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Abstract

Essays in Behavioral Health Economics
by
Tarso Mori Madeira
Doctor of Philosophy in Economics
University of California, Berkeley
Professor Stefano Della Vigna, Chair

This dissertation is composed of two chapters. Each chapter presents a study testing a
theory from behavioral economics in a health economics setting using field data.

The first chapter studies the role of present bias in the choice of health insurance. I
analyze the consequences of a policy change that removes deadlines for enrollment in high-
quality (5-star) Medicare drug coverage plans (Part D), while maintaining existing deadlines
for enrollment in all other plans. Although the goals of the policy were to increase enroll-
ment in 5-star plans and to provide incentives for insurers to improve quality, the removal
of deadlines might lead to the opposite. First, rational beneficiaries might wait to enroll in
5-star plans only when a negative health event occurs, which would both decrease enrollment
and increase adverse selection. Second, without deadlines, present-biased beneficiaries might
procrastinate, which would also lead to a drop in enrollment, driven by an overall increase
in inertia. I develop a model to examine these different hypotheses and test its predictions
using Medicare administrative micro data for the period of 2009-2012. I employ a difference-
in-differences design within a differentiated-product discrete-choice demand framework. My
identification strategy takes advantage of the fact that the policy did not actually change
enrollment rules everywhere in the United States, as most counties were not within the cov-
erage area of a b-star provider in 2012, the year the policy was implemented. I have three
main findings. First, the policy backfires: it decreases enrollment in the Part D program
by 2.55pp from a baseline of 51.76%, and decreases average market share of 5-star plans by
1.37pp from a baseline of 7.78%. Second, the policy does not seem to impact adverse selec-
tion, suggesting the rational model might not fully account for the results. Third, the removal
of deadlines leads to a drop in the probability that a previously enrolled beneficiary switches
plans of 3.18pp (baseline 9.08%), suggesting that at least some Medicare beneficiaries are
present-biased.

The second chapter studies role of projection bias in mental health treatment decisions.
Evidence from psychology suggests that on a bad-weather day, individuals may feel more
depressed than usual. If people are not fully able to account for the effect of transient
weather, they may take systematically biased treatment decisions. I derive a model of a



person considering treatment for depression and show that when projection bias is present,
transient weather might influence choice. I use detailed administrative medical records from
the MarketScan database and daily county-level meteorological data from the National Cli-
matic Data Center. My period of analysis is 01/01/2003 through 12/31/2004. My main
analysis focuses on patient behavior during a small interval of time after they have been
seen by a physician. I look at how weather influences antidepressant filling decision within
patient and only include appointments that involved a major diagnosis of a mental disease or
disorder. I find that a one standard deviation increase in the amount of cloud coverage (2.73
oktas) leads to a 0.063 percentage point increase in the probability that a patient fills an
antidepressant prescription on appointment day. That is a 1.04% increase from the 6.07%
baseline. I also find effects associated with snow, rain, and temperature. All effects fade
with time and are not significant within seven days of the appointment. Most of the impact
of cloud coverage on antidepressant filling is due to an increase on the number of new pre-
scriptions, not an increase in refills. Virtually all the effect happens at the pharmacy, not
via mail order. Most regions have similar coefficients associated with cloud coverage, with
stronger results in the Northeast and Upper Midwest. Finally, most of the impact happens
during Winter.



To Emmanuel Large.
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Chapter 1

The Cost of Removing Deadlines:
Evidence from Medicare Part D

1.1 Introduction

Recent health insurance policy innovations—including Part D of Medicare and the Af-
fordable Care Act—are grounded on the notion that consumer choice can be a powerful
force for lowering costs and improving efficiency (see e.g., Dayaratna, 2013). Nevertheless,
the complexity of the health care system in particular, and insurance markets in general,
places a substantial burden on consumers to choose wisely among alternative plans[f] In the
case of Medicare Part D, an opt-in program available to Medicare beneficiaries, participants
may choose among alternative prescription drug plans (PDP’s) offering widely different pric-
ing regimes for different prescription drugs. A number of recent studies have found that
many Part D participants’ plan choices are sub-optimal given their actual drug use patterns
(Heiss et al. [2010], Abaluck and Gruber [2011, 2014], and Heiss et al. [2013]).

In 2007, the Centers for Medicare and Medicaid Services (CMS) introduced an annual 5-
star rating system designed to help Part D participants to choose among the PDP’s available
in their area. The stars are awarded on the basis of multiple factors, including surveys of
plan participants about the quality of customer services, call center performance, member
complaints, and accuracy of information on drug pricing. A second major step was taken in
2012, when CMS introduced a new policy allowing Medicare beneficiaries to enroll in 5-star
plans at any time, rather than having to wait until the open enrollment period in the late
fall. The intention of the new policy, as stated by CMS officials, was to “get beneficiaries
into 5-star plans” (Moeller, 2011) and “give plans greater incentive to achieve 5-star status”
(Crochunis, 2010). Despite these intentions, in 2014 there was no PDP with a 5-star rating,
and only 5 percent of Part D participants were enrolled in plans rated with four or more stars
(Hoadley et al, 2014). In 2015, the 5-star classifitation was again granted to some PDP’s.

1See Einov and Finkelstein (2011) for a recent review of selection in insurance markets.
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In this paper, I use a combination of aggregated county-level information and individual-
level enrollment records to evaluate the effects of the new open enrollment policy for 5-star
Part D plans. While the intention of CMS administrators was to nudge participants toward
choosing a 5-star plan, careful consideration of the choice behavior by Medicare beneficiaries
suggests that the policy could have easily led to a reduction in enrollment in 5-star plans and
even a reduction in overall enrollment in the Part D program, albeit existing incentives for
participation ] Making it possible to join a 5-star plan at any time in the year could induce
healthy Medicare participants with no major prescriptions to go without Part D coverage and
only enroll if and when their health deteriorates—an adverse selection effect that would be
expected under fully rational choice behavior. Likewise, eliminating the enrollment window
for 5-star plans eliminates the deadline for active choice—an effect that could lead present-
biased Medicare beneficiaries to procrastinate joining Part D or switching plans, resulting in
lower overall enrollment in the preferred plans. Arguably the only situation where eliminating
the enrollment window for 5-star plans could actually increase enrollment in these plans is
the case where beneficiaries randomly forget to enroll.

To test the predictions of the different models, I combine Medicare enrollment data from
2009 to 2012 with detailed information on the benefits, costs, and coverage areas for all
Part D plans available during these years. My identification strategy exploits the time-series
variation on the star rating of Part D insurers. I take advantage of the fact that not all
counties in the United States were within the coverage area of an insurer that was rated 5
star in 2012—when the deadlines for enrollment in those plans were removed. This feature
sets up a straightforward difference-in-differences design that compares Part D enrollment
choices of Medicare participants in counties with and without a 5-star plan available in 2012.

Looking first at overall Part D enrollment, I find that the availability of a 5-star plan was
associated with a 4.92% drop in overall participation in PDP’s, from a baseline of 51.76%.
For new Medicare beneficiaries (i.e., those who enter Medicare for the first time in the current
year), I find a 15.73% decrease in participation by the initial deadline for enrollment in Part
D] For continuing beneficiaries (i.e., those who were enrolled in Medicare in the previous
year), I find a 3.63% drop in participation during the fall open enrollment period. The
difference in effect magnitudes between new and continuing enrollees can be attributed to
the high inertia observed among beneficiaries previously enrolled in a plan, and to an alleged
higher awareness of the policy among new beneficiaries. In fact, the drop in enrollment
decreases by age group, and is not statistically significant for those over 80 years old.

To analyze the effects of the new policy on the choice of a particular PDP, I estimate
a version of the Berry (1994) differentiated-product discrete-choice demand model, incorpo-
rating the absence of deadlines for enrollment as a time-varying plan characteristic. I find a
negative impact of the policy on the market share of 5-star plans. By the original deadline,
average market share of 5-star plans falls 1.37 percentage point, from baseline 7.78%.

2Upon joining Part D, beneficiaries who lacked drug coverage for over two months might have monthly
premiums increased by $0.32 per month of non-enrollment.
3End of third month after becoming eligible for Medicare.
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I conduct a series of robustness checks to verify these results. First, I assess how enroll-
ment varies with the maximum-star-rating of any insurer in the county in the periods before
and after the new policy. There is a drop in enrollment post-policy change in counties within
the coverage area of a 5-star insurer, but not in counties in which the highest-rated insurer
received a 4.5 or 4.0 classification. This pattern indicates that the results are not due to
factors common to all counties with highly-rated insurers. Analogously, an analysis of the
effect of star rating on plan enrollment on the pre- versus post-policy change period, within
counties with a 5-star insurer, corroborates the market share results.

Taken together my findings on overall Part D enrollment and enrollment in 5-star pro-
grams suggests that the policy of allowing open enrollment for 5-star PDP’s backfired. This
failure could be attributed to an adverse selection effect—arising because healthier Medicare
participants choose not to enroll in Part D when a 5-star plan can be joined at any time in
the year—or a present bias effect—arising because Medicare participants fail to enroll once
the deadline for making a choice is removed.

The adverse selection channel should have only affected relatively healthy beneficiaries
who decide not to enroll or who opt out of Part D, and 5-star plans in particular. To test
this explanation, I use costs of the services provided to beneficiaries under Parts A and B of
Medicare as a proxy for their health status. The increase in adverse selection arising from
the policy change should lead to an increase in the average cost incurred by enrollees of 5-star
plans. Using this identification strategy, I fail to reject the null-hypothesis of no impact of
the policy change on adverse selection into 5-star plans. The same is true for both new and
continuing enrollees.

As a second check, I use end-of-the-previous-year chronic conditions indicators. I assess
how the drop in enrollment caused by the policy varies depending on common illnesses such as
heart failure, diabetes, and hypertension. I focus on the behavior of continuing enrollees—for
whom the data is available—by the original December 7th deadline. For each condition, I
compare the responses to the policy of the group with the illness to that of the group without
it. Again, I find no evidence of an adverse selection effect. For most conditions, the responses
of the healthy and of the ill are of similar magnitude.

To test the present bias explanation, I measure the degree of inertia exhibited by the
PDP choices of Part D participants in consecutive years. If participants are present biased,
the removal of the deadline to switch into a 5-star plan would be expected to lead to a lower
probability of switching plans. Consistent with this prediction, I find that the policy change
decreases the probability that a current enrollee switches plans by the original December 7th
deadline by 3.18 percentage points, down from the average 9.08% switching probability. I
consider the increased inertia caused by the policy prima facie evidence of present bias.

The remaining of the paper is organized as follows. Section discusses contributions
to existing literature. Section presents background information on Medicare, the Part
D drug coverage program, the original deadlines for enrollment, and the policy change that
removed the deadlines for enrollment in 5-star plans. Section introduces the model.
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Section [2.3] describes the administrative Medicare data. Section [L.5] discusses the impact of
the policy on take-up of the program and on plan market shares. The impact of the policy

on adverse selection and inertia are discussed in sections [I.6] and respectively. Section
2.7 concludes.

Contributions and Related Literature

This paper contributes to the understanding of how deadlines impact enrollment and cost
of coverage in the Medicare Part D market, with lessons readily applicable to the broader
Medicare, a program that provides health insurance to approximately 50 million beneficiaries,
and accounts for 14.22% of the federal government’s budget, or $498 billion in 2013.

This paper also contributes to the debate surrounding behavioral-inspired policymaking.
The governments of the United Kingdom and of the United States, among others, have
recently consulted with behavioral insights teams (nicknamed ‘nudge units’) in the design
of public policies that incorporate insights from behavioral economics and the behavioral
sciences. This movement sparked a strong reaction among some circles in academia and in
the public debate. According to a recent article in the Economist (2014), behavioral-inspired
policies might backfire because “bureaucrats and their bosses are as full of blind spots and
weak spots as any of the people they govern.” But deviations from strict rationality were
already considered in policy long before the establishment of nudge units. This paper provides
an example of an ’old-school’ policy inspired on a non-rational hypothesis, forgetting, that
could in principle backfire because people are either more rational than expected, irrational
in an unanticipated way, or both.

This paper relates to Handel (2014), who finds that policies aimed at decreasing iner-
tia and nudging consumers to better health insurance choices might lead to welfare losses
due to an increase in adverse selection. More generally, this paper contributes to a grow-
ing literature on the failure of consumer optimization in insurance markets. Abaluck and
Gruber (2014, 2011) finds that a majority of participants in Medicare Part D are enrolled
in a dominated plan, yet fail to switch to plans with better risk protection at a lower cost.
Ericson (forthcoming) reports that older Part D plans have higher premiums, consistently
with the predictions of a model in which sophisticated insurers and present-biased benefi-
ciaries. Bhargava, Loewenstein and Sydnor (2014) finds that the majority of the employees
of a Fortune 100 American company in the health-care industry choose a dominated health
plan. Loewenstein et al. (2013) finds that Americans have a limited understanding of how
traditional health insurance plans work. Handel and Kolstad (2014) provides evidence on
the role of information frictions and hassle costs in health insurance choice. Other papers
in this literature include the work of Taylor, Cebul, Rebitzer and Votruba (2011) on search
cost.

This paper also relates to the behavioral literature on present bias. There is a consid-
erable amount of evidence to support that deadlines help individuals overcome self-control
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problems. Ariely and Wertenbroch (2002) find a positive impact of deadline on student per-
formance. Additionally, existing evidence supports the notion that individuals might be at
least partially naive with respect to future willingness to delay immediate gratification, and
may therefore benefit from the use of commitment devices such as deadlines. DellaVigna
and Malmendier (2006) and Ausbel (1999) find that individuals underestimate future present
bias. A related set of literature, including Madrian and Shea (2001), Choi et al. (2004), and
Cronqvist and Thaler (2004), highlights the sizable impact of defaults in behavior, even in
the presence of small switching costs.

1.2 Background

Medicare is a federal health insurance program in the United States that provides health
insurance for Americans aged 65 and older, younger people with disabilities, and people
with conditions such as end stage renal disease or amyotrophic lateral sclerosis. The default
coverage, known as Original Medicare, is a public fee-for-service hospital (Medicare Part A)
and medical (Medicare Part B) insuranceﬁ In 2012, Medicare provided health insurance to
50.8 million beneficiaries. The program is administered by the Centers for Medicare and
Medicaid Services (CMS), an agency of the Department of Health and Human Services.
Benefits of the program are controlled by the U.S. Congress. In 2013, spending on Medicare
accounted for 14.22% of the federal budget, or $498 billion. In 2012, the program was
responsible for 20% of the total national health spending, 27% of spending on hospital care,
and 23% of spending on physician services (CMS, 2014).

Private Medicare Plans

The federal government also operates a prescription drug benefit (Medicare Part D)
that subsidizes the costs of prescription drug insurance for Medicare beneficiaries. Part
D was enacted as part of the Medicare Modernization Act of 2003 and went into effect on
January 1, 2006. Beneficiaries enrolled in Original Medicare can enroll in a private standalone
prescription drug plan (PDP). Alternatively, beneficiaries may leave Original Medicare and
enroll in a private health insurance plan (Medicare Part C), which combines hospital and
medical insurance. Most Part C plans include prescription drug coverage (MA-PD).

Medicare beneficiaries have several options. In the PDP market alone, there were an
average of thirty one options from which to choose in 2012. The number of PDP’s available
varies yearly and differs across counties in the United States. In 2012, 31.8 million bene-
ficiaries received Medicare Part D benefits—19.9 million in PDP’s, and 11.9 million via a
MA-PD plan.

4Part A covers hospital, skilled nursing facility, home health, and hospice services; Part B covers doctors,
outpatient services, preventive services, lab tests, ambulance services, and medical equipment and supplies.
Medicare Part B is an opt-in program in Puerto Rico.
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Part D Drug Coverage Plans Medicare drug plans vary in terms of premiums, de-
ductibles, coinsurance, and drug coverage, among others characteristics. All plans must, at
a minimum, be actuarially equivalent to a defined standard benefit. In 2012, the standard
benefit had a deductible of $320, and required 25% coinsurance up to the initial coverage
limit of $2,840 (full retail cost of prescriptions). At that point, a beneficiary would enter
the “donut hole,” and pay full cost for prescription drugs until total out-of-pocket expenses
reached $4,700, at which point catastrophic coverage begins. Once catastrophic coverage is
triggered, the beneficiary pays the greater of 5% coinsurance, or a copay of $2.65 for generic
drugs and $6.60 for brand-named drugs.

5-star Rating System To promote informed choice, CMS annually evaluates the quality
of the services provided by private insurers using a 5-star rating system. Appendix A dis-
cusses the data sources and specific variables used to evaluate Medicare Part D insurers. The
five-star classification was first announced in October 2007, with ratings valid for the 2008
calendar year. CMS is instructed by Social Security Administration to broadly disseminate
information on Medicare options. When a beneficiary has the option to make changes in
coverage, she receives notice from CMS with a list of plan options and their characteristics
(Social Security Act 1804, 1851[d]). The same information is available online. Figure
presents the results of a search for plans available in Minneapolis, MN on the official Medicare
website.

Deadlines for Enrollment Typically, beneficiaries can only enroll in or change from one
Part D plan to another at specific times during the year. New beneficiaries can enroll during
the seven-month period that ends 3 months after the month they turn 65 and become eligible
for Medicare. Current beneficiaries can enroll, drop, or switch plans every year during the
annual Open Enrollment Period, which currently ends on December 7th. The new choices
are implemented on January 1. There are several exceptions to these enrollment rules, which
I briefly discuss on Section [1.4 Beneficiaries who lack drug coverage for an extended period
of time might pay a late penalty fee at enrollment. The fee amount is added to the Part D
premium, and is incurred if there is a period of 63 or more days in a row when a beneficiary
lacks Part D or other creditable prescription drug coverage. In 2012, the fee was $0.32 for
un-enrolled month.

Removal of Deadlines for Enrollment in 5-star Plans

In 2012, CMS removed all deadlines for enrollment in plans offered by insurers with a
5-star rating. The policy change allows beneficiaries to enroll in or switch to a 5-star plan at
any time, while maintaining the original deadlines for enrollment in all other plans. Figure
depicts the pre- and post-policy change deadlines for enrollment in Part D plans for new
and continuing Medicare beneficiaries.
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Intended Consequences The intended consequence of the policy, as stated by CMS
officials, was to increase enrollment in 5-star plans, thus providing incentives for plans to
improve the quality of their service.

“We want to get beneficiaries into 5-star plans.” Former Medicare chief J. Blum
to U.S. News (Moeller, 2011)

“..give plans greater incentive to achieve 5-star status.” Medicare Enrollment Co-
ordination Dir. M. Crochunis (Crochunis, 2010)

The policy can be regarded as an attempt to nudge beneficiaries to enroll in 5-star plans. The
presumed model of behavior underlying the removal of the deadlines for enrollment in 5-star
plans incorporates the hypothesis that beneficiaries may randomly forget to enroll, which
I call Random Forgetting. Under Random Forgetting, the resulting change in behavior is
consistent with the goals stated by the policymaker: there is no impact on enrollment by the
original deadline and enrollment in 5-star plans increases afterwards. Figure summarizes
the intended consequences of the policy.

Informing Beneficiaries About the Policy Figurel[l.1]illustrates the content and fram-
ing of the information about the policy that is available to beneficiaries. In the document
that CMS mails to beneficiaries whenever they can make changes in enrollment, and on the
web, a golden star is displayed alongside plans offered by insurers rated 5 star, reminding
beneficiaries that “if a plan has a 5-star rating, people with Medicare can switch into that
plan at any time during the year, even if it’s not during an enrollment period.” As Figure|[I.1
shows, the explanation of what the golden star means in terms of enrollment past the original
deadline is one of the most conspicuous elements on the Medicare Plan Finder website.

1.3 Theoretical Framework

I model the joint participation decision and plan choice of a beneficiary in the PDP market
and derive testable predictions about the impact of the policy change on enrollment behavior.
Section introduces a fully-rational discrete-choice framework, which I label Option Value
model given its underlying mechanism in this particular setting. I show that, as long as
beneficiaries face health risk, the policy change leads to a drop in enrollment in 5-star plans
by the original deadline. In Section [I.3] I expand the model by allowing beneficiaries to
display naive present bias as in O’Donoghue and Rabin (1999). Under present bias, the
policy increases inertia by the original deadline, and leads to a decrease in enrollment in
5-star plans even if health is (perceived to be) immutable.

In Section I discuss abridged versions of the model with the goal of illustrating
underlying mechanisms in the simplest way possible. I derive predictions about the behavior
of an un-enrolled beneficiary. Section |1.3| discusses a version of the Option Value model with
three plan options (5 star, non-5 star, unenrollment) and two health states (healthy, sick).
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As the average 5-star plan has a larger premium and a lower deductibles, I assume they yield
a higher payoff for the sick. In that model, the decrease in enrollment in 5-star plans by the
original deadline is driven by changes in the behavior of the healthy, leading to an increase in
adverse selection. Section [1.3|also discusses a simple model with present bias and no health
risk. Finally, Section discusses a simple version of a model in which beneficiaries might
forget to enroll—the model the policymaker alledgedly considered at the time the policy was
designed.

Set-up

A beneficiary decides whether to participate in Medicare Part D and in which plan to
enroll. The beneficiary can switch plans at time ¢ = 0, the original deadline. For simplicity,
I assume that, pre-policy change, that is the only time in which she can switch plans. At
time ¢t = 1, coverage in the chosen plan starts. The length of a time period is a month, and
the beneficiary lives forever. Switching plans costs ¢ > 0.

The enrollment decision is taken under uncertainty with regards to future health. At each
time ¢, the beneficiary is characterized by the pair (h¢, p;), where h, € H is her health state,
and p; € {p° p',p°} is the plan in which she is enrolled[] Let 7, (h) = P [hy41 = h|hy] denote
the monthly transition probability between any two health states. Let p® be a 5-star plan,
p' a non-5 star plan, and p° the outside option (unenrollment). Denote the instantaneous
payoff from plan enrollment by u'(hy, pt).lﬂ The actual time-t discounted value associated
with (indefinite) enrollment in a plan is defined as

U'(hep) =67 (heypr). (1.1)

T>t

The policy change allows beneficiaries to enroll in p° at any time. Let V*(hy, p;) be the
post-policy change continuation value associated with enrollment in a plan. I abstract the
late-penalty fee from the analysis. At ¢t > 1, we have

Vt(ht,pt) = ’LLt(hjt,pt) -+ max {(SE [Vt+l(ht+1,pt)‘ht:| , —C + oE |:Ut+1 (ht+1,p5)’ht} } . (12)

The possibility of switching to the 5-star plan adds an option value to the payoff expected
from enrollment in all plans that are not 5-star. Note that V* (hy, p°) = Ut(hy, p°) for ¢ > 1.
Let 1 (+) be an indicator function. The choice functions at ¢ = 0, pre- and post-policy change,
are respectively denoted by

Cp. (ho,po) = arg max,, {—cL(py # po) + 0E[U* (hy,p1) |ho]} and
(1.3)
Chost (ho, po) = arg max,, {—c1(p1 # po) + 0E [V' (hy,p1) |ho]} -

5Individual subscripts are ommited. Assume H finite.
6As per Equation
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Proposition 1. If beneficiaries face health risk, the policy change leads to a decrease in
enrollment in p° (the 5-star plan) by the original deadline.

The result follows from the observation that E[V? (hy, p1) — U (hy, p1) [ho] > 0 holds for
all plans, whereas for the 5-star plan E [V (hy,p°) — U (hy,p°) |ho] = 0. The possibility
of switching to the 5-star plan after the deadline increases, via option value, the payoff
associated with enrollment in all plans—except that of the 5-star plan itself. The sole driver
of the result within the model is the seemingly plausible assumption that health conditions
might change.

The assumptions of the model, however, are not innocuous. Do beneficiaries know about
and understand the policy change? How well do they know plan options? How well do they
predict changes in their own health? How well do they assess the value of different plans
for each possible future health state? Existing literature seems to suggest that the answer
to at least some of these questions might be no. Abaluck and Gruber (2014, 2011) find
that a majority of participants in Medicare Part D are enrolled in a plan that is dominated
in terms of risk protection and costs, but fail to switch to a more suitable option. Handel
and Kolstad (2014) provides evidence on the role of information frictions and hassle costs in
health insurance choice.

Incorporating Present Bias

This section incorporates present bias in the model. I relax the canonical assumption of
exponential time-discounting and apply hyperbolic time-discounting in its naive formulation
(O’Donoghue and Rabin, 1999). At any given point in time, a present-biased beneficiary
discounts payoffs to be accrued in the future by g < 1. That is in addition to the per-period
discounting due to long-term impatience, §. The beneficiary is naive: when considering
inter-temporal decisions to be taken in the future, she fails to realize she will also then be
present-biased. The model with present bias nests the fully-rational model as the special
case # = 1. In this model, the removal of the deadline for enrollment in the 5-star plan leads
to a decrease in enrollment, even if the beneficiary doesn’t face (or consider) health risks.

The choice functions at ¢ = 0, pre- and post- policy change, of a naive present-biased
beneficiary are denoted respectively by

C;gre (h(],]?g) = arg maxp, {_Cl<p1 7£ pO) + BéE [Ul <h17p1> |h0]} ) and
(1.4)

C]?ost (hOaPO) = argmaxy, {_Cl(pl 7é pU) + 55E [Vl (h'17p1) |h0]} :

Post-policy change, the beneficiary can switch to the 5-star plan at any time. As of an
earlier period, she naively thinks that when ¢ arrives, her continuation value will be V*(hy, py),
for t > 1. When time t arrives, however, the actual continuation value is given by

Vt(ht,pt) = ’U/t(ht,pt> + max {B5E [Vt+1(ht+1,pt)|ht} ,—C+ B(sE [Ut+1(ht+1,p5>|ht] } . (15)
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Consider first a beneficiary whose health state is constant at h: she faces no health
risk. Assume she is not enrolled in p°® at t = 0, and that p* is the plan which yields her
the highest payoffﬂ Pre-policy change, said beneficiary enrolls in p® if switching costs are
low enough: ¢ < B (U (h,p%) — U' (h,py)). Post-policy change, the beneficiary has the
possibility of switching to p® at any time. When making plans for behavior at a future time
t, she naively anticipates switching to p°, conditional on not having done so before, as long as
c < 86U (h,p°) — U (h,py)). At time ¢ = 0, a beneficiary who meets the previous condition
thinks she will switch at t = 1. If ¢ > (153—?36) (u(h,p®) — u(h, po)), the anticipated discounted
payoff from switching at ¢ = 1 is higher than the payoff from switching at ¢ = 0. Hence,
she doesn’t switch today and anticipates switching tomorrow. Given the stationarity of the
setting under consideration, the same will-switch-tomorrow behavior (procrastination) takes

place indefinitely.

Present bias decreases enrollment in the 5-star plan via an increase in inertia. The
possibility of switching to a 5-star plan in the future decreases the perceived incentives to
switch in the present and leads to procrastinationﬁ Under the conditions of the previous
paragraph, a beneficiary who would have switched to p® pre-policy change now procrastinates
indefinitely if the following condition is met:

% (u(h,p5) — u(h,po)) <c<fo (U1 (h,p5) — Ut (h,po)) ) (1.6)

Proposition 2. If beneficiaries are present-biased and naive, the policy change leads to a
decrease in enrollment in p° (the 5-star plan) even if there is no (perceived) health risk,
assuming condition [1.6 is met.

Let’s now consider a present-biased beneficiary who faces a health risk. At ¢t = 0, the ben-
eficiary reasons about future behavior conditional on each possible future health state. Under
contingency hy, she anticipates switching to p® at t = 1 if ¢ < §E [U?(ha, p°) — V2(ha, p1)|h4],
but only switches when t = 1 arrives if ¢ < B6E [U?(hg,p°) — V2(h, p1)|h]. In this model,
the policy decreases enrollment in p® for two reasons. First, there is an increase in the payoff
associated with enrollment in all plans but p® due to the possibility of switching to p° after
the original deadline—as in the model with no present bias. Second, the beneficiary over-
estimates her future willingness to switch to p°, which decreases the incentive to switch in
the present and increases inertia. Both mechanisms lead to a decrease in enrollment in the
5-star plan by the original deadline following the policy change.

In the model with present bias, the decrease in enrollment in 5-star plans following the
policy change requires that beneficiaries know about and understand the policy change.

"Under the conditions considered, the policy change does not induce changes in the behavior of a bene-
ficiary already enrolled or who has no incentives to switch to the 5-star plan.

8 A sophisticated beneficiary who is fully aware of her future present bias will not procrastinate, but
might delay enrollment.
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For a discussion of the information about the policy change provided by CMS to Medicare
beneficiaries, refer to Section [I.2] and Figure [I.1]

Summary of Testable Predictions

The results of the previous section are not dependent on particular assumptions with
respect to u’(hy,p;) or the particular type of health risk faced by beneficiaries. In this
section, I discuss simpler versions of the models that incorporate stylized facts from the Part
D market and the Medicare population. The models introduced here have a richer set of
testable predictions, at the expense of generality. Throughout this section, I focus on the
behavior of an un-enrolled beneficiary. Given the large inertia observed in Part D among
those previously enrolled in a plan, it is plausible to expect the response to the policy to be
driven by changes in behavior of new Medicare beneficiaries, who join the program for the
first time on the month they turn 65. Figure [I.3] summarizes the testible predictions of the
simple models presented in this section.

Simplest Rational Option Value Model This section studies the behavior of a fully-
rational un-enrolled beneficiary in a simple model with only two health conditions (healthy,
sick) and three plans (5-star, non-5 star, and the outside option), and positive switching
costs. The average H-star plan has a larger premium and a lower deductible than other
plans. Hence, I assume the 5-star plan yields a higher instantaneous payoff for the sick than
the non-5 star plan, and vice versa. I assume that sick is an absorbing state, and that the
healthy face a positive probability of becoming sick. The model is presented in Appendix

A2l

In this simple 2x3 model, the policy change leads to an increase in the payoff expected
by the healthy from enrollment in the non-5 star plan and from the outside option. The
policy doesn’t change payoffs for the sick. Consider a healthy beneficiary who would have,
pre-policy change, enrolled in the 5-star plan exclusively because of the risk of becoming
sick. Post policy-change, by the original deadline, she either remains un-enrolled, or enrolls
in the non-5 star plan. This change in behavior leads to an increase in adverse selection by
the original deadline. After the original deadline, she might switch to the 5-star plan upon
becoming sick. This leads to an increase in adverse selection after the original deadline.
Predictions are summarized in Figure [1.3¢

Simplest Present Bias Model With Naivete This section discusses a model in which
an un-enrolled present-biased beneficiary in a simple model with three plans (5-star, non-5
star, and the outside option), no health risk, and positive switching costs. I assume that the
degree of present bias is not related to other fundamentals such as health status. This is a
restrictive assumption. The model is presented in Appendix [A.2]

Consider a naive beneficiary who would have, pre-policy change, enrolled in the 5-star
plan. Post policy-change, she expects to enroll in the 5-star on the next period, conditional
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on not having done so by the original deadline. That decreases perceived incentives to enroll
in the 5-star plan by the original deadline and might lead to procrastination. Now consider a
beneficiary who would have, pre-policy change, enrolled in the non-5 star plan. Post policy-
change, she might also expect to enroll in the 5-star on the next period, conditional on not
having enrolled in the non-5 star plan by the original deadline. That expectation decreases
perceived incentives to enroll in the non-5 star plan by the original deadline and might also
lead to procrastination. In both cases, the increase in perceived incentives to switch in the
future increases inertia by the original deadline. Predictions are summarized in Figure [I.3d]
In a model with full sophistication about present bias, a beneficiary might delay enrollment,
but will not procrastinate.

Simplest Random Forgetting Model This section discusses the intuition of how the
behavior of a forgetful un-enrolled beneficiary is impacted by the policy. The policymaker
implicitly had in mind a version of this model when the policy was designed. The beneficiary
chooses among three plan options (5-star, non-5 star, and the outside option), faces no health
risk, and pays a positive cost to switch plans.

Consider a naive beneficiary who, at any time, forgets to implement her preferred plan
of action with probability f € [0,1]. This nests the rational model as the special case f = 0.
In this model, a beneficiary forgets to enroll in her preferred plan by the original deadline
with the same probability both pre- and post-policy change. Hence, the removal of deadlines
for enrollment in 5-star plans does not lead to changes in behavior by the original deadline.
Post-policy change, a beneficiary who forgot to take action by the original deadline still has
the opportunity to enroll in the 5-star plan. The beneficiaries who would have enrolled in
the 5-star plan had they not forgotten will now do so (at some point). Additionally, some
beneficiaries who forgot to take action but for whom the 5-star plan was suboptimal by the
original deadline might also now switch to the 5-star plan (at some point). Predictions are
summarized in Figure [1.3b]

1.4 Data

I use detailed micro data on enrollment, health conditions, and cost of utilization from
the universe of Medicare beneficiaries from 2009 to 2012, matched with information on all
PDP’s available in United States for the same period.

Individual beneficiary data come from the administrative Medicare Master Beneficiary
Files. The base segment of the data includes information on (i) monthly Part D enrollment
informationﬂ (ii) yearly demographic information (state, county, zip code, date of birth,
date of death, sex, race, age), (iii) monthly entitlement indicators for Medicare Parts A,
B, and D, (iv) original and current reasons for entitlement (age, disability, or particular
disease), (v) information on participation in other programs whose coverage interact with

9Enrollment in Medicare takes place on a monthly basis.
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that of Medicare (e.g. Extra Help and Medicaid), and (v) information on alternative sources
of drug coverage (e.g. employer-sponsored).

The beneficiary data include a chronic conditions segment, with end-of-the-year indicators
on 27 common illnesses such as heart failure, diabetes, depression, and hypertension. Finally,
the data also contain yearly information on utilization and payment amounts on a broad
range of services that enable me to recover payments made by both the beneficiary and
Medicare under Parts A, B, and D. Data on plan benefit package, premiums, cost sharing
tiers, and service area come from the Medicare Part D Plan Characteristics Files.

Sample Restrictions

Medicare enrollment rules are complex. There are several exceptions to the typical en-
rollment rules discussed in Section [[.2] In 2012, almost a third of all beneficiaries received
subsidies to pay for prescription drug coverage via the Medicare Extra Help program. Sub-
sidized beneficiaries are automatically enrolled in a Part D plan if they fail to choose one
voluntarily. These beneficiaries have been given the option to switch plans at any time since
Medicare Part D was implemented in 2006. Hence, the policy change under consideration did
not change enrollment rules as far as Extra Help beneficiaries are concerned. Other beneficia-
ries who face different enrollment rules are those with a disability or disabling condition and
those who receive prescription drug benefits from another source of coverage deemed credi-
ble by Medicare. Furthermore, employer group health plans restrict access to employees of
particular firms.

I have data on all 54.32 million beneficiaries observed in the period. I construct an Inter-
mediate Sample, which excludes beneficiaries (i) who are un-enrolled or dropped Medicare
Parts A or B, (ii) with a disability, (iii) with End-Stage Renal Disease, (iv) participating
in other programs (Extra Help, state buy-in, or retiree drug subsidy), or (v) with access to
an alternative source of credible coverage, resulting in 24.36 million beneficiaries. The Final
Sample further further excludes beneficiaries enrolled in a plan whose coverage area does not
include their home address, and data from all demonstration, special-needs, or employer-
group health plans, resulting in 17.43 million beneficiaries. Table presents descriptive
statistics on the restricted sample of beneficiaries and plans. Note that 5-star plans have
larger premiums and lower co-pays that non-5 star plans.

Out of the total 17.43 million beneficiaries in the final sample, 3.99 million joined Medicare
in 2009-2012. Observations from the latter, in the year they joined Medicare, form my New
Beneficiaries sample. All other observations form my Continuing Beneficiaries sample.

1.5 Effect on Enrollment

This section analyzes the impact on the policy on enrollment. I test the impact of the
policy on enrollment in 5-star plans and take-up. I also test the predictions of the models of
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Section A summary of the claims and testable predictions is found on Figure My
identification strategy explores the time-series variation on the star rating of Part D insurers.
I take advantage of the fact that not all counties in the United States were within the coverage
area of an insurer that was rated 5 star in 2012—when the deadlines for enrollment in those
plans were removed. Hence, the policy change did not de facto modify enrollment rules
everywhere in the country. I employ a difference-in-differences design.

In Section [I.5], T assess the effect of the policy on the overall Medicare Part D take-
up. Section introduces and discusses the estimates of a version of the Berry (1994)
differentiated-product discrete-choice demand framework which incorporating the absence
of deadlines for enrollment as a time-varying plan characteristic. I use the discrete-choice
estimation to evaluate impact of the policy on enrollment and market shares of 5-star and
non-H star plans in counties impacted by the policy.

Program Take-Up

This section analyzes the effect of the policy change on the take-up of Medicare Part D.
Take-up in county ¢ (region r) at time ¢ is modeled as

; ( TakeUpe

MMD) = mFiveStarg!” + nyFiveStarg” Post, + Xer'" + &+ Ort + ver,  (1.7)
- ct

where FiveStarg™ is an indicator for a county within the coverage area of a 5-star insurer,

Post,; is an indicator for the post-policy change period, X;. are controls, and &. and ¥,; are
county and region-time fixed effects. All variables are measured at the time-county level.
Depending on the goal of the analysis, time is either a month or a year. The control variables
used are mean premium and deductible across plans, mean star-classification, average number
of plans offered by, and total number of insurers. Each region r corresponds to the jurisdiction
of a CMS regional office as per Figure [[.4 Standard errors are clustered at the state level.

The coefficient of interest is 75, which captures the effect of the removal of the deadline
for enrollment in 5-star plans on take-up. I identify that coefficient as the post-policy change
differential impact (difference-in-differences) that being within the coverage area of a 5-star
insurer has on county take-up. Predictions under the different hypothesized models are found

in Figure [I.3

At first, I do not distinguish between the effect before and after the original deadline.
The purpose of not doing so is to estimate overall effects (column 3 of Figure . Table
1.2 presents the results of the specification in (1.7 using data at the month-county level. The
estimates in column 4 indicate a drop in Part D participation of 4.92%. This result accounts
for a drop of 2.55 percentage points in Medicare Part D take-up, from a baseline of 51.76%.

Table [I.3] evaluates the impact of the policy on take-up by the original deadline. I
show results for new beneficiaries and for continuing beneficiaries, following the definition
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in Section Among new beneficiaries, I find a 15.73% decrease in participation by the
original deadline (column 2). For continuing beneficiaries, the estimated drop in participation
by the original December 7th deadline is 3.63% (column 4). The results are equivalent to a
drop of 6.63 (2.06) percentage points in take-up among new (continuing) beneficiaries, from

a baseline of 42.2% (55.8%).

The difference in effect magnitudes between new and continuing enrollees can be at-
tributed to the high inertia observed among beneficiaries previously enrolled in a plan (Sec-
tion , and possibly to a higher awareness of the policy among new beneficiaries. In fact,
results in Table 7?7 confirm that the drop in enrollment decreases by age group. The effect is
not statistically significant for those over 80 years old. Table [A.3] presents the results of an
analysis that uses publicly available data on take-up rates at the month-county level. As the
last year currently available on the administrative micro data is 2012, I use the aggregate data
to extend the post-policy change period by one year. The negative impact of the policy on
take-up rates seem to be getting bigger over time. This could be due, among other plausible
explanations, to an increase in awareness among beneficiaries about the policy change.

The decrease in the take-up of Medicare Part D—overall and by the original deadline-is
consistent with the predictions of both the Option Value and Present Bias models. In the
Option Value model, it is driven by relatively healthy beneficiaries who strategically respond
to the policy change by delaying enrollment in a drug coverage because they can enroll in the
5-star plan if their health deteriorates before the next general enrollment opportunity. In the
Present Bias model, it is driven by beneficiaries for whom the deadline encouraged action and
who now procrastinate. The drop in take-up is not consistent with the Random Forgetting
model, nor is it in line with the objectives the policymaker was designed to achieve.

Robustness Check In principle, it is possible that enrollment drops post-policy change
in all counties with highly-rated insurers, and not exclusively in counties with 5-star plans.
Here, I expand the specification in to assess how enrollment varies, from pre- to post-
policy change, with the maximum-star-rating-of-an-insurer-in-county. Take-up in county ¢
(region ) at time ¢ is modeled as

< TakeUpes
n

:[—fz—'akjeljpct> = zs:{d)greMSCt(l — POStt) + (z)ZSQOStMSCtPOStt} + Xct,B -+ fc + ’1975 -+ Uet (18)

where M, is an indicator for a county where maximum-ranked insurer is s-star. All other
variables are as defined in Specification [1.7, Figures and plot the estimates ¢
and ¢P°%! for new and continuing beneficiaries, respectively. The post-policy change drop in
enrollment happens exclusively in counties within the coverage area of a 5-star insurer. There
is no drop in counties in which the highest-rated insurer received a 4.5 or 4.0 classification.
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Plan Market Shares

This section introduces a version of the Berry (1994) differentiated-product aggregate
discrete-choice demand model that I use to estimate the effect of the policy on the market
shares of different drug coverage plans. The option for an aggregate framework is partially
due to the impracticality of estimating an individual-level discrete choice model in the setting.
Each county might have a different set of plans available, as Medicare Part D insurers have
limited coverage areas. New plans are introduced on an annual basis. Existing plans might
be terminated, split, or consolidated. Options abound. On average, a Medicare beneficiary
could choose among over thirty plans in 2012. The option uses an aggregate model, however,
is not without drawbacks. I discuss the limitations imposed by this modeling choice below.

I follow the notation and language in Nevo (2001). Consider beneficiary ¢, who lives in
county c. For ease of notation, I initially omit the county subscript. She chooses one among
the set options Py, which includes P, plans plus the outside option. The indirect utility she
derives from plan p € P, is given by

Uipt = Xprt + & + 0y + At + €, (1.9)
where X, is a vector of observable plan characteristics, §, and ¥, are respectively plan
and time-specific deviations, A, is a plan-time-specific deviation, and €;, is a mean-zero
stochastic term. Following standard normalizations, the indirect utility associated with the
outside option is expressed as u;,r = €t Assuming that the additive random shocks ¢;,; are
independently, identically type I extreme value distributed, market shares s, can be shown
to satisfy (n(spe/set) = Xpaw + &, + V¢ + €. Combining all counties and letting o and J; be
region-specific result in In (spt/sot) = Xpet@" + Epe + Upt + €pet, Where 7 is a region subscript.

I estimate the impact of the removal of deadlines for enrollment in 5-star plans on market
share of plan p in county ¢ (region r) at time ¢ on

In (si’“) = ’yleeStarplan +72(1 — szeSta'rplan)FweStarcnty + ’yngeStarpla"Postt—l-
+y4(1 — FweStarplan)FweStarcntyPostt + Xpet B+ Epe + V1 + Uper ’

(1.10)
where s, is market share, s, is the share of un-enrolled beneficiaries, F iveStarcptlan indicates
5-star plans, FiveStars, o indicates a county within the coverage area of a 5-star insurer,
Post,; is an indicator for the post-policy change, and X, &,¢, and ¥ are plan characteristics,
plan-county and time fixed effects, respectively. Plan characteristics include a rich set of
variables that capture each plan’s quality, benefits and costs. The typical design of a typical
Medicare drug coverage plan is explained in detail in Section [I.2] The vector X, includes
star rating dummies, premium, deductible, initial coverage limit, out-of-pocket cost threshold
amount, among others. The full set of plan characteristics is listed on Table [I.5] Standard
errors are clustered at the state level.

The parameters of interest are 3 and ~4. The estimate of 75 identifies the differential
impact (difference-in-differences) that the 5-star rating has on plan market shares, post-
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versus pre-policy change. I attribute that difference to the removal of deadlines for enrollment
in 5-star plans. The estimate of 7,4 identifies the impact of the policy on average market share
of plans that are not rated 5-star, but operate in a county in which at least one plan was
rated b-star. Table presents the results of the specification in [I.10] I find a significant
negative impact of the policy change on the market share of both 5-star and non-5-star
plans, resulting in an increase in un-enrollment. These results hold for both continuing and
new enrollees. For continuing beneficiaries, average market share of 5-star plans falls in 1.37
percentage points, from a baseline 7.78%.

Robustness Checks Analogously to the robustness checks in the analysis of take-up, I
test how the star rating of a plan impacts market shares in the pre- and post-policy change
period, as in

Soct

S
i (S22} = S i1 Poste) + 2 Rt Poste} + Xy + g+ 00+ s, (L11)
S

where R, is an indicator for a plan rated s-star and all other variables are as defined in
Specification [1.7] The estimates and 95% confidence interval of p2 and p£°* are plotted on
Figure [I.7] Additionaly, Figure depites the estimates of ¢y, 25, S35, 45 1N

in (Z’O’—Z) = > {c1sRspet(1 — FiveStar™)(1 — Post;) + a5 Rspet FiveStar (1 — Post)+
S
+635 Rspet (1 — FiveStar™)Post; + Gas Rspet FiveStare™ Post, }+
+cht5 + {pc + ’1915 + Upct
(1.12)

1.6 Effect on Adverse Selection

In this section, I analyze the impact of the policy change on adverse selection. In the
Option Value model of section [I.3], the drop in enrollment in 5-star plans is driven by changes
in behavior of relatively healthy beneficiaries. The possibility of switching later discourage
beneficiaries to enroll in a 5-star plan by the original deadline. After the deadline, beneficia-
ries might switch to a 5-star plan following a negative health shock. The decrease (increase)
in enrollment by (after) the original deadline leads to an increase in adverse selection into
5-star plans. I test the implications of the Option Value model on adverse selection in two
different ways.

First, I use cost services provided as a proxy for health condition. The hypothetical
increase in adverse selection leads to a rise in the cost associated with 5-star plans. I model
the average cost of the services associated with plan p in county ¢ (region r) at year t as

In (%> = o1 FiveStar®™ + (1 — FiveStar’™™) FiveStarS™ + o3 FiveStar? Post,+

costoct
+o4(1 — FiveStargtlan)FiveStaT;?tyPostt + Xpet B + Epe + Ve + Uper ’
(1.13)
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where cost, is average cost associated with plan p, cost.; is average cost of those un-
enrolled in drug coverage plan, FiveStar®™ indicates 5-star plans, FiveStarS™ indicates a
county within the coverage area of a 5-star plan, Post, indicates post-policy change, X, are
controls, and §,. and ¥, are plan-county and time-region fixed effects, respectively. Standard

errors are clustered at the state level.

To avoid moral hazard concerns, I use the average cost of the services provided under
Medicare Parts A and B as outcome variable. This approach also enables me to observe the
costs associated with Medicare beneficiaries who are not enrolled in a drug coverage plan.
Table presents the results of specification I fail to reject the null-hypothesis of no
impact of the policy change on adverse selection.

The second approach in which I test the impact of the policy on adverse selection uses
end-of-the-previous-year chronic conditions indicators. I focus on the behavior of continuing
enrollees—for whom the data is available—by the original deadline. I assess how changes in
Part D participation vary from healthy individuals to those with specific chronic conditions
such as heart failure, diabetes, and depression. Let Y. indicate individual participation in
the Medicare Part D program of person i (county c) at time ¢. I use

Yot = AlFiveStar;"ty + )\gFiveStarz;typostt + Xiet ST+ e+ Dt + Uict, (1.14)

where FiveStar?™™ indicates 5-star plans, FiveStarS™ indicates a county within the coverage

area of a b-star plan, Post, indicates post-policy change, X, are controls, and ,. and 9, are
plan-county and region-time fixed effects, respectively. Standard errors clustered by state.

Results of specification are presented on table [I.7, Columns 1 and 2 present the
result for beneficiaries who do not have chronic conditions and those with at lest one health
Conditionm The remaining columns compare those with a specific illness to those without
it. I show results for chronic heart failure, diabetes, and depression. I do not find evidence
in support of the Option Value model of section [I.3] For most conditions, the responses of
the healthy and of the ill are of similar magnitude.

1.7 Effect on Inertia

In this section, I analyze the impact of the policy on inertia. In the Present Bias model
of section [I.3] the possibility of switching to a 5-star plan in the future decreases perceived
incentives to switch plans in the present, which leads to an increase in inertia. The rational
model might also lead to an increase in inertia among un-enrolled beneficiaries, as they

10The chronic conditions observed are anemia, acquired hypothyroidism, asthma, atrial fibrillation, benign
prostatic hyperplasia, cataracts, chronic heart failure, chronic kidney disease, chronic obstructive pulmonary
disease, heart failure, hyperlipidemia, depression, diabetes, glaucoma hip/pelvic fracture, hypertension, is-
chemic heart disease, rheumatoid arthritis/osteoarthritis, stroke/transient ischemic attack, and the following
types of cancer: breast, colorectal, prostate, lung, endometrial.
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now wait to enroll only after a negative health event. Hence, I focus on the behavior of
beneficiaries who are already enrolled in a drug coverage plan. I model inertia as

Ligt = alFiveStar;?ty + agFiveSmr;’tyPostt + Xiet 8"+ Ee + Uit + Uict, (1.15)

where I, equals one if the beneficiary does not switch plans and zero otherwise, FiveStars™

indicates a county within coverage area of 5-star insurer, Post, indicates the post-policy
change period, X, are controls, and &, and 1,; are county and time fixed effects, respectively.
Standard errors are clustered at the state level.

Table [L.8| presents the result of specification [I.15] Column 1 shows results for all benefi-
ciaries who are already enrolled in a drug coverage plan before the original deadline. From
a year to the next, plans are either renewed, terminated, split, or consolidated. Column 2
only keeps beneficiaries who were enrolled in plans that were renewed. Further, I restrict
attention to beneficiaries who remained enrolled after the original deadline. This guarantees
that I capture inertia at the plan choice margin, not at the program participation margin.
Finally, I drop beneficiaries who might have a reason to change plans due to a change in
home address.

Across specifications, I find that the policy change decreases the probability that a current
enrollee switches plans by the original deadline in 3.18 percentage points, down from the
average baseline of 9.08% switching probability. This results is consistent with the prediction
of the Present Bias model of section .3

1.8 Discussion

This paper analyzes the consequences of a policy change that removes deadlines for
enrollment in high quality (5-star) Medicare Part D drug coverage plans. According to the
Centers for Medicare and Medicaid Services (CMS), the objective of the policy was to “get
beneficiaries into 5-star plans” (Moeller, 2011) and “give plans greater incentive to achieve
5-star status” (Crochunis, 2010). In this paper, I postulate that the policy might backfire for
two non-mutually exclusive reasons. First, beneficiaries might now wait to enroll in 5-star
plans only when a negative health event occurs. Second, without deadlines, beneficiaries
might procrastinate. Both mechanisms would lead to a drop in 5-star plan enrollment.

I introduce a fully-rational model to examine changes in behavior induced by the policy,
then I expand the model to incorporate present bias. I test the predictions of the model using
Medicare administrative micro data from 2009 to 2012. T employ a difference-in-differences
design exploring the fact that policy did not modify enrollment rules everywhere in the
country, as most counties in the United States were not within the coverage area of an
insurer that was rated 5 star in 2012. I find that the policy backfires: it decreases enrollment
in the Part D program by 2.55pp (baseline 51.76%), and decreases average market share of
5-star plans by 1.37pp (baseline 7.78%).



CHAPTER 1. THE COST OF REMOVING DEADLINES: EVIDENCE FROM
MEDICARE PART D 20

In the fully-rational model, the predicted drop in enrollment in 5-star plans requires that
beneficiaries be aware of the policy change, know plan options, accurately predict changes
in their own health, and assess the value of different plans for each possible future health
state. I fail to find evidence supporting a core implication of this model: increase in adverse
selection into 5-star plans. This result seems to be in line with existing literature (Abaluck
and Gruber [2014, 2011], Handel and Kolstad [2014], Ericson [forthcoming]).

The underlying mechanism of the predicted drop in 5-star enrollment under present bias
is an increase in inertia. Accordingly, I find that the policy change decreases the probability
that a beneficiary already enrolled in Part D will switch plans by the original deadline in
3.18pp, down from the baseline switching probability of 9.08%. The predictions of the present
bias model require that beneficiaries be aware of the policy change.

This paper contributes to the debate on behavioral-inspired policymaking. Governments
of the U.K. and of the U.S. have recently set up nudge units that aim at incorporating
insights from behavioral economics in the design of public policies. This movement sparked
a strong reaction among some circles in academia and in the public debate. Critics warn
behavioral-inspired policies might backfire because “bureaucrats and their bosses are as full
of blind spots and weak spots as any of the people they govern” (Economist, 2014). However,
behavioral-inspired policies predate the establishment of nudge units. The policy analyzed in
this paper, for instance, was not designed by the Behavior Insights Team. Yet, it presumably
drew inspiration from a non-rational hypothesis: forgetting. In doing so, the policymaker
failed to take into account that the policy could backfire if beneficiaries were either more
rational than expected, or irrational in an unanticipated way. I find evidence consistent with
the latter. This suggests that in applying behavioral hypothesis to policy, it is important to
do the kind of analysis for which nudge units were set up to do.
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Figure 1.1: The Policy Change

Your Plan Results

|« Return to previous page |

Your plan results are organized by plan type and are initially sorted by lowest

estimated cost. To view more plans, select View 20 or View All. Select any plan
name for details. Compare up to 3 plans by using the checkboxes and selecting
Compare Plans. The costs displayed are estimates; your actual costs may vary.

You are now viewing 2015 plan data. View 2014 plan data.

¥ Symbols

My Current Profile Update Search

Zip Code: 55404
Current Coverage: Criginal Medicare
Current Subsidy: No Extra Help [?]

Important Coverage Information

When you see this symbol near a plan name, it means that Medicare has given the plan a 5-star rating (the highest
rating). If a plan has a 5-star rating, pecple with Medicare can switch into that plan at any time during the year, even if

it's not during an enroliment period.

o Mationwide Coverage

=/ Prescription Drug Plans

Star Ratings

29 plans were found in 55404 based on your search criteria.  View 10 View 20 View All

E Aetna Medicare Rx Saver (PDP) (S5810-059-0)

Organization: Aetna Medicare

Estimated Annual Monthly Deductibles:[?] and Drug Drug Coverage [?], Drug Overall Star
Drug Costs:[?] Premium: Copay[?] / Coinsurance:[?] Restrictions[?] and Other Rating:[?]

[21 Programs:

Retail £25.30 Annual Drug Deductible: $320  All Your Drugs on Formulary: No ###d

Annual: 2,128

3.5 out of 5 stars —

Drug Copay/ Coinsurance: $0 - Drug Restrictions: No

$45, 25% - 36%

Lower Your Drug Costs

MTM Program[?]: Yes

E MedicareBlue Rx Premier (PDP) (S5743-004-0) ﬁ?

Organization: MedicareBlue Rx

Estimated Annual Monthly Deductibles:[?] and Drug Drug Coverage [?], Drug Overall Star
Drug Costs:[?] Premium: Copay[?] / Coinsurance:[?] Restrictions[?] and Other Rating:[?]

[21 Programs:

Retail $124.20 Annual Drug Deductible: $0 All Your Drugs on Formulary: No .ﬁ?

Annual: 52,426

Drug Copay/ Coinsurance: $1 - Drug Restrictions: No This plan got

$24, 33% - 50%

Lower Your Drug Costs

Medicare's
highest rating (5
stars)

MTM Program[?]: Yes

Notes: Capture from Medicare’s online plan finder tool. Partial list of standalone Part D plans available for 2015 in

Minneapolis, MN. Red arrows added. Source: https://www.medicare.gov/find-a-plan, accessed 11/2/2014.
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Figure 1.2: Deadline for Enrollment in a Medicare Part D Plan

A - New Beneficiaries

At age 65 Pre-2012 Post-2012
5-star plans May No Deadline
All others plans May May

beneficiaries born in February

B - Continuing Beneficiaries

Annually Pre-2012 Post-2012
5-star plans December | No Deadline
All others plans | December December

all beneficiaries

Notes: New beneficiaries may enroll in a plan until the end of the third month after they turn 65. Figure 2.A depicts
the initial deadline for beneficiaries who join Medicare in February. All beneficiaries are allowed to enroll, drop, or
switch plans once a year during Open Enrollment Period. Figure 2.B depicts the annual deadline to request changes
in coverage for continuing beneficiaries. Since 01/2012, beneficiaries may enroll in a 5-star plan at any time.
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Figure 1.3: Effect of the Policy Change on Enrollment

(a) Intended Consequences

By Original Deadline | After Original Deadline | Overall
5-star Plans T T
Other Plans
Total Take-Up

adlll

/]\

(b) Random Forgetting Model

By Original Deadline | After Original Deadline | Overall
5-star Plans = 1 1
Other Plans = = =
Total Take-Up = T 0

(c) Option Value Model

By Original Deadline | After Original Deadline | Overall
5-star Plans d 1 7
Other Plans ) = 17
Total Take-Up i) T 1

(d) naive Present Bias Model

By Original Deadline | After Original Deadline | Overall
5-star Plans J = l
Other Plans 1 = 1
Total Take-Up i) = i)

Notes: This figure contrasts the intended consequences of the policy change and the predictions of three different
models. Figure displays the goals of the Centers for Medicare and Medicaid Services (CMS). Figures [1.3bf{1.3d
depict the predictions of the models of Section [1.3] Figure displays the predictions of the random forgetting

model. Figure displays the predictions of the option value model. Figure displays the predictions of the
present bias model.
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Figure 1.4: Insurers, Counties, and Regions Affected

SUAN

B wellmark of lowa

[ Blue Cross and Blue Shield of Minnesota
[0 Blue Cross and Blue Shield of Montana

[0 glue Cross and Blue shield of North Dakota
[[ glue Cross and Blue Shiald of Nebraska

M Excellus Health Plan

B wellmark of South Dakota

M Blue Cross and Blue Shield of Wyoming
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Figure 1.5: Effect of Maximum-Star-In-County on Take-Up of New Beneficiaries

A - Pre Policy Change B - Post Policy Change

Log Odds Part D Participation

! I I ! I I ! I
i3 4.0 4.5 5.0 5 4.0 4.5 5.0

Maximum Star Classification of an Insurer in County

Notes: Estimates and 95% confidence intervals of ¢*"¢ and ¢P°** on Equation using data on new beneficiaries.
Each observation is measured at the county-year level. The control variables included are mean premium and
deductible of Part D plans, as well as mean star-classification, average number of plans offered by, and total number
of Part D insurers. All controls are interacted with year and region fixed effects. Specification includes region-year
fixed-effects. Unweighted. The omitted category includes all county-year observations with no insurer ranked higher
than 3.0 stars. County divisions follow the Social Security Administration classification. Excludes beneficiaries
not enrolled or who drop Medicare Parts A or B, with a disability, or with End-Stage Renal Disease. Excludes
beneficiaries participating in Medicaid, state buy-in programs, retiree drug subsidy programs, or with access to an
alternative source of credible drug coverage. Excludes beneficiaries enrolled in a plan whose coverage area does not
include their home address. Excludes demonstration, special-needs, or employer-group health plans. Standard errors
are clustered at the state level.
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Figure 1.6: Effect of Maximum-Star-In-County on Take-Up of Continuing Beneficiaries

A - Pre Policy Change B - Post Policy Change

15

Log Odds Part D Participation

! I I ! I I ! I
i3 4.0 4.5 5.0 5 4.0 4.5 5.0

Maximum Star Classification of an Insurer in County

Notes: Estimates and 95% confidence intervals of ¢P"¢ and ¢*°** on Equation using data on continuing benefi-
ciaries. Each observation is measured at the county-year level. The control variables included are mean premium and
deductible of Part D plans, as well as mean star-classification, average number of plans offered by, and total number
of Part D insurers. All controls are interacted with year and region fixed effects. Specification includes region-year
fixed-effects. Unweighted. The omitted category includes all county-year observations with no insurer ranked higher
than 3.0 stars. County divisions follow the Social Security Administration classification. Excludes beneficiaries not
enrolled or who drop Medicare Parts A or B, with a disability, or with End-Stage Renal Disease. Excludes beneficia-
ries participating in Medicaid, state buy-in programs, retiree drug subsidy programs, or with access to an alternative
source of credible drug coverage. Excludes beneficiaries enrolled in a plan whose coverage area does not include their
home address. Excludes demonstration, special-needs, or employer-group health plans. Standard errors are clustered
at the state level.
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Figure 1.7: Effect of Star-Rating on Plan Choice

A - Pre Policy Change B - Post Policy Change

Log Odds Plan Enrollment
&

I |
3.0 3.5 4.0 4.5 5.0 3.0 3.5 4.0 4.5 5.0
Plan Sar-Rating

Notes: Estimates and 95% confidence intervals of p?"¢ and p*°** on Equation using data on all beneficiaries.
Each observation is measured at the county-month level. The control variables included are mean premium and
deductible of Part D plans, as well as mean star-classification, average number of plans offered by, and total number
of Part D insurers. All controls are interacted with year and region fixed effects. Specification includes region-year
fixed-effects. Unweighted. The omitted category includes all county-year observations with no insurer ranked higher
than 3.0 stars. County divisions follow the Social Security Administration classification. Excludes demonstration,
special-needs, or employer-group health plans. Standard errors are clustered at the state level.
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Figure 1.8: Effect of Star-Rating on Plan Choice, by Coverage Area of 5-star Insurers

County Within Coverage Area of a Five-Star Insurer?

A - Pre Policy Change B - Post Policy Change

No Yes No Yes

Log Odds Plan Enroliment

°++++++** |

I I I I T T T T T I I I I I I T T T
30 35 40 45 30 35 40 45 50 30 35 40 45 30 35 40 45 50
Plan Star-Rating Plan Star-Rating

Notes: Post-policy change, coverage areas of 4.5- and 5.0-star insurers do not overlap. Estimates and 95% confidence
intervals of ¢1s, <as, S35, S4s on Equation [1.12] using data on all beneficiaries. Each observation is measured at the
county-month level. The control variables included are mean premium and deductible of Part D plans, as well as
mean star-classification, average number of plans offered by, and total number of Part D insurers. All controls
are interacted with year and region fixed effects. Specification includes region-year fixed-effects. Unweighted. The
omitted category includes all county-year observations with no insurer ranked higher than 3.0 stars. County divisions
follow the Social Security Administration classification. Excludes demonstration, special-needs, or employer-group
health plans. Standard errors are clustered at the state level.
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Table 1.1: Descriptive Statistics of Final Sample

A - County-Level

Pre (2009-2011) Post (2012)
5-star county? Yes No Yes No
Take-Up 0.48 0.47 0.57 0.48

(0.12) (0.16) (0.12) (0.15)
Number of insurers 14.05 13.47 10.23 13.68
(4.14) (5.29) (4.47) (4.31)

Plans per insurer 1.39 1.53 1.35 1.45
(0.17) (0.30) (0.12) (0.18)
Eligibles (x1000) 18.8 13.2 10.1 17.0

(46.2)  (37.1) | (32.1)  (44.8)

B - Plan-Level

Pre (2009-2011) Post (2012)
5-star plan?* Yes No Yes No
Premium 53.3 43.0 63.9 47.4

(23.6)  (20.5) | (324)  (26.2)
Deductible 248.99 111.85 | 118.44  139.98

(101.44) (134.33) | (91.59) (150.75)
Market share 2.53 1.98 7.78 2.13

(2.9) (25) | (8.0)  (2.8)

C - Individual-Level

Pre (2009-2011) Post (2012)
5-star county? Yes No Yes No
Age 77.34 76.49 77.68 77.68

(7.82) (7.70) (7.74) (8.07)
Female (%) 64.73 65.01 65.22 67.80
Black (%) 1.09 2.67 0.20 1.40
Asian (%) 0.42 0.52 0.22 0.85
Hispanic (%) 0.67 1.87 0.26 1.30
Native American (%) 0.09 0.14 0.08 0.17
Total observations 53,475,333

Notes: Averages. (*) Data from counties within the coverage area of a 5-star insurer.
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Table 1.2: Monthly County-Level Take-Up of Medicare Part D (Jan 2009-Dec 2012)
In (TakeUp/ (1 — T'akeUp)) (1) (2) (3) (4)
FiveStarc" -0.000403 -0.00357 -0.000693 -0.0166
(0.0119) (0.0179) (0.0125) (0.0123)
FiveStar<"¥Post -0.0532* -0.143%** -0.0937*F*  -0.102**
(0.0289) (0.0448) (0.0283) (0.0427)
Controls
x Region FE X X X
X Region-Year FE X
Region-Year FE X X X X
Average Effect -0.0132%* -0.0357*** -0.0234***  _0.0254**
(0.0154) (0.0214) (0.0137)  (0.0206)
Sample All Intermediate Final
Observations 152,904 152,822 152,788 152,788
Average Take-Up 0.4681 0.5227 0.5176 0.5176
R-squared 0.278 0.303 0.499 0.560
Number of SSA Counties 3,186 3,185 3,184 3,184
Number of Beneficiaries 54.32mi 24.36mi 17.43mi 17.43mi

Notes: Each observation is measured at the county-month level. The parameter of interest is the coefficient on
FiveStar“™Post. FiveStar™ is an indicator variable for the presence of a 5-star Part D insurer in county. Post
is an indicator for post-policy change. The control variables included are mean premium and deductible of Part D
plans, as well as mean star-classification, average number of plans offered by, and total number of Part D insurers.
All specifications include county and time fixed effects. Sample Description: Intermediate excludes beneficiaries (i)
who are un-enrolled or dropped Medicare Parts A or B, (ii) with a disability, (iii) with End-Stage Renal Disease, (iv)
participating in other programs (Medicaid, state buy-in, retiree drug subsidy), or (v) with access to an alternative
source of credible coverage; Final further excludes beneficiaries enrolled in a plan whose coverage area does not
include their home address, and excludes data from demonstration, special-needs, or employer-group health plans.
County divisions follow the Social Security Administration classification. Standard errors are clustered at the state

level.
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Table 1.3: Yearly County-Level Take-Up of Medicare Part D (2009-2012)

in (TakeUp/ (1 — TakeUp)) A - New Beneficiaries B - Continuing Beneficiaries
M 2 G) )
FiveStars"™ 0.0279* 0.0337** 0.00909 0.00490
(0.0162) (0.0136) (0.00620) (0.00694)
FiveStars"™Post -0.246%**  -0.272%** -0.0797*** -0.0822%**
(0.0652) (0.0786) (0.0175) (0.0193)
Controls
x Region FE X X
x Region-Year FE X X
Region-Year FE X X X X
Average Effect -0.060%*** -0.066*** -0.019%** -0.020%***
(0.0377) (0.0454 ) (.0077) (0.0085)
Sample Final Final Final Final
Observations 10,224 10,224 12,728 12,728
Average Take-Up 0.422 0.422 0.558 0.558
R-squared 0.166 0.202 0.269 0.354
Number of SSA Counties 2,556 2,556 3,182 3,182
Number of Beneficiaries 3.99mi 3.99mi 16.18mi 16.18mi

Notes: Each observation is measured at the county-year level. The parameter of interest is the coefficient on
FiveStar“™Post. FiveStar™ is an indicator variable for the presence of a 5-star Part D insurer in county. Post
is an indicator for post-policy change. The control variables included are mean premium and deductible of Part D
plans, as well as mean star-classification, average number of plans offered by, and total number of Part D insurers.
All specifications include county and time fixed effects. County divisions follow the Social Security Administration
classification. Excludes beneficiaries not enrolled or who drop Medicare Parts A or B, with a disability, or with End-
Stage Renal Disease. Excludes beneficiaries participating in Medicaid, state buy-in programs, retiree drug subsidy
programs, or with access to an alternative source of credible drug coverage. Excludes beneficiaries enrolled in a plan
whose coverage area does not include their home address. Excludes demonstration, special-needs, or employer-group
health plans. Standard errors are clustered at the state level.
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Chapter 2

Weather, Mood, and Use of
Antidepressants: The Role of
Projection Bias in Mental Health
Care Decisions

2.1 Introduction

Each year, 6.5% of adults in the United States suffer from major depression, 60% of which
report having symptoms severe enough to keep them from performing daily tasks (Kressner
et al., 2003). Yet little is known about the behavior of patients under treatment for major
depression. This paper focuses on a specific behavioral bias likely to play a role in the choice of
antidepressant treatment: the extent to which individuals separately identify the part of their
current psychological well-being that is due to structural factors and those due to temporary
conditions. Do individuals react to temporary conditions as if they were permanent? The
standard model typically assumes that individuals are able to ignore temporary factors at
the time a decision with future payoffs is taken. However, a growing body of literature
on Projection Bias (Loewenstein, O’Donoghue, and Rabin [2003], Busse, Pope, Pope, and
Silva-Risso [2014]) have formalized and found evidence that people are in fact influenced by
transient states when making inter-temporal decisions.

I focus on transient weather fluctuations. Evidence from psychology suggests that days
with high cloud cover induce worse moods. Hence, on a bad-weather day, individuals may feel
more depressed than usual. If people are not fully able to account for the effect of weather,
they may ask for (changes in) medications. I derive a model of a person considering
treatment decisions and show that when projection bias is present, transient states might
play a role. To test this prediction, I use detailed administrative medical records and daily
county-level meteorological data in the United States from 01/01/2003 through 12/31/2004.
Medical data come from the Truven Health MarketScan®) database. Of the 12,094,219
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enrollees, 13.60% filled at least one antidepressant prescription, and 7.86% had a diagnosis
of a mental disease or disorder. Meteorological data are from the National Climatic Data
Center (NCDC).

As a preliminary check, I test the effect of daily transient weather fluctuations on the per-
centage of appointments that involve a diagnosis of a mental disease or disorder. I find that
the occurrence of snow is associated with a 0.13 percentage point decrease in the percent-
age of mental disease and disorder diagnosis, from a 1.93% baseline. Weather fluctuations in
other dimensions do not seem to systematically lead to a change in the percentage of patients
that are diagnosed with a mental disease or disorder. My specification includes county-year,
day of the week, week of the year, year, and climatic region fixed effects. Climatic regions
follow the classification of the National Centers for Environmental Information (Karl and
Koss, 1984).

As a second preliminary analysis, I study the effect of transient weather on the daily total
filling of antidepressants at the county level. The average number of antidepressants filled per
county-day is 16.37. I find that snow (rain) leads a 1.08% (0.56%) decrease in the number of
antidepressants filled. It is plausible, however, that the occurrence of rain and snow increase
the costs associated with filling a prescription. Further, a one standard deviation (19.24°F)
increase in temperature is found to lead to a 0.81% increase in the number of antidepressants

filled.

My main analysis focuses on patient behavior during a small interval of time after they
have been seen by a physician. I look at how weather influences antidepressant filling decision
within a patient; I only include appointments that involved a major diagnosis of a mental
disease or disorder. I find that a one standard deviation increase in the amount of cloud
coverage (2.73 oktas) leads to a 0.063 percentage point increase in the probability that a
patient fills an antidepressant prescription on appointment day. That is a 1.04% increase
from the 6.07% baseline. The impact of cloud coverage fades with time. The effect is
borderline significant within a day of the appointment, and insignificant within seven days.
I also find small effects associated with snow, rain, and temperature.

I perform several heterogeneity analysis that build on the main analysis. Most most of
the impact of cloud coverage on antidepressant filling is due to an increase on the number
of new prescriptions, and not an increase in refills. I also present results separately for
prescriptions filled in a pharmacy or via mail order. Virtually all the impact of weather
variables on antidepressant filling happens at the pharmacy; I do not find that weather
impacts the probability of filling antidepressants via mail order. Further, I show results
per climatic region in the contiguous United States. Most regions have similar coefficients
associated with cloud coverage, but only in the Northeast and Upper Midwest that coefficient
is statistically significant. Perhaps not coincidentally, those are the two biggest regions in
my data in terms of number of patients.

Additionally, I find that most of the impact of cloud coverage on the filling of antidepres-
sants is led by patients who have had appointments during the Winter. A one (year-round)
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standard deviation increase in cloud coverage (2.73 oktas) lead to a 0.229 percentage point
increase in the probability that a patient fills an antidepressant prescription in a pharmacy
on the same day of the appointment, a 3.78% increase from the 5.54% (year-round) baseline.
I also show results according to the dosing of a particular drug product. Most of the results
seem to be led by filling of drugs of intermediate dosing. This is also the group of drus that
is most frequently prescribed to patients in the data.

This paper relates to the literature that tests behavioral economics models using field data
(see DellaVigna [2009] for a review). In specific, it contributes to the literature on Projection
Bias as conceptualized by Loewenstein, O’Donoghue, and Rabin (2003). This paper closely
relates to Busse, Pope, Pope, and Silva-Risso (2014), who investigate whether consumers
are affected by weather when they purchase cars. They find that buying convertibles and
four-wheel-drive cars is dependent on the weather at the time of purchase. Another related
paper is Conlin, O’Donoghue, and Vogelsang (2007), find that purchases of cold-weather
items are over-influenced by the weather at the time of purchase. Specifically, they find that
purchases made in low temperatures are more likely to be returned.

The remaining of the paper is organized as follows. Section introduces a theoretical
framework and derives the main prediction of Projection Bias in this context. Section
describes the administrative data. Section discusses the impact of weather on mental
disease and disorder diagnosis. The impact of weather on antidepressant filling is discussed
in section Section discusses the filling behavior of patients following an appointment.
Finally, section [2.7] concludes.

2.2 Theoretical Framework

Consider a person deciding whether or not to initiate a treatment for depression[]] Her
time-varying mental health state s; is formed by two components: structural well-being w,
and transient mood my,

Sy = W + Mmy. (2.1)

The m; component fluctuates on a daily basis, immediately affected by changes in mood-
affecting variables, such as weather. The w component is not affected by transient shifts in
mood.

In particular, I assume that m; takes on two possible values, m® and m?, on bad and good
weather days, respectively. Let m, < 0 < my,. I assume that a fixed proportion p, of days
have good weather, and 1 — p, have bad weather. Let w € R, with w > 0 corresponding to
healthy structural well-being states and w < 0 corresponding to varying levels of depression.

'Tn reality, that decision will hopefully be taken with the support of a medical professional. I abstract
from that for now.
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At each day, the person has the choice of initiating a prescription drug treatment for
depression. The treatment has an immediate cost of ¢ and a per-period future net benefit of

—wdy, ifw <0
b(d;) = 2.2
(d:) {0, ifw >0’ (22)

where d; indicates ongoing treatment for depression. This means that a currently depressed
person reverts to w = 0 one period after treatment starts, and that a non-depressed person
derives no benefit from treatment.

A standard-model person is able to discern between the transient and structural compo-
nents. When making predictions for any future period, the best estimate of future well-being,
given a current mental health state, can be expressed as

U(Strr, drir|se) = w + pgmg + (1 = pg)mp + b(dpir). (2.3)

She will initiate treatment if

—c+ Z 0 u(Sppr, 1]sy) > Z " u(St4r,0|st), (2.4)
7=1 =1
which results in ¢ < —l‘sjw. The standard-model person will initiate treatment if she is in

depression, w < 0, and if benefits outweigh costs. That decision is not influenced by the
transient mood component m;.

Consider now an individual that suffers from projection bias. She is not able to fully
disentangle the part of her current mental health state that is due to structural factors and
transient factors. As a consequence, when making predictions for future well-being, she
believes transient moods will be permanent, at least partially,

U(St1rs diyr|st) = (1 — @)u(Seyr, dirr|se) + au(ss, diyr|se), (2.5)
where « € [0, 1] is the projection bias parameter. This nests the standard model with o = 0.

In the extreme case, a = 1, the person will act as if her current mental health is entirely due
to permanent structural factors.

Given the linearity of the model, another way to think of projection bias here is that the
person believes her permanent mental health state is given by (1 — a)w + as;(w + my) =
w + am; instead of w. As such, she estimates the benefits of the depression treatment by

(2.6)

- —w — if <0
b(dt) _ wW — My, 1 w + amy .
0, if w+am; >0

For simplicity, I focus on the case a = 1 in what follows| Consider a person who is
depressed, w < 0, on a bad weather day. She will initiate treatment if

2All cases a € (0, 1] share the same qualitative results.
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—c+i57<w+mb+6>>i57(w+mb), (2.7)
=1 =1

which is equivalent to ¢ < —%(w +my). The projection bias leads her to take the transient
mood my, into account. She will be more likely to initiate a treatment for depression on a

bad weather day.

Other cases follow an analogous logic. A depressed individual on a good weather day
with w +m¢ < 0 will choose treatment if ¢ < _1%5(“) +my). A depressed individual on
a good weather day with w + m? > 0 will not believe she is in depression and not start
treatment. In the two last cases, good weather decreases the likelihood of treatment. A non-
depressed individual on a bad weather day with w+m? < 0 will act as if she is depressed and
choose treatment if ¢ < —%(w + my); bad weather here leads to unnecessary treatment.
A non-depressed individual on a bad weather day with w + m® > 0 will not not initiate
treatment. Finally, a non-depressed individual on a good weather day will have w 4+ m? > 0
and will not treat herself. To the extent that weather impact transient mood, an agent who
displays projection bias will be more (less) likely to initiate treatment for depression on a bad
(good) weather day. To the extent that weather does not immediately impact structural well-
being, transient weather does not influence the standard-model agent depression treatment
decisions.

Well-Being Considerations

Projection bias unambiguously hurts the well-being of an individual if it is the only
deviation from standard behavior influencing the antidepressant treatment decision. As seen
in the previous paragraphs, projection bias may lead an individual to initiate treatment in
cases where it is not cost-effective or even in cases when the person is not depressed. It may
also lead a person not to treat herself when treatment is advisable.

On the other hand, projection bias may in fact improve the well-being of an individual
who is also present-biased. Treatment for depression is an activity with immediate costs
and delayed benefits. As such, it is not implausible to expect that several people for whom
treatment is recommended are not in treatment due to procrastination. If that is the case,
the increased likelihood to initiate treatment in a bad weather day might in fact help.

2.3 Data

I use administrative individual-level medical data from the Truven Health MarketScan(®)
Research Databases. Weather data come from the National Climatic Data Center (NCDC).
The period of analysis is 01/01/2003 through 12/31/2004. Summary statistics are presented
on Table 2.1]
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Medical

Medical data come from MarketScan’s Commercial Claims and Encounters segment,
which includes active employees, early retirees, COBRA continues, and their dependents
insured by employer-sponsored plans from approximately 45 large employers in the United
States.

Data on the use of prescription drugs come from the Outpatient Pharmaceutical Claims
table. Each record represents a drug claim at the pharmacy or via mail order. Each drug
is uniquely identified by its National Drug Code (NDC), which assigns a different code for
each drug product of a specific dosing produced by a specific manufacturer. Drugs can be
grouped according to their therapeutic class based on the pharmacological category of the
drug product. I restrict attention to drugs classified as antidepressants. Out of the 12,094,219
patients in the data, 1,645,183 (13.0%) have filled at least one antidepressant prescription
in the period of analysis. Figure depicts the ten most frequently filled antidepressants in
the data, as a percentage of total antidepressants filled.

Data from medical appointments come from the Outpatient Services table, that contains
encounters and claims for services that were rendered in a doctor’s office, hospital outpatient
facility, emergency room or other outpatient facility. Of particular interest are appointments
in which the patient was diagnosed with a mental disease or disorder. The major diagnostic
category mental diseases and disorders (MDC 19) includes acute adjustment reaction and
psycho-social dysfunction, depressive neuroses, non-depressive neuroses, disorders of person-
ality and impulse control, organic disturbances and mental retardation, psychoses, behavioral
and developmental problems, and other mental diagnoses. Out of the 12,094,219 patients in
the data, 950,048 (7.86%) have had an appointment with a mental disease or disorder diag-
nosis in the period of analysis. There are a total of 4,839,861 such appointments recorded in
the datal

I construct indicator variables for the filling behavior of a patient following a medical
appointment in which there was a mental disease or disorder diagnosis. As per Table [2.1]
6.46% (15.66%) of such medical appointments were followed by the filling of an antidepressant
on the same day (within seven days). Enrollment records, demographic characteristics,
and geographic locations come from the Enrollment table. All tables are linked via unique
individual identifiers.

Weather

Weather data come from the National Climatic Data Center (NCDC); cloud coverage
from the Integrated Surface Data (ISD) dataset, all other variables from the Global Summary
of the Day (GSOD) dataset. I exclude data from stations with missing latitude, longitude, or
elevation data, stations that started operating on or after 01/01/2002 or finished operating

3The last two statistics do not include appointments with medical professionals who are not able to
prescribe drugs.
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on or before 01/01/2005. I further excludes stations with an altitude exceeding that of the
lowest laying station in the county in more than 500 meters and stations located in a body of
water. Figure depicts all 2,523 meteorological stations in the contiguous United States
that are included in the analysis.

Weather data is linked to medical data using county identifiers. A county is included
in the analysis if it contains at least one meteorological station in its territory. If two or
more stations are located in the same county, I use the county-average of each weather
variable weighting station-level data based on the number of daily observations recorded.
That results in 972 counties. Summary statistics are presented on the Panel A of Table 2.1]
The grouping of states into climatic regions follows the classification of the National Centers
for Environmental Information (Karl and Koss, 1984) as per Figure I use weather at the
county of residence of an enrollee, as opposed to that of the employer, pharmacy, or medical
service provider.

2.4 Mental Disease and Disorder Diagnosis

I model the percentage of appointments in county ¢ on day ¢ that involve a diagnosis of
a mental disease or disorder as

PctMental Diagnosis, = aiWeather 4+ asDoW, + agRegion . Week, + £.Y ear; +ue (2.8)

where Weather, includes temperature, cloud coverage, dew point, visibility, wind speed, as
well as indicators for rain, snow, and fog. DoW,, Week;, Year;, and Region. are day of
the week, week of the year, year, and climatic region indicators. Climatic regions follow the
classification of the National Centers for Environmental Information (Karl and Koss, 1984)
as per Figure I include an interaction of county fixed effects, &., and the year indicator.
Standard errors are clustered at the climatic region level.

Table presents the results of the specification in 2.8 The occurrence of snow is
associated with a 0.13 percentage point decrease in the percentage of mental disease and
disorder diagnosis, from a 1.93% baseline. Weather fluctuations in other dimensions do not
seem to systematically lead to a change in the percentage of patients that are diagnosed with
a mental disease or disorder.

2.5 Antidepressant Filling
Let Total Fillings.; denote the total number of antidepressants filled in county c at day ¢
Total Fillings., = nWeather 4+ a; Dow,+asRegion. x Week,+&. x Year,+ X +uq (2.9)

where Weather, includes temperature, cloud coverage, dew point, visibility, wind speed, as
well as indicators for rain, snow, and fog. DoW,, Week;, Year;, and Region. are day of
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the week, week of the year, year, and climatic region indicators. Climatic regions follow the
classification of the National Centers for Environmental Information (Karl and Koss, 1984)
as per Figure I include an interaction of county fixed effects, &., and the year indicator.
Standard errors are clustered at the climatic region level.

Table presents the results of the specification in The result on column four
indicates that snow, rain, and changes in temperature lead to changes in the total number of
antidepressants filled. It is plausible that the occurrence of rain and snow increase the costs
associated with filling a prescription. In fact, I find that snow (rain) leads a 1.08% (0.56%)
decrease in the number of antidepressants filled. The average number of antidepressants
filled per county-day is 16.37. Summary statistics for rain and snow are displayed on Table
. As per temperature, a change in one standard deviation (19.24°F) is found to lead to a
0.81% increase in the number of antidepressants filled.

Columns 5 and 6 of Table show the results of specification [2.8] separately for refills
and new prescriptions.

2.6 Antidepressant Filling After Appointment

I model the filling behavior of a patient following an appointment in which there was a
mental disease or disorder diagnosis as

FillsAntidepressant;,; = nWeather .+ a; Dow; + as Region, x Week, + X +& +ui (2.10)

where FillsAntidepressant;; equals one if the patient fills an antidepressant prescription
within a specific amount of time following the appointment. Different time windows will
be used. Weather. includes temperature, cloud coverage, dew point, visibility, wind speed,
as well as indicators for rain, snow, and fog. DoW,, Week;, Year;, and Region. are day
of the week, week of the year, year, and climatic region indicators. Patient characteristics
X, includes age, gender, employee classification, employment status, and relation to the
employee. Climatic regions follow the classification of the National Centers for Environmental
Information (Karl and Koss, 1984) as per Figure[2.6] I include an interaction of county fixed
effects, &., and the year indicator. Standard errors are clustered at the climatic region level.
Patients who move across county lines in the period of study are not included in the analysis.

The results of specification [2.10] are presented on Table [2.4] I find that a one standard
deviation increase in the amount of cloud coverage (2.73 oktas) lead to a 0.063 percentage
point increase in the probability that a patient fills an antidepressant prescription on very
same day they were seen by a doctor and diagnosed with a mental disease or disorder.
That represents a 1.04% increase from the baseline 6.07% of patients who typically fill a
prescription in such circumstances. Columns 5 and 7 of Table show that the impact
of cloud-coverage at the time of the appointment on filling behavior fades with time. The
proportion of patients who fill an antidepressant prescription is borderline significant within
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a day of the appointment, and insignificant within seven days. No other weather variable is
found to influence filling behavior.

Heterogeneity of the Results

The results on Table show that most of the impact of cloud coverage on the filling of
antidepressant prescriptions is mostly due to an increase in the number of new prescriptions,
and not an increase in refills. In addition, I find that the estimates associated with rain and
snow are related to the proportion of patients who fill a new antidepressant prescription on
appointment day. By its turn, an increase in temperature is found to lead to a decrease in
refills of antidepressants following an appointment. The magnitude of these three last results
is small, however.

On Table I presents results separately for prescriptions filled in a pharmacy or via
mail order. I find that a one standard variation increase in the amount of cloud coverage
(2.73 oktas) lead to a 0.052 percentage point increase in the probability that a patient fills
an antidepressant prescription in a pharmacy on the same day of the appointment, a 0.94%
increase from the 5.54% baseline. Still focusing on filling at the pharmacy, I find that the
occurrence of snow leads to a 0.131 percentage point decrease in the filling of antidepressant.
I do not find that weather impacts the probability of filling antidepressants via mail order.
These results must be taken with a grain of salt, however, as the vast majority of prescriptions
in the data are filled at a pharmacy.

Table [2.7] show results for each climatic region in the contiguous United States. Climatic
regions follow the classification of the National Centers for Environmental Information (Karl
and Koss, 1984) as per Figure 2.6] I exclude regions that do not represent at least 2% of
the total patients in the data (Northern Rockies, Southwest, and West). While all regions,
except the Southeast, have similar coefficients associated with cloud coverage, the only two
regions with statistically significant results on that variable are the Northeast and Upper
Midwest. Not coincidentally, perhaps, those are the two biggest regions in my data in terms
of number of patients.

On Table 2.8 1 present results for each one of the four seasons of the year. I find that most
of the positive impact of cloud coverage on the filling of antidepressants is led by patients
who have had appointments during Winter. A one (year-round) standard deviation increase
in cloud coverage (2.73 oktas) lead to a 0.229 percentage point increase in the probability
that a patient fills an antidepressant prescription in a pharmacy on the same day of the
appointment, a 3.78% increase from the 5.54% (year-round) baseline.

Finally, Table shows results according to the dosing of a particular drug product.
Consider a drug product that is available in four different doses: 10mg, 20mg, 50mg, and
100mg. FEach dosing is a different drug according to the NDC. I arbitrarily assign drugs
to three mutually exclusive groups: minimum dose, intermediate, and maximum dose. In
the case of the hypothetical drug product in question, the 10mg version is assigned to the
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minimum dose group, the 100mg version to the maximum dose group, and the 20mg and
50mg versions to the intermediate group. Not surprisingly, most of the results seem to be
led by filling of drugs of intermediate dosing. This is also the group of drugs that is most
frequently prescribed to patients in the data.

2.7 Discussion

There are several distinct antidepressant regimens currently available, and a usual treat-
ment involves some experimentation with different prescription drugs. During an appoint-
ment, a patient is typically asked about the symptoms of her depression, and a decision is
taken about whether or not to initiate or change a treatment with antidepressants. Tempo-
rary factors, such as weather, may influence the answer given by the patient to the doctor,
consequently influencing medication choice. I derive a model of a person considering treat-
ment decisions and show that when projection bias is present, weather might play a role
in treatment choices. I use detailed administrative medical records and daily county-level
meteorological data in the United States from 01/01/2003 through 12/31/2004. Medical
data come from the Truven Health MarketScan(@®) database. Meteorological data are from
the National Climatic Data Center.

My main analysis focuses on patient behavior during a small interval of time after they
have been seen by a physician. I look at how weather influences antidepressant filling decision
within a patient; I only include appointments that involved a major diagnosis of a mental
disease or disorder. My specification includes county-year, day of the week, week of the
year, year, and climatic region fixed effects. Climatic regions follow the classification of the
National Centers for Environmental Information (Karl and Koss, 1984). I find that a one
standard deviation increase in the amount of cloud coverage (2.73 oktas) leads to a 0.063
percentage point increase in the probability that a patient fills an antidepressant prescription
on appointment day. That is a 1.04% increase from the 6.07% baseline. The impact of cloud
coverage fades with time. The effect is borderline significant within a day of the appointment,
and insignificant within seven days. I also find small effects associated with snow, rain, and
temperature.

I perform several heterogeneity analysis that build on the main analysis. Most most of
the impact of cloud coverage on antidepressant filling is due to an increase on the number
of new prescriptions, and not an increase in refills. I also present results separately for
prescriptions filled in a pharmacy or via mail order. Virtually all the impact of weather
variables on antidepressant filling happens at the pharmacy; I do not find that weather
impacts the probability of filling antidepressants via mail order. Further, I show results
per climatic region in the contiguous United States. Most regions have similar coefficients
associated with cloud coverage, but only in the only in the Northeast and Upper Midwest
that coefficient is statistically significant. Perhaps not coincidentally, those are the two
biggest regions in my data in terms of number of patients. Additionally, I find that most
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of the impact of cloud coverage on the filling of antidepressants is led by patients who have
had appointments during the Winter. A one (year-round) standard deviation increase in
cloud coverage (2.73 oktas) lead to a 0.229 percentage point increase in the probability
that a patient fills an antidepressant prescription in a pharmacy on the same day of the
appointment, a 3.78% increase from the 5.54% (year-round) baseline. I also show results
according to the dosing of a particular drug product. Most of the results seem to be led by
filling of drugs of intermediate dosing. This is also the group of drugs that is most frequently
prescribed to patients in the data.

Projection bias unambiguously hurts the well-being of an individual if it is the only
deviation from the standard model influencing the antidepressant treatment decision. It
may lead an individual to initiate treatment in cases where it is not cost-effective or even in
cases when the person is not depressed. It may also lead a person not to treat herself when
treatment would be advisable. On the other hand, projection bias may improve the well-
being of an individual who is also present-biased. Treatment for depression is an activity with
immediate costs and delayed benefits. It is not implausible to expect that several people for
whom treatment for depression is advisable and cost-effective are not currently in treatment
due to procrastination. If that is the case, the increased likelihood to initiate treatment in a
bad weather day might in fact help.
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Figure 2.1: Meteorological Stations

(a) Stations in the Contiguous United States

o-.s'..

Notes: The figures depicts the location of a subset of the meterological stations available at the National Climatic
Data Center (NCDC). Excludes stations with missing latitude, longitude, or elevation data. Excludes stations that
started operating on or after 01/01/2002 or finished operating on or before 01/01/2005. Excludes stations with an
altitude exceeding that of the lowest laying station in the county in more than 500 meters. Excludes stations located

in a body of water.
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Figure 2.4: Appointments with a Mental Disease or Disorder Diagnosis, by Week of the Year
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Notes: The figure depicts the percentage of total appointments in which the major diagnosis is a mental disease or
disorder. Only includes outpatient appointments with a medical professional who is able to prescribe drugs. Climatic
regions follow the classification of the National Centers for Environmental Information (Karl and Koss, 1984). The
period is 01/01/2003-12/31/2004.
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Figure 2.5: Enrollees Filling of Antidepressants on Appointment Day, by Week of the Year
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Notes: The figure depicts the percentage of patients who fill an antidepressant prescription on appointment day.
Only includes outpatient appointments with a medical professional who is able to prescribe drugs. Only includes
appointments in which the major diagnosis is that of a mental disease or disorder. Climatic regions follow the
classification of the National Centers for Environmental Information (Karl and Koss, 1984). The period is 01/01/2003-
12/31/2004.
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Table 2.1: Descriptive Statistics

A - Daily County-Level Weather Data

Mean SD
Temperature (Fahrenheit) 54.19 19.24
Cloud Coverage (oktas) 3.40 2.73
Dew Point (Fahrenheit) 43.15 19.42
Visibility (miles) 8.92 2.70
Wind Speed (knots) 6.55 3.25
Rain Indicator 0.29
Snow Indicator 0.08
Fog Indicator 0.21
C - Totals
Total % of total

Meterological Stations 2,523
Counties 972
Enrollees 12,094,219

at least one antidepressant filled 1,645,183 13.60

at least one psych. appointment 950,048 7.86
Psych. appointments 4,839,861

antidepressant filled same day 312,802 6.46

antidepressant filled in one day 420,927 8.69

antidepressant filled in seven days 757,941 15.66

B - Patient Demographics

At least one psych. appointment Mean SD % of total

Age 35.70 17.31

Female Indicator 0.57

Relation to Employer:
Employee 46.09
Spouse 24.39
Child/Other 29.51

Climatic Regions
Northeast (NE) 19.60
Northwest (NW) 4.98
Ohio Valley (OV) 19.98
South (S) 18.34
Southeast (SE) 15.34
Upper Midwest (UM) 19.30
Others 2.46

Notes: The period is 01/01/2003-12/31/2004. Psych. appointment here refers to an outpatient appointment with
any medical professional able to prescribe drugs in which the major diagnosis is a mental disease or disorder. Weather
data from the National Climatic Data Center (NCDC); cloud coverage from the Integrated Surface Data (ISD) dataset,
all other variables from the Global Summary of the Day (GSOD) dataset. Outpatient services and prescription drug
data from the MarketScan Commercial Claims & Encounters Research Databases.
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CHAPTER 2. WEATHER, MOOD, AND USE OF ANTIDEPRESSANTS: THE ROLE

OF PROJECTION BIAS IN MENTAL HEALTH CARE DECISIONS 56
Table 2.5: Antidepressant Filling on Appointment Day, by Type of Prescription
Refills New Prescription
Fills Antidepressant Indicator (1) (2) (3) (4)
Temperature (Fahrenheit) -2.16e-05  -3.42e-05** 2.62e-05 -1.20e-05
(1.21e-05)  (1.04e-05) (4.46e-05)  (6.12e-05)
Cloud Coverage (oktas) 5.49e-05 3.33e-05 0.000169*  0.000214***
(2.98¢-05)  (3.83e-05) (8.80e-05)  (5.86e-05)
Rain Indicator -0.000144  -0.000246 0.000384  0.000491%***
(0.000141)  (0.000187) (0.000216)  (0.000124)
Snow Indicator -8.30e-05  -0.000264 -0.000952  -0.00137**
(0.000191)  (0.000270) (0.000624)  (0.000435)
Fog Indicator 0.000440**  0.000251 -0.000284  -0.000332
(0.000165)  (0.000261) (0.000397)  (0.000567)
Dew Point (Fahrenheit) 8.07e-06 2.24e-05 -3.03e-05 -3.88e-05
(1.30e-05)  (1.45e-05) (3.95e-05)  (4.84e-05)
Visibility (miles) 9.82e-05**  0.000131** 7.65e-05 5.79e-05
(3.70e-05)  (5.00e-05) (0.000119)  (0.000133)
Wind Speed (knots) -4.69e-06  2.28e-05** -5.69e-07 4.41e-05
(1.21e-05)  (9.00e-06) (5.79e-05)  (5.25e-05)
County FE X Year FE X X
Day of the Week FE X X X X
Week of the Year FE X Region FE X X X X
Patient Characteristics X X
Patient FE X X
Mean dependent variable 0.006 0.006 0.050 0.050
Observations 2,500,891 2,500,891 2,500,891 2,500,891
R-squared 0.002 0.000 0.005 0.001
Number of County-Years 1,595 1,595 1,595 1,595
Number of Patients 483,333 483,333 483,333 483,333

Notes:

Medical data at the patient-day level.

Weather data at the county-day level.

Period is 01/01/2003-

12/31/2004. The dependent variable is an indicator for filling antidepressant prescription on the day of the ap-
pointment. Only includes outpatient appointments with a medical professional who is able to prescribe drugs. Only
includes appointments in which the major diagnosis is that of a mental disease or disorder. Enrollee characteristics
include age, gender, employee classification, employment status, and relation to the employee. Standard errors clus-
tered at the climatic region level. Climatic regions follow the classification of the National Centers for Environmental
Information (Karl and Koss, 1984) as per Figure
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Table 2.6: Antidepressant Filling on Appointment Day, by Fulfillment Method
In Pharmacy By Mail
Fills Antidepressant Indicator (1) (2) (3) (4)
Temperature (Fahrenheit) -5.18e-06 -4.92e-05 -7.83e-06  -2.38e-06
(5.84e-05)  (6.46e-05) (8.04e-06)  (9.82e-06)
Cloud Coverage (oktas) 0.000201*%*  0.000191*** -8.75e-07  1.67e-05
(7.84e-05)  (3.82e-05) (1.65e-05)  (1.70e-05)
Rain Indicator -2.27e-05 5.37e-05 6.63e-05* 6.24e-05
(0.000294)  (0.000305) (2.92e-05)  (3.41e-05)
Snow Indicator -0.000601 -0.00131* -6.99e-05  -0.000191
(0.000844)  (0.000665) (0.000113) (0.000165)
Fog Indicator 0.000393 0.000191 3.83e-05 7.80e-05
(0.000355)  (0.000387) (6.56e-05)  (0.000119)
Dew Point (Fahrenheit) -1.02e-05 -9.81e-06 -3.67e-06  -7.72e-06
(4.55e-05)  (5.26e-05) (9.89e-06)  (8.77e-06)
Visibility (miles) 0.000148 0.000108 -3.78e-06 2.25e-05
(9.86e-05)  (9.28e-05) (3.75e-05)  (3.08e-05)
Wind Speed (knots) -5.92e-05 2.58e-05 5.75e-06  -9.08e-06
(6.82e-05)  (7.47e-05) (1.00e-05)  (1.45e-05)
County FE X Year FE X X
Day of the Week FE X X X X
Week of the Year FE X Region FE X X X X
Patient Characteristics X X
Patient FE X X
Mean dependent variable 0.0554 0.0554 0.0022 0.0022
Observations 2,500,891 2,500,891 2,500,891 2,500,891
R-squared 0.005 0.001 0.001 0.000
Number of County-Years 1,595 1,595 1,595 1,595
Number of Patients 483,333 483,333 483,333 483,333

Notes: Medical data at the patient-day level. Weather data at the county-day level. Period is 01/01/2003-
12/31/2004. The dependent variable is an indicator for filling antidepressant prescription on the day of the ap-
pointment. Only includes outpatient appointments with a medical professional who is able to prescribe drugs. Only
includes appointments in which the major diagnosis is that of a mental disease or disorder. Enrollee characteristics
include age, gender, employee classification, employment status, and relation to the employee. Standard errors clus-
tered at the climatic region level. Climatic regions follow the classification of the National Centers for Environmental
Information (Karl and Koss, 1984) as per Figure
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Table 2.8: Antidepressant Filling on Appointment Day, by Season
Spring Summer Fall Winter
Fills Antidepressant Indicator (1) (2) (3) (4)
Temperature (Fahrenheit) -0.000178 -0.000161 -0.000187* 3.21e-05
(0.000118) (0.000166) (8.66€e-05) (7.57e-05)
Cloud Coverage (oktas) 3.60e-06 0.000141 -0.000128 0.000838***
(0.000243) (0.000210) (0.000117) (0.000145)
Rain Indicator 0.000475 -0.000861 0.000332 0.00163
(0.000992) (0.00138) (0.000837) (0.00173)
Snow Indicator -0.00352* -0.00188 0.000551 -0.00197
(0.00162) (0.0145) (0.00204) (0.00162)
Fog Indicator 0.00260** 0.00110 -0.00217 7.05e-05
(0.00111) (0.00114) (0.00119) (0.00190)
Dew Point (Fahrenheit) 4.40e-06 9.64e-05 0.000177 -0.000177**
(0.000108) (0.000123) (9.94e-05) (7.14e-05)
Visibility (miles) 0.000133 3.48e-05 0.000262 0.000421
(8.51e-05) (0.000345) (0.000226) (0.000236)
Wind Speed (knots) 5.98e-05 8.69e-05 0.000170 -8.84e-05
(9.28e-05) (0.000291) (0.000123) (0.000152)
County FE X Year FE X X X X
Day of the Week FE X X X X
Week FE X Region FE X X X X
Patient FE X X X X
Observations 654,376 617,866 627,874 600,775
R-squared 0.001 0.001 0.001 0.001
Number of Patients 222,688 220,106 224,394 231,712

Notes: Medical data at the patient-day level. Weather data at the county-day level. Period is 01/01/2003-
12/31/2004. The dependent variable is an indicator for filling antidepressant prescription on the day of the ap-
pointment. Only includes outpatient appointments with a medical professional who is able to prescribe drugs. Only
includes appointments in which the major diagnosis is that of a mental disease or disorder. Enrollee characteristics
include age, gender, employee classification, employment status, and relation to the employee. Standard errors clus-
tered at the climatic region level. Climatic regions follow the classification of the National Centers for Environmental
Information (Karl and Koss, 1984) as per Figure
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Figure 2.6: Climatic Regions of the Contiguous United States
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Source: National Centers for Environmental Information (Karl and Koss, 1984)



62

Bibliography

Abaluck, Jason, and Jonathan Gruber. 2014. “Evolving Choice Inconsistencies in Choice
of Prescription Drug Insurance.” NBER Working Paper No. 19163. Cambridge, MA:
National Bureau of Economic Research.

Abaluck, Jason, and Jonathan Gruber. 2011. "Choice Inconsistencies among the Elderly:
Evidence from Plan Choice in the Medicare Part D Program.” American Economic
Review, 101(4): 1180-1210.

Ariely, Dan and Klaus Wertenbroch. 2002. "Procrastination, Deadlines, and Perfor-
mance: Self-control by Precommitment.” Psychological Science, 13(3): 219-224.

Berry, Steven. 1994. "Estimating Discrete-Choice Models of Product Differentiation.”
The RAND Journal of Economics, 25(2): 242-262.

Bhargava, Saurabh, George Loewenstein, and Justin Sydnor. 2014. “Choose to Lose?
Employee Health-Plan Decisions from a Menu with Dominated Options” Working Paper.
Pittsburgh, PA: Carnegie Mellon University.

Bertrand, Marianne, Dean Karlan, Sendhil Mullainathan, Eldar Shafir, and Jonathan
Zinman. 2010. "What’s Advertising Content Worth? Evidence From a Credit Market
Field Experiment.” Quarterly Journal of Economics, 125(1): 263-206.

Centers for Medicare and Medicaid Services. 2012. "Medicare Health & Drug Plan Qual-
ity and Performance Ratings - 2012 Part C & Part D Technical Notes.” Web. 18 October.

Centers for Medicare & Medicaid Services. 2014. “National Health Expenditures Tables.”
Web. January.

Crochunis, Michael. 2014 “Establishing a Special Election Period (SEP) to Enroll in
5-star Medicare Advantage Plans in Plan Year 2012.” 19 November.

Choi, James J., David Laibson, Brigitte C. Madrian and Andrew Metrick. 2004. "For
Better or For Worse: Default Effects and 401 (k) Savings Behavior,” in David Wise editor

Perspectives in the Economics of Aging. Chicago, IL: University of Chicago Press, 81-
121.



BIBLIOGRAPHY 63

[11]

[12]

[17]

[18]

[19]

[20]

Cronqvist, Henrik, and Richard H. Thaler. 2004 "Design Choices in Privatized Social-
Security Systems: Learning from the Swedish Experience.” American Economic Review
Papers and Proceedings, 94(2): 424-428.

Dayaratna, Kevin. 2013. “Competitive Markets in Health Care: The Next Revolution.”
Heritage Foundation Backgrounder No. 2833. 19 August.

DellaVigna, Stefano and Ulrike Malmendier. 2006. "Paying Not to Go to the Gym.”
American Economic Review, 96(3): 694-719.

Economist. 2014. "The market for paternalism: Nudge unit leaves kludge unit.” 7 Febru-
ary.

Einav, Liran, and Amy Finkelstein. 2011. “Selection in Insurance Markets: Theory and
Empirics in Pictures.” Journal of Economic Perspectives 25(1): 115-138.

Ericson, Keith M. Marzilli. Forthcoming. “Consumer Inertia and Firm Pricing in the
Medicare Part D Prescription Drug Insurance Exchange.” American Economic Journal:
Economic Policy.

Handel, Benjamin. 2013. “Adverse Selection and Inertia in Health Insurance Markets:
When Nudging Hurts.” American Economic Review, 103(7):2643-2682

Handel, Benjamin, and Jonathan Kolstad. 2014. “Health Insurance for '"Humans’: Infor-
mation Frictions, Plan Choice, and Consumer Welfare.” Working Paper. Berkeley, CA:
University of California, Berkeley.

Heiss, Florian, Adam Leive, Daniel McFadden and Joachim Winter. 2013. “Plan Se-
lection in Medicare Part D: Evidence from Administrative Data.” Journal of Health
Economics, 32(6): 1325-1344.

Heiss, Florian, Daniel McFadden and Joachim Winter. 2010. “Mind the Gap! Consumer
Perceptions and Choices of Medicare Part D Prescription Drug Plans,” in David Wise
editor Perspectives in the Economics of Aging. Chicago, IL: University of Chicago Press,
413-481.

Cubanski, Juliette, Elizabeth Hargrave, Jack Hoadley, Laura Summer and Tricia Neu-
man. 2014. “Medicare Part D in Its Ninth Year: The 2014 Marketplace and Key Trends,
2006-2014.” The Henry J. Kaiser Family Foundation. 18 August.

Laibson, David. 1997. "Golden Eggs and Hyperbolic Discounting.” Quarterly Journal of
Economics, 112(2): 443-477.

Loewenstein, George, Joelle Y. Friedman, Barbara McGill, Sarah Ahmad, Suzanne
Linck, Stacey Sinkula, John Beshears, James J. Choi, Jonathan Kolstad, David Laibsoni,
Brigitte C. Madrianj, John A. List, and Kevin G. Volpp. 2013. “Consumers’ Misunder-
standing of Health Insurance.” Journal of Health Economics, 32: 850-862.



BIBLIOGRAPHY 64

[24]

[25]

[26]

[27]

28]
[29]
[30]

Madrian, Brigitte C. and Dennis F. Shea. 2001. "The Power of Suggestion: Inertia in
401(k) Participation and Savings Behavior.” Quarterly Journal of Economics, 116(4):
1149-1187.

Moeller, Phillip. 2014. “Use New Medicare Ratings to Select a 2012 Plan.” U.S. News.
12 October.

Nevo, Aviv. 2001. "Measuring Market Power in the Ready-to-Eat Cereal Industry.”
Econometrica 69(2), 307-42.

O’Donoghue, Ted and Matthew Rabin. 1999. "Doing It Now or Later,” American Eco-
nomic Review, 89(1): 103-124.

Social Security Act ijce 1804, 42 U.S.C. 1395b-2.
Social Security Act 1j0e 1851(d), 42 U.S.C. 1395w—21.

Taylor, Lowell, Randall Cebul, James Rebitzer and Mark Votruba. "Unhealthy Insurance
Markets: Search Frictions and the Cost and Quality of Health Insurance.” American
Economic Review, 101(5), 2011.



65

Appendix A

Appendix

A.1 The 5-star Rating System

Private Medicare Part D insurers are evaluated on 17 measures, which are designed to
capture the quality of the service provided, regardless of prices and costs. The Centers for
Medicare and Medicaid Services uses information from various sources to evaluate plans,
including (i) data on plan enrollment and beneficiary prescription drug usage; (ii) the Con-
sumer Assessment of Healthcare Providers and Systems, an annual survey conducted by the
U.S. Agency for Healthcare Research and Quality; (iii) data from insurers’ call centers; (iv)
drug pricing accuracy data; (iv) consumer complaints, appeals, and independent reviews of
disputes[] The seventeen measures are:

1.
2.

S

%

10.

How long pharmacists wait on hold when they call the plan’s pharmacy help desk.

The availability of TTY/TDD services and foreign language interpretation at the insurer’s call center.
How often the drug plan does not meet Medicare’s deadlines for timely appeals decisions.

How often an independent reviewer agrees with the drug plan’s decision to deny a member’s appeal.
The percentage of enrollment requests that the plan sends to CMS within 7 days.

The number of complaints CMS receives about the drug plan.

The number of problems CMS finds in members’ access to services and in the plan’s performance
(audits).

The percentage of plan members who chose to leave the plan.

. “How easy it is to get information about prescription drug coverage and cost from the drug plan ,” as

per members’ evaluation.

Members’ overall rating of plan.

L A detailed description of measures, data sources, and on how the different measures are aggregated
into the star rating is found in Centers for Medicare and Medicaid Services (2012).
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11.
12.
13.

14.

15.

16.

17.

“How easy it is to get the prescription drugs needed,” as per members’ evaluation.
Whether the plan provides accurate price information and keeps drug prices stable during a year.

The percentage of plan members who get prescriptions for certain drugs with a high risk of serious
side effects, when there may be safer drug choices.

The percentage of the members with both diabetes and high blood pressure who are prescribed a
recommended medication.

The percentage of members with a prescription for a diabetes medication who fill their prescription
often enough.

The percentage of members with a prescription for a blood pressure medication who fill their pre-
scription often enough.

The percentage of members with a prescription for a cholesterol medication who fill their prescription
often enough.
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A.2 Simplest Versions of the Models

Option Value

This section studies the behavior of a fully-rational un-enrolled beneficiary in a simple
model with two health conditions (healthy and sick) and three plans (5-star, non-5 star,
outside option). I use the model to derive predictions of the impact the policy change has
on enrollment and adverse selection. As the average 5-star plan has a larger premium and
a lower deductible and co-pays than other plans, I assume the 5-star plan yields a higher
instantaneous payoff than the non-5 star plan for the sick, and wice versa. 1 assume that
sick is an absorbing state, and that the healthy face a positive probability of becoming sick.
Pre-policy change, enrollment in any plan can only happen by the deadline. Post-policy
change, beneficiaries can enroll in the 5-star plan at any time. The length of a time period
is a month and a beneficiary lives indefinitely.

More specifically, an un-enrolled beneficiary with health state h € {n, s} chooses a drug
coverage plan p € {p°,p',p°}. At the original deadline, ¢ = 0, a healthy beneficiary, n,
estimates she will become sick, s, with probability p > 0. I assume that s is an absorbing
state. Uncertainty resolves at ¢ = 1, and health states do not change thereafter. Switching
plans costs ¢ > 0.

The monthly instantaneous net benefit each plan yields for each health state, with respect
to the outside option p?, is given by:

u(n, p®) — u(n,p°) = b, u(s,p®) — u(s, p°) = b>*,
U(?’L,pl) - u(n,pa) = blna and u(n,pl) — U(?’L,po) = bls.

To keep the model as simple as possible, I assume v** > b'* = 0 and b'" > v = 0.

I compare the behavior of an individual post-policy change to what the same beneficiary
would have done were the deadline for enrollment in 5-star plans still in vogue. The policy
might lead to changes in behavior of the healthy if they expect to switch to p° after the
deadline when they become sick: ¢ < 1%5 (6°). In that case, the policy change leads to an
increase in the expected payoff, via option value, that the healthy derives from both p° and
p'. Hence, she will be less prone to enroll in p® by the original deadline, and might switch
to p® upon becoming sick. Both responses lead to an increase in adverse selection in p°.

Table presents all possible combinations of pre- and post-policy change behaviors as
a function of the primitives of the model.

On case A.3, Dboth health risk and switching cost are high. The possibility of waiting
to switch to the 5-star plan when she becomes sick makes a healthy beneficiary remain un-
enrolled. The same beneficiary would have enrolled in the 5-star plan had the policy not
been implemented.
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On case A.4, health risk is high and switching cost is low. The possibility of switching
to the 5-star plan when she becomes sick makes a healthy beneficiary enroll in the non-5 star
plan by the original deadline. She takes advantage of the higher payoff that plan offers in
comparison to the outside option for the healthy. The same beneficiary would have enrolled
in the 5-star plan had the policy not been implemented.

Other cases include A.6, which shares the intuition of case A.3. Additionally, on case
A.7 a beneficiary who would not have enrolled in any plan now enrolls in the non-5 star plan.
That case has a small measure on set of possible parameters. In fact, it depends on § being
sufficiently now, which might be implausible.

On cases A.2-A.10, the beneficiary switches to p° when she becomes sick. In all these
cases, the beneficiary is better off after the policy change.

On cases A.1, B-1-B.4, the policy change does not impact the behavior of the benefi-
ciary.

Predictions are summarized on Figure [1.3c}

Present Bias

This section discusses a model in which an un-enrolled present-biased beneficiary chooses
among three plans (5-star, non-5 star, and the outside option). She faces no uncertainty
with regards to future health, and switching plans is costly. I assume that the degree of a
beneficiary’s present bias is not related to other fundamentals such as health status. This
is a restrictive assumption. I use the model to derive predictions of the impact of the
policy change on enrollment in 5-star and non-5-star plans, and on general take-up. Pre-
policy change, enrollment in all plans is only possible by the deadline. Post-policy change,
beneficiaries can enroll in 5-star plans at any time. Following section [[.3] T assume that the
only opportunity to enroll in a non-5 star plan takes place by the original deadline. The
length of a time period is a month and a beneficiary lives indefinitely.

I incorporate present bias via the assumption of hyperbolic discounting, as in Laibson
(1997) and O’Donoghue and Rabin (1999). Hyperbolic discounting assumes that the inter-
temporal utility function a beneficiary holds at each period t is given by

T
Ut (ug, wpg1, oo ur) = ug + B Z 0 Uy,
T=t+1
where u, is instantaneous utility, 0 is long-run time-consistent impatience, and 5 € [0, 1] is a
parameter that captures present-bias. The model nests exponential discounting as the special
case # = 1. I restrict attention to naijceve beneficiaries, who at each point in time are fully
unaware of their future present bias. Nai;cefs plan future behavior as if they were exponential
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discounters. In what follows, I compare the post-policy change behavior of an individual to
what that same beneficiary would have done were the deadline for enrollment in 5-star plans
still in vogue. I focus on a specific beneficiary, and hence omit an individual subscript.
Without loss of generality, I restrict attention to three plans: the preferred 5-star plan, the
preferred non-5-star plan, and the outside option. In a model with perfect-information and
no health risk, all other plans are dominated and would not be chosen.

More specifically, an un-enrolled beneficiary with constant health state h chooses a drug
coverage plan p € {p°,p',p°}. Switching plans costs ¢ > 0. The monthly instantaneous net
benefit each plan yields for a beneficiary with constant health h, with respect to the outside
option p°, is given by:

U(h,p5) - U“(h:po) = b5 and U(h,pl) - u(h,po) - bl‘

Table presents all possible combinations of pre- and post-policy change behaviors as a
function of the primitives of the model. In two cases, the removal of deadlines for enrollment
in the 5-star plan leads to procrastination.

On case A.2, the un-enrolled beneficiary would have enrolled in the 5-star plan by the
original deadline, as ¢ < %b‘r’. As c < %b‘f’, the beneficiary thinks she will enroll in the
5-star plan next month if she does not do so by the deadline, but fails to enroll when next
month comes because lf—gébf’ < c¢. This effect is illustrated on Figure |A.1|

On case B.2, the un-enrolled beneficiary would have enrolled in the non-5 star plan by
the original deadline, as ¢ < %bl . Asc < li_éb5, the beneficiary thinks she will enroll in
the 5-star plan next month if she does not enroll in the non-5 star plan by the deadline.
In fact, she prefers to enroll in the otherwise sub-optimal 5-star plan tomorrow, as ¢ >

(175575(175) (b' — 66°). When next month arrives, however, she fails to enroll in the 5-star

plan because ¢ > % (b' — 6b°) implies ¢ > (1—65% (b5 — 6b°) if b° < b'. This effect is

illustrated on Figure |A.2]

Predictions are summarized on Figure [[.3dl In all cases, when a beneficiary’s behavior
is changed by the removal of deadlines, the consumer is made worse-off under the welfare
analysis typically applied in the present bias literature (O’Donoghue and Rabin [1999)]).
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Figure A.1: Present Bias Model, Procrastination in Case A

Beneficiary Prefers 5-star to Non-5-star Plan

(a) Change in behavior as a function of (5,0), with ¢ = 30.
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Parameters used: b* = 10 and b < b*. Figure uses ¢c=30. Figure uses 0 = 0.95.

70

Notes: All possible combinations of pre- and post-policy change behavior in the model of Section [A:2] Cases A.1,

A.2, and A.3 are explained on Table
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Figure A.2: Present Bias Model, Procrastination in Case B

Beneficiary Prefers Non-5-star to 5-star Plan

(a) Change in behavior as a function of (3, 9)
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Parameters used: b = 12 and b* = 10. Figure uses c=30. Figure uses § = 0.95.
Notes: All possible combinations of pre- and post-policy change behavior in the model of Section [A72] Cases B.1,

B.2, and B.3 are explained on Table
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Table A.1: Simplest Option Value Model - Effect of the Policy on Enrollment and Welfare

Enrollment Orig. Deadline Consumer Welfare

Case Pre Policy Post Policy Post - Pre

A - After Deadline, switches to 5-star if become sick: ¢ <7 ) b5$

: : : : : . s n 1446 n s
High health risk, high switching cost: pb> > (1 —p)b'", ¢ > ( p) <%> bin — pd

A.1 c< ﬁpb55 5-star 5-star =0
A.2 ﬁpb“ <c< ﬁi(spbf’s 5-star un-enrolled >0
A.3 c> %pb% un-enrolled un-enrolled >0

High health risk, low switching cost: pb> > (1 — p)b'", ¢ < <1%p> (i&) b — bos

A.4 c¢<min { = 6ppb5s 5 8 g; bln} 5-star non-5-star >0
A.5 ¢ > max { T Eppb5s, T 55;; 8 g% bln} un-enrolled un-enrolled >0
A.6 - §ppb53 >c> %p 8 f;; pin 5-star un-enrolled >0
A.7T* 55p 8 §; bin > ¢ > 1ﬂsppb‘r’s un-enrolled non-5-star >0
Low health risk: pb> < (1 — p)b!"
A.8 c< %p 8 gg bin non-5-star non-5-star > 0
A.9 ﬁ El_p; pin < c < 5(1 —p)b!®  non-5-star un-enrolled >0
A.10 c> 25 (1— )bln un-enrolled  un-enrolled >0
B - After Deadline, does not switch to 5-star if become sick: 653 <c
High health risk: pb® > (1 — p)b!"
B.1 c < %pb“ 5-star 5-star =0
B.2 c> %pb‘:’s un-enrolled un-enrolled =0
Low health risk: pb®* < (1 — p)b!"
B.3 c< %(1 —p)bln non-5-star non-5-star =0
B.4 c> %(1 — p)bl" un-enrolled  un-enrolled =0

Notes: All possible combinations of pre- and post-policy change behavior of the healthy in the model of Section [A2]
The sick do not change behavior in that model. Summary of predictions are found in Figure In all cases in A,
the healthy beneficiary switches to the 5-star plan after the original deadline when she becomes sick. (*) Case A.7.

requires 8 g; pin > 1 ;pc > pb®* and pb®* > (1 — p)b'™, which requires a low 4.
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Table A.2: Simplest Present Bias Model - Effect of the Policy on Enrollment and Welfare
Enrollment Consumer Welfare
Pre Policy Post Policy Post - Pre

Case Parameter

A - Prefers 5-star to non-5-star plan: b° > bt

A1 c< %b‘:’ 5-star 5-star =
A.2 1?—251)5 <ec< %lf‘ 5-star un-enrolled <0
A3 c > %lﬁ un-enrolled un-enrolled =0

B - Prefers non-5-star to 5-star plan: b° < bt

Low switching cost: ¢ < %b5

B.1 c< % (b1 — (5b5) non-5-star non-5-star =0

B.2 % (b1 — (5b5) <c< %bl non-5-star un-enrolled <0

B.3 c> %bl un-enrolled un-enrolled =
High switching cost: ¢ > %b‘r’

B.3 c< %bl non-5-star non-5-star =0

B. c> %bl un-enrolled un-enrolled =0

Notes: All possible combinations of pre- and post-policy change behavior of the healthy in the model of Section [A.2]
Table does behavior, not plans for future behavior. Cases A.1, A.2, are A.3 are illustrated on Figure[AI] Cases B.1,
B.2, and B.3 are illustrated on Figure Summary of predictions are found in Figure
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Table A.3: Monthly County-Level Take-Up of Medicare Part D, Adding 2013 Data

Jan 2009-Dec 2012 Jan 2009-Dec 2013
Microdata Aggregate data Aggregate data
In(TakeUpei/ (1 — TakeUpet)) (1) (2) (3) (3)
FiveStare® -0.000403 0.00241 -0.00153 0.00732
(0.0119) (0.0137) (0.0156) (0.0160)
FiveStar x Post -0.0532* -0.0528* -0.0893*  -0.0884**
(0.0289) (0.0298) (0.0491) (0.0440)
Controls
x Region FE X X X
X Region-Year FE X
Region-Year FE X X X X
Average Effect -0.0283* -0.0275%* -0.0458%* -0.0453**
(0.0154) (0.0155) (0.0252) (0.0226)
Sample All All All All
Observations 152,904 153,201 191,325 191,325
Averate Take-Up 0.4681 0.4794 0.4874 0.4874
R-squared 0.278 0.223 0.387 0.485
Number of SSA Counties 3,186 3,192 3,189 3,189

Notes: Each observation is measured at the county-month level.FiveStar™ is an indicator variable for a county
within the coverage area of a 5-star Part D insurer. The variable of interest is FiveStar"PostPeriod, where PostPeriod
is an indicator for the post-policy change period. The control variables included are mean premium and deductible
of Part D plans, as well as mean star-classification, average number of plans offered by, and total number of Part
D insurers. All specifications include county and time fixed effects. County divisions follow the Social Security
Administration classification. Standard errors are clustered at the state level.
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