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ABSTRACT

Since the inception of Medicare Part D in 2006, mergers and acquisitions (M&A) and regulatory 
changes have led to increased concentration and reduced plan variety in the standalone 
prescription drug plan (PDP) portion of the market. We examine how this industry consolidation 
affects Medicare beneficiaries’ enrollment in PDPs and their out-of-pocket (OOP) drug 
expenditures using individual-level data from the 2006-2018 waves of the Health and Retirement 
Study (HRS) merged with PDP market-level characteristics. Overall, we find that lower plan 
variety in the PDP market decreases the likelihood that elderly individuals enroll in PDPs, and 
higher PDP market concentration increases OOP drug expenditures. Our main results are robust 
to considering possible effects of unobserved individual-level heterogeneity, region-specific time 
trends, and entry/exit of insurers, as well as to the use of an alternative identification scheme 
based on a quasi-experimental design. Further, we find that younger, more advantaged, and 
healthier individuals respond differently to industry consolidation compared to their older, less 
advantaged, and sicker counterparts. The former groups are more likely to adjust their PDP 
enrollment in response to reduced PDP variety and have higher OOP drug expenditures in 
response to increased PDP market concentration compared to the latter groups. Finally, we find 
that not only do lower PDP variety and greater PDP market concentration directly affect PDP 
enrollment and OOP drug expenditures, but these changes also affect Medicare beneficiaries 
indirectly through impacting PDP characteristics.
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1. Introduction 

     The US is a world outlier in health care spending, devoting about 18 percent of GDP to health 

care, a higher percentage than any other OECD country (Gunja et al., 2023; Anderson et al. 2018). 

Health care spending also has been rising faster over time in the US compared to in other OECD 

countries, reaching $4.5 trillion in 2022 (Hartman et al., 2023). Nevertheless, the US does not 

necessarily provide better quality health care than other OECD countries (Telesford et al., 2023), and 

many key health indicators in the US lag behind those of other OECD countries (Gunja at el., 2023). 

Notably, life expectancy at birth is currently about 77 years in the US, which is 3 years lower than the 

OECD average (Munira et al., 2022).1  

     Against this backdrop of high and rising spending, with little obvious benefit for population health 

at the margin, there is growing concern about the distribution of market power and prices in the US 

health care sector. Many US health care markets have become increasingly consolidated in recent years 

(Damberg, 2023), raising questions about the effects of consolidation on prices, health care quality, 

and access to care. The health insurance market is no exception, where more than 57 percent of 

metropolitan areas were considered to be highly concentrated as of 2016 (Fulton 2017). Understanding 

the effects of consolidation in the health insurance market is especially critical given the vast size of 

this market; 92 percent of the U.S. population is covered by health insurance, either by private 

insurance or by public insurance which is often provided by private firms (RAND 2022; Dafny 2015; 

Keisler-Starkey et al. 2023; Dafny 2021).   

      In this paper, we focus on the Medicare Part D stand-alone prescription drug plan (PDP) insurer 

market, and test whether consolidation in this market affects PDP enrollment and consumers’ out-of-

pocket drug expenditures. To date, the existing literature mostly focuses on the effects of 

                                                 
1 We acknowledge that medical care is only one of  numerous inputs in the production of  health and 
differences across countries in non-medical inputs, such as lifestyle, also may be driving differences in life 
expectancy across countries. 
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consolidation in insurance markets on health insurance premiums. Studying effects on premiums is 

important since premiums are high and rising. The average yearly premium for family coverage was 

$23,968 in 2023 and has risen 47 percent since 2013, according to the 2023 Kaiser Family Foundation 

Employer Health Benefits Survey (Kaiser Family Foundation, 2023a).  

     In theory, consolidation in health insurance markets can have opposing effects on premiums. On 

the one hand, consolidation may result in lower premiums because consolidation leads to scale 

economies and to insurers having stronger negotiating power against health care providers, which 

potentially lowers premiums (see, for example, Melnick et al. 2011 and Scheffler and Arnold 2017 for 

evidence on commercial insurance). On the other hand, consolidation in insurer markets can lead to 

higher premiums because of market power (see Dafny et al. 2012 and Trish and Herring 2015 for 

evidence on commercial insurance; Dafny et al. 2015 for evidence on ACA Marketplace plans). Prior 

empirical research shows mixed effects of insurer market consolidation on premiums (see evidence in 

Scheffler et al. 2016 for ACA Marketplace plans; Ho and Lee 2017 for commercial insurance; Chorniy 

et al. 2020 and Hill and Wagner 2021 for Medicare Part D). We know much less, however, about the 

effects of insurer market consolidation on outcomes measured at the individual level – such as 

insurance enrollment decisions and individual drug expenditures - which are closely related to 

consumers’ wellbeing.  

     Our study, focused on the Medicare Part D stand-alone PDP market, is of particular interest for 

two reasons. First, Part D is crucial in providing financial security for older people to access their 

outpatient prescription drugs. As of 2023, more than 50 million of the 65 million people covered by 

Medicare were enrolled in Part D plans, with 44% of them enrolled in stand-alone PDPs (Medicare 

Advantage also offers Part D drug plans, called MAPDs) (Kaiser Family Foundation, 2023b). Second, 

since the rollout of Medicare Part D, the stand-alone PDP market has become more concentrated 

over time (Kaiser Family Foundation, 2023b). Also, regulatory changes, such as the “meaningful 
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difference requirement” that was in effect between 2011-19, eliminated some stand-alone PDPs. As a 

result, the number of stand-alone PDPs available decreased from 1,866 in 2007 to 901 in 2019, and 

the number of insurers offering stand-alone PDPs decreased from 61 in 2007 to 29 in 2019 (see 

Figure 1). Thus, it is of policy interest to understand how industry consolidation in the Part D stand-

alone PDP market may affect program enrollment and out-of-pocket drug expenditures. A notable 

concern here is that if industry consolidation increases the market power of insurers, it may lead to 

higher premiums and lower plan quality. As a result, consolidation may result in lower PDP enrollment 

and higher OOP drug expenditures, which potentially harms consumers. 

Our empirical analysis starts with a plan-level dataset of stand-alone PDPs from Centers for 

Medicare and Medicaid Services (CMS) Landscape and Enrollment files, which covers the period 

2007-2019 across 50 states. We define the product as the stand-alone PDP, and the market area is 

defined as the individual’s current state of residence. We construct two measures at the market level 

to capture industry consolidation. The first is the total number of plans in each market divided by the 

number of residents aged 65 and older. This is our measure of plan variety. The second variable is the 

Herfindahl–Hirschman index (HHI), which is computed across all insurers in each market.  This is 

our measure of inter-insurer competition at the market level. We match these market-level measures 

of industry consolidation to individual-level data from the 2006-2018 waves of the restricted version 

of the Health and Retirement Study (HRS) based on each HRS respondent’s state and interview year. 

Then, we estimate the effects of market-level standalone PDP industry consolidation on HRS 

respondents’ PDP enrollment and OOP drug expenditures. Since we include state and year fixed 

effects (FEs) in our baseline models, identification is based on changes in plan variety and inter-insurer 

competition over time within markets that deviate from the average. 

Our main findings are that, for our sample individuals, lower plan variety decreases PDP 

enrollment, and higher concentration increases OOP drug expenditures. Our results are robust to 
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considering the effect of unobserved individual heterogeneity, region-specific time trends and the 

entry/exit of insurers. Also, we estimate our model with an instrumental variables (IV) identification 

strategy. We use duplicated stand-alone PDPs and nationwide M&As as plausibly exogenous shocks 

to plan availability and HHI, respectively. In particular, the use of duplicated stand-alone PDPs as an 

instrument is novel in the literature. We then estimate our empirical model using a control function 

approach and find the results are mostly consistent with our main findings. 

Next, we explore heterogeneous effects. We find that our main results on PDP enrollment and 

OOP drug expenditures are driven by younger, more educated, white, and healthier individuals. 

Intuitively, this makes sense since these individuals are likely to be relatively well-off, may have 

alternative insurance options, and thus would be less likely to participate in a PDP if plan variety 

decreases.  Finally, we explore potential channels through which industry consolidation might affect 

an individual's PDP enrollment and OOP drug expenditures. We find that industry consolidation 

lowers plan variety, which in turn associates with lower average premiums, lower provision of PDPs 

with full subsidies (plans with zero premiums for beneficiaries eligible for low-income subsidies), and 

lower provision of PDPs with enhanced options (PDPs with more generous benefits such as lower 

deductibles and gap coverage). Higher market concentration increases average premiums, potentially 

through increasing the availability of enhanced plans, and decreases the availability of plans offering a 

full subsidy. These results suggest that insurers exercise market power by price discriminating across 

consumers with various plan options, which is consistent with Dafny (2010). Interestingly, we 

elucidate that industry consolidation (in terms of PDP variety and market concentration) not only 

directly affects beneficiaries' program enrollment and OOP drug expenditures but also indirectly 

affects consumers through impacting plan attributes.  

This paper contributes to the literature that examines the effects of Medicare Part D on older 

adults’ outcomes related to prescription drug coverage. Duggan and Morton (2010) find that 
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prescription drug use increased significantly among Medicare Part D enrollees, likely due to lower 

prices. Ketcham and Simon (2008) report that OOP costs were reduced significantly among seniors 

within the first year of the program. Engelhardt and Gruber (2011) show that most of the reductions 

in OOP costs accrued to a small proportion of the elderly who had the highest risk of spending. 

Overall, in a recent survey of 65 studies by Park and Martin (2017), they report Medicare Part D 

enrollees have decreased OOP costs and increased drug utilization, but coverage gaps limit the 

program's impact. 

Our work differs from the literature by providing a novel study on how industry consolidation in 

the Medicare Part D PDP market decreases beneficiaries’ program enrollment and increases OOP 

drug expenditures. Importantly, our results suggest that the benefits of Medicare Part D are partially 

offset by industry consolidation. Previous studies argue that consumers make sub-optimal choices 

when they face a wide variety of plans (Abaluck & Gruber, 2011; Heiss et al., 2013; Kling et al., 2012; 

Zhou & Zhang, 2012), suggesting that plan consolidation in the Medicare Part D market (for example, 

through reducing the number of plans available) can improve consumer decision-making. Our results 

imply that, even up to the year 2019, policymakers still need to tradeoff such benefits with lower 

program enrollment and higher OOP drug expenditures delivered by the remaining plans. 

Our paper also contributes to the empirical literature on understanding the effects of industry 

(horizontal) consolidation in health insurance. Dafny et al. (2012) use a proprietary dataset on 

employer-sponsored health plans between 1998 and 2006 to examine the 1998 merger between Aetna 

and Prudential. They find that premiums increase by 7 percent, and the insurer reduces payments to 

physicians by 3 percent. In a closer relationship to our work, Chorniy et al. (2020) examine 10 mergers 

in the Medicare Part D market from 2006 to 2012. They find premium increases when the merging 

insurers serve in the same Medicare region. However, the merger insurers can bargain for better drug 

access with the drug manufacturers for their plans. Plan consolidation leads to productive efficiency. 
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Hill and Wagner (2021) find that an increase in HHI raises the premium only for markets with a higher 

concentration of market share. Our paper contributes to the literature by extending the analysis 

beyond market-level outcomes to individual-level outcomes. In undertaking this research, we have 

established a novel relationship between industry consolidation, program enrollment, and the 

prescription drug costs borne by consumers. This connection elucidates the direct impact of industry 

consolidation on consumer behavior and financial burden in the insurer market. 

The rest of this paper is organized as follows. Section 2 discusses industry background. Sections 

3 and 4 present the data and model, respectively. Section 5 discusses the results. Section 6 concludes. 

 
2. Industry Background 

Medicare Part D is voluntary prescription drug coverage available to all Medicare beneficiaries. 

The program was enacted under the Medicare Modernization Act (MMA) of 2003 and went into effect 

on January 1, 2006, following a limited, transitional drug discount program that was offered in 2004-

2005. Medicare beneficiaries can choose either stand-alone PDPs if they enroll in the Medicare Part 

A and B programs or a MAPD plan which is a Medicare Part C plan plus prescription drug coverage. 

Following existing studies, we treat stand-alone PDPs and MAPDs as two separate product markets 

and focus on the stand-alone PDP market.  

The MMA of 2003 and subsequent regulations established the basic Part D drug benefit design, 

beneficiary information requirements, and quality/access standards, as well as set up risk adjustment, 

risk-sharing, and reinsurance provisions (Hoadley, 2006). However, the law still allowed for substantial 

flexibility in plan design along characteristics likely to be relevant to consumers, such as the drug 

formulary and whether the plan includes a deductible or has cost-sharing that varies by drug category.  

Stand-alone PDPs are differentiated from each other in various dimensions. First, the premium is 

a consideration in determining plan choice because the enrollees pay a premium for specific benefits 
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of a plan. Second, there are several plan characteristics that are important for plan choice. Figure 2 

shows the benefit structure of a typical stand-alone PDP. In the year 2017 (our analysis period runs 

from 2007-2019), the standard benefit included an (approximately) $400 deductible and three coverage 

zones, which are initial coverage, coverage gap (which is called the doughnut hole) and catastrophic 

coverage. After the deductible is exhausted, the enrollee has a co-pay of 25% up to $3,700 in the first 

coverage period. Then, the enrollee enters a coverage gap, during which the enrollee pays 40-51%. 

The exact copay depends on the enhanced plan in which beneficiaries choose to enroll and brand 

name or generic drugs beneficiaries choose to use. Finally, as drug expenses reach $8,071, beneficiaries 

reach the catastrophic coverage threshold. After that point, they pay 5% of total drug costs. 

M&A activities have been a driving force shaping the competitive landscape of the Medicare Part 

D market. At the time of Medicare Part D’s inception, 65 different organizations offered more than 

1,400 plan options, with a typical state offering 40-45 plans provided by 15-20 organizations (Hoadley, 

2006). Figure 3 depicts the nationwide market shares of top insurers providing Medicare Part D PDP 

plans. In 2007, United Health and Humana covered 20% and 17% of total enrollment, with the 

remaining divided among dozens of others. By 2019, the market had become more concentrated. CVS 

Health covered 21% of the total enrollment, followed by Humana (14 percent) and United Health (14 

percent). The top three insurers had about half of the total enrollment. This industry consolidation 

has been attracting the concern of the Department of Justice (DOJ). Notably, in the CVS-Aetna 

merger in 2019, the DOJ reviewed the merger and approved it conditional on the divestiture of Aetna’s 

Part D businesses to WellCare (US Department of Justice, 2018). 

Another driving force affecting the competitive landscape of the Medicare Part D market is 

regulatory policy. In particular, over the period 2011-19, CMS imposed the “meaningful difference 

requirement” for stand-alone PDPs offered by the same insurers in the same region. CMS required 

Part D insurers that offer more than one plan per market to demonstrate meaningful differences 
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between their plans, in terms of premiums, cost sharing, formulary design, or other benefits. Insurers 

were allowed to offer only one basic plan benefit design in a market and no more than two enhanced 

alternative plans in each market (CMS, 2018). The meaningful difference requirement aimed to reduce 

beneficiaries’ confusion about their options and to improve the quality of plan choice. However, it 

forces insurers to consolidate their plans, which reduces beneficiaries’ options and potentially reduces 

competition among insurers. Overall, then, both M&A activities and regulatory changes have led to 

the Medicare Part D market to become more concentrated. 

 
3. Data 

We utilize two datasets for our empirical analysis. First, we use detailed plan-level data from the 

CMS Landscape Files Data. It includes on average 1,429 stand-alone PDPs per year. These data span 

12 years from 2007, the year after Medicare Part D was introduced, to 2019 and cover 50 states and 

34 regions from CMS.  We employ this dataset to compute the two measures of competition at the 

market level. Second, we use individual-level data from the 2006-2018 waves of RAND HRS, which 

is a longitudinal survey of Americans over 50 years old and their spouses. About 20,000 people take 

part in this survey in each wave (every 2 years). We employ this dataset to examine program enrollment 

and OOP at the individual level. 

 

3.1. Plan-Level Data 

We construct two variables of interest from the CMS dataset. The first is the total number of 

PDPs per 10,000 senior residents in a market, where each market is defined at state level. We denote 

this variable as NPlan, which measures plan variety. The second variable is the HHI, which is 

computed across all insurers in each market. The HHI is defined as the sum of the squared market 

shares of each insurer multiplied by 10,000. The market shares of each insurer are determined by 
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adding the enrollment of all plans offered by the same insurer in a market and dividing this number 

by the total enrollment of all insurers in the market. As a result, the HHI captures inter-insurer 

competition at the market level. HHI values of 0 indicate perfect competition, while index values of 

10,000 indicate monopoly. 

Figure 4 depicts that the number of PDPs per 10,000 senior residents in a market decreases from 

1.32 in 2007 to 0.41 in 2019. Similarly, the HHI in a market increases from the lowest point 1,717 in 

2010 to 2,060 in 2019. It suggests higher concentration in the Medicare Part D PDP market over time. 

Further, we illustrate the heterogeneities in the number of plans offered and the HHI across markets 

and years. Figure 5 depicts the distribution of the number of PDPs and HHI across markets. The 

distribution of the number of PDPs offered per 10,000 senior residents is right skewed. The majority 

of markets have fewer than 1 PDP offered per 10,000 senior residents in a year, even though some 

markets can have more than 4 PDPs offered per 10,000 senior residents in a year. On average, the 

number of PDPs per 10,000 senior residents is about 0.4 (see Panel B of Table 1). In contrast, the 

distribution of HHI is more symmetric. It ranges from below 1,000 to almost 4,000. On average, the 

HHI is about 1,826 (see Panel B of Table 1). A majority of markets have HHI between 1500-2000. 

The merger guidelines issued by DOJ and FTC would consider those markets to be moderately 

concentrated. 

 

3.2. Individual-Level Data 

Individual-level data come from the restricted-use version of the Health and Retirement Study 

(HRS), 2006-2018 waves. The HRS is sponsored by the National Institute on Aging (grant number 

NIA U01AG009740) and is conducted by the University of Michigan (HRS, 2024). We create the 

analytic sample using the following criteria: 1) we only keep HRS respondents over 65 years old 

because this age group is eligible for Medicare Part D; 2) we drop HRS respondents who report being 
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disabled (when asked the HRS survey question about current work status); previous studies show that 

Medicare Part D does not affect disabled individuals’ drug utilization (Nelson et al., 2014); 3) we 

exclude 9,550 respondents who changed their state of residence during our sample period; 4) we 

exclude 6,428 respondents who are dually eligible for Medicare and Medicaid; 5) we limit the sample 

to respondents residing in the mainland U.S.; and 6) we limit the sample to HRS respondents who 

have non-missing responses to survey questions related to this study. Also, we limit the sample to 

HRS respondents from the 2006-2018 biennial survey waves who were interviewed in the years 2017-

2019 so we can merge their records to the market-level data which runs from 2007-2019. (Most HRS 

respondents are interviewed in “even years”, but we include those interviewed in “odd years” as well.) 

 

Outcome Variables: We focus on the following questions in the HRS related to Medicare Part D 

program enrollment and drug expenditures:  

1. “Are you enrolled in Medicare Part D, also known as the Medicare Prescription Drug Plan?” 

We use the answer to this question to construct two binary indicators of program enrollment: 

(a) enrolled in a PDP; and (2) enrolled in an MAPD. Figure A1 in Appendix illustrates the 

details of this variable construction.   

2. “On average, about how much have you paid out-of-pocket (not including premiums) per 

month for these prescriptions?” We use the answer to this question to construct a continuous 

variable of OOP spending on prescription drugs. 

Panel A of Table 1 reports the descriptive statistics of our outcome variables. We have 32% of 

observations indicating that they are enrolled in a Medicare Part D stand-alone PDP, while 28% report 

enrollment in MAPD. The mean monthly OOP expenses on prescription drugs is $52. The large 

standard deviation for OOP expenses implies that there is a group of respondents who do not have 
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OOP expenses, while there also is another group of respondents spending more than $200 per month 

on prescription drugs. We address this feature of the data in our empirical approach. 

 

Individual Characteristics: In the HRS, respondents answer questions about their demographics. 

Panel C of Table 1 reports the descriptive statistics of individual characteristics of our sample 

respondents. About half of respondents are between 65 and 74, and the other half are 75 or older. 

Among our respondents, 43% are male, 85% are white and 12% are Black, and 35%, 33% and 13% 

have high school degrees, college degrees, and graduate degrees, respectively. Household incomes are 

about equally distributed in the categories of below 20K, 20-35K, 35-65K and above 65K. Arthritis 

and high blood pressure are the two most common chronic health problems (69% and 68%) of HRS 

respondents. 

We merge the market-level measures of competition to the HRS individual-level dataset with 

interview year and the use of the state identifier. Consequently, our working sample contains 42,741 

observations from 12,943 individuals residing in 50 states over the period 2007-2019. 

 
4. Empirical Model 

This section outlines the empirical model, which is specified for respondent i living in market j in 

year t as follows: 

 

Yijt = α1 NPlanjt + α2 HHIjt + xit β + γj + γt + Trendjt + ε ijt (1) 

  

The outcome Yijt includes Medicare Part D stand-alone PDP enrollment, MAPD enrollment and 

OOP. The variables of interest are NPlanjt and HHIjt. We include a vector of demographic 

characteristics xit of individual i in year t (see Panel C, Table 1). We also include state fixed effects 

(FEs) γj and year FEs γt to control for unobserved heterogeneity and time variations in the outcome 
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variables. Further, we include region-specific time trends Trendjt to control for unobserved trends in 

Medicare Part D program enrollment and OOP drug expenditures across states. Table A1 reports a 

robustness check with the inclusion of individual FEs. 

Since we include state and year FEs in Equation (1), the coefficients of NPlan and HHI are 

identified by variation within markets over time. For NPlan, this variation primarily comes from the 

entry and exit of PDPs from the market. For HHI, this variation comes from the entry and exit of 

PDPs from the market and/or changes in market share of continuing insurers.  

We employ distinct strategies to estimate Equation (1) because program enrollment and OOP 

drug expenditures have different distributional properties. For stand-alone PDP and MAPD 

enrollment, which are binary variables, we estimate Equation (1) as a linear probability model with 

OLS. For OOP, we follow Mullahy (1998) and estimate Equation (1) with a two-part model (TPM) 

because there is a mass of zeros for OOP. The first part is a probit model with the indicator 1{OOP 

>0}, while the second part is a generalized linear model (GLM) with gamma error distribution and a 

log link function. It is noteworthy that approximately 28% (11,984 out of 41,741) of the observations 

have zero monthly OOP drug expenditures. This suggests that a significant number of respondents 

either do not require any prescription drugs or have health insurance that completely covers their drug 

costs. The substantial proportion of zero OOP values supports the use of a TPM. 

 

5. Results 

We first discuss the main findings and then discuss a robustness check based on a causal inference 

approach. Subsequently, we explore the heterogeneities in our results and the potential channels 

leading to our main results. 
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5.1. Main Findings 

Table 2 presents the empirical results of Equation (1) for PDP enrollment, MAPD enrollment 

and OOP drug expenditures. The table presents the results from two different model specifications: 

Columns 1 and 2 report the outcomes of the linear probability model for PDP and MAPD 

enrollments, while Columns 3 to 5 report the findings of the TPM for OOP drug expenditures. 

From Column 1, we note that the coefficient for NPlan is positive and significant, while Column 

2 shows that the coefficient for NPlan is significant but negative. These results suggest that larger 

stand-alone PDP variety increases the likelihood of PDP enrollment but decreases the likelihood of 

MAPD enrollment. Specifically, consider a 10% increase in NPlan, computed from its mean value, 

which corresponds to an additional 0.042 plans per 10,000 senior residents. Such an increment 

associates with a 0.17 (= 0.042 * 0.042) percentage point rise in stand-alone PDP enrollment, equating 

to approximately 0.6% of the mean enrollment rate.  

Further, Columns 3 to 5 report the results from the TPM for OOP drug expenditures. Column 3 

presents the coefficients from the probit model (the first part of the model) that estimates the 

probability of reporting any positive OOP drug expenditures. The lack of significant findings indicates 

that neither the stand-alone PDP variety nor HHI are driving positive OOP drug expenditures. 

Column 4 presents the coefficients from the second part, the GLM model (second part of the model) 

estimating the relationship among those who reported a positive OOP drug expenditure. The positive 

and significant coefficient for HHI in this column reveals that a rise in market concentration raises 

OOP for prescription drugs among the patients who incur positive OOP drug expenditures. Column 

5 presents the average marginal effects from the combined first and second parts of the model. The 

coefficient for the HHI is positive and significant with respect to OOP drug expenditures. Here, a 

marginal 10% increase from the mean HHI, quantified at 182.6, is expected to result in an elevation 
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of monthly OOP drug expenditures by $7.88 (= 43.169 / 1,000 * 182.6), an amount constituting 15% 

of its mean value. 

To interpret the economic significance of our results, we consider the following hypothetical 

scenario: presuming all other factors remain constant, if a respondent had relocated from a market 

characterized by a HHI around the 25th percentile across all years and markets (California in our 

dataset) to another market with an HHI around the 75th percentile (Ohio in our dataset), their 

monthly OOP drug expenditures would have increased from $44.5 to $66, reflecting an increase of 

48%. Conversely, holding all other factors constant, the effect of PDP variety on OOP costs is rather 

trivial. For instance, if an individual had moved from a market with NPlan around the 25th percentile 

(Pennsylvania in our dataset) to a market with an NPlan near the 75th percentile (Georgia in our 

dataset), their monthly OOP drug expenditures would have marginally increased from $51.7 to $52.2. 

Overall, our main results suggest that industry consolidation, as characterized by plan variety and 

concentration, exerts a measurable impact on beneficiaries’ insurance enrollment and OOP drug 

expenditures in Medicare Part D market. 

 

5.2. Robustness Checks 

Our identification relies on the variation in industry consolidation being uncorrelated with 

unobservable determinants of program enrollment and OOP drug expenditures (i.e. omitted variables 

bias). Since our models include state FEs, such a correlation will only exist if the unobservable 

determinants of program enrollment and OOP drug expenditures are time-varying. Nonetheless, since 

we also include region-specific linear time trends in our models, these unobservable determinants must 

vary nonlinearly over time at the state-level to generate a confounding correlation.  

 

5.2.1. Individual FEs 
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To mitigate any biases stemming from unobservable determinants of program enrollment and 

OOP drug expenditures, we include individual FEs in our model and report the results in Table A1 

in the Appendix. Encouragingly, our main results are robust to the inclusion of individual FEs. 

 

5.2.2. Entry & Exit of Insurers 

Our model utilizes the entry and exit of insurers for identifying variation. Such variation could 

coincide with, or be caused by, changes in unobserved preferences driving changes in insurance and 

drug use. To determine whether our estimates of the effect of industry consolidation are confounded 

by such a correlation, we estimate our model only relying on the entries and exits of insurers due to 

nationwide insurer mergers occurring in overlapping markets. Nationwide insurance mergers are 

motivated to exercise market power in their overlapping markets and exploit cost synergy at the 

national level. Consequently, entries and exits of insurers driven by nationwide mergers are less likely 

to be driven by unobserved preferences for insurance and drug use in a particular market.  

We identify nationwide M&As during our time period by analyzing the year-over-year changes in 

the parent companies of PDPs and cross-referencing these data with publicly accessible information 

to confirm accuracy. Through this methodology, we identified 12 M&As among stand-alone PDP 

insurers characterized by their nationwide scope, indicating that both the acquiring and target 

organizations engage in operations spanning multiple markets. This subset includes significant 

transactions such as the mergers and acquisitions between CVS and Universal, and the notable 

acquisition of Aetna by CVS (list of the 12 national M&As is shown in Appendix Figure A2) 

To utilize these 12 national M&As in the analysis, first we count the total entries and exits of 

insurers that were NOT due to nationwide M&A for each state across years, and the total number of 

insurers for each state across years. Then, we compute the ratio of non-M&A entering and exiting 

insurers to total number of insurers for each state. The mean and median of such ratio are both 29% 
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across states. In other words, on average, insurers entering and exiting a state not due to a nationwide 

M&A represent 29% of total insurers in that state. We define the states with substantial non-M&A 

entries and exits of insurers to be the states with that ratio above 30%.2 We re-estimate the main model 

using a sub-sample that drops HRS respondents from states above the 30% threshold. These findings 

are reported in Table A2, and they are consistent with our main results. 

5.2.3. Causal Inference Approach 

In addition, we consider a quasi-natural experiment to generate plausibly exogenous variation in 

NPlan and HHI by employing the nationwide insurer mergers in the stand-alone PDP market, which 

generate a drop in plan variety and a rise in HHI in the market. Again, the rationale for using 

nationwide insurer mergers in our context is that nationwide insurer mergers specifically are less likely 

to be driven by Medicare Part D enrollment and utilization in a particular local market. Therefore, 

nationwide insurer mergers provide exogenous variation in industry consolidation at the market-level 

that can be exploited to estimate the impact of industry consolidation on individual stand-alone PDP 

enrollment and OOP drug expenditures. 

Specifically, we employ a control function approach following Wooldridge (2015) to estimate the 

casual relationship between industry consolidation and beneficiaries’ PDP enrollment as well as their 

OOP drug expenditures. Since our model of OOP is nonlinear, the control function approach has 

been shown to be efficient relative to two-stage least squares, despite both approaches employing IV 

(Guo and Small 2016). Since we have two potentially endogenous explanatory variables, i.e. NPlan 

and HHI, we need two IVs to identify the effects of those two variables on the outcomes of interest. 

For NPlan, we employ a variable Duplicate as its IV. It is defined as the number of duplicate PDPs 

per 10,000 senior residents for each market j in year t. To elaborate the computation of Duplicatejt , 

                                                 
2 Specifically, Arkansas, Florida, Georgia, Indiana, Louisiana, Michigan, Ohio, Oklahoma, Oregon, Colorado, Delaware, Maryland, 
Illinois, Minnesota, Mississippi, Washington D.C. 
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consider the following illustrative procedure: initially, a K-means clustering analysis is conducted, 

relying on plan characteristics such as plan type and subsidization status, to categorize similar plans 

within a market for each year. For instance, if insurer A offers five PDPs in the state of New York in 

the year 2010, and two of those plans are classified within the same cluster, then these two are deemed 

similar. Consequently, one of the two clustered plans is designated as a 'duplicate' offered by insurer 

A in New York for the year 2010. Subsequently, we aggregate the count of all such duplicated plans 

provided by various insurers in New York for 2010 and normalize this figure by the senior resident 

population (scaled to per 10,000 individuals) to determine the 'Duplicate' metric for New York in the 

referenced year. In practices, the first stage model for NPlan is specified as follows: 

 

NPlanjt = β1 Duplicatejt-1 + xit β2 + γj + γt  + γjt + ε ijt,NPlan (2A) 

 

For HHI, we follow Dafny et al. (2012) and Hill and Wagner (2021) to use simulated delta HHI 

(ΔSimHHI) to construct the IV. The first stage model for HHI is specified as follows: 

 

HHIjt = β1 ΔSimHHIjt-1 + xit β2 + γj + γt  + γjt + ε ijt,HHI (2B) 

where  

ΔSimHHIj = (Share1j + Share2j)2 - (Share1j
2 + Share2j

2) = 2 x Share1j x Share2j 

 

Share1 and Share2 are the market shares of two insurers involved in a merger. Like the other IV, 

ΔSimHHI is computed with the observations before merger. Intuitively, ΔSimHHI is the predicted 

change in HHI due to the merger. It is worth noting that ΔSimHHI shows positive value in the 

market in the year of a merger occurred, and zero otherwise. We compute ΔSimHHI based on the 

identified nationwide M&As mentioned above. Dafny et al. (2012) and Hill and Wagner (2021) employ 

a setting with one merger, but, in our setting, it is possible that there was more than one merger in a 
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market within the same year. For this reason, we add up the simulated delta HHI calculated for each 

merger to obtain ΔSimHHI for each market in that year.3 

Panel A of Table 3 reports the results of the first stage regression for our control function 

estimation. The coefficient corresponding to the lagged variable Duplicatejt-1 is positive and significant 

in Equation (2A), indicating that a higher incidence of plan duplication in the previous period is 

predictive of a larger PDP variety in the current period. The coefficient for ΔSimHHIjt-1 is positive 

and significant in Equation (2B), implying that mergers in the preceding period led to an increased 

HHI in the subsequent period. Further, the F-statistics exceed the thresholds traditionally associated 

with weak instrument concerns (Stock & Yogo, 2005), which suggests that our IV are relevant and 

valid for our model. 

In the second-stage model of our control function estimation, we include the residuals from first-

stage model to control for endogeneity.4 Specifically, we estimate the following model: 

 

Yijt = α1 NPlanjt + α2 HHIjt + xit β + γj + γt + Trendjt  

+ 𝝋𝝋𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝜺𝜺𝒊𝒊𝒊𝒊𝒊𝒊,𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵�  + 𝝋𝝋𝑯𝑯𝑯𝑯𝑯𝑯𝜺𝜺𝒊𝒊𝒊𝒊𝒊𝒊,𝑯𝑯𝑯𝑯𝑯𝑯�  + eijt 

(2C) 

  

Panel B of Table 3 reports the control function estimates of the causal relationship of NPlan and 

HHI on individual stand-alone PDP enrollment and OOP drug expenditures using Equation (2C). 

Columns 1 and 2 report that markets with a larger PDP variety exhibit higher stand-alone PDP 

enrollment rate and lower MAPD plan enrollment rate, respectively. These results are consistent with 

our findings delineated in Table 2. Interestingly, the coefficients estimated from the control function 

estimations for NPlan are larger in magnitude than those obtained from the OLS estimations. This 

                                                 
3 For example, if  we have two mergers occur in the same year, namely merger between 1 and 2 and merger between 3 and 4, we derive:   
ΔSimHHIj = (Share1j + Share2j)2 - (Share1j2 + Share2j2) + (Share3j + Share4j)2 - (Share3j2 + Share4j2) = 2 x Share1j x Share2j 
+ 2 x Share3j x Share4j. 
4 An assumption to justify this approach is that ε ijt, ε ijt,NPlan and ε ijt,HHI  are jointly normally distributed conditional on the control 
variables, FEs and IVs (Petrin and Train 2010; Wooldridge 2015). 
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phenomenon is consistent with the theoretical exposition by Imbens and Angrist (1994), positing that 

IV estimates may be elevated due to their derivation from a specific subpopulation that is influenced 

by the instrument in question. In this context, the control function estimate reflects the impact of 

NPlan exclusively for markets that exhibit variation in the number of duplicated PDPs, whereas the 

OLS estimate captures the average change in PDP participation across markets for each additional 

PDP option. Columns 3 to 5 indicate that the coefficients of HHI have the same sign as those reported 

in our main results. However, the portion of HHI variation stemming from M&As among insurers 

does not estimate them at conventional significance levels.  

 

5.3. Heterogeneities 

This section performs sub-sample analyses to examine the sources of variation that generate the 

main findings reported in Table 2. Specifically, we estimate Equation (1) by dividing the sample 

according to different criteria: age (under 75 v. equal to or above 75), education (below or equal to 

high school graduate v. college or above), race (Black v. white), and number of chronic diseases (below 

3 v. 3 and above). 

We report the results in Table 4. Columns 1 and 2 report the positive effects of PDP variety on 

stand-alone PDP enrollment and the negative effects of PDP variety on MAPD enrollment are 

stronger for the sub-samples of individuals with age under 75, with a college degree or above, 

identified as white and with fewer than three chronic conditions. Similarly, the same sub-samples of 

individuals exhibit a stronger positive response in their change in OOP drug expenditures when HHI 

increases, see Column 5.  

These subpopulations possibly possess greater financial resources and are, therefore, more able to 

afford desirable plans. Consequently, these well-resourced groups demonstrate heightened propensity 

to switch out from MAPD plans and enroll in stand-alone PDPs when a larger variety of PDPs is 
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available. Further, these subpopulations exhibit a greater willingness to pay for their drug OOP in the 

face of a more concentrated market for stand-alone PDPs. Potentially, the quality of stand-alone PDP 

deteriorate as market concentration increases, and those subpopulations pay more OOP drug 

expenditures to maintain their medical needs.  

 

5.4. Potential Channels 

This section explores the potential channels through which stand-alone PDP variety and market 

concentration affect PDP/MAPD enrollment and OOP drug expenditures. We aggregate 

characteristics across PDPs to construct three plan characteristics at the market level, namely (1) 

average premium in the market, (2) percentage of PDPs with full subsidy in the market, and (3) 

percentage of enhanced PDPs in the market. The descriptive statistics of these three variables are 

reported in Panel B of Table 1. In our sample, the average premium is $51 per month, the average 

percent of PDPs with full subsidy is 26% and the average percent of enhanced plans is 51%.  

Table 5 reports a market-level regression of those three plan attributes on NPlan and HHI. The 

coefficients of NPlan are positive and significant in all three columns. These findings suggest that a 

market characterized by lower PDP variety associates with lower average premiums, lower provision 

of PDPs with full subsidies, and lower provision of PDPs with enhanced options. This observation 

aligns with the theoretical premise that insurers may diminish both plan differentiation and quality in 

markets where there is a limited number of PDPs. Further, the coefficients of HHI are positive and 

significant in Columns 1 and 3 but negative and significant in Column 2. It suggests that when the 

PDP market becomes more concentrated, it increases average premiums, potentially through increases 

in the availability of enhanced plans and decreases in the availability of plans with full subsidy.   

Subsequently, going back to an individual-level regression, we explore the extent to which three 

market-level measures of plan attributes—average premium (relative to HRS respondent’s household 
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income) to measure affordability),5 the percentage of PDPs offering full subsidies and the percentage 

of PDPs offering enhanced options—mediate the impact of industry consolidation on stand-alone 

PDP enrollment and OOP drug expenditures. To validate the robustness of our findings, we 

incorporate these plan characteristics both individually and collectively into Equation (1), with the 

results presented in Table 6. To show the robustness of our results, we include the plan attributes 

one-by-one and find the results are robust across specifications. Thus, we focus the results presented 

in Column 5, where all three plan attributes are included into Equation (1) concurrently. 

Panels A and B of Table 6 present that the coefficient of NPlan remains relatively stable after 

the introduction of the premium-to-income ratio, the percentage of plans offering a full subsidy, and 

the percentage of enhanced plans into the model of stand-alone PDP enrollment. Panel A reports that 

the coefficients of premium-to-income ratio, the percentage of plans with full subsidy and the 

percentage of enhanced plans are positive and significant, which corroborate findings from an earlier 

study (Levy & Weir, 2010). In contrast, Panel B reports that the coefficients of premium-to-income 

ratio, the percentage of plans with full subsidy and the percentage of enhanced plans are negative and 

significant.  

Together, these results suggest that as PDP variety increases, it promotes PDP enrollment through 

various channels. A larger PDP variety associates with the higher availability of higher quality plans 

(proxied by a higher premium-to-income ratio), of plans offering full subsidies and of enhanced plans. 

These three changes in plan attributes driven by a larger PDP variety all promote beneficiaries 

switching away from MAPD enrollment and increasing stand-alone PDP enrollment. Further, a larger 

PDP variety has a direct effect of driving beneficiaries from MAPDs to stand-alone PDPs as the 

coefficient of NPlan remain significant after including those three plan attributes. With a larger stand-

                                                 
5 Average premium refers to the average plan premium in each market across years calculated based on CMS 
plan level data. Household income comes from the HRS data. 
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alone PDP variety, beneficiaries are likely to find PDPs that match their specific needs and preferences 

in terms of drug coverage, cost-sharing, and pharmacy networks. This personalized fit can make PDPs 

more attractive than the bundled offerings of MAPD plans, especially if they are satisfied with their 

existing Medicare Part A and B coverage.  

Panel C of Table 6 reports that the coefficient of HHI only decreases by about 7% after the 

introduction of the premium-to-income ratio, the percentage of plans offering a full subsidy, and the 

percentage of enhanced plans into the model of OOP drug expenditures.6 This observation suggests 

that market concentration affects OOP drug expenditures partly through impacting these plan 

attributes. The coefficients of percentage of full subsidy plan and percentage of enhance plans are 

positive and significant. One plausible interpretation is that plans with a full subsidy disproportionately 

attract beneficiaries with a greater need for medical services and encourage their drug use and OOP 

drug expenditures. Further, the enhanced plans typically offering broader drug coverage, including a 

more extensive array of brand-name pharmaceuticals that are priced higher than their generic 

counterparts. Consequently, OOP drug expenditures can be elevated if beneficiaries under enhanced 

plans prefer or require brand-name drugs.  

Together, these results suggest that as HHI increases, it raises OOP drug expenditures through 

various channels. A more concentrated PDP market associates with the lower availability of plans 

offering full subsidies, but a higher availability of enhanced plans. These two changes in plan attributes 

driven by an increased market concentrated promote beneficiaries spending more on drug switching 

to and continuing with the enhanced plans. Further, an increased market concentration has a direct 

effect on OOP drug expenditures as the coefficient of HHI remain significant after including those 

three plan attributes. As the market becomes more concentrated, insurers may deteriorate their PDPs 

                                                 
6 The results for first part and second part of  TPM for OOP are displayed in Appendix Table A3. 
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in terms of drug coverage and cost-sharing, which may heighten their enrollees’ OOP drug 

expenditures.  

 

6. Conclusion 

This study investigates the impacts of industry consolidation in the Medicare Part D stand-alone 

PDP market, focusing on its effects on beneficiaries' program enrollment and OOP drug expenditures. 

Our findings based on plan-level data from the CMS and individual-level data from the HRS indicate 

that reduced PDP variety leads to a lower PDP enrollment and a higher MAPD enrollment, while 

increased market concentration increases OOP drug expenditures among beneficiaries. Our results 

are robust to the inclusion of individual FEs, the potential confounding impacts of insurer entry and 

exit, and the use of an alternative identification strategy that based on duplicated PDP plans and 

nationwide M&As as a quasi-experimental design. Additionally, the study reveals that younger, more 

educated, white and healthier individuals are more responsive to PDP variety to switch away from 

MAPD plan to stand-alone PDPs and are more responsive to elevated market concentration to 

increase OOP drug expenditures. Finally, our results elucidate that industry consolidation in terms of 

PDP variety and market concentration not only affect beneficiaries' program enrollment and OOP 

drug expenditures directly but also through impacting plan attributes.  

Our study highlights the policy implications that industry consolidation in the Medicare Part D 

market may hinder program enrollment and heighten drug expenditures. Importantly, the benefits 

delivered by Medicare Part D are partially counterbalanced by the ramifications of industry 

consolidation. While extant literature posits that plan consolidation in the Medicare Part D market 

might facilitate improved decision-making among consumers, our results underscore a critical policy 

consideration. Policymakers need to navigate a balance between the potential benefits of enhanced 

decision-making and the drawbacks of reduced enrollment of Part D program and increased financial 
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burdens imposed on beneficiaries. This insight is pivotal for informing policy aimed at optimizing the 

evolving Medicare Part D market.  
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Figure 1: Trends in number of PDPs and number of insurers offering PDPs  

 

 

 

Source: CMS landscape files; CMS Monthly Enrollment by Plan files 
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Figure 2: Benefit structure of Medicare Part D as of 2017 

 

 

Notes: We show the benefit structure of Medicare Part D as of 2017. At this time, beneficiaries still needed to pay 

additional copayments within the donut hole; thus, we can see that the bottom line has a higher slope. After 2017, the 

slope flattens out due to the Affordable Care Act’s closing of the donut hole. Source: https://q1medicare.com/PartD-

The-2017-Medicare-Part-D-Outlook.php.  
 
 
 

Figure 3: Market shares of top insurers in 2007 and 2019 

  

Source: CMS landscape files 
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Figure 4: Trends in NPl and HHI 

 

 

Source: CMS landscape files; CMS Monthly Enrollment by Plan files 
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Figure 5: Distributions of NPlan and HHI 

 

 

 
Source: CMS landscape files; CMS Monthly Enrollment by Plan files 
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Table 1: Descriptive statistics (measured at the individual level) 

 Mean SD N 
Panel A: Outcomes    
Enrolled in PDP 0.32 0.47 42,741 
Enrolled in MAPD 0.28 0.45 42,741 
OOP (including zeros) 51.9 112 42,741 
Panel B: Competitive Measures    
NPlan 0.42 0.60 42,741 
HHI 1826.2 417.6 42,741 
ΔSimHHI 43.4 95.0 42,741 
Duplicate 0.04 0.05 42,741 
Monthly Premium 50.8 7.17 42,741 
Premium-to-Income Ratio 0.04 1.03 42,741 
Full Subsidy 0.26 0.09 42,741 
Enhanced Plan 0.51 0.03 42,741 
Panel C: Individual Characteristics    
Age 75-84 0.40 0.49 42,741 
Age 85-94  0.13 0.34 42,741 
Age 94+  0.01 0.10 42,741 
Male 0.43 0.49 42,741 
Married 0.58 0.49 42,741 
White 0.85 0.36 42,741 
Black 0.12 0.32 42,741 
High School Graduation 0.35 0.48 42,741 
College Degree 0.33 0.47 42,741 
Graduate Degree 0.13 0.33 42,741 
Household Income 20K-35K 0.24 0.43 42,741 
Household Income 35K-65K 0.28 0.45 42,741 
Household Income 65K+ 0.27 0.44 42,741 
High Blood Pressure 0.68 0.47 42,741 
Diabetes 0.25 0.43 42,741 
Cancer 0.21 0.41 42,741 
Heart  0.32 0.46 42,741 
Stroke  0.09 0.28 42,741 
Arthritis 0.69 0.46 42,741 
Lung 0.11 0.31 42,741 
Heath Rating - Excellent 0.08 0.27 42,741 
Heath Rating – Very Good 0.31 0.46 42,741 
Heath Rating – Good 0.36 0.48 42,741 
Heath Rating – Fair 0.19 0.39 42,741 
Heath Rating – Poor 0.006 0.24 42,741 

Notes: The sample includes 2007-2019 data from the 2006-2018 HRS waves. The unit of observation is an individual-year 
combination. All even years contribute 90% of observations (i.e. each even year contributes about 15% of observations), 
whereas all odd years contribute the remaining 10% of observations. 
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Table 2: Main results 

 Enrolled in 
PDP  

Enrolled in 
MAPD 

 

Any OOP OOP in dollars OOP in dollars 

 LPM LPM TPM 
1st Part Probit 

TPM 
2nd Part GLM 

Combined TPM, 
Marginal Effects 

 (1) (2) (3) (4) (5) 

NPlan 0.042***          -0.030*** -0.045 0.043 1.331 

 (0.014) (0.010) (0.046) (0.069) (3.728) 

HHI -0.014 0.017 0.176 0.759** 43.169** 

 (0.051) (0.037) (0.196) (0.376) (20.102) 

N. Observations 42,741 42,741 42,741 30,757 42,741 

Individual-level control var. Yes Yes Yes Yes Yes 

State FEs Yes Yes Yes Yes Yes 

Year FEs Yes Yes Yes Yes Yes 

Region-specific time trend Yes Yes Yes Yes Yes 
Notes: The sample period covers 2007-2019. The unit of observation is an individual-year combination. HHI is rescaled 
(divided by 1,000) to lie between 0 and 4. NPlan indicates the total number of PDPs per 10,000 senior residents in a 
market. The individual-level control variables are listed in Panel C of Table 1. Columns 3-5 show the results of the two-
part model of OOP. Robust standard errors in parentheses. Significance *p<10%; **p<5%; ***p<1%. 
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Table 3: Quasi-experiment using nationwide mergers 

Panel A: 1st stage estimates of merger effects on plans offered and HHI 
 

Dependent Variable:  
 

NPlan 
 

HHI 
 

 (1) (2) 
Duplicate 5.295***  
 (0.169)  
ΔSimHHI  0.212*** 
  (0.049) 
Individual-level control variables Yes Yes 
State FEs Yes Yes 
Year FEs Yes Yes 
Region-specific time trend Yes Yes 
F Stat 574.39 45.4 
Observations 42,741 42,741 

 

Panel B: 2nd stage control function estimation 

 
Enrolled in 

PDP 
Enrolled in 

MAPD  
Any OOP OOP in 

dollars 
OOP in 
dollars 

 
LPM LPM TPM 

1st Part Probit 
TPM 

2nd Part GLM 

Combined 
TPM, 

Marginal 
Effects 

 (1) (2) (4) (5) (3) 
Predicted NPlan 0.055*** -0.045*** -0.114 0.194** 7.824 
 (0.021) (0.014) (0.075) (0.089) (4.908) 
Predicted HHI -0.560 0.356 -0.446 1.194 53.247 
 (1.578) (1.478) (5.950) (6.357) (352.808) 
First-stage residuals Yes Yes Yes Yes Yes 
Ind.-level control variables Yes Yes Yes Yes Yes 
State FEs Yes Yes Yes Yes Yes 
Year FEs Yes Yes Yes Yes Yes 
Region-specific time trend Yes Yes Yes Yes Yes 
N. Observations 42,741 42,741 42,741 30,757 42,741 

Notes: The unit of observation is an individual-year combination. Robust standard errors in parentheses. Significance 
*p<10%; **p<5%; ***p<1%. Panel A: HHI and ∆SimHHI are rescaled (divided by 1,000) to lie between 0 and 4. Panel 
B: The residuals from first stage, i.e. Column 1 and 2 in Panel A, are included in the second-stage model. The individual-
level control variables are listed in Panel C of Table 1. Column 3-5 show the results of two-part model of OOP. 
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Table 4: Sub-sample analyses 

 PDP 
Enrollment 

MAPD 
Enrollment Any OOP OOP in 

dollars OOP in dollars 

 LPM LPM TPM 
1st Part Probit 

TPM 
2nd Part GLM 

Combined TPM, 
Marginal Effects 

 (1) (2) (4) (5) (3) 
Panel A: Age      
Under 75      
NPlan 0.064*** -0.048*** -0.032 -0.011 -1.090 
 (0.023) (0.016) (0.074) (0.077) (4.004) 
HHI -0.066            -0.012 -0.049 1.022** 49.256** 
 (0.074) (0.058) (0.282) (0.494) (24.941) 
75 and above      
NPlan 0.045** -0.018 -0.075 0.049 1.051 
 (0.021) (0.013) (0.062) (0.073) (4.200) 
HHI 0.103            0.024 0.421 0.167 18.224 
 (0.075) (0.054) (0.290) (0.292) (17.120) 
Panel B: Education 
Less or Equal to High School 

     

NPlan 0.034* -0.025** -0.019 -0.067 -3.882 
 (0.018)          (0.012) (0.059) (0.060) (3.369) 
HHI -0.104           0.053 0.258 0.242 18.069 
 (0.071) (0.051) (0.266) (0.248) (14.133) 
College or above      
NPlan 0.053** -0.035** -0.107 0.228* 9.815 
 (0.025)          (0.016) (0.075) (0.127) (6.776) 
HHI 0.103            -0.036 0.157 1.005** 55.327** 
 (0.075)          (0.056) (0.302) (0.475) (25.529) 
Panel C: Race 
Black 

     

NPlan 0.011 -0.035 -0.265 0.115 -0.349 
 (0.131)          (0.058) (0.195) (0.179) (9.838) 
HHI -0.387            0.169 0.250 0.073 9.241 
 (0.590)          (0.458) (1.594) (1.384) (76.938) 
White      
NPlan 0.042*** -0.029*** -0.037 0.058 2.347 
 (0.014)          (0.010) (0.049) (0.073) (3.976) 
HHI 0.006            0.007 0.106 0.701* 39.295* 
 (0.052)          (0.037) (0.203) (0.382) (20.764) 
Panel D: Chronic diseases 
Less than 3 

     

NPlan 0.061*** -0.048*** -0.033 0.036 0.801 
 (0.018)          (0.013) (0.061) (0.085) (3.410) 
HHI 0.015            0.080* 0.067 0.855* 33.843* 
 (0.066)          (0.048) (0.242) (0.503) (19.791) 
3 or more      
NPlan 0.025 -0.006 -0.013 0.038 2.367            
 (0.022)    (0.016) (0.079) (0.070) (5.221)          
HHI -0.079    -0.091 0.283 0.289 26.689 
 (0.085)    (0.063) (0.363) (0.259) (19.891) 
Individual Control Variables Yes Yes Yes Yes Yes 
State FEs + Year FEs Yes Yes Yes Yes Yes 
Region-specific Time Trend Yes Yes Yes Yes Yes 

Note: Each panel represents two separate regressions for two sub-samples. The unit of observation is an individual-year 
combination. HHI is rescaled (divided by 1,000) to lie between 0 and 4. The individual-level control variables are listed in 
Panel C of Table 1. Robust standard errors in parentheses. Significance *p<10%; **p<5%; ***p<1%. 
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Table 5: Market-level regression of plan attributes 

 
Log (Average Monthly 

Premium)  
Percentage full subsidy 

plans 
Percentage enhanced 

plans 
 (1) (2) (3) 
NPlan  0.017*** 0.021** 0.008*** 
 (0.006) (0.010) (0.001) 
HHI 0.017** -0.091*** 0.009** 

 (0.008) (0.021) (0.004) 
State FE Yes Yes Yes 
Year FE Yes Yes Yes 
Observations 560 560 560 

Note: The sample period covers 2007-2019. The unit of observation is a market-year combination. HHI is rescaled (divided 
by 1,000) to lie between 0 and 4. Robust standard errors in parentheses. Significance *p<10%; **p<5%; ***p<1%. 
 

 

  



41 
 

Table 6: Potential channels 

Panel A: Enrolled in PDP (1) (2) (3) (4) (5) 

NPlan 0.042*** 0.042*** 0.042*** 0.042*** 0.042*** 

 (0.014)          (0.014)          (0.014)          (0.014)          (0.014)          

HHI -0.014            -0.014            -0.014                     -0.014            -0.014            

 (0.051)          (0.051)          (0.051)          (0.051)          (0.051)          

Premium-to-Income Ratio  0.006***                                             0.006*** 

  (0.002)   (0.002) 

Percentage of Full Subsidy   -0.034                             0.105** 

   (0.031)  (0.046) 

Percentage of Enhanced Plan    0.055 0.230* 

    (0.052) (0.125) 

Panel B: Enrolled in MAPD       

NPlan -0.030*** -0.030*** -0.030*** -0.030*** -0.030*** 

 (0.010) (0.010) (0.010) (0.010) (0.010) 

HHI 0.017 0.017 0.017 0.017 0.017 

 (0.037) (0.037) (0.037) (0.037) (0.037) 

Premium-to-Income Ratio  -0.002**   -0.002** 

  (0.001)   (0.001) 

Percentage of Full Subsidy   0.031**  -0.035 

   (0.015)  (0.031) 

Percentage of Enhanced Plan    -0.051** -0.108* 

    (0.026) (0.064) 

Panel C: OOP in dollars      

NPlan 1.331 1.326 1.331 1.331 1.224 

 (3.728) (3.728) (3.728) (3.728) (3.747) 

HHI 43.169** 43.179** 43.169** 43.169** 40.110** 

 (20.102) (20.103) (20.102) (20.102) (20.210) 

Premium-to-Income Ratio  -0.540   -0.538 

  (0.575)   (0.575) 

Percentage of Full Subsidy   -13.965*  16.754*** 

   (7.721)  (6.295) 

Percentage of Enhanced Plan    23.098* 49.826*** 

    (12.770) (11.130) 

Individual Control variables Yes Yes Yes Yes Yes 
State FE Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes 
Region-specific Time Trend Yes Yes Yes Yes Yes 

Observations 42,741 42,741 42,741 42,741 42,741 
Notes: This table reports the results of Equation 1. The unit of observation is an individual-year combination. HHI is 
rescaled (divided by 1,000) to lie between 0 and 4. The individual-level control variables are listed in Panel C of Table 1. 
Robust standard errors in parentheses. Significance *p<10%; **p<5%; ***p<1%.  
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Appendix 
 

Figure A1: Questions about Part D participation in HRS survey 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Notes: Our analytic samples excludes dual eligibles (Medicare plus Medicaid beneficiaries). 
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Figure A2: Nationwide mergers, 2007-2019 

Target Acquirer 
Effective 
Year 

Longs Drug Stores Corporation CVS Caremark Corporation 2008 

Member Health, Inc. Universal American Corp. 2008 

Sierra Health Services, Inc UnitedHealth Group, Inc. 2008 

Health Net-US Northeast UnitedHealth Group, Inc. 2009 

Universal American Corp. CVS Caremark Corporation 2011 

Windsor Health Group 
Munich American Holding 

Corporation 2011 

Bravo Health, Inc. HealthSpring, Inc. 2011 

Health Net, Inc. CVS Caremark Corporation 2012 

HealthSpring, Inc. CIGNA 2012 

Coventry Health Care Inc. Aetna Inc. 2013 

Aetna Inc. CVS Health Corporation 2019 

Express Scripts Holding Company CIGNA 2019 
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Table A1: Main results with individual FEs  

 PDP 
Enrollment 

MAPD 
Enrollment Any OOP OOP in 

dollars 
OOP in 
dollars 

 LPM LPM 
TPM 

1st Part 
Probit 

TPM 
2nd Part 
GLM 

Combined 
TPM, 

Marginal 
Effects 

 (1) (2) (3) (4) (5) 
NPlan 0.041***          -0.033*** -0.044 0.019 0.091 
 (0.016) (0.011) (0.046) (0.054) (2.956) 
HHI -0.022 0.012 0.225 0.516** 31.419** 
 (0.053) (0.038) (0.197) (0.253) (13.813) 
N. Observations 42,741 41,741 41,741 30,757 42,741 
Individual-level Control Variables Yes Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes Yes 
State FEs Yes Yes Yes Yes Yes 
Year FEs Yes Yes Yes Yes Yes 
Region-specific Time Trend Yes Yes Yes Yes Yes 

Notes: The sample period covers 2007-2019. The unit of observation is an individual-year combination. HHI is rescaled 
(divided by 1,000) to lie between 0 and 4. The individual-level time-varying control variables are marital status, age, income, 
chronic health conditions, and overall health rating. Column 3 show the results of two-part model of OOP. Robust 
standard errors in parentheses. Significance *p<10%; **p<5%; ***p<1%. 
 
 

Table A2: Main results excluding states having substantial entries & exits of insurers not 
due to nationwide M&A 

 Enrolled in 
PDP 

Enrolled in 
MAPD 

 

Any OOP OOP in 
dollars OOP in dollars 

 LPM LPM 
TPM 

1st Part 
Probit 

TPM 
2nd Part 
GLM 

Combined 
TPM, 

Marginal 
Effects 

 (1) (2) (3) (4) (5) 

NPlan 0.049***          -0.040*** -0.055 0.020 -0.098 

 (0.017) (0.013) (0.057) (0.073) (3.933) 

HHI 0.015 0.036 0.020 0.844** 43.730** 

 (0.059) (0.046) (0.229) (0.432) (22.775) 

N. Observations 24,212 24,212 24,212 17,349 24,212 

Individual-level Control Var. Yes Yes Yes Yes Yes 

State FEs Yes Yes Yes Yes Yes 

Year FEs Yes Yes Yes Yes Yes 

Region-specific Time Trend Yes Yes Yes Yes Yes 
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Notes: The sample period covers 2007-2019. The unit of observation is an individual-year combination. HHI is rescaled 
(divided by 1,000) to lie between 0 and 4. NPlan indicates the total number of PDPs per 10,000 senior residents in a 
market. The individual-level control variables are listed in Panel C of Table 1. Column 3-5 show the results of the two-
part model of OOP. See Section 5.2.2 for the details of sample selection. Robust standard errors in parentheses. 
Significance *p<10%; **p<5%; ***p<1%. 
 

Table A3: Potential channels  

 

TPM 
(1st Part 
Probit) 

TPM 
(2nd Part 
GLM) 

Combined 
TPM, 

Marginal 
Effects 

 TPM 
(1st Part 
Probit) 

TPM 
(2nd Part 
GLM) 

Combined 
TPM, 

Marginal 
Effects 

 (1)  (2) 
NPlan -0.045 0.043 1.331  -0.045 0.041 1.224 
 (0.046) (0.069) (3.728)  (0.046) (0.070) (3.747) 
HHI 0.176 0.759** 43.169**  0.176 0.701* 40.110** 
 (0.196) (0.376) (20.102)  (0.196) (0.379) (20.210) 
Premium-to-Income Ratio     -0.010 -0.007 -0.538 

     (0.004) (0.011) (0.575) 
Percentage of Full Subsidy     -0.387* 0.471*** 16.754*** 
     (0.224) (0.084) (6.295) 
Percentage of Enhanced Plan     -0.866* 1.292*** 49.826*** 

     (0.481) (0.103) (11.130) 
Individual control variables Yes Yes Yes  Yes Yes Yes 
State FE Yes Yes Yes  Yes Yes Yes 
Year FE Yes Yes Yes  Yes Yes Yes 
Region-specific time trend Yes Yes Yes  Yes Yes Yes 
Observations 42,741 30,757 42,741  42,741 30,757 42,741 
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