care provided by health plans using a star-rating system. With the growing number of 

patients in the aging population and the advance health care technology, the medical care 

of older adults now demands considerably effort and resource in healthcare systems 

throughout the United States. A main concern is the potential toxicity of pharmaceutical 

treatments used to treat a variety of health conditions in this population. High-risk 

medication (HRM) use among older adults remain an important challenge in healthcare 

system.  The HRM is one of the measures CMS use to track and report performance of 

Medicare Part D plans (cite CMS). With the Star-Ratings system, the high-performing 

Part D providers will be given incentives.  

Because health outcomes are a function both quality of care and patient 

determinants such as socioeconomic, environmental, and clinical conditions, it is 

important to adjust for case mix variations among Medicare Advantage Prescription Drug 

(MA-PD) and stand-alone Prescription Drug Plans (PDP) providers before comparing 

their performance on quality of care. In this study, we used 5% Medicare claims data to 

address the need for risk adjustment when comparing the quality performance among Part 

D providers on patient safety area using the HRM measure.   

The hierarchical logistic regression models with random-intercept was used to 

generated risk-adjusted performance ranking. Beneficiaries demographic, socioeconomic, 

community resource availability, and clinical conditions were included to determine the 

HRM outcome. The models demonstrated good predictive validity (c-statistic > 0.7) for 
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both MA-PD and PDP. This suggested justification of the choice of patient determinants 

to be adjusted for when measuring Part D providers.  The residual intraclass correlation 

coefficient for the MA-PD and PDP models were 0.043  and 0.026, respectively. This 

suggests both patient- and health plan-level were important to include in risk adjustment.  

The Centers for Medicare and Medicare Services (CMS) examined the difference 

in the outcomes between the low-income, dual eligible, and/or disabled groups versus the 

non-low-income, non-dual eligible, and/or non-disabled groups (Centers for Medicare & 

Medicaid Services, 2015a). However, it was seen in this study that not only those 

socioeconomic characteristics should be considered for risk adjustment, other case mix 

characteristics should also be included in risk adjustment in both MA-PD and PDP 

providers. For example, in MA-PD beneficiaries, although we found the effect of Low 

income subsidy/dual eligibility (OR = 1.086, p< 0.001) and disability (OR =1.38, p < 

0.001) were  significant, the magnitude of others’ effects were as high as them. The Odds 

ratio of female compared to males on HRM rates was 1.545 (p < 0.001). Furthermore, our 

study suggested that clinical component should be included in risk adjustment.  

It was seen that the classification of MA-PD and PDP providers as low- or high-

quality changed substantially after risk adjustment. Approximately, 32% of high-quality 

MA-PD providers and 47% of low-quality MA-PD providers were misclassified if risk-

adjustment was not applied. In addition, 26% of MA-PD medium-quality provided were 

misclassified to be outliers (i.e., high-quality top 20 % or low-quality bottom 20%) if 

risk-adjustment was made.  

 

   As shown here, not sufficiently addressing the effect of patient case mix while 
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measuring quality performance could lead to misclassification. Similar results were 

reported in studies examining the effect of risk adjustment on quality measures in other 

areas. Dharmarajan et al. computed risk adjustment that took into account patient 

characteristics such as age, gender, race, low-income subsidy status, average number of 

prescriptions, and medication types in an effort to include clinical complexity. Including 

both socioeconomic and clinical complexity into risk adjustment calculations, the risk 

adjustment model used in Dharmarajan et al. study provided the more reliable indicator 

for pharmacy quality performance (Dharmarajan et al., 2014). The findings, therefore, 

supported the importance of incorporating case-mix adjustment into performance-based 

evaluation for medication use (Dharmarajan et al., 2014).  Another study found that 

around 45% to  50% of Medicare Part D providers moved up or down a star in the Star 

Rating system in the adherence domain measures after adjusting for socioeconomic 

determinant at the contract level (Young et al., 2014).   

Our finding in the HRM measure and findings from other studies in the difference 

in domains on quality measure support the significance of adjusting for case mix while 

comparing quality performance among health plans. Failure to do so could lead to health 

care facilities involving in avoiding the sickest patients or those with poor 

socioeconomics because their concerns about their rankings (Mukamel et al., 2007).  

Pharmacy Quality Alliance’s Risk Adjustment Advisory Panel is currently investigating 

the need for case-mix adjustment in response to the concern among Part D providers 

(Pharmacy Quality Alliance, 2017). 

 

Limitations  
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This study has several limitations and therefore the findings need to be interpreted 

with caution. Like other studies using claims data, a limitation of this study is the use of 

the high-risk medication measure, which may not be an accurate measure indicating that 

patients take high-risk medications. Medications that patient paid out-of-pocket were not  

available in claims and therefore could lead to an underestimate of HRM rates. Another 

important limitation of this study and most studies using risk adjustment methods was 

there were no true quality rankings that can be used to compare the findings from the risk 

adjustment methods. This is inherit from the lack of a “gold standard” to verify the 

measure. Like other pharmacy measures, the HRM measures were computed based on 

only the prescription claims. No diagnostic codes were available in the dataset.  

It is worth noting that out study was carried out using 2013 Medicare prescription 

claims data. Since there have been changes with respect to the category of the HRM 

measure to display categories, the findings may be different if newer data were used.  

Specially, the HRM measure is no longer involve with bonus payment. There may be 

demographic and other determinants that were not available in our dataset and are usually 

not available in claims data.  



 

 291 

CONCLUSION  
The findings of this study emphasize the need for risk adjustment in evaluating 

quality performance on the high-risk medication use measure. We demonstrated that 

failure to  adjust for beneficiaries case mix might penalize some truly high-quality MA-

PD and PDP providers serving sick beneficiaries or beneficiaries with poor 

socioeconomic, while rewarding some providers serving a healthier beneficiaries if the 

high-risk medication use measure were to use in value-based payment system.  While this 

study focused on the risk adjustment for high-risk medication use measure, future 

research should compare the actual adverse drug event outcomes between unadjusted and 

risk-adjusted high-risk medication use measure.  
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Figure 4.1 Flow chart of eligible cohort selection in 2013 
   

 

A 5% national Medicare sample from 2013 
N = 2,972,192 

Patients aged 65 years or older
n = 2,334,986  

Patients who were alive
n = 2,226,028  

Patients who were US citizens 
n = 2,177,869 

Patients without end-stage renal disease 
n = 2,165,728 

Patients with continuous Part D enrollment
n = 1,443,870 

Patients with same Part D health plan
n = 1,402,861

Patients who were dead 
n = 108,958 

Patients who were non-US citizens 
n = 48,159  

Patients who had end-stage renal disease 
n = 12,141  

Patients who were not Part D enrollees
n = 721,858 

Patients aged less than 65 
n = 637,206 

Patients who switched health plans
n = 41,009  

Patients with Medicare Advantage 
Prescription Drug Plans (MA-PDs)

(n = 520,019, 37%) 

Patients with Stand-alone 
Prescription Drug Plans (PDPs)

(n = 881,315, 63%) 

Patients with same Part D health plan
n = 1,401,283 

Patients who were with small 
health plans (<30 members) 

n = 1,578  
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Table 4.1 Medicare beneficiaries aged of 65 or older with Medicare Advantage Prescription Drug plans 
(MA-PD) and stand-alone Prescription Drug Plans (PDP) 2013: Demographics and characteristics 
overall 

Note: Asterisks represent statistical significance between low income subsidy/dual eligible vs. non-low income subsidy/dual eligible  
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; Sig = Significant difference; SD = Stand deviation 
***p < 0.001; ** 0.001 £ p < 0.01; *0.01 £  p < 0.05 
a Numbers do not add up to total numbers due to missing data. 
 

 
  Total 

(N = 1,401,283) 
MA-PD 

(N = 520,019) 
PDP 

(N = 881,264) 
Sig  

Sociodemographics      
Female, n(%) 880,907 (62.9) 316,997 (61) 563,910 (64) ***  
Age, mean (SD)  75.2 (7.7) 74.7 (7.3) 75.6 (7.8) ***  
Age group, n(%)    ***  
 65 - 70 401,948 (28.7) 157,019 (30.2) 244,929 (27.8)   
 70-75 337,516 (24.1) 131,260 (25.2) 206,256 (23.4)   
 75 - 85  464,183 (33.1) 171,144 (32.9) 293,039 (33.3)   
 ≥ 85 197,636 (14.1) 60,596 (11.7) 137,040 (15.6)   
Race, n(%)    ***  
 White 1,178,716 (84.1) 425,094 (81.7) 753,622 (85.5)   
 Black 118,496 (8.5) 51,043 (9.8) 67,453 (7.7)   
 Hispanic 31,702 (2.3) 13,810 (2.7) 17,892 (2)   
 Others 72,369 (5.2) 30,072 (5.8) 42,297 (4.8)   
Low Income Subsidy/Dual Eligibility (LIS/DE), n (%) 301,789 (21.5) 88693 (17.1) 213096 (24.2) ***  
Disabled, n(%) 132,590 (9.5) 48,997 (9.4) 83,593 (9.5) 0.22  
Geographic characteristics (County-level) a      
Region, n(%)     ***  
 Northeast  275,993 (19.7) 106,550 (20.5) 169,443 (19.2)   
 Midwest  326,176 (23.3) 91,900 (17.7) 234,276 (26.6)   
 South  494,137 (35.3) 166,251 (32) 327,886 (37.2)   
 West  302,579 (21.6) 154,120 (29.6) 148,459 (16.8)   
Resident in metropolitan areas, n(%)  1,146,156 (81.8) 465,161 (89.5) 680,995 (77.3) **  
Resident in a Primary Care Shortage Area, n(%)     ***  
 full shortage area 490,576 (35.0) 197,456 (38) 293,120 (33.3)   
 partial shortage area 775,104 (55.3) 282,403 (54.3) 492,701 (55.9)   
 not shortage area 133,147 (9.5) 38,961 (7.5) 94,186 (10.7)   
Resident in a Mental Care Shortage Area, n(%)     ***  
 full shortage area 571,675 (40.8) 198,208 (38.1) 373,467 (42.4)   
 partial shortage area 691,837 (49.4) 277,196 (53.3) 414,641 (47.1)   
 not shortage area 135,315 (9.7) 43,416 (8.3) 91,899 (10.4)   
Geographic characteristics (Zip code-level) a      
Median income rage of the households in the geographic area, n(%)     ***  

 less than $15,000 75,240 (5.4) 27,320 (5.3) 47,920 (5.4)   
 $15,000 - $19,999 60,867 (4.3) 22,302 (4.3) 38,565 (4.4)   
 $20,000 - $29,999 127,024 (9.1) 50,210 (9.7) 76,814 (8.7)   
 $30,000 - $39,999 156,522 (11.2) 62,174 (12) 94,348 (10.7)   
 $40,000 - $49,999 159,173 (11.4) 62,610 (12) 96,563 (11)   
 $50,000 - $74,999 304,981 (21.8) 120,280 (23.1) 184,701 (21)   
 $75,000 - $99,999 180,949 (12.9) 68,469 (13.2) 112,480 (12.8)   
 $100,000 - $124,999 98,987 (7.1) 35,310 (6.8) 63,677 (7.2)   
 $125,000 or more 108,756 (7.8) 33,358 (6.4) 75,398 (8.6)   

Percent of all households that own their home, n(%)     ***  
 0%-60% 241,179 (17.2) 92,168 (17.7) 149,011 (16.9)   
 60-75%  147,267 (10.5) 60,367 (11.6) 86,900 (9.9)   
 75-90%  298,739 (21.3) 122,132 (23.5) 176,607 (20)   
 90-100% 585,314 (41.8 207,366 (39.9) 377,948 (42.9)   

Percent of all households that the first member has completed college or higher, n(%)     ***  
 0%-10%  463,234 (33.1) 170,239 (32.7) 292,995 (33.2)   
 10%-30%  458,959 (32.8) 184,232 (35.4) 274,727 (31.2)   
 30%-50%  158,396 (11.3) 59,793 (11.5) 98,603 (11.2)   
 50%-100%  191,910 (13.7) 67,769 (13) 124,141 (14.1)   

Percent of all households that are married, n(%)     ***  
 0%-30% 234,187 (16.7) 91,573 (17.6) 142,614 (16.2)   
 30%-50%  233,432 (16.7) 98,039 (18.9) 135,393 (15.4)   
 50%-75%  447,504 (31.9) 172,688 (33.2) 274,816 (31.2)   
 75%-100%  357,376 (25.5) 119,733 (23) 237,643 (27)   

Clinical complexity      
Number of prescribers, n(%)    ***  
 0-2 600,450 (42.9) 236,577 (45.5) 363,873 (41.3)   
 3+ 800,833 (57.1) 283,442 (54.5) 517,391 (58.7)   
Number of pharmacies, n(%)    ***  
 0-1 757,563 (54.1) 282,261 (54.3) 475,302 (53.9)   

 2+ 643,720 (45.9) 237,758 (45.7) 405,962 (46.1)   
Modified RxRisk-V categories, n(%)    ***  
 0 Rx conditions 115,038 (8.2) 46,704 (9) 68,334 (7.8)   
 1 Rx conditions 262,067 (18.7) 105,806 (20.3) 156,261 (17.7)   
 2-4 Rx conditions 391,491 (27.9) 148,724 (28.6) 242,767 (27.5)   
 5-7 Rx conditions 336,196 (24) 121,292 (23.3) 214,904 (24.4)   
 8+ Rx conditions 296,491 (21.2) 97,493 (18.7) 198,998 (22.6)   
Modified RxRisk-V index, mean(SD) 4.4 (2.7) 4.1 (2.7) 4.5 (2.8) ***  
High-Risk Medication use, n(%)      
 High-Risk Medication users 178,255 (12.7) 53497 (10.3) 124758 (14.2) ***  
 non-High-Risk Medication users 1,223,028 (87.3) 466522 (89.7) 756506 (85.8)   
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Table 4.2 Coefficient and Odds Ratio Estimate of the Characteristic Variables in Random-Intercept 
Regression Model Used for Risk Adjustment 
 
Health	Plan	Type	 Patient	Characteristic	 Coefficien

t	
Standard	
Error	

Odds	Ratio	 95%	CI	 P	
Value	

		 Age	
	

-0.0189 0.0007	 0.981	 0.980,0.983	 <0.0001	
		 Gender	

	     
<0.0001 

		
	

Female 0.4348	 0.0103	 1.545	 1.514,	
1.576	

	

	 
	

Male Reference	
	    

	 Race	
	     

<0.0001 
		

	
Black -0.2975	 0.0179	 0.743	 0.717,	

0.769	

	

	 
	

Hispanic -0.2223	 0.0321	 0.801	 0.752,	
0.853	

	

	 
	

Others -0.3082	 0.0254	 0.735	 0.699,	
0.772	

	

MA-PD 
	

White Reference	
	    

	 Low	Income	Subsidy/Dual	Eligibility	(LIS/DE)	
	    

<0.0001 
		

	
LIS/DE 0.0822	 0.0136	 1.086	 1.057,	

1.115	

	

	 
	

Non-LIS/DE Reference	
	    

	 Disability	status	
	    

<0.0001 
		

	
Disables 0.3222	 0.0144	 1.380	 1.342,	

1.420	

	

	 
	

non-Disables Reference	
	    

	 Number	of	prescribers	 0.0735	 0.0022	 1.076	 1.072,	
1.081	

<0.0001	

		 Number	of	pharmacies		 0.0884	 0.0045	 1.092	 1.083,	
1.102	

<0.0001	

		 Modified	RxRisk-V	index	 0.1619	 0.0021	 1.176	 1.171,	
1.181	

<0.0001	

		 C-statistic	 0.72	
		 Residual	ICC	 0.043	(Wald	test	P	<	0.0001)		

Age 
	

-0.0185 0.0004	 0.982	 0.981,	
0.983	

<0.0001	
	

Gender 
	     

<0.0001 	  
Female 0.4736	 0.0071	 1.606	 1.584	,	

1.628	

	

  
Male Reference	

	    
 

Race 
	     

<0.0001 	  
Black -0.2242	 0.0125	 0.799	 0.780,	

0.819	

	

  
Hispanic -0.1869	 0.0239	 0.830	 0.792,	

0.869	

	

  
Others -0.1851	 0.0164	 0.831	 0.805,	

0.858	

	

PDP 
	

White Reference	
	    

 
Low	Income	Subsidy/Dual	Eligibility	(LIS/DE) 

	    
<0.0001 	  

LIS/DE 0.1570	 0.0088	 1.170	 1.150,	
1.190	

	

  
Non-LIS/DE Reference	

	    
 

Disability	status 
	    

<0.0001 	  
Disables 0.3208	 0.0099	 1.378	 1.352,	

1.405	

	

  
non-Disables Reference	

	    
 

Number	of	prescribers 0.0696	 0.0014	 1.072	 1.069,	
1.075	

<0.0001	
	

Number	of	pharmacies	 0.0884	 0.0029	 1.092	 1.086,	
1.099	

<0.0001	
	

Modified	RxRisk-V	index 0.1593	 0.0014	 1.173	 1.170,	
1.176	

<0.0001	
	

C-statistic 0.71		
Residual	ICC 0.026	(Wald	test	P	<	0.0001)	

Note:	
The	variables	were	selected	using	stepwise	selection	method	with	alpha	level	less	than	0.001.	
MA-PD	=	Medicare	Advantage	Prescription	Drug	plan;	PDP	=	stand-alone	Prescription	Drug	plan;	Sig	=	Significant	difference;	CI	=	Confidence	Interval;	ICC	=	Residual	Intraclass	
correlation.	
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Figure 4.2 Comparison of Unadjusted and Risk-Adjusted Ranking†  for High-Risk Medication measure 
among Medicare Advantage Prescription Drug plans (MA-PD) providers ( N =  464) 
 

(a) Rankings		

	
	
(b) Decile	Rankings	

	
Note:  
† based on random-intercept model 
* High-quality rankings indicates low rate of high-risk medication use and low-quality ranking indicates high rate of high-risk medication use.  
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Figure 4.3 Comparison of Unadjusted and Risk-Adjusted Ranking†  for High-Risk Medication measure 
among stand-alone Prescription Drug Plans (PDP) providers ( N =  70) 
 

(a) Rankings	

 
 

(b) Decile	Rankings	

 
 
Note:  
† based on random-intercept model 
* High-quality rankings indicates low rate of high-risk medication use and low-quality ranking indicates high rate of high-risk medication use.  
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Table 4.3 Changes in Decile after Risk Adjustment   	
MA-PD		provider	(N	=	474) PDP	provider		(N	=	70)	

Moved	3	or	more	deciles	in	higher	quality	direction		
28	(6.0%)	 7	(10.0%)	

Moved	2	deciles	in	higher	quality	direction	
47	(10.1%)	 7	(10.0%)	

Moved	1	deciles	in	higher	quality	direction	
70	(15.1%)	 14	(20.0%)	

No	movement	in	decile	
149	(32.1%)	 18	(25.7%)	

Moved	1	deciles	in	lower	quality	direction	
107	(23.1%)	 9	(12.9%)	

Moved	2	deciles	in	lower	quality	direction	
43	(9.3%)	 7	(10.0%)	

Moved	3	or	more	deciles	in	lower	quality	direction	
20	(4.3%)	 8	(11.4%)	

Note: 
† based on random-intercept model 
 

 
Table 4.4 Comparison of Classification of Health Plans based on unadjusted and risk-
adjusted quality High-Risk Medication measure: agreement in identify health plans 
outlier – using Top 20% and Bottom 20% providers 
 

Classification	based	on	
unadjusted	measure	 MA-PD		provider	(N	=	474)	 	 PDP	provider		(N	=	70) 

	
High-

quality	top	
20	% 

Medium-
quality	
Middle	
60%		

Low-
quality	
bottom20

%	

	
High-

quality	top	
20	% 

Medium-
quality	
Middle	
60%	

Low-
quality	
bottom	
20%	

High-quality	Top	20%	(n)	 63	 29	 0	 	 12 2	 0	
Medium-quality	Middle	
60%	(n)	 29	 206	 44	 	 2 35	 6	

Low-quality	bottom20%	(n)	 0	 44	 49	 	 0 5	 8	

Weighted	K	(95%CI)	 0.51	(0.44	-	0.58)	 	 0.66	(0.50		-	0.82) 
Note: 
† based on random-intercept model 
MA-PD = Medicare Advantage Prescription Drug plan; PDP = stand-alone Prescription Drug plan; 
 
 
 
 


