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Abstract

I study the industrial organization of public health insurance markets with competition

of insurance companies, focusing on the context of the Medicare Part D program.

In the first chapter, I study how the the relations between insurance companies

and pharmacy benefits managers a↵ect the formulary design of Medicare Part D

prescription drug plans. I construct an original data set of the contractual relations

between pharmacy benefits managers and insurers, and find that plans that work with

larger pharmacy benefits managers do not seem to have better coverage. Formularies

are the most similar for plans o↵ered by the same insurers, which suggests that

formulary design might be conducted at the insurer level.

In the second chapter, I study whether beneficiaries in the Medicare Part D

program are confused about the multiplicity and similarity of plans o↵ered when

they make decisions about program enrollment and plan selection, and whether the

meaningful di↵erence requirement helps beneficiaries improve their results. I use the

1% random sample of Medicare Part D enrollment and claims data from 2006 to 2013

to construct measures of beneficiaries’ quality of choice, and find that their choices

of prescription drug plans only improve minimally when there are fewer plans and

when the plans are more di↵erentiated. However, new beneficiaries are less likely to

participate in the program when are fewer available plans, and recurring beneficiaries

are less likely to switch plans.

In the third chapter, I study how Medicare beneficiaries’ incomplete search of

prescription drug plans a↵ects their plan choice and spendings, and evaluate policy

interventions that might help beneficiaries choose better plans at lower costs. I

estimate the incomplete search model of beneficiaries using the 20% random sample of

Medicare Part D data as well as insurance companies’ advertising spending data. My
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estimates suggest that beneficiaries are more elastic to plan premium than previous

estimates, and they are more likely to consider plans o↵ered by insurers with higher

amount of advertising spending. Applying my model and estimates to the analysis of

counterfactual policies, I find that suggesting the lowest-cost insurer to beneficiaries

would increase their overall spendings, while nudging beneficiaries to consider all

insurers could help them and Medicare achieve moderate savings.
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Chapter 1

Introduction

In most developed countries, the government directly provides healthcare services

and goods or heavily regulates the related markets. In the United States, however,

many healthcare markets are run by private providers, insurance companies, and

manufacturers. Competition is central to healthcare services provision, but the full

functioning of the healthcare system, as well as the cost and quality of healthcare

services, depends heavily on how markets are organized, how consumers make decisions,

and how providers operate.

The Medicare Part D program has established a health insurance marketplace

for Medicare stand-alone prescription drug plans and Medicare Advantage plans

with prescription drug benefits. Insurance companies directly compete with each

other in selling their plans to Medicare beneficiaries at subsidized premium, and

provide coverage of the subsequent prescription drug uses for their enrollees, under

the regulation of the the Center for the Medicare and Medicaid Services (CMS).

In my dissertation, I study the industrial organization of public health insurance

markets in the context of the Medicare Part D program to understand the impact of

competition among pharmacy benefit managers and health insurance companies on

Medicare beneficiaries. I answer the following questions in my research: 1) how the

the relations between insurance companies and pharmacy benefits managers a↵ect the

formulary design of Medicare Part D prescription drug plans; 2) whether beneficiaries

are confused about the multiplicity and similarity of plans o↵ered, and whether the

meaningful di↵erence requirement helps beneficiaries improve their results; 3) how

xii



Medicare beneficiaries’ incomplete search of prescription drug plans a↵ects their plan

choice and spendings; and 4) how policy interventions might help beneficiaries choose

better plans at lower costs.
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Chapter 2

Pharmacy Benefit Managers in the

Medicare Part D Program

2.1 Introduction

High prescription drug costs have been a major concern of patients and health care

policymakers in the United States1. Patients in the United States tend to pay higher

prices for the same drugs than their counterparts in most other developed countries2.

Pharmacy benefit managers (PBM), who negotiate drug prices with pharmaceutical

companies on behalf of payers, are blamed for driving the high and rising drug prices3.

Instead of channelling the drug price discounts from pharmaceutical companies to

payers and patients, PBM’s are accused of pocketing the rebates while leaving the

payers and patients with high prescription drug costs. However, there has been little

evidence of such undermining behaviors of the PBM’s in the existing body of research.

The terms of contracts between PBM’s and payers, as well as the details of the

negotiation between PBM’s and pharmaceutical companies, are highly complicated

and usually confidential. Even the relations between payers and PBM’s are murky –

little is known about which PBM’s work with which insurance companies. Meanwhile,

the industry has kept their business activities and finances discreetly, referring them

to be their trade secret and their key source of bargaining power, making it more

1
https://www.nytimes.com/2018/12/16/us/politics/trump-drug-pricing.html

2
https://www.scientificamerican.com/article/how-the-u-s-pays-3-times-more-for-
drugs/

3
http://fortune.com/2018/08/28/express-scripts-pbm-drug-prices/

1

https://www.nytimes.com/2018/12/16/us/politics/trump-drug-pricing.html
https://www.scientificamerican.com/article/how-the-u-s-pays-3-times-more-for-drugs/
https://www.scientificamerican.com/article/how-the-u-s-pays-3-times-more-for-drugs/
http://fortune.com/2018/08/28/express-scripts-pbm-drug-prices/


di�cult for outsiders to know how they work.

Two trends emphasize the importance and urgency of understanding of how PBM’s

work. On the one hand, both the federal and state governments are increasingly part-

nering with private insurance companies to provide health insurance to beneficiaries

in di↵erent public health care programs (e.g. Medicare, Medicaid, ACA programs).

Insurance companies largely work with PBM’s to determine their drug benefits, or

operate their own PBM’s that manage drug benefits for themselves and other entities.

Some PBM’s also directly participate in these programs by o↵ering prescription drug

insurance plans. On the other hand, there have been major consolidations in both the

insurance and PBM markets that changes the competitive landscape for prescription

drug coverage. The two trends combined could have important implications for spend-

ing on prescription drugs, as well as making both public health policy and antitrust

policies, which could have direct impact on the lives of millions of beneficiaries.

The complexity and opacity of the PBM businesses makes It it hard for regulators

and the public to closely study the market. As far as I am concerned, the finest

public data on the drug rebates are the drug class aggregates in the Medicare Part D

program since 20144. Though insurance companies participating in the Medicare Part

D program are required to submit the total rebates they get from pharmaceutical

companies for Medicare reimbursement purposes, the data are highly confidential

and impossible to access. In the past, researchers have tried to model the bargaining

process between insurance companies and pharmaceutical companies, and estimate

the drug rebates in insurance markets from the Medicare Part D program (Hong2014)

and to commercial ones (?). However, the existing work treats insurers as separate

entities in the bargaining process with pharmaceutical companies, while in reality

4
https://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-
Reports/Information-on-Prescription-Drugs/PartD Rebates.html

2

https://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-Reports/Information-on-Prescription-Drugs/PartD_Rebates.html
https://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-Reports/Information-on-Prescription-Drugs/PartD_Rebates.html


most of them they might be represented by a few PBM’s. They also focus on the

negotiation of drug prices and tier placement for drugs in one particular class, while

in reality bargaining could happen simultaneously for multiple drug classes, as the

pharmaceutical firms might try to have a portfolio of drugs included in any formulary.

In this paper, I document the relations between PBM’s and major health insurance

companies o↵ering prescription drug insurance in the Medicare Part D program. The

identification of such relations is essential for further discussion and investigation. By

searching corporate news, financial filings, industry reports, etc., I have identified the

PBM’s for 90% of all the insurers that sell stand-alone prescription drug plans in

the Medicare Part D program by between 2007 and 2013, which cover 97% of all the

participating Medicare beneficiaries.

I leverage the identified relations to understand how they a↵ects the design of plan

formularies and the drug utilization of beneficiaries. Overall, the plan formularies

cover fewer and fewer drugs and drug classes between 2007 and 2013, though the

number of pharmaceutical companies whose drugs are on the formularies remain

stable. For the drugs and classes that are covered, an increasing percentage of them

have preferred status. Though, the set of drugs that beneficiaries actually fill increase

steadily. And most of the filled prescription drugs are on the formulary.

By studying the correlation between the enrollment of PBM’s, insurers, and plans,

I find that the size of plans’ PBM’s does not seems to a↵ect the overall formulary

extensiveness or the percentage of drugs with preferred status on the formulary. PBM’s

might still benefit their insurer clients and covered beneficiaries by lowering costs and

managing drug utilization better, though they do not o↵er more generous formulary.

And the exact mechanism of what service they actually provide and how they do it

warrants closer investigation and further studies.

I also compare formularies of plans and construct a measure of the similarity

3



between any two plans. By comparing the formularies of all pairs of plans in one state,

I find that plans that are o↵ered by the same insurer cover 74% overlapping drugs,

while plans o↵ered by di↵erent insurers only cover 63% drugs in common. There is

also slightly more similarity between the same insurers’ plans in the same market

than in di↵erent markets. Plans that work with the same PBM are also slightly more

similar than those with di↵erent PBM’s. In the future research, I will look into specific

drug classes to understand how coverage varies, and to look into any correlation of

coverage for several drug classes and for drugs made by di↵erent insurance companies.

2.1.1 Literature

While the literature on the Medicare Part D is vast, there is relatively little work

that study the formulary and plan design in the Medicare Part D program. Einav

et al. (2018) find that plans set higher patient cost-sharing for drugs with more elastic

demand. Carey (2016) finds that benefits for drugs that treat more profitable diseases

are more generous in the Medicare Part D plans. Lavetti and Simon (2018) and Starc

and Town (2018) find that integrated health plans have more generous prescription

drug benefits than stand-alone prescription drug plans. However, these papers do not

study the role of PBM in formulary design.

Due to data limitation, there are few studies on the functioning of PBM in the

drug negotiation process. The job market papers by Hong (2014) and Feng (2019)

model the bargaining process between insurers and drug manufacturers within a drug

class, and estimate the bargaining parameters as well as drug rebates. In both papers,

the researchers treat the insurance plans or companies as separate entities in the

bargaining process. By studying the correlation between formulary size and enrollment

at various levels (plans, insurers, PBM’s), I provide evidence that bargaining with

4



pharmaceutical companies might be carried out at the insurer level.

The paper by Chorniy et al. (2018) studies the e↵ect of insurer consolidation on

plan premium, drug access, and drug prices. They find that mergers between insurers

increase formulary size, reduce access restriction, and lower drug prices. In the future

research, I will add the variable of PBM change to the existing analyses and study

the level at which the above changes happen.

2.2 Pharmacy Benefit Managers (PBM) in the Medi-

care Part D Program

Medicare Part D is the federal public insurance program that provides prescription

drug insurances to senior and disabled residents in the United States. Instead of

directly providing coverage, the Center for the Medicare and Medicaid Services (CMS)

encourages private insurance companies to o↵er prescription drug insurance plans

to beneficiaries. The CMS, in turn, provides premium subsidies to beneficiaries,

share part of the risks with beneficiaries and insurers, and oversees the program by

scrutinizing plan design and implementation.

Pharmacy benefit managers are heavily involved in the Medicare Part D program

by directly selling prescription drug plans, working with other participating insurance

companies in formulary design, managing claims and prescription drug records for

insurers, or conducting some combination of the above functions. For example, CVS

Caremark and Express Scripts, which are two leading pharmacy benefit managers, have

their own stand-alone prescription drug plans. CVS Caremark also has contracted with

Aetna for claims management. Some other insurance companies have had contracts

with CVS Caremark, who help them design their formularies.

5



Some insurers have their in-house PBM’s to fulfill functions of pharmacy benefit

management, instead of outsourcing to other PBM’s. For example, United Healthcare

has its own PBM called OptumRx. Several Blue Cross Blue Shield organizations co-

own Prime Therapeutics, a PBM that serves its parent organizations. Though, these

in-house PBM’s not only serve their parent insurance companies but also potentially

their competitors. The relations between insurers and PBM’s are intricate with various

di↵erent vertical and horizontal structures.

It is also unclear which insurers contract with which PBM’s to carry out what

functions. Insurance companies usually do not publish their contractual relationship

with PBM’s, nor do PBM’s publish their list of clients all the time. In the cases

where contractual relations between certain insurers and PBM’s are identified, we

might not know what the PBM’s would do for the insurers. It would be di↵erent if a

PBM merely manages the claims for an insurer than if it represents the insurer in

bargaining with pharmaceutical companies for drug costs and formulary placement.

In order to uncover the PBM-insurer relations, I primarily collect the data from

corporate news and announcements, as well as the financial filings of public PBM’s and

insurers from 2007 to 2013. In some years, some insurance companies and pharmacy

benefit managers have announced or disclosed their newly formed relationship with

major partners, along with changes in their relationship with existing partners,

which helps me identify the relations between those insurers and PBM’s for those

years. Additionally, insurance companies might include their PBM’s in the customer

guidelines, and some pharmacies publish the lists of corresponding PBM’s for patients

with di↵erent insurance plans in order to guide their pharmacists. I use the above

documents to link insurers in the Medicare Part D program with their PBM’s. Unless

the contract terms are specified otherwise, I assume that insurers contract with the

same PBM for all their businesses in all markets. I also assume that PBM’s who

6



o↵er insurance plans and insurance companies who have in-house PBM’s would not

outsource the PBM functions.

By the above method, I have identified the PBM’s for 91% of all the insurers that

have participated in the Medicare Part D program by selling stand-alone prescription

drug plans, which cover more than 97% of all the participating Medicare beneficiaries

covered by such plans. Table 2.1 shows the matching results by year.

Table 2.1: PBM-Insurer Matching

Year Plans
Plans

matched
Enrollment
matched

Plans with
PBM change

Enrollment with
PBM change

2006 1,429 74% 92% - -
2007 1,865 83% 97% 1% 0%
2008 1,824 84% 97% 0% 0%
2009 1,687 98% 98% 14% 8%
2010 1,576 98% 98% 0% 1%
2011 1,109 98% 98% 16% 4%
2012 1,041 97% 98% 6% 0%
2013 1,031 94% 98% 15% 2%

Average 1,445 91% 97% 7% 2%

Note: Column 2 is the total number of Medicare Part D stand-alone prescription drug

plans (PDP). Column 3 shows the percentage of plans that are matched with a pharmacy

benefit manager. Column 4 shows the percentage of beneficiaries who enroll in a PDP that

are matched with some PBM. Column 5 shows the percentage of plans with PBM change

from one year to the next, among the plans that are matched with some PBM. Column 6

shows the percentage of beneficiaries enrolled in plans the above PBM change.

2.2.1 Change of PBM Landscape

Along with the trend of consolidation in the insurance market and hospital systems,

there have been major consolidations in the PBM market. Notably, Express Scripts,

which has been b a leading PBM, bought Medco, another leading PBM, in 2011.

Another leading PBM, CVS Caremark, acquired the Longs Drug Stores Corporation,

which owned the PBM subsidiary, Rx America, in 2010. In 2013, two large PBM’s,

7



SXC Health and Catalyst, merged and renamed the combined entity Catamaran, which

was later acquired by UnitedHealth Group in 2015. As these PBM’s either directly

sell prescription drug insurance plans in the Medicare Part D markets, or contract

with insurance companies that participate in the program, their consolidations could

a↵ect the market structure of the PBM market, which in turn could have implications

for the formulary design of the prescription drug plans, as well as beneficiaries’ costs,

drug access, and health outcomes.

In the meantime, some insurance companies have established their own in-house

PBM’s and switched away from outsourcing PBM services. For example, one of

the largest insurers, UnitedHealth, founded its own PBM, OptumRx, in 2011 and

discontinued its PBM contract with Medco in 2013. Between 2007 and 2013, more Blue

Cross Blue Shield organizations have joined the co-ownership of Prime Therapeutics,

which has served its parent organizations exclusively.

From the PBM-insurer matching results, 7% of all plans have experienced some

PBM change from one year to the next, which a↵ects 2% of the beneficiaries. It is

unclear how formulary design and beneficiaries’ outcomes are a↵ected by the changes

of PBM landscape and the changes in PBM-insurer relations. On the one hand, the

consolidations might increase the market powers of the insurers and PBM’s, which

could help them lower drug prices or o↵er more generous formularies for beneficiaries.

On the other hand, larger PBM’s with more marker power could charge higher fees

and retain more rebates, without necessarily benefiting patients.

2.3 Data

The Center for Medicare and Medicaid Services keeps records of the formularies of

Medicare Part D plans and makes them available for research. I reconstruct the plan
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formularies primarily using public use files of Part D formulary from 2006 to 2009,

as well as the formulary data from 2010 to 2013. I supplement the data with the

Part D Drug Events Files with 20% random sample of Part D beneficiaries, which

contains their complete prescription drug claims. The Medicare Beneficiary Summary

Files (MBSF) have information on the plans beneficiaries enroll in, and the Plan

Characteristic Files contain the basic plan characteristics as well as the di↵erent

costs and cost-sharing forms (copayment or coinsurance) of di↵erent drug tiers. The

resulting formulary of the plans as the union of the basic formulary from the data and

the list of drugs that beneficiaries in the plan have filed claims for. The tier placement

and cost information of the drugs also come from the above datasets.

The formularies are detailed at the level of the 11-digit national drug code (NDC).

In the coding system, the first five digits are the labeler code, which identify the

labeler or manufacturer of the drug. The next four digits are the product code, which

specify the acting ingredients of the drug. The last two digits are the package code,

which are the dosage and form of delivery specifications. In this study, I define drugs

at the 9-digit NDC level, which contains the labeler and product codes. Sometimes,

higher doses of the same drug would be excluded from or placed on a higher tier of

the formularies, but in general, the drug placement decisions are more likely to be

made at the product level. I use the lowest drug tier of the drug at 9-digit NDC level

on the formulary as the tier for the drug.

I link the formulary with the USC classification data, which contains information

on the therapeutic classes of drugs. Drugs in the same therapeutic classes are used

to treat the same conditions, and could be considered substitutes. Again, I use the

9-digit NDC level for the matching. There are some cases where di↵erent packages of

the same drug are assigned to di↵erent therapeutic classes. I use the most common

therapeutic class as the class for the drug.
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As long as a drug is on the formulary, I consider it as covered by the plan. Most

plans adopt tier system in their formularies and put prescription drugs on di↵erent

tiers at di↵erent costs to steer patients towards using lower cost drugs. The most

popular tier system includes the following tiers: generic, preferred brand, non-preferred

brand, and specialty drugs. There are also tiers of preferred and non-preferred generic

drugs, as well as brand-name drugs. Following the MedPac report by Hargave, Hoadly,

Summer, and Merrell (2010)5, I categorize drugs into preferred and non-preferred

statuses. I consider a drug as preferred if it is on the generic or preferred brand tiers,

or if it is on the brand tier when there is no distinction between preferred and non-

preferred brand on the formulary. A drug is non-preferred if it is on the non-preferred

brand or the specialty tier. Both the size of the formulary and the percentage of

preferred drugs on the formulary indicate how generous a plan’s formulary is. I

summarize the formulary characteristics in Table 2.2. Generally, the total numbers of

all drugs decreases from more than 20,000 to less than 15,500 from 2007 to 2013. The

total number of drug classes also drops from 445 to 395 in the period. The number of

labelers whose drugs are covered also decreases slightly with fluctuations in between.

There are substantial variations among what drugs and classes are covered by

di↵erent plans and formularies. On average, a plan’s formulary covers 22% of all

drugs and 63% of all drug classes. And an average plan includes drugs from fewer

than half of all labelers. There are also variations in the percentage. The standard

deviation of the percentage of covered drugs is about 30% of the average percentage

between 2007 and 2009, and is about 100% of the average between 2010 and 2013,

suggesting large variations of the formulary sizes. However, the standard deviation of

the percentage of covered classes and labelers is about 10% of the average between

5
Medicare Part D Formularies, 2006–2011: Update to Chartbook. http://67.59.137.244/
documents/Aug11 PartDFormulariesChartbook Updated CONTRACTOR ss.pdf
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Table 2.2: Formulary Summary Statistics

All % Covered % Preferred
Year Drugs Classes Labelers Drugs Classes Labelers Drugs Classes Labelers

2007 20,365 445 317 28% 77% 60% 81% 67% 73%
2008 20,562 436 331 25% 78% 53% 82% 70% 71%
2009 17,939 405 299 28% 82% 59% 81% 68% 70%
2010 17,002 390 313 15% 47% 36% 94% 84% 87%
2011 16,469 396 306 17% 49% 40% 94% 83% 86%
2012 15,849 393 300 20% 52% 44% 93% 81% 84%
2013 15,412 395 299 22% 52% 45% 92% 79% 83%

Average 17,657 409 309 22% 63% 48% 88% 76% 79%

Note: columns 2-4 show the total number of drugs, classes, and labelers covered by all Medicare Part D stand-alone

prescription drug plans (PDP). Columns 5-7 are the unweighted average percentage of drugs, classes, and labelers

covered by any PDP of all the drugs, classes, and labelers in the given years. And columns 8-10 are the unweighted

average percentage of drugs, classes, and labelers that have any preferred drug status on the formulary among all

the covered drugs.

2007 and 2009, and about 30% between 2010 and 2013, which again suggests variations

in the extensiveness of formulary coverage across di↵erent plans.

There is a sharp decline in the percentages of drugs and classes covered from 2009

to 2010. There might be two reasons for the drop. Technically, the source of the

formulary data changes from the public use file to the ResDAC research use file, so

there might be consistency issues with the two datasets. There has been change in

the Medicare Part D formulary regulation in 2010 that requires formularies to cover

“at least two drugs in every drug category and class, as well as most or all drugs in sex

protected classes” to meet the minimum formulary requirement. The decrease in the

percentage of drug classes covered might result from the di↵erent definitions of drug

class under the USC classification from that used by the CMS.

In terms of the preferred status, it seems that more drugs, classes, and labelers

have preferred status after 2010, which could suggest that insurers or PBM’s make the

formularies smaller by excluding non-preferred drugs from the formularies altogether.

It could also suggest that insurers and PBM’s become more strategic when designing

their formularies, choosing certain preferable drugs on their formularies.
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Overall, the correlations between the percentages of covered drugs, classes, and

labelers in the current formulary and those of the same plan in the previous year are

slightly above 0.6. Even among plans that are o↵ered by the same insurer or do not

change PBM’s, the correlations are only around 0.5. There seem to be substantial

changes of plans’ formularies from one year to the next, which could have significant

implications for beneficiaries’ coverage benefits. In the next section, I further study

the correlation between formulary characteristics and the size of enrollment of plans,

insurers, and PBM’s.

Plans might cover more drugs than what beneficiaries are prescribed and actually

fill. I summarize the number of drugs filled by beneficiaries in the sample, as well as

the classes and labelers of these drugs in Table 2.3. I also summarize the drugs filled in

each plan as the percentage of all the drugs, and the percentage of filled prescriptions

that are on the plans’ formularies. Compared with 2.2, the set of drugs beneficiaries

have actually filled are increasing steadily, without breaks in 2010. The coverage

requirement enacted in 2010 might have led plans to re-evaluate their formularies and

therefore remove the drugs that are hardly utilized. At the plan level, beneficiaries

in any particular plan seem to be filling an increasing percentage of all the drugs,

which might alleviate some concern about limiting drug access as the result of PBM

consolidations. The vast majority of drugs that beneficiaries have filled are on the

plans’ formularies.

2.3.1 Market Concentration

One concern about the changing PBM landscape is that the PBM market would

become more concentrated and less competitive. With the identified PBM-insurer

relations, I summarize the Herfindahl-Hirschman Index (HHI) of plans, insurers, and

12



Table 2.3: Drug Utilization Summary Statistics

All % Utilized % Utilized on Formulary
Year Drugs Classes Labelers Drugs Classes Labelers Drugs Classes Labelers

2006 1,998 193 100 9% 41% 30% 92% 87% 85%
2007 1,820 182 96 9% 40% 29% 95% 90% 87%
2008 2,024 192 107 10% 41% 32% 94% 89% 85%
2009 2,208 196 113 11% 44% 34% 95% 91% 89%
2010 2,290 199 118 13% 46% 36% 95% 90% 89%
2011 2,709 213 131 16% 49% 41% 95% 89% 89%
2012 3,046 223 139 18% 52% 43% 95% 89% 89%
2013 3,202 225 142 19% 49% 42% 94% 87% 87%

Average 2,412 203 118 13% 45% 36% 94% 89% 88%

Note: columns 2-4 show the total number of drugs, classes, and labelers used by the 20% random sample of

Medicare Part D stand-alone prescription drug plans (PDP) enrollees in the PDE File. Columns 5-7 are the

average percentages of drugs, classes, and labelers utilized by enrollees in a plan in a given year. And columns

8-10 are the average percentages of utilized drugs, classes, and labelers that are on the plan formularies.

PBM’s in the Medicare Part D program in Table 2.4. Overall, the markets at the

insurer and PBM levels are quite concentrated. At the national level, the PBM

market has HHI over 2,500 in all years in the sample except 2013. The concentration

is even higher at the state level. This could warrant interest from researchers and

policymakers in further studying and understanding the competitive dynamics in the

PBM market. In the next section, I explore the relation between prescription drug

plans’ formulary design and the size of PBM’s, insurers, and plans.

Table 2.4: HHI at Plan, Insurer, and PBM Levels

National State
Year Plan Insurer PBM Plan Insurer PBM

2006 84 2,098 2,624 1,867 3,029 3,444
2007 77 2,008 2,535 1,741 2,918 3,320
2008 81 1,957 2,456 1,780 2,817 3,205
2009 76 1,738 3,288 1,665 2,569 4,004
2010 77 1,739 3,251 1,741 2,563 3,958
2011 99 2,032 2,890 2,238 2,773 3,522
2012 91 1,999 2,906 2,090 2,684 3,475
2013 82 2,064 2,150 1,892 2,674 2,710

Mean 83 1,954 2,763 1,877 2,753 3,455
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2.4 Preliminary Analysis

With the mostly identified relations between PBM’s and insurers and the formulary

data, I study the role of PBM in the formulary design of prescription drug plans. Since

the bargaining power of insurers or PBM’s relies on the number of lives they cover, I

study how formulary characteristics correlate with the number of enrollees at di↵erent

organizational levels. I regress the variables of interest on the total enrollment at the

plan, insurer, and PBM levels in the previous year, controlling for the plans’ basic

characteristics as well as insurer, PBM, and year fixed e↵ects. I instrument last year’s

plan enrollment with last year’s plan characteristics and the number of states where

the plan is available to address endogeneity concerns.

The first set of variables of interest are the percentage of drugs, classes, and labelers

that are on the plans’ formularies. Table 3.7 shows the results of the regressions.

The results show quite high correlation between the plans’ coverage from one year to

the next. However, plans’ coverage does not seem to depend on the the size of the

pharmacy benefit managers, the insurance companies, or the plans. While plans with

gap coverage tend to have more extensive coverage on the formulary, plans’ level of

deductible amount does not seem to correlate with the formulary generosity. Plans

with lower deductibles might o↵set plans’ costs with less generous cost-sharing instead

of formulary extensiveness. Surprisingly, after controlling for insurer fixed e↵ects

and correlation, as well as other basic plan characteristics, plans that have higher

premium tend to have smaller formularies. Larger insurance companies are often able

to o↵er plans with reasonably good coverage at relatively low cost – which might be

one reason behind the negative correlation.

The second set of variables of interest are the percentage of drugs, classes, and

labelers that have preferred status on plans’ formularies. Table 2.6 shows the results.
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Table 2.5: Formulary Coverage and Enrollment

% Formulary Coverage
% IV Regression % OLS Regression

Year Drugs Classes Labelers Drugs Classes Labelers

Lagged % Drugs Covered 0.565*** 0.419***
(0.082) (0.029)

Lagged % Classes Covered 0.529*** 0.412***
(0.068) (0.044)

Lagged % Labelers Covered 0.498*** 0.390***
(0.070) (0.030)

Lagged PBM Enrollment 0.013 0.008 0.005 0.026 0.007 0.004
(0.015) (0.005) (0.006) (0.025) (0.010) (0.012)

Lagged Insurer Enrollment -0.005 0.000 -0.004 -0.032 -0.014 -0.007
(0.029) (0.010) (0.013) (0.036) (0.011) (0.014)

Lagged Plan Enrollment 0.048 0.011 0.028 0.124*** 0.045*** 0.051***
(0.055) (0.017) (0.021) (0.018) (0.008) (0.008)

Plan Premium -0.346*** -0.117*** -0.123*** -0.432*** -0.136*** -0.154***
(0.048) (0.015) (0.018) (0.059) (0.017) (0.021)

Deductible -0.011 -0.005 -0.002 -0.013 -0.005* -0.004
(0.010) (0.003) (0.004) (0.007) (0.003) (0.002)

Gap Coverage 0.254*** 0.092*** 0.108*** 0.362*** 0.125*** 0.149***
(0.057) (0.018) (0.023) (0.038) (0.012) (0.014)

Insuer FE N N N Y Y Y
PBM FE N N N Y Y Y
Year FE Y Y Y Y Y Y

N 7685 7685 7685 7313 7313 7313
adj. R2 0.590 0.641 0.587 0.646 0.682 0.639

The standard errors are clustered at the insurer level. Except for the gap coverage, all variables are taken in log.

On the one hand, higher number of preferred drugs might mean more a↵ordable drug

access for beneficiaries, which improve their welfare. On the other hand, it could be

the result of weaker exclusionary threat made by insurance companies and PBM’s,

which could limit plans’ and beneficiaries’ cost-saving. The latter process is way

more complicated and I refrain from drawing strong conclusions from the results here.

Though, we could still read the results through the beneficiary access point of view.

Similar to the previous results, there exists some serial correlation between the

percentage of drugs, classes, and labelers, though the correlation is not as high as in the

case of formulary extensiveness. This suggests more adjustments and changes happen

to the drug placement on the formularies. Again, enrollment at the PBM, insurer, or
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plan level does not seem to correlate with how many drugs have preferred status on

the formulary. Larger PBM’s and insurers might have other benefits when it comes to

formulary design and utilization management, and the consequent cost-saving. But

they do not seem to provide better coverage in terms of drug access on the formulary.

Table 2.6: Preferred Status and Enrollment

% Drugs with Preferred Status
Year Drugs Classes Labelers Drugs Classes Labelers

Lagged % Drugs Preferred 0.682*** 0.410***
(0.068) (0.027)

Lagged % Classes Preferred 0.347*** 0.231***
(0.065) (0.042)

Lagged % Labelers Preferred 0.506*** 0.276***
(0.037) (0.051)

Lagged PBM Enrollment 0.016 0.011 0.010 0.003 -0.001 -0.019
(0.014) (0.012) (0.008) (0.024) (0.011) (0.022)

Lagged Insurer Enrollment 0.026 -0.008 -0.004 -0.040 -0.002 -0.023
(0.026) (0.016) (0.009) (0.025) (0.014) (0.019)

Lagged Plan Enrollment -0.042 -0.029* -0.015 0.123*** 0.062*** 0.051***
(0.047) (0.013) (0.014) (0.016) (0.007) (0.005)

Plan Premium -0.354*** -0.134*** -0.122*** -0.419*** -0.132*** -0.112***
(0.052) (0.038) (0.027) (0.058) (0.019) (0.026)

Deductible -0.022 -0.006 -0.003 -0.012 -0.005 0.002
(0.012) (0.007) (0.006) (0.007) (0.004) (0.004)

Gap Coverage 0.157*** -0.020 0.026 0.339*** 0.141*** 0.111***
(0.043) (0.029) (0.022) (0.037) (0.017) (0.020)

Insuer FE N N N Y Y Y
PBM FE N N N Y Y Y
Year FE Y Y Y Y Y Y

N 7685 7685 7685 7313 7313 7313
adj. R2 0.484 0.248 0.287 0.610 0.648 0.474

The standard errors are clustered at the insurer level. Except for the gap coverage, all variables are taken in log.

2.5 Formulary Similarity

In order to study how PBM-insurer relations a↵ect the design of plan formularies,

I compare the similarity between formularies of plans o↵ered by the same versus

di↵erent insurers, plans o↵ered by the same insurers in the same versus di↵erent

states, and plans o↵ered by di↵erent insurers with the same versus di↵erent PBM’s. I
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measure the similarity of two plans’ formularies by calculating the average percentage

of shared drugs, classes, and labelers between the plans. For example, let i and j be

two plans. Let Nd
i,j be the number of drugs on both plans’ formularies, Nd

i,�j be the

number of drugs on plan i’s but not plan j’s formulary, and Nd
j,�i be the number of

drugs on plan j’s but not plan i’s formulary. The similarity of the two formularies, is

the following:

sdi,j =
1

2
(

Nd
i,j

Nd
i,�j +Nd

i,j

+
Nd

i,j

Nd
i,j +Nd

j,�i

).

I also construct the similarity measures for drug classes and labelers in the same

way. Since there are more than 1,000 plans in most of the years during my sample

period between 2006 and 2013, there are over a million pairs of plans. I randomly

sample 10,000 plan pairs for the easiness of computation. Table summarizes the

average similarity between plan pairs. Overall, plans that are o↵ered by the same

insurer have higher shares of common drugs, classes, and labelers, especially before

2010. On average, plans of the same insurer have 74% of overlapping drugs, while

plans of di↵erent insurers have 63% of the same drugs. The di↵erences are smaller at

the drug class and labeler levels. After 2010, plans’ formularies become more dissimilar

overall. For example, plans of the same insurer cover 88% overlapping drugs, 98%

classes, and 96% labelers before 2010. The respective shared percentages drop to 56%,

83%, and 81% afterwards. Though this could be attributed to the data discrepancy,

it is also likely that the new coverage requirement from the CMS stimulates plans to

redesign their formularies and to make them more distinctive.

Table 2.8 summarizes the average similarity between plan pairs that are o↵ered

by the same insurers. It seems that two di↵erent plans o↵ered by the same insurer

would have slightly more overlapping drugs, drug classes, and labelers, if they are

o↵ered in the same state, compared to two plans o↵ered in di↵erent states. However,
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Table 2.7: Formulary Similarity Between Plans

Plans of Di↵erent Insurers Plans of the Same Insurer
Year Count Drugs Classes Labelers Count Drugs Classes Labelers

2006 9,365 58% 88% 82% 609 91% 94% 93%
2007 9,523 72% 93% 90% 455 89% 99% 97%
2008 9,516 74% 95% 91% 468 87% 98% 96%
2009 9,420 72% 94% 89% 545 87% 99% 96%
2010 9,385 53% 81% 78% 581 56% 83% 81%
2011 9,369 55% 81% 81% 579 58% 83% 83%
2012 9,328 58% 84% 82% 614 60% 85% 84%
2013 9,271 57% 83% 81% 673 62% 86% 83%

the di↵erences are not significant in most of years. This could suggest that the when

insurance companies design their plans’ formularies, the process might involve some

integration over the multiple states where these companies operate, or at least some

level of coordination among these markets.

Table 2.8: Formulary Similarity Between Plans of the Same Insurers

Plans in Di↵erent States Plans in the Same State
Year Count Drugs Classes Labelers Count Drugs Classes Labelers

2006 1,125 90% 94% 93% 18 89% 94% 94%
2007 892 89% 99% 97% 10 91% 100% 98%
2008 912 88% 98% 96% 24 89% 98% 97%
2009 1,085 87% 99% 96% 18 83% 99% 94%
2010 1,265 57% 84% 82% 15 56% 83% 81%
2011 1,293 60% 85% 84% 10 62% 85% 87%
2012 1,324 61% 86% 85% 22 66% 87% 85%
2013 1,504 63% 86% 84% 23 71% 89% 87%

Table 2.9 summarizes the similarity measure between plan pairs that are o↵ered by

di↵erent insurers. Comparing plan pairs that contract with the same versus di↵erent

PBM’s, plans with the same PBM seem to cover more similar drugs, classes, and

labelers, in years before 2013. Though, the di↵erences are either small or insignificant.

In 2013, plans with di↵erent PBM’s are more similar than those with the same PBM.
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This might suggest certain level of independence between the formulary design of

di↵erent insurance companies contracting with the same PBM. PBM’s might have

designated independent work teams for di↵erent insurance clients. On the one hand,

this might alleviate the concern about the higher concentration in the PBM market

than the insurance market. On the other hand, this could cast additional questions

on the exact bargaining process, as well as the formulary design and management

functions, of these PBM’s. If the plans that use the same PBM’s are not necessarily

more similar, PBM’s might actually deploy more complicated bargaining strategies

with pharmaceutical companies than grouping all their clients and the lives they cover

and leveraging the single beneficiary group in the process.

Table 2.9: Formulary Similarity Between Plans of Di↵erent Insurers

Plans with Di↵erent PBM’s Plans with the Same PBM
Year Count Drugs Classes Labelers Count Drugs Classes Labelers

2006 8,355 57% 88% 82% 1,010 66% 90% 84%
2007 8,700 72% 93% 90% 823 73% 92% 91%
2008 8,610 74% 95% 90% 906 75% 94% 91%
2009 7,758 72% 94% 88% 1,662 75% 95% 91%
2010 8,000 52% 80% 78% 1,385 55% 82% 80%
2011 8,782 55% 81% 81% 587 57% 83% 82%
2012 8,788 58% 84% 82% 540 58% 84% 83%
2013 8,760 58% 83% 81% 511 51% 80% 79%
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Chapter 3

Confusion and the Meaningful Di↵erence

Requirement in Medicare Part D

3.1 Introduction

Unlike in many other developed countries, the US public health care system sometimes

relies on private companies for health insurance coverage. Medicare, Medicaid, and

the A↵ordable Care Act programs all use insurance marketplaces where private

insurance companies directly sell health or prescription drug insurance plans to

program beneficiaries at subsidized rates under government regulation. Participation

of more insurance companies are generally welcome. Competition in the health

insurance market has the potential of providing more options to beneficiaries at

lower costs. Instead of enrolling in the standard, well-defined government program,

beneficiaries who get coverage through marketplaces now need to choose among many

di↵erent options in order to find the right insurance plan for themselves. When the

insurance products are complicated, and there are many available alternatives, it

might be challenging to discern the di↵erent plans and to choose the best one.

Researchers and policymakers have been concerned about beneficiaries’ capacity

to choose the right plans in markets with many options of complicated products. For

example, Iyengar and Kamenica (2010) document that employees are more likely to

choose 401(k) plans with simple structure but not necessarily high performance when

there are more plans available. In the context of health care insurance market, Ericson
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and Starc (2015) find that the mandate to standardize plans in the Massachusetts

health insurance exchange improves beneficiaries welfare. In the Medicare Part D

program, which provides prescription drug coverage for millions of Medicare beneficia-

ries, insurance companies are limited in the number of plans they o↵er in a market,

and they are required to have meaningful di↵erence among the plans they o↵er.

The meaningful di↵erence requirement in the Medicare Part D program aims to

reduce beneficiaries’ confusion about their options and to improve the quality of plan

choice and thus welfare. On the other hand, it restricts beneficiaries’ options and

could have the opposite e↵ect on their welfare. It is unclear how the change in the

choice environment a↵ect beneficiaries’ plan choice and their wellbeing. In this paper,

I use the administrative data of Medicare beneficiaries to study the extent to which

beneficiaries have confusion and choice-overloading problem in the Medicare Part D

program. I also use the Part D participation and prescription drug utilization data

between 2006 and 2013 to study impact of the meaningful di↵erence requirement

on beneficiaries’ plan choice quality. I find that Medicare beneficiaries are 40% less

likely to participate in program and enroll in a stand-alone prescription drug plan

when there are 10 fewer available plans in the market, and they are less likely to

participate when plans are more di↵erentiated. Part D program participants are 40%

less likely to switch plans when there are 10 fewer options, but they are more likely

to switch when plans become more di↵erentiated. Reducing the number of plans and

making them more distinguishable slightly improve the quality of beneficiaries’ plan

choice. Reducing the size of choice set by 10 correspond to an average of $42-$88 less

overspending across all insurers for certain groups of beneficiaries, but it does not

change the probability that beneficiaries overspend. The requirement does not seem

to improve beneficiaries’ plan choice within their own insurer. The results suggest

there is limited amount of beneficiary confusion and choice-overloading from the plan
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multiplicity and similarity, and thus the meaningful di↵erence requirement has little

e↵ect in addressing these problems. Further limiting beneficiaries’ plan choice could

have additional negative e↵ects on beneficiaries’ welfare.

3.1.1 Literature

This paper investigates the role of beneficiary confusion as the hindrance to optimal

plan choice, adding to the long line of research on the Medicare beneficiaries’ behaviors

in the Part D program. Previous studies on Medicare beneficiaries’ plan choice have

identified multiple reasons why beneficiaries choose sub-optimal plans. Abaluck

and Gruber (2011) and Abaluck and Gruber (2016) find that beneficiaries do not

value the risk protection o↵ered by prescription drug plans, and they value plan

characteristics beyond their implication on overall spending. Ketcham et al. (2015)

find that some beneficiaries lack understanding of the basic plan characteristics, which

makes it di�cult for them to properly evaluate the plans and make an optimal choice.

Polyakova (2016), Wu (2016), and Miller and Yeo (2018) estimate high amount of

switching cost for recurring beneficiaries, who are unlikely to switch plans even when

doing so could help them save money or get better coverage. Ho et al. (2017) and

Heiss et al. (2016) argue that, with high search cost, beneficiaries choose to remain

inattentive to their options unless their plans or health conditions change drastically,

and thus switch from their default plans inattentively. In an experiment, Kling et al.

(2012) find beneficiaries have di�culties comparing plans. My paper studies another

potential source of choice sub-optimality.

Di↵erent than previous studies on consumer choice overload, which are mostly

conducted in lab experiments (Iyengar and Kamenica (2010); Tanius et al. (2009);

Hanoch et al. (2009); Bundorf and Szrek (2010), Stults et al. (2016)), this paper
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evaluates the choice problem using administrative data. Using the variation in choice

environment brought by the actual policy change, it o↵ers insights into actual consumer

problems, and allows discussion about the real e↵ects of policies that aim to reduce

choice overload of consumers.

This paper also studies the e↵ect of insurance choice infrastructure on the choice

quality of beneficiaries using data that span the before and after period of the

meaningful di↵erence regulation. It is unlike most studies in the Medicare Part D

context, which use data before 2011 (Ketcham et al. (2019)), during which period

the choice environment has remained rather stable. Using the panel data with longer

time period allows me to make novel observations about beneficiaries’ behaviors when

the choice infrastructure changes starkly.

3.2 Background

3.2.1 Medicare Part D

The Medicare Prescription Drug, Improvement, and Modernization Act, also called

the Medicare Modernization Act or MMA, was enacted in 2003 to expand Medicare

coverage from hospital and physician services to prescription drugs for millions of

Medicare beneficiaries. Medicare Part D, as the product of the MMA, has been in

place since 2006. Instead of directly providing prescription drug coverage, Medicare

encourages private insurance companies to directly o↵er prescription drug insurance

plans, or comprehensive health insurance plan with prescription drug coverage, to

Medicare beneficiaries, in competitive markets. In the meantime, Medicare subsidizes

the premium payment for beneficiaries, as well as share certain amount of costs and

risks with both beneficiaries and insurance companies.
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Most prescription drug insurance plans with the basic amount of coverage have

the following non-linear structure: enrollees are responsible for 100% of the drug costs

before their out-of-pocket costs reach the amount of the plans’ deductible. Afterwards,

they share the costs of their drugs with their plans by paying either a fixed amount of

copay or a certain percentage of coinsurance for their drugs, depending on cost-sharing

terms of their contracts and the formulary tiers of their prescription drugs. Per the

Medicare regulation, the cost-sharing for beneficiaries in should be equivalent to 25%

of the total drug costs. Beneficiaries continue the above cost-sharing scheme until

their total drug costs reach the initial coverage limit. Then they fall into the “donut

hole” where they are responsible for a larger proportion of their prescription drug

costs. In the early years of the program, most beneficiaries pay the full costs for

their prescription drugs in the “donut hole” until their total drug costs exceed the

catastrophic limit. The A↵ordable Care Act passed in 2010 introduces the gradual

schedule to phase out the “donut hole” by 2020, using the combination of brand-name

drug discount and cost-sharing with plans and Medicare. Beyond the catastrophic

limit, beneficiaries pays no more than 5% of any further costs.

Each year, the Center for Medicare and Medicaid Services (CMS), which is the

federal agency that runs Medicare, sets the standard benefit parameters for the

prescription drug plans, including the maximum deductible, initial coverage limit, and

catastrophic limit. the above contract structure for basic coverage benefit, insurers

could o↵er plans with no deductible or provide extra coverage in the “donut hole”.

Insurance firms can o↵er one of the following types of plans: 1) defined standard plans

that have the same benefit parameters as specified by CMS; 2) actuarially equivalent

basic plans that have the same deductible, alternative cost-sharing structures between

the deductible and the initial coverage limit, but the same actuarial value as defined

standard plans; 3) basic alternative plans that have lower deductibles, alternative
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cost-sharing structures, but the same actuarial value as the defined standard plans;

or 4) enhanced alternative plans that have the same or lower deductibles, alternative

cost-sharing structures, but higher actuarial value than the basic plans.

In addition to complying with the above coverage requirements, plans are required

to cover almost all drugs in certain therapeutic classes in their formularies and all

drug classes, but are free to choose the extensiveness of coverage for most drug classes.

Many plans use tiering system, which places drugs into di↵erent tiers (e.g. preferred

generic/brand, non-preferred generic/brand, specialty, etc). Drugs in di↵erent tiers

usually have di↵erent costs in the form of either fixed copay or coinsurance rate.

All Part D beneficiaries have an open enrollment period from mid October to

early December for next year’s enrollment. Beneficiaries who have recently become

eligible for Medicare could enroll in the Part D plans during the window between two

months before and one month after their starting date of eligibility. They are eligible

to choose any plan that is o↵ered in their service areas, which are usually their states

or include several other neighboring states. First-time enrollees without low-income

subsidies face the late enrollment penalty if they do not enroll in any plan before the

end of the enrollment period. Existing enrollees who do not switch plans in the open

enrollment period are automatically re-enrolled in their previous plans, or the plans

with which their previous ones are consolidated. Enrollees with low-income subsidies

(LIS) are randomly assigned to one of the low-premium plans if they had not chosen

their own plans.

3.2.2 Meaningful Di↵erence Requirement

There have been widespread concerns from policymakers that beneficiaries could be

confused when they choose among the many complex insurance plans, especially if
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some plans are hard to discern. Since the start of the Medicare Part D program, CMS

has encouraged plan sponsors to provide “substantially di↵erent options” for enrollees.

CMS formalizes the requirement of meaningful di↵erence among the prescription drug

plans o↵ered by the same insurance company in 2010. Starting from 2011, firms are

limited to submit only one basic o↵ering for the stand-alone prescription drug plan

and at most two enhanced ones. If firms o↵ers any enhanced plan in addition to their

basic plan, the enhanced plan should more extensive coverage that is equivalent to at

least $22 lower monthly out-of-pocket cost (excluding premium) than the basic plan

for an average enrollee in the service area. If firms o↵er two enhanced plans, one of

them should have some gap coverage. CMS also considers plans with low enrollment to

have low value to beneficiaries and encourages them to be consolidated or terminated.

The above rules about the number of plans, and the amount of di↵erentiation among

them, are referred to as the “meaningful di↵erence requirement”.

To further reduce beneficiaries’ confusion, there have been proposals to further

limit insurers to o↵er at most two plans in the market – one with basic coverage and

one with enhanced benefits. However, these concerns do not overweigh the benefit of

providing additional competitive incentives, as well as satisfying beneficiaries’ needs,

by having more plans available. As the gradual phasing out of the “donut hole”, the

meaningful di↵erence requirement for one enhanced benefit plan to have “donut hole”

coverage becomes obsolete. Starting in 2019, the meaningful di↵erence requirement

is eliminated for Medicare Advantage plans with prescription drug benefits, as well

as the requirement for the enhanced plans to be substantially di↵erent. Nonetheless,

plans with enhanced benefits are still required to be substantially di↵erent from the

basic plans o↵ered by the same insurer.

Despite the policy debates, there have not been many studies that investigate

whether the meaningful di↵erence requirement improves beneficiaries’ quality of
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choice12. In the only paper that studies the choice architecture of the prescription

drug marketplace, Ketcham, Kumino↵, and Powers (2016) estimates the discrete choice

model of prescription drug insurance plans, and concludes that further limitation of

plans would negatively a↵ect beneficiaries’ welfare in the Medicare Part D program.

However, the study does not use data beyond 2010, when there have been major

changes to beneficiaries’ choice set after the meaningful di↵erence requirement. The

authors do not model beneficiaries’ confusion either.

3.3 Data

3.3.1 Description

I mainly use Medicare Master Beneficiary Summary File (MBSF) and the Prescription

Drug Event (PDE) of the 1% random sample of all Medicare beneficiaries from

2006 to 2013. The MBSF data contain beneficiaries’ basic demographic information,

chronic conditions, enrollment status in Medicare Part A/B/D, and Medicare costs

and utilization. For beneficiaries enrolled in Medicare Part D, the MBSF identifies

which plans beneficiaries enroll in each month. The PDE data have complete records

of beneficiaries’ prescription drug claims with the Part D plans, including the drug

information and cost paid by beneficiaries, insurers, and Medicare. I also use the

plan characteristics and formulary files of all the Medicare Part D plans to study

beneficiaries’ plan choice and and their counterfactual spending in plans they do

1
Jack Hoadley, ”Medicare Part D: Simplifying the Program and Improving the Value

of Information for Beneficiaries”, The Commonwealth Fund, May 2008, https:

//www.commonwealthfund.org/publications/issue-briefs/2008/may/medicare-part-d-
simplifying-program-and-improving-value

2
Jack Hoadley, “Assessing a CMS Proposal to Improve Competition among Medicare Part D

Drug Plans,” Health A↵airs blog, March 4, 2014, http://healthaffairs.org/blog/2014/03/
04/assessing-a-cms-proposal-to-improve-competition-among-medicare-part-d-drug-

plans/
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not choose. Supplementally, I use the yearly American Community Survey (ACS)

county-level socioeconomic data to augment beneficiaries’ characteristics in the MBSF

data, as well as the CMS plan rating public files.

3.3.2 Sample Selection

In this study, I only consider the beneficiaries that reside in the 50 US states, have

complete record of Medicare Part D enrollment status, and do not make multiple

changes to their Part D enrollment status through the year. I exclude beneficiaries

who are dual-eligible for both Medicare and Medicaid, receive low-income subsidies,

or have prescription drug coverage outside of the Medicare Part D program. It is

mainly because dual-eligible beneficiaries are automatically and randomly assigned

to one basic stand-alone prescription drug plans if they had not chosen any plan.

Beneficiaries who receive low-income subsidies are also faced with lower premium

and cost-sharing, which make their choice problem and incentives di↵erent. Table 4.1

shows the results of the sample selection.

I further exclude beneficiaries who participate in Medicare Part D through Medicare

Advantage plans or plans sponsored by employers or unions (“non-market plans”).

The assumption is that beneficiaries first make decision between traditional Medicare

and Medicare Advantage primarily based on their preferred mode of getting and

paying for hospital and physician service. If they decide to stay with traditional

Medicare, they would then choose among the stand-alone prescription drug plans for

prescription drug coverage. Since plans sponsored by employers or unions are not

available to outsiders, beneficiaries covered by these plans have di↵erent choice sets

and are therefore excluded. 4.1provides the summary statistics for the full sample,

the aged and non-dual-eligible sample, and the final sample respectively.
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Table 3.1: Sample Selection

All Beneficiaries Medicare Part D Beneficiaries

Variables All Aged, Non-Dual All Aged, Non-Dual
Aged, Non-Dual w/

Market PDP

Age 71.3 74.6 70.3 74.2 74.6
Male 54.0% 61.4% 58.7% 61.2% 63.6%
White 85.6% 90.5% 83.9% 91.9% 95.4%
Black 8.6% 4.7% 9.1% 4.0% 2.2%
Asian 1.6% 1.3% 2.1% 1.2% 0.6%

Hispanic 1.6% 0.9% 2.2% 0.6% 0.2%
Native

American 0.4% 0.3% 0.4% 0.1% 0.1%
Other 1.7% 1.8% 1.8% 1.8% 1.1%

Charlson Index 1.5 1.2 1.4 1.1 1.9
Total

Healthcare Cost 7640.1 5754.1 8391.8 5744.4 8934.9
% of Part D
Coverage 50.0% 71.6%

Total Rx Cost 2,514 1,712 1,867
OOP Rx Cost 789 604 717

Part D Premium 349 357 470
N 2,800,000 995,499 1,400,000 712,336 355,890

Note: Market PDP are stand-along prescription drug plans that are available to all beneficiaries in the region. These do not

include plans sponsored by employers or unions, or special plans that are only available to beneficiaries meeting certain

criteria.

The final sample is slightly older than the full sample and has higher percentage of

male beneficiaries. It is also less healthy than the aged and non-dual-eligible sample

with higher total healthcare cost and Charlson comorbidity index, suggesting that

beneficiaries adversely select into traditional Medicare. The last three columns in

Table 4.1 are summary statistics for the beneficiaries enrolled in Medicare Part D

in the full, the aged and non-dual-eligible, and the final sample. Part D enrollees

in the full and final sample are less healthy than their counterparts who do not

participate in Medicare Part D. Part D enrollees in the final sample incur lower

total prescription drug costs than those in the full sample, but their spending on

Part D premium and out-of-pocket costs are higher because their costs are not

subsidized. Part D enrollees in the final sample have higher prescription drug costs

than their counterparts in Medicare Advantage or non-market plans, which suggest

either the former group has inferior health, or that the MA and non-market plans
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provide prescription drug coverage at lower costs. I closely study the final sample of

beneficiaries to understand how the meaningful di↵erence requirement a↵ects how

traditional Medicare beneficiaries enroll in Medicare Part D, and how they make plan

enrollment decisions.

3.3.3 Choice Set Characteristics

In Tables 3.2, I summarize the number of plans among which traditional Medicare

beneficiaries make decisions, as well as the changes of their choice environment as the

result of the meaningful di↵erence requirement.

Table 3.2: Plan Composition

Plan Type

year
Total #
of Plans Basic

Enhanced w/o
Gap Coverage

Enhanced w/
Gap Coverage

2006 31.4 17.8 8.3 5.3
(56.8%) (26.4%) (16.8%)

2007 35.8 16.2 9.0 10.5
(45.4%) (25.3%) (29.3%)

2008 38.9 18.6 10.5 9.8
(47.8%) (26.9%) (25.3%)

2009 39.1 16.9 12.8 9.4
(43.2%) (32.7%) (24.1%)

2010 37.7 17.0 12.9 7.8
(45.0%) (34.2%) (20.8%)

2011 27.7 14.5 2.7 10.5
(52.4%) (9.8%) (37.7%)

2012 27.6 13.4 6.8 7.4
(48.4%) (24.6%) (27.0%)

2013 26.7 12.5 5.0 9.2
(46.8%) (18.9%) (34.4%)

For the above beneficiaries, there have been more than 35 plans between 2007 and

2010. About 45% of the plans have basic coverage, and 25% of the plans have enhanced

benefits with some donut hole coverage. The meaningful di↵erence requirement results
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in approximately 10 (or approximately 25%) fewer plans in the average choice set.

Mandated by the regulation, insurers must o↵er only one basic plan and their enhanced

plans must be substantially di↵erent than the basic plans and among themselves.

This causes firms to abruptly discontinue most of their enhanced plans without gap

coverage in 2011. Shortly afterwards, though, insurers seem to restructure their plan

portfolio such that the composition of their plan o↵erings becomes similar to the

period before the meaningful di↵erence requirement.

Table 4.3 summarizes the number of insurers in an average market, as well as

the breakdown by how many plans an insurer o↵ers. In most years, there have been

15-19 insurers in an average market, and 30% of the insurers o↵er only one plan in the

market. With the meaningful di↵erence requirement, the percentage of firms o↵ering

only one plan or two plans immediately increases. The few insurers o↵ering more

than 3 plans before 2011 are bounded by the regulation, and subsequently comply

with the regulation immediately. None of them exceed the limit of plan o↵ering

afterwards. Other insurers o↵ering no more than 3 plans also cut their plans most

likely because some of their plans are not substantially di↵erent. However, two years

after the regulation takes e↵ect, most insurers seem to be able to redesign their plan

o↵ering. In 2013, the percentage of firms o↵ering fewer than 3 plans returns to the

pre-regulation level.

Table 3.4 summarizes the premium and premium-based measure of plan similarity

in an average market, where I define plans within $20 apart in monthly premium

as similar. After the meaningful di↵erence requirement, the plans in the market

become more di↵erentiated from one another in terms of their premium. Since the

CMS require plans to have premium that reflects their plans’ costs and coverage, the

di↵erentiation in premium also suggests di↵erentiation in the plans’ benefits. The

percentage of insurers o↵er similar plans plunges from about 60% in 2010 to only 6%
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Table 3.3: Firm Composition

Number of Insurers O↵ering

Year
Total #

of Insurers 1 plan 2 plans 3 plans 4 plans 5 plans 6 plans

2006 17.1 5.5 3.5 5.1 1.0 1.0 1.0
(32.3%) (20.3%) (29.9%) (5.9%) (5.9%) (5.9%)

2007 16.7 5.2 3.8 7.7 0.0 0.0 0.0
(31%) (22.7%) (46.3%) (0.0%) (0.0%) (0.0%)

2008 19.1 4.9 5.5 7.7 1.0 0.0 0.0
(25.7%) (28.7%) (40.4%) (5.2%) (0.0%) (0.0%)

2009 19.1 4.3 6.1 5.7 1.0 1.0 1.0
(22.8%) (31.8%) (29.7%) (5.2%) (5.2%) (5.2%)

2010 16.4 3.9 4.5 5.3 1.0 1.6 0.0
(24%) (27.6%) (32.4%) (6.3%) (9.8%) (0.0%)

2011 15.8 5.6 8.2 1.9 0.0 0.0 0.0
(35.7%) (52.1%) (12.2%) (0.0%) (0.0%) (0.0%)

2012 15.1 4.6 8.2 2.3 0.0 0.0 0.0
(30.7%) (54.0%) (15.3%) (0.0%) (0.0%) (0.0%)

2013 12.7 3.1 5.0 4.5 0.0 0.0 0.0
(24.7%) (39.6%) (35.7%) (0.0%) (0.0%) (0.0%)

in 2011 and 8% in 2012, but bounces back to 30% in 2013. The standard deviation of

plan premium within an insurer also increases by about $150 from 2010 to 2011, which

is about 27% of average premium. In the meantime, the dispersion of plan premium

is rising both in magnitude and in percentage of the average premium, indicating

the widening of plan di↵erentiation in the market. Overall the plans have higher

and higher premium, which might suggest the increasing cost of prescription drug

coverage.

3.3.4 Measure of Plan Choice Quality

In this section, I introduce the measure of beneficiaries’ plan choice quality. Closely

following the literature, I use the amount of overspending beneficiaries incur in the

chosen plan as the quality measure.
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Table 3.4: Plan Similarity

Year
% of Firms w/
Similar Plans

S.D. Premium
(same insurer)

Avg.
Premium

Coe↵. Of
Variation

Min
Premium

Max
Premium Range

2006 51.5% 147.3 417.8 35.3% 347.7 500.4 152.7
2007 58.7% 172.0 458.4 37.5% 371.0 565.7 194.7
2008 56.9% 199.8 455.4 43.9% 351.2 582.6 231.5
2009 56.8% 214.0 518.3 41.3% 401.9 665.4 263.5
2010 58.9% 237.0 562.3 42.1% 436.8 735.9 299.1
2011 6.2% 383.5 653.3 58.7% 483.2 835.8 352.6
2012 8.0% 411.1 644.2 63.8% 454.7 861.8 407.1
2013 30.8% 392.2 644.4 60.9% 439.0 908.7 469.7

Counterfactual Out-of-Pocket Spending

I first calculate the counterfactual out-of-pocket spending for Part D enrollees for

all plans in their choice set using the claims data from the PDE and the plan

characteristics and formulary files. I assume beneficiaries would have used the same

amount of prescription drugs in the same order, had they been enrolled in a di↵erent

plan. From the plan files, I decide the amount of out-of-pocket spending on each

prescription by the tier of the drug on the formulary, the cost-sharing of that tier, and

their phase of coverage determined by their cumulative out-of-pocket spending. The

total out-of-pocket spending calculated by this approach is defined as the counterfactual

ex-post out-of-pocket spending. The inelastic drug use assumption would be violated

if patients would use di↵erent drugs under di↵erent formulary design. Unfortunately,

I do not have data on drug substitutability to address the issue, or beneficiaries’

drug-specific demand curve to fully capture their prescription decision. With these

caveats, though, this ex-post out-of-pocket spending measure can be seen as an upper

bound of the actual spending incurred in alternative plans. Overall, the counterfactual

out-of-pocket spending in the chosen plan calculated by my algorithm has a 0.938

correlation coe�cient with the actual spending observed in the data, which suggests

that the algorithm is rather precise.
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I further define counterfactual ex-ante out-of-pocket spending in any particular

plan by averaging the plan-specific ex-post out-of-pocket spending among beneficiaries

who are in the same 5-year age bin (e.g. 65-69, 70-74, etc.), have the same Charlson

comorbidity index, and total healthcare cost quantile in the previous year. This

assumes that beneficiaries have as much knowledge about their health conditions

in the previous year when they are making prescription drug insurance choice as

econometricians observe from the data. Beyond that, they have no private information

for their future health conditions in the following year. The assumption might be more

reasonable for beneficiaries who have been enrolled in traditional Medicare before

they enroll in Medicare Part D because their health conditions are in the data. New

Medicare enrollees, on the other hand, have information about their previous health

condition unobservable to econometricians. For these new enrollees, I calculate their

ex-ante spending by averaging the ex-post spending among similar beneficiaries in the

current year. This averaging instead relies on the assumption that these new eligibles

have perfect foresight about their health condition in the following year but not how

much their prescription drug costs would be.

Risk

With the above measures of counterfactual spending, I define the plan-specific risk

for any particular beneficiary as the variance of ex-post spending among similar

beneficiaries either ex-ante (for recurring Medicare enrollees) or ex-post (for new

Medicare eligibles). The larger the variance is, the more varied beneficiaries’ spendings

are. Since risk-averse beneficiaries are worse o↵ when their costs are more varied, plans

with larger variance in spending are regarded to have higher risks to the beneficiary.

Part of reasons why beneficiaries enroll in Medicare Part D is to insure against the

variance of prescription drug spending. Plans with lower variance of spending, either

34



because cost-sharing is lower, or because more drugs are on the formulary, or because

there is no coverage gap, should be more preferable from beneficiaries’ perspective.

Overspending

For each beneficiary in any year, I define overspending as the di↵erence between the

ex-ante total spending (including both the plan premium and the above counterfactual

out-of-pocket spending) in the chosen plan and the lowest spending among all the

plans across all insurers in the market, as well as within the chosen firm. Since some

beneficiaries choose their plans in order to protect themselves against prescription

drug spending risks, I limit the calculation to the plans with risk no higher than

the plans actually chosen by beneficiaries. This overspending measure quantifies the

“money left on the table” as beneficiaries choose suboptimal plans with higher costs

and less risk protection. The more the beneficiaries overspend, the worse I consider

their plan choices is.

To better understand how the regulation a↵ects choice quality, I break down the

enrollee sample by stayers, switchers, and new enrollees. Stayers are recurring Part D

beneficiaries who re-enroll in their default plans. Switchers are recurring beneficiaries

opting out of their default and choosing some other plans. New enrollees are the ones

who enroll in a Part D prescription drug plans for the first time.

Table 3.5 summarizes the basic demographics, Part D premium, out-of-pocket

cost, and risk for the three beneficiary groups respectively. On average, aged Medicare

beneficiaries enroll in the Part D program for the first time within three years after

they become 65 and eligible for Medicare. New enrollees are younger and healthier.

Compared to recurring beneficiaries, new enrollees spend less on Part D plan premium

and prescription drugs, probably because they are younger and healthier. Among

recurring beneficiaries, switchers spend less on Part D plan premium than stayers.
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For example, between 2007 and 2010, stayers spend $452 on Part D plan premium,

compared to $354 for switchers. The di↵erence is larger between 2011 and 2013,

when stayers spend $536 and switchers spend $364, which is almost $200 less. This

suggests significant saving potential from plan switching. Though switchers have

higher total healthcare and prescription drug costs, they spend similar amounts on

plan premium to new enrollees. Comparing between the periods before and after the

meaningful di↵erence requirement, the age and gender composition of the beneficiaries

are similar. While new enrollees have similar health conditions measured by both

the Charlson comorbidity index and total healthcare cost in both periods, recurring

beneficiaries after 2011 tend to be less healthy. While enrollees and switchers spend

similar amounts on premium when the meaningful di↵erence requirement is in place,

stayers spend almost 20% more. Though, all beneficiaries spend much less on out-of-

pocket prescription drug costs. This probably mainly result from the phasing out of

“donut hole” starting in 2011.

Table 3.5: Beneficiary Summary

Stayers Stayers Switchers Switchers New Enrollees New Enrollees
Year 2007-2010 2011-2013 2007-2010 2011-2013 2007-2010 2011-2013

Age 74.9 75.6 74.5 74.1 67.2 66.3
Male 63.3% 62.5% 62.7% 60.8% 57.7% 58.3%

Charlson Index 1.7 2.0 1.7 1.9 0.6 0.5
Total Healthcare Cost 7654.3 9162.4 7701.8 8592.6 4020.8 3643.7

Part D Premium 451.5 535.9 354.0 364.7 377.2 384.0
OOP Rx Spending 677.0 575.6 761.9 497.8 298.2 197.6

N 31,061 30,682 3,287 3,209 4,340 5,081

Table 3.6 summarizes the distribution of overspending incurred by di↵erent groups

of beneficiaries, among the plans with at least the same amount of risks. Stayers incur

overspending of $200-300 across all insurers and $70-80 within the chosen insurer,

while the active choosers overspend less than $150 and less than $45 respectively. The

amount of overspending as the percentage of total out-of-pocket spending for stayers,

switchers, and new enrollees are about 22%, 14%, and 20% across insurers, and 6%,
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4%, and 4% within the chosen insurer. It suggests that making active plan choices

is associated with better choice quality and most of the overspending occurs when

beneficiaries fail to choose the optimal plans o↵ered by another insurer.

Table 3.6: Overspending Distribution

Panel A. Overspending Across All Insurers

Stayers Stayers Switchers Switchers New Enrollees New Enrollees

2007-2010 2011-2013 2007-2010 2011-2013 2007-2010 2011-2013

Mean 215.9 273.5 129.8 145.9 127.8 125.8

% of Total
OOP Spending (19.1%) (24.6%) (11.6%) 1(6.9%) (18.9%) (21.6%)

10th Percentile 0.0 0.0 0.0 0.0 0.0 0.0

25th Percentile 57.6 33.2 0.0 0.0 0.0 0.0

Median 174.4 219.1 70.1 0.0 86.2 0.0

75th Percentile 305.0 369.5 196.6 187.0 188.4 196.8

90th Percentile 479.9 631.0 352.6 398.7 312.9 343.1

95th Percentile 638.6 852.7 471.7 605.5 430.0 510.2

99th Percentile 989.3 1350.5 775.3 1815.0 682.9 976.1

Panel B. Overspending Within the Chosen Insurer

Stayers Stayers Switchers Switchers New Enrollees New Enrollees

2007-2010 2011-2013 2007-2010 2011-2013 2007-2010 2011-2013

Mean 72.2 77.5 40.8 44.6 34.9 24.0

% of Total
OOP Spending (6.4%) (7.0%) (3.7%) (5.2%) (5.2%) (4.1%)

10th Percentile 0.0 0.0 0.0 0.0 0.0 0.0

25th Percentile 0.0 0.0 0.0 0.0 0.0 0.0

Median 0.0 0.0 0.0 0.0 0.0 0.0

75th Percentile 93.1 0.0 0.0 0.0 0.0 0.0

90th Percentile 226.1 305.2 151.6 23.9 126.0 0.0

95th Percentile 368.6 453.9 264.6 263.6 215.7 157.8

99th Percentile 750.1 948.3 545.0 961.1 474.6 612.1

Note: the mean overspending is calculated with winsorized overspending at the 95th percentile.

In aggregate, the meaningful di↵erence requirement does not seem to reduce the
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average amount of overspending. The level of overspending and its percentage of

the total Part D spending remains the same as in the pre-regulation period, or even

increases in the post-regulation period. The distribution of overspending, especially

within the chosen insurer, is heavily skewed to the left. In the post-policy period,

the mass of overspending shifts to the right of the distribution. Fewer beneficiaries

overspend after the meaningful di↵erence requirement is in place. But for those

who still overspend in the post period, overspending is higher both in level and in

percentage of total Part D spending. In the following section, I further analyze how

individual beneficiaries’ program participation, plan switching, and overspending, vary

with the choice set size and plan similarity.

3.4 Preliminary Analysis

3.4.1 Participation in Medicare Part D

In the following section, I investigate whether new beneficiaries are more likely to

participate in Medicare Part D when there are fewer plans in their choice sets and when

their options are more di↵erentiated. One notable manifestation of choice-overloading

is choice avoidance(Iyengar and Lepper (2000)). When beneficiaries are confused

about many options which they could not discern, they might avoid making the

decision at all. If new beneficiaries have choice-overloading problems when they are

faced with too many choices, or if they are confused when plans are similar, they are

more likely to choose a plan when there are fewer plans and when plans are more

di↵erentiated.

More than half of the traditional Medicare beneficiaries participate in the Part D

program each year. The majority of recurring beneficiaries automatically enroll in
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their default plans, which keeps the program participation rate high. The participation

rate among enrollees who are new to Medicare Part D are in the range of 10-14%

each year in 2007-2013.

To explore the relation between beneficiaries’ participation in the Medicare Part

D program and choice set size and plan similarity, I regress the dummy of whether

beneficiaries participate in the Medicare Part D program on the number of plans in

their markets for beneficiaries without a default plan as well as the similarity of the

available plans. These beneficiaries have to make an active plan choice if they would

like to participate in Medicare Part D for prescription drug coverage. The regression

is specified as the following:

Yparticipation,it = �participation,nNmt + �participation,sSmt + ↵Zit + "it

where Yparticipation,it is the dummy variable of whether new beneficiary i enrolls in any

prescription drug plan in year t. Nmt is the vector of the number of plans and insurers

in market m where beneficiary i is in. Smt measure the similarity of the plans by the

standard deviation of the premium of all the plans in market m. Zit is the vector of

beneficiary characteristics including age, race, county-level socioeconomic statistics

(education, income, share of population in labor force, share of home-owners, average

home value, average rent) for population aged above 65, Charlson comorbidity index,

and total healthcare cost. Year and state fixed e↵ects are included to control for

overall time trend and spatial patterns, and error terms are clustered by county.

Table 3.7 shows the results of the regressions. The regression results show the

positive relation between first-time participation and the number of plans. A de-

crease of 10 plans in an average market corresponds with 4% decrease in first-time

participation rate, which is about 40% of the overall participation rate. However,
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beneficiaries are more likely to enroll in a prescription drug plan when there are fewer

insurance companies in the market. It is possible that when there are more insurance

companies, beneficiaries receive more promotional information, or would think of the

tasks of surveying insurers and their plans and making the best plan choice more

challenging. When plans are less similar, beneficiaries are less likely to enroll in the

program too. An increase of plan premium standard deviation of $150 from 2010 to

2011 is associated with another 1% decrease in the first-time participation rate, which

is about 10% decrease of the overall participation rate. It suggests that beneficiaries

might find it more rewarding to participate in the Medicare Part D program when

there are more choices and potentially better fits.

Table 3.7: Participation in Medicare Part D

Participation in Medicare Part D
(1) (2) (3) (4) (5) (6)

# of Plans 0.002*** 0.002*** 0.004*** 0.003*** 0.004*** 0.004***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

# of Insurers -0.004** -0.003* -0.004** -0.003*
(0.001) (0.001) (0.001) (0.001)

S.D. of Premium -0.084* -0.112**
(0.038) (0.037)

Bene. Char. X X X X X X
Lagged Health X X X

Year FE X X X X X X
State FE X X X X X X

N 221,224 178,187 221,224 178,187 221,224 178,187
adj. R2 0.085 0.024 0.085 0.024 0.085 0.024

Note: the standard deviation of the plan premium is measured in $1,000.

3.4.2 Plan Switching

Another way of making active decision in the Part D program is for recurring ben-

eficiaries to opt out of their default plans, or at least search beyond their default

options for potential changes. In this part, I investigate beneficiaries’ switching
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decision correlates with the choice set characteristics. From the summary statistics in

the previous section, switchers tend to have lower premium costs and overspending

than stayers. If smaller and more distinct choice sets alleviate beneficiaries’ choice-

overloading problem and encourage them to switch, beneficiaries might be better

o↵. With automatic re-enrollment after the first year of enrollment, beneficiaries are

unlikely to bother themselves with re-evaluating all the plans and making a plan

choice all over again, unless there are changes to their default plans or their own health

condition. Persistently throughout the sample period of 2007-2013, approximately

10% of existing enrollees choose to switch to another plan.

To explore the relation between the plan switching decision and the number and

similarity of plans in the market, I regress the dummy of plan switching on these

policy targets for existing enrollees. The regression is specified as the following:

Yswitching,it = �switching,mNmt + �switching,sSmt + �Zit ++⌘Cjt�1 + �0Xijt�1 + "it

where Yswitching,it is the dummy variable indicating whether recurring beneficiary i

switch to another prescription drug plan in year t. Nmt, Smt, and Zit are defined as in

the above section. Xjt�1 is the vector of characteristics of plan j beneficiary i enroll

in the previous year t� 1. For the subset of beneficiaries with prescription drug use

history in year t� 1, Cjt�1 is the total out-of-pocket prescription drug spending in

year t� 1. Year, cohort, and firm fixed e↵ected are included. Errors are clustered at

the county level.

Table 3.8 shows the regression results. The regression results suggest that an

increase of 10 plans in the market corresponds with 4% increase in plan switching

in level, which is about 40% increase of the average switching rate. An increase of

plan premium standard deviation of $150 leads to 3% increase in plan switching, or
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30% in percentage of overall switching rate. It might be because when plans are more

di↵erentiated, beneficiaries are more likely to find plans that are di↵erent from their

default option and thus are more likely to find it beneficial to switch.

Table 3.8: Plan Switching

Plan Switching Indicator
(1) (2) (3) (4) (5) (6) (7) (8)

# of Plans 0.003*** 0.003*** 0.006*** 0.006*** 0.005*** 0.005*** 0.004*** 0.004***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

# of Insurers -0.007*** -0.007*** -0.007*** -0.007*** -0.006*** -0.006***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

S.D. of Premium 0.289*** 0.289*** 0.248*** 0.248***
(0.041) (0.041) (0.040) (0.040)

Bene. Char. X X X X X X X X
Lagged Health X X X

Characteristics of
Previous Plan X X

Previous Firm FE X X
Year FE X X X X X X X X
State FE X X X X X X X X
Cohort FE X X X X X X X X

N 247,800 247,775 247,800 247,775 247,800 247,775 233,470 233,470
adj. R2 0.010 0.010 0.010 0.010 0.010 0.010 0.051 0.051

Note: the standard deviation of the plan premium is measured in $1,000.

The analyses from the above sections indicate that beneficiaries’ choice of Part

D participation and plan switching decision-making might not be plagued by choice-

overload problem, as policymakers are concerned. On the contrary, beneficiaries

are more likely to participate in the program and to switch away from their default

choices when there are more choices. As for the other concern that beneficiaries might

be confused similar plans, the results are mixed. Higher level of plan similarity is

correlated with higher participation rate but lower switching rate. In the section,

I study how the quality of plan choice associated with switching is a↵ected by the

meaningful di↵erence requirement. I will leave the higher-level welfare implication of

program participation and plan switching for future research.

42



3.4.3 Quality of Plan Choice

I further investigate the relation between the quality of plan choice and the the

choice set characteristics that are directly regulated by the meaningful di↵erence

requirement. I first regress the indicator of whether beneficiaries overspend on the

number of available plans in the market and within the chosen insurer, and the

standard deviation of the plan premium for all the plans in the market and among the

ones o↵ered by the chosen insurer, controlling for beneficiary and plan characteristics.

The results of the regression are shown in Table 3.9. The probability that benefi-

ciaries choose the plan with the lowest spending (thus have zero overspending) across

all insurers does not seem to respond to the number of plans in the market, nor the

similarity of those plans. However, the number of plans within an insurer is positively

related to the likelihood of within-insurer overspending. For stayers, one more plan

o↵ered by the chosen firm is associated with 7% higher probability of overspending

within the same firm. For switchers and new enrollees, the amount is 3% and 2%,

respectively. For all groups beneficiaries, plan di↵erentiation within the chosen firm

seems to contribute to lower probability of incurring overspending. This is consistent

with the distribution of overspending skewed to the left and the mass of distribution

shifting even more to the right after the meaningful di↵erence requirement.

I run similar regressions for the amount of overspending and the results are shown

in Table 3.10. On average, the amount of overspending across all insurers are positively

related to the number of plans. Reducing the size of choice set by 10 is related to $42

and $88 lower overspending for stayers and new enrollees respectively. However, there

is no such e↵ect for switchers. For the active choosers, the number of plans within an

insurer does not a↵ect how much beneficiaries overspend. On average, there seems to

very modest e↵ect of greater plan di↵erentiation on lowering within-firm overspending
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Table 3.9: Overspending Indicator

Stayers Switchers New Enrollees
(1) (2) (3) (4) (5) (6)

All Insurers Same Insurer All Insurers Same Insurer All Insurers Same Insurer

# of Plans
(all insurers) 0.004 -0.001 0.007 0.005 0.003 0.007

(0.002) (0.003) (0.005) (0.004) (0.008) (0.006)
# of Insurers 0.006 0.010* -0.000 0.001 0.008 0.003

(0.004) (0.005) (0.010) (0.008) (0.016) (0.011)
S.D. of Premium
(all insurers) -0.000 -0.001 -0.000

(0.000) (0.000) (0.000)
# of Plans

(same insurer) 0.067*** 0.029*** 0.023*
(0.004) (0.007) (0.009)

S.D. of Premium
(same insurer) -0.000*** -0.000** -0.001***

(0.000) (0.000) (0.000)
S.D. of OOP Cost
(same insurer) -0.000*** -0.000 -0.000*

(0.000) (0.000) (0.000)

Bene. Char. X X X X X X
Plan Char X X X X X X
Year FE X X X X X X
State FE X X X X X X

N 47,197 46,718 8,001 7,912 4,706 4,637
adj. R2 0.074 0.178 0.311 0.241 0.226 0.202

for recurring beneficiaries. Increasing the standard deviation of plan premium by $150

is associated with less than $10 lower overspending. The results also show that less

healthy beneficiaries tend to have lower overspending. It suggests that less healthy

beneficiaries with more pressing prescription drug needs have stronger incentives to

find the right plan to control their prescription drug costs and insure against risk,

which might result in their better plan choice quality overall.

3.5 Conclusion

The above results show at best limited evidence for the existence of beneficiary choice-

overloading and confusion in the Medicare Part D program. By limiting the number

of plans any insurer can o↵er, the meaningful di↵erence requirement is e↵ective in

shrinking the choice set for beneficiaries. In the meantime, firms are required to
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Table 3.10: Amount of Overspending

Stayers Switchers New Enrollees
(1) (2) (3) (4) (5) (6)

All Insurers Same Insurer All Insurers Same Insurer All Insurers Same Insurer

# of Plans
(all insurers) 4.179* -2.187 -4.797 -6.530 8.793*** 1.819

(1.623) (1.307) (5.398) (6.851) (1.861) (1.155)
# of Insurers -0.027 2.090 16.213 8.433 -7.198 0.678

(2.701) (2.248) (9.140) (10.285) (3.847) (2.569)
S.D. of Premium
(all insurers) 0.051 0.066 0.137

(0.100) (0.288) (0.123)
# of Plans

(same insurer) 5.702* -0.766 1.676
(2.379) (4.314) (2.181)

S.D. of Premium
(same insurer) 0.029 -0.146* 0.032

(0.029) (0.066) (0.019)
S.D. of OOP Cost
(same insurer) -0.012*** -0.041** -0.004

(0.003) (0.013) (0.003)
Total Healthcare Cost -0.003*** -0.001*** -0.003*** -0.002** -0.002*** -0.001

(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)
Charlson Index -4.579*** -3.170** -5.422* -6.761** -9.665*** -5.692*

(1.278) (1.016) (2.295) (2.245) (2.921) (2.461)
S.D. of Total OOP Cost

(same plan) 0.361*** 0.189*** 0.385*** 0.313*** 0.249*** 0.082**
(0.034) (0.036) (0.048) (0.064) (0.031) (0.030)

Bene. Char. X X X X X X
Plan Char. X X X X X X
Year FE X X X X X X
State FE X X X X X X

N 47,197 46,718 4,706 4,637 8,001 7,912
adj. R2 0.672 0.440 0.795 0.689 0.690 0.430

di↵erentiate their plans substantially. As the result, plans in the market become

more distinguishable from one another. However, the changes in market does not

directly translate into significant improvement of choice quality measured by “money

left on the table” even after controlling for risk. Throughout the sample period, the

amount of overspending occurs mostly across firms. Within the same firm, most

beneficiaries are able to choose plans that have the lowest cost at their desired level

of risk protection. This suggests that beneficiaries’ overspending behavior is mainly

caused by the inertia of recurring beneficiaries, and the incomplete consideration set

of choosers, rather than confusion caused by the multiplicity and similarity of plans.

If beneficiaries had been confused by plan similarity, their within-insurer overspending
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would have been more frequent and the amount would have been higher to begin

with. And the improvement in their overspending would be more salient after the

meaningful di↵erence requirement. The data and above analyses show that with

the meaningful di↵erence requirement, beneficiaries, especially active choosers, are

slightly more likely to choose the optimal plan within the insurer of their choice.

However, with the changing overall cost and higher di↵erentiation, those who do not

choose the optimal plan tend to incur higher overspending than the pre-policy period,

which o↵sets the modest saving of overspending from the optimal choosers. Similarly,

the improvement of overspending across all insurers after the meaningful di↵erence

requirement is limited.

Instead of focusing on confusion and choice-overload as the source of suboptimal

decision in the Medicare Part D program, I will study how beneficiaries’ incomplete

search and limited consider set hinder their ability to choose the best plan for

themselves. I develop the model in which beneficiaries form incomplete consideration

set of prescription drug plans and chooses only among the plans they have considered.

I also incorporate insurers’ pricing and plan o↵ering decisions in the model, which

would allow me to predict how further policy changes would a↵ect beneficiaries’ plan

choice and welfare.
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Chapter 4

Incomplete Search in Medicare Part D

4.1 Introduction

In most developed countries, the government directly provides healthcare services

and goods or heavily regulates the related markets. In the United States, however,

many healthcare markets are run by private providers, insurance companies, and

manufacturers. Competition is central to healthcare services provision, but the full

functioning of the healthcare system, as well as the cost and quality of healthcare

services, depends heavily on how markets are organized, how consumers make decisions,

and how providers operate. There has been a long line of academic and policy research

that identifies market frictions and aims to improve e�ciency of services delivery,

reduce costs for both patients and taxpayers, and improve quality of healthcare

services.

To improve the overall functioning of public health insurance markets, market-

places have become popular venues for buying and selling government-subsidized

health insurance plans. Compared to the traditional ways of insurance shopping, the

marketplaces are supposed to provide more clear and comprehensive information to

shoppers, reduce their shopping cost and decision complexity, and make it easier for

them to enroll in plans that best serve their medical needs. However, it is unclear

whether and how much exchanges help beneficiaries in health insurance shopping and

decision-making. The answer depends on the design of the marketplace, the choice

framework, and most importantly, the shopping behavior and decision process of the
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beneficiaries on and beyond the exchanges, which could in turn a↵ect the competitive

behavior of insurance companies in their pricing, advertising, and insurance design.

The Medicare Part D program has established a health insurance marketplace

for Medicare stand-alone prescription drug plans and Medicare Advantage plans

with prescription drug benefits. Insurance companies directly compete with each

other in selling their plans to Medicare beneficiaries at subsidized premium, and

provide coverage of the subsequent prescription drug uses for their enrollees, under

the regulation of the the Center for the Medicare and Medicaid Services (CMS).

There have been many debates about whether Medicare beneficiaries choose the right

prescription drug plans, and why some beneficiaries end up choosing plans that are

more expensive without better coverage. In response, insurance companies might

o↵er uncompetitive premium and benefits. In combination, such behaviors pose a

heavy burden on Medicare spending with compromised quality of prescription drug

provision.

In this paper, I evaluate how incomplete search a↵ects beneficiaries’ plan choice of

prescription drug plans in the Medicare Part D program, as well as its implication on

insurers’ plan pricing. I find that most beneficiaries are able to choose the optimal

plan among the plans o↵ered by the same insurer, but they could have spent less

on at least as much coverage by choosing another plan o↵ered by another insurance

company. It suggests that beneficiaries might not evaluate and consider all available

options, even when they are making enrollment decisions actively. I propose and

estimate the model of beneficiaries’ plan choice with the additional stage of search

and consideration set formation. My estimates suggest that beneficiaries are more

likely to consider their current insurers, which could explain why most beneficiaries

do not switch plans. Compared to previous studies, I also find that beneficiaries have

higher elasticity with respect to premium.
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In the counterfactual analyses, I first simulate beneficiaries’ plan choices when

they include the lowest-cost plan provider in their consideration set. Ideally, Medicare

could make use of the large trove of data to recommend the best plan providers and

plans to beneficiaries, which could potentially encourage beneficiaries to shop and

to choose more suitable plans. However, according to my model, beneficiaries would

spend 4% more on premium and out-of-pocket costs, instead of achieving savings

from searching more insurers. It is because insurance companies would decrease

the premium for lower-cost plans to increase their chance of being recommended

and getting into beneficiaries’ consideration sets, while in the meantime, increase

the premium for their higher-cost plans to get more premium revenue from some

beneficiaries who consider them and end up choosing their higher-premium plans. In

the second scenario where beneficiaries consider all available plans, they would save

about 2% on their spending even after beneficiaries adjust their plan premium.

Though this paper primarily studies the marketplace of the Medicare Part D

program, it has implications for other marketplaces for government-subsidized health

insurance plans. Beneficiaries could have limited capacity to consider all the plans in

other marketplaces. While the default option keeps them within the program, it could

give them disincentives to re-evaluate their needs and the plans available, and therefore

stay with the default option that is suboptimal. Regulators concerned about the cost

or the quality of the program could potentially make better use of the historical data of

the beneficiaries and provide individualized nudges and customized recommendations

to steer beneficiaries towards higher quality and lower cost. Insurance companies also

compete for beneficiaries’ attention by advertising, and those who do not o↵er better

plans could attract more enrollees because they spend more on ads. To induce more

competition, regulators could also invest in providing information for beneficiaries

to level the playing field for insurance companies who have di↵erential resources to
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reach customers.

4.1.1 Literature

This paper contributes to the debate of whether Medicare beneficiaries make good

decisions about their plan choice (Abaluck and Gruber (2011), Abaluck and Gruber

(2016); Ketcham et al. (2011), Ketcham et al. (2015)). It identifies incomplete search

as the additional hindrance to optimal plan choice, adding to the long line of research

on the Medicare beneficiaries’ behaviors in the Part D program (Abaluck and Gruber

(2011), Abaluck and Gruber (2016); Ketcham et al. (2011), Ketcham et al. (2015);

Miller and Yeo (2018); Polyakova (2016); Ho et al. (2017); Heiss et al. (2013), Heiss

et al. (2016); Kling et al. (2012); Wu (2016); Ericson (2014); Abaluck and Adams

(2018)). It also evaluates choice-overload as source of choice suboptimality (Tanius

et al. (2009); Hanoch et al. (2009); Bundorf and Szrek (2010), Stults et al. (2016)).

It is also one of the few papers that quantify the cost of o↵ering prescription drug

insurance to Medicare beneficiaries, and model the pricing of insurance companies

in response to beneficiaries’ behaviors. (Ericson (2014); Polyakova (2016); Ho et al.

(2017); Decarolis (2015); Wu (2016)).

This paper also contributes to the literature on advertising and consumer search

(Hortaçsu and Syverson (2004); Goeree (2008); Abaluck and Adams (2018); Lin and

Wildenbeest (2019); Hastings et al. (2017); Aizawa and Kim (2018); Shapiro (2016)). It

is updates the estimates of beneficiary demand parameters in the Medicare prescription

drug plans markets with the additional consideration stage, and quantifies the e↵ect

of advertising, default status, and brand on the probability of being considered.

The rest of the paper goes as follows: Section 4.2 provides institutional details on

the Medicare Part D program. Section 4.3 describes the data in this paper. Section 4.4
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presents the preliminary evidence on confusion and incomplete search that motivates

the structural model. Section 4.5 introduces the models of beneficiaries’ demand and

insurers’ bidding and premium-setting. Section 4.6 presents the estimates of models.

Section 4.7 describes the counterfactual policy nudges and resulting market results.

Section 4.8 concludes the paper.

4.2 Medicare Part D

The Medicare Modernization Act established the Medicare Part D program in 2003,

which came into e↵ect in 2006 and provided prescription drug coverage to all Medicare

beneficiaries. Instead of directly subsidizing beneficiaries’ prescription drug costs, the

program involves insurance companies to o↵er stand-alone prescription drug plans

(PDP), as well as Medicare Advantage plans with prescription drug benefits (MAPD),

directly to beneficiaries while Medicare provides subsidies to beneficiaries and the

insurance companies. The Center of Medicare and Medicaid Services (CMS), which is

the federal agency that oversees the Medicare and Medicaid program, specifies the

minimum requirement of the prescription drug benefits, including the plan structure

and the formulary requirements.

Each year, the CMS announces the maximum deductible, the initial coverage limit,

and the catastrophic coverage threshold. In the basic plan with defined standard

benefits, beneficiaries are responsible for 100% of drug costs up to the maximum

deductible. After their drug costs reach the deductible amount, their plans pay 75%

of the costs while they pay for the remaining 25%, until their total drug costs reach

the initial coverage limit. After that, beneficiaries are responsible for a higher share

of their drugs. If their total costs reach the catastrophic coverage threshold, they pay

5% of the drug costs, while the plans pay 15% and Medicare pays the remaining 85%.
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The phase between the initial coverage limit and the catastrophic coverage threshold

is called the coverage gap, or the “donut hole”. In the first few years of the program,

beneficiaries were responsible for 100% of the drug costs in the coverage gap. In 2010,

the passage of the A↵ordable Care Act (ACA) would gradually phase out the coverage

gap by 2020. In the subsequent years, manufacturers o↵er 50% discount for their

brand-name drugs, and the plans pay for an increasing share of the drug costs in the

“donut hole” each year. By 2019, beneficiaries would pay 25% of their total drug costs

between the initial coverage limit and the catastrophic coverage threshold, which is

the same as their cost-sharing before reaching the initial coverage limit.

Insurance companies who participate in the program must at least o↵er defined

standard benefits specified above or alternatives that have equivalent actuarial value.

They could also o↵er enhanced benefits beyond the minimum requirement. The CMS

also established 34 service areas for stand-alone prescription drug plans within the

United States, which consist of one to several states. Insurance companies who o↵er

plans in any service areas must sell their plans to anyone residing in the service area,

while residents from any service area could only choose from the plans o↵ered in their

area. Before enrollment opens up, insurance companies submit their plans to the

CMS, along with the projected costs and bids for the basic benefits of the plans. The

CMS, reviews the submitted plans and bids, and determines the basic premium of

all the plans based on the national average bid and the individual plan bids. It also

negotiates with the insurance companies to determine the premium of any enhanced

benefits. The sum of the basic and enhanced premium would in turn be the premium

beneficiaries see and pay.

Beneficiaries participate in the program by enrolling in a plan in their area in the six

months before and after they become eligible for Medicare. Afterwards, beneficiaries

can choose a new plan during the open enrollment period between October and
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December. For beneficiaries who already have a plan, if they do not make an active

decision to switch plans during the enrollment period, they are automatically enrolled

in their previous plan in the next year. During the open enrollment period, the CMS

sends out letters and handbooks to beneficiaries and provides them with the key

information in the Medicare program in the next year. Particularly, the section on

Medicare Part D includes the defined standard benefits for the year, as well as the

list of all stand-alone prescription drug plans available in service area. Insurance

companies also send direct mails to beneficiaries about their plans. The insurers

of beneficiaries’ existing plans also send out annual notice of change in letters to

beneficiaries to notify them of their plan change in the subsequent year. Insurers also

advertise their plans on TV and through phone calls. Beneficiaries can also visit the

Medicare website or call the Medicare hotline, provide their zip code and prescription

drugs they use, and get recommendations from the website or the Medicare agents for

plans that have the lowest costs for premium and out-of-pocket spending combined.

They could enroll in the plans by calling the Medicare hotline or the insurance

companies who o↵er the plans.

4.3 Data

4.3.1 Description

I mainly use the Medicare Master Beneficiary Summary File (MBSF) and the Prescrip-

tion Drug Event (PDE) data of the 20% random sample of all Medicare beneficiaries

from 2006 to 2013. The MBSF contains the basic demographic information, chronic

conditions, enrollment in Medicare, and Medicare costs and utilization of Medicare

beneficiaries. For beneficiaries enrolled in Medicare Part D, the MBSF identifies

53



the plans beneficiaries are enrolled in each month. The PDE data contain complete

records of beneficiaries’ prescription drug claims with the Part D plans, including

the drug information and costs paid by beneficiaries, insurers, and Medicare. I use

the plan characteristics and formulary files of all the Medicare Part D plans to study

beneficiaries’ plan choice and and their counterfactual drug spending in plans they do

not choose. I also use the American Community Survey (ACS) county-level socioe-

conomic data to supplement beneficiaries’ characteristics, and the CMS plan rating

public files to supplement plan characteristics.

I also have data on TV advertising of Medicare plans for major health insurance

companies at the level of Designated Market Area (DMA) from Kantar Media, which

I use to study how exposure to advertising a↵ects beneficiaries’ insurer choice in the

Medicare Part D market. The data contain the amount of TV advertising spending

on the Medicare plans at the DMA from 2006 to 2013. With few exceptions, the

data do not specify the type of plan associated with the advertising spending. Most

of the times, insurance companies do not promote any particular plans or include

specific details of their plans on their TV ads. Instead, they promote their own brand

and the fact that they o↵er Medicare Advantage or prescription drug plans. These

advertisements encourage customers to contact the insurers to learn about and to

enroll in the specific plans1. This allows me to use the TV advertising spending as

proxy for the marketing intensity of an insurer in a particular locality to study whether

and how beneficiaries in the Medicare Part D programs respond to their advertise

exposure. Particularly, I study whether beneficiaries are more likely to choose insurers

that have higher advertising spending and exposure.

1
Pitching Private Medicare Plans: An Analysis of Medicare Advantage and Prescription Drug

Plan Advertising, Kaiser Family Foundation, September 2008. https://www.kff.org/medicare/
issue-brief/study-finds-advertising-by-insurers-favors-medicare
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4.3.2 Medicare Sample Selection

In this study, I only consider beneficiaries who reside in one of the fifty states, have

complete record of Medicare Part D enrollment status, and do not make multiple

changes to their Part D enrollment status in any year. I also exclude beneficiaries

who are dual-eligible for both Medicare and Medicaid, receive low-income subsidies,

or have prescription drug coverage outside of the Medicare Part D program. Dual-

eligible beneficiaries are automatically and randomly assigned to one basic stand-alone

prescription drug plans if they had not chosen any plan, but I do not observe whether

they enroll in the program through active participation or passive assignment. And

beneficiaries who receive low-income subsidies are faced with lower premium and

cost-sharing, which make their choice problem and incentives di↵erent.

I further exclude beneficiaries who participate in Medicare Part D through Medicare

Advantage plans or plans sponsored by employers or unions that are not available

to all beneficiaries in the same area (“non-market plans”). The assumption is that

beneficiaries first make decision between traditional Medicare and Medicare Advantage

primarily based on their preferred mode of getting and paying for hospital and physician

service. If they decide to stay with traditional Medicare, they would then choose

among the stand-alone prescription drug plans for prescription drug coverage. Since

plans sponsored by employers or unions are not available to outsiders, beneficiaries

covered by these plans have di↵erent choice sets that I do not observe from the data.

This results in the remaining 30% of the original sample with 14,152,292 beneficiary-

year observation. Table 4.1 provides the summary statistics of the full, the aged and

non-dual-eligible, and the final sample respectively.

Of the full sample of Medicare beneficiaries, 30% are eligible for Medicaid or receive

low-income subsidies, which might provide strong incentives for insurance companies
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Table 4.1: Sample Selection

All Aged, non-LIS
Aged, non-LIS
Rx Coverage

Aged, non-LIS
Medicare Part D

Aged, non-LIS
Market PDP

Age 72 75 70 70 69
Female 44% 44% 39% 39% 38%
White 86% 91% 84% 83% 82%
Black 8% 5% 9% 9% 10%
Asian 2% 1% 2% 2% 2%

Hispanic 2% 0% 2% 2% 3%
Native American 0% 0% 1% 0% 1%

Other 2% 1% 2% 2% 1%
Charlson Index 1.8 1.7 1.5 1.4 2.0

Total Health Costs 9,131 7,722 8,884 8,871 12,426
Total Rx Costs 2,534 2,949

Out-of-Pocket Rx Costs 802 956
Medicare Part D Premium 352 422

N 47,466,247 33,419,781 28,420,763 23,451,569 14,152,292
100% 70% 60% 49% 30%

to o↵er low-premium plans and change their plan o↵erings constantly to attract and

take advantage of these beneficiaries (Decarolis (2015)). On average, enrollees in the

Medicare Part D sample are younger than the full sample of Medicare beneficiaries,

and incur lower total healthcare costs. It is unclear whether healthier beneficiaries are

more likely to enroll in the Medicare Part D program in the first place, or whether

enrollment in the Medicare Part D program helps them maintain better health.

Among the selected beneficiaries who enroll in Medicare Part D, 61% have stand-

alone prescription drug plans (PDP) in combination with traditional Medicare, while

39% have prescription drug coverage through Medicare Advantage plans (MAPD).

Beneficiaries who have stand-alone prescription drug plans are slightly younger than

those in the overall Medicare Part D sample, but they have much higher comorbidity

index and total healthcare costs. This might suggest that less healthy beneficiaries

adversely select into traditional Medicare.

Comparing the total and out-of-pocket prescription drug costs for PDP and

Medicare Part D enrollees, the di↵erence is less stark than that in total healthcare

cost. For PDP enrollees, spending on prescription drugs is almost as high as 23%
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of total healthcare spending, which is much higher than the percentage of what the

whole nation spends on prescription drugs. With prescription drug coverage from the

Medicare Part D program, beneficiaries still pay for 32% of the costs out of pocket.

In the next section, I use the aged, non-LIS, and PDP sample to study how

Medicare beneficiaries choose among the stand-alone prescription drug plans in their

markets. They are di↵erent than the overall Medicare population in terms of their

demographics and health conditions, and they might have di↵erent incentives or choice

problems when making Medicare Part D enrollment decisions. I take caution not to

over-generalize the results I find in this study.

4.3.3 Choice Set Characteristics

Choosing the right prescription drug plan in the Medicare Part D program could

be di�cult for most Medicare beneficiaries. In the early years, there have been as

many as 50 di↵erent plans and 20 di↵erent insurance companies in an average market.

Even with some industry consolidation, there were still more than 10 insurance

companies o↵ering more than 30 plans at the end of the sample period. Tables 4.2 and

4.3 summarize the average choice environments for beneficiaries in my final sample

between 2006 and 2013:

The average choice set consist of more than 41 plans o↵ered by more than 18

insurers between 2007-2010. With the meaningful di↵erence regulation taking e↵ect in

2011, the average number of plans in the market reduces to under 33. There are also

fewer insurers in the market. Mandated by the regulation, insurers must o↵er only

one basic plan and at most three plans in total. Their plans must also be substantially

di↵erent from one other. This causes firms to discontinue most of their enhanced

plans without gap coverage in 2011. Shortly afterwards, though, insurers seem to
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Table 4.2: Average Choice Set of Prescription Drug Plans

Year
Total Number

of Plans Plans
Enhanced w/o
Gap Coverage

Enhanced w/
Gap Coverage

2006 41 24 11 7
2007 50 25 10 15
2008 52 26 12 15
2009 49 23 14 12
2010 46 22 14 9
2011 33 18 3 12
2012 31 16 7 9
2013 31 15 5 11

Note: Basic plans include standard benefit plans, basic alternative plans, and

actuarially equivalent plans. Gap coverage covers the period between the

initial coverage limit and the catastrophic coverage, or the donut hole”. The

numbers are weighted by PDP enrollment in the states.

restructure their plan portfolio so that the composition of di↵erent types of plans

reverts back to the pre-regulation period. The regulation increases the number of

firms o↵ering only one plan or two plans immediately. The few insurers o↵ering more

than 3 plans before 2011 abide by the regulation, and none of them have exceeded

the limit afterwards. Other insurers also cut their plans most likely because some of

their plans are not substantially di↵erent. However, two years after the regulation

takes e↵ect, most insurers seem to be able to re-design and re-launch their plans to

comply with the regulation. In 2013, the percentage of firms o↵ering fewer than 3

plans is close to the pre-regulation level.

With the large number of plans and providers, it is di�cult for beneficiaries to

consider all the di↵erent options and to choose the one that works best among them.

There are possible ways to learn about many plans at the same time. During the

enrollment period of each year, the CMS mails the “Medicare and You” brochure

directly to all Medicare beneficiaries, which contains the list of all Medicare Part D

stand-alone prescription drug plans available in the states where the beneficiaries
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Table 4.3: Average Choice Set of Insurers

Average Number Total Number Number of Insurers O↵ering
Year of Plans per Insurer of Insurers 1 plan 2 plans 3 plans 3+ plans

2006 2.5 18 4 3 8 3
2007 2.5 21 4 5 9 3
2008 2.6 21 4 6 8 3
2009 2.6 20 4 6 6 4
2010 2.5 19 3 6 7 3
2011 1.8 19 5 11 2 1
2012 2.0 17 3 11 2 1
2013 2.2 15 2 7 5 1

Note: The average number of insurers in each year are weighted by PDP enrollment in the states.

reside in, along with the basic characteristics of the plans including monthly premium,

deductible, gap coverage, and cost-sharing in di↵erent formulary tiers. However, it

would be extremely di�cult for beneficiaries to estimate how much they are going

to spend on prescription drugs in each of the plans because they do not know the

formulary. There is contact information for all the di↵erent plan providers that

beneficiaries could contact for further inquiry and enrollment.

To learn about how much they would spend in the di↵erent plans, beneficiaries

could visit the Medicare website or call the Medicare hotline, provide their zip code

and prescription drugs they use, and get recommendations from the website or the

Medicare agents for plans that have the lowest costs for premium and out-of-pocket

spending combined. They could also find an insurance agent to help them with

the comprehensive plan search in order to find the best plan for them. Though the

Medicare website, hotline, and insurance agents might be the most comprehensive

channels through which beneficiaries could learn about all their options and enroll in

prescription drug plans, they do not guarantee that beneficiaries are aware of all the

options.

According to an online Medicare beneficiary survey in 2016, the comprehensive
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search channels are not popular or highly utilized. Most beneficiaries still rely on

the direct mail by Medicare or their current insurer to learn about their options in

Medicare and to shop for plans. 22% respondents say they look for Medicare insurance

by reading direct mail, 9% by calling an insurance agent, 9% by calling insurers, and

6% by talking to friend or family. In terms of their preference to learn about their

options, about 50% of beneficiaries would read direct mails from Medicare or current

insurers to learn about the plans they could choose from. 20% of the respondents say

they talk to independent insurance agent, and 20% talk to insurance representatives.

Fewer than 20% go on the Internet or read mails from insurers other than their current

ones. Beneficiaries are most likely to be prompted to think of insurance alternatives

when they receive mails from current or other insurers, get notice about current plan

change, and see TV ads. The survey results suggest that many beneficiaries do not

learn about all their options or the full implications of their plan choice on their

prescription drug spending.

Medicare beneficiaries tend to learn about their large choice sets by letters from

Medicare and insurance companies, which usually do not provide them with complete

information about their options. Even when they are aware of all the available options,

it is still challenging to learn about the implication of enrolling in each of the plans

on their prescription drug spending. They might obtain this information by talking

to insurance agents or representatives, or by using the hotline and online tools, but

many of them do not seem to utilize these channels. It is more likely that many

beneficiaries would consider only a subset of all available plans instead of comparing

all the available options before they make their plan choice decision.
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4.3.4 Counterfactual Spending and Overspending

In order to measure the quality of beneficiaries’ plan choice, I follow the Medicare

Part D literature to construct beneficiaries’ counterfactual out-of-pocket spending as

well as their overspending in their chosen plans. The following subsection describes

how I construct those variables.

Counterfactual Out-of-Pocket Spending

I first calculate the counterfactual out-of-pocket spending for Part D enrollees for

all plans in their choice set using the claims data from the PDE and the plan

characteristics and formulary files. I assume beneficiaries would have used the same

amount of prescription drugs in the same order, had they been enrolled in a di↵erent

plan. From the plan files, I decide the amount of out-of-pocket spending on each

prescription by the tier of the drug on the formulary, the cost-sharing of that tier, and

their phase of coverage determined by their cumulative out-of-pocket spending. The

total out-of-pocket spending calculated by this approach is defined as the counterfactual

ex-post out-of-pocket spending. The inelastic drug use assumption would be violated

if patients would use di↵erent drugs under di↵erent formulary design. Unfortunately,

I do not have data on drug substitutability to address the issue, or beneficiaries’

drug-specific demand curve to fully capture their prescription decision. With these

caveats, though, this ex-post out-of-pocket spending measure can be seen as an upper

bound of the actual spending incurred in alternative plans. Overall, the counterfactual

out-of-pocket spending in the chosen plan calculated by my algorithm has a 0.938

correlation coe�cient with the actual spending observed in the data, which suggests

that the algorithm is rather precise.

I further define counterfactual ex-ante out-of-pocket spending in any particular
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plan by averaging the plan-specific ex-post out-of-pocket spending among beneficiaries

who are in the same 5-year age bin (e.g. 65-69, 70-74, etc.), have the same Charlson

comorbidity index, and total healthcare cost quantile in the previous year. This

assumes that beneficiaries have as much knowledge about their health conditions

in the previous year when they are making prescription drug insurance choice as

econometricians observe from the data. Beyond that, they have no private information

for their future health conditions in the following year. The assumption might be more

reasonable for beneficiaries who have been enrolled in traditional Medicare before

they enroll in Medicare Part D because their health conditions are in the data. New

Medicare enrollees, on the other hand, have information about their previous health

condition unobservable to econometricians. For these new enrollees, I calculate their

ex-ante spending by averaging the ex-post spending among similar beneficiaries in the

current year. This averaging instead relies on the assumption that these new eligibles

have perfect foresight about their health condition in the following year but not how

much their prescription drug costs would be.

Risk

With the above measures of counterfactual spending, I define the plan-specific risk

for any particular beneficiary as the variance of ex-post spending among similar

beneficiaries, who are in the same 5-year age bin, of the same gender, and in the same

quartile of total healthcare spending in the Medicare program, either ex-ante (for

recurring Medicare enrollees) or ex-post (for new Medicare eligibles). The larger the

variance is, the riskier the plan is to the beneficiary. Part of reasons why beneficiaries

enroll in Medicare Part D is to insure against the variance of prescription drug

spending. Conditional on other characteristics, plans with lower variance of spending,

either because cost-sharing is lower, or because more drugs are on the formulary,
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or because there is no coverage gap, should be more preferable from beneficiaries’

perspective.

Overspending

For each beneficiary in any year, I define overspending as the di↵erence between the

ex-ante total spending (including both the plan premium and the above counterfactual

out-of-pocket spending) in the chosen plan and the lowest spending among all the plans

across all insurers in the market, as well as within the chosen firm. This overspending

measure quantifies the “money left on the table” as beneficiaries choose suboptimal

plans with higher costs and less risk protection. The more the beneficiaries overspend,

the worse I consider their plan choices is. Table 4.4 summarizes the median amount

of overspending controlling for risks by beneficiary groups.

Beneficiaries overspend $147 to $278 across all plans each year between 2007

and 2013 for their prescription drug coverage (including both prescription drug plan

premium and out-of-pocket expenditures on prescription drugs) in the Medicare Part

D program, which is 14% to 25% of their total out-of-pocket spending. Table A1

summarizes the median amount of overspending in percentage. New enrollees over-

spend by less, but they tend to be younger and thus spend less on prescription drugs,

their overspending as the percentage of their total spendings is higher. Beneficiaries

who stay in their default plans overspend as much as $300, which amounts to 27% of

their total spending. Beneficiaries who switch plans or insurers, on the other hand,

have less than $200, or 25%, of overspending. The finding is consistent with previous

studies and the beneficiary survey that beneficiaries who switch plans are more likely

to spend less and feel more satisfied with their plans. It is also worth noting that the

distribution of the overspending is highly skewed to the left. In most of the years, 25%

of all the beneficiaries choose the lowest-cost plan and therefore do not overspend. But
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Table 4.4: Overspending Summary

Panel A. Overspending Across All Plans
Year All New Enrollees Stayers Plan Switchers Insurer Switchers

2007 147 133 149 149 157
2008 192 149 200 0 159
2009 219 140 234 179 76
2010 190 148 205 116 109
2011 205 147 228 0 86
2012 278 197 292 146 129
2013 251 147 267 93 93

Panel B. Overspending Within the Chosen Insurer
Year All New Enrollees Stayers Plan Switchers Insurer Switchers

2007 10 11 8 59 17
2008 1 0 10 0 0
2009 28 2 41 0 0
2010 21 0 38 0 0
2011 0 0 0 0 0
2012 0 0 0 0 0
2013 0 0 44 0 0

Note: Since some beneficiaries choose their plans in order to protect themselves against

prescription drug spending risks, I limit the calculation to the plans with risk no higher

than the plans actually chosen by beneficiaries. I have also calculated ex-ante overspending

and ex-post overspending not controlling for risk. The data patterns are similar. In the

rest of the paper, I use the ex-post overspending with no risk control for the convenience

of calculation.
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the 5% that overspend the most could overspend more than $1,000, and the top 1%

could overspend more than $2,000. Helping beneficiaries who incur high overspending

could save both the beneficiaries and Medicare significant amount of costs. Again, I

only consider plans with at least as good amount of risk protection for beneficiaries

as their chosen plans. The amount of overspending would be 3 times as high if we

compare beneficiaries’ chosen plans against all the available plans.

If beneficiaries only consider plans that are o↵ered by the insurer that beneficiaries

choose, their amount of overspending reduces drastically. In most of years in the

sample, the majority of the beneficiaries who newly enroll in Medicare Part D, or

switch plans or insurers, have been able to choose the lowest cost plans within the

insurance companies of their choice. Even when we relax the requirement for plans

with at least the same level of risk protection, the results still hold. More than half of

all beneficiaries who stay with their default plans do not overspend more than $45 in

all the years. In 2011 and 2012, the majority of them still enroll in the lowest cost

plans. Similarly, the distribution of within-insurer overspending is skewed to the left.

10% of the beneficiaries overspend more than $100 when choosing among plans within

their chosen insurers, and 1% of the stayers overspend more than $1,000 in 2012 and

2013. With the administrative and claims data available, the CMS could possibly

identify beneficiaries who have had high overspending or are likely to do so. Nudging

these beneficiaries to reconsider their options could probably help them make better

choices and save on Medicare costs.

4.3.5 Advertising Data

Table 4.5 summarizes the total TV advertising spending on content related to the

Medicare Part D program, as well as the number of DMA’s that see any Medicare
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Part D ads by major participating insurers in the program.

Table 4.5: Summary of TV Advertising Spending

Panel A. Total Advertising Spending (in $1,000)
Year Insurer 1 Insurer 2 Insurer 3 Insurer 4 Insurer 5 Insurer 6 Others

2007 7,325 6,947 7,932 1,323 631 2,193 2,147
2008 7,608 27,028 5,933 4,473 647 2,432 2,195
2009 24,052 36,016 18,264 941 2,550 4,157 4,031
2010 25,484 24,255 26,592 531 3,485 2,956 5,206
2011 37,230 51,542 29,711 2,754 2,175 2,442 5,773
2012 34,612 29,424 40,322 2,881 3,281 1,590 2,093
2013 33,948 30,088 55,577 1,718 5,256 0 2,842

Panel B. Total Number of DMA’s with TV Ads
Year Insurer 1 Insurer 2 Insurer 3 Insurer 4 Insurer 5 Insurer 6 Others

2007 25 39 43 12 7 4 4
2008 22 45 49 10 9 4 18
2009 28 50 49 5 19 4 23
2010 30 49 49 8 12 3 19
2011 32 49 49 7 30 3 20
2012 33 48 49 13 16 3 19
2013 30 50 50 8 17 0 7

Note: The top panel summarizes the total advertising spending across all the DMA’s where there

are advertising data available for the insurers in the particular year. The numbers are in thousands

of US dollars. The bottom panel summarizes the total number of DMA’s where there are records of

any TV advertising spending.

Overall, insurers spend millions of dollars advertising their plan o↵erings in the

Medicare Part D program on television alone. The top three insurers who enroll

the majority of PDP beneficiaries (coded insurers 1, 2, and 3 here) also account for

the majority of the total advertising spending.In all the years in the sample, they

consistently advertise their plans in more DMA’s and spend more on the DMA’s

where they advertise than the other insurance companies. In some years, any of

them spent more than 10 times as much than their closest competitors (insurer 4

and 5). Insurer 2 and 3 have TV ads in almost 50 DMA’s, insurer 1 in about 30

DMA’s, while the rest in fewer than 20 DMA’s in most of the years. According to

the beneficiary survey, TV ads are one of the main channels where beneficiaries learn
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about their options and are prompted to consider their alternatives. Their knowledge

of di↵erent insurance companies and their plan o↵erings might be highly correlated

with their exposure to the amount of TV ads launched and the spending incurred by

the insurance companies. Even among the top three insurers, there are variations in

the amount of advertising and enrollment at the DMA level. In the next section, I

further explore the correlation between TV ads spending and enrollment. Considering

that insurance companies also spend on direct mails, sales representatives, online ads,

etc. in order to reach more beneficiaries and sell their plans, I use TV advertising

spending as the proxy for the overall advertising intensity in the program.

4.4 Preliminary Analysis

In this section, I suggest that beneficiaries are likely to overspend partly because they

do not consider or evaluate all the options. Reducing the number of plans o↵ered

by each insurance companies does not seem to improve beneficiaries’ choice quality

measured by overspending significantly. I also document the positive correlation

between insurers’ TV advertising spending related to Medicare Part D and beneficiaries’

choice of insurers, which suggests that beneficiaries are more likely to consider and

choose insurance companies with higher advertising intensity. These analyses motivate

the structural demand model with insurer search and consideration set formation in

the next section.

4.4.1 Overspending Across versus Within Insurers

Researchers studying the Medicare Part D program have been trying to evaluate how

well beneficiaries are able to choose the plans that work best for them, and what are

the reasons beneficiaries do not choose the best plans. Past studies have found that
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beneficiaries make “inconsistent” choices because they do not evaluate the relevant

plan aspects rationally (Abaluck and Gruber (2016)) or because they misunderstand

some of the key plan features (Ketcham et al. (2019)). Beneficiaries also do not

switch frequently enough due to high switching costs (Polyakova (2016)) or rational

inattention (Ho et al. (2017)). The CMS also worries that beneficiaries are confused

about the many similar plans so that they enforce the meaningful di↵erences regulation

in 2010 to reduce the number of plans in the program, as well as to di↵erentiate the

plans so that beneficiaries are better able to tell apart di↵erent plans and to choose

the one that works the best.

Despite the good intention, the meaningful di↵erences regulation does not seem

to reduce beneficiaries’ overspending and improve the quality of their plan choice.

In Table 4.4, the amount of overspending across all plans increases from 2010 to

2011, when the regulation is in place, and it continues to rise in 2012 and 2013.

Accounting for increasing costs of PDP plan premium and prescription drug costs,

beneficiaries’ overspending as the percentage of their total spending in the Medicare

Part D program also increases with the regulation. The regulation seems to improve

beneficiaries choice among plans within the same firm, lowering the median within-

insurer overspending to 0. Studying the impact of fewer and more di↵erentiated plans

a↵ect beneficiaries’ switching rate and overspending, I find that the e↵ects are either

statistically insignificant or economically small.

The low overspending within the chosen insurer and much higher overspending

across insurers suggest that beneficiaries are able to choose the lowest cost plan within

the insurer they choose most of the time, but not across all the insurers in the market.

The scope for maximum overspending within an insurer is lower for beneficiaries, and

comparison between di↵erentiated plans o↵ered by one insurer might be easier than

the similar plans o↵ered by di↵erent insurers, which could partly explain why across-
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insurer overspending is much higher than within-insurer overspending. Switching

costs and inattention could explain why beneficiaries who stay with their default plans

overspend. But the overspending of new enrollees and plan switchers, who either do

not have or switching costs or would have overcome their inattention, needs to be

rationalized through other channels. I propose that beneficiaries do not search all

insurers and learn about all their options available, and therefore some of them do

not know about and thus do not consider their lowest-cost option, which results in

their overspending. In the next section, I model beneficiaries’ plan choice with the

additional stage of insurer search and consideration set formation.

4.4.2 Advertising in Medicare

Before presenting the model, I explore the role of advertising in beneficiaries’ insurer

search and choice. To see the whether insurance companies with higher advertising

intensity also attract more new enrollees, I regress the new enrollment share of insurers

at the state level on the advertisement share in the state. The results are shown in

Table 4.6.

Table 4.6: Share of Insurer Enrollment

Log New Enrollment Share New Enrollment Share
(1) (2) (3) (4) (5) (6) (7) (8)

Log Ad Share 0.291*** 0.110*** 0.263*** 0.0777***
(0.0117) (0.0149) (0.0120) (0.0151)

Ad Share 0.318*** 0.0599*** 0.309*** 0.0569**
(0.0173) (0.0177) (0.0176) (0.0179)

Firm FE N Y N Y N Y N Y
State FE N N Y Y N N Y Y
Year FE N N Y Y N N Y Y

N 1598 1598 1598 1598 2572 2572 2572 2572
adj. R-sq 0.28 0.49 0.36 0.56 0.12 0.41 0.10 0.40

The positive correlation between the new enrollment share of insurers and their

advertising spending share in the state, even controlling for firm, state, and year fixed
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e↵ects, suggests that new beneficiaries are more likely to enroll in plans o↵ered by

insurers that advertise more heavily. On average, an increase in advertising spending

share by 1% corresponds to 0.08% increase in new enrollment share.

I further estimate the conditional logit model of insurer choice on the advertising

share in Table 4.7. The results show that for all types of enrollees, an increase in

advertising share corresponds to increased likelihood for the insurer being chosen,

controlling for firm fixed e↵ects. And the e↵ects of advertising share is smaller for

insurers that are the default options for beneficiaries, indicating that beneficiaries

might rely on the advertisements to find out about insurers and thus their plans,

motivating the insurer search model in the following section.

Table 4.7: Insurer choice

New Enrollees All Enrollees
(1) (2) (3) (4) (5) (6)

Ad Share 1.623*** 0.273*** 1.508*** 0.357*** 1.506*** 0.361***
(0.0659) (0.0575) (0.054) (0.055) (0.054) (0.054)

InsurerIsDefault 4.849*** 4.569*** 5.360*** 4.861***
(0.035) (0.036) (0.050) (0.048)

Ad Share x InsurerIsDefault -0.994*** -0.450*** -1.062*** -0.455***
(0.103) (0.092) (0.094) (0.083)

Lowest Premium 0.000 -0.003*** -0.001*** -0.003*** -0.001** -0.003***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Default Plan Characteristics N N N N Y Y
Firm FE N Y N Y N Y

N 4,734,890 4,734,890 48,003,593 48,003,593 48,003,593 48,003,593

4.5 Model

This section introduces the demand model of non-LIS Medicare beneficiaries for

stand-alone prescription drug plans (PDP) in the Medicare Part D program, as well

as the bidding model for major insurers to submit bids and thus set premium their

plans in the PDP market. On the demand side, I assume that beneficiaries make

the following decisions sequentially before they choose any PDP to enroll in: first,
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beneficiaries with a default plan would decide whether or not to shop. Those who do

not shop essentially “choose” their default plans. For beneficiaries who shop, the next

stage involves searching for some set of insurers and their plans, and forming their

consideration set. I assume beneficiaries search by insurers instead of by plans. In

other words, they choose the set of insurers to search and learn about all the plans

o↵ered by the insurers they have searched. Last, beneficiaries evaluate the plans in

their consideration set and choose the best plan from the set.

On the supply side, plan sponsors submit bids for the premium for the plans’ basic

prescription drug benefits. The CMS collects all the bids, calculates the national

average, and determine the base beneficiary premium every year. The amount of

premium that beneficiaries would pay for a certain plan is the sum of the di↵erence

between the bid and the national average bid, the base beneficiary premium, and the

premium for enhanced benefit if there is any, which is negotiated between the CMS

and the plan sponsors. I simplify the modeling of the bidding process by focusing

on a few of the insurers with dominant aggregate market shares, and assuming that

they choose only their bids, holding the plan characteristics, average costs, and the

enhanced premiums as fixed.

4.5.1 Demand

Plan Choice

Assume the beneficiary i has formed consideration set C. The utility she derives from

plan j o↵ered by insurer k, where j 2 C, has the following specification:

uijt = ⌘dijt + �Xijt + ✏ijt (4.1)
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where dijt is an indicator of whether the plan is beneficiary i’s default plan. Xijt is

the vector of plan characteristics, including the beneficiary-specific ex-post out-of-

pocket cost, plan premium, deductible, and whether there is coverage after the initial

coverage limit (i.e. the “donut hole” ). ✏ijt is the idiosyncratic match quality between

beneficiary i and plan j following a type I extreme value distribution.

With the above utility system, beneficiary i has the following probability, Pit(j|C),

of choosing plan j from the consideration set C:

Pit(j|C) =
exp(⌘dijt + �Xijt)P
l2C exp(⌘dilt + �Xilt)

(4.2)

Consideration Set Formation

After having decided to shop, beneficiary i searches a set of insurers and forms

consideration set C. Following Goeree (2008), I parameterize the probability of an

insurer being searched as function of its TV advertising spending at the local (DMA)

level, whether it is beneficiary’s default insurer, and the insurer fixed e↵ects. Let �ikt

be the probability that beneficiary i searches insurer k,

�ikt =
exp(⇢1 + ⇢2localAdikt + ↵Dikt + µk)

1 + exp(⇢1 + ⇢2localAdikt + ↵Dikt + µk)
(4.3)

where localAdikt is the amount of local TV advertising spending in beneficiary i’s DMA;

Dikt is the indicator of whether the insurer is the default choice of the beneficiary;

and µk is insurer fixed e↵ect.

The probability that the set C is searched is the following:

Pit(C) =
Y

k2C

�ikt

Y

k0 /2C

(1� �ik0t) (4.4)

72



Since I only consider beneficiaries who participate in the Medicare Part D program

and are enrolled in a prescription drug plan, I assume that there would not be

empty search set. Therefore search set probabilities are scaled up by the inverse of

the probability of an empty consideration set 1Q
k2K(1��ikt)

, where K is the set of all

insurers.

Shopping Decision

By the design of the Medicare Part D program, recurring beneficiaries are automatically

enrolled in their default plans if they do not make an active decision to switch. On

average, only 10% of all recurring beneficiaries switch plans, while the majority stay

with their default options. Nevertheless, the intention of switching is an important

aspect of plan choice because switchers tend to end up choosing a plan that are either

less expensive or better serve their needs. I follow Ho, Hogan, and Scott Morton

(2017) to model the probability that beneficiaries decide to shop as the function of

plan changes and the beneficiaries’ health conditions in the previous plan year. Let

Pi(S) denote the probability that beneficiary i decides to shop,

PSit =

8
>><

>>:

1 if i has no default plan

exp(�Zijdt)

1+exp(�Zijdt)
otherwise

(4.5)

where Zijdt is the vector of changes for beneficiary i’s default plan jd, including the

percentage of premium increase and an indicator of salient changes in deductible

and gap coverage, as well as an indicator of whether beneficiary i has high cost or

utilization in the last year, which is a proxy for the health conditions and shocks of

the beneficiary.
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4.5.2 Plan Bidding and Pricing

The premium of the Part D plans is determined by the competitive bidding by plan

sponsors and the direct subsidy from the federal government. All sponsors of stand-

alone prescription drug plans (PDP) and Medicare Advantage plans with prescription

drug coverage (MAPD) are required to submit bids for each of their prescription

drug plans based on the projected utilization and administrative cost of the plans.

Plans with enhanced benefits submit bids for the basic benefits, while negotiating

with the CMS on the pricing of the enhanced benefits. After all bids are submitted,

the CMS calculates the national average monthly bid amount, and announces the

base beneficiary premium. The premium that beneficiaries pay for a certain plan is

the sum of the base beneficiary premium, the di↵erence between the plan’s bid and

the national average, and any negotiated amount for the enhanced benefits.2

In the following model, I follow Ho, Hogan, and Scott Morton (2017) and simplify

the bidding process by 1) removing all MAPD plans from the bidding process; 2)

assuming that plan sponsors know the percentage of the direct subsidy of the average

bid ex-ante; and 3) only considering regular enrollees in the enrollment process.

The premium of a certain plan j o↵ered in year t, is the following

prmjt = bjt � b̄t + �tb̄t = bjt + (�t � 1)
X

l

wltblt

=
�
1 + (�t � 1

�
wjt)bjt + (�t � 1)

X

l 6=j

wltblt

(4.6)

where bjt is the bid made by plan j in year t, b̄t the weighted average of all the plan

bids in the year, �t the fraction of the average bid that goes into the base beneficiary

2
Part D Payment System. MedPAC Report 2016. http://www.medpac.gov/docs/default-
source/payment-basics/medpac payment basics 16 partd final.pdf?sfvrsn=0
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premium, and wlt the weights for plan l used for calculating the national average

bid. In years 2006 and 2007, wl are uniform across plans as the inverse of the total

number of plans, while in the years that follow, wl are the plans’ share of total Part

D enrollment in the previous year.

The profit function of the plan j in year t is the following

⇡jt = (bjt + ejt � cjt)Njt(bt) (4.7)

where ejt is the premium of enhanced benefits, cjt the average cost per enrollee, Njt

the total enrollment of plan j in year t. bt is the vector of all plan bids. This profit

function highly simplifies the reality. There are mechanisms in the program such as

reinsurance and risk corridor to make sure that insurers’ margin of profits or losses are

within a certain range. This simplified profit function assumes that the risk and profit

adjustments with Medicare are second-order for insurers while they are primarily

concerned about the direct profits from selling the plans (Polyakova (2016)). Profits

are also a↵ected by the low-income beneficiaries who enroll at heavily subsidized

premium and copays, which are not included in the demand model. There might be

incentives for insurers to price strategically to capture the subsidies (Decarolis et al.

(2016)).

With the above premium-setting and profit functions, the objective function for

insurer k o↵ering the set of plans Jk is the following

maxbjtj2Jk

X

j2Jk

(bjt + ejt � cjt)Njt(bt) (4.8)

I further assume that insurers submit plan bids and maximize the profit of each
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plan independently. Therefore, the objective function at the plan level is

maxbjt(bjt + ejt � cjt)Njt(bt) (4.9)

Njt =
X

m

Njmt =
X

m

X

i,i2 m

PSit

X

C s.t.j2C

P (C)Pit(j|C) + (1� PSit)dijt (4.10)

where Njmt is the total enrollment of plan j in PDP region m in year t.

Since beneficiaries might select into the plans by plan characteristics, the bid could

a↵ect the overall cost through selection by premium. However, I assume that the

average cost could be the same for the plans if they had adjusted their bids and plan

premiums.

4.5.3 Identification

In this section I briefly discuss the identification of the demand parameters. The

parameters to be estimated in the model are the following:

⌘ : how being the default plan a↵ect plan choice within the consideration set;

� : how plan characteristics a↵ect plan choice within the consideration set;

⇢ : how advertising a↵ect the insurers’ probability of being searched;

↵ : how being the default insurer a↵ect the probability of being searched;

µ : how insurer fixed e↵ects a↵ect the insurers’ probability of being searched;

� : how default plan characteristics a↵ect beneficiaries’ shopping probability.

In the model, and likely in reality, beneficiaries make decisions in several sequential

stages, while I only observe the results of the last stage, which are beneficiaries’ plan

choices. Therefore, many of the parameters are jointly identified by various sources

of variation in the dependent variables and the plan switching and choice outcomes,
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as well as the model assumption of the nonlinear functional forms. For example,

some recurring beneficiaries with default plans decide to shop and switch plans, while

others would stay with their default plans. The variation of beneficiaries’ default plan

changes and their previous health shock indicator, and the variation of their switching

pattern, partially identify the parameters in the shopping probability function, �. Full

identification of � also relies on the variation in their final plan choices, which is jointly

determined by parameters in the insurer search and plan choice stages. The coe�cient

of being the default insurer in the search process, ↵, and the coe�cient of default

plan in the plan choice stage, ⌘, are mainly identified by the di↵erential probability of

insurer/plan choice by similar beneficiaries with di↵erent default insurers/plans, who

would otherwise choose the same insurers/plans. ⇢ is identified by variation of the

insurer/plan choice of beneficiaries, who have the same default plans and are in the

same plan market, but are in di↵erent advertising markets. Their di↵erential plan

choices are mostly attributed to the di↵erential advertising intensity in their DMA,

which helps to identify ⇢. µ is identified by di↵erential enrollment of similar plans

in the same area o↵ered by di↵erent insurers. And � is identify by the correlation

between plan enrollment and plan characteristics.

4.5.4 Estimation

The following section describes the estimation of the parameters in the incomplete

search demand model, as well as the average plan cost in the bidding and premium-

setting model. I estimate the demand model using plan choice and utilization data

of 1% random sample of Medicare beneficiaries from 2007 to 2013, as well as data

on insurers’ Medicare Part D advertising spending on television. To fasten the speed

of calculation, I further limit the sample to PDP regions and years with more than

250 observations. I use the method of simulated maximum likelihood for the demand
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parameter estimation. I estimate the average costs of the plans using the first-order

conditions of the bidding function.

Demand Parameters

With the demand model above, the probability of beneficiary i choosing plan j can

be written in the following form:

pijt = PSit

X

C s.t.j2C

Pit(C)Pit(j|C) + (1� PSit)dijt (4.11)

where dijt is the indicator function of whether plan j is beneficiary i’s default plan.

To further simplify the estimation, I only include enrollees who have chosen plans

from the the ten most popular insurers (by enrollment) and markets with more than

250 enrollees in the 1% sample, and remove the other insurers from their possible

choice set. I only estimate the fixed e↵ects for the top three insurers in the plan utility

function, that in most markets account for more than 90% of enrollment.

The parameters are estimated using simulated maximum likelihood estimation

(SMLE). For each set of parameters, I simulate 250 draws of consideration set and

calculate the plan choice probability. I then use the average plan choice probability

from the 250 draws as the simulated probability to calculate the likelihood function.

For robustness, I have also tried other numbers (50, 500, and 1000) of simulation

draws, but the results are similar. In the rest of the paper, I use 250 draws in the

same simulation.

To illustrate, let S be the number of simulations. In each simulation, I construct

the consideration set for each beneficiary i in year t by drawing insurers by their

probability of being considered, according to Equation 4.3. Let Cits be the simulated

consideration set in the s-th simulation. The probability that beneficiary i chooses
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plan j in the s-th simulation, psimijts , is the following:

psimijts = PSitP
sim
ijts + (1� PSit)dijt (4.12)

where

P sim
ijts =

8
>><

>>:

exp(⌘dijt+�Xijt)P
l2Cits

exp(⌘dilt+�Xilt)
if j 2 Cits

0 otherwise

(4.13)

The simulated probability of beneficiary i choosing plan j in year t is the simple

average of the choice probabilities from the M simulations,

psimijt =
1

S

X

s

pijts (4.14)

Let yijt be the indicator of whether beneficiary i chooses plan j in year t. The

simulated likelihood function is the following:

Lsim(yijt, dijt,Xijt,Zijd ;⇥) =
Y

i

Y

j

{psimijt }yijt{1� psimijt }1�yijt (4.15)

The simulated log-likelihood function is

llsim(yijt, dijt,Xijt,Zijd ;⇥) =
X

i

X

j

yijtlog(p
sim
ijt ) + (1� yijt)log(1� psimijt ) (4.16)

The estimator ⇥̂ maximizes ll(yijt, dijt,Xijt,Zijd ;⇥).

Average Costs

Having estimated the demand parameters, I use the first-order conditions of the profit

function with respect to plan bids to estimate the average cost of plans. Specifically,
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for each plan j in year t, the average cost cjt satisfy

Njt(bt) + (bjt + ejt � cjt)
@Njt(bt)

@bjt
= 0 (4.17)

@Njt(bt)

@bjt
=

X

m

X

i

PSit

X

C s.t.j2C

Pit(C)
@Pit(j|C)

@bjt

=
X

m

X

i

PSit

X

C s.t.j2C

Pit(C)
X

l

@Pit(j|C)
@prmlt

@prmlt

@bjt

= �p
X

m

X

i

PSit

X

C s.t.j2C

Pit(C)Pit(j|C)

⇢X

l 6=j

(1� �t)wltPit(l|C) + (1 + (�t � 1)wjt)(1� Pit(j|C))
�

(4.18)

The average cost cjt is calculated by

cjt = bjt + ejt +
Njt(bt)

@Njt(bt)/@bjt
(4.19)

which will be held fixed in determining new bids under di↵erent counterfactuals.

4.6 Results

4.6.1 Demand Parameters

The estimates of the demand model are in Table 4.8:
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Table 4.8: Estimates of Demand Parameters

Full Model
Full Model

w/o Insurer FE No Search Logit

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

Plan Utility Default Plan 4.971*** 5.029*** 5.312*** 7.492***

(0.121) (0.120) (0.048) (0.041)

OOP -0.004*** -0.004*** -0.004*** -0.001***

(0.001) (0.001) (0.001) (0.000)

Premium -0.008*** -0.008*** -0.007*** -0.005***

(0.000) (0.000) (0.000) (0.000)

Deductible -0.007*** -0.007*** -0.007*** -0.006

(0.001) (0.000) (0.000) (0.000)

Gap Covarage 0.888*** 0.920*** 0.929*** 0.827***

(0.161) (0.083) (0.049) (0.037)

Search Probability Insurer 1 FE 0.117

(0.142)

Insurer 2 FE 0.062

(0.065)

Insurer 3 FE -0.020

(0.039)

Constant 0.021 0.183

(0.071) (0.279)

Local Ad 2.931 2.785***

(2.639) (1.352)

Default Insurer 3.691*** 2.424***

(1.877) (0.716)

Shopping Decision % Premium Change 1.001*** 1.041*** 0.995***

(0.122) (0.105) (0.069)

Salient Plan Change -0.222 -0.647*** -0.621***

(0.318) (0.085) (0.062)

High Cost -1.285*** -1.140*** -1.116***

(0.133) (0.060) (0.037)

N 8569 8569 8569 8569

Note: The numbers in parentheses are standard errors calculated by bootstrapping.
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The estimated coe�cient for default insurer in the search probability function

are notable in both columns (1) and (2). Beneficiaries are almost certain to include

their default insurers in their consideration set. On average, the probability of being

considered for all insurers is about 67%. The di↵erence in search probability between

default and non-default insurers could explain the low rate of plan switching in the

data, which is about 10% in the sample period, on top of the switching cost and

rational inattention.

In the specification without insurer fixed e↵ects, the coe�cient for local TV

advertising spending is both statistically and economically significant. An insurer

spending $1,000 additionally on local TV advertising, which is 1.5% of the average

spending, could make it as likely to be considered as if the insurer were the default

insurer. The coe�cient of local advertising spending translates into the marginal

e↵ect that an additional spending of $1,000 on local TV advertising could increase

the probability of an insurer being considered by beneficiaries in the local market by

almost 80%. And the marginal e↵ect is more pronounced for insurers that are not

beneficiaries’ default choice.

In the specification with insurer fixed e↵ects, local advertising coe�cient is no

longer statistically significant, though the magnitude remains. None of the insurer

fixed e↵ects is significant, and they are all small in magnitude. It might suggest

that beneficiaries do not have particular preferences for or prior knowledge of any

particular insurers when they form their consideration set, and they could rely on

various sources to inform their search. It would be interesting to uncover and study

such factors in future research to better understand Medicare beneficiaries’ decision

making process.

Adding the search stage to the demand model also lower the estimate of the

coe�cient for being the default plan in the plan utility function by 6%. In the fixed
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e↵ect specification, the coe�cients for salient plan change becomes much smaller

and statistically insignificant. The above changes in the estimates might suggest

that previous demand models could have overestimated beneficiaries’ switching cost

and attention to changes in plan features, because these are main explanations for

beneficiaries’ switching behaviors.

I summarize the model fit of the above specifications Table A2. The models

are quite comparable with each other in their prediction in the actual spending on

premiums, out-of-pocket expenditure, and overspending. The full model slightly

outperforms the others in terms of predicting beneficiaries’ actual choices.

The following Table 4.9 summarizes the elasticity with respect to adverting

spending and premium at beneficiaries’ chosen plans in the state of California (PDP

region 32)3:

Table 4.9: Estimates of Advertising and Premium Elasticity

Year Full Model No search Logit

Own-ad Cross-ad
Own-

premium
Cross-

premium
Own-

premium
Cross-

premium
Own-

premium
Cross-

premium

2007 0.195 -0.157 -1.492 0.045 -1.410 0.070 -1.233 0.038

2008 0.216 -0.102 -1.324 0.047 -1.309 0.081 -1.095 0.040

2009 0.647 -0.026 -1.397 0.049 -1.388 0.098 -1.065 0.041

2010 0.787 -0.974 -1.483 0.057 -1.454 0.119 -1.102 0.050

2011 0.925 -1.254 -1.840 0.072 -1.853 0.151 -1.282 0.064

2012 0.750 -0.272 -2.277 0.065 -2.249 0.132 -1.716 0.070

2013 0.707 -0.530 -2.266 0.055 -2.166 0.125 -1.757 0.065

The premium elasticities are slightly higher in the full model than in the model

with no search as well as the logit model. Adding the search stage to the model

3
California is one of the largest states of Medicare enrollment and is used in all the sample years

for the estimation.
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increases the estimated coe�cient for premium in the plan utility function by 14% in

Table 4.8. Again, this suggests that beneficiaries are more elastic to premium than

what previous models predict. However, the cross-price elasticity is much lower in

the full model than the model with no search, implying that insurers might have

less incentive to lower their bids and premiums to attract customers, which might be

owed to the much higher search probability of default insurers than their non-default

competitors.

4.6.2 Average Costs

The summary of the estimated average costs estimated is in Table below:

Table 4.10: Estimates of Plan Average Costs

Basic Plans Enhanced Plans

Year
Average Cost
(accounting)

Average cost
(estimated)

% of
deviation

Average
Profit

Average cost
(accounting)

Average cost
(estimated)

% of
deviation

Average
Profit

2007 712 909 22% 17 1023 1148 11% 6

2008 765 954 20% 15 1055 1186 11% 8

2009 816 1011 19% 22 1057 1269 17% 7

2010 878 1089 19% 24 1088 1355 20% 6

2011 795 1048 24% 35 1206 1605 25% 7

2012 756 985 23% 33 1181 1564 25% 7

2013 639 958 33% 15 1146 1447 21% 19

Columns (1) and (2) are the accounting and estimated average costs of the basic

prescription drug plans averaged by year. Columns (5) are (6) are the average costs

for enhanced plans. The accounting average cost is the per-beneficiary drug cost paid

by the insurer in the administrative data. The estimated average costs are directly

calculated from the first-order conditions from the model and the demand estimates.

The estimated average costs and the accounting costs share similar trends and are

close to each other. Table A3 shows the regression results of the estimated average
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costs on the the accounting average costs at the plan level, which have regression

coe�cients and R2 close to 1. The main di↵erences between the accounting costs

and the true costs are that the accounting costs does not account for the rebates

from drug manufacturers or the administrative costs associated with the plan. With

previous estimates of administrative costs as 20% of the drug costs, and the rebates

for drugs varying from a few dollars for generic drugs to about 20% for brand-name

drugs, the estimates are in the reasonable range of the true costs. In the next section,

I use the cost estimates to calculate the counterfactual bids.

4.7 Counterfactuals

To better understand how the search process a↵ects the beneficiaries’ plan choice and

insurers’ bidding and premium-setting decision, I perform the following counterfactual

exercises using the estimates of demand parameters and plan costs. I simulate

new premiums, market shares, and beneficiaries’ spending under the counterfactual

scenarios where 1) the insurer o↵ering the lowest-cost plan is added to beneficiaries’

consideration set and 2) beneficiaries have full consideration set. Table 4.11 shows the

results for California in 2013. I also include the results for the other years in Table

A4.
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Table 4.11: Counterfactual Spending, Bids, and Profits

Median
Premium

Median
OOP

Median
Overspending

Median
Bid

Median
Average Cost

Industry
Profit

Data 575 375 359 1,092 1,066 42,846

Model 545 371 332 1,092 1,050 42,044
Lowest-cost Insurer Considered

(same bids) 541 359 325 1,092 1,046 42,259
Lowest-cost Insurer Considered

(new bids) 544 359 344 1,112 1,043 45,591
Full Consideration Set

(same bids) 535 359 321 1,092 1,043 41,314
Full Consideration Set

(new bids) 535 359 332 1,102 1,041 42,629

The model with insurer search under-predicts beneficiaries’ premium and out-

of-pocket expenditures, overspending, and insurers’ costs, which might be because

beneficiaries consider insurers that o↵er more expensive plans, or choose such plans,

for reasons that the model does not capture. The model predicts the overall industry

profit well. These are profits for the selected subsample of the 1% random sample

of the Medicare population in the market of California in 2013 alone, which exclude

beneficiaries with low-income subsidies. The industry profit does not adjust for any

risk sharing between Medicare and the insurers. Still, the magnitude of industry

profit from operating the plans suggests that there are great earning and profiting

potentials for insurers to participate in the large market of Medicare Part D program.

In the first counterfactual, I add the insurer o↵ering the lowest predicted out-of-

pocket cost to the consideration set of the beneficiaries. In reality, the CMS could

approximately achieve it by providing personalized recommendation about the best

insurer or plan to Medicare beneficiaries through direct mail or phone call during

the enrollment periods, nudging and encouraging them to search the best insurer

and choose the best plan. For the lowest cost insurer, I set the probability of its

being searched to 1, while for all other insurers, I calculate their probabilities of

being searched according to Equation 4.3. Holding the beneficiaries’ utilization,
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plans’ deductible, gap coverage, and costs as fixed, I calculate the the optimal bids

by solving the systems of the first-order conditions. With the new bids and thus

the plan premium, I simulate beneficiaries’ new plan choices, calculate beneficiaries’

premium and out-of-pocket spendings, as well as insurers’ average costs and total

profits. I conduct the counterfactual analysis statically by fixing the the default plan of

beneficiaries as in the data instead of letting it change according to the counterfactual

plan choice in the previous year. Admittedly, this simplification omits the dynamic

prospect of beneficiaries’ choice and insurers’ bidding. However, it could still shed

some light to the direct e↵ect on plan choice and insurer pricing within one year.

Surprisingly, including the optimal insurer in the consideration set increases

beneficiaries’ premium or out-of-pocket spending by 4% compared to the model. The

industry profit is 8% higher as beneficiaries are more likely to choose plans with higher

average profit level. If plans do not change their bids, however, beneficiaries could

moderately lower their overspending by $7 if they include the plan of lowest cost in

their consideration set. As the lowest-cost plans for beneficiaries might also have

lower average cost of coverage for insurers, the industry profits are also slightly higher.

When insurers respond by adjusting their bids, they lower the bids for plans that

have lower costs and increase the bids for the higher-cost plans. By lowering the bid

and thus premium for low-cost plans, insurers are more likely to be considered. Once

beneficiaries consider all the plans an insurer o↵er, there is positive probability that

they would end up buying the more costly plans from the insurer. It seems that the

bid increase for higher plans dominates. Therefore, beneficiaries spend slightly less

on premium and overspending, but in general overspend more. It seems that simply

adding the lowest-cost insurers does not help beneficiaries save on plan costs.

In the second counterfactual, I assume beneficiaries have full consideration sets.

This could be hard to achieve in reality, but policymakers could try to nudge benefi-
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ciaries into considering as many options as possible when they decide to shop. They

could do so by o↵ering them customized cost and drug information for all the plans,

as well as by making the search process more user-friendly. In this counterfactual, I

eliminate the process of searching, and simulate beneficiaries’ plan choices as well as

insurers’ bids by holding the rest of the demand parameters as estimated.

When beneficiaries consider all the plans, they could choose plans that have slightly

lower premium, and incur lower overspending, when insurers have the same bids.

When insurers adjust, they increase their bids overall and there is little change to

beneficiaries’ premium and out-of-pocket spending. Some plans would have lowered

their premium more such that median overspending actually increases. Since all the

plans are now being considered, plans do not have the additional incentive as in the

previous scenario to lower their bids for the lower-cost plans to attract enrollees to

search and consider their plan o↵erings. However, the distribution of overspending is

skewed to the left, so beneficiaries who have highest costs could achieve the highest

savings and largest reduction of overspending. In total, beneficiaries would spend 2%

less on premium and reduce 1% of overspending. When insurers do not change their

bids, beneficiaries could reduce their overspending by 3% by considering all the plans.

Considering that most beneficiaries do not shop, the savings could be larger when we

relax do the above counterfactual exercise by allowing the beneficiaries’ path of plan

choice to change accordingly.

4.8 Conclusion

In this paper, I study how Medicare Part D beneficiaries shop for prescription drug

plans, and what the implication on spending and choice quality of their shopping

behaviors. Instead of surveying and comparing all the plans, beneficiaries see di↵erent
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amount of advertising from di↵erent insurers, and therefore have di↵erent probability

of considering plans o↵ered by the these insurers. The incomplete search process could

make them omit the lowest cost plans available to them, and therefore, lead them to

spend more than they could have on prescription drug coverage without having better

risk protection. I estimate beneficiaries’ plan choice model with the additional stage

of insurance choice, where beneficiaries shopping for plans would decide whether to

search a certain insurance company’s plans by the insurer’s TV advertising spending

and whether the insurance company is their current provider. The estimated results

show that beneficiaries are much more likely to consider plans that are o↵ered by

their current providers, which confirms the beneficiary survey response that direct

mails from current insurers are important channels for beneficiaries to shop for plans.

Advertising also increase beneficiaries’ search probability, but some of the e↵ects

might be due to insurers’ existing reputation or penetration the market, rather than

the information content of the TV commercials. I also estimate the average costs of

coverage for di↵erent plans, and use the estimates to conduct counterfactual policy

analyses. When beneficiaries are certain to consider all plans o↵ered by insurance

companies that also o↵er the lowest-cost plans, their overspending could be 4% higher.

Insurers lower premium for low-cost plans to be considered, and then raise premium

for high-cost plans for beneficiaries who consider their plan o↵erings. Considering

all the insurers and plans helps beneficiaries to reduce their overspending by 2% in

total, and the improvement in plan choice quality is largely achieved by high-cost

beneficiaries. Policymakers interested in improving the quality or reducing the costs

could nudge beneficiaries to shop more often as well as to learn about more of their

options. At the same time, they would need to keep in check the responses from

insurance companies to their nudges and the changes in the choice environment such

that benefits could accrue to beneficiaries and truly improve their welfare. For future
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research, it would be helpful to collect data on the search behavior of beneficiaries,

as well as the prompts they receive including the mailing materials from insurers

and Medicare, to better understand their actual decision problems and choices. It

would be also interesting to study how they evaluate the expected cost as well as

risk protection aspects of plans when they choose among insurance products in the

complex market.

Appendix

A1. Overspending Summary

Table A1 summarizes the median of beneficiaries’ overspending as the percentage of

their total out-of-pocket spending in the Medicare Part D program.

Table A1: Overspending Summary

Panel A. Overspending Across All Plans
Year All New Enrollees Stayers Plan Switchers Insurer Switchers

2007 14% 17% 14% 12% 14%
2008 18% 18% 18% 0% 13%
2009 18% 15% 19% 15% 7%
2010 16% 17% 17% 11% 9%
2011 19% 17% 20% 0% 6%
2012 25% 19% 27% 11% 10%
2013 16% 25% 10% 10% 23%

Panel B. Overspending Within the Chosen Insurer
Year All New Enrollees Stayers Plan Switchers Insurer Switchers

2007 1% 1% 5% 1% 1%
2008 0% 1% 0% 0% 0%
2009 0% 3% 0% 0% 2%
2010 0% 3% 0% 0% 2%
2011 0% 0% 0% 0% 0%
2012 0% 0% 0% 0% 0%
2013 0% 3% 0% 0% 0%
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A2. Model Fit

The following table summarizes the fitness of the various demand models:

Table A2: Summary Statistics of Data and Models

Data Full Model
Full Model

w/o Insurer FE No search Logit

Prediction Accuracy - 0.752 0.749 0.748 0.760
Predicted Premium 475 471 470 471 479
Predicted OOP 725 718 718 718 723

Predicted Overspending 290 279 279 279 293

The di↵erent models predict the actual choice and spending statistics of ben-

eficiaries well. And they are generally comparable with one another. While the

logit model seems to have the best prediction accuracy, its simplicity might lead to

underestimation of premium elasticity. All models except for logit model under-predict

spendings on both premium and out-of-pocket expenditures, while the logit model

over-predicts both spendings. The similarity in the prediction reassures that the full

model with search performs at least as well as the other simpler models in explaining

the choice and spending patterns in the data. Its additional richness lend itself

to alternative explanations of beneficiaries’ choice behavior, and allows me to do

additional counterfactual exercise and make new policy recommendations.

A3. Cost Comparison

The following table shows the regression result of the estimated average cost on the

accounting average cost in the administrative data:
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Table A3: Comparison between Estimated and Accounting Costs

Estimated Cost

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

Accounting Cost 0.739*** 0.622*** 0.959*** 1.163***

(0.0181) (0.0193) (0.0173) (0.0102)

Constant 575.5*** 594.5***

(29.11) (19.71)

Insurer FE Y N Y N

N 856 856 856 856

Adjusted R2 0.69 0.55 0.97 0.94

In the specification with no constant, both the coe�cients of the account cost

and the adjusted R2 are close to 1, which suggests that the cost estimates are in the

reasonable range, as well as close to the accounting cost. These results support the

credibility of the bidding model and thus the cost estimates in the counterfactual

exercises. It is also worth noting that adding insurer fixed e↵ects does not change the

coe�cient for accounting costs by much. It could be the consequence of CMS’ strict

scrutiny of insurers’ cost reporting.

A3. Counterfactual Results

The following tables show the results of the counterfactual exercise for beneficiaries in

California from 2007 to 2013:
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Table A4: Counterfactual Spending, Bids, and Profits (Data)

Year
Median
Premium

Median
OOP

Median
Overspending

Median
Bid

Median
Average Cost

Industry
Profit

2007 296 478 152 921 872 21,835

2008 343 348 162 908 893 24,760

2009 413 548 188 1,061 1,042 33,158

2010 451 588 224 1,151 1,062 48,044

2011 481 559 303 1,158 1,088 54,809

2012 578 501 351 1,131 1,102 47,351

2013 575 375 359 1,092 1,066 42,846

Table A5: Counterfactual Spending, Bids, and Profits (Model)

Year
Median
Premium

Median
OOP

Median
Overspending

Median
Bid

Median
Average Cost

Industry
Profit

2007 298 482 169 921 895 20,882

2008 342 358 159 908 914 21,950

2009 412 550 180 1,061 1,024 29,668

2010 451 582 216 1,151 1,070 46,161

2011 481 565 300 1,158 1,088 53,835

2012 566 521 335 1,131 1,098 44,848

2013 545 371 332 1,092 1,050 42,044

Table A6: Counterfactual Spending, Bids, and Profits (Lowest-cost Insurer Consid-
ered)

Year
Median
Premium

Median
OOP

Median
Overspending

Median
Bid

Median
Average Cost

Industry
Profit

2007 301 482 164 921 895 21,981

2008 350 358 167 909 914 24,242

2009 419 553 183 1,069 1,020 31,922

2010 461 580 222 1,153 1,062 48,683

2011 487 566 307 1,158 1,084 55,172

2012 569 512 349 1,128 1,095 47,006

2013 544 359 344 1,112 1,043 45,591
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Table A7: Counterfactual Spending, Bids, and Profits (Full Consideration Set)

Year
Median
Premium

Median
OOP

Median
Overspending

Median
Bid

Median
Average Cost

Industry
Profit

2007 300 483 169 921 898 20,890

2008 346 360 164 909 915 22,226

2009 414 553 178 1,066 1,009 30,322

2010 457 582 220 1,149 1,064 47,347

2011 485 565 305 1,157 1,085 54,503

2012 562 516 342 1,128 1,094 44,291

2013 535 359 332 1,102 1,041 42,629
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Chapter 5

Conclusions

In my dissertation research, I find the following results in the Medicare Part D program.

First, prescription drug plans that work with larger pharmacy benefits managers

do not seem to have more extensive coverage. Formularies are the most similar for

plans o↵ered by the same insurers, which suggests that formulary design might be

conducted mostly at the insurer level.

Beneficiaries’ choices of prescription drug plans only improve minimally when

there are fewer plans and when the plans are more di↵erentiated. However, new

beneficiaries are less likely to participate in the program when are fewer available

plans, and recurring beneficiaries are less likely to switch plans. As higher rate of

program participation might be preferable to policymakers, and more frequent choice

re-optimization might benefit Medicare beneficiaries, future policies aiming to improve

choice quality by limiting choices of health insurance could warrant more caution.

Medicare beneficiaries are more elastic to plan premium than what previous studies

have found, and they are more likely to consider plans o↵ered by insurers with higher

amount of advertising spending. I find that suggesting the lowest-cost insurer to

beneficiaries would increase their overall spendings, while nudging beneficiaries to

consider all insurers could help them and Medicare achieve moderate savings. Since the

Medicare has rich information about beneficiaries’ choice and use of their prescription

drug insurance from the Medicare Part D program, along with their medical records

from other programs, there is some scope for additional saving from and e�ciency

improvement the public insurance programs. The lessons learned in the Medicare Part
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D program could also be lent to other programs to achieve preferable policy goals.
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Hastings, J., Hortaçsu, A., and Syverson, C. (2017). Sales Force and Competition
in Financial Product Markets: The Case of Mexico’s Social Security Privatization.
Econometrica, 85(6):1723–1761.

Heiss, F., Leive, A., McFadden, D., and Winter, J. (2013). Plan selection in Medicare
Part D: Evidence from administrative data. Journal of Health Economics, 32(6):1325–
1344.

Heiss, F., McFadden, D., Joachim, W., Wuppermann, A., and Zhou, B. (2016).
Inattention and Switching Costs as Sources of Inertia in Medicare Part D. NBER
Working Paper No.22765.

Ho, K., Hogan, J., and Scott Morton, F. (2017). The impact of consumer inattention
on insurer pricing in the Medicare Part D program. RAND Journal of Economics,
48(4):877–905.

Hong, J. (2014). The Threat of Exclusion in Bargaining : Evidence from Medicare
Part D. Working Paper, pages 1–41.
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