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1 Introduction

In markets where products have complicated features that are difficult to observe or
understand, individuals may incur significant cost conducting research before making
a choice. Moreover, the amount of research that an individual does may depend on
the perceived benefits of information and the information cost they face, with the pos-
sibility of choosing dominated options. Therefore, evaluating a policy in this setting
requires understanding how the policy will affect incentives to acquire information,
and ultimately, choice quality. This issue is particularly relevant for insurance choice.
While premiums are easy to observe, out-of-pocket costs can be difficult to com-
pare given that insurance contracts often have complicated non-linear designs with
different reimbursement and cost sharing policies for different types of claims.

We develop a tractable micro-founded framework for empirically examining de-
mand when individuals choose how much information to acquire, which can be applied
to a broad range of settings featuring complicated product attributes. A key predic-
tion of the model is that individuals acquire more information when facing higher
stakes, or consequences from making a poor choice. This can be contrasted with
standard discrete-choice demand models in which there is no scope for the stakes to
affect demand. Using data from Medicare prescription drug insurance (Part D), we
provide evidence consistent with our model’s predictions. Estimating the empirical
model incorporating costly information acquisition, we show that costly information
has important welfare consequences.

The model builds on theoretical work incorporating rational inattention in discrete
choice models (Matéjka and MclKay 2015). In the model, individuals know plan pre-
miums and other easy-to-observe product characteristics and then decide how much
to research difficult-to-observe characteristics such as out-of-pocket costs given their
prior beliefs. The more research individuals do, the more accurate their beliefs will
tend to be. While there is a growing theoretical literature on rational inattention,
it is difficult to separately identify heterogeneous preferences from information fric-
tions. Moreover, the complexity of the rational inattention model makes estimation
challenging. We derive a novel analytical solution for choice probabilities that incor-

porates preference heterogeneity, allowing for a feasible estimation strategy. We show



how the model can be identified by leveraging the fact that some characteristics are
always observed.

The model has distinct implications for how choices change when individuals face
higher stakes. We document evidence consistent with the model using administrative
data from Medicare prescription drug insurance. Focusing on individuals forced to
make an active choice, we find that the quality of decision making is affected by the
stakes. In order to help address concerns that this finding is driven by preferences that
are correlated with the stakes, we show that the results hold when exploiting within-
individual variation in the stakes. In other words, in years in which an individual
faces higher stakes, such as when she is expecting to be in the coverage gap, she
makes choices that are consistent with having acquired more information.

We estimate an empirical model with endogenous information and recover individ-
uals’ marginal cost of information, which is a key structural parameter capturing the
cost of reducing uncertainty by one unit. Importantly, the model allows for hetero-
geneous marginal cost of information across individuals to account for the fact that
researching plans may be easier for certain individuals, such as younger Medicare
enrollees and those with previous experience choosing a plan.

Empirical results imply that endogenous information frictions play an important
role in our setting. If individuals had full information, they would choose plans
that had somewhat higher average annual premiums ($642 vs. $570) in exchange for
significantly lower out-of-pocket costs (3601 vs. $713). In addition, costly information
also causes individuals to choose plans with suboptimal quality and risk. Overall, the
average annual increase in welfare of full information is $412 per individual, of which
$127 is the information cost.

We use the estimates to examine the implications of simplifying choice. In stan-
dard demand models, restricting the choice set strictly decreases welfare, which seems
at odds with individuals’ strong desire for a reduced and simplified choice set as doc-
umented in existing surveys (Altman et al. 2006). By contrast, limiting options can
potentially improve consumer welfare in our model by reducing the amount of re-
search that individuals need to do and reducing the probability of choosing plans

that would not be optimal under full information. Our counterfactual experiment



reveals that removing a quarter of the plans with the lowest mean utility increases
annual welfare by $55 per enrollee, approximately 80% of which is due to a reduction
in individuals’ chosen research effort. However, if the choice set is restricted too much,
individuals with heterogeneous preferences cannot find a plan that is a good match,
reducing welfare. We also consider a cap on out-of-pocket costs, which is particularly
important given the recent growth in cost sharing. Imposing the cap can also impact
consumer welfare through both lowering information acquisition costs and improving
choices in our framework, leading to a larger welfare gain than implied by commonly
used demand models.

Overall, we argue that a micro-founded framework that endogenizes information is
able to rationalize key facts in the market we examine. More generally, the framework
has important implications for simplifying choice and consumer protection in markets
featuring complex choices.

Our model of endogenous information acquisition builds on the rational inatten-
tion model originally developed by Sims (2003). We leverage theoretical results from
Matéjka and McKay (2015) that link rational inattention models to discrete choice
demand.? There is limited work applying this model to structural estimation (e.g.,
Joo 2023).2 We develop a tractable model with both observed and initially unob-
served product characteristics and a novel identification strategy that can be applied
to a variety of settings.

Our work is related to the large literature on choice frictions in health insurance
markets. There is an influential literature documenting that individuals choose ex-
pensive or dominated health insurance plans (e.g. Abaluck and Gruber 2011; Heiss et
al. 2013; Bhargava et al. 2017). Individuals do not fully understand health insurance
plans (Handel and Kolstad 2015) and respond to easy-to-use information (e.g. Kling
et al. 2012). Some papers argue inattention may be a driving force of inertia in in-
surance plan choice (e.g. Handel 2013; Heiss et al. 2016; Ho et al. 2017). Our work
also complements papers that assess the rationality of individual choices in Medicare

Part D markets (e.g. Ketcham et al. (2015)) and papers that evaluate policies re-

1n related work, Fosgerau et al. (2020) generalize the cost function of information.

2There is also limited work testing the rational inattention framework in real-world setting (e.g.
Bhattacharya and Howard (2020)).



ducing choice in Part D (e.g. Lucarelli et al. (2012)). Relative to this literature, our
paper proposes a micro-founded approach for modeling information and focuses on
the role of endogenous information. We show that endogenous information matters
for explaining choice behavior and evaluating policy in our setting.

Finally, our approach is related to the literature on consumer search (see Honka
et al. (2019) for a recent survey) and consideration set models (e.g. Coughlin 2019;
Abaluck and Adams-Prassl 2021). Unlike these models, the rational inattention
framework implies that individuals may choose to acquire partial information about
any of the options in their choice set. In general, search models are well suited to sit-
uations with a large number of simple options while the rational inattention approach
is a natural framework for analyzing markets with complicated products.

Section 2 presents the general framework. Section 3 discusses background and
data as well as motivating evidence. Section 4 presents an empirical framework and

Section 5 presents counterfactual results. Section 6 concludes.

2 Theoretical Framework

In this section, we present a discrete choice model in which individuals maximize
expected utility when part of the utility, such as out-of-pocket payments, is initially
unobserved unless individuals acquire costly information. We leverage theoretical
results from Matejka and MclKay (2015) linking the rational inattention framework
with discrete choice models. Matcjka and McKay (2015) focus on the conditions
necessary for equivalence between rational inattention and random utility models. In
contrast, our model is useful for clarifying how demand with endogenous information
acquisition differs from standard demand models when attributes are initially partially
observed and individuals may have an idiosyncratic taste shock. We show that, under
relatively innocuous assumptions, one can derive a straightforward expression for
choice probabilities that nests logit choice probabilities as a special case.

Consider individual ¢ choosing option 5 € J where the choice set is defined by
J. Each alternative has two components of cost, p; and v;;. Individual ¢ observes

component p;, but does not initially observe v;;, unless the individual acquires costly



information. We also allow for other characteristics X}, which are initially unknown
to the individual, and characteristics X ]’?, which are initially known. Utility is given
by

u; = avi + X} +ap; + QXJ]-C + €ij - (1)
ntially Unlenown Knewrn
We include an idiosyncratic taste shock, €;;, which is assumed to be iid with vari-
ance normalized to 72/6. We assume that the taste shock is initially known to the
individual, but not to the econometrician.?

In the case of insurance choice, p; is the premium and v;; is expected out-of-
pocket costs with rational expectations. Information on plan premiums is readily
available, often listed on websites or in published material. Conversely, individual-
specific expected out-of-pocket costs are difficult to observe as it requires forming
expectations about claims and mapping those claims to out-of-pocket costs via com-
plicated insurance contracts that potentially involve deductibles, copays, coinsurance,
and catastrophic coverage. Equation (1) can be considered the “full-information” util-
ity if individuals perfectly researched insurance plans.* In the case of insurance choice,
individuals may also be risk adverse. We incorporate risk aversion into our empirical
model in Section 4.

Let &;; = a;vi;+ 1 X} be the component of utility that is initially unknown to the
individual but can be observed with costly information acquisition. Individuals have
a prior about &;; for each option in the choice set. Let this multivariate distribution

have CDF given by G;(&;) where & = (&1, ,&)-

We assume that individuals have prior mean 5’%, which may differ across options.
Prior variance is ¢, which is common to all options in an individual’s choice set.
As we describe in greater detail below, o2 plays a key role in the model. The prior

distributions for each option are assumed to be independent. Expected utility before

$We assume that the econometrician observes all terms other than €;; in equation (1).

4In the case of health insurance, there may be health shocks that are realized after choosing a plan.
This means that there may be a difference between the realized out-of-pocket costs and the expected
out-of-pocket costs even under rational expectations. We define v;; as expected out-of-pocket costs
before the realization of these shocks.



information acquisition is

Following Matéjka and McKay (2015), we can consider the decision problem hav-
ing two stages. In the first stage, an individual optimally chooses how much infor-
mation to acquire based on their prior and the cost of information. In particular,
the individuals may choose to receive more precise signals about certain options in
the choice set. Given the prior and signals, an individual then forms posterior be-
liefs about each option. In the second stage, an individual chooses an option that
maximizes expected utility given these beliefs.

As is standard in the rational inattention literature, we adopt the entropy-based
cost function for information. Given constant marginal cost of information A, total

cost of information takes the form

A(H(Gs) — Es, [H(Fi(&ils:))]) (3)

where F;(&;|s;) is the posterior belief about &; after receiving signal s;, and H(F) is
the entropy of belief F', which is a measure of uncertainty and is given by H(F) =
— f f(x)log f(x)dx when F has a pdf f. The total cost of information acquisition is
proportional to the change in entropy between the prior and posterior. Thus, it can
be thought of as a measure of the reduction in uncertainty after signals are received,
often referred to as mutual information. This cost function is meant to reflect the
time and cognitive load necessary to acquire and process information.”

Matéjka and McKay (2015) characterize choice probabilities when individuals op-
timally choose the distribution of signals to maximize their expected payoff given
the entropy-based cost function. Results from Matejka and McKay (2015) show that

individual’s choices after information acquisition are as if they maximize expected

5Tt is also possible to make the cost function more general by replacing A with an alternative
marginal cost function. See discussion in Cabrales et al. (2013) and Mackowiak et al. (2018) for
further motivation for the cost function.



utility
—— ~—~
Actual Utlllty Contribution of Prior Belief Error
where P0 is the expected choice probability based on the prior before the realization

of signals, and can be obtained by solving

LI0ax, / Aog £, Phel6rten 0 +aAg (dg) st Y Py =1,P >0V (5)
i1ty JE; jeT

Solving for PZ(; using Equation (5) is computationally demanding and poses a
significant challenge for estimating an empirical model based on the framework. We
develop a tractable model of demand with endogenous information that can be easily
applied to data. We do this by assuming that the distributions of the prior, G;(&;;),
and the taste shock, M(e;;), follow the Cardell distribution.® This leads to a closed-

form expression for choice probabilities given by

0
exp [a(ai, A) <a/U7;j + BX} + e(jﬁx)) + b(0y, A) (ap; + HX]’-“)]

Pij = €0 i (6)
D ke XD [a(ai, A) (sz‘k + BXE + e(é’i\)) +b(03, A) (apr + HXk)}
where
< —1
a<0—i7 )\) = 6(0-27 )\> =,
(o, N2+ X2(l(03, A) — 1)2)2
b(o;, ) = toi, ) ,

N

(Lo, A2+ X2(U(oy, A) — 1)2)

6o? :
6(0’i,)\) = (77_2)\2 + 1) .

We present the derivation of equation (6) and the discussion of our distributional

assumption in Online Appendix A-1.7

6This implies that when the random variable is added to a random variable with a type 1 extreme
value distribution, the resulting distribution is scaled type 1 extreme value. See Cardell (1997) and
Galichon (2022) for details about this distribution. This distribution is also an integral part of the
nested logit demand system.

"In Online Appendix G, we conduct a Monte Carlo exercise to assess the importance of the
distributional assumption regarding the prior and argue the the model is an accurate approximation
even if the distribution of the prior is misspecified and is actually normally distributed.



Equation (6) resembles choice probabilities from a standard logit model, but there
are additional coefficients a(o;, A) and b(o;, A) that are determined by the variance
of the prior, 0;, and the marginal cost of information, A. Equation (6) nests choice
probabilities from the standard logit model when the marginal cost of information

goes to zero. This is given by

exp [a(’uij +p;) + X} + HXJ’?]

Py = |
T Y e, exp (v + pr) + X+ 0XF]

(7)

Given equation (6), expected utility after information acquisition can be expressed as

0

Ep[uij] = a(oi, )\) <C¥’U¢j + BXJU —+ f(O-Z] )\)) + b(Oi, )\) (Oépj + QX]k) -+ 61']' (8)

where e;; is distributed iid EV1 and represents the combined error due to idiosyncratic
beliefs and the idiosyncratic taste shock.

We can consider the simple case in which there is no taste shock and individuals
simply wish to minimize cost given by p; 4+ v;;. When U?j = oY for all j so individuals

have a homogenous prior, expected utility after information acquisition becomes

1 K(O_i, )\)
F[u]] A U] A(€(027A>—1)p]+ \6’3/ ( )
0oP Prom Beliet Frror
Weight %gglﬁ?l

Under full information, an individual is indifferent between a marginal charge in
v;; and p;. In contrast, when it is costly to observe v;;, choices are as if individuals
put more weight on p; than v;;. This can be seen by noting that the coefficient on p;,
is larger than the coefficient on v;; in equation (8) and equation (9). Specifically, the
ratio of the coefficients on v;; and p; is given by
a(oi, A) Lo, A) — 1

bon N Lo ) (10)

This ratio is determined by two key parameters in the model: the standard devia-
tion of the prior, o;, and the marginal cost of information, A\. The ratio increases with

the standard deviation of the prior. We interpret the standard deviation of the prior



Figure 1
Fraction Choosing Lowest Cost Plan and Logit Coefficients by

Stakes
1.00 or
5 IR E—
& 095f T T
] e 21 P
o - -
g 7
7 L - 7
% 090 @ //
Z 0851 S /
= /
: i/
£ o0s0F s
g 7
=]
0.75¢ | | 1 ! I I -8L, | L
1 3 5 7 9 1 13 1 3 5
Stakes Stakes
Rational Inattention =~ ————- Standard Logit OOP Logit Coefficient ~ ————- Premium Logit Coefficient
a. Fraction Choosing Lowest b. Logit Coefficient on
Cost Plan by Stakes Premium and Out-of-Pocket

Notes: Charts show simulations for the simplified discrete choice model with costly information
acquisition (see equation (9). Panel a shows the mean fraction of individuals choosing the lowest
cost option as a function of the stakes. In addition to showing the simulated results from the
model with endogenous information, the dashed line shows the simulated choices from a logit
model where utility is given by u;; = —v;; — p; + €;;. Panel b shows implied coefficients as a
function of the stakes. The solid line shows the coefficient on v;; and the dashed line shows
the coeflicient on p;. Simulations assume 3 options, A = 2, p; standard deviation of 4, and
standard deviation of v;; ranges from 1 to 13. The prior standard deviation o; is determined
by the standard deviation of v;;.

as a measure of the stakes. When individuals have a less precise prior, i.e. when o;
is large, individuals are more worried about making a suboptimal choice when unin-
formed so there is more incentive to acquire information. In other words, individuals
acquire more information when the stakes are high. Individuals also acquire more
information when the marginal cost of information is low.

In Figure 1, we simulate choices from the simple version of the model in which
choice probabilities are determined by equation (9). We assume that individuals know
the distribution of v;; across the choice set and this determines the variance of their
prior. Therefore, 07 = Var;[v;;]. In the figure, choices are simulated for different
values of Var; [v;;] within the choice set, which determines the stakes.

Figure 1 Panel a shows the fraction of individuals choosing the lowest cost plan

as a function of the stakes. A key implication of the model is that there is a non-



monotonic relationship between the stakes and overspending. When the stakes are
low, plans have similar out-of-pocket costs. Despite the fact that individuals exert
low research effort, they often choose correctly just by choosing a plan with low
premiums. As the stakes grow and comparisons become more complex, it becomes
more difficult for individuals to choose the lowest cost plan despite the fact that they
are acquiring more information. This implies a positive relationship between stakes
and overspending. However, once the stakes are large enough, individuals become
highly informed given the strong incentive to acquire information. In this range,
there is a negative relationship between stakes and overspending.

Our model of endogenous information acquisition can be contrasted with standard
demand models assuming full information. If utility is only a function of the cost and
there is no idiosyncratic taste shock (u;; = —v;; — p;), the stakes will have no effect
on choices. In a logit demand model with a taste shock (u;; = —v;; —p, +¢i; where ¢;;
is EV1), there is a monotonic relationship between stakes and probability of choosing
the least expensive plan. As the variance of v;; grows, the taste shock becomes less
important, generating a positive relationship. This can be seen in Figure 1 Panel a.

Moreover, the model has stark predictions for the effective weight that decision
makers place on p; and v;;. When it is costly to observe v;;, the weight that individuals
appear to place on characteristics is endogenous and differs for p; and v;;. As shown
in Figure 1 Panel b, the magnitude of the coefficient on p; decreases when the stakes
increase. As individuals acquire more information about v;;, the weights on p; and
v;; converge.®

In Section 3.2 we examine whether Medicare prescription drug insurance choice are
affected by the stakes in a manner consistent with the model above. This motivates

the structural model in Section 4.

3 Data and Motivating Evidence

We focus on Medicare prescription drug insurance, known as Medicare part D for

our application. When individuals choose a Medicare prescription drug plan, it is

8Consequently, the elasticity of demand with respect to p; and v;; converges as well. The elas-
ticities are derived in Online Appendix A-1.
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easy to compare premiums either on the Medicare website or in printed material. As
with other types of insurance, expected out-of-pocket costs are difficult to calculate.
Individuals must know their likely drug usage over the coming year, including dosage
and frequency. In addition, individuals must understand how this maps into out-
of-pocket costs. Given the complexity of deductibles, copayments, coinsurance, the
donut hole, and catastrophic coverage, this may require significant time and effort,
especially for the older population that is eligible for Medicare Part D. Resources for
patients often note that it is especially important for those with complex health care
needs to research their Medicare plans.”

The Medicare website provides an online tool, PlanFinder, that helps individuals
compare out-of-pocket costs across plans after entering information about drug usage.
However, the tool is still difficult to use, especially for older patients that may not be
familiar with the Internet. In surveys, individuals often report that the plans are still
too complicated and difficult to compare.’’ The difficulty in comparing out-of-pocket
costs is also highlighted by Kling et al. (2012), who find that individuals would choose

less expensive plans with easier-to-use information.

3.1 Data

In order to construct out-of-pocket costs, we use a 20 percent sample of Medicare
Part D beneficiaries from 2010 to 2015, 13.9 million unique individuals. We focus on
the period starting in 2010 since this is the period in which we have detailed drug
formulary data allowing us to construct out-of-pocket cost.!!

In the context of our model, we wish to construct a measure of each individual’s

expected out-of-pocket cost for each plan in their choice set that reflects the beliefs

9For example, cancercare.org notes that “Choosing a Medicare plan, however, can be very chal-
lenging. Because costs are so high, it’s especially important for people with cancer to understand how
plans cover care and treatment.” See https://www.cancercare.org/blog/choosing-the-right-medicare-
program-when-you-have-cancer.

0For example, Altman et al. (2006) find in their survey that 73% of seniors, 91% of pharmacists,
and 92% of doctors agree that the Medicare prescription drug benefit is too complicated. Addi-
tionally, 68% of seniors favor reducing the number of available plans. Also see Cummings et al.
(2009).

HDuye to a change in plan identifiers, we are not able to construct a comparable sample of indi-
viduals for 2013. For this reason, 2013 is removed from the sample.
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of individuals if they used all available information. We construct two measures of
out-of-pocket cost that closely follow Abaluck and Gruber (2016). For our primary
measure, based on the rational expectations assumption, we compute out-of-pocket
costs for each individual for each plan by applying the plan’s formulary and cost
sharing rules to observed drug utilization.'? Then, we obtain expected out-of-pocket
costs for each plan by averaging out-of-pocket costs across individuals with similar
characteristics. Similarly, a plan’s risk is calculated by considering the variance in out-
of-pocket costs among similar individuals. We describe the procedure for constructing
out-of-pocket costs in greater detail in Online Appendix B. Our alternative measure
is based on a perfect foresight assumption. In this case, an individual’s realized claims
is used to construct her own out-of-pocket costs. This approach abstracts from moral
hazard.

Similarly to Abaluck and Gruber (2016), we focus on individuals that are forced to
make a choice due to the fact that they are new enrollees or their previous plan is no
longer available, mitigating potential concerns about inertia.'® The plan can become
unavailable, for example, when the enrollee moves to a different market in which the
plan is not offered or the insurer stops offering the plan. Individuals forced to make
an active choice constitute 22.0 percent of the sample. For this sample, we argue that
individuals are unlikely to start with information specific to certain plans. Finally,
we eliminate choice situations in which individuals face stakes higher than $1,500,
where stakes are defined below. This removes 2.2 percent of observations.'* We use
a b percent sample for the motivating analysis, which includes 206,851 choice situa-
tions. For the structural analysis, we use a 1 percent sample due to computational
constraints.

Table 1 describes the final sample of active choice makers that we use for the
descriptive analysis. The claims data contain information on age, sex, and chronic

conditions of each individual. In addition, we use individuals’ zip code to merge on

12Asin Abaluck and Gruber (2016), we allow for substitution to equivalent drugs in less expensive
tiers.

13The previous literature has documented the importance of consumer inertia in plan choice (e.g.
Handel 2013; Polyakova 2016; Ho et al. 2017).

14The out-of-pocket cost calculator appears to be less accurate for those with extremely idiosyn-
cratic drug needs, including those using very uncommon, expensive drugs.
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Table 1
Summary of Insurance Choice for Active Choice

Makers

Mean SD
Demographics:
Age 76.2 74
Female 0.602 0.489
Zip income (1,000s) 77.3 35.1
Zip education (pct BA) 29.9 17.1
Rural 0.074 0.262
Years enrolled in Part D 5.53 2.31
Alzheimers 0.086 0.281
Lung disease 0.101 0.302
Kidney disease 0.157 0.364
Heart failure 0.132 0.339
Depression 0.118 0.322
Diabetes 0.268 0.443
Other chronic condition 0.303 0.460
Chosen option:
Annual premium 674.1 378.1
Out-of-pocket cost (RE) 672.1 923.9
Out-of-pocket cost (PF) 678.6 1115.0
Relative to least expensive option:
Difference (RE) 601.2 553.3
Percent difference (RE) 0.42 0.19
Difference (PF) 635.5 852.8
Percent difference (PF) 0.44 0.20
Plans in Choice Set 25.6 4.9
Number of individuals 90,187
Choice situations 206,851

Notes: Sample constructed from Medicare Part D beneficiaries that made
an active plan choice from 2011 to 2015. Out-of-pocket cost (RE) measures
expected annual out-of-pocket cost if individuals had rational expectations.
Out-of-pocket cost (PF) measures annual out-of-pocket cost if individuals had
perfect foresight.

education and income from the American Community Survey. The demographics of
individuals that are forced to make an active choice are similar to the demographics
of the overall Medicare Part D population. Consistent with the previous evidence,
we find that the difference between the cost of an individual’s chosen plan and the
cost of the least expensive plan in their choice set is quite large on average, based on
either measure of out-of-pocket costs.

We now turn to the definition of the stakes. The stakes are defined as the prior
variance for the part of utility that is initially unobserved (&;;). For our empirical

setting, &;; depends not only on v;; and X}, but also on the preference parameters

13



a and (1, which require a full structural estimation. Therefore, for the purpose of
the descriptive analysis in this section, we construct our measure of the stakes based
simply on the expected out-of-pocket cost (v;;), given that it is the major source of
uncertainty. We account for other plan characteristics that may be initially unknown
in our structural analysis in Section 4.

Individuals may understand the variance of v;; across alternatives, forming the
basis of their prior. For example, those currently taking new branded drugs that are
not covered by all plans may understand that their out-of-pocket costs could vary
widely depending on their plan choice. Motivated by this, we define the stakes as
the standard deviation in expected out-of-pocket costs across plans in an individual’s
choice set.?

Individuals face mean stakes of $227 and standard deviation of $268, suggesting
that there is significant variation in the stakes across choice situations. There is sig-
nificant variation even within individual across years. The average within-individual
standard deviation of de-meaned stakes is $48.7. This variation may arise due to
changes in health status or changes in the plans available. Our measure of the stakes
is significantly correlated with health, including whether a patient has a chronic con-
dition.'® However, it is important to note that the stakes are not always higher when
individuals face higher out-of-pocket costs. For instance, if individuals face very high
out-of-pocket costs, they may hit the catastrophic coverage portion of Medicare Part
D plans, leading to low variance in cost across plans. In this case, the individual

could face relatively low stakes.

3.2 Motivating Evidence

Motivated by the predictions of the model in Section 2, we now examine how in-
surance plan choice is affected by the stakes using individual-level data on Medicare

prescription drug plan choice.

15This is analogous to the standard assumption in the search literature that individuals know the
distribution of prices in their choice set.

16The correlation is 0.85 with respect to total Part D spending and 0.22 with respect to having a
chronic condition.
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Figure 2
Fraction Choosing Lowest Cost Plan by Stakes
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Notes: Chart shows mean fraction of individuals choosing lowest cost option as
a function of the stakes, defined as the standard deviation in out-of-pocket costs
across plans in an individual’s choice set. Standard error bars show 95% confidence
interval for the mean.

Stakes and Overspending

We start by examining the relationship between the fraction of individuals choosing
the lowest cost plan and the stakes. Figure 2 shows that there is a U-shaped rela-
tionship. The relationship is consistent with the predictions of the model in Figure 1
Panel b showing that individuals with the easiest choice and those with the most
incentive to acquire information are the most likely to choose a low-cost plan. We in-
terpret this as initial evidence consistent with the model. However, there are concerns
that individuals facing high stakes have different preferences or different information
costs from individuals facing low stakes.

In order to help address these concerns, we exploit within-individual variation and
focus on the sample of individuals making active choices multiple times in the sample
period. We define an indicator variable, denoted by v;;, for whether individual i chose
the option with the lowest total cost, where the total cost is defined as the sum of
the annual premium plus and the annual expected out-of-pocket cost calculated using

rational expectations assumption. Then, for individual ¢ in year ¢, we estimate the
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following linear probability model
Yie = Po + a1 Stakesy + anStakess, + BXy + 1o + i + 0, + eq (11)

where ~; are individual fixed effects, 8; are year fixed effects, and X;; are characteris-
tics of the choice including average star quality, average deductible, average generic
coverage, average coverage in the donut hole, average cost sharing, and the number of

t.17 To account for risk aversion, we also include 7%, the average

plans in the choice se
within-plan out-of-pocket cost variance. This measure is meant to capture variation
in cost due to unpredictable health shocks after enrolling in a plan. By including in-
dividual fixed effects, identification of a; and sy exploits within-individual variation
in the stakes across years. Year fixed effects control for changes in plans offered over
the period. The primary hypothesis is that there is a U-shaped relationship between
stakes and the dependent variable, i.e. a; < 0 and as > 0.

Estimates are presented in Table 2. Across specifications including different con-
trols and fixed effects, we consistently find that a; < 0 and as > 0. The coefficients
are all highly statistically significant. The preferred specification, presented in col-
umn 3, includes both individual and year fixed effects. The coefficients imply that
individuals are initially less likely to choose the lowest cost plan as the stakes increase.
However, once the stakes are higher than $376, individuals are more likely to choose
the lowest cost plan as the stakes increase. Controlling for plan characteristics and
the number of plans in the choice set has little effect on the estimates, implying that
the U-shaped relationship is not driven by differences in the choice set that may be
correlated with the stakes. In columns 5 and 6, we allow more flexibility by letting the
effect of stakes to vary by quintiles. These specifications also imply a non-monotonic
effect. Specifically, the probability of choosing the lowest cost plan is lowest when the
stakes are in the middle quintiles. Individuals may also face different stakes because
of differences in the offered plans in their market.'® In column 4, we include market

fixed effects in order to examine the effect of within-market variation in the stakes

1"The donut hole (coverage gap) refers to the range of drug costs for which out-of-pocket costs
are high in Medicare Part D. It begins after total drug costs paid by the enrollee and her plan reach
a certain limit and ends when the catastrophic coverage starts.

18There are 34 geographic regions that define markets for Medicare Part D.
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Table 2
Non-Monotonic Effect of Stakes on Choice of Lowest Cost Insurance Plan

(1) 2) ®3) 4) ) (6)

Stakes (100s) —0.0234**  —0.0225"**  —0.0040 —0.0214***
(0.0028) (0.0030) (0.0027) (0.0031)
Stakes Squared 0.0021*** 0.0020*** 0.0006*** 0.0019***
(0.0003) (0.0003) (0.0002) (0.0003)

Stakes quintile 2 —0.0507***  —0.0094**
(0.0042) (0.0036)

Stakes quintile 3 —0.0585***  —0.0171***
(0.0046) (0.0039)

Stakes quintile 4 —0.0622***  —0.0225***
(0.0051) (0.0053)

Stakes quintile 5 —0.0491***  —0.0093**
(0.0040) (0.0043)

Individual FEs No No Yes No No Yes

Year FEs No No Yes Yes No Yes

Market FEs No No No Yes No No

Controls for Plan Characteristics

& Number of Plans No Yes Yes Yes Yes Yes

Implied minimum 554.9 553.5 355.4 550.6

Adjusted R2 0.009 0.012 0.299 0.016 0.024 0.299

Observations 199,783 193,745 183,402 193,745 193,745 183,402

Notes: Estimates from linear probability model where dependent variable is the indicator variable for whether
the individual chooses the lowest cost plan. Stakes is defined as the standard deviation in expected out-of-pocket
costs across plans in an individual’s choice set. Standard errors clustered at the market level in parentheses. *
p < 0.10, ** p < 0.05, *** p < 0.01.

and also find a U-shaped relationship.

Our findings on the relationship between the stakes and choice quality are robust
to alternative measures of the stakes and choice quality. First, we use our perfect-
foresight measure of out-of-pocket costs based on each individual’s realized utilization
to address a concern that there can be measurement error in our baseline measure.
Second, we restrict our sample to new enrollees who might display different behavior
and find that the U-shaped relationship is even more pronounced. Third, we explore
a variety of alternative measures of choice quality such as the fraction of individuals
choosing a plan in the lowest decile and quintile of out-of-pocket costs among the
plans in their choice set. We also consider choice quality measures based on plan
riskiness and quality. To the extent that these are also initially unobserved unless
individuals conduct costly research, we would expect a similar relationship. Across
all of these alternative measures, we find evidence of a U-shaped relationship between

the stakes and choice quality. We provide details of these robustness results in Online
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Figure 3
Logit Coefficient on Premium and Expected Out-of-Pocket
Cost by Stakes
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Notes: Chart shows logit coefficient on annual out-of-pocket cost and annual pre-
mium interacted with indicators for the stakes. Logit specification includes con-
trols for risk aversion (within-plan OOP variance), plan quality rating, deductible,
generic coverage, coverage in the donut hole, and cost sharing. Standard error bars
show 95% confidence interval.

Appendix D.

Stakes and Logit Coefficients

Another prediction we draw from the model in Section 2 is that the relative weight
that individuals place on out-of-pocket cost and premiums varies with the stakes. To
investigate this relationship in the data, we estimate a model based on the standard
logit framework in this section.

We start by considering a specification for observable utility of plan j given by
Vijt = oqpji + apjiStakes; + y1vij + y2vjStakes; + 95%,5 + BXji- (12)

The specification controls for risk aversion by including 51»2]-t as well as other plan
characteristics, X;;;. Given an additive iid EV1 error, choice probabilities are P;;; =

explvijel/ (324 exp[Vine])-
If the assumptions of the standard logit model hold, we would expect a; = 1,
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since both coefficients should be equal to the negative marginal utility of income.
The stakes do not affect decisions in the standard model; therefore oy = v = 0.
In contrast to the standard logit model, the model presented in Section 2 predicts
a1 < v and ap > 0, since individuals acquire more information about out-of-pocket
costs when the stakes are high.

Figure 3 presents the results in graphical form by interacting stake bins with co-
efficients on premium and out-of-pocket cost.! When the stakes are low, individuals
appear to place a high value on reducing premiums relative to the value that they
place on reducing out-of-pocket cost, i.e. the coefficient on premium is low relative
to the coefficient on out-of-pocket cost. This is consistent with the idea that indi-
viduals do not have incentive to become informed about out-of-pocket costs. As the
stakes rise, the relative weight that individuals appear to place on premiums declines,
consistent with the model predictions depicted in Figure 1.

The results using the specification described in equation (12) are presented in
Table 3 column 2. Consistent with the model, the interaction of premium and stakes
is positive and statistically significant. The interaction of out-of-pocket cost and
stakes is very small and statistically insignificant, also consistent with the model.

The primary concern is that the results reflect heterogeneity in preferences that
are correlated with the stakes rather than endogenous information acquisition. We
address this in a few ways. First, we allow for heterogeneity in the price coefficients by
including separate coefficients on observable individual characteristics interacted with
the stakes. Observable individual characteristics include age, gender, race indicators,
average chronic conditions, zip code income and education, and an indicator for rural
locality. The results, presented in Table 3 column 3, are qualitatively similar.

To address the concern that there still may be unobserved preference heterogeneity,
we include a separate coefficient on the interaction between premium and an individ-
ual’s average stakes during the period. We also include out-of-pocket cost interacted
with an individual’s average stakes during the period. Therefore, within-individual

variation in the stakes identifies the coefficients on p;; x Stakes;; and vj; x Stakes;.

YFormally, the logit specification assumes observable utility v;j; = > g ¥gPjtDijtg + > g VgvitDg+
Gﬁfjt +8Z;j; where Stakes;; is divided into groups indexed by g and D,y = 1 if Stakes;; is in group
g and D;jtq = 0 otherwise.
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Table 3
Interaction of Stakes and Price Coeflicient in Standard Logit Model

(1) (2) 3) 4) () (6)

Premium (100s) —0.233***  —0.276***  —0477"*  —0.291"** 0477 —0.477
(0.003) (0.003) (0.020) (0.003) (0.021) (0.021)
Premium X Indiv. avg stakes 0.019*** 0.017*** 0.017***
(0.001) (0.001) (0.001)
Premium x Stakes 0.020*** 0.017*** 0.008*** 0.007***
(0.001) (0.001) (0.001) (0.001)
Premium x Stakes x 1(A > 0) 0.005***
(0.001)
Premium x Stakes x 1(A < 0) 0.011***
(0.001)
Out-of-Pocket Cost (100s) —0.017*** 0.018*** 0.011 0.020*** 0.011 0.005
(0.002) (0.005) (0.014) (0.004) (0.014) (0.014)
OOP x Indiv. avg stakes 0.000 0.000 0.000
(0.000) (0.000) (0.000)
OOP x Stakes —0.000 —0.000 —0.000 —0.001**
(0.000) (0.000) (0.000) (0.000)
OOP x Stakes x 1(A > 0) —0.001**
(0.000)
OOP x Stakes x 1(A < 0) —0.000
(0.000)
Premium x Z; No No Yes No Yes Yes
OOP x Z; No No Yes No Yes Yes
Log Likelihood -114,187 -113,814 -113,391 -113,654 -113,251 -113,230
Observations 1,025,674 1,025,674 1,025,674 1,025,674 1,025,674 1,025,674

Notes: Shows estimates from a logit demand model of plan choice (see equation (12)). Stakes are defined
as the standard deviation in out-of-pocket costs across an individual’s choice set and are measured in
hundreds of dollars. All specifications include controls for risk aversion (OOP variance), plan quality rating,
deductible, generic coverage, coverage in the donut hole, and cost sharing. Standard errors in parentheses.
*p <0.10, ** p < 0.05, ¥* p < 0.01.

The results, with and without the interaction of observable characteristics, are pre-
sented in Table 3 columns 4 and 5. The coefficient on premium interacted with the
within-individual stakes remains positive and statistically significant in both specifi-
cations, although smaller in magnitude. We also examine the results using the perfect
foresight measure of out-of-pocket costs and obtain qualitatively similar results.°
There is concern that individuals with high stakes may be older and have more
experience choosing plans, leading to better choices for reasons other than the in-
centive to research plans. In column 6 of Table 3, we estimate separate coefficients

when the stakes increase versus decrease and find qualitatively similar results. Addi-

29The detailed results using the perfect foresight measure of out-of-pocket costs are available in
Online Appendix Table A-5.
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tionally, we show that first-time enrollees have a similar relationship between stakes
and choice quality as the rest of our sample (see Table A-4). These findings suggest
that our results are not solely driven by individuals gaining more experience or stakes
increasing over time as individuals age.

The descriptive evidence above implies that there is a relationship between the
stakes and choice quality. This relationship holds when controlling for individual
fixed effects. While time-varying unobservables may play a role, they are unlikely to
fully explain the results. For these reasons, the evidence suggests that the relation-
ship between stakes and choices is at least due in part to the fact that individuals
respond to incentives to acquire information. This motivates us to estimate a model
incorporating endogenous information. The empirical model allows us to quantify
the welfare effects of costly information and provide insight into the implications for

simplifying choice.

4 Empirical Model and Estimation

In this section, we develop and estimate an empirical model of insurance demand
with endogenous information acquisition based on the framework in Section 2. The
model seeks to identify the marginal cost of information in addition to preferences.
Individual ¢ chooses plan j € J; in year t where the choice set is defined by
Jir. Consider expected utility if individuals used all available information to form
expectations about the cost of each plan. Following the previous literature, we assume
that utility follows from an approximation to a CARA utility function, implying that
the certainty equivalent expected cost of a plan can be expressed as pj; +v;;; + %7251-2]1

where ~ is the coefficient of risk aversion.?!

As in the previous section, pj;; is the
1 i ;i 1s th ted 1 out-of-pocket cost, and 77, i
annual premium, v;j; is the expected annual out-of-pocket cost, and o7, is a measure

of plan risk. Adding preferences over non-cost characteristics, indirect utility can be

21Consider CARA utility, —exp(—y(W — Cjj;t)), where individuals have wealth W and plan
cost is distributed Cjj; ~ N(pji + vijt,ﬁfjt). Expected utility can be expressed as u(p,o2) =
—7exp (ypu + 37°67) where T = —exp(yW). Using a first-order Taylor expansion around (u/,5?)
and dropping constant terms, u(u, 52) ~ u(p', %) — Tyu(p’, 5% )u — Sry*u(p, 5%)5%. See Abaluck
and Gruber (2011) and Heiss et al. (2013).
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written as

U ~2 k
Uijr = ovije + B1 X5, + Baoiyy + qipje + B3 Xy + Cuiiyder) + €t - (13)
Initially Unknown Known

In a similar way as Section 2, individuals initially observe premium, pj;, and other
known characteristics. The magnitude of parameter a; can be interpreted as the
marginal utility per dollar when individuals are fully informed. Individuals whose
previous plan is no longer available may have a preference for the same insurer, and
therefore we include an indicator for previous insurer as a known characteristics, X%.
We also include insurer by chronic condition fixed effects, (y(j)qqit), where b(j) repre-
sents the function mapping each plan j to the insurer and d(it) represents the function
mapping each individual ¢ at time ¢ to a major diagnosis. The insurer fixed effects
capture quality differences between insurers observed by enrollees but unobserved by
the researcher.?? We interact the insurer fixed effects with an indicator for each of the
most common diagnoses. In particular, we include separate insurer fixed effects for
individuals diagnosed with diabetes, chronic kidney disease, congestive heart failure,
and other chronic diagnosis. In this way, unobserved preferences are allowed to differ
for individuals with different chronic conditions. Finally, individuals have a known
idiosyncratic taste shock, €;;;. The taste shock is important for capturing unobserved
preferences which could provide an alternative explanation for why some individuals
choose plans that appear dominated.

Given known plan characteristics and individuals’ prior, individuals choose how
much information to acquire about the initially unknown portion of utility for each
option. The unobserved portion of utility, &, includes expected out-of-pocket costs,
2

vije and the riskiness of the plan, 77,

both of which require researching contract
terms and potential health shocks. We also include plan quality, as measured by star
ratings, as an additional plan characteristics that is initially unknown, X%. As in
Section 2, individuals maximize expected utility after information acquisition. Given

the distributional assumptions on the prior and taste shock in Section 2, choice prob-

22We group insurers with less than 1% market share into a single category given that it is difficult
to estimate a separate fixed effect.
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abilities after information acquisition take a closed-form following equation (6). After
choosing a plan, health shocks and consumption are realized.

The model requires assumptions about the mean and variance of individuals’
priors. We construct a measure of an individual’s prior variance, o2, using the vari-
ance in the unknown portion of the utility across options in the individual’s choice
set, Var; [&;:]. In this way, the prior variance depends on the variance in unknown
plan characteristics, including expected out-of-pocket costs, and preferences for those
characteristics. The prior variance is common to all options in the choice set. In the
baseline specification, we also assume that an individual has a common prior mean
across options in the choice set. This is motivated by the fact that the sample is
limited to individuals that were not previously enrolled in any of the plans and there-
fore are less likely to start with any information about specific plans. Given a prior
mean that is common across options, §?ﬁ can be normalized to zero for every option.??
We also consider specifications in which individuals start with additional information
about plans, i.e. allow for a heterogeneous prior across choices. We discuss these
specifications in detail in Section 5.4.

We now describe the specific assumptions we make regarding heterogeneity across
individuals in the price coefficient, «;, and the marginal cost of information, \;. We

allow for observable heterogeneity in price sensitivity by assuming
a; = —exp(f*Z;) (14)

where Z; are time-invariant individual characteristics (including a constant). Simi-

larly, we also allow for heterogeneity in the marginal cost of information by assuming
Aie = exp(BMZ; + W) (15)

where W, are time-varying characteristics including the individual’s health status

and experience with Medicare Part D.?*

23Since choice probabilities only depend on differences in expected utility and there is no outside
option, the normalization of the prior is inconsequential.

24 Although \;; varies across individuals, we assume that it is common to all options in an individ-
ual’s choice set. This is consistent with the fact that Medicare Part D plans all have similar benefits
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To summarize our key assumptions, as in Matéjka and McKay (2015) we adopt an
entropy-based cost function. In addition, we assume that individual preferences are
approximated by a CARA utility function. The prior over the initially unobserved
component of utility, &;;, and the taste shock, ¢;;, follow the Cardell distribution. The
prior variance is common to all options in the choice set.

The estimation strategy is straight-forward. Given that we derive closed-form
choice probabilities, we employ maximum likelihood. The likelihood function is simi-
lar to the standard likelihood function for a multinomial logit; however the parameter
vector $* enters representative utility non-linearly. The log-likelihood function is re-

ported in Online Appendix A-1.

4.1 Alternative Models without Endogenous Information

We compare the results of the endogenous information model to three alternative
demand models. As a benchmark, we estimate a standard logit model assuming that
individuals have full information about both premiums and expected out-of-pocket
cost, thus putting equal weights on the two objects. Next, we estimate a model in
which demand is a function of premium and coverage characteristics, such as the
deductible, rather than expected out-of-pocket cost. This approach is widely used
in the literature estimating demand for insurance.?> We call this model the coverage
characteristics model. Finally, we estimate a differential weight model that allows
different coefficients on premium and expected out-of-pocket cost. This approach has
been previously applied in the context of Medicare Part D.?° The details of these

alternative models and parameter estimates are presented in Online Appendix C.

4.2 Welfare

With costly information acquisition, individuals choose plans that maximize expected

utility given beliefs after information acquisition, but do not necessarily maximize

designs, making them equally complicated.
25This general approach has been used by Bundorf et al. (2012), Handel (2013), Polyakova (2016),
and others.

268ee, for example, Abaluck and Gruber (2011) and Abaluck and Gruber (2016). Ho et al. (2017)
also uses a related approach.
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expected utility given rational expectations. Our model decomposes the idiosyncratic
error term into a taste shock and an informational error which can be seen in equation
(A-11). Since part of the idiosyncratic error is due to limited information rather than
a taste shock in our model, eliminating products with the same representative utility
will result in a smaller welfare loss, and can even result in a welfare increase. Welfare
must take into account the fact that there is a difference between the expected utility
anticipated at the time of decision-making and utility with rational expectations,
leading to choices that are incorrect ex-post. In addition, total welfare should account
for individual’s information acquisition cost.

Consumer surplus with endogenous information for individual ¢ in year ¢ is given

by
1 o1 ~
CSH = log Z et + o Z Pijtlvije — Vije] (16)
J J

where rational expectations utility (with full information) excluding the iid shock is
Vijt = Qije + b1 X5, + 5251'2]-,5 + 0Pyt + 53Xjk;g + Co(j)d(it) (17)

and the expected utility after information acquisition excluding the iid shock is
Uijt = a(oit, Ait) (Oéivijt + B1 X + 525?]-,5) +b(oit, Ait) (Oéipjt + ﬁ:szkt + Cb(j)d(z't)) . (18)

The first term in equation (16) is the expected welfare calculated as if beliefs after
information acquisition were correct. Note that —q; is the marginal utility of income.
The second term adjusts for the fact that there may be a difference between expected
utility after information acquisition and full-information utility. This term is the
weighted average of the difference between expected consumer surplus after chosen
information acquisition and consumer surplus evaluated with full information where

the weights are the probability of choosing each option.?” The welfare loss due to

2P, is given in equation A-17). Note equation (16) follows from Train (2015) who consider
welfare in discrete choice models when beliefs, 7;;:, and actual utility differ and beliefs are observed.
Further detail is provided in Online Appendix A-4.
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information frictions is then given by
ACSy = CS,"me — CSi 4 ¢y, (19)

where C'S5“""™? ig consumer surplus under full information given by _Lal log ), et
The total cost of information, éit, is determined by the mutual information following

the assumptions of the rational inattention model and is given by equation (A-20).

4.3 Identification

In many settings, an individual that does not understand a product characteristic may
make similar choices as an individual that does not care about a product characteris-
tic. Therefore, our primary identification concern is separately identifying preference
parameters, including the coefficients on the price and other product characteristics,
separately from the marginal cost of acquiring information.

For identification, we leverage the fact that individuals can observe premiums but
do not initially observe out-of-pocket costs unless they acquire costly information.
Given our assumptions about risk preferences and taste shocks, choice probabilities
after information acquisition imply that individuals put weight b(oy, A\it)a; on pre-
miums and weight a(oy, A\it)a; on expected out-of-pocket cost. When information is
free, these weights are equal and an individual will be indifferent between a marginal
charge in premiums and a marginal charge in expected out-of-pocket costs. If ob-
served choices are equally sensitive to premiums and out-of-pocket costs, then we

conclude that there are no information frictions.

a(gitAit) _ La(oiNie)—1
b(oit,Nit) Lit(oit,\it)

appear to be less sensitive to variation in expected out-of-pocket cost, with the ratio

< 1 and individuals

In contrast, when information is costly,

depending both on the unit cost of information and the stakes. Therefore, identifi-
cation requires variation in premium and variation in expected out-of-pocket cost in
order to identify a separate coefficient on both. Given an assumption about the prior
variance, the ratio of these coefficients identifies the marginal cost of information. In
particular, by estimating coefficients on both premium and expected out-of-pocket

costs and allowing the coefficients to vary with the stakes and other individual char-
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acteristics in a flexible way, one can pin down the marginal cost of information and
how it varies with demographics.?®

In this way, the identification of our model is related to previous work estimating
preference parameters for premium and out-of-pocket cost in insurance markets.??
The coefficient on expected out-of-pocket cost, as well as the coefficient on risk, is
identified by variation across plans, time, and markets within the same insurer given
the inclusion of insurer fixed-effects. Much of this variation in the premium and out-
of-pocket costs is due to the fact that insurers offer a menu of plans with different
benefits within the same market. Contracts also vary across time due, in part, to
policy changes in minimum standards imposed by CMS. Insurers charge different
premiums for each plan they offer within a market, and premiums often differ across
markets for the same plan. Variation in health risks results in further variation in
out-of-pocket costs across individuals even for the same plan. In the model with
costly information, we also wish to identify how coefficients interact with the stakes.
Variation in health status and choice sets, including variation for the same individual
across time, leads to variation in the stakes.

As in a standard discrete-choice model, endogeneity issues are a potential concern
if a plan’s premium is correlated with plan characteristics that we do not observe but
are valued by enrollees. However, as discussed by prior work examining the Medicare
Part D market (e.g. Ho et al. 2017), the institutional features of the market consid-
erably reduce concerns about endogeneity given that differentiation among plans is
limited to specific dimensions. Insurers submit plans to CMS which ensurers that
plan benefits meet minimum actuarial standards. Plans may offer contracts that ex-
ceed those minimum standards, generating variation in benefits across plans. Our
measure of an individual’s expected out-of-pocket cost for each plan is determined
by the plan’s drug contract terms, including deductible, donut hole coverage, and
formulary. Concern about measurement error in this out-of-pocket cost measure is
mitigated by the fact that we also include insurer fixed effects. Since insurers often

use the same formulary across plans, the insurer fixed effects help capture any insurer

280nline Appendix F presents a more formal discussion of identification based on this argument.
298ee, for instance, discussion in Ho et al. (2017) and Polyakova (2016).
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benefits that are not reflected in the out-of-cost measure.

There may also be differences in non-pecuniary characteristics across plans, such
as customer service. Insurer fixed effects absorb variation in these non-pecuniary
benefits. We also allow insurer fixed effects to vary by health status to address
concerns that those with chronic conditions may have different preferences for non-
pecuniary characteristics of plans.

While we take a number of steps to address potential endogeneity issues, it is
still possible that unobserved plan quality is correlated with premiums, in which case
the coefficient on the premium would be biased toward zero. This would also mean
that \;;, which determined by the ratio between the coefficients on the premium and
the out-of-pocket cost, is underestimated. This would imply that our measure of the

welfare losses from information frictions is also an underestimate.

4.4 Empirical Model Estimates and Fit

The parameter estimates from the baseline demand model are presented in Table 4.
Average price sensitivity, «;, is estimated to be -0.12. The coefficient on income is
negative indicating that individuals in high income zip codes are less price sensitive,
however the estimate is not statistically significant. As expected, individuals also
have a strong preference for the previously chosen insurer while preferring less risk
and higher star ratings.

The average marginal cost of information, which converts bits of information to
utils, is estimated to be 2.5, although there is a large degree of heterogeneity.?® The
marginal cost of information may reflect either an individual’s mental difficulty in
comparing plans or the opportunity cost of time. In addition, many older Medicare
patients may receive help from family, nursing home staff, or others. In this case, the
estimated marginal cost of information would apply to the decision maker in question.

Individuals in more educated zip codes have lower marginal cost of information,
consistent with the idea that it is easier for more educated individuals to research

plans. However, this parameter is not statistically significant. Older individuals

30Note that cost coefficient is in hundreds of dollars since premium and out-of-pocket costs are
scaled for estimation.
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Table 4
Estimates for Demand Model with Endogenous
Information Acquisition

Estimate SE
Price Sensitivity (8%)
Constant —2.1368 (0.0207)
Income —0.0008 (0.0005)
Other Plan Characteristics
Previous insurer 6.4433 (0.0662)
Risk —0.0464 (0.0029)
Star rating 1.6125 (0.1181)
Marginal cost of information (6*)
Constant 2.9742 (0.1852)
Zip Income —0.0004 (0.0010)
Zip Education —0.0008 (0.0023)
Age 0.5721 (0.0955)
Age? —0.0034 (0.0006)
Female 0.0141 (0.0435)
Part D Experience —0.4243 (0.0392)
Rural 0.2281 (0.0574)
Has alzheimers 0.0823 (0.0710)
Has lung disease 0.1504 (0.0687)
Has kidney disease —0.0985 (0.0568)
Has heart failure 0.0722 (0.0618)
Has depression —0.0177 (0.0636)
Has diabetes 0.0523 (0.0502)
Has other chronic condition 0.0022 (0.0499)
Mean price sensitivity —0.1181
Mean marginal cost of information 2.5425
LL -50,468.22
Observations 1,035,319

Notes: Shows MLE estimates from demand model with en-
dogenous information. Premium and out-of-pocket cost are in
hundreds of dollars. Continuous individual characteristics (in-
come, education, age, and age squared) are demeaned. Specifi-
cation includes insurer by chronic condition fixed effects. Stan-
dard errors in parentheses.

may have more difficulty researching plans. The coefficient on age is positive and
highly significant; however, the coefficient on age squared is negative. This implies
the marginal information cost is increasing in age for individuals age 65 to 84 before
slightly declining, perhaps due to the fact that the oldest individuals may receive
help researching plans from others. Overall, the standard deviation of the marginal
cost of information is 2.1, quite large relative to the mean. Along with the variation
in the stakes, this implies large differences in the total realized cost of information
acquisition across individuals.

Table 5 shows actual mean premium and out-of-pocket costs for individuals’ chosen
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plans versus the mean cost for plans chosen in the simulated baseline. The fit is quite
good. The model predicts that individuals choose plans with average out-of-pocket
cost of $713 while the actual mean is $719. For premiums, it is $570 and $566,
respectively. In addition, the model is able to accurately rationalize the difference
between the cost of the chosen option and the plan with the lowest total cost. In
contrast, the standard demand model cannot rationalize why individuals choose plans
with low premiums and high out-of-pocket costs. This can be seen in the second
column of Table 5. Although the standard logit model accurately predicts the total
cost, the out-of-pocket cost and premium both differ by over $50.

We also evaluate model fit by using the baseline specification to simulate the
probability of choosing the lowest cost plan and the weight that individuals appear to
place on premium and out-of-pocket costs as a function of the stakes. We confirm that
the results can match the patterns presented in the descriptive analysis in Figures 2
and 3. We also use the estimates from each of the three alternative models that do
not allow for endogenous information. All of the alternative models have difficulty

rationalizing how choice quality changes when the stakes change.3!

5 Counterfactual Results

In this section, we explore counterfactual demand under full information, restricted
choice sets, and a cap on out-of-pocket cost. The results highlight the role of endoge-

nous information and implications for proposed policies aimed at simplifying choice.

5.1 Full Information Counterfactual

We start by simulating insurance demand under full information in order to shed
light on the welfare effects of information acquisition costs in Medicare Part D. This
counterfactual can be viewed as scaling up information intervention to the limit. The
results, presented in Table 5, indicate that the welfare effects of costly information
are substantial. Under full information, individuals would choose plans with out-of-

pocket costs that are $112 lower; however these plans have premiums that are $72

31The detailed evaluation of the model fit is presented in Figure A-1.

30



higher. Given that individuals on average choose a plan that is $565 more expensive
than the least expensive option, this suggests that individuals have strong preferences
over non-cost characteristics. Our analysis focuses on active switchers that are not
low-income and care should be taken generalizing these results to the full population
of enrollees. However, a simple back-of-the-envelope calculation assuming that these
results apply to all enrollees implies that, holding premiums and out-of-pocket costs
fixed, removing information frictions would result in total savings of $376 million per
year.3?

Under full information, individuals would choose plans with higher quality and
lower risk. Overall, this implies that welfare, excluding information acquisition costs,
increases by $285 per enrollee on average. Information acquisition costs are also
substantial, with an average of $127. Kling et al. (2012) find that Part D beneficiaries
on average spend three hours on plan consideration in their 2007 survey. Bundorf
et al. (2019) find that 75 percent of individuals spend more than one hour choosing
their Part D plan. We think our information cost estimates are reasonable given that
information acquisition in our model encompasses not only researching and choosing
plans, but also researching health risks (e.g. drugs that may be needed in the future)
and insurance terminology (e.g. definitions of donut hole coverage and deductibles).
Relatedly, Kling et al. (2012) report that simply making information available and
free to individuals through the Plan Finder does not lead them to use it, potentially
because of costs associated with understanding the information. This is consistent
with the high level of information cost that we estimate.

When calculating welfare, we make the standard assumption that the taste shock
contributes to welfare, implying a mechanical welfare gain from a large number of
plans. In order to examine the role of the taste shock, we also calculate the welfare
effects excluding the taste shock.?® As seen in Table 5, the implied welfare gains of
full information are even larger when the taste shock is excluded.

In the baseline case, the estimated elasticity of demand with respect to premiums

32 Average enrollment of individuals in stand-alone Part D plans that do not receive the low-income
subsidies is 9.4 million per year over the sample. The calculation includes individuals who do not
make an active choice and assumes savings also apply to individuals who remain enrolled in their
previous plan.

33For this exercise, we define welfare as C'S;; = Zj Pijtvije.
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Table 5
Counterfactual Spending and Welfare Under Full Information

Endogenous Information Model

Individuals w/ High

Standard All Individual Information Cost
Actual Model Baseline Full Info Baseline Full Info

Out-of-pocket cost of chosen plan 719 651 713 601 862 701
Premium of chosen plan 566 634 570 642 558 621
Total cost of chosen plan 1285 1285 1282 1244 1420 1323
Cost difference compared to lowest cost plan 565 576 569 538 686 605
A welfare ex. info acquisition cost 285 201
A info acquisition cost 127 300
A welfare ex. info acquisition cost (no taste shock) 379 331
Out-of-pocket Elasticity -0.35 -1.59 -0.69 -1.81
Premium Elasticity -1.51 -1.59 -1.66 -1.81

Notes: Shows counterfactual simulations for endogenous information model using parameter estimates from Table 4.
Full information counterfactual assumes individuals know expected out-of-pocket cost and other initially unobserved
characteristics of each plan. Individuals with high information cost defined as those with total cost of information, éit,
in the top quartile. Standard demand refers to multinomial logit specification described in Appendix Section C.

is -1.5, however the elasticity with respect to expected out-of-pocket costs is only
-0.4.3% Elasticity with respect to premium (out-of-pocket cost) can be interpreted
as the percent change in demand from a 1 percent change in cost due to premiums
(out-of-pocket costs). The large difference in elasticities reflects the importance of
costly information. Under full information, the elasticity of demand is -1.6, the same
for both premiums and expected out-of-pocket costs.

Table 5 also shows the results for individuals with the total incurred information
cost, Cy, in the top quartile. These individuals may face higher stakes and therefore
have more incentive to acquire information, or have higher marginal costs of acquiring
information. For these individuals, the total cost saving is $97 in the full information
case. Although the welfare effects excluding information acquisition costs are lower
than for the population as a whole, the information acquisition costs are more than

double. Under full information, their demand is quite elastic, about -1.8.

34For comparison, Abaluck and Gruber (2011) report an average elasticity with respect to premium
ranging from -0.75 to -1.17.
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Figure 4
Counterfactual Welfare Effects of Restricted Choice Set
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Notes: Chart shows counterfactual average change in welfare per enrollee from removing
plans with mean utility below a given percentile where average utlity is computed by
plan, year, and age. Counterfactual estimates from model with endogenous information
acquisition are contrasted with counterfactual welfare estimates from alternative models
of plan demand without endogenous information (see Online Appendix Section C).

5.2 Restricted Plan Choice Counterfactual

We use the model to examine the implications for restricting plan choice. In the
Medicare Part D market, many individuals can choose between over 35 plans. The
large number of options may make it difficult to research plans and choose correctly.
We ask whether welfare can be increased by showing individuals only a subset of
the plans based on their age, thus restricting the choice set.?> For each plan we
calculate average utility for each year and enrollee age. We then simulate choices and
calculate welfare after removing plans with average utility below a given percentile.
We assume that individuals are aware that “poor” plans are removed, thus affecting
their incentive to research plans.3¢

The change in welfare from restricting the choice set accounting for endogenous

information is depicted in Figure 4 Panel a. As seen in the figure, there is a trade-off.

35To a certain extent, insurance regulators already do this through allocation policies that set
minimum standards for plans. This is also related to standardization of health exchanges (Ericson
and Starc 2016).

36Formally, 02 and Cj; are recomputed for each counterfactual simulation.
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On the one hand, simplifying the choice set can reduce the chance that individuals
accidentally choose poor plans as well as reduce information costs. However, restrict-
ing the choice set too much does not allow individuals with heterogeneous preferences
to find a plan that is a good fit. For this reason, welfare is increasing until about
a quarter of plans are removed from individuals’ choice sets. When too many plans
are removed, welfare decreases. The result that reducing the size of the choice set
can increase welfare at the margin is consistent with a number of surveys of Medi-
care Part D enrollees indicating that individuals would prefer to see a smaller set of
recommended options.

The counterfactual results examining restricted plan choice are summarized in
Table 6. Eliminating plans in the lowest quartile results in individuals choosing plans
that have better non-cost characteristics as well as slightly lower cost, resulting in
welfare gains of $12 per individual. In addition, individuals face lower stakes and
therefore choose to acquire less information, resulting in total information acquisition
costs that are $43 lower. Therefore, the benefit of providing consumers with a tailored
choice set is primary due to the reduction in research in this case. Removing plans
in the bottom 10th percentile leads to smaller welfare gains of $22 including the
reduction in information cost.

These results can be contrasted with alternative models that do not account for
endogenous information (Figure 4 Panel b). In all of these models, restricting the
choice set implies a welfare reduction, the opposite of what is implied by the endoge-
nous information model. This is because, in these alternative models, the failure of
individuals to choose plans with low out-of-pocket costs is rationalized through het-
erogeneous preferences rather than information frictions. The effect on spending and
welfare is detailed in Table A-2.

The welfare gains of restricting choices are even larger if a social planner can
provide a personalized list of plans to each individuals.?” Under this scenario, wel-
fare is maximized when more than 75% of plans are removed. Results from this

counterfactual experiment are available in Section E of the Online Appendix.

37Le., if the social planner restricts the choice set based on representative utility given by V¢ +
B1XY + B202, + aipje + B3 XK + Goiiyagin)-
145t 2055t iPjt 34 gt b(j)d(it)
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Table 6
Counterfactual Spending and Welfare for Restricted Choice Set and Out-of-Pocket Cap

Restricted Choice Set Out-of-Pocket Cap
10th Percentile 25th Percentile $5,000 $15,000
Cutoff Cutoff Cap Cap
A Premium -1.5 -4.0 -9.6 -6.8
A Out-of-pocket cost 1.2 3.2 -374.3 -180.8
A Spending -0.3 -0.9 -384.0 -187.6
A Welfare ex. info 2.7 11.5 374.5 182.6
A Information cost -19.6 -43.0 -11.5 -9.9
A Welfare ex. info (no taste shock) 11.6 43.9 380.1 185.5

Notes: Columns 1 and 2 show counterfactual simulations in which the set of plans offered is restricted by
eliminating plans with mean utility below the 10th/25th percentile. Columns 3 and 4 show counterfactual
simulations in which out-of-pocket costs are capped at $5,000/$10,000.

In addition to restricting the choice set, we note that there are other policies that
could steer consumers away from the largest mistakes while still allowing individuals
sufficient choice given idiosyncratic preferences. For instance, consumers could be
shown a suggested set of plans or be given a targeted default. Like restricting the
choice set, these policies could also potentially increase welfare when information is

costly.

5.3 Out-of-Pocket Cost Cap Counterfactual

In order to examine how cost sharing interacts with endogenous information acqui-
sition, we examine counterfactual simulations in which we impose a cap on out-of-
pocket payments. This policy has been proposed for Medicare Part D and has already
been implemented in other health insurance settings. Currently, Medicare Part D en-
rollees who have out-of-pocket costs above the catastrophic threshold can still be

38

liable for substantial costs.”® Imposing an out-of-pocket cap not only makes it less

likely for individuals to accidentally choose an expensive plan, but also reduces the
variance in out-of-pocket costs across plans, reducing the stakes as in the previous

counterfactual.??

38As of 2019, the catastrophic threshold is $5,100. Once enrollees have drug costs above the
catastrophic threshold, they pay either 5 percent of total drug costs or $3.40 ($8.50) for each generic
(brand name) drug.

39Note, however, that our analysis does not take into account potential changes in utilization and
negotiated drug prices.
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We find that endogenous information model implies higher welfare gains from cap-
ping out-of-pocket costs than other models, especially the differential weight model.*°
While a cap on out-of-pocket costs has a direct benefit for consumer by reducing cost,
there are two additional reasons why the policy generates additional welfare gains in
the presence of endogenous information frictions. First, individuals are less likely
to “accidentally” choose a plan with high out-of-pocket costs when the cap is bind-
ing. Second, imposing the out-of-pocket cap also substantially reduces information
acquisition costs. In other words, there is less risk of choosing a plan with very high
out-of-pocket costs, individuals conduct less research. This implies that the welfare
gains from an out-of-pocket cap accrue, in part, to individuals with spending below
the cap.

The counterfactual effect of a cap on out-of-pocket cost is summarized in Table 6.
Imposing a $15,000 cap generates an increase in welfare of $193 per enrollee after
accounting for the change in information cost. Imposing a $5,000 cap generates
welfare gains of $386.

Capping out-of-pocket costs would imply less revenue for insurers. While we do not
model insurer premiums, we also consider a simple policy in which the decrease in out-
of-pocket cost for individuals above the cap is offset with an increase in premiums that
is the same for all plans, making the policy revenue-neutral. We find that under the
endogenous information model this policy is still welfare increasing, while alternative
models imply a decrease in welfare.!

Overall, these results highlight that a cap on out-of-pocket costs can help mitigate
the welfare costs due to information frictions. More generally, evaluation of cost
sharing policies should take into account the effect on the incentive to research plans
and implications for consumer accidentally choosing plans with high out-of-pocket

cost.

40Gee Figure A-5 for detailed results.
41See Figure A-6 in the Online Appendix for detailed results.
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5.4 Discussion and Robustness

In this section, we discuss implications of our modeling assumptions and summarize

robustness results.

Heterogeneous Preferences

Our baseline specification includes insurer fixed effects interacted with major chronic
conditions to flexibly capture unobserved preferences. As a robustness exercise, we
examine results without insurer fixed effects and their interactions with chronic con-
ditions. We estimate that the mean elasticity is nearly the same as our main specifi-
cation. The mean marginal cost of information is also very close at 2.3 (compared to
2.5 in the main specification). This implies that unobserved preferences for insurers
are not driving the estimate after controlling for observable plan characteristics. We
also estimate a specification that includes the outliers with very high stakes that are
removed from the main sample and also find that the estimates for the information
cost and preference parameters are similar to our baseline estimates.*> While this
suggests that the model is capturing the main sources of preference heterogeneity, it
is possible that more complicated unobserved preference heterogeneity could affect

the information cost estimates.*?

Priors and Stakes

Another key assumption of the model is the form of individuals’ prior since it de-
termines information acquisition. In our baseline model, we assume that individuals
start with a prior that out-of-pocket cost is uncorrelated with the premium of a plan,
implying a common prior about the initially unobserved part of utility across options.
One concern is that individuals believe high premium plans are more likely to result
in low OOP cost prior to doing research.

We consider three alternative assumptions on the prior to examine sensitivity to

42The full set of estimates is available in Table A-6 in the Online Appendix.

43A related concern is that some individuals may be liquidity constrained and this could affect
relative demand for premiums and out-of-pocket costs. However, the timing of premium payments
and out-of-pocket payments is similar.
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Table 7
Estimates for Demand Model with Endogenous Information Acquisition
Robustness to Alternative Definition of Prior

(1) (2) ®3)
Prior Variance Based on Group Average
Heterogenous Homogenous Heterogeneous Prior Mean
Prior Mean Prior Mean Based on Observed Attributes
Estimate SE Estimate SE Estimate SE
Price Sensitivity (5%)
Constant —2.0318 (0.0199) —2.0053 (0.0198) —1.9202 (0.0210)
Income —0.0001 (0.0005)  —0.0006 (0.0005) 0.0002 (0.0005)
Other Plan Characteristics
Previous insurer 6.5732 (0.0618) 6.9208 (0.0798) 6.9859 (0.0817)
Risk —0.0594 (0.0029)  —0.0656 (0.0035) —0.0721 (0.0039)
Star rating 2.0222 (0.1017) 2.7167 (0.1429) 2.9856 (0.1535)
Mean price sensitivity —0.1311 —0.1346 —0.1466
Mean marginal cost of information 3.2413 3.1758 3.7474
Full Information Counterfactual
OOP 594 596 593
Premium 646 651 650
LL -50,735.50 -50,151.07 -50,410.02
Observations 1,035,319 1,035,319 1,035,319

Notes: Shows estimates from demand model with endogenous information with alternative assumptions about the prior.
In Specification 1, prior variance is defined as the average variance in the individual’s choice set, as in the baseline
specification. However, prior mean is determined by population average over plan by year. In Specification 2 and 3, prior
variance is defined as the average variance for similar individuals. For Specification 3, we regress out-of-pocket cost on plan
premium, deductible, generic coverage, coverage in the gap, and cost sharing. We then assume individuals understand
this relationship, informing their prior. Premium and out-of-pocket cost are in hundreds of dollars. Continuous individual
characteristics (income, education, age, and age squared) are demeaned. Standard errors in parentheses.

this issue. In our first alternative specification, we allow heterogeneous prior means
for options by assuming that individuals initially know the average cost of each plan
across individuals that are similar to them but not their own out-of-pocket cost. In the
second and third alternative specifications, we explore an alternative measure of the
stakes. Instead of assuming that individuals know the variance of the unknown part of
the utilities in their own choice set as in our baseline, we assume individuals initially
know the average variance for similar individuals. In the second specification, the
prior mean is assumed to be homogenous. In the third specification, we assume that
individuals use easily observable characteristics—plan premium, deductible, generic
coverage, coverage in the gap, and cost sharing—to predict out-of-pocket cost for each
plan, while maintaining the assumption that the prior variance is given by the group
average.

Table 7 presents the summary of the estimates from these alternative specifica-
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tions. We find that the mean price sensitivity for these alternative specifications is
slightly higher than the baseline specification. The marginal cost of information is
also higher, especially when we allow prior means to depend on observed characteris-
tics in specification (3). This is reasonable given that individuals are assumed to have
more information before paying an information acquisition cost in this specification.
Nevertheless, even under different assumptions about priors, counterfactual choices
under full information in terms of the average costs of chosen options are almost iden-
tical to the baseline case. Given that the alternative specifications produce marginal
cost estimates that are larger than our baseline estimates, we interpret our results as
providing lower bounds for the welfare cost of information frictions and the effects of
the policies that we consider.

It is also possible that individuals have a biased prior. While it is difficult to
identify a biased prior in our setting, future work could use additional data sources
or surveys to provide more insight into the nature of individuals’ priors and the
implications for information acquisition. In addition, there is concern that research
about one plan could inform an individual about other similar plans. This could be
accommodated in the model by allowing individuals to have a more complicated prior
in which unobserved utility is correlated across plans. While this is beyond the scope

of our paper, future work could also explore this issue.

Moral Hazard

Following Abaluck and Gruber (2016), we assume that individuals could substitute to
the cheapest alternative within each class and Generic Code Number (a classification
defined by ingredients, strength, dosage, and route of administration), but assume
no other forms of moral hazard.** This assumption is relevant for at least three
reasons. First, it allows us to calculate what each individual’s realized out-of-pocket

costs would have been for each plan in her choice set following Abaluck and Gruber

440 et al. (2017) also assume no moral hazard in a similar setting. Studies that focus on the effect
of the introduction of Part D on drug utilization generally find a minimal to modest effect (see, for
example, Basu et al. (2010) ). The more relevant dimension of moral hazard for our counterfactuals
is how individuals would adjust drug usage if they chose a different plan than observed in the data.
To our knowledge, there is limited work examining this. An exception is Abaluck and Gruber (2011)
who argue that this effect is small.
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(2016). Second, we are able to hold drug consumption constant with individuals’
plan choice in our counterfactual simulations. To the extent that individuals adjust
their drug spending with their plan choice, our estimate of the welfare effect of the
out-of-pocket cost cap would be an underestimate. As the cap directs individuals to
a more generous plan, they might increase drug consumption, further adding to the
welfare gains from the cap and affecting insurer costs. Given that typical estimates
of the elasticity of demand for prescription drugs are low, we believe this effect would

be relatively modest.*

6 Conclusion

We develop a micro-founded yet tractable demand model based on the rational inat-
tention framework that can be applied to settings in which some product attributes
are costly to observe or understand. Consistent with the model, we find evidence
that individuals acquire more information as the stakes increase in the market for
prescription drug insurance.

We propose and implement a feasible estimation strategy for our empirical model.
Estimates imply that the welfare effects of information frictions are substantial.
Among policy makers, there is a concern about the complexity of insurance choice
and how to regulate plan features. Standard demand models provide little insight
into how markets for complex products can be simplified or standardized. With this
in mind, we use the model to examine how insurance regulation affects information
acquisition and welfare. We find that simplifying insurance choice through restrict-
ing available products or capping out-of-pocket costs can improve welfare given the
difficulty in researching plans.

Our empirical model of endogenous information frictions can be applied to other
markets in which there are complex characteristics that are costly to research. A key
requirement for the identification of our model is that there are product attributes
that consumers value equally under full information but consumers initially observe

only a subset of those attributes. For example, this is the case with various fees

45The typical estimates of the elasticity of demand for prescription drug fall in the range of -0.1
to -0.6.
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that are difficult to observe in the market for tickets, food delivery, mortgages, and
other financial products. Alternatively, variation in the marginal cost of information
could be used to identify the model in other settings featuring characteristics that are
costly to observe, such as the nutritional content of food or school quality. The model
can potentially rationalize choice inconsistencies, choice overload, and consumer in-
ertia that might arise in these settings. Furthermore, it can inform how consumer
protection laws should be designed in these markets by, for instance, regulating or
standardizing product offerings.

An important caveat of the analysis is that we focus only on the demand-side
effects. The partial equilibrium analysis is useful for clarifying the role of endogenous
information frictions holding a plan’s premium and benefit design fixed. However,
endogenous information acquisition is also likely important for examining the com-
petitive effects of policies aimed at simplifying choice. Given that demand for pre-
miums is more elastic, insurers have more incentive to compete on premiums rather
than out-of-pocket costs. Moreover, there are implications for other dimensions of
insurer competition, such as the number and complexity of plan offerings. Future
work should examine how endogenous information acquisition affects competition
over product characteristics that are difficult for consumer to observe, as well as

firms’ equilibrium responses on product positioning and complexity.
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