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Abstract

The central goal of my dissertation is to answer important questions about market

design in health care when consumers have inertia, using modern industrial organization

tools. The presence of consumer inertia in several markets has been well established in

the literature, although we still know very little about how inertia affects the way markets

work. In my dissertation, I shed light on these issues in the context of different institutional

settings of health care sectors in different countries. Health care markets are extremely

relevant because of their huge impacts on the quality of life and on mortality of individuals.

In times when the expenditure on health care is increasingly high in modern economies,

a better understanding of how these markets work is needed in order to decrease costs

and improve their performance. The first chapter disentangles the effects of reductions in

switching costs and in the length of contracts (lock-in) on consumer welfare, using quasi-

experimental variation in the length of contracts in the Uruguayan health care system.

In the second chapter, I study the effect of supply-side firm responses in terms of pricing

and offering of new products, on consumer welfare in Medicare Part D in the U.S. Finally,

the third chapter studies the effects of increased competition induced by reductions of

consumer inertia, on quality and returns to skills for physicians, using uniquely detailed

data from the Uruguayan health care sector. The use of tools from the field of industrial

organization allows me to combine a solid theoretical background with clearly identified

reduced-form and structural models, to analyze the welfare implications of equilibrium

behavior in these markets, and to evaluate policy interventions and regulations aimed at

improving welfare.
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Introduction

The central goal of my dissertation is to answer important questions about market

design in health care when consumers have inertia, using modern industrial organization

tools. The presence of consumer inertia in several markets has been well established in

the literature. However, we still know very little about how different forms of inertia

affect the welfare of consumers, and how firms react to consumer inertia in terms of their

decisions on prices, quality, and entry and exit of products or firms. In my dissertation,

I shed light on these issues in the context of different institutional settings of health care

sectors in different countries. Health care markets are extremely relevant because of their

huge impacts on the quality of life and on mortality of individuals. In times where the

expenditure on health care is increasingly high in modern economies (18% of the GDP in

US), a better understanding of how these markets work is needed in order to decrease the

costs and improve their performance.

Health care markets usually present different sources of inertia. Consumer inertia,

an expression used to refer to both switching costs and lock-in, implies that consumers

change health insurance plans less frequently than they change their choice of products

in other markets. Economists use the expression switching costs to refer to any one-

time cost that a consumer incurs as a result of choosing a product/provider different to

the product/provider chosen in the previous period. Switching costs can have several

causes. They can represent actual pecuniary costs (a fee that has to be paid for switching

providers) or other types of utility costs, like having to switch to a new physician or

having to learn how to deal with new claims formularies. Additionally, switching costs

13



can originate from behavioral biases, like choice overload (in settings where many plans are

offered) or even rational inattention. On the other hand, lock-in is defined as the situation

in which a person is not able to change the choice of product/provider, even when it is

in her best interest to do it. Lock-in is always present in these markets, since consumers

usually have to stay enrolled with the same provider between open enrollment periods,

even when the person would like to change providers in between two open enrollment

periods.

The presence of inertia changes the way markets typically work. One of these changes

is that under the presence of consumer inertia we need to consider dynamic models, since

both consumers and firms have incentives to take into account their expectations about the

future when making decisions. More generally, the use of tools from the field of industrial

organization allows me to combine a solid theoretical background with clearly identified

reduced-form and structural models, to analyze the welfare implications of equilibrium

behavior in these markets, and to evaluate policy interventions and regulations aimed at

improving welfare. The three chapters of my dissertation discuss different issues that arise

under the presence of consumer inertia in health care markets. In the following paragraphs

of this introduction I briefly present the chapters and summarize their main results.

The first issue that I address in my dissertation is that different sources of inertia can

have different effects on consumer welfare. In the first chapter, I disentangle the effects of

reductions in switching costs and in the length of contracts (lock-in) on consumer welfare,

using quasi-experimental variation in the length of contracts in the Uruguayan health care

system.

The vertically integrated Uruguayan health care system and the regulated mobility

across hospitals of its public health insurance policy, provide a good setting to identify

these effects. First, since 2007 a public health insurance policy (FONASA) has been im-

plemented, which covers the monthly fee to have health care coverage at the particular

hospital that the consumer chooses. Second, under the program, the mobility of con-

sumers across hospitals is strictly regulated. Even when hospitals change characteristics

and prices, and consumers may want to reoptimize their option based on these changes,

they have to stay enrolled with the same hospital for at least three years before they are

14



able to choose a new hospital in a yearly open enrollment period. Finally, contrary to

what happens in many countries (notably the US), the setting for the problem is rela-

tively clean: consumers receive all their health care from the hospital they have chosen,

without the intermediation of insurance companies, and there are only a limited number of

hospitals. These features allow me to develop a dynamic discrete choice model of demand

for differentiated products.

I estimate the model through a nested fixed-point algorithm using administrative

records on hospital characteristics, posted out-of-pocket prices, and individual consumer

choices for hospitals between 2009 and 2013. The estimates point out the importance of

the switching cost, which represents 40% of the average health care expenditure per year

in Uruguay. I use counterfactual exercises to determine the cost of the dynamic lock-in

for consumers based on consumer welfare computations. I find that although consumer

welfare would increase with reductions of the lock-in length, large gains are only obtained

when lock-in reductions are combined with reductions in switching costs.

The second issue addressed in my dissertation is that consumer inertia provides in-

centives for firms to exploit their stickiness. In the second chapter, I study the effect of

supply-side firm responses in terms of pricing and offering of new products, on consumer

welfare in Medicare Part D in the United States. When consumer choices have inertia,

firms have incentives to use dynamic pricing by first reducing the price to build a large

market share, and then increasing prices. This strategy may reduce consumer welfare

through increases in the prices for incumbents, while also changing the patterns of entry

and exit in the market. Although the presence of inertia in health care markets has been

well established, little is known about the welfare implications of dynamic pricing in these

markets.

In order to assess these implications, in the second chapter I develop and estimate

a dynamic model of supply and demand for Medicare Part D prescription drug insur-

ance plans, where multi-product firms consider consumer inertia in their decisions about

premiums, offering of new plans, and exit of plans. Using the model and the estimated

parameters, I conduct counterfactual exercises where I explore the welfare effects of a pol-

icy that limits dynamic pricing by imposing fixed markups. I find that this policy, given
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the actual consumer inertia present in this market, would improve consumer welfare by

3.1%, through a reduction in premiums that is partially offset by a reduction of entry into

the market. When the same policy is implemented in a counterfactual scenario without

inertia, it has a larger positive effect, increasing consumer welfare by 9.4% relative to the

benchmark. This difference indicates that policies that limit dynamic pricing can be more

effective in improving consumer welfare in markets with lower levels of consumer inertia,

where they are less likely to harm market entry.

The last issue I address in my dissertation is related to policies oriented to reduce

inertia, and the welfare gains or losses from such policies. Most of the literature related

to inertia proposes reductions to inertia via the provision of more information or by sim-

plifying the architecture of choice, in order to increase consumer welfare. In health care

markets, reductions of inertia in consumer choices may also lead to greater incentives for

firms to increase quality. With non-perfectly substitutable inputs, hospitals could increase

their quality by demanding better technology or better physicians. However, because only

persons with a medical license are authorized to practice medicine, in the short run the

elasticity of supply of high quality physicians is relatively low. Therefore, an increase in

the demand for high quality physicians could lead to an increase in their relative wages

without increasing their total hours of work.

In the third chapter of my dissertation, I assess these predictions using a quasi-

experimental setting in the vertically integrated Uruguayan health care system, where

competition across hospitals was increased via reductions in the inertia of consumers. I

use administrative records on wages and hours of work in all hospitals for all specialists

in the Uruguayan health care system, matched with data on the scores that specialists

obtained in the medical specialty school admissions tests, which I use as an exogenous

measure of quality of specialists. Consistent with the idea of an inelastic relative supply

in the short run, I show that the increased competition shifted the relative demand for

high quality medical specialists, increasing their relative wages but without strong evi-

dence of an increase in quality, approximated as relative hours of high quality over lower

quality physicians.
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Chapter 1

The costs of lock-in in health care

markets: evidence from hospital

choice in Uruguay

1.1 Introduction

Health care markets usually generate consumer lock-in because consumers can only

change providers during open enrollment periods. However, the length of the lock-in

period varies across different programs in the US and across different countries. For

example, under the Affordable Care Act individuals can purchase private insurance plans

during the “Open Enrollment” period (OEP); in the first year of operation, the OEP run

from October 1, 2013 to March 31, 2014, while the OEP for 2015 was November 15, 2014

to February 15, 2015. If a person doesn’t enroll by the end of the open enrollment period,

she cannot get private health insurance under the program until the next open enrollment

period begins.1 From the point of view of the consumer, this regulation imposes a lock-in of

a year with the same insurance plan. In Medicare, the length between two OEPs (LOEP)

varies among the different parts of the program. While Part A and B have a LOEP of

1There are some exceptions to this lock-in. Individuals can qualify for a special enrollment period following
certain life events (e.g. marriage, divorce, the birth of a child, moving to another state or certain income
changes).
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a year, Part C and Medicare Advantage consumers can change plans every month. In

the Uruguayan program FONASA, consumers can switch hospitals2 each February if they

have been enrolled in the same hospital for at least three years.3

There is a trade-off in the determination of the optimal length of the lock-in. On

the one hand, the lock-in imposes a cost on consumers. Shorter periods of lock-in would

improve consumer welfare by allowing them to optimize more frequently under changes in

their characteristics or health conditions. On the other hand, making the lock-in period

shorter could potentially have a large impact on the extent of adverse selection, and con-

sequently, reduce total welfare. The term adverse selection is commonly used in the health

care literature for a situation in which high-risk individuals self-select into more generous

coverage plans. A shorter length of the lock-in period would increase the adverse selection

problem if it creates incentives for consumers to stay with not very good (but inexpensive)

providers and switch to a better provider when they develop a health condition. Finally,

it is important to note that substantial barriers to decision-making such as lock-in and

switching cost would imply ambiguous effects on price competition.

This paper addresses one part of this problem, quantifying the cost of consumer lock-

in. In order to asses the costs of consumer lock-in in health care markets, one must

first understand how consumers switch providers under the presence of switching cost,

an issue that has been well understood in the literature (see Handel (2013)). Under the

presence of switching cost and lock-in, the consumers will take into account the amount

of the switching cost and other dynamic considerations (such as the expectations over the

future evolutions of the plans) in order to make decisions about changing providers. In

this context, a dynamic structural model that captures the parameters that underlie these

decisions is necessary in order to evaluate the welfare of consumers when there are changes

in the length of the lock-in.

2In the Uruguayan health care system, Collective Medical Assistance Institutions (hospitals hereafter) supply
comprehensive health care plans that provide all levels of medical care. Consumers choose a hospital to enroll
in and receive all health care from that hospital.

3In February 2009, consumers were required to have been enrolled in the same hospital for at least 10 years
in order to be able to switch hospitals. In February 2010, the requirement was reduced to 7 years, and from
February 2011 onwards the requirement has been 3 years. In any of these periods, consumers knew that if they
switched hospitals, they would have to stay enrolled in the same hospital for three years in order to be able to
choose again.
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Using data from the Uruguayan FONASA program, I develop and estimate a dynamic

discrete choice model of demand for differentiated products, in order to explain hospital

choice and evaluate the effects of changes in the duration of lock-in. FONASA is a universal

health care program for retirees and formal workers and their dependents. The Uruguayan

health care system offers an excellent setting to discuss the optimal duration of lock-in

in health care markets mainly because of three features. First, since 2007 Uruguay has

established a public health insurance policy (FONASA) with the goal of universalizing

the access to health care. The program covers the monthly fee required for health care

coverage at the particular hospital that the consumer chooses. Since 2007 FONASA has

expanded by incorporating groups of workers that had not been covered by social security

before. By the end of the period studied in this paper, FONASA was providing coverage

to about two-thirds of the Uruguayan population, a very representative part of the total

population. Second, contrary to what happens in many countries (notably the US), the

setting for the problem is relatively clean: consumers receive all their health care from the

hospital they have chosen without the intermediation of insurance companies and there

are only a limited number of hospitals. Finally, under FONASA the mobility of consumers

across hospitals is strictly regulated and there has been variation in the regulation of the

length of lock-in. For the first time in almost 10 years, in 2009 the government allowed

consumers to move across hospitals. Even when hospitals change characteristics and

prices and the consumers may want to reoptimize their option based on these changes, the

consumer has to stay enrolled in the same hospital for a long period of time (currently 3

years) before they are able to choose a new hospital in a yearly OEP.

I use restricted access administrative records from the Department of Public Health in

Uruguay.4 The data cover the individual hospital choice history for all consumers under

FONASA from quarter 1, 2009 to quarter 2, 2013, as well as information about hospital

characteristics and posted out-of-pocket prices. I estimate the parameters of the model

using a simplified version of Gowrisankaran and Rysman (2012). In order to address the

endogeneity between price and unobserved quality Gowrisankaran and Rysman use the

generalized method of moments (GMM), nesting a Berry et al. (1995) fixed point in the

4Ministerio de Salud Pública.
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nested fixed point a la Rust (1987). In this paper, since there are only a few hospitals and

a relatively large number of time periods, I can use fixed effects by hospital and estimate

the parameters using maximum likelihood estimation instead of the generalized methods

of moments. I estimate the model through a nested fixed point algorithm. The inner loop

of my algorithm solves for the expected value of the Bellman equation of new FONASA

consumers, while the outer loop searches for the value of the parameters via maximum

likelihood, using the probabilities computed with the result of the inner loop.

There are two sources of fundamental variation to identify the parameters of the model

(the flow utility parameters and the switching costs). First, since I use hospital fixed

effects, I identify the parameters of the model by leveraging the variation over time of the

characteristics of the hospitals and out-of-pocket prices, and the consumers’ decisions on

whether or not to switch hospitals. The second fundamental source of variation used for

identification comes from the changes of the lock-in regulation as well as the incorporation

of new individuals into FONASA. Both of these changes allow me to observe different

individuals who, at the time of deciding whether to switch hospitals, face the same value if

they decide to switch, but who face different lengths of lock-in periods if they stay enrolled

in the same hospital. These consumers’ decisions about whether to switch hospitals or

not provide me with additional variation to identify the parameters of the model. The

existence of these sources of variation is documented in the descriptive statistics and their

effects on the switching decision is tested in reduced-form regressions.

The reduced-form evidence highlights three aspects of the rationality of consumer deci-

sions that are recovered in the model. First, consumers have incentives to switch hospitals

due to the different evolution of hospital prices, especially when the system of regulated

mobility was working in a stable regulation. Second, the probability of changing hospitals

is negatively correlated with better hospital characteristics and positively correlated with

prices and the length of the lock-in period that the consumer will face if she decides to

stay. The longer this period is, the higher the probability that a person will consider the

other hospitals and will try to find a better one in the market. Third, and conditional on

a consumer’s decision to switch hospitals, better characteristics and lower prices increase

the market share that a hospital is able to capture.
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The estimates of the structural parameters of the model show the importance of con-

sidering the switching cost in order to calculate the effects of reductions of the length of

the lock-in period. The point estimate of the switching cost of $482 seems lower compared

to previous literature, but is actually higher when considering that it represents 40% of

the average yearly per capita health expenditure in Uruguay. The fact that the switching

cost is relatively high has impacts on the potential gains from reducing the length of the

lock-in, since a higher switching cost reduces the consumer welfare increase from having

a shorter lock-in period.

Using the parameters estimated with the structural model, I compute different coun-

terfactual exercises to analyze the effects of reductions in both switching costs and lock-in

duration. I use the concept of compensating variation (the amount of money that would

induce an equivalent change in expected utility) to measure of consumer welfare. In each

counterfactual analysis, consumers are allowed to make their optimal decision adjusting

the current value of options and the expectations about the future. Therefore, the dynamic

components of the optimizations are included in the continuation value of each option,

which includes the process of making rational expectations about the future evolution

of the utility for different hospitals. One important shortcoming of these counterfactual

analyses is that they do not include the aspects of adverse selection and/or endogenous

pricing policies that could be affected by changes in lock-in durations or switching costs.

Even with these limitations, these counterfactual analyses allow me to approximate partial

effects of reductions in inertia and isolate the factors that are driving consumer demand.

The results from counterfactual analyses suggest that switching costs are more impor-

tant than the lock-in in the FONASA setting. While a relatively large reduction of the

switching cost (to 25% of its actual level) would increase consumer welfare by 30% with

respect to the benchmark, a reduction of the lock-in period from three years to one year

would only increase consumer welfare by 5.5%. Consumer welfare increases more when

lock-in reductions are combined with reductions in switching costs, and a reduction in the

lock-in length has a larger effect when the switching costs are lower. These results are

consistent with the fact that shorter lock-in durations allow consumers to re-optimize more

frequently. If switching costs are very high, there are less incentives to switch hospitals, so
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reductions in lock-in would have a lower impact. These results suggest that the regulator

should put more effort in reducing consumer switching costs than in reducing the duration

of lock-in, especially when the latter could lead to an increase in adverse selection that

could potentially reduce total welfare.

The rest of the paper proceeds as follows. Section 2 describes the trade-offs involved

in the determination of the optimal time of the lock-in and related literature. Section 3

describes the Uruguayan health care system. Section 4 presents the data and descriptive

and reduced-form evidence on the sources of variation in the data. Section 5 develops

the model and discusses its shortcomings. Section 6 discusses the identification and the

estimation strategy. Section 7 presents and discusses the results of the estimation and the

counterfactual exercises. Finally, section 8 presents final comments and lines for future

work.

1.2 Optimal length of lock-in and related literature

This section discusses the optimal length of lock-in and the literature related to this issue.

First, I present what is considered a lock-in situation in this paper. After that, I discuss

the trade-offs involved in the determination of its optimal duration based on the previous

literature.

For the purposes of this paper, lock-in is defined as the situation in which a person

is not able to switch hospitals (health care providers) even when it is in her best interest

to do so. A consumer’s optimal hospital choice can change due to changes in individual

characteristics (e.g. income or health conditions) or changes in the characteristics of

hospitals (prices or other characteristics). However, under the lock-in situation the person

is not able to choose hospitals. For example, in order to be able to switch hospitals

under the FONASA program in Uruguay consumers have to meet a requirement of tenure

in their current hospital and are only able to switch during an annual open enrollment

period. It is also useful to define what is meant by switching cost in this paper. I use

the expression switching cost for any one-time cost that a consumer incurs as a result of

choosing a hospital different from the hospital chosen in the previous period. Note that, as

22



in Handel (2013), my approach does not distinguish between different micro-foundations

of inertial behavior, and switching costs (inertia) are modeled in a specific way, namely as

an incremental cost paid conditional on switching hospitals.

It is important to note that the lock-in is different from and can exist beside the

switching cost, although both will increase choice persistence. One way to see the difference

between these two effects is to think about a myopic consumer. Assume a consumer that

does not care about the future (she has a discount factor of zero). Whenever this consumer

is choosing hospitals, she will take into account the hospital she is already enrolled at and

the current period utility of the hospitals among the available options. In the decision of

this consumer the switching cost will still play a role, while the length of time between

two OEP will not have any effect in her decision. This example emphasizes that in order

to understand how consumer decisions change under the presence of different durations of

lock-in, it is important to distinguish the effects of the switching cost and time preferences.

This example also highlights the importance of taking a dynamic approach, because under

the presence of switching cost or lock-in consumers would take into consideration the

future, and the assumption of consumer myopia is likely to be violated.5

The length of the lock-in has important implications for consumer decisions and, in

turn, for consumer and total welfare in the market. On the one hand, conditional on

the absence of changes in prices, a shorter duration of lock-in will allow consumers to

optimize their choice more frequently, and therefore it will be weakly welfare increasing. If

consumer characteristics such as income or health conditions change, being able to choose

the hospital that better fits their preferences would increase (or at least maintain) their

welfare. However, one important thing to notice is that the presence of a switching cost

could reduce the gains of a shorter duration of the lock-in. The extent of the benefits from

having a shorter duration of lock-in are therefore a function of the value of the switching

cost and of time preferences. In each particular context, the evaluation of these benefits

remains an empirical question. There are numerous papers that suggest the existence of

high switching costs in the health care sector, especially for Medicare and Medicaid in

5Klemperer (1987a) provides an example of how switching cost or lock-in would induce dynamic considera-
tions for consumers and firms. In a two period duopoly model, the firms will charge higher prices in the second
period, and, therefore, consumers would consider this situation to make first period decisions.

23



the US. Emanuel and Dubler (1995) and Gill et al. (2000) point out that the relationship

between patient and physician or visiting the same provider multiple times have a positive

impact on health outcomes, imposing a switching cost to the consumers. Other papers

point out that the nature of the switching cost does not come from the health providers

but from the consumers. The cost of searching for information about hospitals or even the

“default bias” (Choi et al. (2011)) would generate a high switching cost. In a recent paper

that considers the effect of a switching cost and plans’ exit and entry, Nosal (2012) finds

that the share of consumers choosing Medicare Advantage plans in place of the original

Medicare would more than triple in the absence of the switching cost, and it would nearly

double if plan exit and quality changes were eliminated.

On the other hand, recent literature points out that policies designed to improve con-

sumer choice will have an ambiguous welfare effect, since the impact of better decision

making conditional on prices could be offset by adverse selection. Adverse selection in

health care markets is commonly used as shorthand for a situation where high-risk in-

dividuals self-select into more generous coverage (see Einav et al. (2010b) for a recent

review). In the setting of this paper, a shorter duration of lock-in would increase the

adverse selection problem if it is possible that a consumer that had chosen a less expen-

sive but lower quality hospital while she felt healthy would choose a better hospital if

she discovers that she needs treatment because of a health problem. This phenomenon

was first pointed out in the classic models of Akerlof (1970) and Rothschild and Stiglitz

(1976). Some recent papers model selection as a function of expected health risk and

study the welfare loss from adverse selection in their observed settings relative to the first

best (Cardon and Hendel (2001), Carlin and Town (2007), Bundorf et al. (2012), Einav

et al. (2011). Handel (2013), in a similar framework, investigates consumer inertia in

health insurance markets. Using a major change to insurance provision that occurred at a

large firm, the author finds that improved individual-level choices substantially exacerbate

adverse selection, leading to an overall reduction in welfare. Using a different approach,

Cutler and Reber (1998) and Einav et al. (2010a) also study the welfare consequences

of adverse selection in the context of large self-insured employers. Cutler et al. (2008),

Cutler et al. (2010a), and Fang et al. (2008) study other dimensions of selection in health
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care (mainly moral hazard).

Additionally, the duration of the lock-in would change the dynamics of competition in

the market. The effect of a shorter duration on average prices in the market is not clearly

predictable. Theoretical models have presented different settings with different outcomes.

In their survey, Farrell and Klemperer (2007) suggests that lock-in situations tend raise

prices, but when consumers believe that unanticipated price changes are more permanent

than their product preferences, the prices may be reduced. In models with finite horizon

and low capability to discriminate prices among new and “locked-in” consumers, a firm

with a larger customer base puts relatively more weight on harvesting this base than on

winning new customers (“fat-cats effect”). However, it is unclear that these incentives re-

main when the market works in an infinite horizon or when a large number of consumers

are entering the market from the outside option. From an empirical perspective, over the

last decade a series of papers have been written that model the price setting behavior

of hospitals. In their chapter for the Handbook of Health Economics, Gaynor and Town

(2011) present a survey of the papers that address the role of competition in affecting

prices and the quality of care in the US health care market. However, the authors point

out that some particularities of the US health care market (remarkably the fact that most

of the cost of hospitalization is covered under the patient’s insurance and hence any price

differential between hospitals is not generally reflected in the patient’s out-of-pocket cost)

make it difficult to address the price elasticity of health care consumption. The absence

of insurance companies between consumers and hospitals and the fact that the prices are

posted make the Uruguayan case interesting for understanding the strategic price competi-

tion among hospitals when lock-in or switching cost situations are present. More recently,

some papers have addressed the issue of supply responses to inertia in health care markets.

Ho et al. (2015) and Ericson (2014) find evidence of this behavior in Medicare Part D Drug

Plans, while Miller (2014) incorporates the invest-harvest behavior in the assessment of

the costs of Medicare Advantage. Finally, Atal (2016) empirically investigates the welfare

effects of the trade off between re-classification risk and guaranteed-renewable contracts

in Chile.

To summarize, there is a trade-off between the potential gains for consumers from
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shorter lock-in periods and the potential losses for firms from the adverse selection. Fur-

thermore, the dynamics of competition in the market (pricing, entry and exit behavior)

may change because of the increase in the competition given by a reduction of the lock-in

length. It is possible to think that there is an optimal length for the lock-in which depends,

among other things, on the level of switching costs for consumers, the level of competition,

and the persistence of the health shocks because very persistent health shocks would de-

crease the level of adverse selection. There literature that considers the welfare effects of

lock-in is very scarce, and this paper contributes to assessing part of these welfare effects.

In terms of the model and methodology, this paper is closely related to Gowrisankaran

and Rysman (2012), Shcherbakov (2008) Cullen and Shcherbakov (2010) and Nosal (2012).

All these papers are based on Gowrinsakaran and Rysman’s methodology, which creates a

new estimation technique for dynamic consumer demand for durable goods based on the

insights of Berry et al. (1995) and Rust (1987). Nosal (2012) develops a model similar to

the one I use in this paper with the objective of estimating the size of consumer switching

costs in Medicare Part D using aggregate level data (market shares). Nosal does not

address the question of welfare changes from changes in the lock-in length, which is the

main focus of this paper. Also, from the point of view of the estimation, the identification

strategy of this paper has some advantages relative to Nosal (2012), because I make use

of individual level-data and variations in the lock-in rules in order to estimate the model

that is used to compute the welfare effects in the counterfactual analyses.

1.3 Background about Uruguayan FONASA

The Uruguayan FONASA6, a public health insurance policy that aims at providing uni-

versal coverage to the population, provides a good setting to identify the cost of lock-in.

With the goal of universalizing coverage, in July 2007 FONASA started covering everyone

6Uruguay has a population of 3.3 million and a GDP per capita of about 16,000 dollars in PPP in 2012
(Uruguay is similar in population and size to Oklahoma State in the US, and the GDP per capita of the
United States is approximately 3.25 times as large). Health expenditures represented 8.5% of the GDP in 2011.
The Uruguayan population is relatively elderly and has relatively high life expectancy at birth (77 years), with
population dynamics in terms of mortality and birth rate similar to developed countries. Most of the population
(95%) lives in urban areas, with 40% of the total population living in Montevideo (capital city) and another
25% in the other coastal political jurisdictions (departamentos) (see Figure 1-1).
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that was previously covered by the social security program (DISSE) plus the public work-

ers that had no other source of coverage. From then on, FONASA gradually incorporated

different groups of individuals including workers in the banking sector, notaries, public

workers, retirees, and dependent children and partners of other individuals covered by

FONASA, totalizing two thirds of the total Uruguayan population. Table 1.2 presents the

number of people covered by FONASA by year and by categories. As it is discussed in

Section 6.1, this difference in the timing of the entry of different collectives to FONASA

will be exploited as a source of variation to identify the model.

Once covered by FONASA, a person has the right to choose a health care provider

among the public health care provider (ASSE) and private providers. For each person cov-

ered, FONASA pays an age- and gender-adjusted per capita monthly fee to the providers.

The amount of the fee is fixed by the regulator and is the same to every health care

provider. Traditionally, health care providers in Uruguay have been vertically integrated,

being both the insurance company and the providers of health care. Also, all the health

care organizations, whether they are private or public, have to re-insurance their con-

sumers for “catastrophic” health episodes—those that, due to their high cost and low

frequency, could make an institution have serious financial problems.7

The non-catastrophic sector of the Uruguayan health care system is composed by a

public sector and a private sector. Table 1.1 presents the distribution of consumers by

provider in 2012. In the public sector the main provider is the National Administration of

Health Services (ASSE, for its acronym in Spanish), which provides services for about 31%

of the population, mainly the low-income population and other people not covered by the

social security programs (such as informal workers).8 The private sector is structured in

7The National Fund of Resources (FNR for its acronym in Spanish) is a public organization that administrates
this insurance. It is funded through fees charged per consumer and other fees and tax contributions. The FNR
sets fees that the different types of consumers (those in the social security program, those who purchase
coverage privately and those who are covered by public organizations) have to pay. Note that even when
these fees vary across the different sources of coverage, they do not vary on the basis of which organization is
providing health care to the consumer. With these funds, the FNR pays for treatments in Highly Specialized
Health Institutes (IAME for its acronym in Spanish) who are the actual providers of these health care services.
The FNR also covers many health care episodes and therefore removes a lot of risk from the hospitals. Although
the name suggest highly specialized episodes, the FNR actually also covers very common health treatments like
catheterization, pacemakers, burn treatment, arthroplasty, as well as transplants (bone marrow, heart, kidney,
etc).

8Other public providers include the Military Hospital and the Police Hospital, which cover approximately
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Collective Medical Assistance Institutions (hospitals hereafter) and some private insurance

companies. These private insurance companies are for-profit firms that generally have their

own facilities for office-based doctor visits but use other hospitals’ facilities for inpatient

hospital services. Their health insurance plans are more expensive than hospitals both in

terms of monthly fees and out-of-pocket prices, but they are perceived by the population

as a higher quality option. These insurance plans provide services for only less than 2%

of the population and are targeted to the very high income population.

Hospitals are non-profit organizations that provide services to approximately 59% of

the population. There are 38 hospitals in Uruguay, 11 in the capital city and at least one

in each of the other 18 departamentos of the country (see Figure 1-1 and 1-2). During the

period of analysis there is virtually no entry or exit of hospitals. During a macroeconomic

recession at the beginning of the 2000’s, hospitals suffered a big crisis followed by some

failures and mergers. By the end of the past decade the financial situation of the hospitals

had improved. As a consequence, all but two hospitals that were present in 2008 were still

providing services by the end of 2013.9 Finally, there have been no entries in the hospital

industry in the last decade.

According to the Uruguayan Department of Health, these hospitals are distributed

in 17 markets, that in general correspond to the departamentos (departments). The

hospitals in Uruguay are generally located in the capital city of each department and,

usually, people from all the other cities in the department go to the capital city to receive

most health care services (Figure 1-1). There is very little migration of population across

departments. In Montevideo, the situation is relatively different because there are eleven

hospitals. Location is not an issue in hospital choice in Montevideo, and generally people

do not switch hospitals when they move within the city. All but one of the headquarters

of the hospitals are located in a radius of less than 2 miles in the center of the densely

populated area of the city. The one that is not located in this radius is just a few miles

further away. The geographic distribution of the hospitals in Montevideo is shown in

7.2% of the population.
9The two hospitals that left the market are: a) IMPASA, which after a government intervention started the

merger process with the hospital SMI in 2006, and all the consumers enrolled in IMPASA were transfered to
SMI with the same conditions that they had before; and b) UMERCO, which is a hospital that closed at the
end of 2011.
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Figure 1-2. Panel (a) presents the distribution of population in Montevideo. Panel (b)

presents the location of the headquarters of the hospitals in Montevideo. Finally, Panel

(c) shows how the subsidiaries of these hospitals are located in the densely populated area.

One of the main characteristics of the Uruguayan health care system, contrary to what

happens in many countries and remarkably the US, is that there is an actual demand for

hospitals. First, there are no insurance companies working as an intermediary between

consumers and hospitals. Second, each person receives all the health care services from the

hospital they choose to enroll in.10 An important consequence of this that is important

for the identification of my model, as I discuss below, is that hospitals are not specialized

in different health conditions. Even in the market of Montevideo, which has the largest

number of hospitals, the distribution of visits to these hospitals (Figure 1-3) shows that

there is no specialization in terms of the treatment of different conditions across hospitals.

From the point of view of the hospitals, most of their revenues come from the monthly

fees (analogous to premiums) they charge to their consumers. In the case of the con-

sumers that are not in FONASA, the hospitals decide what is the price of the monthly fee

(although the maximum increase in these fees is regulated), which must be the same for

any consumer. In the case of the individuals covered by FONASA, the hospitals receive a

fixed fee per consumer (adjusted for age and gender). Other sources of revenues are the

out-of-pocket expenditures that consumers have to pay for doctor visits, clinical studies,

and other treatments. In general, out-of-pocket expenses (copayments) are presented as

moderators of the demand, and not as a proportion of the cost of the treatment. However,

these copayments represent a significant share of the total revenues of the hospitals. The

price increases of these copayments are regulated. Twice a year the government fixes the

maximum increase that the hospitals can make to the prices of the out-of-pocket expenses.

Under this regulation, the hospitals are free to reduce the prices, and an aspect that is key

for this paper is that their relative prices are determined by the hospitals’ decisions. With

the reforms in the social security programs, the government promoted a general reduction

10The issue that the person receives all the health care from the same hospital has given place to the surge of
private companies that provide ambulance transportation services. For example, in the event of a heart attack,
these ambulance services give the consumers first aid and transport them to the hospital’s emergency room.
During the last decade these firms have also expanded and some of them have their own doctor offices providing
some health care services.
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in the copayment prices for all hospitals. Although this policy was relatively successful,

the co-payments still represented 9% of the total revenues of the hospitals in 2011.

From the point of view of the consumer covered by FONASA, the different choices of

health care providers imply different costs. First, if the person chooses a private insurance

plan, she will have to pay a monthly complement of the monthly fee. This complement

is the difference between the actual price of the private insurance plan and the age- and

gender-adjusted per capita fee that FONASA pays to providers. This difference is signifi-

cantly large and seems to be one of the main reasons why less than 2% of the FONASA

covered individuals choose one of these private insurance plans (Table 1). I excluded

this 2% of FONASA consumers from the analysis. For the other 98% of FONASA mem-

bers, the price of the copayments is the most important factor in their decision. Because

they have to pay the same (tax contributions on wages) regardless if they choose ASSE

or any private hospital, these consumers mainly choose hospitals based on the prices of

the copayments. When enrolled in ASSE under FONASA coverage there are no copay-

ments. Although the government has been carrying out a plan to increase the quality

(and budget) of the public health care service, ASSE is seen by the population as a lower

quality health care provider than the private hospitals, particularly in the services requir-

ing inpatient care. This leads to the majority of consumers choosing to enroll in private

hospitals (87%). The hospitals charge a monthly fee (paid completely by the government

for FONASA members) and copayments. Hospitals use the copayment level and structure

as a way to compete for consumers. Therefore, under FONASA, these copayments are the

only differential cost that consumers face when choosing among different hospitals.

In addition to out-of-pocket price competition, consumers care about the availability

of physicians in these institutions, in particular the waiting time for an appointment with

professionals of certain medical specialties. Each year the Department of Public Health

releases information about the out-of-pocket prices of the hospitals, the accomplishment

of some goals that the regulator had previously set, and some other general information,

with the purpose of making consumer decisions more information-based. However, the

information provided has been changing over the years and thus it is not possible to con-

struct consistent data series. Hospitals have very little room to use other potential drivers
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of competition because of the regulation. The incorporation of technology to play “arm

races” is prevented by a tight regulation of the requirements that health care organizations

have to satisfy to incorporate new technology. As part of these requirements, the regula-

tor evaluates the perceived demand on the system and the impact of the technology on

consumers’ health. The regulation of advertisement has also been tight, and was increas-

ingly regulated during the reform period. Since December 2011, the regulator informs the

health care organizations about the priorities that the advertisement should address, and

no less than 80% of the total time of the advertisement must be about these contents.

In 2009 the government opened an open enrollment period for the first time in nine

years, in which each person covered by FONASA was allowed to switch to another hospital,

private insurance plan, or ASSE. In 2000, the government had implemented a lock-in

with the current hospital for all the individuals covered by the social security program

(DISSE). The reason declared by the government for this regulation was the fact that

some hospitals were “buying” consumers, paying them to switch hospitals. Act 65/009

established that the persons covered by FONASA would be allowed to switch to another

provider in the system during the month of February 2009, if by February 1st, 2009 they

had been enrolled with the same provider for at least 10 years. The act also established

that once the person moved to another provider, she would have to remain enrolled with

the new provider for at least three years before being able to switch again. Finally, the

Act established that the individuals who are assigned to ASSE by default (because they

do not indicate a choice of provider when they obtain FONASA coverage) would be able

to choose a provider on February each year.11 In January 2011, Act 03/2011 argued that

“given the important extent of fidelity of the consumers with their providers, and the

better awareness among consumers of their rights, including the informed and responsible

choice of provider, it is convenient to determine permanent conditions for the mobility of

consumers under FONASA.”12 This Act established that each year, during February, the

individuals covered through FONASA that by January 31st of the current year had been

11In 2010, Act 14/010 established very similar conditions to Act 65/009. However, the requirement for being
able to choose a new provider was reduced to seven years instead of 10 years of being enrolled with the same
provider. The requirement of the lock-in for the next three years after switching providers was kept unchanged,
and people assigned to ASSE by default could also change in the same conditions.

12Author’s translation from Spanish.
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enrolled with the same provider for at least 3 years, would be able to switch to another

provider of their choice. The act also established that once the person has moved from one

provider to another, she had to be stay enrolled with the new provider for at least three

years before being able to switch again. Finally, the Act established that the individuals

assigned to ASSE by default (because of not having chosen a provider when they obtained

FONASA coverage) would be able to choose a provider on February each year.

1.4 Data and preliminary evidence

I use restricted access data from the Uruguayan Department of Public Health (MSP, for

its acronym in Spanish). Three types of data are used: data on hospital out-of-pocket

prices, data on hours worked by physicians by hospital, and the RUCAF database with

panel data on individual choices of health care providers. The data covers the period

from the first quarter of 2009 to the second quarter of 2013. In this paper Montevideo

is considered an unique market because of the considerations regarding distance among

hospitals provided above in the paper. For the rest of the country, two hospitals are

considered in the same market if the Uruguayan Department of Public Health lists them

together as possible substitutes when providing information about the regulated mobility

system. In general the definition of the markets coincides with a department, but some

markets are defined over more than one department.

The first type of information is about prices of the out-of-pocket expenses in each

hospital. Each month, hospitals must submit an affidavit with the prices they will charge

to their consumers for out-of-pocket expenses. These prices should be lower than or equal

to the previous month prices, except in the months in which the Executive Branch allows

increases up to a maximum (January and July of each year). Within 45 days from the

end of each month, hospitals must send to the MSP the number of individuals that paid

each price (as different groups of people can pay different prices due to the possibility of

applying group discounts), presenting the information for FONASA and non-FONASA

members separately.

The information on prices is not standardized across hospitals (or even for the same
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hospital across time) and some hospitals provided detailed information on a large number

of copayment prices. I create an index of prices for each hospital by quarter, using the

prices of the copayments for FONASA members for each hospital, and data on average

consumption of some categories of out-of-pocket expenditures in the system.13 With this

information, I compute a price index (price variable) by quarter and hospital. Note that

these prices are not the average price for a consumer, since they include some services that

some consumers will not use and does not include some other services. However, provided

that the weights are taken from statistics on the whole system and not by hospital, and

that the services taken into consideration are the most used and reflect the most common

copayments, overall it reflects reasonably well the price level per hospital.

The second type of information allows me to construct some characteristics of the

hospitals. I obtained information from the Control and Analysis of Human Resources

System (SCARH, for its acronym in Spanish) on the total number of hours worked by

physicians in offices (specialists and general medicine) and in urgent care rooms by hospital

and quarter. With this information I construct the average physician time per person by

hospital and quarter in office-based and urgent care rooms (office visit and urgent

care visit variables, respectively). In order to obtain these variables I sum the total

physician hours in each of these services, and then divide them by the total number of

enrolled members in each hospital during each quarter. The data on the total number

of enrolled members per hospital (FONASA members plus non-FONASA members) is

publicly available at the webpage of the Uruguayan Department of Public Health.

Finally, the third source of information is the Unified Register of Affiliation (RUCAF

for its acronym in Spanish). The RUCAF database has the following variables for each

person in FONASA who is enrolled in a hospital or a private insurance plan: a unique

identification number for the person, the department where the person lives in each period,

13The categories that are included in the index, with the average number of utilization events per year per
person for the whole system in parenthesis, are the following: non-urgent general medicine office-based doctor
visit (1.6), non-urgent pediatrics office-based doctor visit (2.8), non-urgent gynecology office-based doctor visit
(1.1), non-urgent other office-based doctor visits (1.5), hospital-based urgent care visit (0.9), urgent care home-
based visits (0.1), non-urgent home-based doctor visits (0.4), dentist visits (0.3), prescription drug purchases
(13), lab analyses (4.1) and radiology analysis (0.4). All prices are expressed in Quarter 1, 2009 Uruguayan
pesos using the Uruguayan Consumer Price Index. Future versions of the paper will improve this index by
incorporating more information on prices.
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source of coverage (which allows to distinguish if the person is covered by FONASA),

health care provider (in which hospital or private insurance company the person is enrolled

in each period) and the date of enrollment with the provider (which allows me to compute

if the person is able to switch hospitals at each particular period of regulated mobility).14

Using the information available in public reports about the total number of people covered

by FONASA I am able to calculate how many of them choose ASSE (the outside option)

in each market. Also, publicly available information allows me to determine how many

ASSE-enrolled individuals can switch hospitals in each period of the regulated mobility.

Using this register I created a database in which each unit of observation is an indi-

vidual who is able to choose hospital (ID number) at each quarter. A person is observed

at any given quarter if: a) the quarter corresponds to an OEP and the person meets the

requirements to be allowed to switch providers, or b) the person entered FONASA for

the first time during this quarter. The variable regulated mobility is a dummy that

indicates whether the observation is for a person being able to choose because she satisfies

the requirements for the regulated mobility system, or because she is new to FONASA.

For each observation, the database includes the hospital the person chooses in each period,

the hospital where the person was enrolled previously, and a dummy (switching) that

indicates whether the consumer switches hospitals.

The database includes two variables that reflect the time that new FONASA consumers

would have to be locked-in if they switch or stay in the same hospital. Note that consumers

in the regulated mobility system always have a choice between switching to a different

hospital and thus staying 12 quarters in the new hospital before having the opportunity

of switch again, or staying for 4 more quarters in the same hospital and then having

the right to choose again the next year. Given that new FONASA consumers can enter

FONASA in any quarter of the year, these times are different for them. If a new FONASA

consumer decides to switch to a new hospital, they will have to stay in the new hospital

for 12 quarters plus the extra time between the quarter they enter FONASA and the next

OEP (next first quarter). For example, a consumer that enters FONASA in February and

14The database also includes information on date of birth and gender of the consumer that I will use in future
versions of this paper.
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decides to switch hospitals would have to stay enrolled in the new hospital for 12 quarters

before being able to switch again; while a person that enters FONASA in November would

have to stay for 13 quarters, since she will have to wait until next February once she reaches

the three year requirement. The variable Si accounts for this time for each new FONASA

consumer. On the other hand, if a new FONASA consumer decides to stay enrolled in

the same hospital, she will have to stay until the next February in which she is able to

move. The variable Ti reflects the number of quarters that the person will be locked-in

at the same hospital if she decides to stay. Consumers that are entering FONASA for the

first time have different Ti. First, for those who satisfy the regulated mobility enrollment

tenure requirement, Ti will be the time between the period when they enter FONASA and

the next open enrollment period. This is because if this consumer decides to stay enrolled

in the same hospital when she enters FONASA, she will be able to switch again in the

next OEP. Second, for those who have been enrolled at the same hospital for a shorter

period than the time required to be able to move under the regulated mobility, Ti is the

difference between the time they enter FONASA and the first open enrollment period at

which they will satisfy the requirement. For example, a person that enters FONASA in

quarter 4 of a year, with only one quarter in her incumbent hospital, will have to stay in

the same hospital for 13 quarters before being able to choose hospital again. However, if

the same person had been in her current hospital for more than the required time, she

would be locked-in only for 1 quarter if she decided to stay.

1.4.1 Descriptive statistics and reduced-form analysis

Tables 1.3, 1.4, 1.5 and 1.6 contain summary statistics of the data. Table 1.3 provides the

mean, standard deviation, minimum and maximum for the characteristics and the prices.

For each of these variables the evolution by year is also presented. Mean prices declined

over the period with a relatively high increment in the last year. There are increases in the

number of office and urgent care physician hours per patient. Table 1.4 presents statistics

of the markets (the number of firms and the percentage of all FONASA consumers that

each market represents) as well as the mean and standard deviation of the characteristics

by markets. As expected, Montevideo, which represents almost 58% of total FONASA
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consumers, is the market with more firms (11) and with higher prices and higher standard

deviation in prices (recall that Montevideo is the city with the highest per capita income).

Table 1.5 presents the number of consumers who are able to switch. As expected,

consumers that are new to FONASA present a higher probability of changing (50.1%).

These consumers receive an income shock at the moment of entering FONASA, since this

program starts paying their monthly fee. Regarding the consumers under the regulated

mobility system, the average probability of changing is 4.34%. As expected, this prob-

ability is relatively higher in the first year of the regulated mobility period than in the

posterior years. Finally, Table 1.6 shows the variation in the probability of switching from

each hospital (in markets with more than one hospital) and the market share of consumers

who switch that each hospital gains.

Before presenting the model, I present a preliminary analysis of the correlation be-

tween hospital characteristics and the probability of switching hospitals, to show that the

observed patterns are consistent with lock-in effects. There are a few reasons why con-

sumers would want to switch hospitals in this setting. The main reason why we observe

consumers changing hospitals that is captured in this paper is changes in prices and char-

acteristics of the hospitals and the expectations about these changes. Changes in these

characteristics will cause changes in the optimal hospital for consumers. There are also

other potential reasons for switching hospitals that are not considered in this paper. First,

a consumer may want to change to a different hospital if they have a change in their health

status. This is the main cause of the adverse selection problem, consumers would choose

a less expensive hospital while they are healthy, but when a health condition is realized,

they would like to change to a better (likely more expensive) hospital. I do not consider

this reason for switching hospitals because of the lack of information on the health con-

ditions of the consumers. Additionally, consumers may want to change hospitals if they

have a change in their characteristics (for example their income), but data on changes to

consumer characteristics are not available.

As an example, Figure 1-4 shows the evolution of hospital prices for the group of

the five relative more expensive hospitals (with higher copayment prices) in Montevideo

over time. In this group, hospital 4 was the hospital with the largest market share,
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followed by hospital 1, at the beginning of the period. Although with minor differences,

the prices of these two hospitals evolved very similarly during the first 8 quarters, while

both hospitals have negative changes in the net number of patients in the first two open

enrollment periods. However, after the requirement for the regulated mobility changed

to having been enrolled in the same hospital for at least three years (at quarter 9, which

is represented by a vertical line in the graph), the evolution of the prices of these two

hospitals differed. While hospital 1 reduced the price of the copayments and started to

have net enrollment increases in the open enrollment periods, hospital 4 continued to have

high prices and negative net changes in enrollment. Figure 1-4 also shows a similar price

story between hospital 5 and hospital 3. After competition is increased, the trends of

the prices of these two hospitals, which had started the period very close to one another

in terms of level of prices, presented different directions. These differences in prices also

translate into the share of new consumers that these hospitals receive. Hospitals 1 and 5

receive more new consumers (individuals that changed providers) than hospitals 4 and 3.

More in general, Figure 1-5 shows how the market share of net enrollment in Montevideo

is negatively correlated with prices.

Another important feature observed in the data is that there is variation in the amount

of time that a consumer would have to be locked-in at the current hospital if she decides

to stay (Ti). Figure 1-6 shows the distribution of Ti for the individuals that are new

in FONASA (recall that for the consumers that are already in FONASA, Ti is always

4). Most of the these consumers have a Ti shorter than 4 quarters, which implies that

most people that enter FONASA have been in the same hospital for more than the time

required for being able to change in the regulated mobility periods. In this context, it is

important to check if these differences in Ti have an effect on the probability of changing

hospitals. Figure 1-7 shows the positive unconditional relationship between the probability

of changing hospitals and Ti. This positive correlation suggests that the probability of

changing hospitals increases with the amount of time that the person would have to be

locked-in at the same hospital if she decided to stay.

In order to check whether these correlations remain when other factors are considered,

Tables 1.7 and 1.8 present the results of some reduced form regressions. Table 1.7 presents
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Probit regressions of the variable change (whether the person changed hospitals) on the

characteristics and price index of the hospital, Ti, and a variable that controls for whether

the observation is in the regulated mobility period or not. As expected, the results show

that the more hours of physicians per patient the hospital has, the lower the probability

that a person enrolled in that hospital will switch. Regarding price and the Ti variable, the

coefficients are positive and statistically significant when fixed effects by Hospital are used

(Column 2). The inclusion of time fixed effects does not change the coefficients or their

significance level (Column 3).15. Table 1.8 presents regressions of hospital market shares

of consumers that switch hospitals. Using the hospital-level market shares by quarter

reduces the sample size from over 4.7 million observations to only 522 (or 487 when using

the logarithm of market share) implying a huge loss of power in the regression. Despite this

problem, the estimates show that, as expected, conditional on hospital (and time) fixed

effects, the market share of new consumers is positively correlated with better hospital

characteristics (although only statistically significantly in the case of Urgent Care) and

negatively and statistically significantly correlated with price (as Figure 1-5 suggests).

In sum, there are three key takeaways from this preliminary analysis. First, consumers

have incentives to change hospitals due to the different evolution of hospital out-of-pocket

prices. Second, the probability of changing hospitals is negatively correlated with better

hospital characteristics and positively correlated with price and the amount of time the

consumer will be locked-in if she stays (Ti). In particular, the coefficient on Ti suggests

that the time that a consumer will be locked-in in the same hospital if she decides to

stay is taken into account by consumers when they make their decisions. The longer this

period is, the higher the probability that a person will consider switching and will try

to find a better one in the market. Third, considering only consumers that have decided

to change hospitals and conditional on hospitals fixed effects, better characteristics and

lower prices increase the market share a hospital is able to capture. However, in order to

understand the cost that the lock-in imposes on the consumer it is important to develop a

15 Although standard errors clustered by hospital are used, the fact that some individuals are repeated in the
sample (some individuals are able to choose hospitals more than once in the period), can introduce correlation
across repeated observations of the same individuals. Table 7.a shows that results do not change when I drop
from the sample the second or higher order time an individual is able to switch hospitals under the regulated
mobility.
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dynamic model that explicitly considers the switching cost present in hospital choice and

that allows the development of counterfactual exercises to discuss how consumer welfare

changes under different lock-in durations.

1.5 The Model

This model represents the choice of hospitals for consumers in the regulated mobility

system of FONASA under two situations. First, when a consumer enters FONASA for

the first time and is allowed to choose a hospital. Second, when a consumer that has been in

FONASA is allowed to switch hospitals. As discussed before, both types of consumers will

consider the time of the lock-in imposed by the regulated mobility system, the switching

cost and the current value and expectations about hospitals’ characteristics and prices.

1.5.1 Setting

Each consumer (indexed by i) lives in a market (indexed by m). Since there was very little

internal migration in Uruguay during the period, I assume that a consumer’s market does

not change over periods (indexed by t).16 Also, I assume that the consumer choice set

is the same every period17. The choice set for consumers in market m is denoted by Jm

with elements indexed by j. The element j = 0 is the outside option. When a consumer

receives the coverage of FONASA, she is able to choose a hospital j from the choice set. If

she decides to change hospitals, she will have to stay for Si quarters at this new hospital.

If she decides to stay at the same hospital she was already enrolled in, she will have to stay

for Ti quarters. Also, each February some consumers are able to change hospitals. These

consumers can choose between staying at the same hospital for 4 more quarters until the

next February or switching to a new hospital and being locked-in for 12 quarters until

having the choice of switching again. I assume that at the time of the decision consumers

16I make the assumption that people do not move between markets because of the hospitals, and that when
consumers make their decisions they think they will stay forever in the same market. Although this assumption is
clearly not true, it is based on the fact that migration across markets is not very common in Uruguay. However,
if a person moves, she is allowed to choose a hospital in the market she just moved into, just like a new FONASA
covered person. In this paper these individuals will be treated like a new FONASA member in the new market.

17Recall that there is no entry and only two cases of exit during the period. I treat the hospitals that merge
as the same hospital during the whole period.
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know the posted prices of the out-of-pocket expenses in each hospital, the observable

and unobservable (to the econometrician) characteristics of the hospitals, and their own

past choices (which includes the time that they have been enrolled in the same hospital).

If a person switches hospitals, she incurs a switching cost. Consumer i’s state at the

beginning of period t (just before choosing jit) includes: the consumer’s hospital choice

in the previous period (ji,t−1), the time the consumer has been enrolled in that hospital

(di,t−1), the matrix of observed characteristics of the hospitals in the consumer’s choice

set (Xmt), the prices of all these hospitals (Pmt), a vector of unobserved characteristics

(fixed effects) of these hospitals (ξm), a vector of Type 1 extreme value error terms that

are independently and identically distributed across consumers (Eit) and the matrix Ωmt

which contains all the information that consumers might use to form expectations over

future values of the other variables (discussed in more detail later).

Before defining the consumer maximization problem, I present the components of the

utility of consumers. The first component, the switching cost (η), represents any cost

incurred due to choosing a hospital in period t that is different from the hospital that the

consumer had in period t − 1.18 The second component is the flow of utility that comes

from being locked-in in a hospital for L periods. This flow is composed of two terms, a

one-period flow utility for period t, and the sum of the expected values of the flow utilities

for periods t+ 1 to t+ (L− 1). The one-period flow utility, representing the single period

net benefit from being enrolled in hospital j, is a function of hospital characteristics, price

of the out-of-pocket expenses associated to this hospital, and a random shock. The third

component is the continuation value, the expected discounted infinite horizon utility for

the consumer for the period t + L onward, given the state variables at the beginning

of period t and the consumer’s hospital choice. Formally, the one period flow utility to

consumer i in period t for hospital j in market m is

18When a person enters FONASA, she is either enrolled in a hospital or in the outside option (ASSE).
Therefore, the switching cost applies to any option different to the previous period choice no matter whether
the person enters FONASA in this period or she was already in FONASA and is able to switch hospitals because
of the regulated mobility.
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fimjt =


XjmtΠ + αpjmt + ξjm + εijmt, if j 6= 0

εi0t, if j = 0

The variables Xjmt and pjmt are the observed characteristics vector and the price index

for the of out-of-pocket expenses for hospital j at each period of time, respectively. The

unobserved characteristics, ξjm, are hospital fixed effects that represent hospital unob-

served quality, such as the quality of the doctors or technology available in each hospital.

The error term, εimjt is a Type 1 extreme value random variable that has mean zero and

is independent across consumers, hospitals and periods. Finally, α and Π are parameters

to estimate. The normalization of one flow utility is necessary to establish scale. This nor-

malization is accomplished by setting the mean flow utility of the outside option (choosing

ASSE) to zero; therefore, the flow utility of the outside option equals the error term.

1.5.2 Consumer Dynamic Maximization Problems

With the previous setting, it is possible to write the system of Bellman Equations that

represents the dynamic problem of the consumers in FONASA. I assume an infinite horizon

and annual discount factor β. Also, let Ωmt denote a matrix of the current observed and

unobserved characteristics and prices for all hospitals in marketm in period t, and anything

else that might affect consumer expectations about hospital characteristics and price (such

as past history of hospital characteristics or prices). Finally, I assume that Ωmt evolves

according to some Markov process, q(Ωm,t|Ωm,t−1).

As explained before, there are two situations in which an individual can choose a

different hospital in this model. Let us start with the situation in which a consumer who

has been in FONASA has the choice of switching hospitals because she is in the open

enrollment period and she satisfies the requirement of having been enrolled in her current

hospital a certain amount of time. In this situation, the Bellman equation is:
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V (ji,t−1, εimjt,Ωmt) = max

[
maxk 6=j

(
fitkm +

11∑
n=1

βnE[fikmt+n]− η + β12EV (k,Ωm,t+12|Ωmt)
)
,

fitjm +
3∑

n=1

βnE[fijmt+n] + β4EV (j,Ωm,t+4|Ωmt)

]
(1.1)

where the expectations are taken over future error draws and the future evolution of Ω.

Note that the inner maximization on the right-hand side of the Bellman equation repre-

sents the choice of the best hospital among all the hospitals in the choice set excluding the

consumer’s incumbent hospital. The outer maximization represents the choice of switch-

ing (choosing the hospital that is the argmax of the inner maximization) or not switching

(choosing the incumbent hospital). This two-step maximization process is equivalent to

choosing the best of all hospitals in the choice set.

Second, I consider the case in which the consumer was not covered by FONASA in

the previous period. At the time the person enters FONASA she has the right to choose

a hospital. There are two differences between this decision and the one described in the

previous paragraph. First, the continuation value of a person that is new in FONASA

is just the previous value function because once she is in FONASA her possibilities of

changing hospitals will be ruled by the regulated mobility system. Second, the length of

time the consumer is tied to a hospital differs with respect to the previous case. If the

person decides to change hospitals when she enters FONASA, she will have to stay for

Si quarters, while she will have to stay for Ti periods if she stays. In this situation, the

Bellman equation is:

W (ji,t−1, εimjt,Ωmt) = max

[
maxk 6=j

(
fitkm +

Si−1∑
n=1

βnE[fikmt+n]− η + βSiEV (k,Ωm,t+Si |Ωmt)
)
,

fitjm +
Ti−1∑
n=1

βnE[fijmt+n] + βTiEV (j,Ωm,t+Ti |Ωmt)

]
(1.2)

where the expectations are again taken over future error draws and the future evolution

of Ω. As before, the inner maximization on the right-hand side of the Bellman equation

represents the choice of the best hospital among all the hospitals in the choice set excluding

the consumer’s incumbent hospital. In turn, the outer maximization represents the choice

42



of switching or not switching.

1.5.3 Assumptions about expectations

The form of the Bellman equation that was presented in the previous subsection is not

yet useful for the estimation because its expression depends on the unobservable Ω. In

order to proceed with the estimation, the dimensionality of the state space (depending

on the variables included in Ω) should be conveniently reduced by making assumptions

about how consumers form expectations and what information they use to do so. Note

that in order to choose a hospital (whether the person is new in FONASA or not), a

consumer forms expectations about two things: the future of the current hospital, and the

future of the other hospitals in the market. Among other possible assumptions, I assume

that consumers have in mind some summary measure of the available alternatives when

they make their choices, and that they compare this summary measure with the evolution

of their current hospital. Although arbitrary, this assumption seems more realistic than

other possibilities, such as assuming that consumers utilize the detailed information about

other hospitals or that they try to incorporate supply side responses. With characteristics

and prices changing, consumers probably do not think about the details of every hospital

when choosing whether to stay or switch, but rather have a more broad idea of the quality

of hospitals available. Therefore, following Gowrisankaran and Rysman (2012), I assume

that consumer expectations about the future states of the market can be formulated in

terms of the logit inclusive value. The logit inclusive value can be thought of as the value

of switching, or as a summary statistic about the quality and selection of other hospitals

in the market, taking into account the switching cost and the infinite horizon future value.

Formally:

δimt(ji,t−1,Ωmt) = ln(
∑

j∈Jm,j 6=ji,t−1

exp(δimtj (ji,t−1,Ωmt)) (1.3)

where

δimtj (ji,t−1,Ωmt) = fitjm +
L−1∑
n=t+1

βnEv[fijmt+n]− η + βLEV (j,Ωm,t+L|Ωmt)
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The logit inclusive value is the expected value of the consumer’s best hospital choice

among all available hospitals excluding the consumer’s incumbent hospital. In the expres-

sion above and hereafter, fitjm represents the expectation of the one-period flow utility

with respect to the εijmt term. The first expectation (Ev) is taken with respect to the v

error term (defined below), while the second expectation is taken over the extreme value

error term εijmt. Note that this expression has a relatively simple close form expression

because of the properties of the Type 1 extreme value distribution.

For the consumer’s incumbent hospital, expectations are formed about the current

period flow utility of the hospital. These expectations are handled separately from expec-

tations about the other hospitals in the market to allow consumers to have more specific

knowledge about their own hospital. Focusing on the mean flow utility is also a simplifica-

tion, though, because in principle consumers could have detailed expectations about the

future of each characteristic of the hospital. The following assumptions formalize these

ideas and define the process governing consumer expectations.

Assumption 1 Sufficiency of a reduced set of state variables:

Pr(δim,t+1(j)|Ωmt) = Pr(δim,t+1(j)|Ω′mt)

if δimt(j,Ωmt) = δimt(j,Ω′mt)

and
Pr(fimj,t+1|Ωmt) = Pr(fimj,t+1|Ω′mt)

if fimj,t+1(Ωmt) = fimj,t+1(Ω′mt)

This assumption states that the distributions of the future logit inclusive value and

mean flow utilities depend on Ωmt only through their respective previous value. Given

these previous values, the other information in Ωmt does not add any information.

Assumption 2 Consumers expect that δimt evolves according to the following autore-

gressive process:
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δim,t+1(j) = γ0 + γ1δ
im,t(j) + ujt for j 6= 0

and if j is a consumer’s incumbent hospital, then the consumer expects that fimjt

evolves according to the following autoregressive (AR(1)) process:

fimjt+1 = τ0 + τ1fimjt + vjt for j 6= 0

fim0t+1 = 0 ∀t

where ujt, u0t and vjt are each an identically and independently distributed normal

error term with mean zero, and the γ’s and the τ ’s are such that the consumers are correct

on average given the observed data. In practice this means that these parameters will be

found via a regression in the estimation. Note that consumers correctly expect that the

mean flow utility of the outside option is always zero.

1.5.4 Choice Probabilities

The assumption of i.i.d Type 1 Extreme Value errors leads to the choice probabilities

derived from Equations (1.1) and (1.2) having a nice closed form. However, these two

equations are written in terms of the expected value of the Bellman equation in Equation

(1.1). Applying Assumptions (1) and (2) and the definition used in Equation (5), Equation

(1.1) can now be written in expected value form, with many fewer dimensions. Since only

the expectation of the value function appears in the choice probabilities, solving this form

of the Bellman equations will be sufficient to construct the choice probabilities for both the

consumers that enter FONASA and the consumers that are choosing under the regulated

mobility system. For those who are choosing hospitals in the regulated mobility system,

the expected value function looks like:

EV (fimji,t−1t, δ
imt(ji,t−1)) = ln(exp(δimt(ji,t−1)) +

exp(fimji,t−1t +

3∑
n=1

fimji,t−1t+n + β4EV (fimji,t−1t+4, δ
imt+4(ji,t−1)|fimji,t−1t, δ

imt(ji,t−1))))

with the expectations over future error draws, the evolution of fimji,t−1t and δimt(ji,t−1).
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The functional form comes from standard results about expected maxima of independent

Type 1 extreme value random draws. Conveniently, the expected value is now a func-

tion of only two variables: fimji,t−1t and δimt(ji,t−1). This is a sufficient reduction in the

dimensionality of the problem to make the estimation tractable.

With the preceding setup established, expressions can be derived for the probability

that a consumer chooses a particular hospital. For the sake of notation, let us define these

probabilities in general, but each of them should be specialized to individuals, hospitals,

markets and time periods in the estimation. Finally, let δ be the option to stay enrolled

in the same hospital.

If consumer i chose hospital j′ in the previous period, his probability of switching is:

Priswitch(j′) = Pr(jit 6= j′|jit−1 = j′)

=
exp(δimt(j′))

exp(δimt(j′)) + exp(δ(j′))

Likewise, if consumer i chose hospital j′ in the previous period, his probability of not

switching is:

Prinoswitch(j′) = Pr(jit = j′|jit−1 = j′)

=
exp(δ(j′))

exp(δimt(j′)) + exp(δ(j′))

Conditional on switching and given that jprime has the hospital chosen in the previous

period, the probability of choosing hospital j is:

Prij|switching(j′) = Pr(jit = j|jit−1 = j′, jit 6= j′, jit 6= j′)

=
exp(δimtj (j′))

exp(δimt(j′))

Finally, the total probability of choosing hospital j in period t having chosen hospital
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j′ in period t− 1 is

Prij(j
′) = Pr(jit|jit−1 = j′)

= 1{j = j′}Prinoswitching(j′) + 1{j = j′}Prij|switch(j′)Priswitch(j′)

These sets or probabilities define the probability of observing each particular behavior

of the consumer each period of choice under FONASA. The estimation procedure using

these probabilities is discussed below.

1.5.5 Discussion of Assumptions

The model captures the main features of the dynamics of consumer decisions in FONASA

under the lock-in regulation. At the same time, the model is open to improvement partic-

ularly in two areas. First, the fact that consumer heterogeneity is limited in the model.

There is room in the model for the inclusion of consumer heterogeneity via consumer char-

acteristics (age and gender) that are not included because of data limitations. Second,

family decisions are not taken into account in the model. Since FONASA covers children

and partners, it is possible to think that the assumption of εijmt independent and identi-

cally distributed does not capture this situation. On the other hand, anecdotal evidence

suggests that it is relatively common for families in Uruguay to choose different hospitals

for different members of the family.

Additionally, there are reasons for having people exiting FONASA each period that

are not considered in the model. First, each period some existing FONASA members

die. Second, each period some of the FONASA members could be unemployed for a

period longer than the one the unemployment insurance covers.19 However, including a

probability of dying or the probability of losing the job will only affect the terms with β

in the model. In this sense, the β that is calculated here to discount the future flows of

utility is not only a pure discount factor but it also includes these probabilities.

19While the person is receiving unemployment insurance she remains covered by FONASA. In the period of
study the cases of people losing their FONASA coverage are not very common. The unemployment insurance
in Uruguay has a duration of six months, with a mean duration of unemployment of about seven weeks. As
discussed before, this is a period of important economic growth and very low unemployment.
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Finally, the way expectations are modeled, consumers have expectations about the

future quality of their own hospital and the quality of other hospitals in the market.

While these are relatively simple concepts that would not be difficult for consumers to

think about, it allows for some interesting patterns that might reflect the underlying

dynamics. For example, in this framework consumers can have the expectation that a

given hospital will decrease in quality over time, while the overall quality of hospitals in a

market increases over time. Following Gowrisankaran and Rysman (2012), it is assumed

that autoregressive (AR(1)) processes govern consumer expectations.20

1.6 Identification and Estimation Procedure

The main parameters to estimate are the switching cost (η) and the coefficients on the

characteristics and price (α and Π). There are also other parameters (such as the γ’s and

τ ’s governing the process by which the logit inclusive values and the flow of utilities evolve)

that are estimated in the algorithm. Finally, while the discount factor (β) is a potential

parameter to estimate, I do not estimate it and I assume it fixed at a certain level (0.95).21

This section discusses the identification of the parameters and the estimation procedure.

1.6.1 Identification

The fundamental variation to identify the parameters of the model (flow utility and the

switching cost) comes from the variation in characteristics and prices of the hospitals and

variation in the length of lock-in that different individuals face when they enter FONASA

for first time. I address these two sources of identification in the following paragraphs.

First, and for the purpose of explanation, let us discuss the identification assuming that

20As Nosal (2012) points out, a more sophisticated alternative would be to endow consumers with an under-
standing of the supply side dynamics that determine the quality of hospitals over time. However, it is not clear
that assuming that consumers have a deep understanding of what is happening on the supply side in terms of
the dynamic games they play to compete is the best option.

21Note that it could be tempting to estimate the discount factor, which reflects the value that the consumers
assign to the future. It could be possible to explore the possibility of trying to identify β by comparing Equations
(1.2) and (1.1), leveraging the fact that the option of staying in the same hospital in the right-hand side of
each of the equations is almost identical, with the only difference being the number of periods that the person
is locked-in in the hospitals. However, it is generally understood in this literature that the estimation of the
discount factor is imprecise so I opted for assuming the discount factor to be a parameter fixed at 0.95.
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all individuals have the same length of lock-in. Under this assumption, the identification

of the switching cost comes from two sources: one the one hand, from the behavior

of consumers who, being new in FONASA, decide to change to another hospital (i.e.

Pr(change|newFONASA)); on the other hand, from the behavior of consumers who,

being covered by FONASA and being able to switch hospitals in this period, decide to

choose a hospital different from the one they had before (i.e. Pr(change|FONASA)).

Note that this identification strategy for the switching cost is based on the assumption

that the switching cost is the same no matter what is the hospital in which the consumer

is enrolled is or switches to.

Similarly, the identification of the parameters of the flow of utility also comes from two

sources. First, from the probability of choosing a particular hospital j given that a person

who was covered by FONASA is able and decides to change hospitals (Pr(j|change, FONASA)).

Second, from the probability of choosing a particular hospital j by a new FONASA con-

sumer that is changing from her previous hospital (Pr(j|change, newFONASA)). The

identification of the components of the flow utility also need to be discussed. As is stan-

dard in studies of market power since Bresnahan (1981), there are concerns about the

endogeneity of prices and even characteristics of hospitals. The idea is that if the quality

of the product is perceived as high by the consumers, the hospitals will increase the price

they charge for the product. In addition to this, non-price competition on characteristics

in the hospital industry has also been addressed previously in the literature (see Gaynor

and Town (2011) section 4 for a summary). These endogeneity concerns justify the use

of hospital fixed effects in order to identify the coefficients of price and characteristics.

Provided the use of hospital fixed effects, the main sources of variation that identify the

coefficients for price and characteristics are the changes in prices and characteristics over

time for the same hospital. On the other hand, the coefficients for the fixed effects are

identified with all the consumers that choose the same hospital.

Second, variation in the length of lock-in that different individuals face provides ad-

ditional variation to identify the parameters of interest. As it is shown in 1.1, different

individuals who enter FONASA for first time in the same month will face exactly the

same length of lock-in in the future if they decide to change hospitals (Si), but they will
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face different durations of lock-in if they decide to stay in the same hospital (Ti). This

variation, caused by the variation in the time different group of people who first enter

FONASA have been enroll in their incumbent hospital, provides additional information

for identifying the parameters of the flow of utility.

Finally, one challenge to identification comes for the impossibility of observing the

health shocks for the consumers, given the lack of data about claims or health status of

the individuals. The use of fixed effects by hospital allows me to control for all invariant

characteristics of the hospitals, but it does not control for these individual health shocks.

In this sense, the shocks in health conditions of the individuals are part of the error

term in the flow utility. One important feature of the setting that allows me to address

these concerns is that, as discussed before and shown in Figure 1-3, hospitals are not

specialized in Uruguay. Therefore, it is not the case that all individuals with a particular

condition would decide to switch to a particular hospital. Finally, in order not to introduce

correlation between the characteristics and prices, on the one hand, and these unobserved

individual level health shocks, on the other, the physician hours variables have been defined

at the aggregate (and not condition) level, and the price index was created using the

average of claims in the system and not in each particular hospital.

1.6.2 Estimation procedure

The estimation procedure is a simplified version of Gowrisankaran and Rysman (2012).

The methodology of Gowrisankaran and Rysman involves nesting the solution to a dy-

namic programming problem inside the market share inversion of Berry et al. (1995).

Because in this paper I observe individual level data, I do not use random coefficients,

but instead I address the endogeneity problem of prices using fixed effects by hospital. In

this context, the estimation can be done by nesting an inner loop that solves the dynamic

programming problem defined by the Bellman equation, and therefore allows to calculate

the probability of changing hospitals, into an outer loop that does the maximum likelihood

estimation of the model.

The inner loop maps a vector of parameters (the parameters for characteristics, price

and switching cost) and a vector of flow utilities (fmjt) to a vector of probabilities of
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changing to a particular hospital for a consumer i in a market m in period of time t. This

inner loop requires using fixed point algorithms to find the values for some parameters and

the expected value of the Bellman Equation for the consumers already in FONASA. Note

that only the expected value function for the consumers already in FONASA is needed to

calculate the probabilities, given the value of the flow utilities and the parameters that

drive the expectations processes. Second, it finds the vectors of δimtj (ji,t−1) and δimt(ji,t−1)

that satisfy the recursive definitions of these two objects. Finally, the inner loop finds

estimated coefficients for the autoregressive processes by which the logit inclusive values

and mean flow utilities evolve. In this algorithm I assume that the value of the parameters

driving the expectation formation process are the same for FONASA and new FONASA

consumers.

The expected value function is a continuous function of the mean flow of the hospital

the person is already enrolled in and the logit inclusive value of the other hospitals in

the market. The state space dimensions for the variables δimt(ji,t−1) and fimji,j−1t are

discretized (I use 20 grid points) in order to make the continuous state space tractable.

The minimum and maximum values for the grid are based on (updated) guesses about

a reasonable range where low and high values are sufficiently away from the extremes

of the data so as not to bias the results. The expected value of the value function

(EV (fimji,t−1t, δ
imt(ji,t−1))) is defined discretely on each point on the grid and it is solved

recursively, iterating the process until the values are equal to the ones in the previous

iteration. The value of the function when the arguments fall between the grid points is

approximated by linear interpolation. In order to initialize the process, I have to define

starting values for the expected value of the value function at the grid points, initial values

for the δimt(ji,t−1), γ̂, τ̂ , fmjt, the values of the parameters (characteristics and price),

switching cost (η) and the discount factor. The results are robust to different values for

these starting points and other decisions such as the number of points in the grid for the

Bellman Equation.

The process proceeds as follows. First, δimtj (ji,t−1) is calculated for the hospitals.

The expectation of the value function is part of the expression for δimt(ji,t−1). To find

this expectation, I have to compute a simulated two-dimensional integral over the error
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terms (u and v) in the AR(1) expectation processes. Once δimtj (ji,t−1) has been calculated

for each hospital, the δimt(ji,t−1) can be updated by taking the log of the sums of the

exponentials of δimtj (ji,t−1), for all the hospitals in a market except ji,t−1, the previous

hospital choice. The δimt(ji,t−1) are then regressed on the δimt−1(ji,t−1), and the fmjt−1

on the fmji,j−1t−1 to estimate new γ̂ and τ̂ . Updating the expected value function consists

of evaluating the right-hand side of this equation for every point on the grid in order

to get a new left-hand side. The data enter only through the expectation of the value

function, which in turn depends on γ̂, which is updated using the data for δimt(ji,t−1).

Once the expected value function has been updated, δimt(ji,t−1), γ̂, τ̂ are all checked for

convergence. If convergence was not achieved, another iteration is conducted, and it is

started with the recalculation of the δimtj (ji,t−1) using the values of the other variables

found in the previous iteration. After achieving convergence, switching probabilities for

consumers already in FONASA and consumers new in FONASA are calculated using the

computed expected value function for consumers already in FONASA and the γ̂, τ̂ . These

transition probabilities are the base of the likelihood function that is maximized in the

outer loop.

The outer loop maximizes the likelihood function defined as the product of the prob-

abilities of changing from one hospital to another observed in the sample (in each market

and quarter). The algorithm terminates when the outer loop has found a maximum.

During the estimation process, the likelihood function is maximized for many different

parameter vectors in a non-linear search. Each time it is evaluated, the inner loop finds

new probabilities of switching, consistent with the value of the parameters being evalu-

ated. Therefore, because of the nesting of these two loops, the two loops end when they

have jointly converged. The results are robust to different starting points and different

optimizer packages instrumented in MATLAB. Finally, since it is a maximum likelihood

estimator, the variance and covariance matrix of the parameters can be calculated using

the inverse of the information matrix. The information matrix is the negative of the ex-

pected value of the Hessian matrix, which is the matrix of the second derivatives of the

likelihood function with respect to the parameters. Therefore, the standard errors of the

estimates are just the square root of the diagonal terms of this matrix.
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1.7 Results

1.7.1 Coefficients

The main parameter estimates and their standard errors are presented in Table 1.9. The

coefficients on the characteristics of the hospitals (Hours Office Visit and Hours Urgent

Care) have the expected sign (positive) and are statistically significant at 5% level. Higher

values of Hours Office Visit and Hours Urgent Care increase consumer utility. The out of

pocket prices coefficient has the expected sign (negative) and is statistically significant at

5%.

The switching cost also has the expected sign and is statistically significant at 5%

level. Using the coefficient for the out of pocket price index, it is possible to compute the

value of the switching cost in dollars. In the absence of switching cost, the out of pocket

expenditure would increase by $482 and the consumers would keep their expected level of

utility. First, it is important to notice that the confirmation of the presence of switching

costs highlights the importance of studying the effects of reductions of the length of the

lock-in period, since the switching cost reduces the welfare increases for consumers from

having a shorter lock-in duration.

Second, the size of the switching cost is crucial to determine these consumer welfare

effects, since a low switching cost would potentially imply higher gains from shorter lock-in

periods. The estimate for the switching cost in this paper is relatively low compared with

previous estimations for the American health care market. For example, Handel (2013)

estimates a switching cost of around $2000 for workers at a large firm, and Nosal (2012)

finds a switching cost for the median consumer of around $4000 for the elder population

under Medicare Advantage Plans. However, when the switching cost is compared to

the average health care expenditure of the population, the value of the switching cost

represents approximately 40% of the average expenditure per year in Uruguay. In this

sense, the switching cost represents a more important burden for Uruguayan consumers

than for American consumers, since this share is higher than the ones found in previous

literature for the American market. For example, Nosal (2012) finds that the switching

cost represent approximately 35% of the average health expenditure of the persons of
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reference in the sample.

Finally, Table 1.10 presents the estimates for the fixed effect for each hospital. These

fixed effects represent the value in utility of all characteristics of the hospital that are

constant over the period covered in the sample (2009-2013) relative to the value of the

outside option (being in the public system (ASSE)). Since these fixed effects account for

constant unobserved characteristic of the hospital (such as hospital quality) a positive

sign is expected. Indeed, all the point estimates of the coefficients have a positive sign,

although not all of them are statistically significantly different from zero.

1.7.2 Counterfactual Analyses

I compute different counterfactual exercises to analyze the effects of reductions in both

switching costs and lock-in duration. Counterfactuals about lock-in reductions allow me

to evaluate, in terms of welfare, different policies related to reductions in the length of

the lock-in period. Counterfactuals about reductions in switching costs can be used to

compare the results with the findings in previous studies (Nosal (2012), Handel (2013)).

Additionally, counterfactuals about reductions in switching costs can be used in combi-

nation with reductions in lock-in in order to check if the latter have larger impacts when

they are paired with reductions in other sources of consumer inertia.

In the tradition of Small and Rosen (1981), the concept of consumer welfare used in

these counterfactuals is the concept of compensating variation (the amount of money that

would induce an equivalent change in expected utility). In each counterfactual analysis,

consumers are allowed to make their optimal decisions adjusting the current value of the

options and their expectations about the future. I assume that consumers do not anticipate

the change, they face the change in the first quarter of 2009, and they make the optimal

decision from then on. The dynamic components of the optimizations are included in the

continuation value of each option, which in turn includes the changes in expectations due

to the exogenous changes in the counterfactuals. Because of that, the expected value of

the Bellman Equation should be recomputed in each counterfactual.

Finally, these counterfactuals are focused on direct changes of consumer welfare due

to reduction in inertia and do not consider two other aspects. First, the counterfactuals
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presented here are made under the assumption that prices and entry and exit behavior

would be the same even when switching costs or lock-in are changed. Reductions in

different forms of consumer inertia, such as switching costs or lock-in, would make firms

change their decisions about prices, entry and exit. Second, these counterfactuals do

not include the potential negative effects on consumer welfare of the reductions in lock-

in or switching costs related with adverse selection. However, the characteristics of the

Uruguayan FONASA mitigate the potential influence of these two aspects. The effect of

dynamic pricing is limited because the government pays and regulates the monthly fee

per beneficiary (which is the same for every hospital) and consumers only face the out

of pocket prices. Additionally, firms exhibit a very stable behavior in terms of entry and

exit since most of their profits come from these regulated fees and not from consumers

expenditures. Additionally, the fact that hospitals are not specialized in the Uruguayan

FONASA setting reduces the scope for adverse selection that can be induced by inertia

reductions. If some other causes of adverse selection are present in the setting, the results

can be taken as an upper bound for welfare gains from inertia reduction. Overall, and

because of the characteristics of Uruguayan FONASA, the counterfactuals presented here

shed light on consumers expected decisions and, therefore, on welfare gains from inertia

reductions in this setting.

The first set of counterfactual analyses correspond to reductions in the lock-in period,

which constitutes the main focus of this paper. In these counterfactual exercises I assume

the length of the lock-in changes unexpectedly in the first quarter of 2009. From then on,

consumers would be locked-in in the same hospital for a lower number of years. Table

11 presents the results of this set of counterfactuals. The baseline average utility for

consumers is 2,905 dollars, which means that on average (weighting by the market share

of each hospital) consumers receive a present value dollar equivalent utility of $2,905 for

being in a private hospital instead of the outside option ASSE. While the benchmark is a

lock-in duration of three years, the counterfactuals explore lock-in durations of two years

and one year. Under a lock-in period of 2 years the average consumer would receive an

increase in mean utility of about 2.53%, while under a 1 year lock-in rule the increase is

about 5.64%.
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These counterfactual analyses show that reductions in lock-in length increase the wel-

fare of consumers. This is an expected result, because as discussed before, prices are

unchanged and therefore consumers are making weakly better decisions relative to the

benchmark case. Regarding the magnitude, the reduction to 2 years could offer the policy

maker almost half of the gains compared with a reduction to 1 year. Because the length

of the lock-in is a policy variable that is directly controlled by the regulator, these results

suggest that a policy of reduction of the lock-in length can make consumers better off.

Although hospitals in Uruguay are not specialized, which reduces the scope for adverse

selection, these results should be taken carefully because previous literature has pointed

out that consumer welfare increases of these magnitudes can be offset by increases in ad-

verse selection induced by the reduction of inertia that is not considered in this setting

Handel (2013).

A second set of counterfactuals explores reductions in switching costs. Note here that

switching costs are not exactly a policy variable and that it is difficult to think of a policy

that would reduce switching costs all the way to zero. Because of that, I follow Handel

(2013) and implement two changes that represent a relatively small and a very large

reduction in switching costs; I assume switching costs are reduced to 75% and to 25% of

the value estimated in the model ($482 dollars). I assume that these changes in switching

costs happen in the first quarter of 2009, and that they are unexpected for consumers, so

they have made expectations and choices assuming the actual value of the switching costs

in the past, but from 2009 on they make decisions and form expectations incorporating

the reduction in switching costs.

Table 12 presents the results of this set of counterfactuals. I compute the average

(dollar equivalent) utility when there is an unexpected and relatively low decrease in

switching costs, which are reduced to 75% of their actual estimated value. Under these

new conditions, the average consumer receives an increase of about 10% in her expected

utility from being in the plan she chooses. The increase in the mean expected utility is

much greater when consumers face a major reduction in switching costs: when switchings

costs are reduced to 25% of their actual estimated value, the expected utility increases by

almost 30%. These effects for the average consumer seem to be much larger than what
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previous studies have estimated. Handel (2013) found that a reduction of switching cost to

25% of its level would increase the average welfare in his sample by almost 6%, while here

the effect is about 5 times larger than that. However, this result is consistent with the much

higher switching costs found for the Uruguayan consumers, and with the characteristics of

the FONASA setting, where there are relatively large changes in prices and characteristics

along with a small number of people switching. When I allow consumers to have relatively

low switching costs, they respond by re-optimizing and end up in a much better situation

than they were before.

A third set of counterfactuals combines reductions in lock-in length with reductions in

switching costs. These counterfactuals allow us to compare welfare gains from different

combinations of reductions of switching costs and lock-in length, which gives us a sense

of what kind of policies may be more effective for increasing consumer welfare. In this

exercise I assume the length of the lock-in changes unexpectedly in the first quarter of

2009 together with an also unexpected reduction in the switching costs. Once again,

consumers are allowed to re-optimize their choice in the first quarter of 2009, when also

the expectations about the future change, as therefore also does their continuation value.

The results for this set of counterfactuals are presented in Table 13. In general the

results show that changes in lock-in length for a certain level of switching costs have lower

impacts than reductions of switching costs given a certain level of lock-in length. Given

a relatively small reduction of switching costs (to 75% of their actual level), a reduction

of lock-in length from three to one years would increase consumer welfare by about 18%

compared with the baseline scenario. This increase is relatively small when it is compared

with the 41% increase over the benchmark case that would be obtained from a relatively

large reduction of switching costs (to 25% of its actual value) along with a reduction of

lock-in length to 1 year.

Overall, the results suggest that switching costs are more important than lock-in in

the FONASA setting. Welfare increases of a larger order of magnitude are obtained when

switching costs are reduced, and reductions in lock-in seem to have larger effects when the

switching costs are lower. These results are consistent with the fact that shorter lock-in

durations allow consumers to re-optimize more frequently. If switching costs are very high,
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consumers have large incentives to stay with the same hospital, and therefore reductions in

lock-in would have a lower impact on welfare compared to the case with very low switching

costs. Finally, these results suggest a path for economic policy, which is in the same

direction of recent changes that the regulator (MSP) has undertaken. The recent creation

of websites with information about copayments and characteristics of hospitals could help

to reduce switching costs, making potential future reductions of lock-in durations more

valuable.

1.8 Final comments

Health care markets usually generate consumer lock-in and the length of the lock-in varies

across countries and even across programs in the same country. Since this lock-in has

effects on consumer and total welfare, the optimal length of the lock-in should be based

on the analysis of consumer and firm behavior. Consumers may have an increased welfare

if shorter periods of lock-in make them optimize their choice more frequently. On the

other hand, the reduction of the lock-in length may have an ambiguous effect on total

welfare, since the impact of better decision making, conditional on prices, could be offset

by adverse selection. Although there is a consensus in policy debate that improving the

design and regulation of health care markets is crucial, little attention has been explicitly

paid to the length of the lock-in and its consequences.

This paper addressed a part of the effects of lock-in in health care markets, quantifying

the cost of consumer lock-in in Uruguay by using administrative records on consumers

discrete choices and hospital characteristics and prices. The particular features of the

Uruguayan health care sector allows for the identification of these costs in a context of

a dynamic discrete choice model of demand. The model reflects the main features that

consumers will take into account in order to make decisions: the time of the lock-in

imposed by the regulated mobility system, the switching cost and the current value and

expectations about hospital characteristics and prices.

In order to be able to quantify the cost that the lock-in imposes on the consumers, I

developed a dynamic model that explicitly considers the switching cost present in hospital
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choice and that allows to conduct counterfactual exercises to discuss how consumer welfare

changes under different lock-in durations. The estimates of the parameters of the model

show the importance of considering the switching costs in order to calculate the effects of

reductions of the length of the lock-in period. The point estimate of the switching cost

of $482 seems lower compared with previous literature but is actually higher when we

consider that it represents 40% of the average per capita annual health expenditure in

Uruguay. The fact that the switching cost is relatively high has impacts on the potential

gains from reducing the length of lock-in, since a higher switching cost reduces the welfare

increases for consumers from having a shorter lock-in period.

Counterfactual analyses assess the changes in consumer welfare for different lengths of

lock-in under different scenarios of switching cost reductions. Overall the results suggest

that switching costs are more important than lock-in in the FONASA setting. A reduction

of lock-in from 3 years to 1 year generates an increase of consumer welfare of about 5.5%,

which is similar to a reduction of three quarters of switching costs in Handel (2013).

However, large reductions in switching costs have larger effects in terms of consumer

welfare in this setting. A reduction of switching costs to 25%, keeping the lock-in duration

constant, would increase consumer welfare by 30% relative to the benchmark. Moreover,

consumer welfare increases more when lock-in reductions are combined with reductions in

switching costs. A joint reduction of lock-in to 1 year and the switching costs to 25% of

their actual level would increase consumer welfare by 41% compared to the benchmark.

These results suggest potential gains from policies aiming at reducing switching costs

before undertaking major reforms of the lock-in period.

A natural next step for future research is to develop a dynamic supply model that

incorporates the adverse selection problem and the price competition. The combination

of the demand model in this paper with a supply model would shed light on the optimal

duration of the lock-in based on total welfare computations that incorporate the cost

for consumers, the changes in the extent of the adverse selection problem and the firms

strategic competition.
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1.9 Tables and Graphs

Figure 1-1: Population Density and Hospitals Location in Uruguay.

(a) Panel A: Population Density

(b) Panel B: Location of Hospitals in Uruguay

Note: This figure presents the distribution of the Uruguayan population by counties and the location of
hospitals. Panel A presents the distribution of population by counties. Panel B presents the location of
hospitals and the political jurisdictions (departamentos).
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Figure 1-2: Population Density and Hospitals Location in Montevideo

(a) Panel A: Population Density

(b) Panel B: Location of Hospitals

(c) Panel C: Location of Hospitals’ Clinics

Note: This figure presents the distribution of population in Montevideo (Capital City) and the location of
hospitals and their clinics. Panel A presents the distribution of population in Montevideo. Panel B presents
the location of hospital headquarters in Montevideo. Panel C presents the location of hospital clinics in
Montevideo.
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Figure 1-3: Hospital Visits in Montevideo

Note: This figure presents the distribution of office visits in Montevideo (Capital City) for all hospitals.

Figure 1-4: Evolution of Hospital Prices in Montevideo

Note: This figure presents the evolution of prices in Montevideo (Capital City) for the group of high prices
hospitals. The horizontal line indicates the quarter (quarter 9) from which consumers with more than 3
years in the same hospital is able to change hospital.
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Figure 1-5: Market Share of Consumers and Prices in Montevideo

Note: This figure presents the relationship between market share of consumers that change hospital and
prices in Montevideo (Capital City). Both, market share and prices are the average over the 18 quarters.
The solid line represents the linear fit of those points.

Figure 1-6: Time of lock-in new FONASA consumers if stay in same hospital.

Note: This figure presents the relative frequency (percentage) of time for staying locked-in in the same
hospital at decision if stay for new FONASA consumers (Ti) for new FONASA consumers.
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Figure 1-7: Probability of Changing Hospital and Lock-in if Stay for New FONASA Consumers.

Note: This figure presents the relationship between probability of changing hospital and time for staying
locked-in in the same hospital at decision if stay for new FONASA consumers (T i) for new FONASA
consumers. The solid line represents the linear fit of those points.

Table 1.1: Distribution of consumers by categories and providers.

Panel A: Number of People Panel B: % of total Panel C: % by coverage
I II III IV V VI VII VIII

Fonasa Non Fonasa Total Fonasa Non Fonasa Total % Fonasa % Non Fonasa

ASSE 237823 767591 1005414 7.26% 23.45% 30.72% 12.30% 57.35%
Hospitals 1658727 262923 1921650 50.67% 8.03% 58.71% 85.72% 19.65%
Private Insurances 38410 24808 63218 1.17% 0.76% 1.93% 1.99% 1.85%
Military-Police 0 235816 235816 0% 7.20% 7.20% 0% 17.62%
Others 0 47219 47219 0% 1.44% 1.44% 0% 3.53%
Total 1934960 1338357 3273317 59.11% 40.88% 100% 100% 100%

Note: This table presents the distribution of the Uruguayan population by source of coverage and by type
of providers. The data are taken from the Current Population Survey of Uruguay for the year 2012 (latest
available). Panel A presents the number of individuals by type of provider and source of coverage. Panel
B presents the percentage of these groups over the total population. Panel C presents the percentage of
population covered through FONASA (Column VII) and non-FONASA sources (Column VIII) by type of
provider.
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Table 1.3: Summary statistics of hospital’s characteristics.

Variable Year Mean Std. Dev. N
Panel A: OOP Price 450.11 104.736 684

2009 449.937 105.623 152
2010 445.252 104.354 152
2011 452.592 105.351 152
2012 449.058 103.455 152
2013 457.391 107.243 76

Panel B: Hours Office Clinic 0.738 0.414 684

2009 0.710 0.452 152
2010 0.718 0.438 152
2011 0.721 0.396 152
2012 0.771 0.378 152
2013 0.796 0.382 76

Panel C: Hours Urgent Care 1.122 0.565 684

2009 1.075 0.575 152
2010 1.103 0.541 152
2011 1.121 1.552 152
2012 1.165 0.577 152
2013 1.166 0.597 76

Note: This table presents summary statistics for Uruguayan hospitals. Each Panel presents the full sample
and year by year mean, standard deviation, and number of observations for OOP prices (Price), number of
hours of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours per patient
(Hours Urgent Care).
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Table 1.4: Number of consumers able to change and changes.

Decision All 2009 2010 2011 2012 2013

Panel A: Full Sample 4730720 424069 528850 1159387 1336444 1281970
Stay 4167979 341317 417027 1000084 1204059 1205492
Change 562741 82752 111823 159303 132385 76478
% Change 11.89 % 19.51 % 21.14 % 13.74 % 9.90 % 5.96 %

Panel B: Regulated Mobility 3949183 321923 379095 938430 1095444 1214291
Stay 3777642 299333 359707 891266 1052821 1174515
Change 171541 22590 19388 47164 42623 39776
% Change 4.34 % 7.02 % 5.11 % 5.03 % 3.89 % 3.28 %

Panel C: New FONASA 781537 102146 149755 220957 241000 67679
Stay 390337 41984 57320 108818 151238 30977
Change 391200 60162 92435 112139 89762 36702
% Change 50.1 % 58.9 % 61.72 % 50.75 % 37.25 % 54.23 %

Note: This table presents the descriptive statistics (total number of observations, consumers that stay in
the hospital they have been enrolled and consumers that change hospitals) for the regulated mobility system
in Uruguay and for the new FONASA consumers. Panel A presents the descriptive statistics for the full
sample, Panel B for the observations of the regulated mobility system and Panel C for the new FONASA
consumers.
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Table 1.5: Definition of Markets and Descriptive Statistics.

I II III IV V VI VII

Market Departamentos in Market % Consumers # Firms Price Office Clinic Urgent Care

1 Montevideo (capital city) 57.98 11 527.21 0.63 0.82
120.41 0.36 0.43

2 Artigas and Rivera 3.71 3 437.02 0.74 1.67
86.03 0.26 0.29

3 Canelones 5.88 3 457.21 0.73 0.79
45.42 0.12 0.22

4 Cerro Largo 2.19 2 376.90 0.38 1.58
55.22 0.07 0.63

5 Colonia 3.22 3 474.20 0.72 1.23
85.84 0.30 0.37

6 Durazno 1.41 1 333.77 0.73 0.72
8.90 0.04 0.13

7 Flores 0.63 1 292.58 0.46 1.55
10.74 0.04 0.11

8 Florida 3.04 1 374.52 1.99 2.00
9.33 0.14 0.07

9 Lavalleja and Treinta y Tres 1.18 3 426.59 0.66 1.04
92.77 0.23 0.25

10 Maldonado 5.83 2 488.41 0.71 0.61
27.47 0.16 0.08

11 Paysandù 2.89 1 422.10 1.04 0.91
10.59 0.06 0.05

12 Rio Negro 0.9 2 388.51 1.32 2.08
95.28 0.78 0.72

13 Rocha 1.8 1 393.79 0.59 1.19
15.51 0.21 0.27

14 Salto 2.68 1 423.96 1.09 0.33
18.20 0.16 0.08

15 San José 2.39 1 418.72 0.52 1.30
9.24 0.04 0.11

16 Soriano 2.37 1 325.42 0.61 1.60
10.84 0.03 0.08

17 Tacuarembó 1.9 1 427.64 0.62 1.33
8.97 0.06 0.07

Note: This table presents the definition of the markets and descriptive statistics by market. Column II
presents the political jurisdictions (departamentos) that are included in each market. Column III presents
the % of total FONASA consumers that each market represents and Column IV the number of firms in
the market. Column V to VII present the mean (and standard deviation below) of price, number of hours
of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours per patient (Hours
Urgent Care).
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Table 1.6: Definition of Markets and Descriptive Statistics.

I II III IV

Prob. Share consumers
Market Hospital Changing (%) changed (%)

1 1 1.95 6.06
2 2.07 4.13
3 3.27 4.53
4 2.65 7.02
5 2.99 6.57
6 9.31 12.29
7 1.51 6.48
8 5.64 1.65
9 2.22 24.77

10 3.43 14.17
11 6.01 12.33

2 1 1.44 24.15
2 0.84 56.44
3 1.76 19.41

3 1 1.30 38.18
2 1.40 19.31
3 0.84 42.50

4 1 1.02 75.92
2 1.94 24.08

5 1 1.05 14.06
2 0.81 51.88
3 0.61 34.06

9 1 0.90 47.34
2 5.52 1.06
3 1.06 51.59

10 1 1.61 37.60
2 1.86 62.40

12 1 2.51 21.55
2 0.56 78.45

Note: This table presents descriptive statistics by hospitals in markets with more than one hospital. Column
III presents the probability of changing from the hospital and Column IV presents the market share of new
consumers (consumers that change to a hospital) that each hospital is capturing.
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Table 1.7: Probability of Changing Hospital. All Sample.

(1) (2) (3)

Dependent Variable: changing hospital

Hours Office Visit -0.5022∗∗∗ -0.9359∗∗∗ -0.5768∗∗∗

(0.0049) (0.0155) (0.0160)
Hours Urgent Care -0.2926∗∗∗ -0.1709∗∗∗ -0.1662∗∗∗

(0.0028) (0.0071) (0.0073)
Price -0.0017∗∗∗ 0.0050∗∗∗ 0.0039∗∗∗

(0.0000) (0.0001) (0.0001)
Individual Time (Ti) -0.0021∗∗∗ 0.0024∗∗∗ 0.0020∗∗∗

(0.0004) (0.0005) (0.0005)

Hospital FE No Yes Yes
Quarter FE No No Yes
Mobility dummy Yes Yes Yes
Observations 4726499 4726499 4726499

Note: This table presents the results of the regressions (full sample) of changing hospital (dummy variable)
on number of hours of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours
per patient (Hours Urgent Care), price, and number of quarters that the person will be locked-in at the
same hospital if the person decides to stay (Ti). Standard errors are clustered at hospital level. All the
specifications include a dummy variable that take the value of one if the observation correspond to the
regulated mobility system.
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Table 7.a: Probability of Changing Hospital. First time options to move.

(1) (2) (3)

Dependent Variable: changing hospital

Hours Office Visit -0.5895∗∗∗ -1.4914∗∗∗ -0.9430∗∗∗

(0.0064) (0.0211) (0.0215)
Hours Urgent Care -0.3297∗∗∗ -0.1057∗∗∗ -0.1488∗∗∗

(0.0038) (0.0095) (0.0098)
Price -0.0015∗∗∗ 0.0073∗∗∗ 0.0065∗∗∗

(0.0000) (0.0001) (0.0001)
Individual Time (Ti) -0.0020∗∗∗ 0.0025∗∗∗ 0.0023∗∗∗

(0.0004) (0.0005) (0.0005)

Hospital FE No Yes Yes
Quarter FE No No Yes
Mobility dummy Yes Yes Yes
Observations 2667967 2667967 2667967

Note: This table presents the results of the regressions of changing hospital (dummy variable) on number
of hours of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours per patient
(Hours Urgent Care), price, and number of quarters that the person will be locked-in at the same hospital
if the person decides to stay (Ti). Standard errors are clustered at hospital level. All the specifications
include a dummy variable that take the value of one if the observation correspond to the regulated mobility
system. Full sample dropping repeated observations by individual in the regulated mobility system.

Table 1.8: Determinants of New Hospital Choice.

(1) (2) (3) (4)
Dependent variable: market share

Level Log

Hours Office Visit 0.0185 0.0216 0.1775 0.1761
(0.0218) (0.0198) (0.1129) (0.1056)

Hours Urgent Care 0.0440∗∗ 0.0483∗∗ 0.1292 0.1619
(0.0204) (0.0213) (0.1060) (0.1064)

Price -0.0006∗∗ -0.0007∗∗∗ -0.0032∗ -0.0042∗

(0.0002) (0.0002) (0.0017) (0.0022)

Hospital FE Yes Yes Yes Yes
Quarter FE No Yes No Yes
Observations 522 522 487 487

Note: This table presents the results of the regressions of market share of new consumers on number of
hours of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours per patient
(Hours Urgent Care) and price. Standard errors are clustered at hospital level. Full sample.
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Table 1.9: Parameter Estimates for the Structural Model: Main Parameters

Estimate Std. Err.

Switching Cost 2.45232∗∗ 0.62491

Hours Office Visit 0.02518∗∗ 0.00625
Hours Urgent Care 0.00918∗∗ 0.00072
Price -0.00107∗∗ 0.00050

Note: This table presents the results of the structural model for the consumer behavior on number of hours
of office clinic visit per patient (Hours Office Clinic) and number of urgent care hours per patient (Hours
Urgent Care) and price. A double star indicates statistical significance at 5% level. Full sample.

Table 1.10: Parameter Estimates for the Structural Model: Fixed Effects

Estimate Std. Err. Estimate Std. Err.

Market 1 Market 6
1 0.056 0.00219 1 0.03952 0.03658
2 0.04491 0.00208 Market 7
3 0.06155 0.00418 1 0.05732 0.03598
4 0.05077 0.00165 Market 8
5 0.057 0.0035 1 0.04493 0.03118
6 0.05306 0.00071 Market 9
7 0.05184 0.00399 1 0.04065 0.01212
8 0.03498 0.0127 2 0.08356 0.62748
9 0.0442 0.00389 3 0.05088 0.01407

10 0.05624 0.0694 Market 10
11 0.05651 0.0003 1 0.05136 0.01313

Market 2 2 0.0445 0.02896
1 0.04944 0.01248 Market 11
2 0.05129 0.05513 1 0.06038 0.06699
3 0.05291 0.00684 Market 12

Market 3 1 0.06535 0.08099
1 0.04087 0.33404 2 0.05074 0.00595
2 0.04443 0.00448 Market 13
3 0.04276 0.03429 1 0.05165 0.02809

Market 4 Market 14
1 0.05477 0.02142 1 0.05093 0.03085
2 0.03753 0.00891 Market 15

Market 5 1 0.03354 0.05076
1 0.04365 0.02124 Market 16
2 0.0519 0.02356 1 0.04729 0.01308
3 0.0518 0.00715 Market 17

1 0.05599 0.11943

Note: This table presents the results for the fixed effects in the structural model for the consumer behavior.
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Table 1.11: Reductions of lock-in length with same switching costs

Lock-in length

Utility Baseline 2 years 1 year

Individual Level ($) 2,905 2,978 2.53% 3,069 5.64%
Total Population (billion $) 5,295 5,429 5,594

Note: This table presents the results of the counterfactual exercises when lock-in is reduced to 2 years and to 1 year
(3 years in baseline model). In each counterfactual, consumers are allowed to re-optimize in reaction to the change.
The counterfactuals are made starting in the first quarter of 2009 and only consumers that were already in FONASA
are considered.

Table 1.12: Reductions of Switching Costs with same lock-in

Switching Costs Reductions

Utility Baseline 0.75η 0.25η

Individual Level ($) 2,905 3,199 10.13% 3,773 29.87%
Total Population (billion $) 5,295 5,831 6,877

Note: This table presents the results of the counterfactual exercises when switching costs are reduced to 75% and to
25% of the estimated level. In each counterfactual, consumers are allowed to re-optimize in reaction to the change.
The counterfactuals are made starting in the first quarter of 2009 and only consumers that were already in FONASA
are considered.

Table 1.13: Reductions in both lock-in length and switching costs

Lock-in length

3 years 2 years 1 year

η 100% 2,905 2,978 3,069
(2.53%) (5.64%)

75% 3,199 3,339 3,455
(10.13%) (14.95%) (18.93%)

25% 3,773 3,882 4,110
(29.87%) (33.64%) (41.47%)

Note: This table presents the results of the counterfactual exercises when lock-in is reduced to 2 years and to 1
year (3 years in baseline model) and when switching costs are reduced to 75% and to 25%. In each counterfactual,
consumers are allowed to re-optimize in reaction to the change. The counterfactuals are made starting in the first
quarter of 2009 and only consumers that were already in FONASA are considered.
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Chapter 2

Dynamic Competition and Price

Regulation When Consumers Have

Inertia:

Evidence from Medicare Part D

2.1 Introduction

When consumers have inertia, firms have incentives to use dynamic pricing, by first set-

ting low prices to build a large market share, and increasing prices later. This strategy,

called “investing-then-harvesting,” may reduce consumer welfare by increasing the prices

of incumbents and changing the patterns of entry and exit in the market. Dynamic pric-

ing may offer opportunities for new products to enter with relatively low prices to attract

consumers, with the hope of being able to increase prices over time. In the theoretical

literature, the net effects of these strategies on prices and entry and exit behavior depend

on the size of consumer inertia. Understanding the nature of these tradeoffs in equilibrium

is thus an empirical question.

The presence of significant inertia in health care markets has been well established.

However, we still know very little about the effects of dynamic pricing strategies on prices,
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and entry and exit in these markets. Medicare Part D, the prescription drug insurance

program for Medicare beneficiaries, is an excellent setting to study these effects. Part

D has large impacts on both the health and economic welfare of more than 37 million

individuals, accounting for more than $76 billions in government spending. It is also a

prominent example of the use of market mechanisms for the provision of public programs,

which is based on the idea that the combination of supply competition and consumer choice

will maximize consumer welfare while keeping costs low. However, these potential benefits

would be limited if there are frictions in the market, such as inertia, inducing dynamic

pricing. From its inception, press articles on Part D have suggested the presence of

behavior consistent with dynamic pricing strategies. Krasner (2006) reports that Humana,

one of the largest insurer firms, introduced plans with relatively low premiums in 2006

and then largely increased the premiums of these plans over time. More recently, Ericson

(2014) and Ho et al. (2015) provide evidence consistent with dynamic pricing strategies

in Medicare Part D.

In this paper, I evaluate the welfare effects of a regulation that limits dynamic pricing

strategies in the market for Medicare Part D plans, where multi-product insurers make

decisions on the entry and exit of plans based on these dynamic pricing considerations.

I make three main contributions. First, using plan-level data, I provide new reduced-

form evidence that is consistent with dynamic pricing strategies. I show that firms with

higher market shares set higher premiums, and new plans generally enter the market

with lower premiums and increase them as they gain market share. Second, this paper

is, to my knowledge, the first to estimate a dynamic model of the demand and supply

of plans in Part D that incorporates endogenous entry and exit. This model allows me

to capture the first order aspects of this setting, namely consumer inertia, heterogeneity

of consumer preferences, dynamic pricing by firms, and endogenous market entry and

exit. In particular, I provide the first estimates of some of the key parameters of dynamic

competition in this market, such as entry costs and scrap values of plans. Finally, I use

this model and the estimated parameters to evaluate the effects of a policy that limits

dynamic pricing on prices, market entry, and consumer welfare. This is the first paper to

provide an evaluation of the full effects of this kind of policy in a setting with consumer
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inertia, accounting for the dynamic pricing incentives that it creates, and the endogenous

entry and exit responses to these incentives.

On the demand side, I estimate separate demand functions for regular and low-income

beneficiaries, since they may have differences in preferences and face different subsidies.

Additionally, I incorporate more consumer heterogeneity by using random coefficients for

premiums (a la Berry et al. (1995)). I recognize and estimate inertia by assuming a

utility cost for choosing a plan that is different from the plan that a consumer had in

the last period.1 To address the concerns about the endogeneity of premiums, I follow

an instrumental variables strategy using a set of instruments based on the location of

the products in the product space (BLP-type) and on common cost shocks for plans

(Hausman-type). My estimates show that inertia is important for both regular and low-

income beneficiaries (with a cost of switching plans of around $700) and that consumers

are relatively elastic to premiums (with elasticities between -5.5 and -4). The demand side

provides two main contributions to the model. First, it determines the transition between

states in the supply model. Second, it allows me to compute consumer welfare, which is

necessary to evaluate the counterfactual policies.

On the supply side, I model multi-product firms that compete by making dynamic

decisions about offering new plans, the exit of plans, and the pricing of plan premiums.

The model is based on Maskin and Tirole (1988) and Ericson and Pakes (1995). However,

in my model these three decisions are all simultaneous dynamic decisions,2 which are based

on a vector of state variables that reflect the existence of dynamic competition, particularly

the “investing-then-harvesting” dynamics, and private information on marginal costs, exit

scrap value, and entry sunk costs.

The estimation of the supply side follows Bajari et al. (2007), and proceeds in two

stages. In the first stage, I recover the policy functions on pricing, entry and exit that

describe the optimal policies for plans at each point of the state space.3 Besides controlling

1Under the presence of inertia, consumers have incentives to incorporate in their decisions their expectations
about future prices and characteristics of plans. However, and based on the literature on consumer choice
inconsistencies in Medicare Part D, in this paper I assume myopic consumers that completely discount the
future.

2In the tradition of Maskin and Tirole (1988) and Ericson and Pakes (1995), competition in prices or
quantities is modeled as a static decision and investment is the dynamic decision.

3By doing this, this methodology avoids the need for computing the equilibrium of the model as part of the
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for observed characteristics and market fixed effects, a crucial aspect of the identification

of these policy functions is the inclusion of the unobserved quality estimated from the

demand-side model, since correlation between premiums and lagged market shares can

reflect persistent unobserved quality. Additionally, plans with higher unobserved quality

are plausibly less likely to exit, and entry can depend on the average unobserved quality of

plans available. The policy functions suggest that a 10 percentage point increase in lagged

market share increases plan premiums by about $9, and reduces the probability of exit by

2.3%. In the second stage, I impose the complete dynamic model and I recover from it the

fundamental parameters of the distribution of marginal costs, entry costs and scrap values

for plans. The identification of the marginal cost comes from pricing decisions of plans

under different market structures in the different states of the game, while entry costs and

exit scrap values are identified by the entry and exit decisions of plans and the duration

of plans in the market. My estimate of the mean of the marginal costs is $1,079, which

implies an average markup rate of 13%. The estimates of the entry cost and scrap values

are $2.5 million and $1, respectively. The marginal costs estimated using the supply-side

structural model are in line with previous estimates from claims data or static demand

models. To the best of my knowledge, this is the first attempt to estimate the parameters

of entry costs or scrap values.

I use the estimations from the demand and supply model to conduct two counterfactual

exercises, where I explore the welfare effects of a policy that limits dynamic pricing by

imposing a fixed markup. Unlike in other settings, a fixed-markup policy is feasible to

implement in Medicare Part D, because the costs of plans can be forecasted with software

that predicts prescription drug expenditures based on enrollee data. The main innovation

of my counterfactual exercises it that they account for supply responses to the policy not

only in terms of pricing, but also in entry and exit behavior, which affects the overall

effects of the policy on premiums and consumer welfare. Because the introduction of a

fixed-markup policy induces a completely different game among plans, I cannot directly

use the estimated policy functions from the model, but instead have to solve for the

new Markov Perfect Nash Equilibrium of the game in each counterfactual scenario. The

estimation process. This idea is based on the conditional choice probabilities used in Hotz and Miller (1993).
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computational burden of these new games increases geometrically with the number of

plans in the market, so I simplify the setting by assuming there are only five firms in each

market.4

The first counterfactual scenario introduces a fixed-markup policy while keeping the

inertia of consumers unchanged. The comparison of this scenario to the benchmark allows

me to estimate the consumer welfare gains of implementing the fixed-markup policy, given

the actual consumer inertia present in the market for Medicare Part D plans. I find that

this policy improves consumer welfare by 3.1%, through a 7% reduction in the premiums

paid by enrollees, which also reduces government expenditures in direct subsidies. This

net effect is the result of a reduction in premiums that is partially off-set by a reduction

of entry into the market. The second counterfactual scenario introduces a fixed-markup

policy in a market without consumer inertia. The goal of this exercise is to evaluate how

the effects of this policy change according to the degree of inertia in consumer choice

present in the market. When implemented in a counterfactual scenario without inertia,

this policy has a substantially larger effect on consumer welfare, increasing it by 9.4%

relative to the benchmark. The main explanation for this larger welfare effect is that, in

the absence of consumer inertia, the policy increases the endogenous entry of new plans

instead of harming it, reinforcing the direct effect on premiums.

The findings of this paper underscore the importance of taking into account effects on

market entry when evaluating the implementation of policies that limit dynamic pricing

behavior. In the presence of substantial consumer inertia, eliminating the possibility of

strategic dynamic pricing that exploits this inertia reduces the incentives for potential

entrants to enter the market, because it does not allow them to set low entry prices with

the expectation of raising them once they have built their market share. This negative

effect on market entry partially offsets the effects of this policy in reducing prices. On

the other hand, my results also show that without consumer inertia, a policy that limits

dynamic pricing has larger positive effects on consumer welfare, through both a reduction

in prices and an increase in the incentives for market entry.

4While this assumption is clearly restrictive, the four largest firms in the market accumulate a market share
of 60%.
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This paper contributes to the strands of literature that address the presence of iner-

tia in health care markets, dynamic competition when consumers have inertia, and the

increasingly relevant design of privately-provided public health insurance programs.

This paper is most directly related to the literature that studies the effects of con-

sumer inertia on dynamic competition. The theoretical literature on this topic starts with

Klemperer (1987b), who shows that in the presence of consumer inertia, firms can engage

in dynamic pricing by initially setting low prices in order to increase the market share

(“investing”) and then increasing prices to “harvest” on inertial consumers. Beggs and

Klemperer (1992) show that, in a model with an infinite horizon model, horizontal differ-

entiation and infinite switching costs, the harvesting incentive dominates the investment

incentive and that, therefore, the presence of inertia softens competition and increases

prices. This conclusion is also reached by most of the theoretical models about com-

petition with switching costs (Farrell and Shapiro, 1988; Klemperer, 1995; Farrell and

Klemperer, 2007). However, some recent papers show that it is possible, for certain levels

of inertia, for the investment incentive to dominate harvesting and, thus, dynamic pricing

can reduce prices (Dubé et al., 2009; Arie and Grieco, 2014). Additionally, inertia may

have important effects on entry and exit patterns. Firms can strategically set low entry

prices to build a market share, and then increase prices over time (Farrell and Klem-

perer, 2007). Therefore, this literature highlights the important roles played by the degree

of consumer inertia and entry and exit behavior on the net effects of consumer inertia

on dynamic competition, underscoring that the effects of consumer inertia on prices and

consumer welfare is ultimately an empirical question.

A recent body of empirical work assesses the effects of inertia on strategic pricing

behavior in Medicare Part D. Ericson (2014) finds that older plans have approximately

10% higher premiums than comparable new plans, consistent with an “investing-then-

harvesting” behavior. Ho et al. (2015) study, in a hedonic reduced-form supply model,

the impact of inertia caused by consumer inattention on premiums. My paper is most

closely related to the papers by Miller (2014) and Wu (2016), which incorporate dynamic

pricing responses to inertia, considering the entry of plans as exogenous to this process.

My main contribution is to account for the endogeneity of the entry of new plans into
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the market when considering the impacts of dynamic pricing in a context of consumer

inertia. I develop and estimate a dynamic model of demand and supply for Medicare Part

D plans, and I discuss the welfare implications of dynamic pricing. Based on this model, I

simulate counterfactual scenarios that limit dynamic pricing that allow me to decompose

the welfare gains of policies limiting the pricing behavior between the effects on premiums

and on entry of new plans.

This paper also contributes to a large literature highlighting frictions and different

sources of inertia in health care markets, particularly in Medicare. The papers in this

literature show that consumers have inconsistencies and learning in choosing plans in

Medicare Part D (Abaluck and Gruber, 2011, 2013; Ketcham et al., 2012; Heiss et al.,

2013)5; document the presence and size of switching costs in Medicare (Nosal, 2012; Miller

and Yeo, 2012); analyze its interactions with adverse selection (Handel, 2013; Polyakova,

2016); and discuss the relative importance of inattention and switching costs as sources

of consumer inertia (Ho et al., 2015).

Finally, this paper contributes to a growing literature on the supply-side regulations of

Medicare Part D. Chorniy et al. (2016) analyze the effect of mergers on premiums, while

Lavetti and Simon (2016) and Abaluck and Scott Morton (2016) explore firm responses in

terms of the design of plans to consumer inertia. Decarolis (2015) discusses the supply-side

regulations of the Low Income Subsidy (LIS) in Medicare Part D, showing that, given the

design of the auction, insurers game with the subsidy, causing distortions in premiums and

raising costs. Additionally, Decarolis et al. (2015) analyze different pricing regulations,

finding that the current subsidy mechanism achieves a level of total welfare close to that

obtained under an optimal voucher scheme, but is far from the social planner’s first best

solution.6

The paper is organized as follows. Section 2 describes the institutional setting of

Medicare Part D. Section 3 presents the data, descriptive statistics and reduced-form

evidence of the investing-then-harvesting dynamics. Section 4 introduces the dynamic

5A related literature shows choice inconsistencies around the donut hole, with consumers having hyperbolic
discount or myopia (Einav et al., 2015; Dalton et al., 2015).

6Other studies have focused on other aspects or segments of privately provided health insurance markets
(Starc, 2014; Ericson and Starc, 2015; Shepard, 2016; Tebaldi, 2016).

80



model of supply and demand for plans. Section 5 describes the empirical approach and

identification of the model. Section 6 presents the results of the estimates of the model.

Section 7 discusses counterfactual exercises where dynamic pricing is not allowed. Finally,

Section 8 concludes.

2.2 Industry Background

Medicare Part D is a subsidized and privately provided health insurance program for

prescription drugs for the elderly and disabled in the United States that was introduced in

the year 2006. The design of Medicare Part D has been of particular interest to economists

since its beginning (Duggan et al., 2008) for at least three reasons. First, the program

has the potential to significantly affect both the health and the economic well-being of

the more than 37 million individuals currently enrolled. Second, Part D has substantially

increased government spending on health care. In 2014, the government expended more

than $76 billion in Medicare Part D. Third, Part D represents an attempt to use market

mechanisms in the provision of large-scale public programs. The idea behind the use

of private provision is that the combination of supply-side competition and consumer

choice would maximize consumer welfare while keeping costs low. Medicare Part D is

a privileged example of the private provision of government-subsidized programs, which

has been increasingly popular in the last two decades. However, the potential benefits of

consumer choice and provider competition could not be achieved if there are important

frictions in the market, such as the investing-then-harvesting dynamics studied in this

paper.

There are 34 markets7 in Medicare Part D, where consumers can choose among different

plans. Beneficiaries can enroll in two types of private insurance plans: a) Prescription Drug

Plans (PDP), which provide coverage exclusively for prescription drug costs and accounted

for two thirds of the total number of enrollees by 2013; or b) Medicare Advantage plans

(MA-PD), which insure all Medicare covered services (hospital care, physician services

and prescription drugs). In this paper, I focus only on the PDP segment, which offers a

7Each market is a geographical region. Hereafter, I refer indistinctively to them as markets or regions.
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cleaner setting since the prescription drugs coverage is not tied with other benefits.

Also, Part D has two types of beneficiaries that receive different subsidies: regular, and

low-income subsidy (LIS) beneficiaries. Regular beneficiaries have the ability of actively

choose a plan, and they receive a subsidy on the premium that is determined by CMS

(the Center for Medicaid and Medicare Services) through a process explained in the next

paragraph. For the vast majority of seniors enrolling is financially favorable (Heiss et al.,

2006). Additionally, the design of the program tries to reduce the scope of adverse selec-

tion;8 newly eligible seniors who delay enrolling are required to pay a higher price when

they do join. Beneficiaries with low income are eligible for the Low-Income Subsidy (LIS),

and they are automatically assigned to a set of plans that only offer the standard benefits

and whose premiums are lower than those paid by regular enrollees. Beneficiaries can sub-

sequently change their assignment, becoming what I denominate hereafter LIS choosers.

LIS beneficiaries receive a higher subsidy from CMS compared to regular enrollees.

In order to determine the amount of the subsidies, the regulator (CMS) administers a

complex annual mechanism. First, all insurers submit bids for each plan they want to offer,

which should reflect how much revenue the insurer “needs” in order to cover an average

risk beneficiary in a standard benefit (SDB) plan. CMS calculates a weighted average of

all the bids, using the previous enrollment shares as weights, which is called CMS average

bid and is used as a basis to determine the subsidy. For regular enrollees with the average

risk and a plan with standard benefits, the government subsidy for beneficiaries is set at

74.5% of the CMS average bid, and the other 25.5% is set as the premium of the plan.

On top of this, CMS adjusts the per capita subsidy by the risk score of each enrollee,

and adjusts the premiums for any additional benefits that the plan may offer compared

to the standard benefit plan designed by CMS. Thus, the premium payed by the regular

enrollee is 25.5% of the CMS average bid, plus adjustments for additional benefits. For

LIS enrollees, the subsidy is determined using a weighted average of the same bids, but

using the previous share of LIS beneficiaries for each plan as weights. Each year, the exact

8Despite this intention, some adverse selection is still present in the program. Polyakova (2016) explores
interactions among adverse selection, switching costs and regulation in Medicare Part D. She finds that switching
costs are large and have quantitatively important implications for the sorting of individuals among contracts. In
particular, switching costs help sustain an adversely-selected equilibrium with large differences in risks between
more and less generous contracts.
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amount of the subsidy for LIS enrollees (LIS benchmark) is determined on the basis of

fiscal considerations by CMS and its value has an average of 370 dollars in my sample

years.

Insurer firms can offer plans with the SDB or an actuarially equivalent one.9 In

addition, firms can also offer “enhanced plans” with additional coverage beyond these

levels. The characteristics of these plans include the deductible, extra coverage in the

“donut hole,” the number and types of drugs in each tier of the plan’s drug formulary,

and the network of pharmacies.

Multi-product firms compete offering on average less than three plans per year-market.10

Each year, plans can have one of the following three statuses: renewed, terminated, or con-

solidated, and also new plans can be introduced. Renewed plans are plans that continue

from the previous year and its enrollees are carried-over. The characteristics of these plans

could change over time. Terminated plans are plans that exit the market and stop being

offered in the year. When a plan is terminated, its enrollees have to actively choose a

new plan. This is the concept of exit of plans that is used in this paper. New plans are

introduced to the market for the first time and they have no enrollees from the previous

calendar year. This is the concept of entry of plans used in this paper. Finally, consol-

idated plans combine two or more plans and the enrollees of both plans are carried over

to the consolidated plan. Consolidation of plans is done by merging firms or by firms

that do not participate in any merger or acquisition. There has been a wave of mergers

in Medicare Part D during the period of my sample (Chorniy et al., 2016), but in this

paper I consider these consolidations as exogenous and I do not model them in the supply

model.

9For example, in 2014 the structure of the SDB was the following. The SDB plan starts with a deductible
of $310. After the deductible is met, the beneficiary pays 25% of covered costs up to total prescription costs
meeting the initial coverage limit ($2,850). Once this amount is reached, the coverage gap (“donut hole”)
begins. In this coverage gap the beneficiary pays 100% of their prescription costs up to the catastrophic region
that is set at $6455. This level of the catastrophic region implies an aggregate level of out-of-pocket expenditure
of $4,550, which is the sum of the deductible ($310), the expenditure in the initial coverage (($2850-$310)*25%)
and the expenditure in the coverage gap (($6455-$2850)*100%). In the catastrophic region consumers pay the
maximum between 5% of the price of the drug or a fix amount ($2.55 for generic drugs and $6.35 for the
others).

10CMS uses the term parent organization to refer to an insurer firm. In the rest of the paper, I refer to parent
organizations (or insurer firms) as firms, and to each product (prescription drug plan) offered by a firm as a
plan.
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2.3 Data and Reduced-Form Evidence

The database used in this paper comes from a variety of statistics released annually by the

CMS at the aggregate level of plan by market and year. In particular, I use information

on enrollment (for regular and LIS beneficiaries), bids, premiums and plan financial char-

acteristics, at the plan level for years 2007 to 2012, for the 34 Medicare regions (markets).

In addition, the crosswalk files allow me to link plans across years and determine their sta-

tus. I also use CMS publicly available (at a cost) data on pharmacies and drugs included

in the formulary for each prescription drug plan. Finally, I use demographic population

characteristics from the Integrated Public Use Microdata Series (IPUMS) that I merge to

my dataset at the region-year level.

Table 2.1 provides summary statistics for the Medicare Part D plans that I use in my

sample. Using data for 2009 for reference, about 45.5 million individuals were Medicare

beneficiaries and therefore eligible to purchase prescription drug coverage via Medicare

Part D. 16.5 million of these Medicare beneficiaries bought the PDP plans that are in

my sample. Out of these individuals, 8.6 million are regular (non-LIS) beneficiaries, and

7.9 are LIS beneficiaries. Beneficiaries can also obtain coverage via other sources: 9.7

million bought Medicare Advantage plans (prescription drug plans bundled with Medicare

Advantage), 6.5 million had employer sponsored coverage, and 6.4 million had other forms

of coverage. Finally, 6.4 million individuals did not have any form of creditable coverage.

In the demand model subsection I explain how I use these data to construct the market

shares and outside options of my demand models. Figures 2-3 and 2-4 show the level and

the variation of the outside option for regular and LIS-eligible enrollees, across each of

the 34 geographic markets defined in Medicare Part D. On average, the outside option

represents about 65% of regular beneficiaries and around 75% of LIS beneficiaries.

There are on average 1,450 stand-alone prescription drug plans per year during the

span of my sample. Each market has an average of 50 plans, which are run by insurer firms

(denominated parent organizations by CMS). Table 2.1 shows that there are, on average,

about 55 firms per year, and each firm offers an average of 2 to 3 plans per market each

year. Table 2.11 shows that these averages hide a vivid dynamic of entry and exit of plans
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in each market, with plans entering and exiting the market almost every year in each

region. This table also shows that consolidations among plans are the main reason for

the reduction in the number of plans per year, while there is also exit of plans every year.

Panel (b) in Figure 2-1 presents the overall dynamics of entry and exit, with Panel (a)

presenting the effect of this dynamic on the total number of plans. These graphs show a

small but steady reduction in the number of plans during the period, with a larger number

of consolidations in year 2010.11 Figure 2-2 shows that in the sample period, new entries

and exits generally respond to firms’ decisions to introduce or withdraw one plan in a

market at a time. Panel (a) in this graph presents the histogram of the number of plans

that firms introduce per year and region for the whole sample. This graph shows that

about 95% of the time, firms decide either not to introduce a new plan, or to introduce

only one new plan in a market. Panel (b) shows that firms decide each period either to

maintain all their plans in the market, or withdraw one plan. Based on this evidence, in

the empirical analysis I consider that firms make a discrete choice regarding the entry or

exit of each plan, which for simplification I refer to as plan entry and exit decisions.

There is a large heterogeneity in market shares attained by single plans and firms

both within and across markets. Figure 2-3, Panel (a) presents this heterogeneity in plan

market shares for regular beneficiaries in year 2009. While many plans only obtain a

market share close to zero, some other obtain about 20% of the market. This picture is

even more clear when we consider the market shares by firm, as shown in Panel (b) of

Figure 2-3. While some firms have market shares of about 25% of the market, others have

market shares that are very close to zero. Figure 2-4 shows that the previous remarks are

qualitatively also true for LIS beneficiaries.

Table 2.1 shows that the average premium for standard benefit plans has increases and

decreases over time, around an average of $390 dollars during the period of study. This

behavior contrasts with the behavior of the unweighted average annual premium paid by

regular enrollees for all plans, which increased quite substantially, going from $442 in 2007

11In year 2011 CMS began publishing guidance to encourage insurers to consolidate low enrollment plans.
The idea of the regulator is that plans should have a “meaningful difference” with plans sufficiently differentiated
in characteristics from existing plans by the same insurer. These regulations can be found in the website of
CMS in the following link https://goo.gl/0nb1rA
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to $648 in 2012. The average of the CMS average bid is $1010 and the CMS base consumer

premium is on average $361, which represents 36% of the average bid. On the other hand,

the evolution of the LIS subsidy is similar to the evolution of the premiums for plans with

standard benefits because they have increased more slowly during the period, going from

$341 in 2007 to $390 in 2012.

The difference between the evolution of standard benefits plans and the average pre-

mium is driven by the composition of plans available in each period. This fact is reflected

in the increased dispersion in plan premiums, and in particular in a higher number of very

expensive plans. Panel (a) in Figure 2-5 shows considerable variation of annual premiums

by plan and market for year 2007, and Panel (b) presents considerably more variation for

year 2012. Table 2.2 shows the effects of different characteristics on the annual premiums

of plans for regular beneficiaries. In general, plans with extra coverage in the donut hole,

more top drugs in the formulary, and more drugs in the more accessible tiers (tiers 1 and

2) of the formulary, have higher premiums, while plans with higher deductibles have lower

annual premiums.

Additionally, part of the explanation for the dispersion of premiums are the differences

in market power exercised by insurers in different markets. Panel (a) in Figure 2-6 docu-

ments a clear downward sloping relationship between the level of plan premiums and the

number of competing firms in a market, which is consistent with the variation in market

power across regions.

Finally, the variation in premiums is also related to the investing-then-harvesting strat-

egy. Panel (b) in Figure 2-6 shows the positive unconditional correlation between the

annual premium and the lagged market share of the firm, for incumbent plans. In other

words, plans offered by firms with a higher market share in the last period exhibit higher

prices than other plans. Obviously, these unconditional correlations do not control for

other possible factors affecting annual premium, most notably market power or charac-

teristics of the plans (observed and unobserved quality). Table 2.2 projects the premiums

on the observed characteristics of the plans and the lagged market share of the firm. The

premium has a statistically significant correlation with the lagged share of the firm in the

specifications without (Column 1) and with (Column 2) plan fixed effects.
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Additionally, the prices of new plans present a behavior that is consistent with these

investing-then-harvesting strategies. Columns 3 and 4 in Table 2.2 show that new plans

generally have a lower premium than the incumbent plans in the specifications with and

without plan fixed effects. Figure 2-7 shows the pattern of prices for new plans in the years

that follow the year of entry. The graph shows the estimated value of a dummy variable

indicating the number of years since entry for the plan in a regression that includes plan

characteristics and plan and year fixed effects. The pattern exhibited in this graph is

consistent with the idea that after entry, new plans start systematically increasing the

premiums once they gain market share. However, the increase in premiums can also

be due to selection, since we only observe in this graph the plans that survive in the

market. My theoretical model will endogenize entry, exit and pricing in order to analyze

the dynamic incentives faced by these plans.

2.4 Model

My theoretical model represents dynamic competition in the market for Medicare Part D

PDP plans. The main focus of the model is to capture the “investing-then-harvesting”

dynamics in which multi-product insurers are involved in this market. On the demand

side, the model represents consumer choices among available plans. On the supply side, I

model the decisions that each period these forward-looking multi-product insurers make,

about which new plans to offer and which plans to withdraw from the market, as well as

about premiums for incumbent and new plans.

The model builds on Maskin and Tirole (1988) and Ericson and Pakes (1995). How-

ever, in the typical model in this tradition incumbents make two decisions at each period:

a dynamic decision on how much to invest, which affects the state variable (e.g. capac-

ity or quality), and a static decision about prices or quantities determined in the static

competition with other firms. In my model, the main policy variables are premiums and

entry and exit of plans, and their determination affects the revenue and profits for the

current period as well as the evolution of the market share for the next period through

the demand equation.

87



To focus on decisions about dynamic pricing, and the endogenous offering of new plans

and exit of plans that they generate, I make three simplifying assumptions: i) non-price

characteristics of the plans change exogenously, ii) consumers have inertia but they are

myopic (having a discount factor equal to zero), and iii) insurers set premiums and decide

on entry and exit for each plan without gaming on the design of the LIS. I discuss these

assumptions in more depth below, where they are formally presented in the model.

I simplify the state space by summarizing it using four state variables. The state vector

for plan j, in market m and time t (~Sjmt) is composed by the market share of the firm in

the last period (sjmt−1), the number of firms in the market in the last period (Nmt−1), the

average number of plans by firm in the market the last period (Dmt−1), and the size of

the market (Mmt), which I assume evolves exogenously and at a fixed rate. I assume that

firms know the demand function and use it to form expectations about transitions between

state variables. Therefore, the state variables evolve according to pricing decisions and

entry and exit of plans via the estimated demand system.

The timing of the model proceeds as follows. First, plans are endowed with a set of

characteristics. Then, simultaneously, both incumbent and potentially entrant plans make

two decisions each. Incumbent plans receive a draw from the scrap value distribution and

make two decisions: a) whether to stay in the market or exit, and b) which price to set if

they stay. On the other hand, potential entrants (endowed with a set of characteristics)

also make two decisions: a) whether or not to enter the market, and b) which price to

set if they enter. After these decisions are made, consumers choose plans given plan

characteristics and premiums, and therefore state variables evolve.

2.4.1 Demand Side

My demand model captures the demand for plans for different types of consumers. The

demand model is based on Berry (1994) and Berry et al. (1995) but it incorporates dynamic

elements of consumer choice (Gowrisankaran and Rysman, 2012; Cullen and Shcherbakov,

2010; Nosal, 2012). The model assumes that each consumer faces a choice set of plans and

chooses the plan that maximizes her utility. I assume that consumers have linear utility
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functions and, therefore, I describe the plans by their characteristics and their premiums12

Given the existence of inertia in consumer decisions, I incorporate in the model a cost that

consumers have to pay if they decide to change to a plan different to the one they were

enrolled in last period. Additionally, I use random coefficients (as in Berry et al. (1995))

on the price coefficient to incorporate heterogeneity in the consumer side. Following this

literature, I recover the structural parameters for demand using only information about

each plan’s market share and characteristics.

Because of the institutional setting of Medicare Part D, regular and LIS consumers have

different demand functions and, therefore, I estimate their demand functions separately.

I follow the strategy of Decarolis et al. (2015) to determine the outside options for each

of these segments of the market. Regarding regular enrollees, they choose their plans and

face the total amount of the premium and pay the full cost-sharing structure of Medicare

Part D plans through deductibles, co-insurance and co-pays. For this segment, the market

is composed by all the non-LIS Medicare beneficiaries who choose to enroll in a stand-

alone prescription drug plan (PDP), enroll in a Medicare Advantage prescription drug

plan (MA-PD), or do not have any Part D coverage.13 Therefore, I consider the choice of

not enrolling in any part D plan or enrolling in a Medicare Advantage prescription drug

plan (MA-PD) as the outside option.

There are two main complications for the estimation of demand for LIS enrollees, which

are related to the random assignment and the characteristics that enrollees face. First, al-

though LIS enrollees are allowed to choose the plan they want, they are randomly assigned

to eligible plans by the government as soon as they become Medicare Part D beneficiaries.

The problem is that the data do not allow me to distinguish among enrollees who are in

LIS-eligible plans due to random assignment or by choice. I make the assumption that all

LIS enrollees in LIS-eligible plans are there by random assignment. Therefore, I estimate

the parameters of the preferences for LIS enrollees using the choices of LIS choosers that

12The linear form of the utility function may appear in contradiction with the usual assumption that consumers
have risk-averse preferences over expected health risk. However, it is possible to think about the coefficients of
these financial characteristics (other than premiums) in the linear utility function as reduced-form parameters
that capture the revealed valuation of different financial characteristics of the plans.

13Note that this represents all Medicare beneficiaries that are not eligible for low income subsidies, and did
not receive their Part D coverage through their employer or through special groups like Veteran Affairs.
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are enrolled in plans not eligible for random assignment. In this sense, I define the outside

option for LIS enrollees as staying in a randomly assigned plan in Part D PDP. Second,

LIS beneficiaries face different characteristics of plans, since their cost sharing is covered

in large part by the government. The premium for LIS beneficiaries is the difference be-

tween the insurer’s bid and the region-level LIS subsidy (LIPSA), which is higher than

the subsidy for regular enrollees. Additionally, LIS population does not face a deductible,

gap in coverage, or copayments above certain thresholds because the government covers

these costs for them.

The presence of switching costs and other sources of inertia (remarkably inattention)

is well known in the literature of Medicare Part D (Polyakova, 2016; Ho et al., 2015)

and in other health markets (Handel, 2013). In this model of demand, I incorporate

switching costs and other sources of inertia as a cost that individuals pay if they switch

plans, and which they do not have to pay if they remain enrolled in the same plan. A

similar strategy for the estimation of switching costs has been used in previous literature

(Nosal, 2012; Fleitas, 2016). Under this strategy, I remain agnostic about the sources of

inertia. These costs can be related to both a financial burden for switching plans, or a

psychological cost, related to other behavioral factors.

It is also well documented in the literature that consumers have problems and incon-

sistency in the choice of Medicare plans (Abaluck and Gruber, 2011; Ketcham et al., 2012;

Heiss et al., 2013; Einav et al., 2015; Dalton et al., 2015). In order to reflect these inconsis-

tencies, on top of the presence of consumer inertia, I assume that consumers are myopic.

Formally, I assume that individuals consider only the current-period utility to make deci-

sions, and do not take into account expectations over the future value of payoff-relevant

variables. The assumption of myopic consumers simplifies the model, since in a model with

dynamic consumers and firms, the expectations over the future of consumers and firms

have to be compatible. In a dynamic supply and demand model with myopic consumers,

the only expectations that are taken into account in the model are firms’ expectations.
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Flow Utility and Value Functions

Let’s now present the model formally. I begin by discussing the flow utility for each

enrollee, to later construct the value functions and, finally, the choice probabilities that

are used for estimation of the model and to describe how the state variables evolves. Let

the consumer linear utility function for plans be as follows:

fijmt =


XjmtΠ + αipjmt + ξjmt + µijmt, if j 6= 0

µi0mt, if j = 0

where for individual i in plan j, market m and time t, Xjmt are characteristics of the

plan, pjmt is the observed premium of the plan, ξjmt is the unobserved quality of the plan,

and µijmt are i.i.d Type 1 Extreme Value idiosyncratic shocks. Note that Π is a vector

of parameters that is not defined at the individual level but αi is a random coefficient. I

assume that αi is normally distributed with mean ᾱ and variance eα, and with distribution

function (Fi).

Because consumers have inertia in their plan choice, the value function will depend

on the plan the individual had in the last period (jit−1). I will assume that in order to

change plans a consumer has to pay a utility cost of η. Also, because some plans exit the

market each period, we need to define the value function for those consumers whose plan

is still in the market and for those whose plan is not in the market anymore. I define a

function Γ that takes a value of 1 if plan jit−1 is still in the market (Γ(jit−1) = 1), and a

value of 0 otherwise.

With this notation, the value function for a consumer whose plan j in period t− 1 is

still in the market in period t can be defined as:

V (jit−1, µijmt|Γ(jit−1) = 1) = max

{
fijit−1mt, max

j∈Jmt
j 6=jit−1

{
− η + fijmt

}}

where the value function represents the trade-off for the consumer of staying in the same

plan and receiving the utility for that plan, or picking the best plan available in her choice

set and paying the cost of switching.
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On the other hand, the value function for a consumer whose previous plan is not in the

market anymore or who had chosen the outside option in the last period (Γ(jit−1) = 0)

can be written as:

V (jit−1, µijmt|Γ(jit−1) = 0) =

{
max
j∈Jmt
j 6=jit−1

{
fijmt

}}

where the value function represents that this consumer is only picking the best option

among the available plans. Note that consumers do not pay the cost of switching if the

plan is not in the choice set anymore or if they had chosen the outside option last period.

Choice Probabilities

Since I estimate the model using data on market shares for each plan, I need to derive

the market shares from my model. The choice probabilities are calculated according to

the standard formula in Logit models. Let Prij(j
′ be the probability of choosing plan j

in period t having chosen plan j′ in period t − 1. The details about the calculation of

these probabilities are explained in A. The choice probabilities can be used to express the

expected market share in the current period for a plan j ( ˆsjmt) as follows:

ˆsjmt =

∫ [ ∑
j′∈Jmt−1

sij′mt−1Pr
i
j(j
′)
]
dFi

where sij′mt−1 is the period t − 1 market share for a plan j′ in market m for consumer

type i, which is multiplied by the probability of choosing plan j in period t having chosen

plan j′ in period t−1, and then added across all plans in the same market, and integrated

over all consumer types. Note that this demand model is used not only for estimation but

also to compute the transition among states for the dynamic model of supply.

2.4.2 Supply Model

My supply model captures the dynamic competition of multi-product insurers that each

period decide on offering new plans and/or withdrawing some plans, and on which pre-

miums to set for the plans in the market. Modeling the supply side of Medicare Part D

92



also has several challenges because of the regulations involving the profit functions of the

plans. In this section, I develop the model I use for estimation and I explicitly discuss the

assumptions that I make to simplify the problem, keeping the first-order aspects of the

“investing-then-harvesting” dynamics. I proceed by first describing the per-period profits

without considering the possibility of entry and exit, and then I incorporate these possi-

bilities in the profit function. To construct the per-period profits of the plans without the

possibility of entry and exit I follow the exposition of Decarolis et al. (2015). After this,

I derive the value function for each incumbent including the possibility of exit. Finally, I

discuss the value function of a potential entrant.

Per-period profits

I begin by discussing the revenues of a plan offered by a firm in a Medicare Part D market

m in a year t. For simplicity of exposition, I omit the market and time subindices. On the

revenue side, a plan collects an enrollee premium (pj) from each individual that the plan

enrolls. At the same time, the plan collects an individual-specific subsidy (zi(b̄, ri)) from

the government, which is composed by the baseline subsidy (that depends on the average

bid b̄) and an adjustment for the enrollee’s ex-ante health risk (ri). For the average-risk

beneficiary, the sum of the premium and government subsidy is equal to the bid that the

firm submitted for the plan. This mechanism is implemented by CMS to reduce incentives

for risk-based selection, ensuring that all consumers look equally profitable to plans.

The cost side is also subject to regulations. The ex-post costs of a plan are different

for each enrollee, since they depend on individual prescription drug expenditures. The

government mitigates part of the costs of the individuals with very high expenditures

via catastrophic reinsurance provisions, which cover 80 percent of an individual’s drug

spending for these individuals. Also, the cost for the plan of a individual with a given

drug consumption will depend on the characteristics of the plan, such as the deductible

level, co-payments and co-insurance or potential coverage in the donut hole. Therefore,

the cost for a individual is a function of the cost-sharing characteristics of the plan (ρj)

and the individual’s measure of health risk: cij(ri, ρj).

In addition to these regulations on revenues and costs, Medicare Part D implements
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risk corridors, which are transfers between insurers and the federal government to reduce

the effects on benefits of unexpected costs for the basic Part D benefit.14 Let G be a

function that adjusts a plan’s ex-post profit.

Adding across all individuals enrolled in the plan, the ex-post profit for plan j as a

function of its bid bj , and the bids of other plans in the market b−j can be written as

follows:

Πj(bj , b−j) = G

[ ∑
i|jit=j

pj(b̄, bj) + zi(b̄, ri)− cij(ri, ρj)
]

In order to simplify the plan level profits, the subsidy and the cost can be expressed as

individual-specific deviations from the baseline subsidy (zi = z+ z̃i) and from the average

plan-specific cost of coverage (cij = cj + c̃ij), respectively. Furthermore, we can denote

the individual-specific difference between the cost and the subsidy as ηij = c̃ij − z̃i. It is

important to notice that ηij captures the adverse or advantageous selection occurring at

the plan level. Previous literature (Polyakova, 2016) has shown that individual-specific

risk is mainly a function of the characteristics of the plan, and in particular related to

whether or not a plan offers coverage in the gap. Using this finding, I define the individual-

specific risk as a function of plan characteristics and, therefore, the profit function can be

written as:

Πj(bj ; b−j) = G

[( ∑
i|jit=j

pj(b̄, bj) + z(b̄)− cj(r̄j , ρj)
)

+Hj(ρ)

]

where Hj(ρ) =
∑
i∈J

ηij(ρj). Therefore, I can obtain a profit function for the plan that does

not have any individual specific term. Moreover, the sum of the premium and the baseline

level subsidy is, by construction, equal to the bid submitted by the insurer to Medicare:

pj(b̄, bj) + z(b̄) = bj .

Finally, I make three assumptions in order to simplify the per-period profits. First, I

14CMS describes the risk corridors as: “Specified risk percentages above and below the target amount. For
each year, CMS establishes a risk corridor for each Part D plan. Risk corridors will serve to decrease the
exposure of plans where allowed costs exceed plan payments for the basic Part D benefit.” See 42 Code of
Federal Regulations 423.336(a)(2).
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assume that firms do not game the subsidy structure of Medicare Part D when they make

the bids. Although Decarolis (2015) shows that firms play strategies taking advantage

of the institutional setting of the subsidy, I think this type of games are an additional

factor for premium increase and not a first order important factor for the “investing-then-

harvesting” mechanism studied in this paper. Note that this assumption is important in

my paper, because it allows me to consider the decisions of pricing, entry and exit for

each plan as independent from the other plans that the firm has in the market. Second, I

assume that firms only take into account the ex-ante risk of beneficiaries in their decisions,

and not the adjustments implied in the H function or the risk corridors. Note that

previous evidence suggests that the individual-specific risk component is related to the

characteristics of the plan and therefore it is partially included in marginal costs. Finally,

I assume that the cost for regular and LIS enrollees is the same and that there are no

risk-corridor adjustments.

Given these assumptions, and bringing back market and time subindices, now I can

re-write the profit of plan j in period t as:

Πjmt(bjmt, b−jmt) = (bjmt − cjmt)sjmtMmt

where bjmt is the bid for plan j in market m at time t, b−jmt represents the bids for the

other plans in the same market and time, sjmt is the market share of plan j, and Mmt is

the market size. Note that sjmt incorporates all the regulatory details and the dynamic

elements of the demand for plans for regular and LIS beneficiaries that were discussed in

Section 2.4.1. Also, because characteristics are assumed to be exogenous, I use the non-

characteristics-related part of the bid (the projection of the bid on the state variables) in

the per-period pay-off function. Finally, the costs are a random shock (cjmt = εcjmt) that

is private information and has a normal distribution such that εcjmt ∼ N (c̄, e2
c).

Finally, plans face fixed costs unrelated to enrolled beneficiaries, represented by the

function Λ, which vary depending on the current status and action (ajmt) that a plan
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takes:

Λ(ajmt, κjmt, φjmt) =


−κjmt, if the plan is a new entrant,

φjmt, if the plan exits the market.

To enter the market, plans have to pay a fixed cost, κjmt, which is a private information

draw from a common distribution of entry costs, Fκ. On the other hand, when a plan

exits the market, it receives a payment of φjmt, which can be positive or negative, and

represents a scrap value of shuttering a plan. This payment is i.i.d. private information

and it is drawn each period from the common distribution, Fφ. Finally, note that these

parameters are assumed to be independent of the status of the plan in the market.

Putting together the costs and revenues of each plan for different strategic decisions,

the per-period payoff function is:

Πjmt(bjmt, b−jmt,~amt, ~εmt) = (bjmt − cjmt)sjmt(~bmt,~amt)Mmt − Λ(ajmt, κjmt, φjmt) (2.1)

where ~amt is the vector of actions for all plans in market m at time t, ~εmt is the vector of

random cost shocks for all the plans in the market, and ~bmt is the vector of bids for the

plans in the market.

In the following subsections I discuss what the value functions are for plans and the

equilibrium of this game.

Value Functions

In each discrete time period, the plan j makes entry, exit and pricing decisions, which

I denote as ajmt. A dynamic game as the one proposed has many possible Nash Equi-

libria. Following previous literature (Maskin and Tirole, 1988; Ericson and Pakes, 1995;

Ryan, 2012), I restrict plan strategies to be anonymous, symmetric and Markovian, mean-

ing that plans only condition on the current state vector and their private shocks when

making decisions. A plan’s strategy is a mapping from states and shocks into actions

(σj : (~Sjmt, εjmt)→ ajmt), where ~Sjmt is the vector of state variables for plan j in market

m and time t (its lagged market share sjmt−1, the lagged number of firms in the market

Nmt−1, the lagged average number of plans per firm in the market Dmt−1, and the current
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market size Mmt). Note that here εjmt represents the plan’s private information about

the cost of entry, exit and enrollees. In this model, σj is a set of policy functions which

describes plan j’s pricing, entry and exit behavior as a function of the present state vector.

In a Markovian setting with an infinite horizon, bounded payoffs, and a discount factor

less than the unity, the value function for an incumbent at the time of the exit decision is:

W (~Sjmt, ~εt) =

max

{
φjmt,max

bjmt

{
E
[
(bjmt − cjmt)sjmtMmt + βE

[
W (~Sjmt+1, ~εmt+1|~Sjmt)

]]}}
(2.2)

where the second term takes the expectation over the cost shocks and exit decisions in

this period, and the second expectation also includes the expectations about how the state

vector evolves.

Potential entrants consider entry evaluating the benefits of entry at an optimal pre-

mium and their draws of enrollee costs and entry costs. I assume that potential entrants

receive an endowment of characteristics (including which firm is offering the plan and the

unobserved quality of the plan) and that they are short-lived: if they do not enter in this

period they disappear and take a payoff of zero forever. I also assume that plans that enter

cannot leave the market in the same period. The value function for a potential entrant is:

W e(~Sjmt, ~εmt) =

max

{
0,max

bjmt

{
E
[
(bjmt − cjmt)sjmtMmt + βE

[
W (~Sjmt+1, ~εmt+1|~Sjmt)

]]}
− κjmt

}
(2.3)

where the second term takes expectations over the cost shocks and the second expectation

also includes the expectations about how the state vector evolves.

The Markov Perfect Nash Equilibrium (MPNE) requires each plan’s strategy profile

to be optimal given the strategy profiles of other plans. Note that this means that the

value function evaluated at the optimal strategy should be larger than the value function

evaluated at any other alternative strategy. The introduction of private information makes

the best response functions continuous and, therefore, it guarantees the existence of at
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least one pure strategy equilibrium (Doraszelski and Satterthwaite, 2010), although there

are no guarantees that this equilibrium is unique.

2.5 Empirical Strategy and Identification

In this section, I present the methods I use for the estimation of the structural model.

I begin by discussing the estimation of the demand systems and, after that, I present

the estimation of the supply side in two steps. In each of these subsections I discuss

the methods involved as well as the aspects related to the sources of identification of the

parameters.

2.5.1 Demand Estimation and Identification

The estimation of the demand model follows Berry et al. (1995). For comparison purposes,

I also report estimates using the logit model of Berry (1994). While the latter can be

estimated in a linear fashion, the estimation of the former requires to solve for the Berry

(1994) inversion nested in the general method of moments estimation.

In my demand models I include, in addition to the annual premium, a rich set of

variables to describe plans’ financial and non-financial characteristics. First, I include the

deductible and the extra coverage in the donut hole, to characterize the financial risks

associated to each plan. Second, I include a set of variables to describe the access to and

cost for different drugs. This includes the number of drugs in the plan formulary, and also

the number of top 100 drugs that are included in the formulary. Additionally, I include

the number of top drugs that are in the first and second tiers of the formulary. Finally, I

include the size of the pharmacy network, and the number of preferred pharmacies in the

network. I also use firm, year, and region indicator variables. As in the rest of the paper,

I assume that the characteristics of the plans are exogenous.

Even when I include a rich set of controls for observable characteristics, there are

concerns about the identification of the demand models. For example, there may be

room for other unobservable characteristics at the plan-specific level to be correlated with

premiums and generate endogeneity issues. These unobserved factors can be any aspect of
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unobserved quality of the plans, such as advertising or customer services. Because of these

factors, I need to instrument for the premium. Note that here the source of endogeneity

in plan premiums is that plans with higher shocks of unobserved quality will set higher

prices, implying a correlation between the unobserved quality term (ξjmt) and the plan

premium (pjmt).

For the identification of the model for regular enrollees I rely on four instrumental

variables. Three of them are BLP-type instruments (Berry et al., 1995): the number of

PDP plans in the market for each insurer firm, the average number of plans with extra

coverage in the gap in the market, and the average, across plans in the market, of the

number of top 100 drugs included in the plan formulary, where the last two averages

are computed without using information of the plan being instrumentalized. The fourth

instrument is a Hausman-type instrument (Hausman, 1996). The idea behind this type of

instrument is that the prices in different markets share some common cost shocks that are

not correlated with market specific demand shocks. As an instrument for the premium, I

use the average of the premiums of plans offered by the same firm in other regions.15 The

idea of this instrument seems to be particularly correct for Medicare Part D markets due

to its regulatory structure, where CMS treats each market separately in order to determine

the premiums of plans.

For the identification of the demand model for LIS enrollees, I only use the instru-

mental variables described above that are relevant for LIS enrollees, whose out-of-pocket

expenditures are subsidized by the government. Thus, I do not use the instrument related

to extra coverage in the gap. The instruments used in the first stage of the LIS demand

model are the firm’s number of PDP plans in the market, the Hausman-type instrument

(average premium of plans offered by the same firm in other regions), and the average

number of top 100 drugs in the plan formulary for plans in the market.16

15To compute this instrument, I use the division of US in four regions: East, South, Midwest, West. My
instrument is the average premium of plans offered by the same firm in the other three regions that do not
include the market of reference. The results are robust to alternative ways to compute this Hausman-type
instrument.

16I use the estimates from the full model with inertia and random coefficients as my main estimates of demand
for both regular and LIS enrollees, but I check for robustness of the estimates to different types of instruments
and specifications. I discuss these issues in more depth in the results section.
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2.5.2 Estimation of Policy Functions

To estimate the supply side model, the first step is the estimation of the policy functions

that characterize the pricing and entry and exit behavior of plans conditional on the state

variables.

Pricing policy function I use a linear model to estimate the pricing equation of plans,

conditional on being in the market in this period. The optimal pricing policy function

depends on the vector of state variables. As discussed before, the state variables in my

model are the lagged firm market share sjmt−1, the lagged number of firms in the market

Nmt−1, the lagged average number of plans by firm in the market Dmt−1, and the current

size of the market Mmt. When a plan is new to the market, I assume that the lagged

market share of the plan is zero. Thus, the investing-then-harvesting behavior is linear

in lagged market shares, with new entrants having no incentives to harvest. In addition

to the state variables, I include all the characteristics included in Xjmt, and also the

estimated unobserved quality from the demand model ξjmt. The equation for a plan’s bid

is therefore as follows:

bjmt = γb0 + γb1sjmt−1 + γb2Nmt−1 + γb2Dmt−1 + γb3Mmt + νb1ξjmt + νb2Xjmt + εbjmt

Exit policy function I characterize the probability of exit using the following Probit

regression:

Pr(Exit = 1|~Sjmt) = Φ(γE0 + γE1 sjmt−1 + γE2 Nmt−1 + γE2 Dmt−1 + γE3 Mmt + νE1 ξjmt + νE2 Xjmt)

where Φ is the Standard Normal CDF. Like the pricing equation, the exit probability

depends on the vector of state variables and the exogenous observed and unobserved

characteristics of plans.

Entry policy function The entry policy function only depends on the state variables

related to the market. The firm’s lagged market share and other plan characteristics are

not considered in this policy function. To estimate the effect of this three state variables

(lagged number of firms in the market, lagged number of plans per firm, and market
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size) on entry decisions, I assume that each period up to 10 plans can potentially enter

the market. Based on this assumption, I create 10 observations per market-year that

correspond to each of these potential entrants. For each of these observations I create a

dummy variable indicating whether the potential entrant enters the market, which takes

the value of 1 for the same number of observations per market-year as the number of plans

that actually enter the market. Also, for each of these observations I create variables for

the average, across all plans in the market, of the observed characteristics and estimated

unobserved quality of plans. Therefore, the entry policy function is modeled using a Probit

regression, where the binary decision of entry is regressed on the state variables and the

average characteristics of the market in each period:

Pr(Entry = 1|~Sjmt) = Φ(γN0 + γN1 Nmt−1 + γN2 Dmt−1 + γN3 Mmt)

I assume that once the plan enters the market, it is endowed with a complete vector

of characteristics, which I randomly draw from the distribution of characteristics of 100

plans that entered Medicare Part D at some point during my sample period.

2.5.3 Estimation of Structural Parameters

The estimation proceeds in two steps. The first step provides the policy functions, which

determine the optimal actions of plans at each state and how the state variables evolve.

The second step finds parameters that make these observed policy functions optimal, given

the underlying theoretical model. The parameters that I estimate in this second stage are

the structural parameters of the model: the mean and standard deviation of distributions

of the cost, entry and exit shocks. In this subsection, I present the intuition for the

estimation of these parameters. I leave the details for B, where I explain the construction

of the function for the minimum distance estimators.

The main insight for the estimation of the parameters of the marginal cost and exit

scrap values distributions is that, under a Markov Perfect Nash Equilibrium, the value

function for plans evaluated at the true policy should be, in every period, larger than the

same value function evaluated at any fake policy function. However, because of simula-
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tion error and errors in the policy function, in the computed value of the value function

evaluated at an alternative policy can be higher than the value at the actual policy. The in-

tuition of the estimation is to take these situations and choose the value of the parameters

that minimize the square sum of these deviations. In order to implement this estimation,

I construct the value function for the actual policy function and for 500 fake policy func-

tions. Since the value function for any policy function depends on the future states, via

the continuation value, these value functions are constructed using forward simulation of

the actions for all competitors. In order to do that, I take draws for the private shocks

for the next 100 periods and use the actual optimal policy functions estimated in the first

step of the supply estimation. I repeat this process for 500 initial values in the state space,

which I take from the observed values in the data. Note that the linearity of the unknown

parameters is useful during the minimization, since I do not have to recompute separate

outcome paths for each set of parameters.

Having recovered the policy functions and the parameters needed for the construction

of the payoffs for incumbents, it is now possible to find the parameters of the distribution

of entry costs. The main intuition behind the estimation of these parameters is to match

the probabilities of entry in a given state of the market, obtained using the policy function,

with the probabilities predicted by the model. In order to implement this, I consider 1000

initial states and compute the probabilities of entry in each of them using the policy

function. Using the value of the parameters for marginal costs and exit costs, I compute

the continuation value that the potential entrant would get if it enters the market. I

then estimate the parameters of the distribution of the entry costs by minimizing the

difference between these two probabilities, which is a function of the value of the unknown

parameters. Finally, the standard errors of all these parameters can be computed by

bootstrapping over the different market histories (Bajari et al., 2007; Ryan, 2012).

2.5.4 Identification of the Supply Model

The first stage of the supply-side model recovers the policy functions that describe the

optimal policy of firms in each particular state. The identification of the policy functions is

crucial, since the second stage uses these policy functions, as well as fake policy functions,
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in order to estimate the structural parameters. The fundamental source of identification for

the parameters of these policy functions is the observed actions of firms about entry, exit

and pricing under different points of the state space. The policy functions are estimated

by controlling for the observed characteristics of plans and also for market fixed effects. In

addition, a crucial aspect of the identification of these policy functions is the inclusion of

the unobserved quality estimated from the demand side model. This is important because

the fact that premiums are correlated with lagged market shares could be explained by the

existence of persistent unobserved quality of plans. It is also possible to think that plans

with higher unobserved quality are less likely to exit or that entry depends on the average

unobserved quality of plans already in the market. Therefore, without controlling for

unobserved quality, the effects of the lagged market share are confounding with persistent

quality of plans. The availability of an estimate of the unobserved quality of each plan

from the demand model allows me to identify these policy functions, controlling for these

unobserved aspects in addition to the usual controls for observed characteristics and fixed

effects.

The second stage of the supply-side model rationalizes the choices of plans about pre-

miums, entry and exit, by estimating the fundamental parameters of the distribution of

marginal costs, entry sunk costs and exit scrap values. The identification of the marginal

cost comes from pricing decisions of plans under different market structures in the dif-

ferent states of the game. In the estimation of the structural parameters, plans make

pricing decisions in many different states, both because profits are forward-simulated in

different market histories, and because many states are used to initialize these simulations.

Additionally, the entry costs and exit scrap values are identified from the entry and exit

decisions of plans and the duration of plans in the market. For example, the variation in

the observed probability of entry in states that exhibit high and low profits upon entry,

helps to identify the variance of sunk costs.
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2.6 Results

2.6.1 Estimates of the Demand Model

Table 2.3 presents the results of the demand estimates for regular enrollees. Column (1)

presents the OLS estimates of the Berry (1994) logit model. As it was discussed, charac-

teristics are assumed to be exogenous but there are concerns about potential endogeneity

of premiums. Because of these concerns, the estimates in Column (2) and (3) are ob-

tained using the instrumental variables for premiums that were discussed before. Finally,

Column (4) presents the estimates for the full model, which includes inertia and random

coefficients, and also corrects for the endogeneity of premiums using instruments.

As expected, the estimates for the premium coefficient are always negative, and smaller

(in absolute value) in the non-instrumented specifications. The estimated coefficient for

the OLS model is -0.0024 and the coefficient turns more negative in Column (2) with the

IV estimates (-0.0039). In Column (3) I include a variable that counts the number of years

the plan has been in the market (Plan Vintage), as used in Decarolis et al. (2015), which

is a way to capture the inertia of consumers. The results in Column (3) show that the

coefficient for plan vintage is positive and statistically significant, suggesting that plans

that entered earlier capture a larger enrollee pool, which is consistent with the presence of

consumer inertia. However, the premium coefficient is virtually unchanged by the inclusion

of this variable.

The estimates of the first stage for regular enrollees are presented in the first two

columns of Table 2.4). The four instruments used for the premium are significant. The

F-statistic of the joint hypothesis of all the coefficients for the instruments being zero has

a value of 79 for the specification in Column (1) and 88 for the specification in Column

(2). Premiums are positively correlated with the average premium of plans offered by the

same firm in other regions (Hausman-Type Instrument), suggesting that this instrument

is recovering cost factors that are present in all regions. The BLP-type instruments also

have the expected sign; premiums are lower for plans offered by firms with more product

diversification in the market (Number of PDP from Same Firm), and for plans offered

in markets with more plans with gap coverage (Average Nr PDP with Extra Coverage),
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while they are higher for plans offered in markets with a higher average number of top

100 drugs in the formulary of plans (Average Nr Top 100 Drugs). This discussion of the

first stage is important not only to understand the results of Columns (2) and (3) of Table

2.3, where I correct for the potential endogeneity of premiums, but also because the same

instruments are used to create moments in the GMM estimation of the full model.

The estimates for the full specification of the demand model for regular enrollees,

which includes random coefficients for the premium and consumer inertia, are reported

in Column (4) of Table 2.3. The inclusion of a parameter for the cost of switching plans

allows the model to rationalize observations for which premiums increase and market

shares tend to respond very little, because consumers have inertia to choose the same

plan they chose in the previous period. In this sense, the estimated price elasticity in this

model is expected to be larger (in absolute value) compared to the previous estimates.

Indeed, the estimated coefficient for the premium is more negative in this specification

(-0.0106). The price elasticities implied by the different specifications are -1.29, -2.09 and

-5.24 in the OLS, 2SLS and the full specifications, respectively. These price elasticities

are very similar to estimates found in previous literature (Lucarelli et al., 2012; Decarolis

et al., 2015). The estimated standard deviation of the normal distribution of the random

coefficients, although small, is significant with a value of 0.0013. Finally, the coefficient for

inertia is also significant and it represents a dollar value of $743 per year (-7.8724/-0.0106=

743). The the cost of switching is similar in order of magnitude to most previous works

for Medicare Part D (Abaluck and Gruber, 2013; Polyakova, 2016), although it is lower

than the estimates of Miller and Yeo (2012), who estimate a dynamic model of consumer

demand in Medicare Part D.

Table 2.5 presents the results of the demand estimates for LIS choosers. The main

differences between regular and LIS enrollees are the way I construct the outside option.

The key assumption is that all individuals that I observe in plans that are eligible for

LIS random assignment are considered to have chosen the outside option. In addition,

the demand model for LIS choosers does not include the deductible and the gap coverage

as characteristics of plans, since these enrollees receive support from the government to

cover out-of-pocket expenditures. Finally, the premiums that LIS choosers face are not
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the same as those faced by regular enrollees. LIS enrollees pay a premium that is the bid

minus the LIPSA subsidy.

The estimates of the demand for LIS enrollees are qualitatively similar to those for

regular enrollees. Column (1) of Table 2.5 presents the OLS estimates of the Berry (1994)

logit model. Again, I rely on instruments to address the concerns about endogeneity and

to identify the premium coefficient. Columns (2) and (3) present the 2SLS estimates, with

the difference between them being that the latter includes plan vintage as a control vari-

able. As expected, in both specifications the premium coefficient becomes more negative

compared to the OLS estimate, although the change is relatively small. The first stage

estimates for the 2SLS are reported in the last two columns of Table2.4. The estimated

coefficients for all the instruments have the expected signs and they are all significant,

with joint F-tests as strong as in the case of the regular enrollees.

Column (4) in Table 2.5 presents the estimates of the full model. The premium coef-

ficient turns more negative, since this model also accounts for inertia of consumers. The

coefficient for the premium is -0.0081, significantly larger in absolute value than the IV

estimates. The price elasticities for these enrollees are -1.23, -1.39 and -4.12, in the OLS,

2SLS and full specifications, respectively. In the full specification, the standard deviation

of the premium random coefficient is very small and not statistically significant. LIS con-

sumers have a relatively more inelastic demand and they are more homogeneous in their

preferences about premiums, reflected by a statistically insignificant standard deviation

of the premium coefficient. Additionally, the coefficient for the cost of switching is signifi-

cant and it represents an equivalent dollar value of $608 per year (-4.9241/-0.0081= 608).

Overall, inertia for LIS enrollees is similar but smaller than for regular consumers.

Across all specifications for regular and LIS enrollees, in general the coefficients for

other plan characteristics have the expected signs. Regular consumers derive negative

utility from higher plan deductibles and, and positive utility from extra coverage in the

donut hole. All consumers enjoy other measures of coverage: broader coverage of com-

mon drugs, more benefits on top drugs, and larger pharmacy networks. Also, preferred

pharmacy network are disliked by consumers.

The results are robust to the inclusion or exclusion of different characteristics and to
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the definition of these characteristics, in particular in the case of coverage for drugs or

descriptions of the pharmacy networks. The results are also robust to the use of alternative

instruments. The estimates of the premium coefficient are similar in models that include

the means of all the exogenous characteristics, or where the instruments proposed by

Gandhi and Houde (2015) are used. In general, all the robustness tests confirm the results

discussed above.17

2.6.2 First Stage of the Supply Model

The first stage of the supply model recovers the best response functions of the players

in the game. My estimation is based on the method proposed by Bajari et al. (2007)

to estimate dynamic games. The main idea of this method is to recover the conditional

choice probabilities, in the sense of Hotz and Miller (1993), from the actions actually

observed in the data. In the first stage of the supply-side estimation, I recover the pricing

policy (conditional on being in the market), and the entry and exit policies. Therefore, the

identification of the parameters of these policy functions comes from the observed actions.

Pricing Policy Estimates for different specifications of the pricing policy conditional

on being in the market are presented in Table 2.6. The main difference between these

specifications and the ones presented in Section 2.3 is that this policy function not only

controls for the observed characteristics of the plans but also for the estimated unobserved

quality of each plan (ξjmt). Controlling for unobserved quality is extremely important

here, since the correlation between lagged market shares and bids could be reflecting the

fact that these plans have higher persistent unobserved quality and, therefore, a higher

price next period. The inclusion of the unobserved quality helps to identify the causal

effect of lagged market share on the bidding behavior, holding unobserved quality constant.

Previous work documenting this relationship between lagged market shares and premiums

uses a structure of fixed effects to control for unobservables that could be correlated with

the bids ((Ho et al., 2015; Wu, 2016)). In this paper, I leverage the fact that I estimate

17The results for these robustness checks are not included in the paper, but they are available from the author
upon request.
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the unobserved quality in the demand model and I include this estimated value in the

equation directly.

Column (1) presents the results of regressing the bids on the lagged firm market share,

plan characteristics, and region fixed effects. The estimated coefficient is 182, which means

that a 10 percent point increase in the lagged market share implies an increase in the bid

of $18.3 per year. This increase represents the 3.4% of the average bid in my sample

($540). In order to show the effect of the inclusion of the unobserved quality, Column

(2) incorporates to the previous specification the unobserved quality estimated from the

demand for regular plans. The effect of the lagged market share is strongly significant

but its value is reduced to 150. Columns (3) and (4) present estimates where all the state

variables are included. The difference between these two columns is that the latter includes

the unobserved quality of plans from demand estimation. The effect of the lagged plan

market share is reduced to 122 when all state variables are included and it is reduced once

again when unobserved quality is included. In all the estimations, this effect is statistically

significant.

Additionally, bids are negatively related to the number of firms in the market, posi-

tively related to the market size and it is positively (though not statistically significantly)

related to the number of plans by firm in last period. The F-stat of the significance of

all state variables is 128. Additionally, it is important to notice that the estimated policy

function captures the variation in the bids very well, with a very high R-Squared (and

Adjusted R-Squared) for all the specifications. Finally, for each specification I also present

the standard deviation of the residuals, which will be used to forward-simulate the pricing

policies in the estimation of the structural parameters.

Exit Policy Estimates for different specifications of the exit policy are presented in Table

2.7. Panel (A) presents the estimated coefficients and Panel (B) presents the average

marginal effects. Analogously to the case of the pricing policy, the correlation between

lagged market shares and bids could be reflecting the fact that plans that have higher

persistent unobserved quality have, for this reason, a lower probability of exiting next

period. Therefore, controlling for the unobserved quality of plans is extremely important
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to estimate the exit policy functions.

The estimated effect of the lagged market share on the probability of exit is negative

and strongly significant in all specifications. Columns (1) and (2) present the estimates

of a Probit model that includes the lagged firm market share, observed characteristics

and region fixed effects. The difference between these two specifications is that the latter

includes the estimated unobserved quality from the demand model. The estimates show

that plans with higher unobserved quality have a lower probability of exiting the market.

However, the magnitude of the effect of the lagged market share is very similar in both

specifications: a 10 percentage point increase in the lagged market share decreases the

probability of exit by about 2.6 percentage points.

Columns (3) and (4) present the estimates of a Probit model when the whole set

of state variables are included. As expected, the lagged number of firms in the market

increases the probability of exit while the market size reduces this probability. The lagged

number of plans by firm has a small positive effect on exit, but this coefficient is not

statistically significant. The effect of the lagged market share is very similar, with a 10

percent point increase in the lagged market share decreasing the probability of exit by

about 2.4 percentage points.

Entry Policy Table 2.8 presents estimates for different specifications of the entry policy.

As in the previous table, Panel (A) presents the estimated coefficients and Panel (B)

presents the average marginal effects. Column (1) presents the estimates of a Probit model

with the lagged number of firms in the market, the averages across plans in the market

of observed plan characteristics, and region fixed effects. The model estimated in Column

(2) also includes the average estimated unobserved quality. The estimated effect of the

lagged number of firms on the probability of entry is negative and strongly significant in

both specifications. In particular, the estimated average marginal effects suggest that the

presence of one additional competitor in the market last period reduces the probability of

entry by 4.2 percentage points. Column (2) shows that the average estimated unobserved

quality has a negative but not statistically significant estimated coefficient. The positive

sign means that the higher the average unobserved quality of plans in the market, the
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lower the probability of entry.

Columns (3) and (4) present the estimates when all the state variables are included

in the model, including the lagged average number of plans per firm and the size of the

market. The specification in column (4) additionally includes the average unobserved

quality of plans in the market. The effect of the lagged number of firms is similar to the

previous specifications, and the effects of market size and lagged number of plans per firm

have coefficients and average marginal effects very close to zero. Finally, it is important

to note that the entry policy function describes the entry decision based on the state

variables; however, the entry decision for a plan is endogenous to the “investing-then-

harvesting” dynamics, since in the model the plan compares the entry cost shock to the

expected value of being in the market, conditional on its pricing decision.

2.6.3 Second Stage of the Supply Side

The second stage of the supply model estimates the parameters that rationalize plans’

actions according to the optimal policy functions estimated in the first stage. All estimates

from the second stage are presented in Table 2.9.

In order to compute the marginal cost and the entry and exit costs, I have to stan-

dardize all the plans to have the same characteristics. Otherwise, the variations in the

parameters will recover not only the randomness of the cost shocks but also the different

characteristics of the plans. Because of this, in my estimation I standardize the character-

istics of all plans to be the characteristics of the average standard benefit plan (SDB) in my

sample. However, the characteristics of plans, which are assumed to remain unchanged in

the forward simulations, are used for the transition equation to predict the market shares

over time.

The first two rows of Table 2.9 show the estimates of the marginal costs. The distribu-

tion of marginal costs has a mean of $1079 and a variance of $367. Both parameters are

statistically significant at a one percent significance level. These costs imply an average

markup rate of 13% for the plans. As discussed before, the identification of the marginal

costs comes from the effect on premiums of the different market structures present in differ-

ent forward simulations. The estimates of the marginal costs from my dynamic structural

110



model are similar to other existing estimates by the Congressional Budget Office (CBO)

and previous literature. In 2014, the CBO (Congressional Budget Office, 2014) estimated

that the average net drug spending for a beneficiary in a basic benefit plan was $1,382.

My estimate is also similar to the estimates that Decarolis et al. (2015) finds by inverting

the first order condition of a static demand model.18

The structural model estimates also show entry and exit costs that are consistent with

plan decisions about entry and exit. The distribution of the scrap value has a mean of

$987,765 and a standard deviation of $381,987. However, none of these numbers are very

precisely estimated. The mean of the scrap value is statistically significant only at a 10%

level, while the standard deviation is not statistically significant. The distribution of entry

costs is estimated to have a mean of $2,426,733 dollars and a $843,536 standard deviation.

Both parameters are statistically significant at one and five percent levels, respectively.

It is more difficult to evaluate the size of the entry and exit costs since, to the best of

my knowledge, there are no previous studies of these type of costs. The estimation of the

exit cost or scrap values is very imprecise, so it is not possible to reject the hypothesis

of zero scrap value. This fact is consistent with the idea that at the time of exiting the

market these plans do not receive a large amount of money for their investment, although

they will certainly recover some part of the materials and other capital investments.

On the other hand, the estimates of the sunk costs of new plans by market seem

large, with an average of $2.5 million per plan. Two points are important to notice here.

First, there are actually large costs involved in offering a new plan. In order to set up

a new plan, a firm has to design the product, which involves creating a formulary and a

system for formulary management, studying the actuarial and pricing characteristics of

the plan, conducting the negotiations with pharmacies and negotiate drug rebates, and

conducting the marketing efforts. The marketing of these plans involve large expenditures

in television, radio and print ads, and it is expected that new plans bear most of the

cost of this advertising as a entry cost. For example, industry reports and other sources

18Using my estimates of demand for a model that includes the vintage of plans and following the methodology
of Decarolis et al. (2015), I estimate marginal costs, inverting the first order conditions, and I find similar results
to the ones in my dynamic structural model.
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inform that insurers offering Medicare Part D plans incur in high advertising costs.19 The

second point is that, since the dynamic model does not distinguish between the entry of

new plans by existing or new firms, the estimates of the sunk cost of entry in my model

are an average of the costs of the entry of new plans and the cost of entry of new firms.

The sunk cost of offering new plans by new firms should be clearly larger than the cost

of offering new plans for existing firms. Therefore, this fact can increase my estimates of

the sunk costs.

2.7 Counterfactuals

The goals of the counterfactual analyses discussed in this section are twofold. The first

goal is to assess the effects that a policy limiting dynamic pricing would have on consumer

welfare in Medicare Part D markets, when the entry and exit of plans is endogenous to

supply responses to consumer inertia. The second goal is to evaluate how these effects

change according to the degree of inertia in consumer choice present in the market. Im-

portantly, and unlike previous literature, my counterfactual exercises not only incorporate

the direct effects on premiums of a policy that limits dynamic pricing, but they also allow

for the entry and exit behavior of plans to endogenously respond to the implementation

of this policy, indirectly affecting premiums as well.

To achieve these two goals, I compute two counterfactual exercises where dynamic

pricing is not allowed, by imposing a fixed-markup policy on plans and solving for the

new Markov Perfect Nash Equilibrium. Fixing expected markup rates is a feasible policy

in this setting, where the expected drug costs from consumers can be forecasted using

standard software packages that predict health conditions and drug costs for different

types of consumers, based on their demographics and past health consumption.20

19Kaiser (2008) estimates that between October 1, 2007 and December 31, 2007, Medicare plan sponsors
expended $76 million in television, print and radio ad occurrences. The report establishes this as a conservative
estimate of marketing expenditures because they do not include other potentially significant costs associated
with other marketing activities, such as direct mail, seminars, agent fees, billboard and other open air placements,
or ads placed on websites.

20Examples of these software packages are the Adjusted Clinical Groups (ACG) Case-Mix System by Johns
Hopkins University, and the Hierarchical Condition Categories (HCC) model made by CMS. Some examples of
the discussion and use of these softwares in the literature can be found in Carlin and Town (2009), Handel
(2013), Einav et al. (2016), and Fleitas et al. (2016).
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The first counterfactual scenario reflects the effects of implementing the fixed-markup

policy while keeping the inertia of consumers unchanged. I denominate this counterfactual

scenario “Fixed Markup with Inertia.” In the second counterfactual scenario, the fixed-

markup policy is implemented in a market without inertia. As explained in more detail in

the next subsection, this is achieved by removing inertia from consumers and computing

the supply-side responses to the game without inertia. For simplicity of exposition, I

denominate this counterfactual scenario “Fixed Markup without Inertia.”

2.7.1 Implementation

Because of the computational complexity of solving a dynamic game among the firms, I

have to simplify the setting in such a way that captures the first order considerations about

dynamic pricing and endogenous entry and exit, but reduces its computational complex-

ity. Solving the new Markov Perfect Equilibrium of these games is a highly demanding

computational task, and the time required crucially depends on the number of competi-

tors in the market. The size of the state space increases geometrically with the number of

competitors in the game, since the value function in equilibrium has to be solved for every

state of the game. For this reason, to compute the counterfactual scenarios I assume that

there are only five single-product firms in each market: four large firms and a composite

firm that represents all the other inside options. This assumption is restrictive and is

made to simplify the computational burden. However, the largest four firms represent

about 60% of the total market in each market-year in my sample.

To be able to assess the welfare effects of the two counterfactual scenarios, I compute

a baseline scenario that serves as a benchmark for the purpose of comparison with the

counterfactual scenarios. The baseline scenario is obtained by computing the equilibrium

of this simplified version of the market (under the assumption of five single-product firms

per market) under the actually observed pricing policy. Thus, the benchmark scenario

maintains two key aspects of the market, namely, inertia in consumer decisions, as es-

timated in my demand models, and dynamic pricing behavior of firms, as captured by

the estimated policy functions of the supply model. Since the policy functions are best

response functions of the game induced by the current incentives, I can solve the game
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using forward simulation based on the policy functions estimated in Section 2.6.2. To

compute this baseline counterfactual, I start from a point in the state space and simulate

1000 periods ahead. As a starting point in the state space, I use the average market share

of these firms across all markets in my sample.

In addition to the baseline scenario, I compute two counterfactual scenarios where

dynamic pricing is not allowed, by imposing a fixed markup rate. The first counterfactual

scenario (“Fixed Markup with Inertia”) reflects the effects of implementing the fixed-

markup policy, while keeping the inertia of consumers unchanged. The comparison of this

first counterfactual scenario to the benchmark allows me to estimate the consumer welfare

gains of implementing the fixed-markup policy, given the actual consumer inertia present

in the market for Medicare Part D prescription drug plans.

In the second counterfactual scenario (“Fixed Markup without Inertia.”), the fixed-

markup policy is implemented in a market without inertia. More specifically, I first remove

inertia from consumers to compute the supply-side responses to the game without inertia.

Then, I compute consumer welfare using the new entry and exit behavior that is obtained

from the game without inertia, and the pricing that follows from the implementation of the

fixed-markup policy, while also taking into account the effect of consumer inertia on wel-

fare.21 The comparison of this second counterfactual scenario to the “Fixed Markup with

Inertia” scenario, allows me to estimate how the consumer welfare gains of implementing

a fixed-markup policy change according to the consumer inertia present in the market.

In particular, this comparison provides an assessment of the difference of implementing a

fixed-markup policy in Medicare Part D with the actual consumer inertia, to its effects on

a similar market without consumer inertia.

In the two counterfactual exercises, I assume that the markup rate is fixed at 13%,

which is the average markup rate estimated form my sample, and I use the model and

estimated parameters presented in the previous section. With the estimated parameters of

21It is important to note that this second counterfactual exercise provides an estimation of the welfare gains
that would be derived from a fixed markup policy in a context without inertia, while leaving unchanged the
direct effects of consumer inertia on welfare. Thus, to calculate the welfare changes in this second scenario,
it would not be correct to compute welfare when all the inertia is removed. Because I remain agnostic about
the sources of inertia, I do not evaluate the effects of a policy that would remove consumer inertia completely.
For this reason, this counterfactual exercise only considers the elimination of the non-welfare relevant part of
inertia for the welfare computations.
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the distribution of the marginal cost, entry and exit, I compute profits using a simplified

demand function, which uses the estimates of the fixed effects for each firm and the price

coefficient. In the counterfactual exercise that maintains the inertia of the consumers, I

also use the estimated inertia from the previous estimates. I use all these parameters from

the demand model for the regular enrollees, who are the majority of the beneficiaries.

In order to solve for these counterfactuals, I cannot use the same policy functions that

I estimated in the paper, because these policy functions are the best response functions

for the game that is being played in my sample. Therefore, I first have to completely

solve for the Markov Perfect Nash Equilibrium that these new games induce. In order

to do that, I have to solve for the equilibrium value functions, basically writing them as

Bellman Equations and iterating them until convergence. The state space should include

all the information that firms use to make decisions about pricing, entry and exit. Since

I assume a fixed markup, the information needed for pricing is reduced. The number of

possible states in the scenario without inertia are the number of firms to the power of the

two possible states for each firm (incumbent or potential entrant), which adds up to 32

(52) states. However, in the case of the counterfactual with inertia, the market shares of

firms are also state variables. To make the computation feasible, I divide the market share

of the firms in a grid of ten values and I interpolate the value of the Bellman Equation

with the corresponding proportions for the market shares between grid points. In this

scenario, the size of the state space is 3.2 million (105 × 25). After solving for the values

of the Value Functions in equilibrium, I start with a point in the state space and simulate

1000 periods via forward simulation, solving for the actions of the firm in each period.

2.7.2 Results

The results of the counterfactual exercises are presented in Table 2.10. Column (1) presents

the results of the baseline scenario, where firms actually play the same game they play in

my sample with dynamic pricing and consumer inertia. Column (2) presents the scenario

where dynamic pricing is not allowed and consumers still have inertia. Finally, Column

(3) presents the results where dynamic pricing is not allowed in a market without con-

sumer inertia. Panel (A) shows the average premiums under the different scenarios. Panel
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(B) presents the behavior of endogenous entry and exit, showing the distribution of the

number of firms in the market in the simulations, and some descriptive statistics of these

simulations, in particular the number of periods with firms entering and exiting the mar-

ket. Finally, Panel (C) shows the value and percent change in consumer welfare of each

counterfactual scenario, compared to the benchmark.

Dynamic Pricing and Premiums Given the policy functions estimated in Section 2.6.2,

the investing-then-harvesting behavior implies that firms with larger market shares charge

higher premiums. An additional question is whether this mechanism implies average

premiums that are higher or lower than premiums without the investing-then-harvesting

mechanism. The conventional wisdom by Klemperer and others is that the harvesting

mechanism dominates and that the premiums are higher under these incentives (Farrell

and Klemperer, 2007). On the other hand, Dubé et al. (2009) and Arie and Grieco (2014)

present situations where the investing-then-harvesting dynamics reduce average premiums,

with the investment phase dominating. As discussed before, the result depends heavily

on the size of consumer inertia.

In my counterfactual results, the absence of dynamic pricing reduces premiums. Panel

A of Table 2.10 shows that average premiums in the counterfactuals that impose a fixed-

markup policy are 7% lower than the premiums in the current policy scenario. This implies

that, when dynamic pricing is eliminated, the effect on the reduction of premiums of high-

market share firms is larger than the increase of premiums of plans offered by low-market

share firms, even when the average markup rate is the same by construction.22 Therefore,

the evidence presented in this paper is in line with the original works of Klemperer and

others, where dynamic pricing has a predominantly anticompetitive role, and it is also in

line with previous reduced-form empirical evidence for Medicare Part D (Ericson, 2014;

Ho et al., 2015).

The reduction in premiums found in the counterfactuals also has implications for gov-

22This has a similar implication about the effects on market entry. Because dynamic pricing creates incentives
for new plans to enter the market with low prices, eliminating dynamic pricing increases the prices of new
entrants. However, this effect is offset by the decrease in the prices of incumbent firms with large market
shares.
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ernment subsidies. Both in reality and in my model, premiums are calculated as a fixed

percentage of the bids submitted by firms, and the difference between the bids and pre-

miums are direct government subsidies. Thus, a 7% decrease in premiums implies the

same percent reduction in bids and direct subsidies. Therefore, according to the results

of my counterfactuals, the dynamic pricing behavior increases the expenditures of the

government, of about 7% of the average bid for each enrollee. However, this change in

the direct subsidies should be taken with caution, since there are factors other than the

investing-then-harvesting behavior, such as the LIS subsidy structure, that are potentially

affecting the bidding behavior of firms.

I now turn the focus of the discussion to the effects of dynamic pricing on entry and

exit patterns, and the overall effects on welfare. The effects of limiting dynamic pricing

on entry patterns are expected to be different in a scenario where consumers have inertia

than in a scenario without consumer inertia. Intuitively, the presence of inertia makes

entry less attractive to the potential entrant, since they are competing for consumers

that do not switch plans very often. In this context, since incumbent firms increase their

premiums in proportion to their market share, dynamic pricing opens opportunities for

new entrants that choose to enter with a lower premium to get involved in an investing

behavior. Therefore, it is expected that a policy that removes dynamic pricing while

consumers still have inertia could harm entry in the market, because new entrants have

to enter with a pricing comparable to that of the incumbents and therefore receive a very

low market share. On the other hand, in a market without inertia, the policy of limiting

dynamic pricing is expected to increase entry, since now consumers are more likely to

choose one of the new plans.

Current Policy vs. Fixed Markup with Inertia Panel B of Table 2.10 shows the

distribution of the number of firms in the 1000 counterfactual simulations for each sce-

nario. The effects of the policy of fixing the markup while keeping inertia can be seen by

comparing the results for the current policy equilibrium (presented in Column (1)), and

the counterfactual with fixed markup and consumer inertia (presented in Column (2)).

This comparison shows that the average number of firms in the market under the current
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policy (2.87 firms) is larger than the average number of firms in the counterfactual sce-

nario where dynamic pricing is not allowed but consumers still have inertia (2.54). This

lower number of firms is the result of the entry and exit patterns. Panel B also shows

the percentage of periods with entry and exit in these two counterfactual scenarios. The

number of periods with entry is substantially reduced with respect to the current policy

(52%) in the counterfactual with fixed markup and inertia (38%). As mentioned before,

firms find it less attractive to enter a market where consumers with inertia are tied to

incumbent firms.

Overall, the comparison of these two scenarios in terms of average premiums and entry

and exit behavior exhibits the two main aspects of the welfare effects of policies limiting

dynamic pricing. On one hand, a policy limiting dynamic pricing can increase consumer

welfare through a reduction the average premiums that consumers pay. On the other, in

a context of inertia, a fixed-markup policy reduces the incentives for firms to enter the

market, and therefore can reduce consumer welfare by limiting the options available for

consumers and increasing the market size of the inside options. The net effects of the

decreases in average premiums and reduction of entry are summarized in the consumer

welfare calculations presented in Panel C. The average consumer welfare under the current

policy is $360,23 and it is $372 under the counterfactual scenario with fixed markups and

consumer inertia. Therefore, a policy of not allowing dynamic pricing increases consumer

welfare by 3.1%.

Fixed Markup without Inertia A possible way to disentangle the effects of inertia and

dynamic pricing in this setting is to compute the counterfactual scenario where dynamic

pricing is not allowed in a context without consumer inertia. This exercise sheds light on

what would be the effects of policies limiting dynamic pricing in a setting where entry is

not harmed because inertia is not discouraging entry. Also, comparing the two scenarios

with dynamic pricing, with and without inertia, can help us understand the burden that

inertia imposes in a context of a policy that limits dynamic pricing.

The full effect of removing dynamic pricing and inertia at the same time on entry

23This estimate is similar, although a little higher, than the estimate of consumer welfare by (Decarolis, 2015),
who estimate a consumer welfare of about $280 per enrollee
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and exit can be obtained by comparing Columns (1) and (3) of Table 2.10, Panel B. This

comparison shows that the average number of firms in the market under the current policy

(2.87 firms) is lower than the average number of firms in the counterfactual scenario where

dynamic pricing is not allowed and consumers do not have inertia (3.18). This increase in

the average number of firms in the market comes from the increase in the entry of firms.

Under this counterfactual, entry is present in 61% of the total periods of the simulation,

while is present only in 52% of the periods under the current policy.

In addition to this effect, it is important to compare the effects of inertia on entry

and exit patterns and consumer welfare from comparing the two scenarios with fixed

markups. The results for these effects can be found comparing Columns (2) and (3) of

Table 2.10, Panel B. While both scenarios limit dynamic pricing, Column (3) shows much

more entry (61%) than the scenario with consumer inertia (38%). Therefore, removing

inertia substantially increases entry in a market with a policy that limits dynamic pricing

in place.

The overall effect of a fixed-markup policy in a context without inertia on consumer

welfare24 is shown in Panel C, Column (3). This scenario represents an increase of 9.4%

in welfare over the scenario with the current policy (consumer welfare increases from $360

dollars to $394). These results imply that the positive welfare effects of a fixed-markup

policy are larger in markets with less consumer inertia. When comparing the welfare effects

in the counterfactuals with a fixed markup policy with and without inertia, the policy in

the scenario without inertia increases consumer welfare by $22 more, which represents a

5.9% increase in consumer welfare compared to the situation in which dynamic pricing

is not allowed and consumers have the actual inertia estimated for the Medicare Part D

market.

The main takeaways from these counterfactuals are twofold. First, in markets with

24As explained in the previous subsection, computing consumer welfare in a situation where inertia is removed
is not trivial because in this paper I remain agnostic about the sources of inertia, for example without taking a
stance on whether they are actual costs that can be removed via policy or other factors. For my computation of
consumer welfare I do not want to compute the reduction of inertia (making η = 0) as a welfare increase, because
inertia is not a policy variable and because this reduction would directly increase welfare, but for reasons other
than the competition in the market. To assess this counterfactual, I want the non-welfare-relevant change in
inertia given by supply-side changes. Therefore, to compute welfare I use the demand function of the consumer
with inertia but I impute the supply-side responses computed from a game where consumers do not have inertia.
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consumer inertia, a policy that limits dynamic pricing improves consumer welfare through

lower average premiums, but this effect is partially offset by a negative effect on market

entry. Second, the welfare effects of limiting dynamic pricing are sensitive to the level of

consumer inertia present in the market; in particular, this type of policy is more effective

in terms of increasing consumer welfare in markets with lower levels of consumer inertia.

2.8 Conclusion

When consumer decisions have inertia, firms have incentives to use dynamic pricing by

first reducing the price to build a large market share, and increasing the price later. This

strategy may reduce consumer welfare by increasing the prices of incumbents in the market

and by changing the patterns of market entry and exit. This paper evaluates the effects on

consumer welfare of policies that limit the capacity of firms to engage in dynamic pricing

behavior, while taking into account that market entry and exit of plans are endogenous

to these dynamic incentives. It also evaluates how sensitive the welfare effects are to the

degree of consumer inertia present in the market.

Using data for prescription drug plans in Medicare Part D, I estimate a dynamic model

of demand and supply for plans that accounts for dynamic pricing as well as endogenous

entry and exit of plans. On the demand side, I recover the inertia of consumers as well

as other parameters of their preferences, including the unobserved quality of plans. On

the supply side, I first document that incumbents engage in dynamic pricing behavior. I

find that a 10 percentage point increase in a firm’s lagged market share increases its bid

by about $9 or 1% of the average bid, after controlling for plan observed and unobserved

quality. Second, I model and estimate a game where multi-product firms make decisions

on market entry, exit, and dynamic pricing, which allows me to recover the distribution of

marginal costs, entry costs, and scrap values for plans. With the estimates of the demand

and supply model, I evaluate the consumer welfare effects of a policy that fixes markup

rates, by computing two counterfactual scenarios where this policy is implemented, with

and without consumer inertia. For each scenario, I solve for the new Markov Perfect Nash

Equilibrium induced by the regulation and the behavior of consumers.
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The counterfactual analysis shows two main results. First, a fixed-markup policy would

improve consumer welfare by 3.1% in Medicare Part D, through a reduction of premiums.

This policy would also help to decrease the amount paid by the government in direct

subsidies. Second, the counterfactuals show that under the presence of inertia observed

in this market, this effect is the result of a reduction in premiums that is partially off-set

by a reduction of entry into the market. When the fixed-markup policy is implemented

in a counterfactual scenario without inertia, this policy has a substantially larger effect

on consumer welfare, increasing it by 9.4%, because without consumer inertia the policy

makes it more attractive for new firms to enter the market.

The results of this paper shed light on the role of consumer inertia in mitigating the

positive impacts of limiting dynamic pricing on consumer welfare, through its negative

effects on market entry. This paper is the first to show that, after accounting for en-

dogenous entry responses, the impacts of a policy that limits dynamic pricing are larger

in markets with lower levels of consumer inertia, because the dynamics of pricing cre-

ate incentives for new products to enter the market. This highlights the importance of

accounting for endogenous entry and exit when specifying and estimating models of dy-

namic pricing behavior. These results are in line with the theoretical models of Farrell and

Klemperer (2007), which show that dynamic pricing responses of suppliers to consumer

inertia reduce consumer welfare, and that this result depends fundamentally on the size

of consumer inertia.

There are some aspects of the market for Medicare Part D plans that this paper does

not explicitly deal with. First, I focus on the entry and exit of plans, and do not separately

model the entry, exit or mergers of insurer companies. While there was practically no entry

of new insurers into this market, the consolidation via mergers was important in the period

of my sample. Arguably, some part of this consolidation process may be endogenous to the

investing-then-harvesting dynamics. Second, in my model I abstract from the games that

firms may play with the low income subsidy (Decarolis, 2015). The empirical implications

of this gaming in the entry behavior of plans are different from the pattern observed in this

paper, but it has an effect on premiums that goes in the same direction as the behavior

studied here. Finally, this paper focuses on the evaluation of policies that fix markups.
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However, there are other policies that can reduce the incentives for dynamic pricing by

firms. Two examples of interesting extensions to be explored in future work are to analyze

the effects of policies that set a cap in the changes of premiums over time, allowing firms

to optimally choose premiums each period, and policies that increase the length of the

contracts, requiring firms to commit to a schedule of premiums into the future.
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2.9 Graphs and Tables

Figure 2-1: Demography of Plans by Year

(a) Number of Plans by Year

(b) Entry and Exit of Plans by Year
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Figure 2-2: Demography of Plans by Insurer Firm

(a) Number of Plans entering by Year and Region by Firm

(b) Number of Plans exiting by Year and Region by Firm
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Figure 2-3: Variation in Market Share by Makets for Regular Beneficiaries

(a) Market Share by Market for each Plan (Year 2009)

(b) Market Share by Market by Firm (Year 2009)
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Figure 2-4: Variation in Market Share by Markets for LIS Beneficiaries

(a) Market Share by Market for each Plan (Year 2009)

(b) Market Share by Market by Firm (Year 2009)
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Figure 2-5: Variation on Premiums over Markets

(a) Cohort of plans (Year 2007)

(b) Cohort of plans (Year 2012)
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Figure 2-6: Plan premiums and market structure: Investing-Harvesting and Competition Effect

(a) Plan premiums and Number of Firm

(b) Premium and Lagged Market Share by Firm (Year 2009)
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Figure 2-7: Plan premiums and market structure: Competition and Entry

(a) Changes in Premiums by Years of Entry
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Table 2.1: Summary Statistics

2007 2008 2009 2010 2011 2012

Plans
Number of Plans 1866 1824 1687 1564 1109 1039
Average Number of PDP plans per market 55 54 50 46 33 31

Firms
Total Number of Firms 68 61 53 52 43 40
Average Nr. of Firms per Market 21 19 16 16 13 12
Average Nr. of PDP per firm and market 2.7 2.8 3.2 3 2.4 2.5

Enrollment (in millions)
All Part D Eligible 43.3 44.4 45.5 46.6 47.7 49.7
PDP Enrollment non-LIS 8.1 8.4 8.6 8.7 8.9 9.3
PDP Enrollment LIS 8.0 8.0 7.9 7.9 8.2 8.3
Medicare Advantage Enrollment 7.8 8.9 9.7 9.8 10.4 11.5
Employer Sponsored Coverage 7.0 6.6 6.5 6.7 6.2 5.6
Other Coverage 5.8 5.9 6.4 7.3 7.0 7.9
No Creditable Coverage 6.6 6.5 6.4 6.2 7.1 7.2

Premiums
Average Premiums of SDB plans 336 348 420 396 432 408
Unweighted avg. annual PDP Premium 442 480 546 560 664 648

Subsidies
CMS national average bid (annual) 965 966 1012 1060 1045 1014
CMS base consumer premium (annual) 328 335 364 383 386 373
Low income (LIS) benchmark threshold 341 332 353 387 400 390

Notes: All columns show descriptive statistics of Medicare Part D over different years. The sample includes
all PDP Plans in Medicare Part D during 2007-2012.
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Table 2.2: Reduced-Form Evidence of Biding Behavior

(1) (2) (3) (4)
Bids Bids Bids Bids

Lagged Firm Market Share 146.36∗∗ 258.25∗∗∗

(61.83) (70.78)
Part D Drug Deductible -0.49∗∗∗ -0.46∗∗∗ -0.49∗∗∗ -0.46∗∗∗

(0.01) (0.02) (0.01) (0.02)
Extra Coverage in Donut Hole 331.22∗∗∗ 273.32∗∗∗ 334.91∗∗∗ 277.73∗∗∗

(3.79) (4.11) (3.79) (4.09)
Enhanced Plan 21.01∗∗∗ 30.14∗∗∗ 20.55∗∗∗ 29.79∗∗∗

(4.53) (4.71) (4.52) (4.78)
Number of Drugs in Formulary -7.13∗∗∗ -9.51∗∗∗ -8.38∗∗∗ -10.51∗∗∗

(1.50) (1.54) (1.45) (1.48)
Number of Top Drugs in Formulary 10.80∗∗∗ 17.51∗∗∗ 8.56∗∗∗ 16.07∗∗∗

(1.37) (1.29) (1.46) (1.31)
Number of Top Drugs Tiers 1-2 2.51∗∗∗ 0.76∗∗∗ 2.71∗∗∗ 0.99∗∗∗

(0.16) (0.13) (0.17) (0.14)
Size of Pharmacy Network -31.78∗∗∗ -17.25∗∗∗ -33.25∗∗∗ -19.86∗∗∗

(6.40) (6.61) (6.19) (6.47)
Preferred Pharmacies in Network -19.60∗∗∗ -2.65 -15.11∗∗∗ -0.78

(3.29) (3.59) (3.41) (3.69)
New Plan in the Market -62.51∗∗∗ -42.02∗∗∗

(3.62) (3.55)

Characteristics Yes Yes Yes Yes
Plan FE No Yes No Yes
Firm FE Yes No Yes No
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Observations 8866 8866 8866 8866

Notes: All columns show estimates of the bidding decisions for incumbents and new plans of the first-stage
of the supply model. The first two columns use the lagged market share of plans as the main dependent
variable (new plans are assigned to zero lagged market share) and the last two columns use a dummy variable
indicating if the plan is new. The dependent variable for all columns are the bids of the plans. The sample
includes all PDP Plans in Medicare Part D during 2007-2012. All columns include plan characteristics (Part
D Drug Deductible, Extra Coverage in the Donut Hole, Enhanced Plan, Number of Drugs in Formulary,
Number of Top Drugs in Formulary, Number of Top Drugs in Tiers 1-2, Size of Pharmacy Network, Preferred
Pharmacies in Network). All columns also include fixed effects for different factors explained in the table
after the estimates. Robust standard errors (clustered by market) in parentheses. + p<0.1, ** p<0.05, ***
p<0.01.
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Table 2.3: Parameter Estimates for the Demand System for Regular Enrollees

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

Annual Premium -0.0024∗∗∗ -0.0039∗∗∗ -0.0038∗∗∗ -0.0106∗∗∗

(0.0001) (0.0004) (0.0004) (0.0002)
Part D Drug Deductible -0.0034∗∗∗ -0.0039∗∗∗ -0.0036∗∗∗ -0.0051∗∗∗

(0.0002) (0.0002) (0.0002) (0.0003)
Extra Coverage in Donut Hole -0.2952∗∗∗ 0.1237 0.1203 0.2563∗∗

(0.0410) (0.1155) (0.1196) (0.1124)
Enhanced Plan 0.0532 0.1732∗∗∗ 0.1712∗∗∗ -0.0149

(0.0445) (0.0523) (0.0530) (0.0467)
Number of Drugs in Formulary 0.0840∗∗∗ 0.0847∗∗∗ 0.1027∗∗∗ 0.0596∗∗∗

(0.0233) (0.0230) (0.0224) (0.0120)
Number of Top Drugs in Formulary 0.2439∗∗∗ 0.2528∗∗∗ 0.1942∗∗∗ 0.2623 ∗∗∗

(0.0153) (0.0147) (0.0135) (0.0232)
Number of Top Drugs Tiers 1-2 0.0046∗∗ 0.0075∗∗∗ 0.0036∗∗ 0.0090

(0.0018) (0.0020) (0.0017) (0.0003)
Size of Pharmacy Network 0.0989 0.0578 0.1019 0.0137

(0.0878) (0.0879) (0.0840) (0.0027)
Preferred Pharmacies in Network -0.2434∗∗∗ -0.2644∗∗∗ -0.2172∗∗∗ -0.2874∗∗∗

(0.0423) (0.0405) (0.0387) (0.0512)
Plan Vintage 0.2591∗∗∗

(0.0209)

Switching Costs (η) 7.8724∗∗∗

(0.8756)
Standard Deviation of Premium (σpremium) 0.0013∗∗∗

(0.0003)

Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Observations 8866 8866 8866 8866

Notes: All columns show estimates of the demand model for regular enrollees. The sample includes all PDP Plans in
Medicare Part D during 2007-2012. All columns include plan characteristics (Part D Drug Deductible, Extra Coverage
in the Donut Hole, Enhanced Plan, Number of Drugs in Formulary, Number of Top Drugs in Formulary, Number of
Top Drugs in Tiers 1-2, Size of Pharmacy Network, Preferred Pharmacies in Network). Column (3) includes a variable
that indicates the number of years the firm is on the market. All columns also include a full set of dummy variables
for all (34) Medicare regions, for year and for firms (Parent Organizations). Column (1) is estimated via Ordinary
Least Squares (OLS) estimation. Column (2) and (3) are estimated using Two Stage Least Squares (2SLS) and the
First Stage of these estimates are shown in Columns (1) and (2) of Table 2.4. Column 4 is estimated using the full
model, which includes a parameter for switching costs (η) and a parameter for the standard error of the premium
random coefficient (σpremium). Robust standard errors (clustered by market) in parentheses. + p<0.1, ** p<0.05,
*** p<0.01.
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Table 2.4: First Stage for Both Types of Beneficiaries

(1) (2) (3) (4)
Regular Regular LIS LIS

Number PDP from Same Firm -7.1682∗∗∗ -4.8099+ -11.7787∗∗∗ -9.0853∗∗∗

(2.4647) (2.4382) (2.4265) (2.5274)
Hausman-Type Instrument 0.2619∗∗∗ 0.2661∗∗∗ 0.2700∗∗∗ 0.2784∗∗∗

(0.0242) (0.0238) (0.0306) (0.0318)
Average Nr Top 100 Drugs 28.1593∗∗∗ 30.4227∗∗∗ 34.8641∗∗∗ 37.4376∗∗∗

(2.4788) (2.4893) (3.7418) (3.7669)
Average Nr PDP with Extra Coverage -55.7580∗∗∗ -47.3561∗∗

(18.1795) (17.8921)
Part D Drug Deductible -0.4010∗∗∗ -0.3799∗∗∗

(0.0118) (0.0124)
Extra Coverage in Donut Hole 278.8484∗∗∗ 280.5126∗∗∗

(3.4834) (3.5615)
Enhanced Plan 78.9309∗∗∗ 79.5513∗∗∗ 236.6834∗∗∗ 239.4763∗∗∗

(3.5478) (3.5519) (4.0259) (3.9842)
Number of Drugs in Formulary 5.0956∗∗∗ 7.0026∗∗∗ 35.2880∗∗∗ 38.5187∗∗∗

(1.2423) (1.2029) (2.9808) (2.9443)
Number of Top Drugs in Formulary -8.2991∗∗∗ -13.5039∗∗∗ 8.3711∗∗∗ -1.3938

(1.6954) (1.7607) (2.8129) (2.8861)
Number of Top Drugs Tiers 1-2 1.5178∗∗∗ 1.3115∗∗∗ -2.4058∗∗∗ -2.1111∗∗∗

(0.1447) (0.1542) (0.3055) (0.3189)
Size of Pharmacy Network -29.2774∗∗∗ -26.1519∗∗∗ -62.9155∗∗∗ -55.1077∗∗∗

(5.8872) (5.6093) (7.9970) (7.4157)
Preferred Pharmacies in Network -22.8885∗∗∗ -19.9983∗∗∗ -32.5373∗∗∗ -22.7952∗∗∗

(3.7334) (3.6731) (5.3882) (5.6567)
Plan Vintage 19.7365∗∗∗ 33.8145∗∗∗

(1.0027) (1.9240)

Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

N 8866 8866 6004 6004
F-Test First Stage 79 88 86 88

Notes: All columns show estimates of the first stage of the Two Stage Least Squares estimates of the demand models.
Columns (1) and (2) show the first stage for Columns (2) and (3) of Table 2.3. Columns (3) and (4) show the first stage
for Columns (2) and (3) of Table 2.5. The sample includes all PDP Plans in Medicare Part D during 2007-2012. All
columns include a set of plan characteristics (Enhanced Plan, Number of Drugs in Formulary, Number of Top Drugs in
Formulary, Number of Top Drugs in Tiers 1-2, Size of Pharmacy Network, Preferred Pharmacies in Network). Columns
(1) and (2) also include Part D Drug Deductible, Extra Coverage in the Donut Hole. Column (3) includes a variable
that indicates the number of years the firm is on the market. All columns also include a full set of dummy variables
for all (34) Medicare regions, for year and for firms (Parent Organizations). All Columns are estimated via Ordinary
Least Squares (OLS) estimation. F-test First State represents the joint F statistic for the instruments included in each
Column. Robust standard errors (clustered by market) in parentheses. + p<0.1, ** p<0.05, *** p<0.01.
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Table 2.5: Parameter Estimates for the Demand System for LIS Enrollees

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

Annual Premium with LIS -0.0023∗∗∗ -0.0026∗∗∗ -0.0025∗∗∗ -0.0081∗∗∗

(0.0001) (0.0004) (0.0004) (0.0012)
Enhanced Plan -0.9725∗∗∗ -0.8854∗∗∗ -0.8876∗∗∗ -0.2372∗∗

(0.0440) (0.0938) (0.0927) (0.1185)
Number of Drugs in Formulary -0.1273∗∗∗ -0.1166∗∗∗ -0.0877∗∗ -0.0953∗∗∗

(0.0377) (0.0413) (0.0404) (0.0532)
Number of Top Drugs in Formulary 0.4372∗∗∗ 0.4477∗∗∗ 0.3320∗∗∗ 0.2132∗∗∗

(0.0280) (0.0312) (0.0269) (0.0227)
Number of Top Drugs Tiers 1-2 0.0015 0.0006 0.0042 0.0013

(0.0033) (0.0035) (0.0030) (0.0065)
Size of Pharmacy Network -0.2067∗∗∗ -0.2290∗∗∗ -0.1345∗∗ -0.1246

(0.0655) (0.0648) (0.0579) (0.0793)
Preferred Pharmacies in Network -0.2528∗∗∗ -0.2590∗∗∗ -0.1282∗∗∗ -0.1352∗∗∗

(0.0458) (0.0465) (0.0402) (0.0398)
Plan Vintage 0.4129∗∗∗

(0.0224)

Switching Costs (η) 4.9241∗∗

(0.5756)
Standard Deviation of Premium (σpremium) 0.0009

(0.0005)

Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Regions FE Yes Yes Yes Yes

Observations 6004 6004 6004 6004

Notes: All columns show estimates of the demand model for LIS choosers enrollees. The sample includes all PDP
Plans in Medicare Part D during 2007-2012 that are not eligible for random assignment. All columns include plan
characteristics (Enhanced Plan, Number of Drugs in Formulary, Number of Top Drugs in Formulary, Number of Top
Drugs in Tiers 1-2, Size of Pharmacy Network, Preferred Pharmacies in Network). Column (3) includes a variable
that indicates the number of years the firm is on the market. All columns also include a full set of dummy variables
for all (34) Medicare regions, for year and for firms (Parent Organizations). Column (1) is estimated via Ordinary
Least Squares (OLS) estimation. Column (2) and (3) are estimated using Two Stage Least Squares (2SLS) and the
First Stage of these estimates are shown in Columns (3) and (4) of Table 2.4. Column 4 is estimated using the full
model, which includes a parameter for switching costs (η) and a parameter for the standard error of the premium
random coefficient (σpremium). Robust standard errors (clustered by market) in parentheses. + p<0.1, ** p<0.05,
*** p<0.01.
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Table 2.6: Supply Side First Stage: Bidding Decisions for Incumbents and New Plans

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

Bid Bid Bid Bid
Amount ($) Amount ($) Amount ($) Amount ($)

Lagged Firm Market Share 182.2309∗∗∗ 150.0126∗∗∗ 122.3674∗∗∗ 91.1387∗∗

(40.3318) (40.4659) (39.3519) (39.4766)
Demand-side Unobserved Quality 10.9417∗∗∗ 10.6959∗∗∗

(1.5232) (1.4826)
Lagged Number of Firm by Market -13.0549∗∗∗ -13.1103∗∗∗

(0.8328) (0.8304)
Market Size (in 1000) 0.4185∗∗∗ 0.4139∗∗∗

(0.0308) (0.0308)
Lagged Number of Plans by Firm 0.3481 0.3860

(0.8604) (0.8579)

Characteristics Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

R-Square 0.92 0.92 0.93 0.93
Adjusted R-Squared 0.92 0.92 0.93 0.93
Std. Dev. Residuals 166 166 162 161
F-test State Variables 20 14 129 128
Obs. 8866 8866 8866 8866

Notes: All columns show estimates of the bidding decisions for incumbents and new plans of the first-stage of the
supply model. The dependent variable for all columns are the bids of the plans. The sample includes all PDP Plans in
Medicare Part D during 2007-2012. All columns include plan characteristics (Part D Drug Deductible, Extra Coverage
in the Donut Hole, Enhanced Plan, Number of Drugs in Formulary, Number of Top Drugs in Formulary, Number of Top
Drugs in Tiers 1-2, Size of Pharmacy Network, Preferred Pharmacies in Network). All columns also include fixed effects
for all (34) Medicare regions. F-test State Variables represents the joint F statistic for the state variables included in
each column. Robust standard errors (clustered by market) in parentheses. + p<0.1, ** p<0.05, *** p<0.01.
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Table 2.7: Supply Side First Stage: Probability of Exit

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

Panel A
Probability of Exit: Coefficients

Lagged Firm Market Share -8.3255∗∗∗ -8.0067∗∗∗ -7.7000∗∗∗ -7.3365∗∗∗

(1.3389) (1.3443) (1.3416) (1.3448)
Demand-side Unobserved Quality -0.0682∗∗ -0.0700∗∗∗

(0.0270) (0.0272)
Lagged Number of Firm by Market 0.0414∗∗ 0.0450∗∗

(0.0182) (0.0184)
Lagged Number of Plans by Firm 0.0038 0.0034

(0.0153) (0.0153)
Market Size (in 1000) -0.0013∗∗ -0.0013+

(0.0007) (0.0007)

Panel B
Probability of Exit: Average Marginal Effects

Lagged Firm Market Share -0.2732∗∗∗ -0.2599∗∗∗ -0.2502∗∗∗ -0.2354∗∗∗

(0.0407) (0.0404) (0.0407) (0.0405)
Demand-side Unobserved Quality -0.0022∗∗ -0.0022∗∗

(0.0009) (0.0009)
Lagged Number of Firm by Market 0.0013∗∗ 0.0014∗∗

(0.0006) (0.0006)
Lagged Number of Plans by Firm 0.0001 0.0001

(0.0005) (0.0005)
Market Size (in 1000) -0.0000∗∗ -0.0000+

(0.0000) (0.0000)

Characteristics Yes Yes Yes Yes
Region FE No No Yes Yes

Observations 7830 7830 7830 7830

Notes: All columns show estimates of the exit decisions for incumbents plans of the first-stage of the
supply model. The dependent variable for all columns is a dummy variable that indicates exit. The sample
includes all PDP Plans in Medicare Part D during 2007-2011. All columns include plan characteristics
(Part D Drug Deductible, Extra Coverage in the Donut Hole, Enhanced Plan, Number of Drugs in
Formulary, Number of Top Drugs in Formulary, Number of Top Drugs in Tiers 1-2, Size of Pharmacy
Network, Preferred Pharmacies in Network). All columns also include dummies for all (34) Medicare
regions fixed effects. Panel A presents the coefficients of the Probit Model and Panel B presents the
Average Marginal Effects. Robust standard errors (clustered by market) in parentheses. + p<0.1, **
p<0.05, *** p<0.01.
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Table 2.8: Supply Side First Stage: Probability of Entry

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

Probability of Entry: Coefficients

Lagged Number of Firms per Market -0.1287∗∗∗ -0.1270∗∗ -0.1302∗∗ -0.1276∗∗

(0.0494) (0.0495) (0.0509) (0.0510)
Demand-side Unobserved Quality -0.0296 -0.0290

(0.0367) (0.0369)
Market Size (in 1000) -0.0016 -0.0015

(0.0011) (0.0011)
Lagged Number of Plans by Firm 0.0142 0.0156

(0.0225) (0.0226)

Probability of Entry: Average Marginal Effects

Lagged Number of Firms per Market -0.0420∗∗∗ -0.0415∗∗ -0.0425∗∗ -0.0417∗∗

(0.0161) (0.0162) (0.0166) (0.0166)
Demand-side Unobserved Quality -0.0097 -0.0095

(0.0120) (0.0121)
Market Size (in 1000) -0.0005 -0.0005

(0.0004) (0.0004)
Lagged Number of Plans by Firm 0.0046 0.0051

(0.0073) (0.0074)

Mean Characteristics Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Observations 1700 1700 1700 1700

Notes: All columns show estimates of the entry decisions for plans. The dependent variable for all
columns is a dummy variable that indicates entry. Each period 10 firms are assumed to potentially enter
the market. The sample includes these ten potential firms per each market-year and the associated
mean characteristics of each market. The entry variable is constructed using the information about
entry decisions for all PDP Plans in Medicare Part D during 2007-2012. All columns include mean
characteristics for each market (Part D Drug Deductible, Extra Coverage in the Donut Hole, Enhanced
Plan, Number of Drugs in Formulary, Number of Top Drugs in Formulary, Number of Top Drugs in Tiers
1-2, Size of Pharmacy Network, Preferred Pharmacies in Network). All columns also include dummies
for all (34) Medicare regions fixed effects. Panel A presents the coefficients of the Probit Model and
Panel B the Average Marginal Effects. Robust standard errors (clustered by market) in parentheses. +
p<0.1, ** p<0.05, *** p<0.01.
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Table 2.9: Estimates from Structural Model

(1) (2)

Mean Standard
Coefficient Error

Marginal Cost
Mean 1,079∗∗∗ 141

Std.Dev 367∗∗ 178

Exit Cost
Mean 987,765+ 548,766

Std.Dev 381,987 302,844

Entry Cost
Mean 2,426,733∗∗∗ 376,673

Std.Dev 843,536∗∗ 409,287

Notes: This table shows the estimates of the structural
parameters. To estimate the parameters of the marginal
costs and exit costs I follow the methodology of Bajari et
al. (2007). I start with 500 initial values in the state space,
which I take from the the observed values in the data (all
PDP Plans in Medicare Part D during 2007-2012). For
each of these states I forward simulate 100 periods follow-
ing the actual and also 500 alternative optimal policies. To
estimate the entry cost parameters I followed a minimum
distance estimator minimizing the difference between the
prediction of the model and the probability of entry of en-
try episodes in the data estimated using the policy policy
function. Column (1) presents the estimated value of the
parameter while Column (2) present the standard error of
each point estimate. Standard errors (clustered by market
history) in parentheses. + p<0.1, ** p<0.05, *** p<0.01.
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Table 2.10: Simulated Counterfactuals: Welfare and Entry Results

(1) (2) (3)

Counterfactual Policies

Current Fixed Markup Fixed Markup
Policy with Inertia without Inertia

Panel (A): Premiums

Average Premiums 404 378 378
% Change -7% -7%

Panel (B): Entry, Exit and Distribution of Firms

Number of firms % of times in simulations

0 1 3 2
1 16 18 8
2 23 34 24
3 28 21 31
4 19 15 21
5 13 9 17

% Periods with Entry 52 38 61
% Periods with Exit 40 31 42

Panel (C): Consumer Welfare

Consumer Welfare $360 $372 $394
% Change 3.1% 9.4%

Notes: This table present the results of the counterfactual analysis. In these
counterfactual analysis, I solve the dynamic game for five single product firms in the
market. The demand side and supply side parameters used in these counterfactuals
are taking from the estimated parameters presented in this paper. Column (1)
presents the Current Policy scenario, where the firms play the game they play in
the actual competition in Medicare Part D. Column (2) present the counterfactual
where the dynamic pricing is limited by a policy of fixed markups and consumer
have inertia. Column (3) present the counterfactuals where dynamic pricing is
limited by a policy of fixed markups but the market works without the inertia of
consumers.
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Chapter 3

Who Benefits from Intensified

Competition: Competition, quality

and returns to skill in health care

markets

3.1 Introduction

The relationship between increased competition and quality is still a subject of debate. On

one hand, there are no general results in economic theory for the impact of competition

on quality in models where firms choose both price and quality. The outcome depends on

various factors, including the relative elasticities of demand with respect to quality and

price for different consumers and the nature of the competition between firms. On the

other hand, the empirical evidence points to increases in competition improving quality.

However, and although it has been growing very rapidly, this empirical literature is for

the most part fairly recent and the evidence is not definitive. Overall, how reforms that

generate increased competition affect quality is an empirical question not yet definitely

answered, and we still need to learn more about the mechanisms by which these effects

operate.

If a firm wants to increase quality it would probably need new inputs or technology.

However, the possibility of increasing the utilization of inputs, and its costs, depend on
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the elasticity of the supply of these inputs. In the extreme case of an input that has a

perfectly elastic supply, the increased demand would increase the quantity of the input

while maintaining the price of the input unchanged. On the other hand, if the input has

a perfectly inelastic supply, the increased demand for the input will only increase the cost

of the input without increasing the quantity. The role of the relative elasticity of input

supply is gaining importance in a context where more and more jobs are requiring a license

to be done. In the US, the workforce covered by state-level occupational licensing laws

grew dramatically in the second half of the 20th century, going from less than 5 percent

in the 1950s to 25 percent by 2008.1

This paper studies the relationship between increased competition, quality and returns

to skill using a quasi-experimental setting in the Uruguayan health care system. I analyze

the effects of increased competition via reductions of consumer inertia (lock-in), on the

market for medical specialists. I analyze if the potential increases in consumer welfare

via hospital quality are realized through an increased demand for and utilization of high-

quality physician hours, or if these potential benefits are lost through an increase in costs

due to the rigidity of the supply side of the input. In particular, when hospitals receive

incentives to intensify (non-price) competition, does the relative demand for high-skill

physicians increase? And if so, do the returns to skill increase? And finally, does this lead

to the general quality of hospitals to increase?

The presence of significant consumer inertia in health care markets has been well estab-

lished, and recent academic literature, policy debates and news have suggested policies to

reduce inertia in these markets.2 In health care markets, reductions of inertia in consumer

choices may lead to greater incentives for firms to increase quality. With non-perfectly

substitutable inputs, hospitals could increase their quality by demanding better technology

1See Furman (2015) for more evidence about the increasing trend in the requirement of occupational licensing
and its potential impacts in rent-seeking behaviors and inequality.

2For example, some papers on health care markets analyze inconsistencies and learning in plan choices
(Abaluck and Gruber, 2011, 2013; Ketcham et al., 2012; Heiss et al., 2013); document the presence and size of
switching costs in Medicare (Nosal, 2012; Miller and Yeo, 2012); analyze its interactions with adverse selection
(Handel, 2013; Polyakova, 2016); and discuss the relative importance of inattention and switching costs as
sources of consumer inertia (Ho et al., 2015). Moreover, a recent body of empirical work assesses the effects
of inertia on strategic pricing behavior in Medicare Part D (Ericson, 2014; Ho et al., 2015; Miller, 2014; Wu,
2016; Fleitas, 2017). Most of this literature suggests or analyzes scenarios with reductions of inertia.
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or better physicians. However, because only persons with a medical license are authorized

to practice medicine, in the short run the elasticity of supply of high quality physicians

is relatively inelastic. Therefore, an increase in the demand for high quality physicians

could lead to an increase in their relative wages without increasing their total work hours,

and thus without changing the average quality of the health care system but increasing

its costs.

The Uruguayan health care system has three characteristics that provide an excel-

lent setting to identify these effects. First, insurance companies, hospitals and physician

services are completely vertically integrated, with hospitals providing all these services.

Hospitals are not specialized in the treatment of different conditions, and consumers re-

ceive all their health care from the hospital they are enrolled with. This setting allows for

a very clear consumer demand for hospitals, and means that consumers have incentives to

care about hospital prices and quality at the time they are making an enrollment decision.

Second, physicians are hired by hospitals and receive a wage for their worked hours. Third,

after nine years of complete lock-in, the government reduced the lock-in of consumers in

the FONASA program, implementing a regulated mobility scheme, which increased the

competition in the market.

I use administrative records on wages and hours of work in all hospitals for all spe-

cialists in the Uruguayan health care system. I combine these administrative records with

information on scores in the admissions test for medical specialty graduate school, which

I use as an exogenous measure of the quality of physicians. To the best of my knowledge,

this is the first paper that uses test scores of physicians in a systematic way to understand

changes in returns to skills induced by competition shocks. I take advantage of the fact

that up to 2010 there was only one school that offered medical specialty degrees, and I use

the data on test scores for the cohort of graduate medical school applicants between 1996

and 2010 to analyze the effects of the increased competition on their wages and hours of

work.

Methodologically, I use a strategy that combines the variation across time introduced

by the exogenous change in the policy that happened in 2009, with the exogenous (to

the labor market) measure of physician quality given by the test scores. The main iden-
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tification assumption is that unobserved shocks in hours or wages are uncorrelated with

both the quality of the physician and the timing of the reform, after controlling for physi-

cian fixed effects and specialty-by-time and hospital-by-time fixed effects. In other words,

I make the assumption of parallel trends in the hours and wages of medical specialists

of different levels of skill, conditional on specialty and hospital, in the absence of the

competition shock.

My results are consistent with the hypothesis that the change in the regulated mobility

regime intensified the competition among hospitals, and caused an increase in the demand

for quality. Consistent with the existence of a relatively inelastic supply of physicians in

the short run, this shock in competition generated a relatively large increase in the returns

of high quality physicians. According to my preferred estimates, a change in the regulated

mobility regime that increases the percentage of consumers able to switch hospitals 0%

to 60%, causes a relatively large increase of about 1 unit in the elasticity of wages to

scores. In terms of test score points, after the reform, the wage premium for one standard

deviation difference in test scores increased by 25 percentage points. These large effects

on wages are consistent with a event-study approach and are robust to several controls.

On the other hand, there is only weak evidence of an increase in the relative hours

worked by high-skill physicians compared to low-skill physicians. When the full sample

of physicians is used, the effects on relative hours are smaller than the effects on wages,

and they are not robust across different specifications. There is stronger evidence of an

increase in the relative hours of high-skill physicians when the sample is limited to those

with exclusive employment in one hospital, for whom the competition effects are likely to

be stronger. For this sample of physicians, the estimates imply that the regulated mobility

regime caused an increase of about 0.5 units in the elasticity of hours to scores. In terms

of test scores, the differential in hours worked for a one standard deviation difference in

test scores increases by 16 percentage points after the reform. Despite the increase in

hours worked for this subsample of physicians, the evidence for the full sample does not

support the hypothesis of an increase in the total quality of the system (measured as the

amount of hours weighted by quality of the physicians) due to the change in competition.

Additionally, the results of the event studies are consistent with the expected effects
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given a relatively more inelastic relative supply of high-quality physicians in the short run

than in the long run, as new specialists can enter the market. In this sense, the effects on

relative wages are higher around the period when the reform was intensified, and fade out

in the medium term. In terms of heterogeneity, specialties with higher barriers to entry

seem to have larger effects on wages. The market of the capital city, where incentives to

competition are higher, exhibits similar patters with a large increase in relative wages (43

percentage points for a one standard deviation difference in test scores), and a lower (and

not statistically significant) increase in hours.

Overall, the results show how potential beneficial effects of competition shocks can be

absorbed by cost increases in the input markets. Moreover, it highlights the differences

between the adoption of capital inputs and human capital inputs, given their different

supply elasticities. These differences are crucial to understanding the changes generated

by increased competition in markets where workers need a license to work and there are

barriers to entry. This is of particular importance in health care markets, where recent

policies, such as expansions of coverage or intensification of competition, have generated

demand shocks for physicians, and therefore may have potentially increased the cost of

the system via higher returns to skill.

This paper relates to three branches of literature. First, it contributes to the literature

that addresses the effects of competition on quality in health care markets. Theoretical

models show that the effects of competition on quality depend on whether or not prices are

administered. If prices are administered, the standard result is that competition increases

quality, since firms try to attract (and retain) consumers. On the other hand, there

are no unambiguous results when firms choose price and quality; the outcome depends

on the elasticities of demand with respect to quality and price for different consumers

and the nature of competition. The empirical literature on competition and quality in

health care markets is for the most part fairly recent and has grown very rapidly. Most

frequently, this literature has related a measure of quality (often mortality rates) to a

measure of market structure, and identification comes from the use of exogenous changes

in market structure. When prices are administered, the empirical evidence suggests that

increased competition increases the quality of hospitals (Kessler et al., 2000; Cooper et al.,
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2011; Gaynor et al., 2013; Tay, 2003; Bloom et al., 2015; Gaynor et al., 2012). When

prices are market determined, the results are more mixed, but the evidence indicates that

increases in competition improve hospital quality (Gaynor et al., 2015; Propper et al.,

2004; Ho and Hamilton, 2000; Capps, 2005; Romano and Balan, 2011; Volpp et al., 2003).

Cutler et al. (2010b) is a particularly relevant reference for this paper, because they study

how the entry of hospitals (increased competition) into the CABG surgery market in

Pennsylvania affected the quantity and quality of CABG surgeries. They underscore that

cardiac surgeons are a scarce input (supply cannot be altered easily), so increased market

entry did not lead to increased quantities of CABG surgery, but it increased quality. They

use a higher share of high quality surgeons as a measure of hospital quality, where surgeon

quality is measured using data on risk-adjusted, in-hospital mortality of their CABG

patients. They have to adjust this measure for patient severity using observable patient

characteristics that could affect a patient’s underlying probability of dying. The measure

of physician quality that I use in this paper has the advantage that it is predetermined

and it is independent of a hospital’s allocation of patients across physicians.

A second and smaller branch of literature has studied the effects of health care re-

forms (expansions) on physician earnings. Finkelstein (2007) studies the effects of the

introduction of Medicare on the payrolls of nurses and technicians. Dunn and Shapiro

(2014) find that physician payments increased at least 10.8% in counties affected by the

Massachusetts’ reform compared to control areas. Finally, Buchmueller et al. (2015) find

that the total number of visits to dentists and dentists’ income increase when states add

dental benefits to adult Medicaid coverage.

Finally, a third branch of literature studies to what extent competition affects returns

to skill and wage inequality. Increased competition can lead to changes in rent sharing or

union behavior (Rose, 1987; Hirsch, 1993; Card, 1996), or to changes in the technology of

production (Aghion et al., 2005; Acemoglu et al., 2001). A more direct effect comes from

the fact that more competition can cause more efficient firms to capture a larger share

of production (Boone, 2000; Vives, 2004), and therefore the relative marginal product

between two given skill levels increases, returns to skill go up, and so does wage inequality

(Guadalupe, 2007; Cuñat and Guadalupe, 2009).
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This paper aims to contribute to these strands of literature by studying a specific

mechanism through which competition can affect quality, namely, the demand for a key

input in production (physician quality). Furthermore, this paper studies these effects in

the health care sector, where the effects of increased competition on quality have been

broadly discussed in the literature because they have very relevant policy implications.

Unlike the previous literature, it uses scores from medical specialty admissions tests as

a measure of physician quality, which has the advantage of being predetermined and

thus exogenous to labor demand responses to changes in the competitive environment.

By focusing on the short-term effects of increased competition, while the relative supply

of high-quality physicians is relatively inelastic, it can contribute to understanding the

differences between the short-run and long-run responses of costs and quality with respect

to an increase in competition. This paper contributes to understanding the relevance of

the functioning and regulations of physician labor markets in shaping the effects of health

care market reforms on health care quality, costs, and the distribution of rents.

3.2 Background about Uruguayan FONASA

The Uruguayan health care sector offers a relatively clean setting to understand the effects

of competition on quality and physician wages and hours. In this section, I present the key

characteristics of the Uruguayan FONASA system, and briefly discuss the main factors

that are fundamental to the empirical strategy followed in this paper. The Uruguayan

FONASA3 is a public health insurance policy that aims at providing universal coverage to

the population. With the goal of universalizing coverage, in July 2007 FONASA started

covering everyone that was previously covered by the social security program (DISSE)

plus the public workers that had no other source of coverage. From then on, FONASA

gradually incorporated different groups of individuals, including workers in the banking

3Uruguay has a population of 3.3 million and a GDP per capita of about 16,000 USD in PPP in 2012
(Uruguay is similar in population and size to Oklahoma State in the US, and the GDP per capita of the
United States is approximately 3.25 times as large). Health expenditures represented 8.5% of the GDP in 2011.
The Uruguayan population is relatively elderly and has relatively high life expectancy at birth (77 years), with
population dynamics in terms of mortality and birth rates similar to developed countries. Most of the population
(95%) lives in urban areas, with 40% of the total population living in Montevideo (capital city).
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sector, notaries, retirees, and dependent children and partners of other individuals covered

by FONASA, totalizing two thirds of the population by 2013.

Once covered by FONASA, a person has the right to choose a health care provider

among the public health care provider (ASSE) and private providers (hospitals). For each

person covered, FONASA pays an age- and gender-adjusted per capita monthly fee to the

provider. The amount of the fee is fixed by the regulator and is the same to every health

care provider. Consumers make contributions to FONASA, via tax contributions on wages,

that do not depend on whether they choose ASSE or any private hospital. Therefore,

under FONASA, the out of pocket costs are the only differential cost for consumers when

making a choice of provider, and it is the most important factor in their decisions. When

making a decision about enrollment, consumers also care about the quality of the hospitals,

represented mainly by the waiting times and the quality of the physicians working in the

different hospitals.

Although the government has been carrying out a plan to increase the quality (and

budget) of the public health care service, ASSE is seen by the population as a lower quality

health care provider than the private hospitals and the majority of consumers (87%) choose

to enroll in private hospitals. There are 38 hospitals in Uruguay, with 11 of them being in

the capital city. According to the Uruguayan Department of Health, the other hospitals

are distributed in 16 markets, that in general correspond to the departamentos.

Hospitals in Uruguay are vertically integrated, being both the insurance company

and the providers of health care. In this sense, and contrary to what happens in many

countries and remarkably the US, there is a direct demand for hospitals. First, there

are no insurance companies working as an intermediary between consumers and hospitals.

Moreover, physicians are hired by hospitals and they receive a wage for their worked hours.

Therefore, consumers consider the characteristics of the hospitals (out of pocket prices,

quality and waiting times) in order to choose hospitals. Second, each person receives all

the health care services from the hospital they choose to enroll in for the time of the

lock-in period. An important consequence of this is that hospitals are not specialized in

different health conditions or medical specialties.

From the point of view of the hospitals, most of their revenues come from the monthly
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fees (an analog to premiums) paid by FONASA. Other sources of revenues are the out-of-

pocket expenditures that consumers have to pay for doctor visits, clinical studies, and other

treatments. In general, out-of-pocket expenses (co-payments) are presented as moderators

of the demand, and not as a proportion of the cost of the treatment. However, these

copayments represent a significant share of the total revenues of the hospitals. The price

increases of these copayments are regulated, but their relative prices are determined by

hospital competition. With the reforms in the social security program, the government

promoted a general reduction in the copayment prices for all hospitals. Although this

policy was relatively successful, the co-payments still represented 9% of the total revenues

of the hospitals in 2011.

In addition to out-of-pocket price competition, consumers care about the quality and

the availability of physicians in these institutions, and in particular about the waiting

times for appointments with professionals of certain medical specialties. Each year the

Department of Public Health releases information about the out-of-pocket prices of the

hospitals, the accomplishment of some goals that the regulator had previously set, and

some other general information, with the purpose of making consumer decisions more

information-based. However, the information provided has been changing over the years

and thus it is not possible to construct consistent data series. Hospitals have very little

room to use other potential drivers of competition because of the regulation. The in-

corporation of technology to play an “arms race” is prevented by a tight regulation of

the requirements that health care organizations have to satisfy to incorporate new tech-

nology. As part of these requirements, the regulator evaluates the perceived demand on

the system and the impact of the technology on consumers’ health. The regulation of

advertisement has also been tight, and was increasingly regulated during the reform pe-

riod. Since December 2011, the regulator informs the health care organizations about the

priorities that the advertisements should address, and no less than 80% of the total time

of the advertisement must be about those contents.

Competition on the quality of physicians is very important in the system. It is typ-

ical for consumers to talk about the quality of physicians. In particular, since the most

renowned physicians typically also work in the public university, their position at the
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university (assistant, associate or full professor) is typically mentioned. However, the

position at the University is not an exogenous measure of quality of physicians, since it

can be affected by the hospital where they work and other factors. In order to find an

exogenous measure of quality of physicians, I leverage the fact that specialists have to

take a test to be admitted into the medical speciality graduate school. Even more, these

test scores are comparable, since until 2014 only the public university, Universidad de la

República, offered medical specializations. Therefore, the scores in this test can be used

as an exogenous measure of quality of the physicians.

Physicians in Uruguay have to complete a training of 8.5 years to receive a degree of

non-specialized medical doctor. After that, those who want to pursue graduate studies

for a specialty have to take about 4 more years of medical training. In order to enroll

for this specialization, they have to obtain a minimum score in an exam. Since 1984,

those who obtain the best scores receive a fellowship during the time of their studies

(they get paid during the length of their residency). The other students can access to the

same education but they are not paid, and usually have other jobs while studying. By

compiling and digitalizing administrative records from the public university, I was able to

collect exam scores for the cohorts of graduate medical school applicants between 1996

and 2010. This is the measure of quality of physicians that I use in my empirical approach.

In this paper, I leverage the changes in the lock-in rules for consumers that started

in 2009, and the effects that these changes had on the competition among hospitals,

to identify the effects on wages, hours and overall quality of hospitals. In 2009, the

government opened an open enrollment period for the first time in nine years, during which

each person covered by FONASA was allowed to switch to another provider. Before that,

there was a period of nine years during which each individual that was receiving coverage

through the social security program (FONASA, and formerly DISSE) was locked-in with

the same provider they had at the time the lock-in policy was implemented in 2000, or

when they started contributing to social security, whichever happened later.4 In 2009, this

regime was changed, and Act 65/009 established that the persons covered by FONASA

4The reason declared by the government for this regulation was the fact that some hospitals were “buying”
consumers, paying them to switch hospitals, but the implementation of the policy was confounding with a
strong macroeconomic instability generated by a banking crisis.
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would be allowed to switch to another provider in the system during the month of February

2009, if by February 1st, 2009 they had been enrolled with the same provider for at least

10 years. The act also established that once a person switched to another provider, they

would have to remain enrolled with the new provider for at least three years before being

able to switch again.5 New legislation in 2010 and 2011 further reduced the requirements

for being allowed to switch providers, effectively increasing the number of people that were

allowed to switch.6 By 2011, all FONASA beneficiaries that had been enrolled with the

same provider for at least three years would be allowed to switch providers in each open

enrollment period.

To summarize, I use the change in the lock-in rules as a quasi-experiment by leveraging

the facts that: a) hospitals are vertical integrated with physicians and insurance compa-

nies; b) until 2014, only one university was able to issue specialist titles and in order to

get admitted students have to take a test, and I can use these test scores as a measure of

physician quality; and c) there was an exogenous increase in competition starting in 2009

due to a reform of the lock-in rule for consumers who were not able to switch hospitals

before.

3.3 Theoretical Framework

In this section, I offer a simple model to describe the type of effects on returns to skill and

relative hours that we would expect under changes in competition generated by reductions

in inertia. The main intuition behind the model is that more productive workers may

be relatively more valuable as the product market becomes more competitive, because

competition may increase the value of quality. This theoretical framework shows the

5The Act established that the individuals who are assigned to ASSE by default (because they did not indicate
a choice of provider when they obtained FONASA coverage) would be able to choose a provider on February
each year.

6In 2010, Act 14/010 established very similar conditions to Act 65/009. However, the requirement for being
able to choose a new provider was reduced to seven years instead of 10 years of being enrolled with the same
provider. In January 2011, Act 03/2011 further reduced the requirement for switching providers for individuals
covered by FONASA, establishing that individuals with at least 3 years of enrollment with the same provider
would be able to switch providers during the open enrollment period of each February. In both cases, the
requirement of the lock-in for the next three years after switching providers was kept unchanged, and people
assigned to ASSE by default could also change under the same conditions.
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sufficient condition under which competition increases the wage differentials for different

skill levels of workers. The model adapts Guadalupe (2007) to this particular setting and

also builds on previous work by Boone (2000) and Vives (2004).

Let’s begin by describing the model assumptions. Suppose that higher-skill workers

are a quasi-fixed factor, they are in limited supply. There are N different levels of skill

(gλ with λ = 1,..., N). Each firm hires only one worker. The non-wage unit costs (c(gi))

are a decreasing function of the quality of the physician gi. Firms compete for workers

through their wage offers w(gi, θ), where θ is the parameter for competition (number of

consumers able to switch health providers). Now, let’s define profits for a firm with a

worker of quality gi as:

Π(gi, θ) =
[
p(gi, θ)− c(gi,Ωm)

]
y(gi, θ)− w(gi, θ) = Π̃(gi, θ,Ωm)− w(gi, θ)

where: price (p) and quantity (y) are functions of quality (gi) and the competition param-

eter (θ), and unit costs (c(gi)) are a decreasing function of the quality level of the medical

specialist gi. All the other factors of costs are included in Ωm. Let’s also normalize the

cost function for the lowest quality physician (gN ) as c(gN ,Ωm) = c(c̄,Ωm) and assume

that the N th ability worker in the market gets their reservation wage (their last and only

outside option) w(gN , θ) = b.

Competition in the labor market implies that: (i) in equilibrium wages must be such

that firms are indifferent across workers (skill levels), so that (ii) identical firms (in every

sense other than the skill of their workers) make identical profits independently of whom

they hire, which means that each worker captures the surplus they generate. Therefore,

profits are equalized among (identical other than by the skills of their workers) firms:

Π̃(g1, θ,Ωm)− w(g1, θ) = Π̃(gi, θ,Ωm)− w(gi, θ) = Π̃(gN , θ,Ωm)− w(gN , θ)

= Π̃(c̄, θ,Ωm)− b

w(gi, θ,Ωm) = Π̃(gi, θ,Ωm)− Π̃(c̄, θ,Ωm) + b

Therefore, wage offers have the same slope as the gross profit function, but they are
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shifted down by a constant. In this setting, the sufficient condition for an increase in

competition triggering an increase in wage dispersion is:

∂2w(gi, θ,Ωm)

∂gi∂θ
=
∂2Π̃(gi, θ,Ωm)

∂gi∂θ
> 0

Intuitively, the sufficient condition says that if the increase in competition raises the

marginal benefit between two given skill levels, it will increase returns to skill. There are

different sets of conditions on the different components of the profit function that satisfy

this sufficient condition. A particular set of these conditions would be that consumers

are willing to pay for quality or, in other words, that the price is an increasing function

of quality (∂p(gi,θ,Ωm)
∂gi

> 0), that consumers are willing to pay more for quality when

competition increases (∂
2p(gi,θ,Ωm)
∂gi∂θ

> 0), that hospitals increase market share by increasing

quality (∂y(gi,θ,Ωm)
∂gi

> 0), and that this gain of market share is higher the higher is the level

of competition in the market (∂
2y(gi,θ,Ωm)
∂gi∂θ

> 0). In the empirical section, I will explore

these correlations in the main market, the capital city.

Finally, in the model presented above we do not allow physicians to adjust hours of

work. However, if we also think that physicians would adjust hours, then the change in

demand induced by the increase in competition can potentially increase both hours and

wages. Overall, the main takeaway from the model is that the increase in competition will

lead to an increase in the demand for high-skill physicians, and that the relative increases

in hours and wages for skilled workers will depend on the relative elasticity of supply

among different levels of skill.

3.4 Data and Descriptive Statistics

In this paper I use two main sources of data. The first source of data is the SCARH

database, an administrative database from the Uruguayan Department of Health, which

has hours worked and wages for each medical specialist in Uruguay. This dataset is at

the medical specialist and quarter level, and spans from the second quarter of 2007 to the

second quarter of 2014. Note that this period covers the change in the lock-in 2009. The
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data also contain information about medical specialty, gender, age and hospital where the

medical specialist works. The second source of data is a database with the test scores

that physicians obtained in the exam to enter the medical graduate school to become

specialists. To the best of my knowledge, this is the first time that medical graduate

school test scores are used as a measure of quality in the health care economics literature.

I obtained and digitalized data on 1197 medical specialists, which covers the cohorts that

took the exam between 1996 and 2010 and represents about 22% of the total stock of

medical specialists in Uruguay. Different specialties have different exams, but all exams

are graded over 40 points (with a minimum passing score of 10 points).

The descriptive statistics of specialists are presented in Table 3.1. The first three

columns present the information about the population of specialists in Uruguay reported in

the SCARH database (5401 specialists), while the other three columns present information

about the sample for those I have information about scores (1197 specialists). The average

age of specialists in Uruguay is 46 years old. Since I only have grades for exams between

1996 and 2010, the average age in my sample is 35 years old, which is considerably lower.

Regarding gender, specialist in Uruguay tend to be women (62%) and this situation is

even more clear in my sample where 70% of specialists are women. For the same reason of

being younger and with less experience in the labor market, the specialists in my sample

work less hours (123 vs. 166 hours per month) and have lower wages per hour (16 vs. 29

dollars per hour) compared with the population of specialists in Uruguay. The population

of specialists also have higher standard deviations in wage per hour and hours. Some

specialists receive a very high wage per hour and also report to work a very high number

of hours per month. This fact is related to the fact that the hospitals compute on-call

hours as hours worked. Figure 3-1 shows histograms of the distribution of wages per hour

and hours worked for the population and the sample. Finally, the average score in the

exam for the sample is approximately 27 with a standard deviation of 7 points.

Specialists in Uruguay sometimes work for more than one hospital at the time. About

65% of total specialists worked only at one hospital at a time, while the other 35% percent

worked at two or more hospitals at least for one period. In the sample used in this paper,

the distribution is very similar, with 66% of specialists working only at one hospital during
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each period of time. When we compare the descriptive statistics for these two groups

of specialists, the specialists who work at one hospital during all periods of time are

very similar in characteristics to the other specialists, and that this is true for both the

population of specialists and the sample. Some differences can be found in wages per hour

and in hours worked. While in the population the specialists that work in more than one

hospital have relatively lower wages per hour and fewer hours worked, in the my sample

these differences are relatively reversed. However, the differences are relatively small and

they are consistent with the idea of having the best specialists working at only one hospital

as they careers develop.

I use an additional source of data that refers to the regulated mobility regime, and

includes the total number of FONASA beneficiaries, the number beneficiaries able to

switch hospitals during each open enrollment period, and the number of beneficiaries

that decide to switch in each year. This information is available at the website of the

Department of Public Health. Table 3.2 shows the evolution of these variables in the

period 2009 to 2014. As mentioned above, mobility was prohibited from 2001 to 2008

under the social security system, and around 2011 the percent of people able to switch

hospitals peaked.

The number of people covered by FONASA increased over time, from about 1.5 million

in 2009 to about 2.3 million at the end of the period. I use the percentage of people covered

by FONASA who are able to switch to identify the intensity of the competition in the

empirical approach. As discussed in Section 3.2, in 2009 only those who had been enrolled

in the same hospital for at least ten years were allowed to switch, which represented

424,000 people (28.4%). In 2010, the requirement was lowered to having been enrolled

in the same hospital for at least seven years, and therefore the number of people able to

switch increased to 528,000 (34%) that year. From 2011 on, the requirement for being

able to switch during each open enrollment period was to have been enrolled in the same

hospital for the last three years, which represented about 1.2 million people (around 60%)

per year (Panel (a) in Figure 3-2). From those beneficiaries able to switch, not everyone

actually switches hospitals. The number of people switching hospitals was higher during

the first years after the reform, reaching a maximum of 159,000 people in 2011 and staying
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stable around 77,000 on average during the last years of the sample period.

The implementation of the regulated mobility scheme generated more incentives for

firms to compete. Each year many beneficiaries were able to choose a new hospital after

being locked-in in the same hospital for a long time. A way to check the existence of

increased competition is to check the evolution of out-of-pocket prices. Fleitas (2016)

computes a price index for hospitals for out-of-pocket prices from the first quarter of 2009

to the second quarter of 2013. Panel (b) in Figure 3-2 shows the evolution of this price

index for a sample of the five highest price hospitals in the capital city. The graph shows

that, at the same time that the regulated mobility regime was modified to allow many

more consumers to switch hospitals in 2011, the out-of-pocket prices responded with some

hospitals decreasing their prices and some other hospitals moving to a better relative

position and increasing their out-of-pocket prices. One limitation of this information is

that, since it starts in 2009, it does not allow us to check the evolution of prices before and

after the change that allowed beneficiaries to switch hospitals. Although this is no proof

of the increased competition, the changes in prices that correlate with the changes in the

regulated mobility regime suggest changes in the competitive nature of the industry around

this time. Unfortunately, and although advertising and investments of these hospitals is

heavily regulated, the information about the magnitudes of their expenditures on these

items is not available.

Additionally, an important fact for the identification strategy of the next section is that,

since consumers have to receive all the health care from the hospital they are enrolled

in, hospitals are not specialized in Uruguay. This fact is true even in the market of

Montevideo, which has the largest number of hospitals. Panel (c) in Figure 3-2 shows

the distribution of visits to the hospitals of Montevideo for the year 2012, suggesting that

there is no systematic specialization in terms of the treatment of different conditions across

hospitals.

In the next section I present the empirical approach used to estimate the causal effect of

the increased competition on the returns to skills and relative hours of physicians. Before

that, this section presents raw data on the differential evolution of the wages per hour

of high-skill and low-skill specialists. In order to do that, I start by computing in which
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percentile of the distribution of grades the specialists are. Panels (a) and (b) of Figure

3-3 present the evolution of the average log wages per hour over time for the specialists in

the top and bottom 10% and 30% of the distribution of scores, respectively. These graphs

show that before 2009, the evolution of log wages per hour was relatively similar, but that

after 2009 (and specially around 2011) the wages of high-skill specialists increased more

than the wages of low-skill specialists. Although this descriptive evidence is clearly in

line with the hypothesis that the increased competition had a causal effect on returns to

skill, there can be other factors affecting this comparison. The next section presents the

empirical approach and the identification strategy that allows me to establish the causal

effect of the increased competition on returns to skill.

3.5 Empirical Approach

My theoretical model suggests that wage offers are a function of the skill of the medical

specialist, the level of competition and other factors like the technology of the firm and

other individual level factors (w(gi, θ,Ωm)):

Log(y)ikt = αik + γ1

 Log

Score


ik︸ ︷︷ ︸

α̃ik

+ γ2

 Reform

Intensity


t

+ τkt

︸ ︷︷ ︸
τ̃kt

+β

 Log

Score


ik

×

 Reform

Intensity


t

+Xiktθ + εikt

where i stands for individual, k for specialty and t for the period; Log(y)ikt is, alternatively,

log wages per hour or log hours worked; Log Scoreik is the log score obtained in the exam

by individual i to be admitted in his/her specialization (k); Reform Intensityt is the share

of consumers that are able to switch hospitals in quarter t; τkt is a set of dummies for

time-by-specialty fixed effects; Xikt is a matrix of control variables (age and age squared);

and εikt is an i.i.d. idiosyncratic shock for physician, specialty and time. In this equation,

β is the main coefficient of interest, representing the effect of the increased in competition

on the relative log wages or hours.

Unfortunately, I cannot separately identify αik andγ1, or γ2 and τkt. Therefore, the
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specification to be actually estimated with the data is:

Log(y)ikt = α̃ik + τ̃kt + β

 Score

Variable


ik

×

 Reform

Intensity


t

+Xiktθ + εikt (3.1)

where α̃ik is the combined effect of the individual fixed effect plus the effect of the level of

skill of the individual, and τ̃kt is the combined effect of the time-by-specialty fixed effect

plus the effect of the intensity of the reform.

A different way to capture the effect of the intensity of competition on returns to skills

and relative hours is to non-parametrically estimate the effect of the score variable by year.

The specification is very similar to Equation 3.1 but now the main variable of interest is

substituted by a combination of effects by year. Formally, the equation to be estimated

is:

Log(y)ikt = α̃ik + τ̃kt +
2014∑
j=2008

βj × 1(j = t)×

 Score

Variable


ik

+Xiktθ + εikt (3.2)

where β, the main coefficient of interest, is the effect of the increased in competition on

the relative log wages (or hours). Note, however, that the interpretation of the coefficient

β is different now from the previous specification. In this specification, β is allowed to

vary non-parametrically for each year, to capture in an “event study” the effects of the

reform intensity over the years.

A third possibility is to estimate the average effect of the reform, by estimating the

effects of the scores before and after 2009, by interacting the score variable with a dummy

after reform. In this specification, the set of controls is the same as in Equations 3.1 y

3.2. However, the coefficient β now captures the average effect of the reform over all the

years after the policy change was introduced.

In all the previous specifications, the identification comes from the fact that both the

quality of a physician and the timing of the reform are assumed to be uncorrelated with

the shock (εikt), after controlling for characteristics of the specialists and the specialist and

the time-by-speciality fixed effects. In other words, identification relies on the assumption
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that there are no unobserved factors that are correlated in time with the reform and

that differentially affect the wages and/or hours worked by specialists of different relative

quality (as measured by test scores). Note that characteristics of the individuals that are

fixed over time are captured by the individual fixed effects, while everything that affects

the specialties over time, such as technological changes in the specialty or changes in the

priorities across specialties in the health care system, are captured by the specialty-by-time

fixed effects.

However, a potential concern in these specifications is that, as was discussed in the data

section, some physicians work in more than one hospital, and the previous specification

aggregates all hours and wages of physicians at the individual level. In order to address

this concern, another possibility is to define the observations at the individual-hospital

level, having a specialist working in two hospitals at the same time as two observations.

In addition to the previous controls, this specification allows us to also control for all the

things that are changing in the same hospital over time. Formally, the equation to be

estimated is:

Log(y)ihkt = α̃ik + τ̃kt + µht + β

 Score

Variable


ik

×

 Reform

Intensity


t

+Xiktθ + εihkt (3.3)

where all the variables and subindexes represent the same as before and now we incorporate

the subindex h to represent each hospital at which specialists work. Additionally, µht

represents a hospital-by-time fixed effect that captures all the factors that are common

for the same hospital at each period of time. Note that specialty-by-time fixed effects are

also included. In this specification, the coefficient β is estimated only with variation after

controlling by individual fixed effects, time variant shocks that happen at the specialty

level, and time variant shocks that happen at the hospital level. The remaining concerns

about endogeneity come from the potential presence of some time variant shocks that

happen at the hospital-specialty level. However, and as it was discussed in Section 3.2,

hospitals in Uruguay are not specialized and consumers have to receive all the medical

attention from the same hospital, so there are no incentives to overdevelop some specialties

over others as a way to compete for consumers.
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Finally, it is also possible to test heterogeneous effects across different specialties. This

specification is relevant because: (a) different specialties could have different substitutabil-

ity between labor and capital; and (b) different specialties could have different bargaining

power through their professional associations. In that sense, the following specification is

estimated for each specialty k separately:

Log(y)ikt = α̃′ik + τ̃ ′kt + βk

 Log

Score


ik

×

 Reform

Intensity


t

+Xiktθk + εikt (3.4)

where all the subscripts and variables represent the same as in the previous specifications.

As it was discussed, the identification strategy leverages the exogenous change in com-

petition induced by the change in the regulated mobility regime and the fact that the

scores are obtained before entering the labor market and therefore exogenous to any en-

dogenous factor, conditional on individual characteristics and a rich set of fixed effects by

individual and by specialty-by-time. It is important to notice that using a contemporane-

ous measure of quality of the specialist would introduce endogeneity, because it could be

correlated with hospital factors, for example related to on the job training.7

3.6 Results

Table 3.3 present the estimates of Equation 3.1 for the sample of 1,197 specialists. In this

sample, each observation is the aggregate wage (hours) the specialist received (worked)

in a particular quarter. Therefore, the information of specialists that work at more than

one hospital during a period is aggregated across the different hospitals. Columns I to III

present the estimates using Log(Wages) as the dependent variable, while Columns IV to

VI present the estimates using Log(Hours) as the dependent variable. In all panels and

columns, standard errors (in parenthesis) are clustered at the specialty level.

In Panel A I use the log score as a measure of skills. Columns I and II present estimates

7Unfortunately, in this paper I do not have a reliable measure of contemporaneous quality of specialists.
With such a measure at hand, it would be possible to use the test scores as an instrument for contemporaneous
quality of the physicians in a two-stage least squares strategy, in order to estimate the effect of the increase in
competition on the returns to skills and relative hours by skill.
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with individual and time fixed effects, and they differ in the inclusion of the age controls.

Column III is the preferred specification, where age controls as well as individual and

time-by-specialty fixed effects are included. This last specification allows to control for

factors that can change differently over time for different specialties. All the estimates

show a positive effect of the intensified competition on returns to skill. To understand

the magnitude of these effects, note that the percentage of consumers able to switch went

from 0% to about 60% because of the reform. Therefore, the change in the regulated

mobility regime that intensified competition caused an increase of about 1 unit (1.7604

× 0.6 = 1.0562) in the score elasticity of wages. Therefore, compared to the situation

before the reform, after the reform an increase of 1% in the score would increase the

relative wage by an extra 1%. Columns IV to VI follow an analogous presentation, with

the first two columns using time individual and time fixed effects and the last column

using individual and specialty-by-time fixed effects. The intensified competition caused

an increase of about 0.6 units (1.0055 × 0.6 = 0.6033) in the score elasticity of hours.

In Panel B, the score is used as a measure of skill, instead of the log score. In this

specification we can estimate the effect of one more point in the score on the increase of

returns to skills or relative hours. Again, note that the percentage of consumers able to

switch went from 0% to about 60% because of the reform. Therefore, according to my

preferred specifications (Columns III and VI for wages and hours, respectively), compared

to the situation before the reform, after the reform an increase of one point in the score

generates a relatively large effect of 3.5% in wages (0.0588 × 0.6 = 0.0353), while it

generates an increase in relative hours of 2.5% (0.0414×0.6 = 0.0248). Since the standard

deviation of the grades is 7.09 points, the estimated effects imply that after the reform,

an difference of one standard deviation in scores is associated with an wage premium 25

percentage points higher (0.0353× 7.09 = 0.25), and an difference in hours worked 17.61

percentage points higher (0.0248× 7.09 = 0.1761).

Let’s now analyze the non-parametric estimate of the effect of the log-score variable

by year, interacting the log score variable with dummies by year as in Equation 3.2. I

present the results for the estimates of the effect by year, in specifications using a full set

of controls, in Figure 3-4. The top graph presents the results for log wages and the bottom
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graph present the results for log hours.

The top graph in Figure 3-4 shows the timing of the effect on returns to skills. First,

it is possible to see that the increase in relative wages coincides with the increase in the

intensity of competition (measured as the number of people able to switch, see Panel A in

Figure 3-2). The largest effects are around 2011 and 2012, when more people were able to

switch hospitals. In addition, this analysis suggest that the effect on wages is a short-run

effect. While the estimated effect has its peak around 2012, it decreases in the two years

after, and it is not significant in 2014. This reversion to the zero in the medium run is

expected because of at least two factors. On one hand, the intensity of the reform is lower

in the last two years because the number of people able to switch shows some decline at

the end of the period. On the other hand, it is expected that in the long run more people

enter to the specialty and that the response of the supply side makes the elasticity of the

supply curve less inelastic in the long run, reducing the effect of the demand shock.

The bottom graph in Figure 3-4 shows the size and the timing of the effect on relative

hours. Similar as in the case of wages, the effect is stronger around 2011 when the regulated

mobility regime was amplified. However, the graph shows that the estimated yearly effects

of intensified competition on hours are not statistically significant, and are only positive

after 2012. A slower response of the hours worked is consistent with an inelastic labor

supply in the short run, and a relatively more elastic supply in the long run.

Overall, the previous evidence points to a positive and strong effect of increased com-

petition on the returns to skill, and a less clear (if any) effect of the intensified competition

in hours. In the case of wages, the event-study and the regressions point to a very similar

effect, and clearly show that the effect fades out over time. Regarding the hours, the event

study does not reject the hypothesis of a null effect of intensified competition on hours,

although the parametric regression analysis showed a significant (but smaller than for

wages) effect. In this sense, the evidence in this subsection is consistent with the existence

of an inelastic supply, where at least most of the effect of the increased competition leads

to increases in returns to skills, with only weak evidence of increases in quality (relative

hours of better physicians). In the next subsection I present robustness checks and other

specifications to discuss these results.
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3.6.1 Robustness Checks and Heterogeneity

One of the main concerns with the previous results is the fact that specialists can work

in more than one hospital at a time. The previous analysis aggregates the wages and

hours worked at the specialist level, aggregating across the different institutions where

a specialist worked in each period. In order to evaluate if this introduces a concern for

the identification, I construct a new database where the observation is at the level of

specialist-hospital at each period of time. Therefore, if a specialist works in two hospitals

in a particular period of time, this database includes two observations, one per hospital.

Organizing the database in this way still allows me to control for the specialist fixed-effect,

the characteristics of the specialists (age and age square), and the specialty-by-time fixed

effects. In addition, in this database it is possible to also control for hospital-by-time fixed

effects, absorbing all the factors that happen at the hospital level in different periods of

time.

The results of this exercise are presented in Table 3.4. The organization of the table in

panels and controls by columns is analogous to the previous table. The estimated effects

of increased competition on relative wages in this new sample are almost the same as

with the sample at the individual level. The estimates of the preferred specification imply

that the increased competition increases the elasticity of wages to scores by about 1 unit

(1.7515 × 0.6 = 1.0509), and that after the reform, a difference of one point in the test

score is associated with an additional increase of 3.3 p.p. in wages (0.0557×0.6 = 0.0334).

On the other hand, the effects on hours are not significant in this sample. In my preferred

specification, the effect of the increased competition on the elasticity of log hours is about

0.2 units (0.3897 × 0.6 = 0.2338) but it is not statistically significant. A similar result

is found when I analyze the effect of one point in the score on hours after the regulated

mobility reform, which is about 1% (0.0177×0.6 = 0.0106). The results in this robustness

check are similar to those found in the event-study, with a large effect on wages and non-

statistically significant effect on hours, which is consistent with a very inelastic supply of

labor in the short run.

Analyzing the data at the individual-hospital level also allows me to check whether
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there are heterogeneous effects of intensified competition for specialists that work at only

one at a time during the sample period. If the mechanism of increased competition is at

work, we would expect higher effects for those specialist that work at only one hospital,

i.e. those who have exclusive employment with one hospital. Table 3.5 presents the

results for the 826 specialist who work in at most one hospital at each period. Again, the

organization of the table in panels and controls by columns is very analogous to previous

tables. Note that here, and in addition to specialist characteristics, we can control for

specialist fixed effects, specialty-by-time fixed effects, and hospital-by-time fixed effects.

Consistent with what we expected, the size of the effects for this group of physicians is

larger than the previous estimates, both in terms of wages and hours. For this group,

the increased competition increases the elasticity of wages to scores by about 1.75 units

(2.9277 × 0.6 = 1.7566). A difference of one point in the test scores is associated with a

large additional effect of 6.2 p.p. in wages (0.1039 × 0.6 = 0.0623) after the reform. The

effects on hours are now statistically significant in this sample, with a magnitude of 0.5

units for the elasticity of hours to scores (0.8313 × 0.6 = 0.4987). A one-point increase

in the score generates an additional effect of 2.3 p.p. on hours (0.0387 × 0.6 = 0.0232).

These estimated effects imply that after the reform, a one standard deviation difference

in scores is associated with a wage premium 44 percentage points higher, and an hours-

worked difference 16 percentage points higher. These results are consistent with the idea

that physicians who behave as if they have exclusive employment at one hospital, receive

a higher return to skill on their wages. At the same time, they are more flexible in terms

of work hours after the reform. The latter result is also consistent with the fact that these

specialist work less hours on average (164 hours per month) than the specialist that work

on more than one hospital (207 hours per month).

An alternative way to approximate the effects of the reform is to interact the log score

(or the score) with a dummy indicating the period after the reform of 2009. Table 3.6

presents these results for the preferred specification (with individual and specialty-by-time

fixed effects, among other controls) in the sample at the individual level. The results in

terms of wages and hours are qualitatively similar to before. Regarding relative wages,

after the reform there is an increase of 0.5 units in the score elasticity of wages, and
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an increase of almost an additional 2% of wages for each additional point in the score.

Regarding hours, once again the results do not reject the null hypothesis of no effect of log

scores or scores after the reform. The point estimates suggest that the reform generated

an increase of 0.2 units in the score elasticity of hours, and an additional 0.75% increase

of hours per point of test scores. These results suggest again a relatively large effect on

wages and a small (if any) effect on hours. The fact that the estimates are smaller than

the results when we introduce the intensity of the reform is consistent with the timing of

the reform, whose effects are larger around 2011 and fade out in the last years after the

reform, when the supply of specialists can begin to respond.

Finally, the effects of the reform may be heterogeneous across specialties, both in

terms of wages and hours. As discussed before, we can expect these differences at least

for two reasons. On one hand, different specialties may have different demand shocks, and

therefore demand shocks may affect them differently. One possible reason for this is that

different specialties have different degrees of substitutability between capital and labor.

Another reason could be that the reform puts more pressure on the demand for certain

specialties, such as those related to primary care. On the other hand, different specialties

may have different levels of barriers to entry, for example due to different quotas in each

specialty’s graduate studies. Therefore, this scarcity and lag in (or lack of) response on

the supply side could be expressed in larger effects on wages of the demand increase.

One way to approximate this is to run our regressions separately by specialty, and to

compare the size of the estimated effects. The results of this exercise are presented in Table

3.7. First, the larger increases of wages by specialties are associated to specialties with

more scarcity, in which there are higher barriers to entry. For example, anesthesiology

is a specialty with one of the largest wage increases (5.6 units in the elasticity) and it

is an specialty where all the anecdotal evidence and the news highlight large barriers to

entry. Second, typically large effects on wages are present in some specialties that are

likely to have received a stronger demand pressure after the reform. One example of this

are areas related to primary care, such as pediatrics, which has an increase in the score

elasticity of wages of 2.5 units. In general, the effects on hours are larger where the effects

on wages are larger, which is consistent with the fact that some specialties faced stronger
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demand pressure after the change in regulated mobility than other specialties. However,

one limitation of this analysis is that the sample is reduced when we split it by specialties,

and therefore some of these estimations are done with small samples.

3.6.2 Effects for the capital city

The capital city, Montevideo, offers a particularly good setting to understand the effects

of competition, since more than 50% of the population lives there and it has the largest

number of hospitals (11) competing for FONASA consumers. In this sense, the competitive

pressure for quality should be even more clear in this setting than in the full sample of

specialists. The sample includes only hours and wages that specialist received (worked)

in Montevideo in a particular quarter. There are 987 specialists working at hospitals in

Montevideo, which represents 75% of the total number of specialists. This large percentage

can be explained by the fact that many specialist work most of their hours in Montevideo

but also work some hours in hospitals outside the capital city, typically one day during

the week.

Figure 3-5 presents the event-study for wages (Panel A) and hours (Panel B). The

results for Montevideo are qualitatively similar to the results when all the markets are

included: increased competition increases the score elasticity of wages and the effect of

the score on returns to skill, but it does not have significant effects on hours worked. Ad-

ditionally, the timing of the effect is also similar, showing a peak of the effect around 2011.

The results of the event-study are confirmed with the regression analysis for Montevideo,

presented in Table 3.8. Consistent with the idea of a higher competition in this market,

the effects on wages are higher. For an increase in the percentage of consumers able to

switch from 0% to 60%, the estimates imply an increase of 1.72 units in the score elasticity

of wages, and of 6 p.p. in relative wages per extra point in scores (43 p.p. for a difference

of one standard deviation in scores). On the other hand, in Montevideo it is not possible

to reject the null hypothesis that the reform did not increase the hours of the relatively

high skilled, and therefore did not increase the total quality of the health care system.

Finally, the characteristics of the market in the capital city allow us to at least explore

the mechanisms behind the effects of the increased competition. Recall that the main result
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from the theoretical analysis in Section 3.3 is that the wage offers have the same slope as the

gross profit function, but they are shifted down by a constant. In this context, the sufficient

condition for an increase in competition to trigger an increase in wage dispersion is that

the increase in competition should raise the marginal benefit between two given skill levels

(∂
2w(gi,θ,Ωm)
∂gi∂θ

= ∂2Π̃(gi,θ,Ωm)
∂gi∂θ

> 0). As discussed before, a particular set of conditions on the

different components of the profit function that would satisfy this sufficient condition is

that consumers are willing to pay for quality or, in other words, that price is an increasing

function of quality (∂p(gi,θ,Ωm)
∂gi

> 0), that consumers are willing to pay more for quality

when competition increases (∂
2p(gi,θ,Ωm)
∂gi∂θ

> 0), that hospitals increase market share by

increasing quality (∂y(gi,θ,Ωm)
∂gi

> 0), and that this gain of market share is higher the higher

is the level of competition in the market (∂
2y(gi,θ,Ωm)
∂gi∂θ

> 0).

Most of the markets in Uruguay only have two or three hospitals, so there is little to be

gained by aggregating the information at the hospital level and estimating within-market

correlations for those hospitals. Montevideo has 11 hospitals during the 18 quarters of

the sample, so it is more appealing for aggregating the information at the hospital level

and estimating the correlations of quality and competition with market shares and prices.

Although the analysis cannot go beyond the estimation of correlations, it allows us to

check if the correlations present in the sample are consistent with the story of increased

competition.

Table 3.9 presents the results of this correlation analysis. Column I presents a regres-

sion where the log of the out-of-pocket price index is used as a dependent variable. The

right-hand-side variables are the mean quality of specialists, which is the weighted (by

hours) average of the scores of the specialist that are in sample and work at a hospital,

and the mean quality of specialists interacted with the percent of people able to switch.

The regression also includes fixed effects by hospital and by time. Both correlations, be-

tween log price and quality and log price and quality interacting with competition are

positive, although none of them are statistically significantly different from zero. Column

II presents a regression where the log market share is regressed against the quality, the

interaction of the quality with the percentage of people able to move, and the log price.

The correlations are again consistent with the expected effects, a positive (and statistically
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significant) correlation between quality and market share, and a positive (but not statisti-

cally significant) correlation between the market share and the interaction of quality and

percentage of people able to switch. Note also that in this regression, and although it

includes hospital fixed effects, the price coefficient is positive, which is a strong signal of

endogeneity problems in the regression. Overall, these correlations are consistent with the

signs of the derivatives that are required for the sufficient condition, although they cannot

be taken as proof of any of these conditions.

3.7 Conclusions

In health care markets, reductions of inertia in consumer choices may lead to greater

incentives for firms to compete in quality. The effect of this higher demand for physician

quality depends on the elasticity of the relative supply of high-skill and low-skill physicians.

If the relative supply is inelastic, an increase in the demand for high quality physicians

would lead to an increase in their relative wages without increasing their total work hours,

and thus without changing the average quality of the health care system, but increasing

its costs.

In this paper, I assess these predictions using a quasi-experimental setting in the

Uruguayan health care system. I leverage the change in the regulated mobility scheme as

a shock that increases the competition in the market to estimate the effects on returns to

skill and relative hours for specialists with different level of skills. I use information on

scores in the admissions test for medical specialty graduate school as an exogenous measure

of the quality of physicians. To the best of my knowledge, this is the first paper that uses

test scores of physicians in a systematic way to understand the effects of competition

shocks on returns to skill.

The results of this paper are consistent with the hypothesis of increased competition

generating incentives to increase quality, together with a relatively inelastic supply of

physicians. Intensified competition caused a relatively large increase in the returns of

high quality physicians. However, there is no strong evidence of an increase in the relative

hours worked by high-skill physicians compared to low-skill physicians. In this sense, the
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reform generated only small (if any) increases in the total quality of the system, measured

as the amount of hours weighted by quality of the physicians. Overall, the results show

that in a context of inelastic supply, the potential benefits of increased competition in

terms of quality can be absorbed by increases in wages. In particular, it underscores the

differences between the strategies of adopting more capital, with a relatively more elastic

supply, and the adoption of human capital, which in the short run has a very inelastic

supply in professions that require licenses.

From a policy point of view, this paper sheds light on the importance of paying atten-

tion to the labor markets when the product market that demands these human resources

receives demand shocks in sectors with regulations or licenses. In particular, it underscores

the importance of understanding the labor markets of physicians and their regulations,

and especially the quotas for entrance to graduate school and the role of professional asso-

ciations. This is crucial for understanding how the markets for human resources in health

care work, and how costs may increase and the distribution of rents change with the im-

plementation of a public policy that generates demand shocks for physicians. Examples

of these policies have been common in the last decade, when public health care policies

were oriented to either expand or universalize coverage (like the Affordable Care Act), or

to implement changes in competition or the design of these markets in terms of public and

private providers.
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3.8 Graphs and Tables

Figure 3-1: Histograms of full data and sample

(a) Histogram of wage per hours

(b) Histogram of hours worked
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Figure 3-2: Regulated mobility and increased competition

(a) FONASA consumers able to switch hospitals

(b) Out-of-pocket prices and increased competition

(c) Distribution of visits in Montevideo, Year 2012
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Figure 3-3: Evolution of log-wage for different levels of skills

(a) Log-wage difference between top and bottom 10 percent

(b) Log-wage difference between top and bottom 30 percent
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Figure 3-4: Even Study: All Markets

For all markets in the sample, these graphs show the point estimates for
the βj from the regression of equation 3.2, and their confidence intervals
(with clustered standard errors). The graph on the top presents the effect
on wages and the graph on the bottom presents the effects on hours.
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Figure 3-5: Even Study: capital city Montevideo

Note: For the market of the capital city, Montevideo, these graphs show
the point estimates for the βj from the regression of equation 3.2, and
their confidence intervals (with clustered standard errors). The graph on
the top presents the effect on wages and the graph on the bottom presents
the effects on hours.
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Table 3.3: Effects of lock-in reduction on returns to skill and relative hours at individual level

I II III IV V VI

Panel A: Effects of Log Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Log(Gradesik) × 2.2055∗∗∗ 2.2055∗∗∗ 1.7604∗∗∗ 0.3523 0.3541 1.0055∗∗∗

Able to Changet (0.6307) (0.6051) (0.6047) (0.3631) (0.3592) (0.3411)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes

Observations 12352 12352 12352 12352 12352 12352
Physicians 1197 1197 1197 1197 1197 1197

Panel B: Effects of Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Gradesik × 0.0777∗∗∗ 0.0785∗∗∗ 0.0588∗∗ 0.0155 0.0158 0.0414∗∗∗

Able to Changet (0.0275) (0.0266) (0.0263) (0.0151) (0.0149) (0.0143)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes
Observations 12352 12352 12352 12352 12352 12352
Physicians 1197 1197 1197 1197 1197 1197

This table presents the estimates of Equation 3.1. Each observation in the sample is the aggregate average
wage (hours) the specialist received (worked) in a particular quarter. Columns I to III present the estimates
using Log(Wages) as dependent variable, while Columns IV to VI present the estimates using Log(Hours) as
dependent variable. In Panel A, the log of the score is used to construct the main variable of interest while in
Panel B, the score is used. All estimates are obtained using specialist fixed effects. Age controls (age and age
squared) are included in some specifications. Columns I, II, VI and V include time fixed effects at the quarter
level. Columns III and VI include time-by-specialty fixed effects. In all panels and columns, standard errors (in
parenthesis) are clustered at the specialty level. +.10 **.05 *** .01.
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Table 3.4: Effects of lock-in reduction on returns to skill and relative hours (individual-hospital
level)

I II III IV V VI

Panel A: Effects of Log Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Log(Gradesik) × 1.9598∗∗∗ 2.0045∗∗∗ 1.7515∗∗∗ -0.2520 -0.2344 0.3897
Able to Changet (0.4722) (0.4823) (0.5623) (0.4495) (0.4412) (0.3299)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes

Observations 15450 15450 15450 15450 15450 15450
Physicians 1197 1197 1197 1197 1197 1197

Panel B: Effects of Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Gradesik × 0.0662∗∗∗ 0.0687∗∗∗ 0.0557∗∗ -0.0084 -0.0075 0.0177
Able to Changet (0.0220) (0.0227) (0.0266) (0.0184) (0.0181) (0.0142)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes
Observations 15450 15450 15450 15450 15450 15450
Physicians 1197 1197 1197 1197 1197 1197

This table presents the estimates of the effect of increased competition on returns to skills and relative hours.
Each observation in the sample is the wage (hours) the specialist received (worked) in a particular quarter at
a particular hospital. Columns I to III present the estimates using Log(Wages) as dependent variable, while
Columns IV to VI present the estimates using Log(Hours) as dependent variable. In Panel A, the log of the
score is used to construct the main variable of interest while in Panel B, the score is used. Age controls (age
and age squared) are included in some specifications. All estimates are obtained using specialist fixed effects
an hospital-by-time fixed effects. Columns III and VI also include time-by-specialty fixed effects. In all panels
and columns, standard errors (in parenthesis) are clustered at the specialty level. +.10 **.05 *** .01.
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Table 3.5: Effects of lock-in reduction at individual-hospital level (only one hospital sample)

I II III IV V VI

Panel A: Effects of Log Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Log(Gradesik) × 2.7138∗∗∗ 2.7140∗∗∗ 2.9277∗∗∗ -0.1419 -0.1407 0.8313∗∗∗

Able to Changet (0.4954) (0.4705) (0.5181) (0.4572) (0.4574) (0.2323)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes

Observations 6927 6927 6927 6927 6927 6927
Physicians 826 826 826 826 826 826

Panel B: Effects of Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Gradesik × 0.0952∗∗∗ 0.0970∗∗∗ 0.1039∗∗∗ -0.0045 -0.0042 0.0387∗∗∗

Able to Changet (0.0245) (0.0237) (0.0309) (0.0198) (0.0199) (0.0128)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes
Observations 6927 6927 6927 6927 6927 6927
Physicians 826 826 826 826 826 826

This table presents the estimates of the effect of increased competition on returns to skills and relative hours.
Each observation in the sample is the wage (hours) the specialist received (worked) in a particular quarter at
a particular hospital. The sample only includes specialists that worked at most at one hospital at each period
of time. Columns I to III present the estimates using Log(Wages) as dependent variable, while Columns IV to
VI present the estimates using Log(Hours) as dependent variable. In Panel A, the log of the score is used to
construct the main variable of interest while in Panel B, the score is used. Age controls (age and age squared)
are included in some specifications. All estimates are obtained using specialist fixed effects an hospital-by-time
fixed effects. Columns III and VI also include time-by-specialty fixed effects. In all panels and columns, standard
errors (in parenthesis) are clustered at the specialty level. +.10 **.05 *** .01.
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Table 3.6: Post-reform effects on returns to skill and relative hours.

I II III IV

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Log(Gradesik) × 0.4956+ 0.2054
After Reform (0.2630) (0.1763)

Gradesik × 0.0182+ 0.0075
After Reform (0.0103) (0.0070)

Indiv.FE Yes Yes Yes Yes
Age Controls Yes Yes Yes Yes
Time Espec. FE Yes Yes Yes Yes

Observations 12352 12352 12352 12352
Physicians 1197 1197 1197 1197

This table presents the estimates of the effect of increased competition on returns to skills and relative hours.
Each observation in the sample is the aggregate average wage (hours) the specialist received (worked) in
a particular quarter. Columns I to III present the estimates using Log(Wages) as dependent variable while
Columns IV to VI present the estimates using Log(Hours) as dependent variable. The main variable in these
regressions is the interaction between the log of the score and a dummy that indicates the period after the
regulated mobility reform (2009). All estimates are obtained using specialist fixed effects. Age controls (age
and age squared) are included in some specifications. Columns I, II, VI and V include time fixed effects at the
quarter level. Columns III and VI include time-by-specialty fixed effects. In all panels and columns, standard
errors (in parenthesis) are clustered at the specialty level. +.10 **.05 *** .01.
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Table 3.7: Heterogeneous effects on (log) wages and hours by specialty

I II III IV

Log(Wages) Log(Hours) N
Coef. S.E. Coef. S.E.

Anatomic pathology 6.2578+ 3.0917 -1.8194 3.9179 104
Anesthesiology 9.3643** 4.0227 -2.5799 3.4410 380
Cardiology 2.6364 1.9685 3.6837 2.0940+ 597
Surgery -3.7873 7.2941 -1.3037 1.7289 113
Dermatology -0.7799 2.3969 -1.4489 1.9174 513
Endocrinology 2.3568 2.2332 2.8501 1.6490+ 263
Infectious Disease 14.4462*** 2.4209 -9.0220 1.9931*** 56
Gastroenterology 3.5157*** 1.1669 -0.3518 1.0798 162
Gynecology 12.2856 18.3891 -10.3571 5.2888+ 173
Hematology 1.3849+ 0.7433 1.5934 0.7676+ 215
Diagnostic Radiology -1.1509 1.7154 2.0881 2.1022 958
Internal Medicine 2.1000+ 1.2277 0.3345 0.5859 1795
Hospitalist 2.5086+ 1.5018 1.8386 0.7812** 2647
Nephrology -5.6535 5.2089 4.6186 3.2026 134
Neurology -2.8385+ 1.2845 -1.7236 3.0931 104
Oncology -1.2827 1.5083 -0.9734 2.0449 379
Pediatry 4.2000*** 1.1373 0.5873 0.5918 1436
Psychiatry 0.8496 1.4120 -0.7451 1.7754 1300
Occupational Safety 2.6858 2.9128 0.9705 1.1946 554
Physical Medicine -0.8116 2.3607 1.3276 2.7549 361

This table presents the estimates of Equation 3.4 for all different specialties. Each observation
in the sample is the aggregate average wage (hours) the specialist received (worked) in a
particular quarter. Columns I and III present the point estimates of the effect of scores
interacted with the percentage of consumers able to switch on Log(Wages) and Log(Hours)
respectively. Columns II and VI present the standard error (clustered at the individual level)
for each point estimate. All estimates are obtained using specialist fixed effects, age controls
(age and age squared) and time-by-specialty fixed effects. +.10 **.05 *** .01.
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Table 3.8: Effects of lock-in reduction at individual level (Montevideo only)

I II III IV V VI

Panel A: Effects of Log Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Log(Gradesik) × 3.3649∗∗∗ 3.3281∗∗∗ 2.8626∗∗∗ -0.1481 -0.1619 0.6874
Able to Changet (0.7931) (0.7560) (0.8965) (0.5517) (0.5295) (0.6115)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes

Observations 9417 9417 9417 9417 9417 9417
Physicians 987 987 987 987 987 987

Panel B: Effects of Grades

Dependent Variable: Log(Wages) Dependent Variable: Log(Hours)
Gradesik × 0.1235∗∗∗ 0.1229∗∗∗ 0.1014∗∗ -0.0030 -0.0032 0.0307
Able to Changet (0.0374) (0.0358) (0.0426) (0.0244) (0.0236) (0.0284)

Indiv.FE Yes Yes Yes Yes Yes Yes
Age Controls No Yes Yes No Yes Yes
Time FE Yes Yes No Yes Yes No
Time-Spec. FE No No Yes No No Yes
Observations 9417 9417 9417 9417 9417 9417
Physicians 987 987 987 987 987 987

This table presents the estimates of Equation 3.1. Each observation in the sample is the aggregate average
wage (hours) the specialist received (worked) in a particular quarter. The sample includes only wages and
hours that physicians received and worked in hospitals in the capital city, Montevideo. Columns I to III present
the estimates using Log(Wages) as dependent variable while Columns IV to VI present the estimates using
Log(Hours) as dependent variable. In Panel A, the log of the score is used to construct the main variable of
interest while in Panel B, the score is used. All estimates are obtained using specialist fixed effects. Age controls
(age and age squared) are included in some specifications. Columns I, II, VI and V include time fixed effects at
the quarter level. Columns III and VI include time-by-specialty fixed effects. In all panels and columns, standard
errors (in parenthesis) are clustered at the specialty level. +.10 **.05 *** .01.
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Table 3.9: Correlations among price, quantity, and quality in Montevideo.

I II

Dependent Variable:
Log(Price) Log(Market Share)

Mean Quality of Specialists 0.0712 0.3915∗∗

(0.0979) (0.1718)
Mean Quality of Specialists × 0.0722 0.0086
Able to move (0.1527) (0.0193)
Log (Price) 0.0441

(0.3205)

Hospital FE Yes Yes
Time FE Yes No
Observations 198 198

This table presents the estimates of correlations between quality and competition,
and prices and market shares, for the market of the capital city, Montevideo. Each
observation in the sample is a hospital in a particular quarter. Column I presents
the correlations with log prices while Column II presents the correlations with log
market shares. All estimates include time fixed effects and hospital fixed effects.
Bootstrapped standard errors are shown in parenthesis. +.10 **.05 *** .01.
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Appendix

A Appendix A: Choice Probabilities in the Demand-Side Model

Since I estimate the model using data on market shares for each plan, I need to derive

the market shares from my model. First, let’s define the expected value of the utility-

maximizing plan among all available plans, excluding the plan the individual had in the

last period. Given the assumption of i.i.d. Type One Extreme Value distributed shocks,

this expected value can be written as:

δimt(ji,t−1) = ln

( ∑
j∈Jmt,j 6=ji,t−1

exp
(
δimtj

(
ji,t−1,Γ(jit−1)

)))

where δimtj (ji,t−1,Γ(jit−1)) is the mean utility for changing to plan j. Note that this

function depends on the function Γ(jit−1) in the following way:

δimtj (ji,t−1,Γ(jit−1) = 1) = −η + fijmt

δimtj (ji,t−1,Γ(jit−1) = 0) = fijmt

where fijmt is the expectation of the flow utility (fijmt) with respect to the Type One

Extreme Value shock.

Now, let’s define the probability of choosing a particular plan. For simplicity of nota-

tion, let δ be the option to stay with the same plan the individual had in the last period.

Assume that consumer i had chosen plan j′ in the previous period; thus, because of the
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properties of the Type One Extreme Value distribution, her probability of switching is:

Priswitch(j′) = Pri(jit 6= j′|jit−1 = j′)

=
exp(δimt(j′))

exp(δimt(j′)) + exp(δ(j′))

Likewise, if consumer i chose plan j′ in the previous period, her probability of not

switching is:

Prinotswitch(j′) = Pri(jit = j′|jit−1 = j′)

=
exp(δ(j′))

exp(δimt(j′)) + exp(δ(j′))

Moreover, conditional on switching and given that j′ was the plan chosen in the pre-

vious period, the probability of choosing plan j is:

Prij|switch(j′) = Pri(jit = j|jit−1 = j′, jit 6= j′)

=
exp(δimtj (j′))

exp(δimt(j′))

Therefore, and using the Law of Iterated Expectations, the total probability of choosing

plan j in period t having chosen plan j′ in period t− 1 is:

Prij(j
′) = Pri(jit|jit−1 = j′)

= 1{j = j′}Prinotswitch(j′) + 1{j 6= j′}Prij|switch(j′)Priswitch(j′)

These probabilities can be used to express the expected market share in the current

period as a function of the last period’s market share for a given consumer type. Let

sij′mt−1 be the period t − 1 market share for plan j′ in market m for consumer type i.
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Then, the expected market share for a plan j for consumer type i is:

ˆsijmt =
∑

j′∈Jmt−1

sij′mt−1Pr
i
j(j
′)

Integrating the market shares over consumer types yields predicted market share for

plan j:

ˆsjmt =

∫
ŝijmtdFi
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B Appendix B: Estimation of Structural Parameters

After the first step, which provides policy functions and therefore how the state vector

evolves over time, the second step of the estimation finds parameters that make these

observed policy functions optimal, given the underlying theoretical model. The parameters

that I estimate in this stage (the structural parameters of this model) are the mean and

standard deviation of the cost, entry and exit shocks. Given the per-period profit function

in Equation 2.1, and integrating out the private shocks, I can re-write the expected value

of the pay-off function as follows:

E~εmtΠjmt(b̃jmt, b̃−jmt, ~Sjmt) = (b̃jmt − cjmt)sjmtMmt + Pr(Exit = 1|~Sjmt)φjmt

where the probability of exit replaces a dummy variable that indicates if the plan exits the

market in that period. Also, the bids for the plan (bjmt) and other plans in the market

(b−jmt) have been replaced with the associated equilibrium expected bids (b̃jmt and b̃−jmt).

The computation of these objects via simulation of future shocks requires a high

amount of computational power, for that reason it has to be solved every time in the

search for the optimal value of the parameters. Therefore, it is important to reduce the

computational burden using the insight proposed by Bajari et al. (2007). The idea is that,

since all the unknown parameters enter linearly into the payoffs of the plan, the previous

equation can be written as the inner product of a row vector and a column vector:

E~εmtΠjmt(b̃jmt, b̃−jmt, ~Sjmt) =

(
τ ψ(~Sjmt)

)1

θ


where τ = b̃jmtsjmtMmt, θ is the vector of all the parameters to be estimated, and ψ(~Sjmt)

is the vector of all the terms that depend on the parameters.

This allows me to compute the following function Z(·), which does not depend on the

parameters and has to be computed only once, using forward simulation, in the estimation

187



process:

Z(~Sjmt, σj , σ−j) = Eσ(~Smt,~εmt)

∞∑
t′=0

βt
′
(
τ ψ(~Sjmt)

)

where σj is a strategy vector for plan j, and σ−j is a strategy vector for the rest of the

plans in the same market as plan j, as defined in Section 2.4.2.

Imposing the Markov Perfect Equilibrium (MPE) condition implies that each period

the value function evaluated at the true optimal policy function (σ∗j ) should have a larger

value than when it is evaluated at any other alternative policy (σ̃kj ).

Z(~Sjmt, σ
∗
j , σ−j)

1

θ

 ≥ Z(~Sjmt, σ̃
k
j , σ−j)

1

θ


Now, for a given state vector ~Sr, I can re-write the above equation in terms of profitable

deviations from the optimal policy in the following way:

g(~Sr, σ̃kj , θ) =
[
Z(~Sr, σ̃kj , σ−j)− Z(~Sr, σ∗j , σ−j)

]1

θ


Now, I can construct the objective function to minimize in order to estimate the

parameters. Note that the objective function is based on the condition of MPE. To

estimate the parameters, I start with 500 initial values in the state space (denoted by the

supraindex r in ~Sr), which I take from the observed values in the data. Then, I forward-

simulate the function Z(·), taking draws for the private shocks for the next 100 periods

and using the actual optimal policy functions estimated in the first step of the supply

estimation. I also compute 500 alternative policy functions (denoted by the supraindex

k in σ̃kj ) by changing one or more of the values of the parameters estimated for the state

variables. With these draws of the private shocks, I compute the actions, the per-period
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payoffs and how the state space evolves for each of these 501 policy functions. The

estimator then searches for parameters such that profitable deviations from the optimal

policies are minimized:

minθQ(θ) =
1

K

1

R

K∑
k=1

R∑
r=1

1
{
g(~Sr, σ̃kj , θ) > 0

}
g(~Sr, σ̃kj , θ)

2

Note that the linearity of the unknown parameters become useful during the minimiza-

tion, as I do not have to recompute separate outcome paths for each set of parameters.

The idea of the estimation is that, because of simulation error and errors in the policy

function, in the estimation computation the value function evaluated at an alternative

policy can be higher than the value at the actual policy. The intuition of the estimation is

to take these situations and choose the value of the parameters that minimize the square

sum of these deviations. Finally, the standard errors can be computed doing bootstrap

over the different market histories (Bajari et al., 2007; Ryan, 2012).

Having recovered the policy functions and the parameters needed for the construction

of the payoffs for incumbents, it is now possible to find the distribution of the entry costs.

Consider Equation 2.3. After the estimation of the distributions of marginal costs and

scrap values, all the terms in that equation are known, except for the parameters of the

distribution of κj . Assuming the entry costs are distributed normally with mean µκ and

variance e2
κ, the probability of a plan entering the market is the probability that κj is less

than or equal to the expected value from being in the market:

Pr(Entry|~Sjmt) = Fκ

(
max
bjmt

{
E
[
(bjmt − cjmt)sjmtMt + βE[W (~Sjmt+1, ~εmt+1|~Sjmt)]

]})

where Fκ is the CDF of the entry cost shock.

Note that the parameters of Fκ are unknown, but the term inside the CDF can be

computed through forward simulation, starting from different draws of points in the state
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space:

min
µκ,e2κ

=
1

R

R∑
r=1

[
Pr(Entry|~Sr)− Fκ

(
max
bjmt

{
E
[
(bjmt − cjmt)sjmtMmt + βE[W (~Srjmt+1, ~εt+1|~Sr)]

]})]2

The intuition behind the estimation technique is to match as well as possible the

observed probabilities of entry.
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Cuñat, V. and Guadalupe, M. (2009). Globalization and the provision of incentives inside

the firm: The effect of foreign competition. Journal of Labor Economics, 27(2):179–212.

Cutler, D., Lincoln, B., and Zeckhauser, R. (2010a). Selection stories: Understanding

movement across health plans. Journal of Health Economics, 29(6):821–838.

Cutler, D. M., Finkelstein, A., and McGarry, K. (2008). Preference heterogeneity and

insurance markets: Explaining a puzzle of insurance. Technical report, National Bureau

of Economic Research.

Cutler, D. M., Huckman, R. S., and Kolstad, J. T. (2010b). Input constraints and the ef-

ficiency of entry: Lessons from cardiac surgery. American Economic Journal: Economic

Policy, 2(1):51–76.

193



Cutler, D. M. and Reber, S. J. (1998). Paying for health insurance: the trade-off between

competition and adverse selection. The Quarterly Journal of Economics, 113(2):433–

466.

Dalton, C. M., Gowrisankaran, G., and Town, R. (2015). Myopia and complex dynamic

incentives: Evidence from medicare part d. Technical report, National Bureau of Eco-

nomic Research.

Decarolis, F. (2015). Medicare part d: Are insurers gaming the low income subsidy design?

American Economic Review, 105(4):1547–80.

Decarolis, F., Polyakova, M., and Ryan, S. P. (2015). The welfare effects of supply-side

regulations in medicare part d. Technical report, National Bureau of Economic Research.

Doraszelski, U. and Satterthwaite, M. (2010). Computable markov-perfect industry dy-

namics. The RAND Journal of Economics, 41(2):215–243.
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