
Regulation of insurance with adverse selection and

switching costs: Evidence from Medicare Part D

Maria Polyakova∗

January 2015

Abstract

I take advantage of regulatory and pricing dynamics in Medicare Part D to empirically
explore interactions among adverse selection, switching costs, and regulation. I first docu-
ment novel evidence of adverse selection and switching costs within Part D using detailed
administrative data. I then estimate a contract choice and pricing model that quantifies
the importance of switching costs for risk-sorting. Conceptually, how switching costs af-
fect selection depends on evolution of contract space relative to initial conditions. In Part
D, switching costs help sustain an adversely-selected equilibrium and mute the ability of
ACA policies to improve risk allocation in this important marketplace.
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1 Introduction

Outsourcing a public health insurance benefit to private insurers creates a familiar trade-off

between potential efficiency gains from competition and potential efficiency losses from adverse
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selection. We know much less, however, about the role of other market imperfections in compet-

itive insurance settings. In this paper, I utilize the institutional environment of Medicare Part

D prescription drug insurance program, to empirically analyze how switching frictions affect

the re-distribution of risks across insurance contracts in response to market evolution, as well

as how they alter the consequences of regulatory interventions that directly change the contract

space.

Medicare Part D is a large insurance program introduced in 2006 that currently enrolls

approximately 32 million beneficiaries, with annual federal spending of around $63 billion.

This heavily subsidized benefit is administered entirely by private insurers that are extensively

regulated. The insurers offer a variety of plans, making individual contract choice a prominent

feature of the program.

Motivated by the evolution of the regulatory and pricing environment of Medicare Part D, I

use the detailed administrative records on individual-level enrollment decisions, ex ante health

risk, and realized ex post spending in the program, to explore how switching costs interact with

adverse selection and with the regulatory interventions that exogenously change the relative

generosity of plans. The paper argues that, conceptually, whether switching costs ameliorate or

exacerbate adverse selection depends crucially on how both the relative prices and the relative

coverage generosity of contracts evolve in comparison to the initial conditions. For instance, in

an environment where, absent switching frictions, the degree of adverse selection would have

declined over time, switching costs will have a counter-intuitive effect of exacerbating adverse

selection. While the classical models of adverse selection leave little space for the possibility of

adverse selection declining over time, in practice regulatory interventions or insurer decisions

in complex marketplaces may well lead to such developments. As a specific example consider

a situation, where in the presence of a less and more generous contract the regulator mandates

the less generous contract to increase its coverage.

The observation that the interaction between switching frictions and adverse selection de-

pends on the evolution of the contract space has direct policy implications. First, my findings

suggest that implementing a nudging policy in the Part D environment would not lead to the
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unraveling of the market, as conventional wisdom may suggest. Second, health insurance mar-

kets are frequently characterized by regulatory interventions that change contract features -

some of these policies directly attempt to reverse adverse risk-sorting dynamics. Taking the ex-

ample of contract space changes envisioned in Medicare Part D under the Affordable Care Act,

the paper demonstrates that switching costs may mute the effectiveness of policy instruments

designed to ameliorate adverse selection.

The paper is structured as follows. The key pieces of Part D’s institutional environment

that are necessary for the subsequent empirical analysis are summarized in Section 2. Section

2 also describes the sample of the nationwide administrative data from the Centers of Medicare

and Medicaid. In Section 3, I turn to the descriptive analysis of the data.

The data suggest that despite numerous regulatory provisions designed to mute adverse

selection in this market, both cross-sectional and dynamic selection exist in Medicare Part D.1

Surprisingly, given the extent of policy attention to this concern, adverse selection in Medicare

Part D has received little attention in the empirical literature.2 To fill this gap, I document

several pieces of evidence for the presence of adverse selection. First, I present the results

of the cross-sectional positive correlation tests as described in Chiappori and Salanie (2000).

These tests suggest a large degree of asymmetric information: the most generous plans attracted

individuals whose annual drug spending was more than a standard deviation above the spending

in the least generous plans. Although it is typically hard to disentangle selection from moral

hazard in the positive correlation tests, Medicare Part D setting provides me with a way of

addressing this problem. I use a rich set of moral hazard-free ex ante diagnostic information

about the beneficiaries to recompute the positive correlation tests, isolating the lower bound

of the cross-sectional adverse selection. These tests reveal that the most generous contracts in

1It is important to note that I evaluate and define adverse selection as the inherent sorting of risks across
contracts. I do not explicitly consider whether this inherent risk-sorting is ex-post successfully mitigated in
insurers profits though a multitude of CMS risk-adjustment and reinsurance policies that the federal government
has put in place to combat selection in Part D. We can think about the exercise as testing for whether there
is in fact a reason for the government to be implementing these policies. Implicitly, however, the evidence of
selection spirals demonstrates that the existing mechanisms to combat adverse selection have been imperfect
and ineffective in insuring access to generous coverage on the market.

2To the best of my knowledge, no systematic analysis of selection in the spirit of the established literature
testing for asymmetric information has been conducted in this important setting.
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Medicare Part D attracted individuals with substantially higher (about $730 a year) expected

spending. Consistent with these cross-sectional results is also the evidence of dynamic adverse

selection, which we see in the rapid unraveling of the most generous contracts.

I then turn to the question of whether Medicare Part D exhibits switching costs, which may

be an important factor in understanding the over time dynamics of the risk-allocation patterns

highlighted above. While the literature has focused on the “inconsistency” of individual choices

relative to a perfectly rational benchmark (e.g. Abaluck and Gruber 2011, 2013; Heiss et al.

2013; Ketcham et al. 2012), I do not assess the efficiency of choices here; rather, I document

that, whichever choices individuals make, changing their initial choices appears costly.

Identifying switching costs or “true” state dependence separately from unobserved hetero-

geneity is a notoriously difficult problem (e.g., Heckman, 1991). Medicare Part D’s institutional

setting and administrative records, however, provide nearly ideal variation and data for docu-

menting the presence of structural state dependence. First, there is substantial variation in the

choice set that is available in the program over time. Second, every year, new beneficiaries enter

the program, as they become eligible for Medicare upon turning 65. Using this variation, I show

that choices of the “continuing” cohorts persistently reflect the market conditions of the year

in which these individuals made their first choices, while the choices of the otherwise similar

newly entering cohorts are different and reflect the current market conditions. This approach to

documenting switching costs is in the spirit of Handel (2013)’s approach to documenting inertia

in employer-provided health insurance. Consistent with the cross-cohort choice comparison, I

also find that existing cohorts are less price-sensitive than the newly entering cohorts. These

findings provide micro-level identification for the presence of switching costs in Part D and

thus support the hypothesis made in the earlier literature based primarily on aggregate data

(Ericson, 2013) that inertia is an important feature of this market.3

With the reduced-form evidence of adverse selection and switching costs in hand, I proceed

to a utility-based choice model of the individual preferences for insurance plans in Section 4.

3In contemporaneous work, Ho, Hogan, and Scott Morton (2013) document that switching is rare in Part
D and analyze channels that may be driving switching, as well as the implications of these market features for
supply-side behavior.

4



I estimate a flexible choice model that admits heterogeneous preferences and private informa-

tion about health risk, and allows me to quantify switching costs, adverse selection, and the

individuals’ willingness to pay for different contract features conditional on their risk. Impor-

tantly, the presence of off-equilibrium contracts in the first two years of the data, allows me

to estimate preferences for a variety of coverage levels that reduce the necessity to extrapolate

the model far out-of-sample in the counterfactual analyses. The estimation results, discussed in

Section 5.1, suggest that switching costs are large and critical for explaining enrollment paths

over time. The estimates further suggest that information about risk plays an important role

in determining individual choices, which is consistent with the descriptive evidence that the

self-selection of beneficiaries in the Part D environment leads to adverse selection.

Counterfactual analyses in Sections 5.2 and 5.3 utilize the estimated choice model to explore

the complex interactions among adverse selection, switching costs, and minimum standard

policy regulations in the Medicare Part D setting. The textbook model of adverse selection in

insurance hinges on the idea that costlier individuals will choose the most comprehensive plan;

this plan will experience high costs and will have to increase its premium. In turn, the least

costly individuals will drop out of the plan and the spiral will continue unraveling. It then seems

intuitive that if we introduce a switching friction into this model, it may stop the unraveling

process right at the first loop: if the friction is sufficiently high, no individuals will leave the

most comprehensive plan despite the increase in its price. Indeed, Handel (2013) provides

an empirical example of switching costs restricting the selection spiral in an employer-provided

health insurance setting. In that setting, the relative price of a more generous contract increases

over time, but individuals do not re-adjust their choices due to switching costs. This evidence

is sometimes interpreted as confirming the intuition that switching costs must be helpful in

ameliorating adverse selection.4 In general, however, the direction of the effect of switching

costs on selection is ambiguous. If the relative price of the more comprehensive contract fell

instead of increasing over time, the result would have likely been the opposite.

4Handel (2013), however, points out that the direction of the results is specific to the considered environment
and enrollee population.
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In practice, the latter possibility of relative premiums, or relative coverage, falling, is espe-

cially relevant in more complex insurance settings, such as public health insurance exchanges.

In such settings, a large number of competing plans are differentiated both vertically and hori-

zontally, their prices and characteristics are affected by a host of regulatory interventions, and,

due to complex subsidy provisions and strategic pricing, the relative premiums of plans may

not perfectly reflect the actuarial differentials among them. The combination of these factors

implies that in such markets the relative price of a more comprehensive contract, for example,

may go down rather than up, or its characteristics may adjust relative to the other contracts

in a way that favors less acute sorting. For example, in Medicare Part D, we observe that the

government incrementally decreases the relative generosity of the most generous plans overtime

by mandating higher coverage levels for less generous plans. In such cases, the switching cost

would have the unintuitive effect of exacerbating the adverse selection concern. This conceptual

mechanism is illustrated in Figure 1. In Section 5.2, I discuss two empirical equivalents to Figure

1. These empirical examples use a significantly simplified, yet realistic, version of the Part D

contract space that illustrate the opposite effects that switching frictions may have on selection.

In the same section, I proceed to describe the full counterfactual simulation that considers all

contracts offered in Medicare Part D. In this simulation I find that Part D market evolved in

a way that made switching costs support, rather than mute, adverse selection. Specifically, I

find that without the switching friction, the difference in the average risk between the least and

the most generous contracts would have been 21% lower. While this conclusion incorporates a

standard assumption that contract characteristics, except for price, follow the pattern observed

in the data (in the sense that I do not let choices of coverage levels be endogenous to inertia

or other market forces in the model), this assumption is potentially less stringent relative to

a standard product-market setting, because some product characteristics here are driven by

incremental exogenous changes to the Standard Defined Benefit that likely do not depend on

inertia.

Indeed, a common channel driving the changes in the relative prices and generosity of con-

tracts in public health insurance settings is regulatory intervention. The fact that switching
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costs alter the response of risk-sorting to contract changes implies that switching costs will also

significantly alter how policy instruments used by the government to regulate this market will

impact the allocation of risk. In Section 5.3, I explore this hypothesis on the example of Part D’s

minimum standard regulation. This regulation - the so-called Standard Defined Benefit (SDB)

- specifies the minimal amount of coverage that the participating insurers have to offer in their

plans. The regulation is dynamic, in that the government adjusts the minimum requirements

every year by raising the standard deductible levels and increasing the coverage limits. Consid-

ering this particular regulation is highly policy-relevant, as the provisions of the Affordable Care

Act (ACA) envision significant expansion of the minimum benefit to eventually eliminate the

infamous “donut hole”. My simulations suggest that switching costs will significantly mute the

ability of the minimum standard regulation to change the distribution of risks across contracts.

For example, I estimate that without switching costs, the expansion of the minimum standard

by “filling” the donut hole would substantially reduce adverse selection; with switching costs,

however, this expansion has little effect on sorting. In the spirit of the theory of second-best,

these results demonstrate the importance of accounting for the interaction among different mar-

ket failures in health insurance markets and how the correction of one market failure, such as

demand-side frictions, may change the effect that regulatory instruments targeted at correcting

a different market failure, such as adverse selection, have on the market.

The analysis in this paper is related to several literatures. First, the paper is related to the

growing body of literature that analyzes the Medicare Part D program. Most of this literature

has focused on assessing the rationality of individual decisions (Heiss et al. 2010, 2013; Abaluck

and Gruber 2011, 2013; Kesternich et al. 2013; Ketcham et al. 2012; Kling et al. 2012). Heiss

et al. (2009) note the stark growth in Part D premiums for generous coverage and acknowledge

that adverse selection may be an important concern in this highly regulated setting. They

allow for selection in their simulations of a life-cycle choice model in an environment stylized to

reflect the key features of Medicare Part D. Several papers in this literature have suggested that

switching costs may be present in the program. In addition to the analysis in Ericson (2013) that

documents evidence of insurer pricing strategies consistent with the presence of inertia, Miller
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and Yeo (2012) assume that the Medicare Part D market exhibits consumer inertia and include

a switching cost parameter in their choice model estimated on the market-level data. Further,

Abaluck and Gruber (2013) in their analysis of choice inconsistencies allow for switching costs

separately from other choice imperfections. Ketcham et al. (2012), on the other hand, suggest

that inertia is not of key concern in Part D. Some of the other work analyzing Medicare Part D

has looked at the impact of Part D on prescription drug consumption (Yin et al. 2008; Duggan

and Scott Morton 2010); the role of low income subsidy regulation (Decarolis, 2013); the welfare

of reducing choice (Lucarelli et al., 2012); and the moral hazard response to non-linearities of

the contracts (Einav et al., 2013). Duggan, Healy, and Scott Morton (2008) provide an extensive

overview of the program’s design.

Second, beyond the Medicare Part D setting, the paper is related to the growing empirical

literature that analyzes asymmetric information, regulation, contract design, and welfare in both

employer-provided and public health insurance settings. Einav, Finkelstein, and Levin (2010)

provide a systematic overview of the literature in this vein. The current paper builds upon

the insights in the work on the interaction between adverse selection and minimum standard

regulation in Finkelstein (2004), as well as on the interaction between adverse selection and

inertia in an employer-provided insurance setting in Handel (2013).

Third, the paper also relates to the growing literature on inertia and defaults in a variety of

public finance settings: among recent examples are Chetty et al. (2013), Beshears et al. (2013),

Hastings et al. (2013) and Luco (2013), who document such patterns in retirement savings

accounts in Denmark, the US, Mexico, and Chile respectively, and Nosal (2012), who estimates

switching costs in Medicare Advantage. Finally, methodologically and conceptually, the paper is

related to a broad literature in industrial organization that assesses the impact of switching costs

and incumbent advantages on market outcomes in a variety of settings (Farrell and Klemperer

2007 provides a survey), as well as the vast literature on private market regulation (Joskow and

Rose 1989; Armstrong and Sappington 2007).
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2 Institutional Setting and Data

Basics of Medicare Part D

Medicare is a public health insurance program for the elderly and disabled in the U.S. Until

2006, standard Medicare insurance, so-called Parts A and B, covered hospital and physician

services, but not prescription drugs. In 2006, Medicare Part D prescription drug coverage was

launched as part of the Medicare Modernization Act of 2003, becoming the largest expansion of

Medicare since its introduction in 1965. While Medicare bears the greater share of Part D costs

(CBO projects 2013 spending on Part D to be $63 billion or 2% of the 2013 budget outlays),

the actual administration of the Rx benefit and part of the actuarial risk have been outsourced

to private insurers. In 2012, Part D covered around 32 million beneficiaries (Hoadley et al.,

2012) - 62% of these were enrolled in stand-alone prescription drug plans (PDPs), which are

the focus of the current paper.

Medicare Part D coverage is voluntary. Eligible individuals have to actively enroll in one

of more than 30 stand-alone Rx plans offered in their state of residence during annual open

enrollment period or when they first become eligible, e.g. turn 65. Once enrolled, beneficiaries

pay premiums on the order of $400 − $500 a year, and in return insurers pay for prescription

drug purchases subject to a deductible, co-payments or co-insurance, and coverage limits. Ben-

eficiaries stay in their chosen plan for a year and may change their choice during the open

enrollment period next year. If beneficiaries make no changes to their plan choice in subsequent

years, CMS will continue enrolling them in their first chosen plan unless it is terminated by the

insurer. The fact that individuals self-select into plans and have a “default” plan if they do not

take any action after their first enrollment will be important for my analysis.

Data – baseline sample

I utilize the detailed administrative data provided by CMS that comprises a 20% random

sample of Medicare beneficiaries nationwide for years 2006-2009. The data provides basic

demographic and detailed health information about the beneficiaries, the characteristics of all

Part D plans available in each region of the country, the enrollment choices of the beneficiaries,
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and subsequent prescription drug spending for those who enrolled in Part D. I make a number

of restrictions to the original sample of 40.3 million beneficiary-year observations to isolate the

part of the market where 65 year old and older enrollees self-sort into a cleanly observable

set of Part D contracts. These restrictions bring the sample down to 5.3 million individual-

year observations.5 This baseline sample has individuals that chose to enroll in a stand-alone

prescription drug plan and did not receive any additional subsidies from the government that

would have distorted the monthly premiums or cost-sharing characteristics of the choices. Since

in the econometric choice model I need to observe individual’s choices over consecutive years, I

also construct a panel sub-sample of the baseline sample. This sub-sample contains individuals

whose choices and utilization can be observed from the first year they enter the program to

2009. The panel sub-sample has 3.7 million beneficiary-year observations on approximately 1

million unique individuals.

Table 1 provides the summary statistics of the observed demographic and risk related vari-

ables for the full sample, the baseline sample and the panel sub-sample. The individuals in

the baseline sample are on average 76 years old, 64% female, predominantly white (95%), with

annual average drug spending of about $1,900. The panel sub-sample looks very similar, albeit

a year younger on average and with slightly lower annual spending. In comparison to the full

sample that includes beneficiaries eligible for both Medicare and Medicaid, non-enrollees, and

those who qualified for Medicare before turning 65, the baseline sample has individuals that

are older, more often white and more often female. Overall, the baseline sample has somewhat

healthier individuals compared to the full Medicare population, as measured by the average

risk score of 0.9, which is 10 % below the population average that by construction is 1.

Regulatory environment and the nature of the observed contract space

The nature of Medicare Part D’s contract space is driven by a minimum standard regulation.

Medicare has designed a so-called Standard Defined Benefit (SDB) for the Part D program and

insurers are required to provide coverage that gives at least the same actuarial value as the SDB.

The SDB has an unusual design that features a relatively low deductible, flat co-insurance rate

5More details on data construction are available in Appendix; Table A.1
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of 25% up to the initial coverage limit (ICL) and subsequent “donut hole”, or coverage gap,

that has a 100% co-insurance until the individual reaches the catastrophic coverage arm of the

contract. Figure 2 illustrates what these cost-sharing features imply for individual out-of-pocket

spending.

A crucial feature of the institutional setting, which generates cross-sectional variation in

contract characteristics, is that insurers are allowed to adjust and/or top up the SDB contract

design. As a result, contracts offered by Part D insurers are highly multidimensional and vary

on a variety of characteristics that differentiate them from the SDB minimum. Some of this

differentiation is purely financial - contracts can change cost-sharing thresholds, co-pay and

co-insurance levels, and may offer coverage in the “donut” hole. Other differentiating features

are more related to the quality of the insurance provider.

Despite the multi-dimensionality of contracts and official counts of more than 1,500 contracts

in the Part D program, there are three stylized facts about this market that haven’t been

emphasized in the literature, but allow me to simplify the description of the contract space.

First, each insurer in practice offers the same menu of 2-3 contracts in all Part D regions in

which it operates. Second, insurers tend to adjust only premiums, but not other contract

features across different regions. Third, insurers tend to keep the “types” of contracts in their

menu fixed over time, adjusting the key characteristics only to the SDB policy changes. Using

these three stylized facts, I classify all contracts into four types. Contracts that offer the

standard-defined-benefit level of deductible and initial coverage limit are classified as Type 1

contracts. Type 2 contracts offer a reduced deductible (usually reduced all the way to zero), but

still the standard level of the initial coverage limit. Type 3 contracts offer a reduced deductible

and partial coverage (usually coverage of generics) in the gap beyond the ICL, while Type 4

contracts offer a reduced deductible and full coverage in the gap.

In addition to the cross-sectional complexity of the contract space, there is substantial over

time variation in the characteristics and premiums of the plans. The time-series changes are the

outcome of both the market-driven adjustments of contract characteristics by insurers, as well

as of annual changes in SDB regulation. We observe in Figure 2 the annual adjustments to the

11



levels of standard deductible and coverage limit. In addition to the regulatory adjustments of

contract features, there were substantial additional changes in premiums that differed greatly

across plans. These differential adjustments to premiums of different contract types resulted

in relative premiums changing substantially over time. For example, the relative premiums

for Type 3 contracts (relative to Type 1) increased by 25%, while the relative premiums for

Type 2 fell over time by 73%. These market dynamics motivate the question, pursued in this

paper, about the role of switching costs in determining the allocation of risks across contracts

in an environment where the relative attractiveness of choices evolves due to market forces and

regulatory interventions.

3 Descriptive evidence

3.1 Adverse selection in Medicare Part D

The theory of adverse selection suggests that more comprehensive insurance contracts are likely

to attract an adversely selected risk pool of individuals with higher health risks. In practice, the

literature does not always find evidence of adverse selection in insurance markets (Finkelstein

and McGarry, 2006), which suggests that the presence of selection is ultimately an empiri-

cal question. In this section, I document novel empirical evidence for the presence of adverse

selection in Medicare Part D. To begin with, I present the cross-sectional correlation test as

described in Chiappori and Salanie (2000) using the ex-post realized drug expenditures. This

exercise detects the presence of asymmetric information and follows the well-established testing

literature reviewed in Einav et al. (2010). I then provide two pieces of additional evidence that

help disentangle selection from moral hazard, which is a common concern in health insurance.

First, I repeat the Chiappori and Salanie (2000) test using ex-ante information about individu-

als’ health summarized in a risk score index. Second, I document the presence of two selection

death spirals in the early years of the program. It is important to note that in this section

I evaluate and define adverse selection as the inherent sorting of risks across contracts. I do
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not explicitly consider whether this inherent risk-sorting is ex-post successfully mitigated in

insurers profits though a multitude of risk-adjustment and reinsurance policies that the federal

government has put in place to combat selection in Part D.6 We can think about the exercise

as testing for whether there is in fact a reason for the government to be implementing these

policies. Implicitly, however, the evidence of selection spirals demonstrates that the existing

mechanisms to combat adverse selection have been imperfect and ineffective in insuring access

to generous coverage on the market.

Figure 3 illustrates the first positive correlation test graphically. It plots the average realized

drug spending in each region by contract type in 2006. We can see the stark differences in the

expenditures in the more and less generous contracts. The differences are especially striking

for 2006, as it contains data for several Type 4 contracts that have realized average annual

spending on the order of $4, 000 in all regions, as compared to $1, 500 in the Type 1 contracts.

The differences in expenditures shrink slightly in later years, as the high risks of the unraveled

Type 4 contracts become integrated into the rest of the market, but there still remains a

substantial difference between Type 1 and Type 3 contracts (graphical representation of other

years is available in Appendix).

Table 2 presents the formal specification of the test for the presence of asymmetric infor-

mation. The test is done using the baseline sample pooled for years 2007-2009 that includes

observations for which risk scores and claims are accurately measured for the whole year. Since

insurers are allowed to price the same contracts differently in different regions, the test controls

for region fixed effects. The regression specification takes the following form:

Yirt = αr + δt +
k=4∑
k=2

βk1{ContractTypeit = k}+ εirt (1)

where i indexes individuals, r indexes regions and t indexes years. I use realized total drug

6There are three key policies that the government uses to ex-post adjust insurer profitability from bad risk
pools. First, government subsidies to insurers are adjusted to account for enrollees’ risk scores. Second, at very
high spending level,s the government directly picks up 80% of the bill, leaving the insurer liability limited to 15%
with the remaining 5% paid by the patient. Thirds, so-called risk corridors ensure that insurance companies do
not suffer large overall losses at the end of one fiscal year of operations.
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spending as the first outcome variable in Column (1). Since the goal of the exercise is to

test whether higher risk individuals sort into more generous contracts, the spending variable

does not account for the cost-sharing provisions of the plans. The results suggest that more

generous contracts have higher spenders. For instance, contracts with full gap coverage attract

individuals with realized drug spending that is more than a standard deviation higher than in

the plans with minimum standard coverage.

Since the correlation tests that use the realized spending as the outcome variable capture

both adverse selection and moral hazard, I repeat the testing exercise using risk scores as

the outcome variable in Column (2). Risk scores are constructed using ex-ante diagnostic

information from Medicare Part A/B (hospital and physician) claims and therefore do not reflect

any effects of plan structure on spending that may show up in the tests that use drug spending

as the outcome variable. CMS uses risk scores to adjust subsidy payments to insurers.7 Using

the risk score measure gives qualitatively similar results, although the magnitude of differences

is smaller. To give a more meaningful interpretation to the results with risk scores, in Column

(3) I project drug spending onto risk scores and use the projection as the outcome variable

in the correlation test. This exercise expresses the risk scores in dollars of expected spending.

Since risk scores do not have the moral hazard aspect, this projection gives me the lower bound

on how much of the estimated differences between the realized spending in different types of

plans can be attributed to adverse selection on ex ante observed (and thus potentially priceable)

risk. The results remain qualitatively similar. Although this measure accounts for only about a

third of the differences that were observed in the first regression, the differences are still large in

the absolute sense, corresponding to more than 100% of the average annual premiums. Figure

3 illustrates the moral hazard-free results graphically. Instead of comparing just the average

expected risk, this figure plots the whole empirical CDF of the ex-ante risks in different types

of contracts in year 2006. We can clearly see that, indeed, the whole distribution of risks in the

7This implies, if risk adjustment system were perfect, the implications of adverse selection documented here
on premiums would have been mitigated by CMS payments across insureres. As noted above, in that case
we could think about the exercise as testing for whether there is in fact a reason for the government to be
implementing these policies.
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more generous contracts is shifted towards having more mass of higher risks.8

In addition to this evidence of cross-sectional adverse selection, Medicare Part D illustrates

rarely observed evidence of dynamic adverse selection. Despite the extensive efforts of the

regulator to incentivize private insurers to offer Part D contracts with full gap coverage, such

contracts were discontinued after 2007. The selection spiral happened twice, since different

insurers attempted offering full gap coverage in 2006 and 2007, both of them discontinuing full

gap coverage after one year of operation. Type 4 plans with full gap coverage experienced annual

claims that were about twice as high as the claims in plans without gap coverage. Subsequently,

their premiums nearly doubled and enrollment dropped. Up until today no plans in Medicare

Part D program offer full coverage in the gap.

The Medicare Part D environment thus illustrates a rare setting, where an off-equilibrium

plan was in practice offered on the market and then rapidly unraveled. This unique feature of

the data allows me to recover preferences (in demand estimation of Section 4.1) for levels of

coverage that would otherwise have had to be extrapolated from far out of sample.

3.2 Switching costs in Medicare Part D

One objective of this paper is to analyze how risk-sorting among contract types changes in

response to regulatory and market-driven adjustments in the contract menu. We would expect

changes in the relative prices or generosity of the available insurance contracts over time to

induce a re-allocation of risks among them. In the presence of high switching costs, however,

such re-allocation may be completely muted. In this section I begin exploring this interaction

mechanism by first documenting evidence for the presence of switching costs in Medicare Part

D.

In general, documenting evidence of switching costs is challenging, since we need to distin-

guish between the “structural” state dependence and unobserved persistent individual hetero-

geneity (Heckman, 1981a,b; Heckman and Singer, 1986; Heckman, 1991; Honoré, 2002; Honoré

and Tamer, 2006; Dube et al., 2010). Several features of the Medicare Part D environment,

8Risk CDF for years 2007-2009 are available in Appendix Figure A.3
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however, render themselves well to such analysis. First, due to the regulatory changes, en-

try and exit of plans, as well as substantial market-driven over time adjustment in prices and

characteristics of contracts (some of it strategic, see Decarolis (2013)), there is pronounced non-

stationarity in the observed contract space of the program. Second, the Part D environment

allows observing all individuals making their first choice in 2006, as well as younger individuals

making their first choices in years 2007-2009 from the adjusted contract menus. In this section,

I utilize these features of the Part D environment to provide descriptive evidence of choice

behavior consistent with the presence of switching costs as separate from persistent individual

heterogeneity.9 This approach to documenting switching costs is in the spirit of Handel (2013)’s

approach to documenting inertia in employer-provided health insurance.

I find four descriptive patterns in the data consistent with the presence of significant switch-

ing costs in Part D. First, in each year of the program about 90% of individuals enroll in their

“default” plans; for individuals whose default plans significantly change their financial charac-

teristics (and thus their type) this probability is still around 80%. Since premiums and contract

characteristics change substantially from year to year even if plans do not change their “type”,

the high persistence in choices suggests that switching costs may be present; this evidence alone,

however, could just point to very persistent preferences.

As the second piece of evidence, I compare the choices of the newly entering and existing

enrollees in different years. The results are recorded in Table 3. I focus on the individuals

that can be tracked from their first entry continuously to 2009 and whose default plans’ types

were not changed by insurers throughout the observed years. This isolates individuals whose

choices are not conflated with substantial supply-induced re-classification of plan types. Two

patterns are pronounced in the data and consistent with the idea that switching costs play

an important role. First, enrollment shares over time for a given cohort tend to be closely

related to the choices and market conditions of the first year in which the cohort entered the

program. Second, the choices of different cohorts in the same year are very different. For

9Section 4.1 then presents a more formal discussion of the issues related to the identification of the state
dependence parameter in dynamic discrete-choice panel data models.
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example, comparing the choices in 2008 of the cohort that entered in 2006 and the cohort that

entered in 2008, we see that the 2008 cohort is almost twice less likely to enroll in the least

generous Type 1 plan than the 2006 cohort in 2008: 10% vs 19 % enrollment share. Another

persistent difference in choices is visible for the 2007 cohort, which in 2007 was much more

likely to select the Type 3 plan with partial gap coverage than cohorts entering in other years.

Comparing the choices of different cohorts by their choice of different insurer brands rather

than contract types paints a similar picture. Figure 4 records the enrollment shares of the

two biggest insurers in the sample for each year 2006-2009. The enrollment shares are shown

separately for the 65 year olds, who are entering the program anew, and older enrollees with

incumbent plans. We see a striking difference in the 2009 choices. In this year, one of the

insurers (“Insurer B”) - which substantially increased its premiums in 2009 - lost almost all of

its market share with the new enrollees. Only about 5% of the 65 year olds chose to enroll in

the plans offered by this insurer. Among the continuing cohorts, its enrollment share also fell,

but not nearly as dramatically. It remained higher than 20%, implying that in 2009 the existing

cohorts were four times more likely to be enrolled with Insurer B than the new enrollees.

As the final piece of evidence, I use a simple conditional logit regression to test whether

there are statistically significant differences in the price sensitivity of the cohorts of new and

continuing enrollees.10 Under the null hypothesis of no switching costs, we would expect the

coefficients on plan premiums for new (65 y.o.) and existing enrollees of similar age (66 - 70

y.o.) in the same year to be very close to each other. The estimates allow me to reject this

null. I find that price sensitivity is significantly higher in magnitude for 65 year olds than for

all cohorts of 66-70 year olds in years 2007-2009. This does not hold in 2006 when beneficiaries

of all ages are entering the program anew. Furthermore, the estimates of the price coefficient

are virtually identical for each age group among 66-70 year olds, suggesting that the difference

between the estimated price sensitivity for the new and continuing cohorts is not driven by

age differences per se, but instead are related to the lack of switching costs for the 65 year old

beneficiaries.

10The exact specification is discussed in the notes of Table 4 that reports the results of this regression.
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4 Empirical model

4.1 Specification and identification of the contract choice model

The descriptive evidence in Section 3 has documented that adverse selection and switching

costs are present in Medicare Part D. This evidence alone, however, doesn’t allow quantify-

ing the economic significance of these market imperfections, or the extent to which they may

impact regulatory policies. To address these questions, I formulate an econometric model of

how individuals choose which contract to enroll in. The model specifies the choice decision

as a function of the information about the individual health risk, the switching cost, and het-

erogeneity in individuals’ preferences for different features of the contracts. The model takes

a contract-valuation approach rather than a realized utility approach as has been utilized by

Abaluck and Gruber (2011, 2013) in which Part D contract characteristics were projected into

expected out-of-pocket spending under certain assumptions about individual’s expectations.

The contract-valuation approach does not include the expected out-of-pocket spending as an

explanatory variable, as it attempts to make fewer assumptions on how individuals interpret

the financial features of the contracts and on the individuals’ information set about risk at the

time of choice.11 This comes at the cost of not recovering deeper utility primitives, such as

risk aversion. Revealed valuation of contract characteristics, however, is sufficient for assessing

how choices and risk allocation would change with costless switching and in response to policy-

driven changes in the contract space that are reasonably within the realm of observed contract

characteristics. These are exactly the type of counterfactuals that I consider in Sections 5.2

and 5.3.

Specification Each year t an individual i who lives in region r and is enrolled in the

Medicare Part D stand-alone prescription drug program chooses among Jr plans offered by B

insurers. Each insurer b typically offers a menu of up to three plans of different types in each

11Both the contract-valuation and the realized utility approaches to modeling of health insurance choices are
common in the literature. Einav et al. (2010) discuss the trade-offs between these approaches, illustrating the
contract-valuation approach on the work of Bundorf et al. (2012) on pricing in the employer-provided health
insurance.
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region. The plans of the same type offered by the same insurer are likely to have the same

characteristics, but different premiums in different regions. Some plans are offered only in a

subset of regions. These two features of the program imply that Jr varies by region. The plans

in each Jr can be projected into the same set of observed characteristics. While in principle the

plans could be characterized by a very high-dimensional vector of characteristics available from

the administrative records, in practice I have to take into account which characteristics of the

plans are feasibly observed by beneficiaries when they are making their choice. I let individual

i’s utility from choosing plan j (where “plan” is region-specific, so r-indexing is suppressed) in

year t be given by:

uijt = −αpjt + βitφjt + γit1{Default}ijt + εijt (2)

εijt ∼ iid Type 1 EV

Utility thus depends on the annual premiums charged by the plan in a given region in a given

year pjt, the characteristics of the plan φjt, and whether j was a default plan for individual i in

year t, where the default plan is usually the plan chosen in t− 1.12 Individuals are assumed to

choose a plan that gives them the highest utility. An important assumption that is implicit in

this formulation of the utility function is that individuals are myopic in their choice of plans. In

other words, I am assuming away a possibility that individuals, for example, expect a plan that

is cheap today to become very expensive tomorrow and thus choose a suboptimal plan today to

avoid paying the switching cost tomorrow. Further, this formulation assumes that individuals

choose the option with the highest “perceived” utility, which may not necessarily correspond to

the highest “objective” valuation of plans as financial contracts (indeed, Abaluck and Gruber

(2011, 2013) suggest that beneficiaries are choosing their plans inconsistently with the objective

efficiency frontier). For the analysis of risk-allocation and choices in counterfactual scenarios,

however, this “subjective” utility is exactly the object of interest.

12To construct the “default” variable I use the administrative records of which plans were renewed over
time, which plans were discontinued and which plans were consolidated. In cases where plans were renewed or
consolidated, CMS would default individuals in the same (if renewed) or designated new (if consolidated) plan
if individuals took no action to change their choices. In rare cases when plans were terminated, individuals are
recorded to have no default plan in that year.
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I let the characteristics component of the utility function φjt include the following:

βitφjt = β1itDeductiblejt + β2itICLjt + β3it1{Partial coverage in gap}jt + (3)

+ β4it1{Tiered Cost Sharing}jt + β5it1{LIS eligible plan}jt + β6i1{Brand}j

This specification assumes that conditional on insurer, differences in plans can be accounted

for by the deductible level, the initial coverage limit and a set of indicators on whether or

not the plan offers partial coverage in the gap, whether the plan uses fixed dollar co-payments

or co-insurance percentage, and whether the plan is eligible to enroll individuals with low-

income subsidy. The included characteristics capture a substantial amount of variation among

plans, since many features that are not explicitly included, such as the quality of services,

pharmacy network quality, and the generosity of drug formularies are insurer-level rather than

plan-level characteristics. The features of the plans included in this specification correspond to

the information that individuals had readily available from front-end consumer advertisement

materials by a typical insurer on its 1-3 different contracts.

Beneficiaries in health insurance markets differ in two key ways - in their preferences for

different contract features, as well as in how costly they are for the insurers. Individual pref-

erences, in turn, may reflect both individual health risk as well as horizontal tastes and risk

aversion that may or may not be correlated with the expected drug spending. To capture

these features of insurance demand in the model, I first allow for rich observed heterogeneity

of preferences in the specification of marginal utility from contract features. Importantly, I

allow individual preferences to depend on the individual’s health risk. I use the full set of

demographics observed in the data - age, gender, and race; as well as proxies for expected

spending - risk scores and an additional flag for having end-stage renal disease diagnosis, which

identifies especially high risks. Vector Dit records this demographic information and risk mea-

sures: Dit = {ageit, genderi, racei, risk scoreit, esrd indicatorit}. The reduced-form evidence for

adverse selection in Section 3.1 suggests that individuals may have more private information

about their expected spending than what is accounted for by risk scores. Thus, I additionally
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allow for unobserved heterogeneity in preferences for the key financial features of contracts. This

is achieved by specifying random coefficients on three key features of the contracts: deductible,

initial coverage limit, and partial gap coverage. The distribution of the random coefficients

is assumed to be normal. I interpret this unobserved heterogeneity as at least partially likely

stemming from the private information about health risk not captured in risk scores as well as

from the heterogeneity in risk aversion.13

The assumption behind this specification of heterogeneity is that individuals are aware of

their previous medical diagnoses and what these diagnoses typically imply for drug expenditures.

In other words, the mean of random coefficients is allowed to depend on risk scores, but not on

the realized spending. This advantage of such specificationversus the one that would include

the observed ex-post spending is twofold: first, it takes an ex-ante choice perspective and does

not impose that individuals have exact knowledge about their ex-post realized spending, but

rather have a general understanding that certain diagnostic groups on average cause higher

drug spending; second, it removes the concern about moral hazard in the choice model.14 An

additional dimension of heterogeneity is conceivable with respect to the switching cost. If

switching costs are, for instance, interpreted as search costs, we may think that, for example,

older and sicker individuals have higher switching costs. To capture this possibility, I allow

the switching costs to differ among individuals of different demographic groups and risk types.

All in all, the coefficients on the contract characteristics and the lagged dependent variable are

specified as follows:

βit = πβDit + ψβi , where ψβi ∼ N(ψβ, σ2) (4)

γit = πγDit + ψγ (5)

13Given the results in Abaluck and Gruber (2011, 2013), it is also plausible that some of the estimated
heterogeneity captures the lack of information or incomplete understanding of contract features by enrollees.
To the extent that counterfactual policies considered do not alter the mapping of contract characteristics into
individuals’ assessment of contracts and choices, but rather ask how individuals would reassess their choices if
encouraged to choose again, we can remain agnostic about the exact sources of heterogeneity from the policy-
making perspective.

14To verfiy that this choice of specification does not drive the results, I have estimated the model with ex-post
spending as part of the mean of random coefficients, with and without risk scores as additional mean shifters.
The outcomes of the model and of the counterfactuals do not depend on this specification choice.
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Assuming that an individual chooses the plan that maximizes his or her utility, the model

allows expressing the probability of the beneficiary choosing different plans in his or her choice

set as a function of parameters. I then use the maximum likelihood estimation approach to find

the values of the parameters that best rationalize observed choices.15 Since in the data I can

track the same individuals making several consecutive choices, the estimation utilizes this panel

structure, explicitly modeling the probability of a sequence of choices. While assuming the

extreme value distribution for the taste shocks produces a closed-form probability expression

conditional on the realization of the random coefficients, the unconditional probability involves

integrating out the normally-distributed random coefficients. The latter implies that there is

no analytic closed-form solution for the probability integral that is part of the log-likelihood

function. Thus, the model is estimated using a simulated maximum likelihood (MSL) procedure

as described in Train (2003, 2009) and Hole (2007).

Identification. The identification of the parameters relies on several unique features of

the data. First, to recover the switching costs parameter γ, we have to consider two issues:

distinguishing between the “spurious” versus “structural” state-dependence and the initial con-

ditions problem.16 The inclusion of the unobserved individual heterogeneity through random

coefficients into the model addresses the first issue in a way that is standard in the literature.

The assumption is that the normal distribution in random coefficients correctly captures the

heterogeneity, and thus the lagged dependent variable parameter estimates the“structural”part

of state-dependence. Moreover, in 2007, 2008, and 2009, there were cohorts of 65 year olds that

first became eligible for Medicare and entered the Part D program anew without switching

costs. This implies that in years 2007-2009 of the data I observe individuals choosing with

15As these derivations are standard for a mixed logit model, I omit the details in the paper.
16The concern in the first issue is that the lagged dependent variable in the utility function, which is capturing

the switching cost, will be correlated with (or rather directly a function of) an individual-specific preference
parameter. To illustrate, in a generic binary non-linear dynamic panel model, this would imply that in yit =
1{βxit+yi,t−1γ+αi+εit > 0}, yi,t−1 is a function of αi. Thus, if αi is unaccounted for and left in the unobserved
part of the utility function, the identification assumptions about εi will be violated. The literature on the
non-linear dynamic panel data discusses the two broad approaches to this problem - assuming a parametric
distribution for the unobserved individual heterogeneity (“random effects”), or trying to difference out the
individual effects without functional form assumptions (“fixed effects”), where the latter approach encounters a
lot of challenges given the non-linear nature of the model. Honoré (2002) and Honoré and Tamer (2006) provide
an excellent discussion.
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and without switching costs from the same menu of contracts. The latter feature greatly aids

in separating the persistent individual heterogeneity from the switching friction. The initial

conditions problem does not arise in the current setting, as I observe the first choices for all

individuals in the estimation sample, because the year of the program’s launch is recorded in

the data.

In addition, the descriptive evidence in Sections 2 and 3 suggests that there is substantial

variation in the prices and the characteristics of plans in each year of the program. Such

variation is important, since if the environment were very stable, we couldn’t expect to observe

any changes in choices either with or without costly switching.17 The cross-sectional variation

in the non-price features offered by different plans (such as zero deductible) is generated by the

insurers’ strategy of offering menus of several vertically-differentiated contracts. This strategy

is stable over time, suggesting no contemporaneous responses to aggregate demand shocks. A

lot of time-series variation in non-price contract features is generated by the changes in the

minimum standard policy that annually adjusts the standard deductible and initial coverage

limits. The variation in premiums stems from two sources. First, insurers set different relative

prices for the two or three contract types in their contract menus.18 Second, insurers set

different prices for the same contracts in different geographic regions. All these features of the

data combined, allow for the identification of preferences separately from the switching costs

that are hard to distinguish in more typical observational choice data settings.

Naturally, the rich cross-sectional and time-series variation in the premiums of insurance con-

tracts comes from observational data and not pricing experiments, suggesting that endogeneity

concerns are warranted. The stochastic component of the utility function εij may include un-

observed characteristics of contracts that are correlated both with premiums and individual

choices, leading to an omitted variables bias. For example, an insurer could be advertising a

17Dube et al. (2010) discuss the importance of observing variation in the choice set for the identification of
structural state-dependence; they utilize promotions as generating such variation.

18Some of the variation further reflects the complex price-setting mechanism. The premiums faced by indi-
viduals reflect only a small fraction of the actual prices charged by the insurance providers to Medicare. These
premiums are constructed through a bidding mechanism that ties the individual premiums to the average of
prices charged by all insurers to Medicare; thus, insurers do not know exactly which premiums individuals will
face for the plans in advance of setting prices.
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particular contract in its menu more than other contracts and setting the price of this contract

higher/lower because of that. Note that conditioning on the insurer-specific fixed effects does

not resolve this issue if insurers are advertising a particular contract in their menu. One exam-

ple of such situation in the Medicare Part D setting is the endorsement of selected contracts

by a well-known third party. Several contracts in the portfolio of one insurer were endorsed

by the American Association of Retired Persons; as the names of the contracts and insurers

are not observed in the administrative data due to commercial privacy restrictions, we cannot

include a variable measuring this endorsement directly. At the same time, it would be natural

to assume that the AARP endorsement both leads individuals to select this contract with a

higher probability and allows the insurer to raise prices either to exploit the less elastic demand,

or to cover costs that may arise from the marketing relationship with the AARP. Having such

unobserved characteristics in the stochastic portion of the random utility specification violates

the assumption of no correlation between the observed and unobserved components of utility.

The standard approach in the Medicare Part D literature (Abaluck and Gruber (2011); Heiss

et al. (2013)) has been to assume that the rich observed characteristics capture all the relevant

information about choices. In this paper I utilize an instrumental variables strategy based on

the observations of contracts’ expenditures in the administrative data to improve upon this

approach.

To correct for potential endogeneity, we need an instrumental variable that affects the con-

tract premiums, but is not correlated with the contract characteristics not observed in the utility

function. Since the costs of insurance contracts depend almost entirely on the prescription drug

claims submitted by their enrollees, I use mean lagged realized claims as an instrument for

current premiums. As Medicare regulation suggests, and the pricing model in Section 4.2 con-

firms empirically, contract prices are strongly conditionally and unconditionally correlated with

lagged mean realized claims in the contract. To utilize the lagged mean realized claims in each

contract as an instrumental variable, we need to assume that the variation in this variable is

independent of the unobserved contract characteristics conditional on the observed contract

characteristics. For example, we need to assume that the AARP endorsement does not affect
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the level of realized risks in the contract. This assumption appears plausible, as long as we

believe that the unobserved characteristics do not screen risks. The latter is indeed very likely,

as the reduced-form analysis of Section 3.1 suggests that risk-screening happens primarily on

the gap coverage margin. To operationalize the instrumental variables estimation, I utilize the

control function approach.19

4.2 Empirical model of contract pricing

To analyze the effects of switching costs and the minimum standard regulation on risk-sorting

in Medicare Part D in Sections 5.2 and 5.3, I need to account for how insurers may adjust the

contracts they offer in response to the hypothesized changes in the environment. One standard

approach at the supply-side analysis would be to assume that premiums are determined as

an outcome of a pricing game, such as Bertrand, and are set as a mark-up over the marginal

cost. Making an assumption about the type of game that insurers play and deriving mark-ups

using standard first-order-condition inversion is problematic in the Part D setting due to the

substantial regulatory intervention into insurers’ price-setting. The premiums that individuals

face on this market are not set directly, but are the outcomes of a “bidding” mechanism run

by Medicare. This mechanism determines the payments that insurers get from the enrollees in

premiums and from the government in subsidies. Building a pricing model that accounts for

this regulatory mechanism in Medicare Part D is beyond the scope of this paper and is pursued

19Petrin and Train (2009). Formally, the premium for contract j is a function of observed contract char-
acteristics φj , a variable that affects premiums, but doesn’t otherwise affect the choice decisions zj , and the
remaining unobserved term κj (Section 4.2 discusses the details of the pricing function in the Part D setting):
pj = f(φj , zj , κj). The endogeneity concern arises if κj is correlated with εij in the utility function. Assuming
linearity and additive separability of the unobserved component we have: pj = λφφj + λzzj + κj , which is
the first stage familiar from a linear IV model. As the choice model is not linear in price, however, the 2SLS
technique cannot be applied. One alternative is the control function approach. The idea of this approach is to
empirically estimate κj and condition on it (or its function) explicitly in the utility function. In practice, κj
is calculated as the residuals of the first-stage regression of premiums on the observed contract characteristics
included in the utility function and the lagged claims instrument. In the second step, a linear control function
CF = ωκ̂j is included into the utility function:uijt = −αpjt + βitφjt + γit1{Default}ijt + ωκ̂j + ε′ijt. I assume
that the stochastic part of the utility function ε′ijt has an iid extreme value component that is independent of
κj with the remaining component distributed jointly normal with κj . This assumption returns a mixed logit
model with mixing over the selected characteristics of the contract as well as the error component (Villas-Boas
and Winer, 1999).

25



in follow-up work.20

Instead, here I utilize a hedonic-style approach to empirically relate the premiums faced by

the beneficiaries to the risk portfolio and the characteristics of plans. To alleviate a concern

about potentially radically different pricing techniques in the first year of the program due to

“loss-leader” strategies that, anecdotally, may have been pursued by some insurers in Part D

(and if so, quickly reversed in 2007 as the pricing time series would suggest), I only utilize

data on 2007-2009 price that should reflect a more stable pricing equilibrium that is more

applicable to counterfactuals without consumer inertia. While this approach does not impose

an explicit model of supply-side pricing incentives, it does rely on the information about how

the regulator outlines the pricing process for the plans. When insurance plans submit their

annual bids to the Part D program, Medicare requires them to “justify” the economic validity

of the bids. Participating insurers have to provide information about the spending experienced

by the current enrollees in a given plan in the previous year and how the plan projects these

spending will change in light of any planned changes in plan characteristics (usually those

driven by changes in the minimum standard regulation).21 I therefore include the moments

of the lagged spending distribution and the key financial characteristics of the plans as the

primary components of this pricing regression. Medicare allows plans to include administrative

costs and desired profit margins for the plans, which I assume are insurer-specific and so can

be picked up by insurer fixed effects. The full specification takes the following form:

E[Yjbt|.] = αb + δr +M ′
jbt−1β + (6)

+ γ1Dedjbt + γ2ICLjbt + γ31{PartialGap}jbt

where j indexes plans (where “plan” is region-specific), b indexes insurers (brands), r indexes

20Decarolis, Polyakova, Ryan “The Welfare Effects of Supply-Side Regulations in Medicare Part D”, 2014
working paper

21For example, from CMS 2007 regulation (“Call Letter”): “In order to prepare plan bids, PDP Sponsors will
use HPMS to define their plan structures and associated plan service areas and then download the PBP and Bid
Pricing Tool (BPT) software. For each plan being offered, PDP Sponsors will use the PBP software to describe
the detailed structure of their benefit packages and the BPT software to define their bid pricing information.
Each formulary submitted by April 17, 2006, must accurately crosswalk to a plan (or set of plans) defined during
the bid process. The combination of the PBP and BPT for a plan comprises a bid.”

26



34 Part D regions, t indexes years. Yjbt is the annual premium charged to the beneficiaries by

plan j of insurer b in year t. Vector M contains several moments of the distribution of drug

expenditures experienced by plan j in year t−1, including the mean, the standard deviation, the

inter-quartile range and the tail percentiles. The moments of the lagged risk distribution and

the key characteristics of the plans together with the region and insurer fixed effects account

for 80% of the variation in the data on premiums over years 2007-2009. As expected, plans

with higher lagged mean annual spending, or plans that offer a lower deductible, higher ICL or

partial coverage in the gap are more expensive.22

5 Results

5.1 Parameter estimates and assessment of fit

Parameter estimates Table 5 records the detailed parameter estimates of the preferred model

specification with the control function instrumental variables approach.23 The willingness-to-

pay estimates in the following discussion are calculated by dividing the parameter estimate

for a given plan characteristic or demographic interaction by the coefficient on price. The

first estimate of interest is the magnitude and the heterogeneity of the switching cost. The

switching cost is estimated to be large, but not to vary among demographic and risk groups

in an economically significant way. For example, a 75 year old white female with no end stage

renal disease and an average health risk with expected total drug spending of about $2, 190 is

estimated to face a switching cost of $1, 164; while an 80 year old white male with no ESRD and

twice the expected risk is estimated to face a switching cost of $1, 253.24 While there is some

22 More detailed results are reported in Appendix Table A.5.
23Table 6 compares parameter estimates from several specifications of the choice model. We observe that

instrumental variables strategy slightly increases the magnitude of the price coefficient, as we would expect if
the unobserved characteristics in the utility function are positively correlated with the premium and the choice
probability.

24The estimated order of magnitude is roughly similar to other findings in the health insurance literature.
Handel (2013) estimates the switching costs to be about $2, 000 in the context of employer-provided health
insurance; Nosal (2012) estimates the switching cost in Medicare Advantage health plans for seniors to be about
$4, 000. Using a different choice model, Abaluck and Gruber (2013) estimate the switching costs in Medicare
Part D to be on the order of $600−$700, which is lower than what my estimates suggest in the willingness-to-pay
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risk-related heterogeneity in the magnitude of the switching friction, it is not large enough to

suggest that whether lower or higher risks tend to stay in their plans could drive the selection

patterns. I estimate that switching cost are increasing in the observed risk at the rate of $74

for an additional unit of risk score; in other words, an individual with twice as high expenditure

risk has a 6% higher switching cost. The switching cost is also increasing with age at the rate

of about $3 per year.

The second set of estimates sheds light on the role of information about risk for the choice

of contracts. Consistent with the reduced-form tests for adverse selection in Section 3, I find

that beneficiaries with higher health risk value the generosity of coverage more than individuals

with lower risks. For instance, individuals with a risk score that is twice the Medicare average,

are willing to pay $22 more, on average, for each additional $100 of the initial coverage limit,

about $120 more to enroll in plans that have fixed co-pays rather than co-insurance, and about

$230 more, on average, to be in a plan that offers partial gap coverage, than otherwise obser-

vationally identical beneficiaries with average risk. Moreover, consistent with the hypothesis

that beneficiaries have private information about their expected spending beyond the diagnos-

tic information accounted for by the risk scores, I estimate a large degree of heterogeneity in

the valuation of the key financial features of the contracts. For instance, the estimate of the

standard deviation in the valuation of the partial gap coverage is $250 dollars. This implies

that even for individuals within the same demographic and risk group, the differences in the

valuation of the coverage in the gap may be very large. Put differently, even if my diagnostic

information does not suggest that I am a particularly high risk individual, I may have private

information that my expected spending is going to fall into the donut hole, or I may be very

risk averse, warranting me to pay around 50% more in premiums to have a contract with partial

coverage in the gap.

Model fit and descriptive patterns generated in the model To assess whether the

model can capture the key patterns in the data, for each beneficiary-year observation I simu-

terms, although they similarly find that beneficiaries are roughly 500% more likely to choose a plan that is the
“default” plan for them in a given year. Using aggregate data and a dynamic demand model, Miller and Yeo
(2012) estimate the switching cost in Part D to be $1, 700, which is higher than my estimates.
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late contract choices using the estimated parameters and the observed information about each

beneficiary-year. The model performs well in capturing individual preferences for specific plans

as well as the average expected risk in each plan.25 As the counterfactual simulations in the

next two sections rely on the ability of the model to capture the role of switching costs and the

allocation of risks across contracts of different types, I perform two more checks of the model

that test these two aspects. In particular, I generate the key descriptive patterns from Sec-

tion 3 in the model. First, I check whether the model accurately predicts that individuals are

likely to choose their default contracts, or, in other words, whether the estimated switching cost

has a meaningful magnitude. The model predicts that, for example, in 2007, 86% of enrollees

would choose their “default” plans, which is close to the observed share of 90%. Second, I check

whether the model is able to predict the differences in the distribution of risks across contracts

of different generosity. This tests whether the model can generate the same adverse selection

patterns as the ones observed in the data. Figure 5 plots the simulated empirical CDFs of risk

by the type of contract. The graph clearly shows the adverse selection patterns, with more

generous contracts enrolling higher expected risks. The distribution predicted by the model’s

simulated enrollment choices look quantitatively similar to the distributions of risk in the data.

In the counterfactual simulations of the next two sections, I will analyze how this distribution

changes in response to the reductions in the switching costs and regulatory interventions that

shift the features of the minimum standard.

5.2 Quantifying the effect of switching costs on risk allocation

The estimated model of contract choice and contract pricing in Medicare Part D allows me to

explore how switching costs are altering the allocation of risks among contracts over time. I

begin with the analysis of two distinct examples of the Part D contract space development that

resemble the conceptual mechanisms in Figure 1.26 These examples illustrate two conceptual

25Figure 5 illustrates the result of this exercise. Table A.3 further summarizes the fit of the choice model. I
report the simulated and the observed values for three moments in the data - enrollment shares, average ex-post
spending, and average risk scores along the 4-type plan typology and for top 2 insurer brands.

26More detail and graphical representation of the empirical examples is available in Appendix 7.3.
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points. First, whether switching costs ameliorate or exacerbate adverse selection depends cru-

cially on the evolution of the relative generosity and the relative prices of contracts in relation to

the contract characteristics at the first choice incidence. Second, accounting for changes in the

contract space beyond price adjustments may have important implications for the conclusions

we draw about the interaction between adverse selection and switching costs. In particular, in

insurance settings akin to Medicare Part D, insurers can control when they let contracts enter

the market and can change their contracts on a variety of dimensions in addition to premiums.

These margins of adjustment are crucial for the distribution of risks and the interaction with

switching costs. Moreover, they imply that in an environment where adjustments to the con-

tract space are undertaken simultaneously by a large number of insurers along several different

dimensions, the net effect of the switching costs on the allocation of risks is an inherently em-

pirical question. Indeed, the simulation results for the evolution of the full contract space in

Medicare Part D presented below suggest that, costly switching could have helped support an

adversely selected equilibrium in this environment. While this conclusion in principle hinges

on the assumption that contract characteristics, except for price, followed the pattern observed

in the data (in the sense that I do not let choices of coverage levels be endogenous to inertia

or other market forces), relative to a standard product-market setting, some product charac-

teristics decisions here were driven by incremental exogenous changes to the Standard Defined

Benefit that likely do not depend on inertia. The counterfactual exercises in this section are

similar in spirit to the analysis in Handel (2013) in the employer-provided insurance setting

with no regulatory intervention.

Simulation of risk allocation with costly and costless switching on the full con-

tract space Table 7 illustrates the results of a counterfactual nudging policy simulation that

completely shuts down inertia. The counterfactual is implemented as a policy shock in year

2009 of the program. While in practice the complete elimination of inertia may be impossible,

where we can imagine an intervention that dropped all existing coverage required individuals

to choose their plans anew. A policy shock style simulation rather than a re-simulation of the

market from 2006 onwards without inertia allows this counterfactual to be more realistic in
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assessing a potential policy reform and it also makes it more compatible with the simulation of

the ACA policy in the next section. I allow for two scenarios in the current simulation. One

scenario takes the observed contract premiums as given; the other scenario allows insurers to

endogenously adjust premiums to the new sorting patterns according to the contract pricing

model described in Section 4.2. Both scenarios take the other features of the contracts, as well as

the observed individual demographics and expected spending, as given. Table 7 focuses on four

moments of the data - enrollment shares, average expected spending, average ex-post spend-

ing, and average premiums. All results are aggregated to the three types of plans. I present

the results for year 2009, which serves as a summary statistic of the market development with

switching costs since 2006.

I perform three simulations of the model. The first one, marked with A, simulates the model

with estimated switching costs, taking the observed prices and pre-2009 choices as given.27 This

step creates a baseline that takes into account the simulation error and which I use instead of the

actual observed 2009 outcomes as a comparison benchmark in analyzing the scenarios without

switching costs.28 Baseline enrollment shares, risk sorting, and prices paid, closely resemble

the descriptive evidence presented earlier. Type 2 plans with reduced deductible and no gap

coverage have the highest enrollment share - 72% and about average (in-sample) risk profile of

$1, 926 expected annual spending. Type 3 plans with partial gap coverage are adversely selected

with the average expected spending of $2, 368. The difference in the average risk between the

Type 1 and Type 3 plans is substantial - expected spending in type 3 plans is 22% or $526 higher.

Type 3 plans, with just 9% enrollment share, have annual premiums that are on average $400

higher than in plans without partial gap coverage.

The next simulation, marked with B, sets the switching cost parameter γ in the utility

function to zero for all individuals, which eliminates the inertia channel. This simulation shows

27As part of specification checks, I tested the alternative approach of simulating the model from 2006 onward
rather than taking the observed lagged choices as given in 2009. While the simulation error accumulates starker
over several simulation periods in this case, this doesn’t change the analysis in a substantive way. The baseline
approach pursued in the main text renders itself better to the interpretation of the switching cost reduction as
a sudden policy shock in one year. This point is irrelevant for the simulations without switching costs, since
lagged choices do not enter the utility function.

28As discussed in Section 5.1, the simulated baseline is close to the observed moments in the data.
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what enrollment shares and risk sorting would look like absent choice frictions if insurers kept

their prices at the observed 2009 levels.29 Two key changes are notable relative to the base-

line with switching costs. First, there is some change in enrollment shares, as with costless

switching individuals can actively respond to adjustments in the price and other characteristics

of contracts relative to 2006. Enrollment in Type 1 plans increases by 5 percentage points, as

enrollees respond to lower premiums available for these plans. Respectively, the enrollment in

Type 2 and Type 3 plans decreases. Beneficiaries also select cheaper contracts within these

types of plans, paying on average $27 and $75 less in annual premiums. Second, the simulation

predicts smoother distribution of the average expected spending among plans. Both Type 1

and Type 3 plans experience changes in average risks that move them closer to the average

expected spending in the sample. Thus, even before allowing the insurers to respond to the

change in sorting patterns by adjusting their prices (which we would expect to amplify these

effects), we see that removing switching costs mutes adverse selection in this setting in the sense

of balancing the distribution of risks across plans.

In the last simulation, I allow insurers to respond to the changes in the sorting patterns

induced by the removal of switching costs. Insurers are assumed to adjust their premiums

according to the stylized pricing model outlined in Section 4.2. To calculate new prices I use

the simulation of demand for individual contracts without switching costs to calculate the new

allocation of risks, which in conjunction with the pricing equation gives me new prices. The

demand simulation uses the existing draws of random coefficients for the individuals, so that

those individuals who, for instance, were simulated to have a high idiosyncratic preference

for coverage in the gap, continue having this preference - this in turn affects risk-sorting and

prices. Allowing prices to adjust to the sorting without switching costs amplifies the results

in B. Individuals now pay on average an additional $25 less ($100 less relative to the baseline

29While this scenario may appear very unrealistic for a competitive market and its primary purpose is to
illustrate the separate effects of risk-sorting response and supply-side adjustments, the regulatory environment
in Medicare Part D is such that no changes in the prices of contracts from the individual’s point of view is in
fact conceivable. Since CMS regulates how bids by insurers get translated into beneficiary premiums, adjusting
this mechanism so as to freeze relative prices faced by individual beneficiaries in addition to policies that reduce
switching costs is, in principle, possible.
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simulation) for the most generous Type 3 plans with partial gap coverage that now enroll slighly

lower average expected risk, which triggers an increase in their enrollment share relative to the

simulation in B. Risk sorting among plans becomes even less acute and all of them move even

closer to the average. The relative average risk between the Type 1 minimum standard plans

and Type 3 plans with partial gap coverage falls to $414, which is a 21% decrease in the risk

difference relative to the baseline simulation. Figure 6 plots the counterfactual risk CDFs by

the type of plan for this simulation. The graph demonstrates that the decrease in risk difference

holds throughout the whole distribution of risks and not only for the mean.

5.3 Effect of minimum standard regulation on the allocation of risks

with costly and costless switching

The analysis in the preceding section is consistent with the idea that switching costs significantly

alter the response of risk-sorting to changes in insurance contracts. It also demonstrates that

the effect of switching costs on adverse selection depends critically on the exact evolution of the

contract space relative to the initial conditions. For public health insurance environments, this

insight has important policy implications. Multiple regulatory interventions that directly affect

the contract space are ubiquitous in such environments. The fact that switching costs alter the

response of risk-sorting to contract changes implies that switching costs will also significantly

alter how regulatory interventions impact the allocation of risk.

I explore this hypothesis on the Part D’s minimum standard regulation. The policy exper-

iment that I consider corresponds to the changes in the Part D regulation envisioned under

the Affordable Care Act (ACA). One provision of the ACA is that the standard plan in Part

D will no longer have the gap in coverage. This “filling” of the donut hole would then fill the

contract space gap that resulted from the unraveling of plans with full donut hole coverage on

the private market. The Centers for Medicare and Medicaid Services has been concerned with

the availability of Part D coverage that goes beyond the minimum coverage requirements since

the inception of the program. CMS recognized that such coverage may be valuable for benefi-
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ciaries with costly health conditions, but also that the existing risk-adjustment and reinsurance

policies may not be sufficient to overcome adverse selection and the resulting profitability con-

cerns of insures in offering such coverage. CMS has experimented with the reinsurance schemes

that were supposed to encourage private provision of coverage in the gap.30 These schemes

were potentially sufficient to keep Type 3 plans with some coverage in the gap, but, as we have

seen, plans with full coverage were not available on the market starting with 2008. Beyond

pure choice availability concerns, the research in public health additionally suggested that the

“donut” hole could be harmful for beneficiaries with chronic conditions (Stuart et al., 2005;

Zhang et al., 2009; Gu et al., 2010). All this contributed to the gap in coverage becoming a

prominent issue in public debate and in the media. In light of the failure of the private market to

provide the generous coverage, the goal of closing the coverage in the gap via regulatory decree

became an explicit part of the political agenda during elections and later a part of the health

care reform law. While this policy will certainly decrease out-of-pocket spending on drugs for

those beneficiaries that would have ended up in the donut hole, in my counterfactual simulation

I show that the efficiency and cost of this change in the minimum coverage requirements could

be substantially improved if it were combined with strong nudging policies.

To implement this counterfactual simulation I force all plans to have the level of 2009 catas-

trophic coverage threshold ($6, 145) as their initial coverage limit (originally $2, 700). This

implies that Type 2 and Type 3 plans become identical in terms of their key financial charac-

teristics, as both of them have reduced deductible and are imposed to have the same coverage

limit. Even though the financial characteristics of these contracts are now very close, there

is still some residual horizontal differentiation across the individual plans within each group,

such as which insurer offers the plans and whether the insurer utilizes a co-insurance or co-pay

cost-sharing structure. I start the counterfactual policy analysis by quantifying how changes in

the minimum standard policy would impact risk sorting across contracts in the status quo with

costly switching. I then consider how switching costs are altering this impact.

30For related discussions, see for example “CMS Instructions for the Part D Payment Demonstration”, May
2005.
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The counterfactual simulations suggest that switching costs play a key role in determining

the effect of this policy change on risk allocation. Ex ante, we would expect that, since there is

no gap coverage dimension of differentiation among plans anymore, this policy should eliminate

the acute selection that took place on the gap coverage margin. Indeed, the results reported

in Table 8 suggest that exactly this effect takes place, but only in the scenarios, where I shut

down the inertia channel. In these scenarios, all types of plans converge to having practically

identical pool of risks of around $1, 950 in expected spending. In the scenario with costly

switching, however, the simulated policy does not change the distribution of risks. Figure 7

plots the counterfactual risk CDFs for this simulation, demonstrating that the result holds

throughout the whole distribution of risks and not only for the differences in mean risk. In

essence, the presence of switching frictions sustains “artificial” adverse selection, despite the

regulation-induced convergence in the generosity of contracts.31

6 Conclusion

In this paper I have documented evidence of adverse selection and switching costs in a highly

regulated Medicare Part D environment using a parsimonious classification of the contract

space and detailed administrative data. I have also shown that switching costs have important

interactions with adverse selection in this complex health insurance program. In particular, I

have shown that in this environment the initial conditions led switching costs to support an

adversely selected equilibrium over time, in the sense that different types of plans would have

had more similar average risks if switching were costless. In considering an important channel

that drives the changes in Part D contracts over time - the minimum standard policy, I have

shown that the market imperfection of costly switching plays an important role in determining

the risk-sorting outcomes of this policy intervention, which is targeted at correcting a different

market failure - adverse selection. Specifically, I find that in the presence of switching costs,

31At the same time, the presence of switching frictions makes it less likely that firms will just discontinue
adversely selected contracts in response to the regulatory change. Loosing beneficiaries, even the high-cost ones,
may be detrimental to profits, as market shares are hard to gain in this market with sticky consumers.
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tightening the minimum standard requirement by “filling” the donut hole is unlikely to have the

intuitive effect of balancing risks across different contracts. It is worth emphasizing that while

the magnitude of interaction between selection and inertia appears moderate under the pre-

ACA regulatory conditions, the counterfactual analyses demonstrate that the issue of locked-

in risk distribution due to stickiness of choices is going to have an important effect on the

outcomes of ACA reforms in Medicare Part D, and would have benefited from concurrent

policies encouraging re-selection of plans.

More broadly, this paper argues that in considering the polices that may improve consumer

choice by eliminating or decreasing switching frictions in the increasingly common public health

insurance settings with regulated competition, we have to take into account the nuanced inter-

connections of the different market imperfections with the regulatory instruments targeted at

correcting them. The caution, of course, comes from the caveat that in this work I represented

the reaction of insurers to policy changes in a very stylized way. Expanding the model to allow

insurers to endogenously react to adverse selection and regulation in their choices of contract

characteristics in a competitive setting provides a fruitful area for future research.
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Figure 1: Conceptual framework: switching costs and adverse selection dynamics

This stylized graph illustrates that the effect of switching costs on a market with selection
depends on the inherent market dynamics relative to the initial conditions. Switching costs slow
down the adjustment of the economy to equilibria with different levels of adverse selection. The
textbook version of the adverse selection model suggests that adverse selection in a frictionless
environment necessarily grows worse over-time, in which case switching frictions slow down the
unraveling spiral. In practice, however, in the presence of multi-dimentional insurance contracts,
market power, preference heterogeneity and exogenous regulatory interventions into the contract
space, adjustments to equilibria with less adverse selection are equally likely. In the latter
scenario, switching frictions would slow down this market dynamic, effectively exacerbating
adverse selection.
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Figure 2: Minimum standard policy in Medicare Part D: shape of the Standard
Defined Benefit in 2006-2009

0

200

400

600

800

1,000

1,200

1,400

1,600

0 200 400 600 800 1,000 1,200 1,400 1,600 1,800 2,000 2,200 2,400 2,600 2,800 3,000

O
ut

 o
f p

oc
ke

t s
pe

nd
in

g 
,U

SD

Total annual drug spending, USD

2006

2007

2008

2009

Deductible

��������Coverage ��	���


���
����
���� �����
�
��


���
����
���� �����
����


���
����
���� �����
����


���
����
���� �����
����

Insurers in the Medicare Part D program are required to provide coverage that gives at least
the same actuarial value as the Standard Defined Benefit (SDB). The SDB design features a
deductible, a co-insurance rate of 25% up to the initial coverage limit (ICL) and the subsequent
“donut hole” that has a 100% co-insurance until the individual reaches the catastrophic coverage
arm of the contract. The graph illustrates these features of the SDB by mapping the total annual
drug spending into the out-of-pocket expenditure. Consider an individual, who in 2006 was in
an SDB contract, and purchased prescription drugs for a total of $3, 000. Out of this amount,
the individual would pay the deductible of $250, then 25% of the next $2, 000 up to the ICL
of $2, 500, and then 100% of the next $750 in the gap, for a total out of pocket spending of
$1, 500. As the figure illustrates, the generosity of the SDB changed over time. For example, an
individual spending $3, 000 on drugs in 2009 would face the out-of-pocket expenditure of less
than $1, 200.
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Figure 3: Adverse selection in Medicare Part D

Panel A: Positive correlation tests for the presence of asymmetric information

Panel B: Distribution of risks by type of plan using risk score measure

Panel A: Average annual drug expenditures in different types of Medicare Part D plans are calcu-

lated separately within each geographic region. Baseline sample. The spending of individuals with

enrollment shorter than 12 months (primarily 65 year olds) was extrapolated to the full year. Panel B:

Baseline sample. Risk scores are based on lagged diagnostic information and not on drug expenditures.

The stochastic ranking of the distribution functions visualizes the riskier pool of enrollees recruited by

plans with more generous coverage.
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Figure 4: Evidence of switching costs: over time development of insurers’ enrollment
shares for new and continuing beneficiaries

The graph uses data of the baseline sample. We observe that the choices of the 65 year old individuals
newly entering the program, who by definition do not have incumbent plans, are much more volatile and
responsive to the market conditions over time, than choices of the individuals in the existing cohorts,
who usually have the default option of their incumbent plan available. Insurer “identities” here are
constructed using contract encryption in the administrative data. Because of the data encryption,
separate insurers may have been identified with error. The corresponding commercial identities of the
insurance companies are not known to the author.

Aggregate share of continuing enrollees choosing that same plan as in t−1 (includes all insurers
and all plans):

2007 2008 2009

Probability of choosing default plan for 66+ y.o. enrollees 89.9 % 88.7 % 89.1 %

N 1,089,978 1,162,545 1,194,036
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Figure 5: Model fit and descriptive evidence simulated in the model

Panel A: Simulated enrollment shares

Panel B: Simulated distribution of risks

To construct the simulated enrollment and risk distribution, the coefficient estimates of the choice

model together with simulated random components were used to find the contract with the highest

utility in each individual’s choice set. The risk score associated with each individual was then used to

plot the distribution of risks. Panel A graph displays only top 90 out of 2,357 contracts - each pair of

bars in the graph represents a different Medicare Part D plan (“plan” is region-specific).
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Figure 6: Counterfactual risk allocation without switching costs: baseline versus
counterfactual distribution of risks by contract type in 2009

• Panel A: Baseline simulated distribution of risks

• Panel B: Distribution of risks without switching costs (with endogenous re-pricing)

In-sample simulation of the choice model. Panel A keeps the estimated switching cost parameter
γ. Panel B sets γ = 0. Panel B also incorporates price-adjustment by insurers in response to
changes in risk-sorting, using the pricing model in Section 4.2.
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Figure 7: Minimum standard counterfactual: the role of switching costs in deter-
mining the effect of the ACA policy on the distribution of risks among contracts

• Panel A: Distribution of risks with switching costs; “filling the donut hole”

• Panel B: Distribution of risks without switching costs; “filling the donut hole”

In-sample simulation of the choice model with and without switching costs under the counter-
factual policy of raising the minimum standard to completely fill the “donut” hole as envisioned
under the Affordable Care Act.
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Table 1: Summary statistics: full sample; baseline sample; panel sub-sample

Full sample Baseline sample Panel sub-sample

2006
N 9,999,538 1,221,252 871,818
Age (σ) 72 (12) 76 (8) 75 (7)
Female 0.59 0.65 0.65
White 0.84 0.95 0.96
ESRD 0.01 0.003 0.001
Risk score* n/a 0.89 (0.34) 0.86 (0.31)
Annual drug spending (σ) n/a 1,518 (1,899) 1,449 (1,733)

2007

N 10,176,611 1,307,966 911,403
Age (σ) 72 (12) 76 (8) 75 (7)
Female 0.59 0.63 0.65
White 0.84 0.95 0.96
ESRD 0.01 0.003 0.002
Risk score (σ) n/a 0.90 (0.35) 0.88 (0.32)
Annual drug spending (σ) n/a 1,883 (2,407) 1,832 (2,227)

2008

N 10,369,814 1,356,861 954,494
Age (σ) 72 (12) 76 (8) 76 (7)
Female 0.58 0.63 0.65
White 0.83 0.95 0.96
ESRD 0.01 0.003 0.002
Risk score (σ) n/a 0.91 (0.36) 0.90 (0.34)
Annual drug spending (σ) n/a 1,907 (2,648) 1,869 (2,479)

2009

N 9,781,213 1,365,239 998,014
Age (σ) 71 (12) 76 (8) 76 (8)
Female 0.55 0.63 0.65
White 0.83 0.95 0.96
ESRD 0.01 0.003 0.003
Risk score (σ) n/a 0.92 (0.36) 0.92 (0.35)
Annual drug spending (σ) n/a 1,950 (2,973) 1,947 (2,934)

* Risk scores are indices summarizing individual medical history from Medicare Parts A and B.
They are used by Medicare for risk-adjustment and are scaled to be 1 for the average Medicare
risk. The calculation of risk scores using Medicare A/B diagnostic records and Part D RxHCC
software was generously provided by Amy Finkelstein and Ray Kluender.
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Table 2: Evidence of adverse selection: positive correlation tests using realized ex-
post drug expenditures and diagnosis-based risk scores

Yirt = αr + δt +
k=4∑
k=2

βk1{ContractTypeit = k}+ εirt

(1) (2) (3)
Annual drug spending Risk score Risk score projected to USD

Contracts of type 1 reference category

Contracts of type 2 -2.047 0.00927 24.98
(71.83) (0.00730) (20.89)

Contracts of type 3 1213.4∗∗∗ 0.146∗∗∗ 415.0∗∗∗

(105.5) (0.0107) (30.46)

Contracts of type 4 3081.3∗∗∗ 0.260∗∗∗ 728.5∗∗∗

(70.71) (0.00521) (14.57)

Year FE Yes Yes Yes

Region FE Yes Yes Yes
N 3,892,280 3,892,280 3,892,280
Mean Y 1948.7 0.920 1948.7
St. dev. Y 2712.2 0.357 1018.7

Standard errors in parentheses clustered at the region level
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The regressions test for the correlation between the generosity of the chosen insurance contract
and the measures of individual risk conditional on geographic regions, which are used for the
pricing of contracts. The results are based on the pooled data of the baseline sample that spans
years 2007-2009. Details of contract classification typology are discussed in the main text. Out-
come in column (1) is measured as annual recorded ex-post drug spending without accounting
for cost-sharing. Outcome in column (2) are risk scores based on the diagnostic information
from Medicare A/B (1=average risk in Medicare). In column (3), the outcome variable is the
predicted value from the regression: E[AnnualDrugSpendingi|.] = α + βRiskScorei run sep-
arately for each cross-section. The specification in column (3) thus considers the part of drug
spending variation that is attributable to the observed medical diagnosis and thus forecastable
risk and doesn’t contain moral hazard effects. The results in column (3) can therefore be in-
terpreted as the lower bound of the adverse selection portion of the overall level of asymmetric
information.
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Table 4: Evidence of switching costs: price sensitivity estimates for individuals with
and without incumbent plans

Age of beneficiaries
Price coefficient

[p-value] 65 66 67 68 69 70
Baseline Interaction Interaction Interaction Interaction Interaction

2006 -0.003 0.0001 0.0002 0.0006 -0.0001 0.0006
[0.000] [0.809] [0.683] [0.386] [0.876] [0.321]

2007 -0.003 0.0018 0.0012 0.0011 0.0013 0.0010
[0.000] [0.002] [0.035] [0.031] [0.002] [0.040]

2008 -0.003 0.0022 0.0023 0.0021 0.0019 0.0020
[0.000] [0.000] [0.000] [0.000] [0.001] [0.001]

2009 -0.010 0.0072 0.0085 0.0090 0.0085 0.0084
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

The price coefficients are estimated using the following random utility specification:

uij = −α65pij + α66pij1{Age = 66}+ α67pij1{Age = 67}+

+ α68pij1{Age = 68}+ α69pij1{Age = 69}+ α70pij1{Age = 70}+ brandj + εij

εij ∼ iidType 1 EV. The specification includes fixed effects for eight largest insurers. The
estimates use separate cross-sectional parts of the data sample that is used later to estimate
the full choice model. The sample is restricted to only include individuals that are 65-70 years
old. The estimates show that in the later years of the program the price sensitivity of new and
existing enrollees diverges in the direction that is consistent with the hypothesis of substantial
switching costs - enrollees with incumbent plans appear significantly less price sensitive (and
similarly so across different 66+ ages) than newly entering beneficiaries. Standard errors (not
reported) are clustered at the regional level; p-values in square brackets - differences from the
baseline of 65 year olds significant at <5% are marked in bold font. Reported are coefficients
on premiums in the utility function and not marginal effects.
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Table 6: Contract choice model specifications

Non-IV IV Non-IV IV
(1) (2) (3) (4)

Annual premium, $100 -0.3911 -0.4464 -0.4148 -0.4984
(0.0074) (0.0111) (0.0078) (0.0110)

Deductible, $100 -1.3633 -1.3745 -1.2329 -1.2377
(0.1307) (0.1322) (0.1266) (0.1266)

sigma 0.5787 0.5904 0.4802 0.4704
(0.0250) (0.0253) (0.0232) (0.0238)

x Risk 0.0190 0.0139 0.0393 0.0384
(0.0373) (0.0377) (0.0367) (0.0367)

Initial Coverage Limit, $100 -0.1584 -0.1589 -0.1650 -0.1679
(0.0234) (0.0239) (0.0262) (0.0268)

sigma 0.0679 0.0731 0.0815 0.0866
(0.0045) (0.0046) (0.0053) (0.0053)

x Risk 0.0934 0.0938 0.1052 0.1087
(0.0059) (0.0061) (0.0066) (0.0068)

Partial coverage gap, 1/0 -1.8659 -1.7814 -2.0850 -2.1528
(0.2990) (0.2948) (0.3358) (0.3336)

sigma 0.8055 0.6929 1.2640 1.2380
(0.0611) (0.0728) (0.0522) (0.0542)

x Risk 1.0315 1.0339 1.0954 1.1261
(0.0814) (0.0810) (0.0897) (0.0895)

Default plan, 1/0 5.4487 5.6093 5.0675 5.0914
(0.2533) (0.2596) (0.2584) (0.2618)

x Risk 0.2291 0.2227 0.3589 0.3687
(0.0643) (0.0658) (0.0655) (0.0664)

Observations 2,435,171 2,435,171 2,435,171 2,435,171
Likelihood at convergence -62,470 -62,379 -59,291 -59,224
Number of insurer fixed effects 3 3 10 10
Switching cost for 75y.o. female, av. risk $1,506 $1,330 $1,392 $1,164

The MSL estimates are based on the model specification in the main text. To reduce the
computational burden, the model was estimated on a random sub-sample of individuals that
preserved the panel structure of the data,. The table reports estimates of utility parameters
and not marginal effects. Reported are only the key estimates; the model also includes other
contract parameters, demographic interactions and fixed effects as discussed in the main text.
The IV specification uses the Control Function approach with lagged plan-level realized claims
as the instrument for contract premiums (see Table A.5). Specifications in (3) and (4) add
additional insurer fixed effects.
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Table 7: Counterfactual simulations measuring the interaction between adverse se-
lection and switching costs under the observed regulatory regime

Year 2009 outcomes Type 1 Type 2 Type 3

Enrollment share

A. Baseline model prediction, observed prices 18% 72% 9%

B. No switching cost; observed prices 23% 70% 7%

C. No switching cost; endogenous re-pricing 26% 64% 9%

Average risk (risk scores in USD)

A. Baseline model prediction, observed prices $1,842 $1,926 $2,368

B. No switching cost; observed prices $1,892 $1,930 $2,355

C. No switching cost; endogenous re-pricing $1,907 $1,917 $2,321

Average ex-post drug spending

A. Baseline model prediction, observed prices $1,741 $1,881 $2,924

B. No switching cost; observed prices $1,881 $1,939 $2,325

C. No switching cost; endogenous re-pricing $1,915 $1,914 $2,330

Enrollment-weighted average premium

A. Baseline model prediction, observed price $407 $439 $842

B. No switching cost; observed prices $350 $412 $767

C. No switching cost; endogenous re-pricing $313 $456 $742

The table presents the results of a simulation that analyzes the interaction between switching
costs and selection patterns conditional on the observed non-price contract features. The re-
ported results include the model’s prediction for the baseline with switching costs as well as
two counterfactuals without switching cost for one year in the program - 2009. Counterfactual
simulation of the baseline marked with A takes premiums and contract defaults in 2009 as given.
The idea of this baseline is to replace the observed choices in 2009 with simulated predictions,
so as to account for the simulation error in the interpretation of the counterfactuals. Counter-
factual simulation in B takes premiums in 2009 as they were observed on the market and shuts
down the switching cost channel in the utility function. Counterfactual simulation marked with
C allows premiums to adjust to the new sorting of individuals when switching costs are not
present. These counterfactual premiums are calculated using the pricing model discussed in
the text. Since the model for premiums assumes that insurers adjust prices in accordance with
lagged expenditures in plans, switching costs only change pricing-relevant sorting in 2008. Price
simulation thus takes the premiums in 2006 and 2007 as given and re-calculates premiums for
2008 and 2009. The choices without switching costs in 2008 are then simulated using the new
prices, which in turn affect the simulation of prices and subsequent choices in 2009.
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Table 8: Simulation of the Affordable Care Act - “filling the donut hole” policy -
with costly and costless switching

Year 2009 outcomes Type 1 Type 2 Type 3

Enrollment shares by contract type

A. With switching cost, observed prices

Baseline predicted 2009 enrollment 18% 72% 9%

Minimum standard without donut hole in 2009 19% 72% 9%

B. No switching cost, observed prices

Baseline predicted 2009 enrollment 23% 70% 7%

Minimum standard without donut hole in 2009 24% 70% 5%

C. No switching cost, endogenous re-pricing

Baseline predicted 2009 enrollment 26% 64% 9%

Minimum standard without donut hole in 2009 40% 47% 13%

Average risk (risk scores in USD)

A. With switching cost, observed prices

Baseline predicted 2009 sorting $1,842 $1,926 $2,368

Minimum standard without donut hole in 2009 $1,870 $1,939 $2,246

B. No switching cost, observed prices

Baseline predicted 2009 sorting $1,892 $1,930 $2,355

Minimum standard without donut hole in 2009 $1,940 $1,962 $1,884

C. No switching cost, endogenous re-pricing

Baseline predicted 2009 sorting $1,907 $1,917 $2,321

Minimum standard without donut hole in 2009 $1,965 $1,947 $1,935

Enrollment and risk-sorting under the Affordable Care Act policy of filling the donut hole. To simulate

the policy, I impose an increase in the Initial Coverage Limit to $6,154 for all plans - this amount

corresponds to the Catastrophic Coverage Limit in 2009. This structure emulates the contract structure

of a plan with no coverage in the gap as envisioned under the ACA as well as the contract structure

that was used in plans with full coverage in the gap in 2006-2007. Expected risk is the risk score in

USD. Endogenous re-pricing model as described in Section 4.2. In the counterfactual simulation, Type

2 and Type 3 contracts are effectively identical, as all contracts now have the same initial coverage

limit (i.e. all have full coverage in the gap). Thus, the distinction among the contract types is based

on the baseline simulation.
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7 Appendix

7.1 Conceptual framework: interaction between adverse selection

and switching cost in the presence of regulatory intervention

A stylized model of insurance contract choice below highlights the key economic channels that
are analyzed empirically in the paper. Consider a mass of beneficiaries, each described by
a pair of characteristics - the individual’s risk type r, as well as risk preferences and other
demographic or idiosyncratic factors that may affect the individual’s preference for insurance
together denoted with φ. For simplicity, assume that the individual faces a choice between two
insurance contracts that differ only in their deductible. The more generous contract H has a
zero deductible and a premium pH , while the less generous contract L has a deductible d > 0
and a premium pL < pH .

Assuming the separability of prices in the indirect utility function and letting v(d, φ, r)
denote the valuation of a contract with deductible d by individual (φ, r), we arrive at a standard
choice problem in a differentiated goods environment. Individual (φ, r) chooses contract L if:

v(0, φ, r)− v(d, φ, r) < pH − pL

4v(d, φ, r) < p

where p denotes the relative price. Suppose that for any given level of the deductible, the
valuation of an insurance contract is increasing in risk r, i.e. ∂v(d,φ,r)

∂r
> 0 and preferences

such as risk aversion, i.e. ∂v(d,φ,r)
∂φ

> 0, while the valuation is decreasing in the deductible

for a given (φ, r), i.e. ∂v(d,φ,r)
∂d

< 0. Suppose further that the valuation and prices are such
that the “market is covered” in the sense that all individuals find it optimal to buy one of the
insurance contracts rather than to remain uninsured.32 Then, there exists an individual of type
(φ̂,r̂) who is indifferent between the two contracts, i.e. 4v(d, φ̂,r̂) = p. The average risk that
contract L expects to get after individuals choose between the two contracts is E[r|4v(d, φ, r) <
4v(d, φ̂,r̂)].

Now suppose we introduce an exogenous shock to the model that changes the features of the
contract space. Consider, for instance, a one-dimensional minimum standard policy that only
sets the maximum allowed deductible d̄. Assume further that the less generous contract sets its
deductible d to always equal the maximum deductible set by the government: d = d̄. The more
generous contract, at the same time, always keeps zero deductible. This simplification implies
that I am not modeling how insurers originally decide whether to offer the minimum standard
or zero deductible, taking these decisions as given and stable from the policy perspective.

Now suppose the government changes its policy and increases the maximum allowed de-
ductible from d to d′ > d > 0 and nothing else changes. In particular, suppose for a moment
that relative prices remain the same p. Individuals that were choosing contract L before, will

32While this assumption is certainly restrictive and eliminates an important extensive margin on which the
minimum standard may affect the market (Finkelstein, 2004), the empirical model in this paper focuses on the
effects of the minimum standard on the intensive margin, across different levels of contract generosity, and thus
I focus on this aspect of the question in this stylized model as well.

55



switch to contract H under the new policy if now:

4v(d′, φ, r) > p

The risk pool of switchers from the less to the more generous contract under the new policy
but without price adjustment is: E[r|4v(d, φ, r) < p and 4v(d′, φ, r) > p]. Whether this re-
sorting results in higher or lower risk in contract L depends on whether the effect of risk on
valuation grows faster at a higher deductible than the effect of non-risk preferences on valuation

under a higher deductible. In other words, it depends on the relationship between ∂2v(.)
∂r∂d

and
∂2v(.)
∂φ∂d

.
Now suppose that individuals face a switching cost γ. This cost may be heterogeneous

across individuals and correlate both with individual preferences φ and risk type r. Let γ be a
function of individual characteristics γ(φ, r). With the switching friction individuals that were
choosing contract L before the policy change, will switch to contract H under the new policy
if:

4v(d′, φ, r) > p+ γ(φ, r)

The switching cost has the effect of diminishing and tilting the set of beneficiaries that are
indifferent between switching to H and staying in L. The first order effect is that the presence
of the switching friction slows down the re-sorting process, as now fewer consumers react to the
change in the contract space. The second-order tilting effect is that whether relatively higher
or lower risks tend to stay in contract L rather than change to H in the presence of switching
cost will depend on the partial and cross-partial derivatives of the switching cost with respect
to risk r and preferences φ.

Allowing insurers to adjust prices to the new regulation and sorting patterns that are dis-
torted by the switching costs produces theoretically ambiguous results that depend on the rela-
tionship between contract valuation and risk. For example, with a higher regulated deductible,
the relative price will increase because a higher deductible mechanically reduces the liability
of contract L. This, in turn tightens the switching constraint 4v(d′, φ, r) > p′ + γ(φ, r) >
p + γ(φ, r), which can further decrease or increase the risk depending on the individual value
function. Overall, the direction of change in sorting patterns induced by the change in the
contract space are ambiguous if we allow for switching costs and allow insurers to adjust prices
in response to changes in selection patterns. The effect that the regulation has on the allo-
cation of risks across contracts will depend on the partial and cross-partial derivatives of the
valuation and switching costs with respect to risk and preferences. The choice model in Section
4 estimates these inter-dependencies in Medicare Part D empirically and uses the estimates to
simulate the role of switching costs in shaping the risk-sorting across contracts in response to
market-driven and regulatory changes in contracts.

7.2 Construction of the empirical sample from Medicare adminis-

trative data

I restrict the sample to individuals of age 65 and older residing within 34 Medicare Part D
regions or 50 states (Medicare combines some states into the same PDP market), who did not
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die in the reference year and were originally entitled to Medicare because of old age rather than
disability. In other words, I do not include individuals, who may become eligible for Medicare
before they turn 65 as part of their SSDI benefit. I further drop observations on individuals
that were dual eligible for Medicare and Medicaid in the reference year, since these individuals
are assigned to plans by CMS rather than choosing plans on their own. This brings the sample
down to 25.6 million beneficiary-year observations. I then eliminate individuals that did not
enroll in Part D or were enrolled in Medicare Advantage (or another managed care) option that
combines prescription drug coverage with healthcare insurance.

Most differences between the panel sub-sample and the baseline comes from the way CMS
draws its 20% random sample of the Medicare population. These samples are only partially
based on panel draws and thus not all individuals are observed in every year. For details on
the CMS sampling procedures see the Chronic Condition Data Warehouse User Manual v.1.7.
Some individuals in the panel sub-sample will be lost if they change from a PDP to a Medicare
Advantage prescription drug plan simultaneously with switching from the“traditional”Medicare
to the HMO system. Moreover, it is possible that some individuals leave the Part D program
altogether; this option is likely to be very rare, however, since these beneficiaries would then
face premium penalties if they decide to re-enter the program at a later date. Lastly, some
observations will be lost in the panel sub-sample due to individuals dying in years 2007-2009.

7.3 Stylized examples of switching costs altering risk sorting within

a simplified contract menu

I provide two stylized examples using a significantly simplified version of the Part D contract
space to illustrate the opposite effects that switching frictions may have on selection. Each
example considers a menu of three contracts of different types and simulates the evolution of
choices and risk selection among these three contracts, assuming that they were the only choices
available to all individuals on the market for four years. The two different menus I consider
were actually observed on the market. For each, I do the simulation exercise twice - assuming
either costly or costless switching. For the simulations, I use the estimated parameters of the
model, including the switching cost parameter, the observed demographics, and the risk scores
for all individuals in the estimation sample.

Consider the contract menu in the first example. In this menu, the insurer offers Type 1 and
Type 2 plans in the first year of the market, adding a Type 3 plan in the second year. Panel
A of Figure A.6 plots the development of the relative premium between the Type 3 and Type
1 plan for the three years when both are available. The relative premium is quite low in the
first year Type 3 contract is introduced; nevertheless, in the scenario with costly switching very
few individuals take up this more comprehensive plan. This is in stark contrast to the scenario
with costless switching, in which the enrollment in the Type 3 plan jumps to 36%. Importantly,
we see that with the jump in the enrollment share, costless switching also results in adversely
selected enrollment in the Type 3 plan relative to Type 1. With costless switching, selection
gets more acute in 2009, as the relative premium of the contract increases and enrollment drops
significantly. In the scenario with switching costs, neither the enrollment, nor the relative risk
change much over time. The enrollment in Type 3 contract stays at below 5% level and the
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relative risk stays substantially below the relative risk in the scenario with costless switching.
This setting thus illustrates the natural intuition that switching costs should be muting adverse
selection.

Now consider a different contract menu example. In this example, the insurer offers a
generous Type 4 plan priced at a substantial premium over the Type 1 plan in the first year,
which has a very low premium. Type 4 plan collects the highest risks on the market in year
one. In year two, the insurer demotes Type 4 plan to be Type 3 and raises its premium, while
also raising the premium of Type 1 plan. Figure A.6 illustrates that the relative premium
between the most and the least generous plans of this insurer first rises and then falls over
time. The same figure illustrates the simulated enrollment and risk-sorting patterns for this
contract menu. We see that in this setting, where a very generous plan collected the highest
risk in the first year, switching costs support the large differential in risk between the most and
least comprehensive plan over time. The simulation of choices suggests that the difference in
risks would have been lower in a counterfactual with costless switching. In other words, in this
scenario of contract menu evolution, switching costs exacerbate, rather than mute, selection.

7.4 Additional minimum standard counterfactuals

Effect of minimum standard regulation on the allocation of risks with costly and

costless switching

Local deviation in the minimum standard level. In this counterfactual (results reported
in Table A.6) , I change the 2009 minimum standard to the 2006 level. This implies a reduction
in the deductible offered by all Type 1 plans in 2009 from the observed $295 to $250, and a
reduction in the ICL from the observed $2, 700 to $2, 250 for all three types of plans. This
exercise simulates the short-run effects of a counterfactual policy shock in 2009. Ex ante,
we would expect that absent choice frictions and price adjustment, Type 1 enrollment share
should increases and its risk pool worsen, since Type 1 contracts with a lower deductible at the
same prices become more attractive relative to Type 2 contracts. With endogenous re-pricing of
contracts, the counterfactual policy has a theoretically ambiguous effect. To test which direction
the empirical simulation takes, I consider three scenarios of the choice environment in this policy
experiment. One with switching costs and observed prices, another without switching costs, but
still observed prices kept fixed, and lastly the no switching cost scenario where I allow insurers
to adjust prices to the new sorting and regulatory conditions. Note that I do not allow for any
other changes in the contract space, and take the entry and exit of plans, as well as the changes
of other characteristics between 2008 and 2009 as given. The effect of this policy deviation is
small, but follows the predicted direction. In the baseline scenario that keeps switching costs
and observed prices, Type 1 enrollment share moves from 18% to 19%. The effect on enrollment
is only somewhat starker in the other two scenarios where I shut down the inertia channel. This
local deviation in the minimum standard policy has a very small, but expected direction for
risk-distribution.

Loosening the minimum standard. Here I analyze the case where the standard defined
benefit would have been a high-deductible plan, which is a policy that had been considered by
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the government as a possible option during the regulatory design of Medicare Part D. I simulate
the market outcomes for a policy shock that forces all Type 1 plans to have $1, 000 deductible
in 2009, but keeps other features of Type 1 and other contract types the same. The results are
reported in Table A.6. I again consider three scenarios: with switching costs at observed prices
and without switching costs with and without price adjustment. Not surprisingly, the response
to this policy is much starker than to the previous local deviation in the minimum standard. In
the high deductible scenario, Type 1 plans loose a substantial share of their enrollment. It drops
from 19% to 10% in the scenario with switching costs and from 23% and 26% to 12% and 20% in
the scenarios with no switching costs with and without price adjustment respectively. The effect
on the allocation of risk is small, even in scenarios that completely shut down the inertia channel
and re-price the contract. This is not too surprising, given that in the reduced-form evidence
of adverse selection we found relatively little selection on the deductible margin. Although the
observation that Type 1 plans substantially loose their enrollment share under observed prices
is natural, since increasing the deductible makes the plans much less generous at the same price,
the full equilibrium result is less intuitive. We could have expected that with a price adjustment
that makes the high deductible plan significantly cheaper than the next available alternative
(the simulated annual premium drops to $45), there would exist substantial demand for such a
“catastrophic coverage” plan. Evidently, for the beneficiaries whose observed choices were used
to estimate the model and who selected into Part D insurance to begin with, the valuation of
the first-dollar coverage is very high. In this pool of beneficiaries, introducing a high deductible
plan amplifies the tendency to a pooling equilibrium on the contracts with low deductible - a
tendency that has been observed in this program over time as the regulator has been increasing
the SDB deductible every year. Although not modeled in the current setting, it is possible that
the existence of a relatively cheap high deductible plan would attract more individuals on the
extensive margin of the program, potentially improving the overall welfare in Part D.
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Figure A.1: Evolution of premiums, claims and enrollment shares by type of plan

The data in the panels is based on the baseline sample for years 2006-2009. The calculation of average

premiums and claims is enrollment-weighted. Claims include the total annual drug spending. To

ensure comparability of the observations, the spending of individuals with enrollment shorter than 12

months (primarily 65 year olds) was extrapolated to the full year. The panel for Type 4 plan illustrates

the significant drop in enrollment and contemporaneous increase in the premiums and claims in the

plans with full coverage in the gap. The claims and premiums for this plan type are recorded on

log-scale for visual clarity. Contract space over time is split using the 4-type classification of
plans. Contracts of Type 2 with a reduced deductible and no gap coverage had the highest
enrollment, greater than 60%, in all years. The enrollment share in these contracts increased
over time by almost 8 percentage points, mirroring the decrease of 8 percentage points in the
enrollment share of the Type 1 contracts with SDB deductible. The enrollment share in Type
3 contracts is more volatile over time. Average premiums and average spending have remained
relatively stable in Type 2 contracts, while both grew in Type 1, Type 3, and especially Type 4
contracts.
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Table A.2: Evidence of switching costs: share of enrollees that choose their “default”
plan in a given year

2007 2008 2009

A. All plans

Probability of choosing default plan for 66+ y.o. enrollees 89.9 % 88.7 % 89.1 %

N 1,089,978 1,162,545 1,194,036

B. Default plan in t was re-classified in its type vs t− 1

Probability of choosing default plan for 66+ y.o. enrollees 73.4 % 78.9 % 87.9 %

% of sample 14 % 7 % 4 %

C. Default plan in t had the same type as in t− 1

Probability of choosing default plan for 66+ y.o. enrollees 92.6 % 89.5 % 89.3 %

% of sample 86 % 93 % 96 %

The table shows the share of individuals in each year that choose to remain in their “default”
plan among those for whom default plans could be defined. The data is a sub-sample with two-
year panel observations from the baseline sample of enrollees. The observations do not include
65 year olds, as these by definition do not have default plans. A default plan flag is constructed
by using plan cross-walks provided by CMS and requires observing the policy in which the
individual was enrolled in two consecutive years. The default plan enrollment flag is set to
equal one in two cases. First, and most common, if the individual enrolled in the plan with
exactly the same CMS id in year t− 1 and t. Second, if in year t individual enrolled in a plan
that is not identical to the plan id in t−1, but was recorded as a plan consolidating the original
t − 1 plan, in which case the CMS policy is to default the individual into the consolidating
plan if the individual takes no action of choosing a different option. Panels B and C define
plan “type” according to the 4-type topology used in the main text. These panels divide the
sample of beneficiaries into those who did and did not experience a significant supply-induced
change in their incumbent plan. Panel B excludes observations for individuals whose plans were
terminated and no default option was available. These individuals comprise less than 1% of the
sample.
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Table A.3: Choice model fit: summary statistics by contract type and insurer for
enrollment and risk distribution moments

Enrollment Average drug spending Average risk score
Observed Model Observed Model Observed Model

Contracts of type 1 21.71% 20.71% $1,580 $1,614 0.85 0.84
Contracts of type 2 65.93% 69.78% $1,743 $1,819 0.88 0.89
Contracts of type 3 10.78% 8.88% $2,846 $2,716 1.01 1.03
Contracts of type 4 1.58% 0.63% $3,971 $2,658 1.04 1.08

Insurer A 29.65% 30.77% $1,915 $1,939 0.92 0.92
Insurer B 27.10% 25.91% $1,621 $1,614 0.86 0.85

The table compares three within-sample predicted and observed moments in the data: 1)
Enrollment shares in different types of plans and in different insurer brands; 2) Average drug
spending in different types of plans and in different insurer brands and 3) Average risk scores
in different types of plans and in different insurer brands. The data is pooled over time and
regions. To simplify the contract space, the comparison is made at the 4-type plan aggregation
and at brand-level aggregation for the top 2 insurers. A more disaggregated fit of the model
is illustrated in Figure A.4. For the risk scores and drug bills, “predicted” measures refer to
the sorting of the observed risks and expenditures as suggested by the simulation of the choice
model.
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Figure A.4: In-sample fit of the choice model

To construct simulated enrollment, the estimated coefficients of the choice model together with simu-

lated random components were used to find the contract with the highest utility in each individual’s

choice set. The observed risk scores of the individuals predicted to enroll in different plans were used

to compute the average predicted risk. Each pair of bars in the graph represents a different Medicare

Part D plan (“plan” is region-specific). The graphs display only top 90 out of 2,357 contracts.
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Table A.4: Basic descriptive evidence generated in the model: share of enrollees
choosing the “default” option

Includes all plans 2007 2008 2009

1. Share observed in the baseline sample

Probability of choosing default plan for 66+ y.o. enrollees 89.9 % 88.7 % 89.1 %

N 1,089,978 1,162,545 1,194,036

2. Share observed in the estimation sample

Probability of choosing default plan for 66+ y.o. enrollees 89.9% 89.5% 89.6%

N 11,170 11,640 12,197

3. Share predicted in the estimation sample

Probability of choosing default plan for 66+ y.o. enrollees 86.3% 84.8% 86.3%

N 11,170 11,640 12,197

This tables reports the simulation of the baseline descriptive evidence on the switching rates as
documented in Table A.2 using the estimated contract choice model.
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Table A.5: Pricing model used for the simulation of premiums in the counterfactual
scenarios

E[Yjbt|.] = αb + δr +M ′
jbt−1β + γ1Dedjbt + γ2ICLjbt + γ31{PartialGap}jbt

where j indexes region-specific plans, b indexes insurers (brands), r indexes 34 Part D regions,
t indexes years

(1)
Annual premium, USD

Lagged mean spending 0.132∗∗∗

(0.00992)

Deductible amount, USD -0.489∗∗∗

(0.0262)

ICL amount, USD 0.312∗∗∗

(0.0198)

Partial coverage in the gap, 1/0 293.9∗∗∗

(11.89)

Insurer FE Yes

Region FE Yes
N 2566
Mean Y 540.2
St. dev. Y 253.3
R-squared 0.802

Clustered standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The pricing regression is estimated on a dataset that records, for all prescription drug plans,
the annual premium, the mean, the standard deviation and other moments of the lagged drug
spending distribution in the plan (by plan enrollees in the baseline sample). The data also
records the key financial characteristics of the plans - the deductible, the ICL and the gap
coverage indicator of each plan in the program for years 2007-2009. For the cases where plans
changed their ID over time due to mergers, I use Medicare plan cross-walk to match plans. The
regression output doesn’t report the coefficients on the set of fixed effects, as well as on the
standard deviation, the kurtosis, the inter-quartile range, the 95th and 5th percentiles of the
lagged distribution of realized expenditures, but these variables are included in the regression.
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Figure A.6: Stylized interaction between switching costs and selection

• Panel A: Example of switching costs muting adverse selection
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• Panel B: Example of switching costs supporting adverse selection
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Table A.6: Counterfactual minimum standard policies with costly and costless
switching

Year 2009 outcomes Type 1 Type 2 Type 3

Enrollment shares

A. With switching cost, observed prices

Baseline predicted 2009 enrollment 18% 72% 9%

Local deviation 19% 71% 9%

Loosening 10% 80% 10%

B. No switching cost, observed prices

Baseline predicted 2009 enrollment 23% 70% 7%

Local deviation 25% 67% 7%

Loosening 12% 80% 8%

C. No switching cost, endogenous re-pricing

Baseline predicted 2009 enrollment 26% 64% 9%

Local deviation 27% 64% 9%

Loosening 20% 72% 9%

Average risk (risk scores in USD)

A. With switching cost, observed prices

Baseline predicted 2009 sorting $1,842 $1,926 $2,368

Local deviation $1,838 $1,929 $2,366

Loosening $1,854 $1,914 $2,369

B. No switching cost, observed prices

Baseline predicted 2009 sorting $1,892 $1,930 $2,355

Local deviation $1,896 $1,929 $2,366

Loosening $1,901 $1,925 $2,326

C. No switching cost, endogenous re-pricing

Baseline predicted 2009 sorting $1,907 $1,917 $2,321

Local deviation $1,901 $1,923 $2,311

Loosening $1,948 $1,910 $2,320

Enrollment and risk-sorting under two counterfactual minimum standard policies. Counterfactual 1

changes Type 1 deductible from $295 to $250 and ICL in all plans to $2,250 from $2,700. Counterfactual

2 increases the deductible in Type 1 plans to $1,000. Expected risk is the risk score in USD. Endogenous

re-pricing model as described in Section 4.2.
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