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We develop a structural model for bounding welfare effects of policies that 
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of informed consumers to proxy for concealed preferences of misinformed 
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harm most consumers whereas personalized information would unambigu-
ously benefit most consumers. Welfare effects of reassignment are ambigu-
ous.  
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One of the frontiers in empirical microeconomics is to assess the equity and efficiency 

of polices that manipulate the way markets are designed in order to nudge consumers to-

ward making certain decisions. Thaler and Sunstein (2008) dubbed this approach to policy 

“choice architecture”. Examples of choice architecture include restricting the number of 

differentiated products in a market, providing consumers with personalized information 

about their options, and making default choices for consumers but letting them opt out. 

Understanding how such polices affect consumer welfare is increasingly important for pro-

gram evaluation. The United Kingdom, the United States, the World Bank, and other gov-

ernment organizations have begun using choice architecture to nudge program beneficiar-

ies.1  

A stated goal of choice architecture is to benefit consumers who do not make fully in-

formed decisions. Such paternalistic policies may also harm some consumers by eliminat-

ing their preferred products, by making it harder to buy those products, and by causing 

prices to increase (Camerer et al. 2003). Yet little work has attempted to predict the distri-

bution of gains and losses of prospective choice architecture policies. To do so requires 

addressing at least two key challenges. First, one must identify which consumers are mis-

informed. Second, one must infer the preferences of both informed and misinformed con-

sumers. In this paper we develop a revealed preference framework to address these chal-

lenges and use it to predict the welfare effects of three recent proposals to redesign Medi-

care markets for prescription drug insurance.  

Prescription drug insurance is an ideal setting for studying choice architecture. In 2006, 

Medicare Part D created government-designed, taxpayer-subsidized geographic markets 

for standalone prescription drug insurance plans. By 2014, these markets annually enrolled 

24 million seniors with federal outlays of $65 billion (US Department of Health and Human 

Services 2015). When obtaining coverage, the typical enrollee chooses among 50 plans 

that differ in cost, risk protection, and quality. A new enrollee’s choice becomes her future 

default; she will be passively reassigned to that same plan the following year unless she 

                                                 
1 For example, in 2015 President Obama issued an executive order directing the newly created US Social and Behavioral Sciences Team 
to help federal agencies “identify programs that offer choices and carefully consider how the presentation and structure of those choices, 
including the order, number, and arrangement of options, can most effectively promote public welfare, as appropriate, giving particular 
consideration to the selection and setting of default options.” (U.S. Executive Order #13707, Section 1.b.iii). 
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actively switches to a different one during the open enrollment window. Due to concerns 

about market complexity and consumer inertia, researchers and federal agencies have pro-

posed several reforms (McFadden 2006, Thaler and Sunstein 2008, Federal Register 2014). 

These include reducing the number of plans, providing consumers with personalized infor-

mation about their options, and auto-assigning people to default plans that are expected to 

minimize cost. We assess the welfare effects of these proposals using a novel combination 

of administrative records and survey data on a national panel of enrollees from 2006-2010. 

Specifically, we link the Medicare Current Beneficiary Survey (MCBS) to administrative 

records of the respondents’ annual enrollment decisions, drug claims, and chronic medical 

conditions. Linking the two data sets allows us to identify enrollees who are misinformed 

and analyze their decisions. The longitudinal MCBS tracks enrollees’ effort to learn about 

the market and tests their knowledge of how the market works.  

We model annual plan choices as a static repeated-choice process in which people may 

incur costs to learn about their options or to switch plans.2 We first identify a subset of 

choices that will not necessarily reveal the person’s preferences for plan attributes because 

the person appears to be misinformed. We characterize a choice as misinformed if the 

MCBS knowledge test reveals that the decision maker misunderstood a critical feature of 

the market, or if her choice can only be rationalized under full information by preference 

orderings that violate weak risk aversion or basic axioms of consumer theory. Based on 

these criteria, we find that 44% of 2006-2010 plan choices appear misinformed. The prob-

ability of being in this group increases as enrollees age, as they develop cognitive illnesses, 

and as their drug expenditures increase. The probability decreases with education and with 

their effort to learn about the market.  

We then estimate and validate separate multinomial logit models for informed and mis-

informed choices. We find that informed enrollees are sensitive to price and risk averse at 

levels consistent with prior evidence (Cohen and Einav 2007, Handel 2013, Handel and 

Kolstad 2015).3 In contrast, the decisions made by misinformed enrollees seemingly imply 

                                                 
2 A static model seems appropriate here because it is difficult for consumers to forecast their own future prescription drug needs, let 
alone the drug needs and enrollment decisions of other consumers together with the implications for plan prices and offerings. Our static 
approach is similar to other health insurance applications such as Handel (2013) and Handel and Kolstad (2015).  
3 Our baseline estimates imply that informed consumers would be indifferent between a 50-50 bet of winning $100 and losing between 
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that they are risk-loving, less price sensitive, and more averse to switching plans. We infer 

the preferences of these misinformed enrollees from the behavior of observationally iden-

tical enrollees in the informed group. The underlying assumption is that being informed is 

uncorrelated with preferences after conditioning on health, prescription drug use and de-

mographics. Using this assumption, we derive welfare measures that recognize misin-

formed consumers may be made better off or worse off by policies that alter choice archi-

tecture. Our framework nests as special cases the welfare measures derived by Small and 

Rosen (1981) for the case of full information and by Leggett (2002) for the case of misin-

formation.  

We use our estimates to simulate three counterfactual policies under a range of assump-

tions about consumer foresight, about the causes of inertia, and about how the policies will 

affect consumers’ decisions.4 Specifically, we report the share of consumers who benefit 

from each policy, consumer surplus, and other outcomes of interest as bounds on ranges 

that we obtain by repeating our analyses under extreme assumptions about the efficacy of 

choice architecture. In our “most effective” scenario we assume that each policy causes 

misinformed consumers to behave like their analogs in the informed group. This scenario 

also assumes that inertia is caused entirely by misinformation. At the opposite extreme, our 

“least effective” scenario assumes the policies would not change consumer behavior and 

that inertia by informed consumers reflects their hassle cost of switching insurance plans 

and/or their utility from latent welfare-relevant features of their preferred plans. 

The first policy we simulate is the government’s proposal to limit each insurer to sell no 

more than two plans per market (Federal Register 2014). Second, we calibrate our model 

to replicate treatment effects from a field experiment by Kling et al. (2012) in which en-

rollees were told which plan would be cheapest for them and how much money they could 

expect to save by switching. In the third experiment, we simulate the government’s pro-

                                                 
$91.6 and $97.3.  
4 We employ a partial-equilibrium approach and hold constant insurers’ behavior and plan design. A comprehensive general equilibrium 
approach would require modeling of insurer interactions with consumers, other insurers, pharmaceutical manufacturers, and government 
regulators. We consider how each policy would affect insurers’ net revenues holding premiums constant, as insurers’ responses are 
predicated on such changes. 
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posal to automatically reassign people to their lowest cost plans (Health and Human Ser-

vices 2014). All three policies have potential to create winners and losers. For example, 

the menu restrictions may benefit misinformed consumers by reducing their ability to 

choose plans that are low utility for them. The information treatment and default assign-

ment policies could create losers due to asymmetric information because the government 

would only use prior drug claims, and by creating incentives for consumers to choose plans 

that are cheaper but potentially lower utility due to lower quality or risk protection.  

The results show that reducing the number of plans makes at least two thirds of consum-

ers worse off because people are heterogeneous and no plans are universally bad. This 

policy also embeds strong incentive for regulatory capture as insurers can increase their 

rents by influencing which plans are retained. In contrast, we find that personalized infor-

mation benefits 48 to 92 percent of consumers, with average welfare gains of 2 to 11 per-

cent of consumers’ out of pocket spending. Similarly, defaults benefit over 80 percent of 

consumers if they can costlessly opt out. However, average opt out costs of $65 to $198 

entirely eliminate these gains. All of these findings persist if we use more inclusive or more 

exclusive rules for identifying misinformed choices.  

This article advances on prior work that also adapts Bernheim and Rangel’s (2009) 

welfare framework to evaluate policies that target consumer inertia and misinformation. 

Prior studies have sought to recover preferences in such environments by leveraging ex-

periments and surveys to distinguish between active and passive choices made by consum-

ers who are assumed to differ in their knowledge of market institutions. Most identify pref-

erences by assuming that information treatments make consumers fully informed or that 

consumers making active decisions are fully informed (Handel 2013, Allcott and Kessler 

2015, Allcott and Taubinsky 2015, Taubinsky and Rees-Jones 2015, Ho, Hogan and Scott 

Morton 2015, Polyakova 2015). We relax both assumptions. Like Handel and Kolstad 

(2015) and Handel, Kolstad and Spinnewijn (2015) we assess whether active decision mak-

ers are informed by testing their knowledge directly. We sharpen our test by leveraging 
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novel features of our data to identify who actually makes enrollment decisions (beneficiar-

ies or their advisors) and whether those decisions violate axioms of consumer theory.5 Like 

Handel (2013) and Bernheim, Fradkin, and Popov (2015) we estimate bounds on welfare 

that recognize consumer inertia may arise from a mixture of latent preferences, information 

costs, switching costs, and psychological biases. We extend this partial identification logic 

to consider alternative hypotheses for how consumers and firms will respond to choice 

architecture policies and the implications of those responses for consumer welfare and firm 

revenue. From a policy perspective, we believe our study is the first to use Bernheim and 

Rangel’s framework to evaluate federal proposals to simplify a high-stakes differentiated 

product market that is both subsidized and regulated by the federal government. 

I. Medicare Part D 

US citizens typically become eligible for Medicare benefits when they turn 65. In 2006, 

Medicare Part D extended these benefits to include prescription drug insurance. A novel 

and controversial feature of Part D is that it created quasi-private marketplaces for deliver-

ing insurance.6 Part D created 34 state or multistate markets within which the average en-

rollee chose among 50 standalone prescription drug insurance plans (PDPs) sold by 20 

private insurers.7 The default for new beneficiaries is to be uninsured.8 After an enrollee 

chooses a plan she is automatically reassigned to the same plan the following year unless 

she switches to a different one during open enrollment. Enrollees pay monthly premiums 

as well as out of pocket (OOP) costs for the drugs they purchase and taxpayers subsidize 

the total costs of non-poor enrollees by an average of 75.5%. 

PDPs differ in terms of premiums, OOP costs of specific drugs, and quality measures 

such as customer service, access to pharmacy networks, the ability to obtain drugs by mail 

order, and the prevalence and stringency of prior authorization requirements.9 The novelty 

of the market together with the complexity of the product led many analysts to speculate 

                                                 
5 In cases where advisors made the enrollment decisions, the MCBS tests the advisors’ knowledge. 
6 Prior to the ACA, Part D was the largest expansion of public insurance programs since the start of Medicare. 
7 Subject to CMS approval, insurers can sell multiple PDPs in each market and make annual changes to existing plans. 
8 Enrollees who qualify for low-income subsidies are autoenrolled to certain plans, but we exclude them from our empirical analysis. 
9 Many insurers require consumers to have prior authorization from a doctor in order to obtain certain drugs, but the stringency of these 
requirements differs from insurer to insurer. 
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that consumers would struggle to navigate the market. Liebman and Zeckhauser (2008) 

summarize this view when they write that: “Health insurance is too complicated a product 

for most consumers to purchase intelligently and it is unlikely that most individuals will 

make sensible decisions when confronted with these choices.” Some analysts flagged Part 

D as a candidate for libertarian paternalism (McFadden 2006, Thaler and Sunstein 2008). 

Moreover, the government has expressed a desire to simplify health insurance markets and 

nudge enrollees toward cheaper plans. In 2014, CMS proposed limiting insurers to selling 

no more than two plans per region, which would reduce the average consumer’s choice set 

by about 20% (Federal Register 2014). The US Department of Health and Human Services 

also announced that it is considering redesigning federal health insurance exchanges to 

automatically reassign people to low-cost plans unless they opt out (Health and Human 

Services 2014). The welfare effects of these types of policies will depend on consumers’ 

preferences for PDP attributes, the cost of switching plans, and how the policies affect 

consumers’ decision processes. 

Several prior studies have investigated the role of information and consumer behavior 

in Medicare Part D. Over the first five years of the program, the average enrollee could 

have reduced annual expenditures (premium + out of pocket) by 25% (or $341) by switch-

ing to their cheapest available plan (Ketcham, Lucarelli and Powers 2015). Yet, the impli-

cations for consumer welfare remain ambiguous. When enrollees are surveyed about their 

experiences in Part D most report being satisfied with the plans they chose (Heiss, McFad-

den and Winter 2010, Kling et al. 2012). Furthermore, Ketcham, Kuminoff and Powers 

(2015) demonstrate that most of the people who could have saved money by switching had 

chosen plans that were either superior in some measure of quality or provided greater pro-

tection from negative health shocks. These consumers could be making informed decisions 

to pay for quality and risk protection. On the other hand, when Kling et al. (2012) asked 

406 Wisconsin enrollees how much they thought they could save by switching plans, most 

respondents underestimated the true figure. Kling et al. also found that sending enrollees a 

letter with personalized information about their potential savings increased the rate at 

which enrollees switched plans by 11.5 percentage points. Overall, the existing evidence 
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suggests that some consumers are misinformed, but others may be choosing to pay more 

for plans with higher quality and/or greater risk protection.  

II. Linking Administrative Records to Enrollee Surveys 

For the first time in academic research, we have linked the Medicare Current Beneficiary 

Survey (MCBS) to the respondents’ administrative records at the US Centers for Medicare 

and Medicaid Services (CMS). The MCBS is a national rotating panel questionnaire that 

began in 1991 and is administered to approximately 16,000 people annually.10 It collects 

information about Medicare beneficiaries and their use of health care services. Each par-

ticipant is interviewed up to three times per year for four consecutive years, regardless of 

whether they stay at the same address or move into and out of long term care facilities. 

Importantly for our purposes, participants are tested on their knowledge of the PDP market. 

The MCBS also asks participants if and how they searched for information about Medicare 

services and it provides rich demographic data. Also of particular value for our study, the 

MCBS indicates whether a proxy responded to the survey, and whether the beneficiary 

makes health insurance decisions on her own, with help from someone else, or whether the 

proxy makes decisions for her.  

For each MCBS respondent who purchased a standalone PDP between 2006 and 2010 

we obtained administrative records on their prescription drug claims, the set of PDPs avail-

able to them, and their annual enrollment decisions. Then we calculated what each enrollee 

would have spent had they purchased the same bundle of drugs under each alternative PDP 

in their choice set. This was done by combining their actual claims with the cost calculator 

developed in Ketcham, Lucarelli and Powers (2015).11 Next we used administrative data 

                                                 
10 A potential limitation of working with the MCBS sample is that it is not designed to be nationally representative without weighting, 
and selecting the appropriate weights is complicated by panel rotation and by our exclusive focus on respondents who participated in 
the standalone PDP market. Respondents who do not purchase a standalone PDP can instead obtain prescription drug insurance through 
an employer sponsored plan or a Medicare Advantage plan. Further, the MCBS does not sample individuals from 3 PDP regions: 
1(Maine and New Hampshire), 20 (Mississippi), and 31 (Idaho and Utah). To assess whether using unweighted MCBS data might 
compromise the external validity of our results, we compared the unweighted demographics of the average enrollee in our linked sample 
with a random 20% sample of all Part D enrollees from CMS’s administrative files. Table A2 shows that the average enrollee in our 
linked sample is 1 to 2 years older. Otherwise, the two samples are virtually identical in terms of race, gender, rates of dementia and 
depression, number of PDP brands and plans available, expenditures on plan premiums and OOP costs, and the maximum amount of 
money that the average enrollee could have been saved by enrolling in a different plan. Given the strong similarity between the two 
samples, we expect that our findings from the linked MCBS-administrative sample can be generalized to the broader population of non-
poor Part D enrollees. 
11 There is a correlation of .94-.98 each year between the out of pocket costs predicted for the actual plan and the realized cost observed 
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from CMS’s Chronic Condition Data Warehouse to determine if and when each individual 

had depression or dementia, which are associated with diminished cognitive performance 

(Agarwal et al. 2009). Like prior studies of PDP choice we limit our analysis to enrollees 

who did not receive a low-income subsidy.12  

Our linked sample includes 3,547 individuals who made 10,867 annual enrollment de-

cisions between 2006 and 2010.13 Table A1 reports annual means of the key variables. The 

typical enrollee is a retired high school graduate with living children. Approximately 22% 

are college graduates, 55% are married, and 55% have annual pre-tax household incomes 

over $25,000. Only 35% report that they ever personally use the internet to get information 

of any kind. However, among those who do use the internet most have used it to search for 

information on Medicare programs (27%). Another 17% report having called 1-800-Med-

icare for information. The average beneficiary’s total expenditures on premiums and out 

of pocket costs increased from $1,203 in 2007 to $1,400 in 2010.14 This is a significant 

share of income given that 45% of beneficiaries have household incomes below $25,000. 

The data also reveal that by the end of our study period significant fractions of enrollees 

had been diagnosed with dementia (12%) and depression (11%).  

Given the relatively large amount of money at stake, the age range of the eligible popu-

lation and the prevalence of cognitive illnesses it is unsurprising to find that 38% of enrol-

lees did not make health insurance decisions on their own: 27% had help and 11% relied 

on a proxy to make the decision for them. Table 1 shows that beneficiaries who get help 

are likely to be older, sicker, lower income, less educated, and less internet savvy than 

beneficiaries who made decisions on their own. Those getting help are also more likely to 

have been diagnosed with depression or dementia. All of these differences are amplified 

                                                 
in the administrative data. Differences between the calculator’s predictions and realized costs are due to changes in plan design or drug 
pricing that occur after open enrollment and are not observable to consumers at the time they make enrollment decisions.  
12 We exclude those receiving low-income subsidies because they are autoenrolled into plans, they receive larger premium subsidies, 
and their copayments are much more uniform across plans. Hence, they are less relevant for our evaluation of prospective policies 
designed to alter choice architecture. Despite excluding them, our sample has similar income levels to the national average of people 
age 65 and above. In our sample 54% of households have annual income over $25,000 (weighted 2006-2010 dollars), compared with 
63% (constant 2010 dollars) based on all householders 65 and older in the 2010 Census American Community Survey.  
13 This excludes observations on beneficiaries who reenrolled in plans they had originally chosen prior to joining the MCBS. We drop 
these observations because we cannot observe the beneficiaries’ knowledge at the time they first selected their current plans.  
14 The figure for 2006 is $1,013. It is smaller because during the inaugural year of the program open enrollment extended through May. 
Less than half the enrollees in our sample were enrolled for all of 2006. If we limit the sample to full-year enrollees, the 2006 mean 
annual consumer expenditure is $1,366.  
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when we compare beneficiaries who make their own health insurance decisions to those 

who rely on proxies to make decisions for them.  

III. Identifying Enrollment Decisions Suspected to be Misinformed 

Only 8% of the enrollment decisions in our data minimize ex post expenditures. In 2006 

the average enrollee could have saved $460 by choosing their cheapest available plan.15 

This is equivalent to reducing total expenditures by 45%. Potential savings declined to 

$349 in 2007 (or 29% of expenditures) and remained similar thereafter. Why are people 

leaving money on the table? We hypothesize that the answers differ from person to person. 

Some may be making informed decisions to pay more for plans that provide better risk 

protection and higher quality. Others may misunderstand how the market works or under-

estimate their potential savings. We must distinguish between these groups to evaluate the 

welfare effects of prospective choice architecture policies.  

TABLE 1—CHARACTERISTICS OF PEOPLE WHO MAKE THEIR OWN DECISIONS OR GET HELP 

 
Note: The table reports means for key variables for the sample of Medicare Part D enrollees found in both the MCBS 
and cost calculator samples from 2006-2010. See the text for details. 

                                                 
15 This figure sums over premiums and out of pocket costs. See Table A1 for details. This average falls below the $520 figure reported 
by Ketcham, Lucarelli and Powers (2015) based on CMS’s 20% sample of 2006 full year enrollees because our average also includes 
people who only enrolled for part of the year. The primary reason for part-year enrollment in 2006 was the fact that the initial open 
enrollment period was extended through May (Heiss, McFadden, and Winter 2010). 

Beneficiary
Beneficiary 
gets help

Proxy

number of enrollment decisions 6,790 2,906 1,171

high school graduate (%) 83 75 61

college graduate (%) 25 19 14

income>$25k (%) 57 53 48

uses the internet (%) 39 33 18

mean age 77 78 80

dementia including Alzheimer's (%) 5 11 31

depression (%) 9 11 14

mean number of drug claims 32 36 40

mean premium ($) 416 411 426

mean out-of-pocket costs ($) 885 1,030 1,285

mean potential savings ($) 325 325 357

Who makes health insurance decisions?
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For the group we identify as informed, we maintain the standard assumption that their 

choices are informative to us and apply standard revealed preference logic to infer their 

preferences for cost reduction, risk protection, and quality. But revealed preference logic 

cannot be applied when consumers have latent beliefs about products that contradict the 

information we observe. With this in mind, we adapt two features of Bernheim and 

Rangel’s (2009) proposed approach to revealed preference analysis in the presence of latent 

heterogeneity in beliefs.16 First, we use theory and data to identify enrollment decisions 

that we suspect may fail to reveal preferences. We label these choices as suspect, using 

Bernheim and Rangel’s terminology. Second, for the consumers making suspect choices, 

we calibrate their preference relations using proxy measures derived from the behavior of 

observationally identical consumers who we observe making non-suspect choices. Thus, 

we implement Bernheim and Rangel’s proposal to respect consumer sovereignty and apply 

standard revealed preference methods unless theory and data suggest the standard approach 

may fail to reveal consumers’ preferences.  

A. Defining Suspect Choices 

Like prior Part D studies, we assume that consumer i’s utility from drug plan j in year t 

depends on the mean and variance of her potential expenditures in that plan under all pos-

sible health states. Expenditures equal the plan premium, ݌௝௧, plus out of pocket costs, 

 ௜௧. Utility also depends onݔ ,௜௧ሻ, of an exogenously given vector of drug quantitiesݔ௝௧ሺ݌݋݋

a vector of measures of plan quality, ݍ௜௝௧, that reflect the time and effort required for an 

individual to obtain her eligible benefits under the plan.  

Our first indicator of suspect choices is derived by applying Ketcham, Kuminoff, and 

Powers’ (2016) test for whether consumers are actively choosing plans that cannot be ra-

tionalized as maximizing a well behaved utility function under full information.17 To sim-

plify notation we denote total costs as ܿ௜௝௧ ൌ ௝௧݌ ൅  ௜௝௧. We assume that consumers are݌݋݋

                                                 
16 Latent heterogeneity in beliefs is one case of what Bernheim and Rangel refer to as “ancillary conditions” on decision making. 
17 Similar to Chetty et al. (2015) we define an enrollment choice as active if either of the following statements is true: (1) the person is 
new to the market and must select a plan to become insured or (2) the person switched to a new plan during open enrollment. If neither 
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weakly risk averse and have preference orderings that are complete, transitive, and strongly 

monotonic over expected cost savings, risk protection, and quality. Under this assumption, 

a fully informed consumer will never actively enroll in a plan, j, that is dominated by an-

other, k, in the sense that the following four conditions hold simultaneously.  

ሺ1. ܽሻ	ܧሺܿ௜௞௧ሻ ൑  .൫ܿ௜௝௧൯ܧ
ሺ1. ܾሻ	ݎܽݒሺܿ௜௞௧ሻ ൑  .൫ܿ௜௝௧൯ݎܽݒ
ሺ1. ܿሻ	ݍ௜௝௧ ൑  .௜௞௧ݍ
ሺ1. ݀ሻ	ݐܣ	ݐݏ݈ܽ݁	݁݊݋	݂݋	݄݁ݐ	ݏ݁݅ݐ݈݅ܽݑݍ݁݊݅	ݏ݅	ݐܿ݅ݎݐݏ. 

In words, an informed consumer will never choose a plan that has higher cost, higher var-

iance, and lower quality than some feasible alternative. We refer to choices that satisfy 

(1.a)-(1.d) as being dominated. In theory, a consumer may choose a dominated plan if she 

is risk loving, if she dislikes quality, if she has a negative marginal utility of income, or, 

more likely, if she is misinformed about her options. Hence, if we observe a consumer 

actively choosing a dominated plan then we label her choice as “suspect”. We suspect that 

the consumer is misinformed and, therefore, that her enrollment decision may not reveal 

her preferences.18  

To test whether enrollees chose dominated plans we define cost, variance, and quality 

using methods from the literature on PDP choice (Abaluck and Gruber 2011, Ketcham, 

Kuminoff, and Powers 2016). First we assume that informed consumers have unbiased 

expectations of their drug needs for the upcoming year: ܧ൫ܿ௜௝௧൯ ൌ ܿ௜௝௧.19 Next, we use a 

cohort approach to calculate variance. We calculate ݎܽݒ൫ܿ௜௝௧൯ from the distribution of ex-

penditures under plan j for the drugs used in year t by people in consumer i's cohort in 

terms of year t-1 drug claims. Specifically, we use CMS’s random 20% sample of all PDP 

enrollees to assign each individual in the MCBS sample to 1 of 1000 cells defined by the 

                                                 
statement is true, then the enrollee took no action during open enrollment and was automatically reenrolled in the plan she chose last 
year—her default—in which case we define her choice as passive. After the inaugural enrollment cycle in 2006 between 20% and 23% 
of enrollees made active choices each year. 
18 Consumers who violate at least one condition are choosing plans on what Lancaster (1966) called the “efficiency frontier” in attribute 
space. Every plan on the frontier can be rationalized as maximizing some utility function that satisfies the preference axioms and weak 
risk aversion under full information. For example, an informed risk averse consumer may optimally choose a more expensive and lower 
quality plan that better insures her against negative health shocks. 
19 Our econometric estimates and policy conclusions are robust to assuming that consumers are myopic: ܧ൫ܿ௜௝௧൯ ൌ ܿ௜௝௧ିଵ. This is unsur-
prising since individual prescription drug use is strongly persistent over time.  
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deciles to which she belonged in the national distributions of the prior year’s total drug 

spending, days’ supply of branded drugs, and days’ supply of generic drugs.20 Then we 

calculate ݎܽݒ൫ܿ௜௝௧൯ for the distribution of drugs used by everyone in consumer i’s cell. 

Finally, we allow utility to depend on indicators for insurance companies. These indicators 

reflect all aspects of PDP quality that vary across insurers, such as customer service, phar-

macy networks, mail order options, and prior authorization requirements.21  

Because we allow utility to depend on insurer dummies, a chosen plan will be domi-

nated if and only if the enrollee could have chosen a different plan offered by the same 

insurer that would have lowered the mean and variance of her drug expenditures, or low-

ered one holding the other constant. The first row of Table 2 shows that 19% of beneficiar-

ies actively enrolled in dominated plans in the first year of the program, when everyone 

had to actively enroll. The share ranged from 4% to 7% in subsequent years. The decline 

after 2006 is mostly due to a decline in active decision making. That said, the probability 

of choosing a dominated plan conditional on making an active choice also declined by three 

percentage points between 2006 and 2010.  

To hedge against potential Type II error in using active choices of dominated plans to 

identify misinformation, we use an MCBS knowledge question to develop a second suspect 

choice indicator. Each year, respondents were asked to state whether the following sen-

tence is true or false: “Your OOP costs are the same in all Medicare prescription drug 

plans.” For people with no drug claims, the statement is true. For people with any claims 

the statement is false due to variation in formularies, deductibles, and coinsurance. Under-

standing that drug costs vary across plans is the central to understanding how the market 

works.22 Moreover, this variation is financially important: the average beneficiary’s OOP 

costs for her purchased drugs vary by over $1,100 across her available plans.  

                                                 
20 In cases where CMS did not have the person’s drug claims from the prior year, such as 2006, we predicted their deciles based on 
current and future drug claims and past, current and future health.  
21 For example, stringent prior authorization requirements for certain drugs may be unattractive to consumers who believe they have a 
high likelihood of purchasing those drugs and irrelevant to consumers who do not. Likewise, consumers differ in their proximity to in-
network pharmacies. These factors vary across insurance brands and consumers but not across plans within a brand. 
22 The MCBS asks five other questions that test knowledge of Part D, but they are less relevant for forecasting individual drug expend-
itures. Howell, Wolff and Herring (2012) provide further analysis of the MCBS knowledge questions. 
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TABLE 2—POTENTIAL INDICATORS OF SUSPECT CHOICES 

 
Note: The table reports the share of choices triggering each indicator, by year. The MCBS knowledge question asks whether the enrol-
lee’s out of pocket costs are the same under every available drug plan. The correct answer is coded as yes for enrollees who filed drug 
claims in both the prior and current years if their out of pocket costs did in fact vary across plans in both years. The last row reports the 
share of enrollees satisfying the criteria in either of the first two rows. See the text for additional details.  
 

We use each person’s drug claims to determine their correct answer to the MCBS ques-

tion. Because respondents may be unsure about which enrollment year the question is re-

ferring to, we code a person’s answer for year t as correct if it is correct for either year t or 

year t-1. Table 2 shows that 44% of respondents failed to give the correct answer in 2006 

and 6-9% did not answer correctly when making active choices in subsequent years.23 On 

average, respondents who answered incorrectly could have saved 16% more by switching 

to a different plan than those who answered correctly.24  

Finally, when beneficiaries are passively reenrolled in their default plans we defer to 

their preceding active choices of those plans when coding their passive reenrollment deci-

sions as suspect or non-suspect. Table 2 shows that from 2007 to 2010, 11% of beneficiar-

ies were passively reenrolled in plans that were dominated when they were actively chosen 

and 24% were reenrolled in plans that were actively chosen during enrollment cycles in 

which they answered the knowledge question incorrectly.  

                                                 
23 Aggregating over active and passive choices, the total share of respondents answering incorrectly was 29% in 2007, 31% in 2008, and 
28% in 2009 and 2010. The 15 percentage point reduction between 2006 and 2007 is consistent with prior evidence on learning in PDP 
markets (Ketcham, Lucarelli, and Powers 2015, Ketcham et al. 2012). 
24 For 11% of our sample the person who responds to the survey and makes the enrollment decision is a proxy for the beneficiary, such 
as a spouse or child (Table A1). Table A3 shows that when we focus on beneficiaries who made active enrollment decisions, failing to 
answer the knowledge question correctly is associated with a 1.3 percentage point increase in the probability of choosing a dominated 
plan and a $68 increase in the amount of money that could be saved by switching to the cheapest available plan, even when conditioning 
on education, income, employment status, presence of living children, internet use, effort to search for information about CMS programs 
online or by calling 1-800-Medicare, getting help making enrollment decisions, the number of available plans, gender, race, age, de-
mentia, depression, number of drug claims, and dummies for year and CMS region.  

2006 2007 2008 2009 2010 2007‐2010

Actively enrolling in a plan:

that is  dominated 19 6 6 4 5 5

while not answering knowledge question correctly 44 6 8 6 9 7

Passively reenrolling in a plan that was:

dominated when actively chosen   12 12 12 10 11

actively chosen while not answering knowledge question correctly   31 26 23 19 24

Suspect choices (union of the first four rows) 54 48 45 40 38 42

 
Percent of enrollees
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In summary, we define a choice as suspect if the decision maker (i) actively enrolled in 

a dominated plan; (ii) actively enrolled in a plan while not answering the knowledge ques-

tion correctly; or (iii) passively reenrolled in a plan that satisfied (i) and/or (ii) at the time 

it was first chosen. The last row of Table 2 shows that 54% of all enrollment decisions 

satisfied at least one of these criteria in 2006 and 42% between 2007 and 2010. Below we 

demonstrate that our policy conclusions are robust to alternative ways of defining suspect 

choices. This includes focusing exclusively on dominated plan choices; using a more in-

clusive definition that adds enrollees who could have reduced their expenditures by more 

than 50%; and assuming that consumers are myopic in the sense that they expect their drug 

use in the upcoming year to be identical to the prior year. 

B. Who is More Likely to Make Suspect Choices? 

To develop intuition for potential mechanisms driving suspect choices, we estimate lin-

ear probability models in which the dependent variable, ௜ܵ௥௧, is an indicator for whether 

person i in CMS region r made a suspect choice in the year t enrollment cycle, 

ሺ2ሻ	 ௜ܵ௥௧ ൌ ߢ ൅ λ݀௜௥௧ ൅ ϕ௥ ൅ ρ௧ ൅ ݁௜௧. 

On the right of the equality ݀௜௥௧ is a vector of demographics, some of which change over 

time, and ρ௧ and ϕ௥ are indicators for enrollment year and region.25  

The first column of Table 3 reports results for enrollment decisions from 2006-2010. 

The omitted indicators define the reference person as a 65 to 69 year old unmarried and 

retired white male with no high school diploma who has not searched for information on 

CMS programs and makes his own enrollment decisions. The coefficients imply that ob-

taining a college degree is associated with a 5.8 percentage point reduction in the probabil-

ity of making a suspect choice. The probability is higher for nonwhites (+11.8) which might 

proxy for unobserved differences in wealth or education, and it is higher for people who 

get help making decisions (+2.5). We also see lower probabilities for enrollees who 

                                                 
25 These indicators capture variation in the complexity of choice sets across space and time. For example, in the first year of the program 
the number of available plans per region ranged from 27 to 52. The number of plans also changed over time, increasing noticeably 
between 2006 and 2007. This variation allows us to test the choice overload hypothesis that consumers are less likely to make informed 
decisions as the number of options grows. Ketcham, Lucarelli and Powers (2015) test choice overload in Part D more extensively, 
capitalizing on individual-specific variation in the number of plans available by the person’s relative cost of those plans.  
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searched for information about CMS programs using the internet (-9.0) or by called 1-800-

Medicare (-5.8).26  

 

TABLE 3—ASSOCIATION BETWEEN SUSPECT CHOICES AND DEMOGRAPHICS 

 
Note: The table reports coefficients and standard errors from linear probability models of individual’s plan choices. The dependent 
variable equals one if we suspect the choice was misinformed. See the text for a formal definition. All explanatory variables are binary 
expect the number of available plans and the number of drug claims, both of which are standardized. The omitted indicators define the 
baseline enrollee as a 65 to 69 year old white male who did not finish high school, has income below $25k, does not get help making 
insurance decisions, has not searched for CMS information using the internet or 1-800-Medicare, has the mean number of drug claims, 
and has not been diagnosed with dementia or depression. All regressions include indicators for enrollment year and region. Robust 
standard errors are clustered by enrollee. *,**, and *** indicate the p-value is less than 0.1, 0.05, and 0.01. 

 

                                                 
26 The later result is consistent with Kling et al.’s (2012) audit of the Medicare help line in which actors calling the number for infor-
mation found that customer service representatives consistently identified low-cost plans based on the actors’ fictional drug needs.  

 

college graduate -0.058 [0.021]*** -0.058 [0.021]***

income>$25k -0.012 [0.018] -0.012 [0.019]

currently working 0.011 [0.025] 0.009 [0.026]

married 0.012 [0.020] 0.011 [0.020]

has living children -0.057 [0.033]* -0.064 [0.034]*

uses the internet -0.020 [0.021] -0.015 [0.022]

searched for CMS info: internet -0.090 [0.021]*** -0.083 [0.021]***

searched for CMS info: 1-800-Medicare -0.058 [0.019]*** -0.066 [0.020]***

has help making insurance decisions 0.025 [0.017] 0.016 [0.018]

number of available plans (standardized) -0.005 [0.014] -0.003 [0.016]

female 0.024 [0.019] 0.028 [0.019]

nonwhite 0.118 [0.035]*** 0.114 [0.036]***

age: 70-74 0.050 [0.021]** 0.047 [0.023]**

age: 75-79 0.066 [0.025]*** 0.065 [0.027]**

age: 80-84 0.072 [0.027]*** 0.071 [0.028]**

age: over 84 0.120 [0.029]*** 0.118 [0.030]***

dementia including Alzheimer's 0.048 [0.026]* 0.040 [0.027]

depression 0.012 [0.022] 0.011 [0.023]

number of drug claims (standardized) 0.027 [0.008]*** 0.033 [0.008]***

number of plan choices

number of enrollees

mean of the dependent variable  

R-squared

Suspect choice Suspect choice

0.059

2007 - 2010

0.44

0.064

3,547 3,444

0.42

2006 - 2010

10,867 9,119
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Looking at the administrative variables, the probability of making a suspect choice is 

increasing in age, consistent with prior evidence on the decline in cognitive performance 

for individuals over 65 (Agarwal et al. 2009, Tymula et al. 2013). The predicted probability 

is approximately 7 percentage points higher for enrollees in their late 70’s and 12 percent-

age points higher for enrollees in their late 80’s. This is after controlling separately for 

diagnosed cognitive illnesses normally associated with aging, namely dementia (+4.8), and 

conditioning on the increased complexity of decisionmaking associated with greater drug 

needs via a measure of total drug claims (+2.7 for a one standard deviation increase in 

claims). Having living children, even conditional on receiving help choosing, is associated 

with a nearly 6 percent reduction in the probability of making a suspect choice. In compar-

ison we find that income, gender, marital status have small and statistically insignificant 

effects. We also obtain a precisely estimated zero on the number of available plans, provid-

ing evidence against the hypothesis that choice overload causes suspect choices (Ketcham, 

Lucarelli and Powers 2015). 

The last column of Table 3 shows that the results are largely unchanged if we drop 2006. 

We exclude 2006 enrollment decisions from our main analysis because of the sharp im-

provement in knowledge question responses in 2007. Because consumers appear to have 

learned during the inaugural year of the program, their choices in that first year may be less 

informative for analyzing prospective policies. That said, we show in the appendix that our 

main findings are invariant to whether we include or exclude 2006 choices. 

IV. A Parametric Model of Decision Making with Heterogeneity in Beliefs 

To evaluate the welfare effects of prospective polices we must select a parametric ap-

proximation to utility. The novelty of our approach to is to allow for heterogeneity in be-

liefs about plan attributes. We focus on identifying parameters that describe how plan at-

tributes affect plan choice and then use our indicators for suspect and non-suspect choices 

to guide how we interpret those parameters and use them for welfare analysis.  

A. Initial Enrollment Decision 

When a beneficiary first enters the market in year 0 she must actively choose a plan to 
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obtain insurance. She will choose the plan that maximizes her utility, conditional on her 

beliefs about plan attributes. We approximate this process with a model similar to the ones 

used by Abaluck and Gruber (2011), Kling et al. (2012) and Ketcham, Kuminoff, and Pow-

ers (2016), 

ሺ3ሻ	 ௜ܷ௝଴ 	ൌ ௜௧ܿ́௜௝଴ߙ ൅ ௜௝଴ߪ௜௧́ߚ
ଶ ൅ ௜௝଴ݍ௜௧́ߛ ൅ ߳௜௝଴. 

ܿ́௜௝଴ denotes the amount that person i expects to spend under plan j in terms of the premium 

plus out of pocket costs for prescription drugs, ́ߪ௜௝଴
ଶ  is the variance of out of pocket costs, 

 ௜௝଴ is a vector of quality attributes, and ߳௜௝଴ is an idiosyncratic person-plan specific tasteݍ́

shock. The accents indicate that the variables reflect person i’s beliefs about plan attributes. 

Heterogeneity in beliefs is discussed below. Beneficiaries may also have heterogeneous 

marginal rates of substitution between expected cost, variance, and quality. We model this 

heterogeneity as a linear function of observable demographics, some of which may evolve 

over time: ߙ௜௧ ൌ ଴ߙ ൅  ௜௧. Finally, people may lose utilityߛ ௜௧ andߚ ଵ݀௜௧, and similarly forߙ

from the time and effort required to learn about a plan and enroll in it. We assume that this 

cost is constant across plans so that it cancels out of between-plan comparisons and can 

therefore be suppressed in (3).  

B. Subsequent Enrollment Decisions 

After an enrollee chooses a plan in year 0 she is automatically reassigned to that plan in 

year 1 unless she actively switches to a different plan during open enrollment.27 As before, 

making an active decision may be more costly. In contrast, no effort is required to reenroll 

in the default plan:  

ሺ4ሻ	 ௜ܷ௝ଵ ൌ ௜௧ܿ́௜௝ଵߙ ൅ ௜௝ଵߪ௜௧́ߚ
ଶ ൅ ௜௝ଵݍ௜௧́ߛ ൅ ሖܤ௜௧Δߟ ௜௝ଵ ൅ ௜௧Δߜ ሖܲ௜௝ଵ ൅ ߳௜௝ଵ. 

Two terms capture the utility loss from actively switching plans: Δ ሖܲ௜௝௧ is an indicator for 

                                                 
27 Plans are occasionally discontinued, which can force people to make an active choice. In such case, we can revert to equation (3) to 
model the new enrollment decision.  
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whether plan j is a non-default plan sold by the same insurer as the default plan, and Δܤሖ ௜௝௧ 

is an indicator for whether plan j is a non-default plan sold by a different insurer. The 

disutility of switching plans is captured by the parameters ߟ௜௧ ൌ ଴ߟ ൅ ௜௧ߜ ଵ݀௜௧ andߟ ൌ ଴ߜ ൅

 ଵ݀௜௧, which summarize how inertia varies with consumer demographics. We consider howߜ

to interpret inertia when we discuss welfare measurement in Section V. After a consumer 

chooses a plan in year 1, the decision process is the same in years 2,…,T. 

C. Heterogeneity in Information 

We model heterogeneity in information by allowing suspect and non-suspect choices 

to be driven by different beliefs about PDPs. Non-suspect choices are assumed to be in-

formed in the sense that decision makers’ beliefs about plan attributes coincide with the 

measures we collected. Put differently, we respect consumer sovereignty and invoke the 

standard assumption of full information in the absence of evidence to the contrary. In con-

trast, we do not observe the beliefs about plan attributes that led to suspect choices. While 

the non-suspect (n) and suspect (s) groups may have different beliefs about plans, we as-

sume that they share the same underlying preference parameters. 

ሺ5ሻ	 ௜ܷ௝௧
௡ ൌ ௜௧ܿ௜௝௧ߙ ൅ ௜௝௧ߪ௜௧ߚ

ଶ ൅ ௝௧ݍ௜௧ߛ ൅ ௜௝௧ܤ௜௧Δߟ ൅ ௜௧Δߜ ௜ܲ௝௧ ൅ ߳௜௝௧. 

ሺ6ሻ	 ௜ܷ௝௧
௦ ൌ ௜௧ܿ́௜௝௧ߙ ൅ ௜௝௧ߪ௜௧́ߚ

ଶ ൅ ௜௝௧ݍ௜௧́ߛ ൅ ሖܤ௜௧Δߟ ௜௝௧ ൅ ௜௧Δߜ ሖܲ௜௝௧ ൅ ߳௜௝௧. 

We dropped the accents in (5) to indicate that we are using our empirical measures of plan 

attributes for the non-suspect group.28  

Because we do not observe the beliefs of people making suspect choices, we do not 

necessarily identify their preferences from their observed behavior. To see this notice that 

if we replace the subjective beliefs in (6) with empirical measures of plan attributes then, 

in general, we must also allow the values of the preference parameters and the error term 

to change in order to maintain their utility ranking of plans:  

                                                 
28 Their expected PDP costs are defined as ܿ௜௝௧ ൌ ௝௧݌ ൅ ௜௝௧ߪ ௜௝௧൧, their type-specific variance is defined as݌݋݋ൣܧ

ଶ ൌ  ௝௧ݍ ௜௝௧൯, and݌݋݋൫ݎܽݒ
is a vector containing indicators for insurance companies and an index of overall plan quality developed by CMS. All variables are 
calculated using the techniques developed in prior studies of PDP choice as described in III.A. 
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ሺ7ሻ	 ௜ܷ௝௧
௦ ൌ ప௧́ߙ ܿ௜௝௧ ൅ ప௧ሖߚ ௜௝௧ߪ

ଶ ൅ ప௧́ߛ ௜௝௧ݍ ൅ ప௧́ߟ ௜௝௧ܤ߂ ൅ ప௧ሖߜ ߂ ௜ܲ௝௧ ൅ ߳௜́௝௧.  

For example, if people make suspect choices because they have downward biased expec-

tations about their drug needs at the time they choose a plan (i.e. ܿ ௜௝௧ ൐ ܿ́௜௝௧) then we would 

expect ߙ௜௧ ൏ ప௧́ߙ . Likewise, if they have downward biased expectations about their poten-

tial savings from switching plans, then we would expect ߟ௜௧ ൏ ప௧́ߟ  and ߜ௜௧ ൏ ప௧ሖߜ .  

To facilitate estimation we assume that the person-plan specific taste shocks in (5) and 

(7) are iid draws from type I extreme value distributions. The variances may differ between 

the suspect and non-suspect groups because the idiosyncratic shocks in (7) will absorb any 

residual utility differences needed to maintain the preference ordering over plans when we 

move from (6) to (7). Therefore, when we normalize the model variances to ߨଶ 6⁄ , the 

coefficients estimated for the suspect group will be scaled by the ratio of the group-specific 

variances (Train 2009). After making this normalization, we can rewrite the estimating 

equation for the suspect group (s) as 

ሺ8ሻ	 ௜ܷ௝௧
௦ ൌ ௜௧ߙ

௦ ܿ௜௝௧ ൅ ௜௧ߚ
௦ ௜௝௧ߪ

ଶ ൅ ௜௧ߛ
௦ ௜௝௧ݍ ൅ ௜௧ߟ

௦ ௜௝௧ܤ߂ ൅ ௜௧ߜ
௦ ߂ ௜ܲ௝௧ ൅ ߳௜௝௧, 

where ߙ௜௧
௦ ൌ ప௧́ߙ ටݎܽݒ൫߳௜௝௧൯ ൫߳௜́௝௧൯ൗݎܽݒ  and similarly for ߚ௜௧

௦ , ௜௧ߛ	
௦ ௜௧ߟ ,

௦ , and ߜ௜௧
௦ . Our econo-

metric model identifies the parameters of (5) and (8). 

D. Identification 

Equations (3)-(4) illustrate how the model parameters can be identified from data on 

suspect and non-suspect enrollment decisions. Our ability to observe each individual’s plan 

choices when they first enter the market allows us to overcome the initial conditions prob-

lem. Consider the non-suspect group. Given the parametric form for utility and the distri-

butional assumption on ߳௜௝௧, we can use a multinomial logit model of initial plan choices 

(3) to identify the parameters that describe how marginal rates of substitution between cost, 

variance, and quality vary with beneficiary demographics, ߙ଴, ,ଵߙ ,଴ߚ ,ଵߚ ,଴ߛ  ଵ. Then weߛ

can use a model of their subsequent plan choices (4) to identify the inertia parameters, 
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,଴ߟ ,ଵߟ ,଴ߜ -ଵ, via the rates at which individuals actively switched out of the plans they iniߜ

tially chose. In practice, we pool the data from all plan choices and estimate the parameters 

simultaneously using (5). The same arguments can be made to identify the parameters of 

(8) for the suspect group. Prior studies have analyzed the properties of this model and un-

derlying identification arguments in detail (Ketcham, Kuminoff, and Powers 2016, Polya-

kova 2015). The novelty of our identification strategy in this paper is to estimate separate 

sets of parameters for suspect and non-suspect groups. The ability to differentiate their 

decision processes is critical to assessing welfare effects of prospective policies.  

V. Welfare Effects of Choice Architecture Policies 

When some decisions are misinformed, reforms that reduce information costs and/or 

simplify the choice process can, in principle, increase some consumers’ welfare. Consider 

a policy implemented between periods 0 and 1 that changes the set of available plans from 

 Consumer welfare may be affected through three channels. First, the policy may .ܭ to ܬ

change the menu of options by adding choices, removing choices, and regulating their costs 

or quality. Second, the policy may change how consumers or firms make decisions, e.g. by 

lowering the cost of switching plans. Finally, if the policy induces consumers and firms to 

adjust their behavior then those adjustments may feed back into the levels of endogenous 

attributes (e.g. premiums) through equilibrium sorting.  

A. Non-Suspect Group 

The expected change in welfare for people in the non-suspect group (n) is derived by 

integrating over ߳௜௝௧ in the standard expression for consumer surplus to generate the log 

sum ratio from Small and Rosen (1981). 

ሺ9ሻ	∆ܧሾܥ ௜ܸ
௡ሿ ൌ ଵ

ఈ೔೟
೙ ቊ݈݊

∑ ൣ௘௫௣൫௏೔ೖ
೙భ൯൧ೖ∈಼

∑ ቂ௘௫௣ቀ௏೔ೕ
೙బቁቃೕ∈಻

ቋ, 

where ௜ܸ௝
௡଴ and ௜ܸ௞

௡ଵ denote the observed part of utility in (5) evaluated for PDPs j and k 

before and after the policy. The temporal subscript is suppressed for brevity such that 
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௜ܸ௝
௡଴ ൌ ௜ܸ௝௧

௡଴ሺߠ௡, ݀௜௧ሻ ൌ ௜ܷ௝௧
௡଴ െ ߳௜௝௧, where ߠ௡ ൌ ሾߙ௡, ,௡ߚ ,௡ߛ ,௡ߟ  ௡ሿ and each letter is aߜ

vector of parameters describing how preferences vary with demographics.  

B. Suspect Group 

Welfare calculation is more involved for the suspect group. The observed part of (8) 

determines how PDP attributes affect their enrollment decisions, but their ex post realized 

utility from those decisions is determined by (5). This follows from our assumption that, 

conditional on prescription drug use and demographics, the suspect and non-suspect groups 

share the same underlying preference parameters. Therefore, a single plan’s contribution 

to expected utility is defined by integrating over the product of (5) and the probability of 

choosing that plan based on (8). Aggregating over the PDP menu prior to the policy yields 

the following general expression 

ሺ10ሻ	ܧሾ ௜ܷ
௦଴ሿ ൌ෍න ൫ ௜ܸ௝

௡଴ ൅ ߳௜௝൯ܨ௝൫ ௜ܸ௝
௦଴ െ ௜ܸଵ

௦଴ ൅ ߳௜௝, … , ௜ܸ௝
௦଴ െ ௜ܸ௄

௦଴ ൅ ߳௜௝൯݀߳௜௝
ஶ

ିஶ௝∈௃

, 

where ܨ௝ሺ∙ሻ is the derivative of the joint CDF of the idiosyncratic taste shocks with respect 

to ߳௜௝. Subtracting this expression from the post-policy measure of expected utility, divid-

ing by the marginal utility of income, and integrating over the idiosyncratic taste shocks 

yields an expression for welfare that was first derived by Leggett (2002) as a way to de-

scribe decision making under misinformation in a static model without inertia. 

ሺ11ሻ	∆ܧሾܥ ௜ܸ
௦ሿ ൌ

ଵ

ݐ݅ߙ
݊ ቊ݈݊

∑ ൣ௘௫௣൫௏೔ೖ
ೞభ൯൧ೖ∈಼

∑ ቂ௘௫௣ቀ௏೔ೕ
ೞబቁቃೕ∈಻

൅ ∑ ൣ߰௜௞
௦ଵ൫ ௜ܸ௞

௡ଵ െ ௜ܸ௞
௦ଵ൯൧௞∈௄ െ ∑ ൣ߰௜௝

௦଴൫ ௜ܸ௝
௡଴ െ ௜ܸ௝

௦଴൯൧௝∈௃ ቋ, 

where ௜ܸ௝
௦଴ ൌ ௜ܸ௝௧

௦଴ሺߠ௦ሻ ൌ ௜ܷ௝௧
௦଴ െ ߳௜௝௧, ߠ௦ ൌ ሾߙ௦, ,௦ߚ ,௦ߛ ,௦ߟ -௦ሿ, and ߰௜௝ is the logit probaߜ

bility of choosing plan j so that ߰௜௝
௦଴ ൌ ൫݌ݔ݁ ௜ܸ௝

௦଴൯ ∑ ሾ݁݌ݔሺ ௜ܸ௠
௦଴ሻሿ௠∈௃ൗ . 

The first term inside braces in (11) is the standard log sum ratio evaluated at ߠ௦. The 

second and third terms adjust the log sum ratio to account for the welfare implications of 

the difference between ߠ௦ and ߠ for each choice, weighted by the predicted probability of 

making that choice before and after the policy. In the special case where ߠ௦ ൌ  equation ,ߠ
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(11) reduces to the standard welfare measure in (9).  

C. The Welfare Treatment of Inertia  

Equations (9) and (11) treat the non-suspect group’s inertia parameters as being directly 

relevant for welfare. This is consistent with interpreting inertia as a mixture of latent pref-

erences and hassle costs of switching plans. However, Kling et al. (2002) argue that inertia 

is more likely to reflect downward biased expectations for the savings from switching plans 

along with other psychological factors such as status quo bias, procrastination, and limited 

attention. These mechanisms have no direct effect on consumer welfare; they affect welfare 

indirectly by lowering the rate at which consumers switch plans. Our data do not allow us 

to distinguish the importance of psychological bias relative to latent preferences and 

switching costs. One can separate them, in principle, by adding assumptions on the form 

of statistical distributions for unobserved preference heterogeneity and switching costs 

(e.g. Heckman 1981, Dube et al. 2010, Polyakova 2015). We prefer to avoid such assump-

tions by instead taking a partial identification approach similar to Handel (2013) and Bern-

heim, Fradkin, and Popov (2015). We calculate welfare for two extreme cases that provide 

bounds on the share of inertia that is welfare relevant. In the first case, inertia is assumed 

to be entirely welfare relevant (as in (9) and (11)) and in the second case it is assumed to 

be entirely irrelevant, e.g. due to psychological bias.  

To calculate the change in expected welfare when inertia reflects psychological biases 

we replace equations (9) and (11) with (9’) and (11’).  

ሺ9′ሻ	∆ܧሾܥ ௜ܸ
௡ሿ ൌ

ଵ

ݐ݅ߙ
݊ ቊ݈݊

∑ ൣ௘௫௣൫௏೔ೖ
೙భ൯൧ೖ∈಼

∑ ቂ௘௫௣ቀ௏೔ೕ
೙బቁቃೕ∈಻

൅ ∑ ൣ߰௜௞
௡ଵ൫ ௜ܸ௞

௡∗ଵ െ ௜ܸ௞
௡ଵ൯൧௞∈௄ െ ∑ ൣ߰௜௝

௡଴൫ ௜ܸ௝
௡∗଴ െ ௜ܸ௝

௡଴൯൧௝∈௃ ቋ. 

ሺ11′ሻ	∆ܧሾܥ ௜ܸ
௦ሿ ൌ

ଵ

ݐ݅ߙ
݊ ቊ݈݊

∑ ൣ௘௫௣൫௏೔ೖ
ೞభ൯൧ೖ∈಼

∑ ቂ௘௫௣ቀ௏೔ೕ
ೞబቁቃೕ∈಻

൅ ∑ ൣ߰௜௞
௦ଵ൫ ௜ܸ௞

௡∗ଵ െ ௜ܸ௞
௦ଵ൯൧௞∈௄ െ ∑ ൣ߰௜௝

௦଴൫ ௜ܸ௝
௡∗଴ െ ௜ܸ௝

௦଴൯൧௝∈௃ ቋ. 

These equations differ from (9) and (11) in that ௜ܸ௞
௡∗ଵ ൌ ௜ܸ௞

௡ଵ െ ௜௧ߟ
௡ܤ߂௜௝௧ െ ௜௧ߜ

௡߂ ௜ܲ௝௧ and 

௜ܸ௝
௡∗଴ ൌ ௜ܸ௞

௡଴ െ ௜௧ߟ
௡ܤ߂௜௝௧ െ ௜௧ߜ

௡߂ ௜ܲ௝௧. Hence, in this case inertia has no direct effect on con-

sumer welfare; it only affects welfare indirectly via consumers’ enrollment decisions.  
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D. The Policy’s Effect on Consumer Behavior  

Prospective welfare analysis also requires us to take a stance on whether a counterfac-

tual choice architecture policy would induce consumers to behave differently. In principle, 

a policy designed to simplify the choice process could induce decision makers in the sus-

pect group to update their beliefs about the market and behave more like decision makers 

in the non-suspect group. Or it could have no effect at all. In the absence of empirical 

evidence, we again take a partial identification approach and consider two extreme scenar-

ios. One scenario assumes that the policy has no effect on behavior; the other assumes that 

the policy induces consumers in the suspect group to behave like those in the non-suspect 

group, conditional on demographics and prescription drug utilization. The second case in-

volves replacing ௜ܸ௞
௦ଵ with ௜ܸ௞

௡ଵ and ߰௜௞
௦ଵ with ߰௜௞

௡ଵ in equations (11) and (11’).  

E. Discussion 

Our welfare framework is consistent with divergent theories of consumer decision mak-

ing. When it is costly for consumers to acquire information, to make a decision, or to ne-

gotiate a transaction they may choose not to become fully informed (Stigler and Becker 

1977). Misinformation may also stem from psychological biases (Kahneman, Wakker, and 

Sarin 1997).29 Our framework requires observing which decisions are affected by some 

combination of these mechanisms, but it avoids the need to model them or take a stance on 

their relative importance. The disadvantage of being unable to disentangle these mecha-

nisms in our data is that we only recover bounds on welfare. Whether the bounds are in-

formative is an empirical question.  

The bounds that we derive extend Small and Rosen’s (1981) welfare measure to rec-

ognize that consumers differ in the information they use to make decisions. Our adjustment 

for misinformation implements Bernheim and Rangel’s (2009) proposal for how to meas-

ure welfare when the analyst suspects that some choices will not reveal preferences. This 

allows us to recognize that choice architecture may create winners and losers. For example, 

                                                 
29 To use the terminology from Kahneman, Wakker, and Sarin (1997), one can think of ௜ܸ௝

௡ሺߠሻ as approximating the “hedonic utility” 
derived by consuming a good and ௜ܸ௝

௦ሺߠ௦ሻ as approximating the “decision utility” function maximized by people who are misinformed. 
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consider the partial equilibrium welfare effects of a policy that automatically assigns each 

consumer to a plan, but allows them to opt out and choose a different plan if they prefer. 

Nobody can be made better off from such a policy within a model that assumes all con-

sumers are fully informed and freely mobile (e.g. Lucarelli, Prince, and Simon 2012). At 

the opposite extreme, nobody can be made worse off within a model that assumes the pol-

icy is implemented by a benevolent regulator who knows consumers’ preferences better 

than they know their own preferences (e.g. Abaluck and Gruber 2011). Our approach pro-

vides a middle ground between these extremes. Equation (9) and its analogs recognize that 

informed consumers can be made worse off from restrictions on choice. Equation (11) and 

its analogs introduce flexibility so that misinformed consumers may gain or lose from re-

strictions on choice. Aggregating the gains and losses can yield criteria for policy evalua-

tion consistent with the concept of asymmetric paternalism (Camerer et al. 2003).  

Our framework also highlights the information needed to evaluate a prospective policy. 

First we must estimate parameters describing how suspect and non-suspect choice proba-

bilities vary with plan attributes, ߠ௡ and ߠ௦, in order to calibrate ߰௜௝
௦଴, ௜ܸ௝

௡଴, ௜ܸ௝
௦଴, and ௜ܸ௞

௡∗଴. 

Then we must map the policy onto plan attributes and utility in order to calibrate ߰௜௝
௦ଵ, ௜ܸ௝

௡ଵ, 

௜ܸ௝
௦ଵ, and ௜ܸ௞

௡∗ଵ and calculate bounds on welfare. 

VI. Multinomial Logit Estimation  

A. Main Results 

Table 4 presents the estimates that we use as the basis for policy experiments.30 The 

first column reports results for a naïve model that pools data on suspect and non-suspect 

choices. The main effects have the expected signs and are precisely estimated, with the 

exception of variance. Its insignificant coefficient mirrors the finding from Abaluck and 

Gruber (2011) and Ketcham, Kuminoff and Powers (2015) that in a naïve model of PDP 

                                                 
30 We also estimated more flexible models that interacted PDP attributes with more comprehensive sets of demographic variables. 
However the additional interactions tend to have small and statistically insignificant effects (Table A4), which led us to use the more 
parsimonious specification in Table 5. A notable result from the more comprehensive model is that enrollees who do and do not get help 
making health insurance decisions make choices that imply virtually identical marginal rates of substitution between cost, variance, and 
quality. The main difference between the two groups is that those who get help exhibit less inertia, as shown in Table 5.  
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choice the typical enrollee appears to ignore risk protection. Interacting variance with the 

MCBS college degree indicator suggests that college graduates are more risk averse. 

Columns 2 and 3 repeat the estimation for non-suspect and suspect choices alone. Com-

paring main effects across the three columns reveals that the insignificant coefficient on 

variance in the pooled model is driven by aggregating over suspect and non-suspect 

choices. Taken literally, the coefficient on variance for the suspect group implies they are 

risk loving. In contrast, the non-suspect group is risk averse at levels consistent with find-

ings from prior studies (Cohen and Einav 2007, Handel 2013, Handel and Kolstad 2015). 

For example, our results imply that enrollees in the non-suspect group would be indifferent 

between a 50-50 bet of wining $100 and losing between $98.3 and $99.3; and indifferent 

between a 50-50 bet of winning $1,000 and losing between $854.7 and $937.3.31 Further, 

the non-suspect group is more sensitive to price with the implication that the monetary 

value of inertia—defined by dividing the switching indicators by the expected cost coeffi-

cient—is nearly three times larger for the suspect group.  

Focusing on non-suspect choices in column 2, the interaction coefficients are consistent 

with intuition. Interactions between cost and indicators for whether the beneficiary is in the 

top or bottom terciles of the claims distribution imply that the marginal utility of income 

declines as people become sicker. People who have previously taken the time to search for 

information about Medicare programs on the internet or by calling 1-800-Medicare tend to 

be more sensitive to price and to have stronger preferences for CMS’s index of overall plan 

quality which is based, in part, on customer satisfaction. Preferences for plan quality are 

also higher among higher income enrollees. One explanation is that the opportunity cost of 

time is increasing in income and that choosing a higher quality plan reduces the time and 

effort required to interact with the insurer.  

                                                 
31 These calculations are based on the fact that our specification for utility provides a 1st order approximation to a CARA model. Our 
calculations are additional discussion are provided in Table A5 and associated discussion in the supplemental appendix. 
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TABLE 4—LOGIT MODELS OF PRESCRIPTION DRUG PLAN CHOICE  

 
Note: The table summarizes logit models estimated from data on all choices; non-suspect choices only; and suspect choices only. All 
models include indicators for insurers. Excluded demographic interactions define the reference person as white and 78 years old with 
no college degree and annual income below $25,000. This person is in the middle tercile of the distribution of total drug claims, did not 
get help making an enrollment decision, and did not use the internet or 1-800-Medicare to search for information. Robust standard errors 
are clustered by enrollee. *,**, and *** indicate that the p-value is less than 0.1, 0.05, and 0.01 respectively. 

 

Inertia tends to be lower for people who get help choosing a plan and who searched for 

information about CMS programs, whereas it tends to be higher for people who are older, 

nonwhite, and who have higher incomes. The income effect could again be due to hetero-

geneity in the opportunity cost of time. The directions of these effects are mostly consistent 

across the suspect and non-suspect groups, but the monetary implications are larger for the 

suspect group. The average non-suspect enrollee would have to be paid $846 to hold their 

utility constant if they were randomly reassigned to a different plan offered by the same 

 

expected cost -0.283 [0.017]*** -0.377 [0.029]*** -0.197 [0.021]***

variance 0.076 [0.085] -0.433 [0.118]*** 0.621 [0.126]***

quality (CMS index) 0.035 [0.078] 0.056 [0.104] -0.012 [0.124]

within-brand switch -3.307 [0.109]*** -3.239 [0.152]*** -3.396 [0.155]***

between-brand switch -5.181 [0.095]*** -4.923 [0.128]*** -5.591 [0.141]***
 

cost x 1{ bottom tercile of claims } -0.172 [0.034]*** -0.194 [0.039]*** -0.089 [0.053]*

cost x 1{ top tercile of claims } 0.082 [0.021]*** 0.128 [0.035]*** 0.027 [0.024]

cost x 1{ sought CMS info } -0.043 [0.022]* -0.074 [0.032]** 0.037 [0.030]
 

quality x 1{ income > $25k } 0.170 [0.091]* 0.202 [0.118]* 0.095 [0.147]

quality x 1{ sought CMS info } 0.283 [0.096]*** 0.241 [0.122]** 0.326 [0.165]**
 

switch within brand x standardized age -0.162 [0.069]** -0.138 [0.093] -0.179 [0.103]*

switch within brand x 1{ income > $25k } -0.383 [0.126]*** -0.364 [0.169]** -0.373 [0.183]**

switch within brand x 1{ help } 0.335 [0.122]*** 0.271 [0.170] 0.474 [0.181]***

switch within brand x 1{ sought CMS info } 0.126 [0.131] 0.262 [0.167] -0.200 [0.208]

switch within brand x 1{ nonwhite } -0.812 [0.297]*** -1.211 [0.450]*** -0.587 [0.396]
 

switch brand x standardized age -0.122 [0.055]** -0.167 [0.073]** 0.025 [0.081]

switch brand x 1{ income > $25k } -0.390 [0.106]*** -0.411 [0.139]*** -0.429 [0.163]***

switch brand x 1{ help } 0.263 [0.105]** 0.233 [0.141]* 0.383 [0.160]**

switch brand x 1{ sought CMS info } 0.285 [0.102]*** 0.178 [0.133] 0.263 [0.165]

switch brand x 1{ nonwhite } -0.794 [0.239]*** -1.371 [0.348]*** -0.107 [0.341]

pseudo R2

number of enrollment decisions  

number of enrollees  

All Choices
Non-Suspect 

choices
Suspect choices

3,442 2,175 1,560

0.66 0.64 0.71

9,119 5,248 3,871
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insurer or $1,292 if they were reassigned to a plan offered by a different insurer. Compa-

rable figures for the suspect group are $1,888 and $2,958. The fact that we see greater 

inertia for between-insurer switches compared to within-insurer switches is consistent with 

the inertia parameters reflecting latent preferences and hassle costs. Between-insurer 

switches are likely to require more time and effort than within-insurer switches as different 

plans offered by the same insurer tend to have the same formularies, pharmacy networks, 

customer service, and so on. In contrast, insurers typically differ along these dimensions, 

so that switching insurance companies may require new prior authorization requests, trans-

ferring prescriptions to new pharmacies, and becoming familiar with new formulary and 

customer service systems. Psychological biases might also be greater for between-brand 

switches. 

B. Validation Tests 

A potential concern with our approach to distinguishing between suspect and non-sus-

pect choices is that it could be overfitting the data and consequently yielding less accurate 

predictions for how consumers will respond to prospective policies. We assess the model’s 

predictive power by using validation tests similar to Keane and Wolpin (2007) and Galiani, 

Murphy, and Pantano (2015). The idea is to compare the out of sample predictions from 

our refined model that distinguishes between suspect and non-suspect choices with the 

standard pooled model. Our validation test is powered by the largest year-to-year change 

in the PDP choice set that occurred during our study period. Between 2008 and 2009 the 

number of plans fell by 10%. We use data from 2008 to estimate the standard and refined 

models and then use each set of estimates to predict how consumers would adapt to their 

new choice sets in 2009.32 Table A6 shows that among suspect choosers the refined model 

more accurately predicts the share that chose dominated plans; the share that chose the least 

expensive plans offered by their insurers; mean expenditures; the average amount that con-

sumers who chose dominated plans could save by switching; and the share who chose to 

switch plans and the share who chose plans with gap coverage. The refined model likewise 

                                                 
32 We exclude indicators for insurance brand because some new insurers joined the market in 2009 so we are unable to estimate indicators 
for them in 2008. 
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outperforms the pooled model in making out-of-sample predictions for the choices of non-

suspect choosers for all but two of these measures. Overall, this exercise suggests that dis-

tinguishing between suspect and non-suspect choices improves the model’s predictive 

power. 

As an indirect test of our maintained assumption that people in the suspect and non-

suspect groups share the same underlying utility parameters, conditional on demographics 

and prescription drug use, we leverage the panel structure of our data to repeat the estima-

tion for four mutually exclusive sets of enrollment decisions: (1) choices made by enrollees 

who always make suspect choices (n=3,311); (2) suspect choices made by enrollees who 

sometimes make non-suspect choices (n=560); (3) non-suspect choices made by enrollees 

who sometimes make suspect choices (n=634); and (4) choices made by enrollees who 

always make non-suspect choices (n=4,616). The results, shown in Tables A7-A8, reveal 

that the estimated marginal rates of substitution between cost, variance, and quality are 

similar between groups 1 and 2, and between groups 3 and 4, despite some reduction in 

statistical significance. In other words, when people who switch between the suspect and 

non-suspect groups make non-suspect choices they behave in similar ways to the people 

who always make non-suspect choices. This supports the assumptions underlying our ap-

proach of using non-suspect preference parameters to predict welfare effects for people in 

the suspect group.  

VII. Evaluating Prospective Choice Architecture Policies 

A. Preliminaries 

i. Calculating Changes in Insurer Revenue 

To gain insight on the mechanisms that underlie insurers’ responses to the prospective 

policies within our partial equilibrium approach, we calculate changes in insurer revenue 

holding premiums constant. Equation (12) defines the change in insurer revenue per enrol-

lee:  

ሺ12ሻ	∆ߨ ൌ ଵ

ே
	∑ ∑ ߰௜௞

ଵ
௞∈௄௜ ௜௞ߨ

ଵ െ ଵ

ே
	∑ ∑ ߰௜௝

଴
௝∈௃௜ ௜௝ߨ

଴ , 
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where ߨ௜௝
଴  and ߨ௜௞

ଵ  measure insurer revenue per enrollee before and after the policy.33 The 

change in revenue per enrollee is determined by whether the policy mitigates or exacer-

bates adverse selection based on predicted changes to choice probabilities (Handel 2013) 

ii. Bounding the Estimated Outcomes 

Section V explained our approach to bounding the welfare effect of inertia and the 

policy’s effect on consumer behavior. We report results for two extremes. At one extreme 

is the case where the policy is “most effective” as a nudge in the sense that it causes the 

suspect group to start behaving like the non-suspect group and the inertia parameters esti-

mated for the non-suspect group reflect psychological bias and hence have no direct effect 

on welfare, i.e. using equation 9’ and 11’ with ܸ ௜௞
௡ଵ and ߰௜௞

௡ଵ. At the other extreme is the case 

where the policy is “least effective” as a nudge in that it does not change the suspect group’s 

behavior and the inertia parameters for the non-suspect group reflect the hassle cost of 

switching plans and/or preferences for latent plan attributes and hence are welfare relevant 

(i.e. using equations 9 and 11). Holding premiums constant, we expect the most (least) 

effective scenario to provide an upper (lower) bound on consumer welfare from paternal-

istic policies. To provide statistical bounds on our estimates, we provide the 2.5th percentile 

from a 100 replication bootstrap for the least effective scenario and the 97.5th percentile for 

the most effective scenario.  

B. Distributional Effects of a Menu Restriction 

In early 2014, CMS proposed a series of changes to Medicare Part D that included a 

provision to limit each parent organization to offering only one basic and one enhanced 

plan in each region (Department of Health and Human Services 2014).34,35 This would have 

forced some current enrollees to switch plans. While the proposal was controversial and 

                                                 
33 Empirically, we define insurer revenue per enrollee as the total premium (paid partly by enrollees and partly by the government) less 
residual drug expenditures, defined as total expenditures less the sum of consumers’ OOP costs and government payments for consumers 
who exceed the threshold for catastrophic spending. We assume the average cost of plan management and operations per enrollee is 
unchanged by the policy so that it cancels out of the difference in (14). 
34 “Parent organizations” or “sponsors” are entities that contract with CMS to sell PDPs. They may include multiple brand names. Basic 
plans may differ in design but must be deemed actuarially equivalent to the standard benefits package for some representative enrollee(s). 
Enhanced plans offer supplemental benefits.  
35 The proposal included the rationale to “…ensure that beneficiaries can choose from a less confusing number of plans that represent 
the best value each sponsor can offer” (Federal Register 2014).  
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has yet to be implemented, it provides a prospective opportunity to investigate the effects 

of a realistic menu restriction.  

Our first policy experiment uses the set of enrollees and available plans in 2010—the 

last year of our sample—to simulate the welfare effects of the proposed menu restriction. 

Our data for that year describe 2,611 individuals, both new enrollees and those with expe-

rience. CMS must approve each PDP that an insurer offers, but the proposed regulation 

was unclear about how, exactly, CMS would determine which plans to retain. Therefore 

we start by assuming that CMS would require each sponsor to continue to offer their most 

popular plans; i.e. the single basic plan and the single enhanced plans with the highest 

enrollments.36 Then we consider alternative rules as robustness checks below. The menu 

restriction reduces the number of plans on the average enrollee’s menu from 47 to 31.  

The menu restriction affects consumer welfare in several ways. First, people may be 

made worse off when their utility maximizing plans are eliminated. Second, individuals 

who switch plans may incur hassle costs of switching. Third, individuals in the suspect 

group may be made better off if the policy forces them to switch out of a dominated plan 

or if the policy succeeds in reducing their inertia and nudging them to place greater em-

phasis on cost and risk reduction in ways that induce them to switch to plans that are 

cheaper, higher quality, and provide better insurance against health shocks. The magnitude 

of each of these gains or losses depends on which plans are eliminated and the relative 

benefits of switching.  

To summarize results we start by focusing on the case in which CMS requires each 

insurer to retain their basic and enhanced plans with the highest numbers of enrollees. Fig-

ure 1 summarizes the distributional effects on the beneficiary population. It shows CDFs 

of the expected consumer surplus under the “most effective” and “least effective” scenarios 

for the efficacy of the policy in nudging consumers (henceforth ME and LE). The bar charts 

in the bottom half of the figure summarize the average welfare effects for specific demo-

graphic groups under the ME scenario. In both scenarios fewer than 25% of consumers are 

                                                 
36 This is consistent with our interpretation of CMS’ impact analysis (Federal Register 2014).  
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made better off by the policy. Further, the median consumer in every demographic sub-

group we consider is made worse off under both scenarios. While those who made suspect 

choices under the status quo policy had larger average gains and higher probability of gain 

than non-suspect choosers (the bootstrap confidence intervals show these are significantly 

different at 1%) even the median consumer who made suspect choices is expected to lose 

from menu restrictions. We do not find any other subgroups that are more likely to win or 

lose under the policy.  

Figure 2 summarizes the mechanisms that drive the welfare effects under the ME and 

LE scenarios. It reports the shares of winners and losers who are forced to switch because 

the policy eliminates their current plans, followed by their average reductions in their pre-

miums, their average reductions in OOP expenditures, their average reductions in variance, 

and the average increases that they experience in the CMS quality index as well as the 

index of latent quality defined by the insurer dummy variables. The last three effects are 

converted to dollar equivalents by dividing the changes in each variable by the marginal 

utility of income for the non-suspect group.  

In the ME scenario just under 25% of consumers are made better off.37 Nearly half of 

those “winners” are forced to switch plans. Many of the people who are forced to switch, 

particularly those in the suspect group, are better off from switching because their new 

plans provide more generous coverage and there is no utility cost of switching in the ME 

scenario. Furthermore, people in the suspect group now place more emphasis on cost and 

risk reduction when selecting a plan. After the policy, the average winner pays $21 less in 

premiums and $41 less in out of pocket costs. Their exposure to risk declines by an amount 

equivalent to a certain payment of $4 and they experience an improvement in plan quality 

worth just over $10 (summing the effects of the CMS index and insurer fixed effects). 

Nevertheless, most people experience welfare losses because of higher premiums and elim-

ination of desirable plans. A small number of consumers, particularly those in the non-

suspect group, experience relatively large losses because the policy eliminates their chosen 

plans, leading to average increases in premiums and reductions in quality. 

                                                 
37 We code anyone with changes in welfare of |$0.01| or less as having no change. In tables 5, 6, and 7 the percentages of consumers 
with no change in welfare equal 100 minus the reported percentages with welfare gains and losses.. 
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FIGURE 1: DISTRIBUTION OF THE WELFARE EFFECTS FROM A MENU RESTRICTION 

  
Note: The figure shows CDFs of the expected change in welfare from limiting each insurer to selling one basic plan and one enhanced 
plan, assuming that CMS requires insurers to keep the plans with the highest current enrollment. The small dotted lines represent the 
nonparametric 95% upper bound on the most effective nudge and the 95% lower bound on the least effective nudge based on a 100 
replication bootstrap. The bar charts show the fractions of consumers with welfare gains by demographic group and the numbers above 
or below each bar report average consumer surplus within the groups.  

FIGURE 2: MECHANISMS UNDERLYING THE WELFARE EFFECTS OF A MENU RESTRICTION 
 A. MOST EFFECTIVE NUDGE     B. LEAST EFFECTIVE NUDGE 

 
Note: The first column reports the share of winners and losers who are forced to switch because their chosen plans are eliminated. The 
next two columns report average reductions in premiums and out of pocket expenditures. The last three columns use the marginal util-
ity of income for the non-suspect group to report the reduction in variance and the increases in plan quality in monetary equivalents.  

 

In the LE scenario, only 2% of consumers are made better off. For most people, the 

utility loss from being forced to switch plans more than offsets the cost savings, risk re-

duction, and improvements in plan quality experienced by switchers. The small fraction of 

winners all belong to the suspect group and had large reductions in premiums and OOP 
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costs. Hence, if we think that inertia primarily reflects hassle costs and consumer prefer-

ences, then the menu restriction significantly harms the vast majority of consumers in ex-

change for small benefits for a small share of people in the suspect group who become less 

able to choose inferior plans.  

 

TABLE 5: SUMMARY OF OUTCOMES FOR ALTERNATIVE MENU RESTRICTION RULES 

 
Note: The table shows the sensitivity of outcomes to the menu restriction rule. Max enrollment is the baseline that corresponds to figures 
1 and 2. Max frontier retains the basic and enhanced plans with the highest shares of enrollees on the efficiency frontier. Min expenditure 
retains plans with the lowest average expenditures. Max profit allows insurers to retain the plans with the highest average profit per 
enrollee. Standard errors from a 100 replication bootstrap are in parentheses.  

 

The first two columns of Table 5 summarize the shares of people who have their default 

plans eliminated by the policy, the average changes in expected welfare per enrollee, the 

shares of winners and losers and the changes in insurer revenue per enrollee. The ME sce-

nario predicts a net effect on consumer welfare close to zero, as large gains for a small 

fraction of consumers offset smaller losses for the majority. The LE scenario predicts a 

mean welfare reduction of -$107, as 99 percent of consumers are made worse off. The last 

six columns show comparable results for three other hypothetical rules for how CMS could 

determine which plans to keep on the menu: the plans that are on the efficiency frontier for 

the greatest number of people; the plans with the minimum average cost to the enrollee; 

and the plans with the highest net revenue per enrollee.38 Our results on consumer welfare 

                                                 
38 For profitability, we assume that there is sufficiently little variation in costs of plan operations and management per enrollee within 
the set of plans offered by each insurer that it does not affect the ranking of plans by revenue per enrollee. .  
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16.7 16.7 24.7 24.7 19.4 19.4 37.0 37.0
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are qualitatively robust across these scenarios. The most striking differences are the reduc-

tions in consumer welfare and increases in insurer revenue that would occur if insurers are 

allowed to retain their highest profit plans. Under the LE scenario, welfare is expected to 

fall by $219, amounting to 15.6% of enrollees’ average spending. Insurer net revenue per 

enrollee has expected increases even under the ME scenario ($21) nearly as large as the 

gains in average consumer welfare ($22). The more profitable plans tend to be the higher-

premium ones that provide more risk reduction and have higher quality ratings. Hence, 

insurers would have strong incentives to persuade regulators to allow them to retain their 

more comprehensive plans. With approximately 7.7 million people participating in the 

standalone Medicare prescription drug markets, this partial equilibrium change in insurer 

net revenue under the maximum profit rule increases insurer revenues by $163 to $353 

million per year.  

C. Distributional Effects of Personalized Decision Support 

Our second policy experiment evaluates the welfare effects of a hypothetical infor-

mation campaign modeled on a randomized field experiment conducted by Kling, Mullain-

athan, Shafir, Vermeulen, and Wrobel (2012) [henceforth KMSVW]. Their analysis is mo-

tivated by the observation that while Medicare enrollees can learn about their personal PDP 

options and potential savings by calling 1-800-Medicare or using various cost calculators 

available online, a minority of enrollees report doing so, as seen in Table A1. KMSVW 

attribute this to “comparison friction” which they define as the wedge between available 

information and consumers’ use of it. KMSVW tested an intervention in which several 

hundred treatment group enrollees who agreed to participate in the experiment were sent a 

decision support letter containing personalized information about their potential personal 

cost savings from switching to their lowest cost available plan. The letter also identified 

the name of the low cost insurer and contact information to initiate a switch. KMSVW 

observed a 7 percentage point increase in the rate at which the treatment group switched to 

their lowest cost plan relative to a control group that received a general letter with no per-

sonalized decision support, and an 11.5 percentage point increase in the overall switching 

rate for the treatment group. 
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In this experiment we estimate the heterogeneous welfare implications of a national 

rollout of the decision support tool in which the government mails letters to all existing 

enrollees that would be similarly worded to the one sent to the treatment group in 

KMSVW’s study. Because the information relies on prior drug claims, the policy would 

not affect new enrollees. Such a policy may affect welfare via several pathways. First, 

providing enrollees with personalized information may mitigate psychological biases 

and/or reduce information costs, making them better off. In the context of our model, this 

would be realized as increases in the switch rate and cost savings. Because the decision 

support tool does not embed risk protection and quality, however, the net effect on welfare 

is ambiguous. Second, an important feature of the information campaign—if it were im-

plemented by the government—is that it would necessarily be based on incomplete infor-

mation about enrollees’ drug needs. While CMS has full information about existing enrol-

lees’ individual claims over their prior years in the PDP market, individuals may have pri-

vate information about their own drug needs over the upcoming year. If enrollees with 

private information about changes in their drug needs choose to switch plans based on 

outdated information provided by CMS then these misinformed individuals could experi-

ence welfare losses.39  

We use KMSVW’s estimated treatment effects as moments that we can use to calibrate 

௜ܸ௝
௡ଵ and ௜ܸ௝

௦ଵ. Specifically, in the ME scenario we multiply the estimated inertia parameters 

by ߱ଵሺ1 ൅ ߱ଶ1ሼ݆ ൌ ݆∗ሽሻ as shown in (13.a) and (13.b), where 1ሼ݆ ൌ ݆∗ሽ is an indicator for 

whether plan j is the individual’s minimum cost plan that would be featured as part of the 

information treatment. We calibrate ߱ ଵ to generate a 7 percentage point increase in the rate 

at which the treatment group switches to their lowest cost plan relative to the baseline that 

we observe in the data, and we calibrate ߱ଶ to simultaneously generate an 11.5 percentage 

point increase in the overall switch rate subject to the constraints that 0 ൑ ߱ଵ,߱ଶ, ߱ଵ ൅

߱ଶ ൑ 1.  

                                                 
39 In principle such a phenomenon could exist if the free but imperfect information from CMS reduces efforts for people to acquire 
private information about their own future drug needs. Carlin, Gervais, and Manso (2013) explore these ideas more generally. 
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ሺ13. ܽሻ		 ௜ܸ௝௧
௡ଵ ൌ ො௜௧ߙ

௡ܿ௜௝௧ ൅ መ௜௧ߚ
௡ߪ௜௝௧

ଶ ൅ ො௜௧ߛ
௡ݍ௝௧ ൅ ߱ଵሺ1 ൅ ߱ଶ1ሼ݆ ൌ ݆∗ሽሻ൫̂ߟ௜௧

௡Δܤ௜௝௧ ൅ መ௜௧ߜ
௡Δ ௜ܲ௝௧൯. 

ሺ13. ܾሻ		 ௜ܸ௝௧
௦ଵ ൌ ො௜௧ߙ

௦ ܿ௜௝௧ ൅ መ௜௧ߚ
௦ ௜௝௧ߪ

ଶ ൅ ො௜௧ߛ
௦ ௝௧ݍ ൅ ߱ଵሺ1 ൅ ߱ଶ1ሼ݆ ൌ ݆∗ሽሻ൫̂ߟ௜௧

௦ Δܤ௜௝௧ ൅ መ௜௧ߜ
௦ Δ ௜ܲ௝௧൯. 

ሺ13. ܿሻ		 ௜ܸ௝௧
௦ଵ ൌ ො௜௧ߙ

௦ ܿ௜௝௧ ൅ መ௜௧ߚ
௦ ௜௝௧ߪ

ଶ ൅ ො௜௧ߛ
௦ ௝௧ݍ ൅ ௜௧ߟ̂

௦ Δܤ௜௝௧ ൅ መ௜௧ߜ
௦ Δ ௜ܲ௝௧. 

In the LE scenario, there is assumed to be no change in the behavior of the suspect group 

so we use (13.a) and (13.c), in which case ߱ଵ and ߱ଶ will have to be larger than in the ME 

scenario in order to induce sufficient switching among the non-suspect group to replicate 

the treatment effects estimated by KSMVW.  

FIGURE 3: DISTRIBUTION OF WELFARE EFFECTS FROM PERSONALIZED DECISION SUPPORT 

 
Note: The figure shows CDFs of the expected change in welfare from a personalized decision support tool that is based on the field 
experiments of Kling et al. (2012). The model is calibrated to reproduce their estimated treatment effects on the rates at which people 
switch plans. The small dotted lines represent the nonparametric 95% upper bound on the most effective nudge and the 95% lower 
bound on the least effective nudge based on a 100 replication bootstrap. The bar charts show the fractions of consumers with welfare 
gains by demographic group and the numbers above or below each bar report average consumer surplus within the groups. 
 

Figure 3 summarizes the distributional effects of the personalized information treat-

ment. In the ME scenario 81 percent of consumers are made better off by the policy. Those 
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who made suspect choices under the status quo policy are more likely to win and experi-

ence larger gains than those who did not (significant at 1%) and those with the highest 

number of drug claims are expected to have larger average gains than those with fewer 

claims (significant at 1%), but we do not find any other differences across observed char-

acteristics. In the LE scenario, the share of consumers with welfare gains declines to 48 

percent because the suspect group is assumed to ignore the information treatment. Thus, 

they are unaffected by the policy.  

TABLE 6: SUMMARY OF OUTCOMES FROM PERSONALIZED DECISION SUPPORT AND SENSI-

TIVITY TO DECISION MAKERS’ EXPECTATIONS 

 
Note: The table shows the sensitivity of outcomes to the assumed form of decision makers’ expectations for their own drug needs in the 
upcoming year. The baseline scenario that corresponds to figures 3 and 4 (perfect foresight) assumes that decision makers accurately 
forecast changes in their drug needs. The myopia scenario assumes that decision makers expect their future drug needs to be identical 
to the prior year. Standard errors from a 100 replication bootstrap are in parentheses. 

 
To illuminate the mechanisms underlying these heterogeneous effects, Table A9 shows 

that under both scenarios, losers had much larger average changes in OOP drug spending 

over the prior year. This is because the low cost plan that is featured by the information 

treatment is the one that minimizes their expenditures based on their prior year of drug use, 

so that some people who experience significant health shocks would spend substantially 

more in the recommended plan than in the plan that they actually chose for themselves. 

These individuals are more likely to have made non-suspect choices. This illustrates the 

potential welfare losses that can arise from a nudge based on incomplete information. More 
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broadly, this suggests a tradeoff between the potential benefits of simplifying the presen-

tation of information and the potential costs of deemphasizing important details about the 

assumptions underlying that information. 

The first two columns of Table 6 provides summary statistics for the outcomes under 

the ME and LE scenarios while maintaining our model’s assumption that consumers have 

unbiased expectations of their actual drug use in the upcoming year. The average welfare 

gains range from $28 to $103. This could cause us to understate the policy’s benefits. If 

consumers are myopic in the sense that they expect their drug use to be the same as the 

prior year then the information treatment has less scope to reduce some consumers’ wel-

fare. The last two columns of Table 6 demonstrate this and show that when we repeat the 

estimation and simulation based on the assumption that consumers are myopic when they 

enroll in insurance plans, then between 54% and 92% of consumers benefit from the policy 

and the average change in welfare is an increase of between $62 and $158.  

D. Distributional Effects of Default Assignment to a Low Cost Plan 

Our final policy experiment evaluates the welfare effects of replacing CMS’s current 

revealed preference approach to defining each person’s reenrollment default plan with an 

alternative policy that would set the default to be the plan that would minimize each enrol-

lee’s costs. We envision the policy being implemented as a stronger version of the decision 

support nudge. Not only would existing enrollees be informed of their minimum cost op-

tions, they would be automatically assigned to those options unless they chose to opt out 

by overriding the reassignment and choosing a different plan. As before, we assume CMS 

would predict each enrollee’s minimum cost plan using their drug claims from the prior 

year. Consistent with CMS’s current approach, first-time enrollees would still be required 

to make active decisions. 

In the ME scenario, the policy completely erases inertia for enrollment in the new low-

cost default. Nevertheless, some consumers may still prefer their original plans if those 

plans provide greater quality or variance reduction. Assuming it is costless for enrollees to 

opt out and continue in their old plans, under ME assumptions the policy could reduce 

consumer welfare only from (mis)assignment to plans requiring higher expenditures due 
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to changes in drug needs. Figure 4 shows that for a large share of consumers the net change 

is dominated by the aggregate effect of lower expenditures and the elimination of inertia. 

Overall, just over 80% of consumers have gains in expected welfare in both scenarios, and 

this is accompanied by reductions in insurer revenue of $42-128 as shown in Table 7.40  

 

FIGURE 4: DISTRIBUTION OF WELFARE EFFECTS FROM ASSIGNMENT TO A DEFAULT PLAN 

 

 
Note: The figure shows CDFs of the expected change in welfare from automatically assigning people to default plans, assuming it is 
costless to opt out. People are automatically assigned to the plan that would minimize their expenditures based on their prior year of 
drug use. The small dotted lines represent the nonparametric 95% upper bound on the most effective nudge and the 95% lower bound 
on the least effective nudge based on a 100 replication bootstrap.  

                                                 
40 We do not find any differences in average gains or the probability of gain across observed consumer attributes, so we suppress the 
complementary bar chart for brevity.  
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TABLE 7: NET OUTCOMES FROM THE DEFAULT POLICY AND SENSITIVITY OF RESULTS TO 

DECISION MAKERS’ EXPECTATIONS 

 
Note: The table shows the sensitivity of outcomes to the assumed form of decision makers’ expectations for their own drug needs in the 
upcoming year. The first four rows assume no opt out cost. See the text for additional details and definitions. Standard errors from a 100 
replication bootstrap are in parentheses. 

 

In the LE scenario, the fact that the reassignment is based solely on cost allows for the 

possibility that consumers making suspect choices will be harmed by being reassigned to 

plans with lower risk protection or quality. Also in this scenario, being assigned to a default 

plan does not eliminate the hassle cost of learning to navigate a plan offered by a different 

insurer (e.g. prior authorization paperwork, new pharmacy networks, new customer service 

protocols). To account for this we recalibrate the model so that the policy reduces the cost 
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this interpretation, the welfare-relevant hassle costs are the difference in the estimated cost 

of switching between brands relative to switching within brands. The continued presence 
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of navigation costs reduces the share of enrollees choosing their assigned default to 14%.41 

The right half of Table 7 shows that the share of consumers who benefit, their average 

welfare gain, and the implications for government spending and insurer revenue are virtu-

ally unchanged if we repeat the estimation and simulation under the assumption that con-

sumers have myopic expectations of their own drug needs for the upcoming year.  

Finally, Table 7 illustrates the importance of the design of the opt-out feature. We re-

peat the simulation except that now we make it costly for enrollees to switch back to their 

previously-chosen plans. Intuitively, people may incur a cost from paying attention to the 

new policy, learning how the opt-out feature works, determining whether they expect to 

prefer their newly assigned default to their old plan and, if not, exercising their opt-out 

option. Under the assumption that everyone faces the same opt out cost we solve for the 

cost needed to set the average change in expected welfare to zero. It ranges from a low of 

$65 in the LE scenario with unbiased expectations to a high of $198 in the ME scenario 

under myopia. When people incur such utility losses from opting out, some of them choose 

the newly assigned default even though conditional on opt out costs it has lower welfare 

than their prior plan.  

VIII. Summary 

We have developed a structural model that yields partial equilibrium evaluations of the 

equity and efficiency of choice architecture reforms in a differentiated product market 

when researchers are unwilling to maintain revealed preference assumptions for every ob-

served choice. Specifically we used administrative and survey data to first identify which 

consumers appear to make informed and informative decisions that reveal their preferences 

to us. We then estimate separate models of decision making for the informed and misin-

formed groups.  

                                                 
41 This approach may still overstate benefits to the extent that ̂ߟ and ߜመ represent latent preferences. As we increase the post-policy cost 
of switching to the new default option to ̂ߟΔܤ௜௝௧ ൅ መΔߜ ௜ܲ௝௧ the benefits to consumers approach zero. The extreme case in which ̂ߟ and ߜመ 
are entirely latent preferences is equivalent to reverting to the pre-policy equilibrium in which case the policy has no effect on consumer 
welfare.  
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The results from our policy experiments in the Medicare prescription drug markets 

suggest that CMS’s recent proposal to simplify the choice process by reducing the number 

of drug plans would reduce welfare for the median consumer by up to 16% of consumer 

expenditures and potentially increase transfers to insurers. In contrast, our results suggest 

that providing personalized information about the potential savings from switching plans 

and assigning people to low-cost default plans would benefit the median enrollee. Under 

the most optimistic scenario, these gains are 11% of consumer expenditures. Comparing 

the decision support and default assignment policies suggests that defaults have potentially 

higher downside risk due to opt-out costs and due to larger losses in insurers’ net revenues. 

Both have the potential to erode the consumer welfare gains observed in our partial equi-

librium approach. More generally, because both of these policies emphasize cost minimi-

zation, insurers may respond by simultaneously lowering plans’ costs, quality and risk pro-

tection in ways that have ambiguous effects on consumer welfare.  

Understanding how suppliers adjust to choice architecture policies is a key challenge 

for future research. Another is to determine the conditional probabilities of responding to 

information treatments for the consumer groups who are informed and misinformed in the 

baseline. Finally, our analysis does not embed any responses by consumers in their deci-

sions about whether to participate in the PDP market at all. Given the large taxpayer sub-

sidies to all PDP enrollees, such enrollment decisions likely have large effects on expected 

consumer surplus and total insurer revenues to the extent that such decisions change under 

the prospective policies. Similarly, our study holds constant the drugs consumed across 

plans and under alternative policies, again excluding some potentially welfare-relevant 

changes from the policies. We consider each of these issues as important avenues for fur-

ther research.  
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SUPPLEMENTAL APPENDIX: FOR ONLINE PUBLICATION 

TABLE A1—SUMMARY STATISTICS FOR THE MCBS-ADMINISTRATIVE SAMPLE 

 
Note: The table reports means for key variables for the sample of Medicare Part D enrollees found in both the MCBS and cost 
calculator samples in the given year. See the text for details. 

 

 

Overall 2006 2007 2008 2009 2010

number of enrollees 10,867 1,748 1,975 2,167 2,366 2,611

Medicare Current Beneficiary Survey

high school graduate (%) 79 77 77 78 80 80

college graduate (%) 22 21 21 22 23 25

income>$25k (%) 55 52 53 53 56 57

currently working (%) 13 14 12 13 12 13

married (%) 55 57 55 54 56 56

has living children (%) 93 93 93 93 93 93

uses the internet (%) 35 33 32 34 37 38

searched for CMS info: internet (%) 27 22 24 27 30 30

searched for CMS info: 1-800-Medicare (%) 17 29 23 17 12 8

makes own health insurance decisions (%) 62 63 62 63 63 62

gets help making insurance decisions (%) 27 27 26 26 26 28

insurance decisions made by proxy (%) 11 10 12 11 11 10

CMS Administrative Data

mean age 78 77 77 78 78 79

female (%) 63 62 63 63 63 63

white (%) 93 93 92 93 93 94

dementia including Alzheimer's (%) 9 6 8 9 11 12

depression (%) 10 8 9 10 11 11

mean number of drug claims 34 28 34 36 35 35

mean number of available plans 51 43 56 55 51 47

mean number of available brands 22 19 24 23 23 21

has a default plan (%) 65 0 80 83 83 77

switches out of the default plan (%) 11 0 11 16 15 13

active enrollment decisions (%) 46 100 31 33 32 36

mean premium ($) 407 330 355 398 459 493

mean out-of-pocket costs ($) 851 683 847 883 936 907

mean potential savings, ex post ($) 333 435 326 277 316 313
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TABLE A2— COMPARING MCBS SAMPLE MEANS WITH ADMINISTRATIVE DATA 

 
Note: The top half of the table reports means based on enrollees in the merged administrative-MCBS sample that we use for estimation. The 
bottom half of the table reports means based on a random 20% sample of all individuals who enrolled in Medicare Part D for the entire year. 
The two data sets differ in that our merged sample includes individuals who enrolled during the middle of the year. We drop these individu-
als before calculating sample means in order to ensure comparability between the two data sets.  

 

 

 

Overall 2006 2007 2008 2009 2010

number of enrollees 10,867 1,748 1,975 2,167 2,366 2,611

Medicare Current Beneficiary Survey

high school graduate (%) 79 77 77 78 80 80

college graduate (%) 22 21 21 22 23 25

income>$25k (%) 55 52 53 53 56 57

currently working (%) 13 14 12 13 12 13

married (%) 55 57 55 54 56 56

has living children (%) 93 93 93 93 93 93

uses the internet (%) 35 33 32 34 37 38

searched for CMS info: internet (%) 27 22 24 27 30 30

searched for CMS info: 1-800-Medicare (%) 17 29 23 17 12 8

makes own health insurance decisions (%) 62 63 62 63 63 62

gets help making insurance decisions (%) 27 27 26 26 26 28

insurance decisions made by proxy (%) 11 10 12 11 11 10

CMS Administrative Data

mean age 78 77 77 78 78 79

female (%) 63 62 63 63 63 63

white (%) 93 93 92 93 93 94

dementia including Alzheimer's (%) 9 6 8 9 11 12

depression (%) 10 8 9 10 11 11

mean number of drug claims 34 28 34 36 35 35

mean number of available plans 51 43 56 55 51 47

mean number of available brands 22 19 24 23 23 21

has a default plan (%) 65 0 80 83 83 77

switches out of the default plan (%) 11 0 11 16 15 13

active enrollment decisions (%) 46 100 31 33 32 36

mean premium ($) 407 330 355 398 459 493

mean out-of-pocket costs ($) 851 683 847 883 936 907

mean potential savings, ex post ($) 333 435 326 277 316 313
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TABLE A3—ASSOCIATION BETWEEN MCBS KNOWLEDGE QUESTION AND MARKET OUTCOMES 

 

 

The table reports the percentages of enrollees in dominated plans and their mean potential 

savings, conditional on the accuracy of answers to the MCBS knowledge question. The top half of 

the table reports results for all choices. The statistics in the upper left corner show that potential 

savings is $49 higher for the average enrollee who answers the knowledge question incorrectly 

($363 compared to $314) but there is virtually no difference in the probability of choosing a dom-

inated plan. To isolate the association between knowledge and decision making separately from 

demographics, we repeat the comparison using residuals from regressions of the percent choosing 

dominated plans and mean potential savings on indicators for high school degree, college degree, 

income over $25,000, current working, married, living children, has used the internet to get infor-

mation on Medicare programs, has used 1-800-Medicare to get information, gets help making 

health insurance decisions, the number of plans available, female, 70 ൑ ܽ݃݁ ൑ 74, 75 ൑ ܽ݃݁ ൑

79, 80 ൑ ܽ݃݁ ൑ 84, 85 ൑ ܽ݃݁, has dementia, has depression, number of claims, year dummies 

and region dummies. The statistics in the upper right portion of the table show that after removing 

the variation in outcomes associated with a linear function of demographics, the percent choosing 

dominated plans is 1.2% higher for those answering the knowledge question incorrectly and po-

tential savings is $48 higher. The bottom half of the table shows that the association between 

knowledge and decision making is stronger if we focus exclusively on active choices. Conditioning 

on demographics, the probability of actively choosing a dominated plan is 1.3% higher for the 

uninformed group and potential savings is $68 higher.  

 

Correct answer to MCBS knowledge question yes no yes no

Percent choosing dominated plans 18.5 18.3 16.5 17.7

Mean potential savings ($) 314 363 282 330

Number of plan choices 7,560 3,307 7,560 3,307

Correct answer to MCBS knowledge question yes no yes no

Percent choosing dominated plans 16.3 18.9 16.7 18

Mean potential savings ($) 296 393 305 373

Number of plan choices 3,330 1,433 3,330 1,433

Unconditional Conditional on Demographics

all choices

active choices only
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TABLE A4—LOGIT MODELS WITH ADDITIONAL DEMOGRAPHIC INTERACTIONS  

 
Note: The table reports parameter estimates from logit models estimated from data on all choices; from non-suspect choices only; and from 

suspect choices only. All models include indicators for insurers. Robust standard errors are clustered by enrollee. *,**, and *** indicate that the p-
value is less than 0.1, 0.05, and 0.01 respectively. 

 

 

expected cost -0.288 [0.021]*** -0.391 [0.035]*** -0.196 [0.025]***

variance 0.066 [0.176] -0.389 [0.274] 0.445 [0.172]***

quality (CMS index) 0.053 [0.087] 0.097 [0.114] -0.051 [0.140]

within-brand switch -3.306 [0.108]*** -3.246 [0.151]*** -3.397 [0.154]***

between-brand switch -5.183 [0.093]*** -4.937 [0.126]*** -5.601 [0.139]***
 

cost x 1{ income > $25k } 0.018 [0.021] 0.033 [0.034] 0.014 [0.025]

cost x 1{ bottom tercile of claims } -0.173 [0.034]*** -0.196 [0.039]*** -0.089 [0.053]*

cost x 1{ top tercile of claims } 0.084 [0.021]*** 0.130 [0.035]*** 0.030 [0.024]

cost x 1{ help } -0.012 [0.022] -0.011 [0.036] -0.024 [0.026]

cost x 1{ sought CMS info } -0.046 [0.023]** -0.078 [0.033]** 0.035 [0.030]
 

variance x 1{ college graduate } 0.001 [0.186] -0.135 [0.236] 0.928 [0.295]***

variance x  standardized age -0.004 [0.086] -0.046 [0.113] -0.032 [0.118]

variance x  1{ female } 0.146 [0.174] -0.111 [0.232] 0.519 [0.233]**

variance x  1{ help } 0.014 [0.176] 0.088 [0.240] -0.249 [0.274]

variance x  1{ sought CMS info } -0.226 [0.178] 0.068 [0.241] -0.604 [0.262]**
 

quality x 1{ income > $25k } 0.160 [0.092]* 0.181 [0.120] 0.097 [0.148]

quality x  1{ help } -0.034 [0.094] -0.102 [0.122] 0.108 [0.152]

quality x 1{ sought CMS info } 0.278 [0.096]*** 0.248 [0.123]** 0.302 [0.164]*
 

switch within brand x standardized age -0.162 [0.069]** -0.138 [0.092] -0.172 [0.103]*

switch within brand x 1{ income > $25k } -0.368 [0.125]*** -0.335 [0.165]** -0.363 [0.183]**

switch within brand x 1{ help } 0.321 [0.122]*** 0.257 [0.169] 0.462 [0.181]**

switch within brand x 1{ sought CMS info } 0.122 [0.131] 0.258 [0.167] -0.200 [0.208]

switch within brand x 1{ nonwhite } -0.811 [0.297]*** -1.214 [0.450]*** -0.578 [0.397]
 

switch brand x standardized age -0.121 [0.055]** -0.168 [0.073]** 0.029 [0.081]

switch brand x 1{ income > $25k } -0.368 [0.103]*** -0.368 [0.137]*** -0.409 [0.160]**

switch brand x 1{ help } 0.247 [0.103]** 0.222 [0.139] 0.360 [0.157]**

switch brand x 1{ sought CMS info } 0.280 [0.102]*** 0.170 [0.134] 0.270 [0.164]*

switch brand x 1{ nonwhite } -0.794 [0.240]*** -1.369 [0.351]*** -0.108 [0.341]

pseudo R2

number of enrollment decisions  

number of enrollees  

All Choices
Non-Suspect 

choices
Suspect choices

0.66 0.64 0.71

9,831 5,465 4,366

3,511 2,166 1,675
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TABLE A5—RISK PREMIUMS FOR 50-50 BETS FOR NON-SUSPECT CHOICES 

 

 

To assess the estimates from the logit model for non-suspect choices, we compare its implied 

risk premiums in a manner comparable with prior literature. Specifically, deriving the risk pre-

mium from the logit model as a 1st order approximation to a CARA model yields the following 

expression for the risk aversion coefficient: 

 

௜௧ߩ  ൌ
ିଶఉ೔೟ ଵ,଴଴଴,଴଴଴⁄

ఈ೔೟ ଵ଴଴⁄
, where ௜ܷ௝௧ ൌ ௜௧ܿ́௜௝௧ߙ ൅ ௜௝௧ߪ௜௧́ߚ

ଶ ൅ ௜௝௧ݍ௜௧́ߛ ൅ ሖܤ௜௧Δߟ ௜௝௧ ൅ ௜௧Δߜ ሖܲ௜௝௧ ൅ ߳௜௝ଵ. 

 

The estimates in Table 4 for the reference individual in the non-suspect group yields ߩ ൌ

.000217. Table A4 translates this into a risk premium for various 50-50 bets. These results are 

broadly consistent with the range of prior results, e.g. as reported in Table 5 of Cohen and Einav 

(2007). Cohen and Einav find the mean consumer would be indifferent between a 50-50 bet of 

winning $100 and losing $76.5, whereas the median consumer is virtually risk neutral. In contrast, 

our results imply the mean non-suspect consumer is indifferent between a 50-50 bet of winning 

$100 and losing $98.9 although Cohen and Einav argue that preferences likely differ between their 

automobile insurance context other contexts like drug insurance. In the health insurance context, 

Handel (2013) finds that the median individual is indifferent between a 50-50 bet of winning $100 

and losing $94.6. In the model preferred by Handel and Kolstad (2015), the mean consumer is 

indifferent between a 50-50 bet of winning $1,000 and losing $913. This controls for friction and 

inertia. In comparison, our results imply indifference between winning $1,000 and losing $892.  

Risk premium as a 
fraction of the bet

Size of Bet

0.01 100

0.11 1,000

0.21 2,000

0.31 3,000

0.39 4,000

0.46 5,000

0.52 6,000

0.58 7,000

0.62 8,000

0.66 9,000

0.69 10,000
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TABLE A6—VALIDATION OF LOGIT MODELS STRATIFIED BY SUSPECT VS NON-SUSPECT AGAINST ANALOG POOLED MODEL 

 

 
Table A6 reports results from a logit model validation exercise. The purpose is to determine whether the models estimated separately 

by suspect and non-suspect choices outperform the pooled model, and whether the suspect model better predicts suspect choices than 

the non-suspect model does and vice versa. For this exercise the estimation sample is 2008 while the prediction sample is 2009. We 

chose these two years because they incorporate the largest year-to-year change in the choice set in our data—a central aspect to out-of-

sample validation methods (Keane and Wolpin 2007). In particular, the number of plans available fell by 10%, although three new 

brands entered the market, precluding our use of brand indicators in the models. The results show that both in-sample and out-of-sample 

predictions are closer to the data along a number of policy-relevant outcomes when we base the predictions on separate models for the 

given type of choice. Blue shading is used to indicate the moments where our preferred model that distinguishes between suspect and 

non-suspect choices outperforms the pooled model. Red shading indicates moments where the pooled model performs better. We sum-

marize the results in the main text.  

 

s=ns s s=ns ns s=ns s ns s=ns s ns s=ns s≠ns s=ns s≠ns

Percent of consumers choosing:

gap coverage 14 1 0   10 2 2 15 4 3 5   7 1 2 0 2 1   2 1
dominated plan 33 9 8   14 8 7 37 9 8 10   24 1 2 0 9 8   5 4
min cost plan within brand 46 7 5   64 9 12 42 9 4 6   58 3 9 6 9 9   6 5

Mean consumer expenditures ($)    
premium + OOP 1,385 14 0   1,266 12 0   1,578 29 13 41   1,374 17 35 4 14 0   23 9
overspending on dominated plans 49 17 14   28 13 14 54 26 23 29   17 7 5 7 16 15   16 15

Percent of consumer switching plans
15 4 0 23 3 0 13 6 2 10 22 4 8 1 4 0 5 2

|model  error| |model  error|

in‐sample out‐of‐sample

 Weighted absolute errorsIn‐sample fit (2008)

suspect non‐suspect

data
|model  error|

data
|model  error|

data
|model  error|

data
|model  error|

non‐suspectsuspect

Out‐of‐sample fit (2009)
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TABLE A7—CHARACTERISTICS OF PEOPLE WHO ALWAYS, SOMETIMES, OR NEVER MAKE SUS-

PECT CHOICES 

 

 

Always 

suspect

Sometimes 

suspect

Never 

suspect

number of enrollees 3,311 1,194 4,616

Medicare Current Beneficiary Survey

high school graduate (%) 77 79 80

college graduate (%) 18 23 26

income>$25k (%) 51 53 59

currently working (%) 12 9 14

married (%) 52 52 58

has living children (%) 92 93 94

uses the internet (%) 28 37 41

searched for CMS info: internet (%) 21 29 33

searched for CMS info: 1-800-Medicare (%) 11 18 16

makes own health insurance decisions (%) 60 61 65

gets help making insurance decisions (%) 27 29 26

insurance decisions made by proxy (%) 13 10 10

CMS Administrative Data

mean age 79 78 77

female (%) 64 71 59

white (%) 91 96 94

dementia including Alzheimer's (%) 13 10 8

depression (%) 11 13 9

mean number of drug claims 37 39 32

mean number of available plans 52 53 52

mean number of available brands 23 23 23

has a default plan (%) 85 79 78

switches out of the default plan (%) 9 33 12

active enrollment decisions (%) 24 54 34

mean premium ($) 454 406 422

mean out-of-pocket costs ($) 946 1,032 825

mean potential savings, ex post ($) 339 325 282
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TABLE A8—LOGIT ESTIMATES FOR PEOPLE WHO ALWAYS, SOMETIMES, AND NEVER MAKE 

SUSPECT CHOICES 

 
Note: The table reports parameter estimates from logit models estimated from data on all choices; from non-suspect choices only; and from 

suspect choices only. All models include indicators for insurers. Robust standard errors are clustered by enrollee. *,**, and *** indicate that the p-
value is less than 0.1, 0.05, and 0.01 respectively. 

TABLE A9—DIFFERENCES BETWEEN WINNERS AND LOSERS FROM A MENU RESTRICTION 

 

Table A9 provides additional insights regarding who wins and who loses from the personal-

ized information policy. The text accompanying Figure 3 provides additional details.  

 

expected cost -0.218 [0.024]*** -0.103 [0.041]** -0.393 [0.068]*** -0.381 [0.033]***

variance 0.491 [0.116]*** 1.125 [0.344]*** -1.100 [0.296]*** -0.338 [0.136]**

quality (CMS index) -0.280 [0.138]** 1.101 [0.306]*** -0.033 [0.233] 0.088 [0.121]

within-brand switch -3.623 [0.194]*** -2.673 [0.284]*** -2.051 [0.357]*** -3.475 [0.173]***

between-brand switch -6.101 [0.180]*** -4.283 [0.267]*** -3.353 [0.254]*** -5.253 [0.153]***

cost x 1{ bottom tercile of claims } -0.130 [0.044]*** -0.054 [0.088] -0.170 [0.107] -0.209 [0.043]***

cost x 1{ top tercile of claims } 0.031 [0.027] -0.023 [0.051] 0.062 [0.081] 0.153 [0.040]***

cost x 1{ sought CMS info } 0.015 [0.028] 0.030 [0.054] -0.075 [0.065] -0.064 [0.037]*

quality x 1{ income > $25k } 0.161 [0.168] -0.166 [0.336] -0.206 [0.289] 0.262 [0.134]**

quality x 1{ sought CMS info } 0.207 [0.193] 0.337 [0.346] 0.372 [0.328] 0.218 [0.135]

switch within brand x standardized age -0.070 [0.123] -0.413 [0.185]** 0.034 [0.178] -0.185 [0.114]

switch within brand x 1{ income > $25k } -0.519 [0.225]** 0.149 [0.330] -0.061 [0.392] -0.536 [0.200]***

switch within brand x 1{ help } 0.538 [0.216]** 0.431 [0.355] 0.565 [0.336]* 0.159 [0.204]

switch within brand x 1{ sought CMS info } -0.453 [0.268]* -0.057 [0.345] 0.117 [0.345] 0.380 [0.201]*

switch within brand x 1{ nonwhite } -0.351 [0.445] -0.893 [0.779] 0.473 [1.174] -1.103 [0.514]**

switch brand x standardized age 0.092 [0.104] -0.133 [0.140] 0.206 [0.129] -0.325 [0.086]***

switch brand x 1{ income > $25k } -0.244 [0.210] -0.664 [0.279]** -0.388 [0.309] -0.444 [0.158]***

switch brand x 1{ help } 0.563 [0.195]*** 0.283 [0.311] 0.482 [0.274]* 0.167 [0.166]

switch brand x 1{ sought CMS info } 0.046 [0.222] 0.248 [0.277] -0.300 [0.287] 0.290 [0.154]*

switch brand x 1{ nonwhite } 0.177 [0.370] 0.106 [0.681] 0.419 [1.377] -1.291 [0.376]***

pseudo R2

number of enrollment decisions  

Never suspect

0.68

4,614

Sometimes suspect

3,311 560 634

Always suspect suspect choice non-suspect choice

0.75 0.54 0.46

enrollees  with 

welfare gains

enrollees  with 

welfare losses

Enrollees  with 

welfare gains

Enrollees  with 

welfare losses

% making suspect choices 42 25 0 0

| oopt ‐ oopt‐1 | 356 600 324 648

Most effective nudge Least effective nudge



55 
 

TABLE A10—ADDITIONAL ROBUSTNESS CHECKS ON OUR MAIN RESULTS 

 
 

Table A10 reports the sensitivity of our main estimates for consumer welfare and insurer rev-

enue to several alternative specifications of our model. The columns match the main policy sce-

narios summarized in the tables and figures of the previous section. Panels A and B repeat the 

results from those scenarios for convenience. Panels C and D report the sensitivity of our main 

results to two alternative approaches to defining suspect choices under the baseline approach using 

most 

effective

least 

effective

most 

effective

leas t 

effective

most 

effective

least 

effective

 

Δ expected welfare / enrollee    ($) 6 ‐107 103 28 76 50

% enrollees  with expected welfare gain 23 1 81 48 81 83

Δ insurer revenue / enrollee       ($) ‐8 10 ‐11 0 ‐128 ‐42
 

 

Δ expected welfare / enrollee    ($) 10 ‐118 158 62 117 66

% enrollees  with expected welfare gain 24 1 92 54 82 83

Δ insurer revenue / enrollee       ($) ‐7 9 ‐34 ‐17 ‐130 ‐42

 

Δ expected welfare / enrollee    ($) ‐4 ‐109 104 21 68 49

% enrollees  with expected welfare gain 20 2 82 66 77 83

Δ insurer revenue / enrollee       ($) ‐5 9 ‐9 3 ‐126 ‐42
 

 

Δ expected welfare / enrollee    ($) 26 ‐91 92 22 89 48

% enrollees  with expected welfare gain 30 3 78 43 82 83

Δ insurer revenue / enrollee       ($) ‐23 9 ‐20 2 ‐144 ‐40

 

Δ expected welfare / enrollee    ($) ‐24 ‐107 84 33 36 43

% enrollees  with expected welfare gain 21 1 76 50 69 79

Δ insurer revenue / enrollee       ($) ‐6 13 ‐8 3 ‐120 ‐37

 

Δ expected welfare / enrollee    ($) ‐2 ‐97 100 30 70 44

% enrollees  with expected welfare gain 23 2 81 50 79 80

Δ insurer revenue / enrollee       ($) ‐7 11 ‐12 ‐2 ‐125 ‐41

 

Δ expected welfare / enrollee    ($) 5 ‐115 114 33 77 49

% enrollees  with expected welfare gain 23 1 82 49 80 83

Δ insurer revenue / enrollee       ($) ‐12 11 ‐17 0 ‐130 ‐38

G. Including Choices for 2006

F. Exclude beneficiaries who get help choosing plans

E. Exclude mid‐year enrollment decisions

Default AssignmentDecision SupportMenu Restriction

C. Suspect choices based on dominated plans only

A. Baseline results

D. Suspect choices expanded to include potential savings > 50% 

B. Enrollees expect their drug needs to be the same as last year
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ex post drug claims to determine plan costs and choice of dominated plan. Panel C ignores the 

MCBS knowledge question and defines choices as suspect based solely on dominated plans. Panel 

D uses a more inclusive definition based on the union of dominated plan choices, the knowledge 

question, and being able to reduce expenditures by more than 50%. Moving from C to D increases 

the set of choices labeled as suspect from 17% to 48%, with the base results in Panel A fitting 

logically between these figures. Altering how suspect choices are defined has little effect on our 

main results. The reason is that of the three suspect choice indicators considered here, the choice 

of a dominated plan has the largest effects on our estimates for ߠ௦. This means that when we 

classify a greater share of choices as suspect, the difference between ߠ௦ and ߠ௡ declines. More 

people benefit from certain simplifications to choice architecture, but the average gain among 

those who benefit is smaller. These effects offset each other in a way that leads to small increases 

in expected welfare in some scenarios and small decreases in expected welfare in others. 

As a next set of robustness checks, we refine the sample in multiple ways. In Panel E we 

exclude 3,358 choices made by enrollees who first entered the market mid-year. A potential con-

cern in that they may have been forward looking with respect to the following year’s drug needs 

at the time they made their enrollment decisions, especially as they neared or entered the open 

enrollment period for the following year. Dropping them has little effect on our results. In Panel F 

we drop 4,044 choices made by enrollees (44% of our sample) who had help choosing a plan or 

relied on a proxy to choose a plan for them. The logit estimates and subsequent policy implications 

are similar to the full sample. This suggests that while the research value of having access to better 

information on how family, friends, and advisors influence decision making is self-evident, in our 

context of Medicare Part D it does not alter the predicted effects of policy reforms.  

 

 


