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Abstract

Governments leverage private markets to deliver public benefits at lower costs, yet firms may
adopt competitive strategies to maximize their own profits that impede the government’s policy
objectives. This paper develops a structural model of health insurer entry and product compe-
tition, capturing endogenous insurer responses to policy, competition, and consumer sorting
and healthcare utilization. I estimate the model using novel administrative data on Medicare
Advantage (MA) utilization and simulate insurers’ strategic entry and product positioning de-
cisions to alternative subsidy designs. I find firms use strategic entry to engage in risk selection
and mitigate competition. Models that abstract from these strategies miss the direction or mag-
nitude of welfare predictions under counterfactual policies. A targeted policy incentivizing
high risk seniors to enroll in MA can achieve comparable private market entry and enrollment
while reducing government expenditures by 1% ($10 billion nationally) and reverses the his-
torical positive selection into MA.
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I Introduction

As of 2021, the U.S. government spends nearly $830 billion—10% of all spending—each year
on healthcare for seniors in the Medicare program (Cubanski and Neuman, 2023). The majority
of beneficiaries receive these benefits through Traditional Medicare (TM), the public insurance
option. The remainder receive coverage through Medicare Advantage (MA), which are private
insurance plans that are subsidized by the government. There are at least three policy rationales for
subsidizing a private market for Medicare benefits. First, private firms have developed expertise
in limiting moral hazard healthcare utilization, which allows these companies to deliver benefits
at lower cost. Second, competition lowers premiums and offers products with extra services not
covered by TM (e.g., vision, dental, hearing, etc.) or financial coverage to attract enrollees. Third,
competition also gives firms an additional incentive to lower their costs, which generates further
savings for the government. This structure for using private markets to deliver public goods appears
in other settings, including education and housing (see e.g., Baum-Snow andMarion, 2009; Hoxby,
2000; Neilson, 2021; Poterba, 1996).

Promoting entry and robust participation in insurance markets faces several challenges. Chief
among these are adverse selection—the tendency for sicker people to prefer more generous in-
surance plans—and moral hazard—the propensity to consume additional healthcare because it is
cheaper—are the most salient. Concerns about selection may lead to firms offering plans with less
generous coverage in markets with sicker patients or failing to enter these markets altogether—a
behavior typically referred to as risk selection. Firms must also contend with the existence of the
public option. Traditional Medicare offers baseline coverage—which has gaps and higher out-of-
pocket costs—at a relatively low premium. The private market must be competitive on both of
these dimensions—coverage and premium—to attract enrollment. These forces create challenges
for the design of government policies (i.e., subsidies) to support the private market. The policy
must not only incentivize participation, it also needs to address risk selection and consumer price
sensitivities. This problem is difficult to solve. An evaluation of counterfactual policies requires
a model that captures the complex interplay between government policy, firm entry and product
offering strategies, as well as consumer plan and healthcare utilization choices. Prior work has cap-
tured some of these features in isolation, but there is no unified framework that incorporates each
of these components.

In this paper, I develop a model of firm entry and product offering decisions in health insur-
ance markets. The framework captures how firms endogenously modify their participation strate-
gies in response to changes in policy, competitive conditions, and consumer demand. I estimate
the model using administrative data from the Medicare program, which include Medicare Advan-
tage encounter data that allow me to measure healthcare utilization in these private plans. I use
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the model to conduct counterfactual simulations to evaluate how different subsidy policies for the
Medicare Advantage market alter the entry and product offering strategies of insurers. I also assess
how these predictions compare to the predictions of models that hold market structure fixed.

There are three key findings. First, firms use market entry and product repositioning as strate-
gies for risk selection. MA plans avoid entering markets with higher cost patients. While compe-
tition can attenuate risk selection by creating incentives for insurers to lower premiums, MA firms
also strategically avoid entering markets with more competitors. Second, strategic entry and repo-
sitioning can meaningfully affect the welfare implications of government policy, including both
the sign and magnitude of predicted consumer surplus, profits, government spending, and net wel-
fare. Third, while subsidy policy can alter entry incentives, it also has direct implications for risk
selection between the private and public Medicare markets. A policy that directly incentivizes
low-income seniors—who tend to have greater health needs—paired with risk-adjusted subsidies
to insurers can deliver similar entry outcomes to current policies while lowering government costs
by 1% (approximately $125 per enrollee) and reversing the historical positive selection into MA.
These values were calculated for a single state but when projected out nationally imply savings of
$10 billion for the government.

Medicare Advantage is an attractive setting to study the supply side of insurance markets.
Private insurers administer and operate insurance plans that receive a subsidy to account for the
health status of each beneficiary they enroll. Plans that report costs below benchmarks for the
government’s costs of providing TM also receive additional payments to fund extra services or
better cost sharing benefits for their enrollees. In two descriptive analyses, I show how this subsidy
policy creates variation in plan choice set generosity and how this variation separately identifies
adverse selection and moral hazard. This feature enables me to design a rich model of the supply
side of this insurance market that captures how healthcare utilization driven by adverse selection
and moral hazard impacts firm decisions.

The model has two stages. In the first stage, firms choose which markets to enter and which
insurance products to offer. These choices are made to optimize expected net profits, taking into
account the actions of their rivals, subsidies from the government, expected consumer demand, the
healthcare utilization of their enrollees, and the fixed costs of entry. Demand and healthcare uti-
lization are then realized in the second stage of the model. Access to administrative data allows me
to capture rich levels of observable and unobservable heterogeneity in the estimation of consumer
preferences and healthcare utilization. These components of the model capture how consumer
selection across plans not only responds to, but also influences, the entry and product offering de-
cisions of firms in equilibrium. I estimate firm fixed costs using moment inequalities derived from
revealed preference assumptions to rationalize observed entry and product offerings. As a result,
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my model can characterize equilibria resulting from different subsidy policies.

Model estimates indicate consumers are price sensitive and value their expected utility from
healthcare consumption. Consistent with the incentives of private health plans to control costs, I find
thatMAplans have significant utilization costs to reduce the amount of healthcare their beneficiaries
consume relative to TM. These utilization costs are also effective at limiting the amount of moral
hazard utilization their enrollees consume. Individuals in this market display amodest risk aversion,
consistent with the high level of financial generosity of Medicare Advantage plans in terms of cost
sharing (i.e., coinsurance and out-of-pocket maximums). My estimate for the identified set of firm
fixed costs captures the costs of establishing a provider network, the efficiency of entering markets
with existing networks, and per-plan regulatory costs.

I then use the model to assess how firms strategically respond to two different subsidy policies
and contrast these predictions to models that abstract from these strategies. To preserve tractability,
I simulate outcomes for a single state (Massachusetts) and restrict firm strategies to enter groups of
counties and offer products at the network type-financial generosity level (i.e., HMO or PPO and
low or high generosity). The current policy in this market is to subsidize firms for each benefi-
ciary they enroll. I start by simulating a policy that shuts down supply subsidization and provides
an untargeted subsidy to consumers that enroll in Medicare Advantage. This policy leads to more
entry but it is weighted more heavily in lower cost markets, consistent with strategic risk selection.
Mechanically, the demand subsidy allows plans with low costs to effectively have a negative pre-
mium, which is not permissible under the supply subsidy, and leads to expansion in MA market as
relatively healthier TM beneficiaries switch into MA. A model without strategic entry predicts a
greater MA expansion because it imposes a market structure with more competition, which lowers
premiums. Strategic entry leads firms to avoid these competitive overlaps. The second policy has
two components: a reduction in supply side subsidy benchmarks and a means tested demand sub-
sidy. This targeted policy delivers similar entry and enrollment outcomes to the current policy. A
model without strategic entry misses how MA plans enter markets where more low-income benefi-
ciaries reside. This strategic response creates one example of the divergence in the sign of predicted
welfare effects by not modeling these strategies. Government spending under this policy falls by
close to $100 million (1%) on average, which is approximately $125 per enrollee. If this figure is
applied to total government Medicare spending it amounts to roughly $10 billion in government
cost savings. Finally, this policy reverses the historic positive selection into MA and makes the
program more cost effective than TM on a risk adjusted per-beneficiary basis.

This paper contributes to our understanding of promoting choice in health insurance mar-
kets by rigorously capturing the role of the supply side of the market. Prior work in this space
has weighed the value of offering choice based on an analysis of consumer demand. Prominent
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examples are Marone and Sabety (2022) and Ho and Lee (2022). Both extend the framework of
Einav et al. (2013), which allows consumers to adjust their health spending based on their insur-
ance coverage (i.e., moral hazard) to understand when consumer choice over insurance products
with different levels of coverage is desirable. Both find there are limited gains to offering choice
over different levels of financial coverage if a sufficient baseline level is offered.1 My contribution
extends these analyses by adding a demand model of comparable richness to a complete model of
health plan supply—one that not only captures decisions about entry but also product variety. These
features allow my framework to determine what entry and product offering decisions will arise en-
dogenously under different policy regimes, taking account of the demand response. As a result, I
can expand our understanding of the tradeoffs associated with incentivizing firm participation in
competitive insurance markets.

My analysis also extends prior work on endogenous participation in insurance markets. Kong
et al. (2022) and Geddes (2022) study how policies to mitigate adverse selection can induce greater
insurer entry into markets and allow enhanced competition to improve consumer welfare. Miller
et al. (2021) focus on how firms endogenously alter their plan characteristics in response to sub-
sidization policies, while holding participation fixed. My model builds on this work by capturing
bothmargins—firm participation and plan offering decisions are endogenous within my framework.
These features are necessary to fully quantify how counterfactual policies may alter firm decisions
and their impacts on consumers. For example, while a model that allows firms to endogenously
reposition their product offerings to changes in policy, they rule out equilibria where it is optimal
for the firm to exit the market altogether. This action may carry different implications for consumer
welfare than the change in product characteristics induced by the policy. A contribution of my
analysis is to simulate a model that captures both of these margins for supply to respond.

Mywork also contributes to the literature studying the equilibrium effects of adverse selection
and the design of health insurance markets. Examples include Einav et al. (2019), which develops
a framework to weigh the tradeoffs between demand subsidies and risk adjustment in a joint frame-
work. Tebaldi (2024) assesses the ability of targeted subsidies to alter selection patterns to improve
market outcomes for consumers, and Polyakova and Ryan (2021) document how imperfect com-
petition can distort the efficiency of targeted demand subsidies. Closely related to my analysis,
Curto et al. (2021) studies the current regulatory framework used in MA—sometimes referred to
as “managed competition”—as a model for insurance markets. I extend these analyses by studying
how managed competition in MA impacts firm participation and product offering decisions. As a
result, my model can answer whether managed competition generates sufficient entry or product

1Ho and Lee (2022) note that the gains from choice can improve if choice over financial and non-financial character-
istics are offered. Wagner (2022) explores the conditions under which it is optimal to offer plan menus with plans
differentiated in terms of their financial coverage and network types.
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offerings that are valuable to consumers and whether alternative regulatory schemes perform better
at achieving these outcomes.

Finally, this paper relates to prior studies of product repositioning and firm entry. A common
challenge for papers in these literatures is handling multiple equilibria. While Berry (1992) opted to
model an outcome common to all equilibria, recent work has looked to partial identification meth-
ods to estimate the set of parameters consistent with multiple model equilibria (e.g., Ciliberto and
Tamer, 2009; Eizenberg, 2014; Fan and Yang, 2020, 2022; Wollmann, 2018; and Ciliberto et al.,
2021). My own analysis relies on partial identification based on moment inequalities generated by
revealed preference to account for multiple equilibria in the spirit of Pakes et al. (2015). Method-
ologically, I combine models of entry and product repositioning by capturing how firms choose
to offer different types of products in different geographic markets. Moreover, my findings high-
light the importance of accounting for endogenous participation when performing counterfactual
analyses that alter firm entry incentives.

The paper proceeds as follows. In Section II, I present the empirical setting with a description
of the Medicare Advantage program and the data. Section III presents a descriptive analysis that
highlights how variation in government subsidy policies induces variation in plan entry and financial
generosity capable of separately identifying adverse selection and moral hazard. The model is
presented in Section IV. I then discuss estimation and identification in Section V followed by results
and model fit in Section VI. In Section VII, I simulate how alternative policies impact firm entry
and product offering decisions as well as their associated welfare benefits and costs. Section VIII
concludes.

II Empirical Setting

This section provides an overview of Medicare Advantage’s institutional background and the data I
use in my analysis. Each year, beneficiaries eligible for Medicare must choose between Traditional
Medicare and Medicare Advantage to receive healthcare coverage. Traditional Medicare, com-
posed of Medicare Part A and Part B, covers inpatient and outpatient services (e.g., hospital visits,
doctor appointments, lab tests, etc.). Since Traditional Medicare is provided by the government,
most healthcare providers accept it as payment under a fee-for-service system. Medicare Advan-
tage (originally called Medicare Part C) are health insurance plans administered by private firms
and subsidized by the government. The plans are required to cover the same services as Traditional
Medicare at a minimum, but typically include additional services not covered by Traditional Medi-
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care like vision, dental, and prescription drugs.2 Since Medicare Advantage is private insurance,
enrollees must navigate a network of acceptable providers. Traditional Medicare beneficiaries do
not have to navigate these restrictions. While both Traditional Medicare and Medicare Advantage
have out-of-pocket (OOP) costs for enrollees (e.g., premiums, deductibles, copays, etc.), they tend
to be lower for Medicare Advantage plans.3

II.A Medicare Advantage

Medicare Advantage dates back to the early 1980s. The goal of the program was to use private
firms to deliver Medicare services to tap into two potential benefits. The first benefit stems from
the expertise of private firms. Health insurance companies have developed strategies and mecha-
nisms that can reduce the amount of healthcare enrollees consume and increase the services offered
to consumers. The government is unable to accomplish these goals under Traditional Medicare
in its current form and could realize significant cost savings by relying on these private firms to
deliver Medicare benefits. The second benefit relates to competitive markets. Competition creates
incentives for these firms to further lower their costs, which generates additional savings for the
government. These forces also lower premiums, which allow consumers to more readily access
products with additional services.

The initial design of the program was unable to deliver these benefits. The primary issue
stemmed from selective firm participation. Historically, the Centers for Medicare and Medicaid
Services (CMS) set payment rates for MA plans. Insurers tended to participate in years when CMS
offered higher payments or in specific geographies where the payments were greater or had healthier
patients (“cream-skimming”). These behaviors hampered the ability of Medicare Advantage to
deliver its potential benefits to the government. These circumstances motivated a series of reforms
to the program that created the regulatory structure currently in place.

To address concerns about firm participation, Congress authorized a new system for deter-
mining subsidies paid to Medicare Advantage plans.4 The system is organized around benchmarks
that reflect the government’s costs of providing TM benefits to a typical beneficiary. CMS sets
these rates annually at the county-level and they are observed by insurers. CMS considers each
county a distinct market and limits enrollees to choose among plans offered in their county of resi-
dence. Insurers submit estimates for their costs of providing Medicare coverage to that population

2Traditional Medicare enrollees may supplement their coverage with a Medicare Part D plan, which covers the costs of
prescription drugs.

3Traditional Medicare enrollees may purchase Medigap policies to cover some of these costs.
4While CMS uses the term “bidding system” and “bid” when discussing this process, they do not resemble auctions
and I avoid using these terms when possible to prevent confusion.
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for each plan they offer.5 Let 𝑏 𝑗 and 𝐵 𝑗 denote the requested subsidy and government cost bench-
mark for plan 𝑗 , respectively. The government will pay plan 𝑗 min{𝑏 𝑗 , 𝐵 𝑗 } for each individual the
plan enrolls. If 𝑏 𝑗 < 𝐵 𝑗 , the plan also receives a “rebate” payment the plan must use to fund addi-
tional benefits. Alternately if 𝑏 𝑗 > 𝐵 𝑗 , then the difference between the subsidy and the benchmark
is passed along to consumers as part of the plan’s premium. Medicare Advantage plans can also
charge premiums if they offer additional benefits relative to TM.

Risk adjustments were also introduced by Congress to address concerns about Medicare Ad-
vantage targeting healthier populations. The purpose of risk adjustment is to scale the subsidies
paid to plans based on the health of each enrolled beneficiary. These transfers to plans are adjusted
linearly based on a beneficiary’s risk score which is calculated by CMS (i.e., the subsidy for a ben-
eficiary with a risk score 1.1 is 10% larger). Given this adjustment structure, enrollment in MA
plans is typically weighted by beneficiary risk scores. The base risk score is the output of a CMS
model that takes beneficiary demographics (i.e., age, gender, Medicare eligibility, and Medicaid
status) and specific types of diagnoses from the prior year.6 The base scores are then normalized
by a factor based on TM costs such that the typical TM beneficiary has a risk score equal to one.
Finally, risk scores for MA beneficiaries are scaled down to account for more intense coding of
diagnoses for MA beneficiaries.7

II.B Data

My analysis uses information from 2016–2018 and primarily relies on three types of administrative
data from the Medicare program. First, for every beneficiary eligible for Medicare, I observe their
demographic information and choice of MA plan or TM. The second are medical claims for benefi-
ciaries that enroll in TM. For a 20% random sample of TM beneficiaries each year, I observe their
inpatient, outpatient, and physician claims. I also have access to inpatient discharge records for
100% of the Medicare population. The third are records of encounters between MA beneficiaries
and medical providers, which CMS recently made available for research. These files contain infor-
mation similar to medical claims except for service payments. The MA encounter data cover 100%
of inpatient and outpatient records and physician encounters for a cohort of over 12 million bene-
ficiaries, which covers roughly 52% of MA beneficiaries in my analysis sample. These data allow

5Insurers generally submit a single bid for each offered plan. Insurers are allowed to breakup a plan’s footprint into
multiple segments and submit separate bids for each segment. In practice the use of multiple segments is rare and I
abstract from them in this paper.

6The diagnoses that are included in the risk score calculation come from inpatient and outpatient hospital stays, physi-
cians, and clinically trained non-physicians (e.g., psychologist, podiatrist, etc.). New beneficiaries that do not have
recorded diagnoses from the prior year use a different CMS model to calculate their base risk score.

7This pattern is referred to as “upcoding” and is pervasive among MA plan, costing the government more than $650
per-enrollee each year and is too large to be offset by the current adjustments used by CMS (Geruso and Layton, 2020).
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me to construct choice probabilities, risk scores, and county-level demographics for the Medicare
population.

I supplement the administrative data with four additional sources. The first are characteristics
for every MA plan offered including the plan’s premium, network type, and financial generosity
as measured by expected out-of-pocket costs. The second are worksheets that firms complete to
receive their subsidies from the government. In particular, these files contain the specific subsidy
amount the firm requested for the plan, how the plan’s premium is broken down between the base
and supplemental premium, how much supplemental revenue is required to fund extra benefits,
and the allocation of rebate payments to cover these benefits. This paper appears among the first
in economics to leverage both the MA encounter data alongside plan-level subsidies, which are
both essential for my analysis of Medicare Advantage. Third, from DRG InterStudy I observe
whether a firm offers other insurance products (i.e., commercial group, commercial individual,
Medicaid managed care, etc.) at the county-level. Finally, I obtain information on provider supply
and market characteristics from the Health Resources Services Administration, American Hospital
Association, and Census Bureau. Appendix A provides a detailed summary of every data set and
its use within this paper.

I restrict my analysis to beneficiaries eligible for Medicare due to age (i.e., non-disabled and
non-ESRD) and are enrolled in TM or a MA HMO or Local PPO plan.8 I also exclude employer
sponsored, special needs plans, and Part B only plans. I drop a small number of individuals because
they are missing information necessary to calculate risk scores or are enrolled in a MA plan with
missing characteristic information. See Appendix A and Appendix Table D.1 for a detailed discus-
sion of the sample criteria. After using the 2016 data to construct risk scores, my full sample for
2017–2018 contains 73,396,892 beneficiary-year observations and 39,901,279 unique beneficia-
ries. The utilization sample contains 13,599,484 beneficiary-years (7,544,773 beneficiaries). The
full sample contains 3,624 plan-year observations for 2,207 unique MA plans.

Table 1 contains summary statistics for the Medicare Advantage markets in my sample. Ben-
eficiaries typically face a monthly premium of $17 for MA plans, nearly all of which is used to fund
supplemental benefits. MA plans are heavily subsidized by the government—the typical subsidy
and rebate payments are approximately $742 and $87 per-beneficiary-per-month, respectively—
consistent with the benchmarks CMS sets for each market. CMS estimates that the average MA
beneficiary will have $132 per-month ($1,584 annually) in out-of-pocket costs. The average market
has seven plans offered by three firms. The majority of these plans are HMOs, which tend to have
lower costs, narrower networks, and more cost controls relative to Local PPOs. Roughly six of the

8“ESRD” refers to end-stage renal disease. Citizens in the United States diagnosed with ESRD are eligible forMedicare
benefits regardless of their age. HMO stands for healthmaintenance organization and PPO stands for preferred provider
organization.
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plans in a market are considered “high generosity” based on monthly out-of-pocket cost estimates.
Despite having several plans, most markets are highly concentrated, which suggests plans may have
power in these markets.

Table 1: Market level summary statistics, 2017–2018

Mean SD P10 P90

Monetary characteristics
Premium 16.7 18.4 0.5 43.2
Supplemental premium 15.8 17.2 0.5 40.6
Base premium 0.9 2.7 0.0 2.3
Subsidy 742.4 47.5 688.5 798.2
Rebate 86.9 44.0 42.4 154.2
Benchmark 861.5 45.8 806.9 912.5
Average MA OOPC 132.2 22.8 101.8 155.0

Plan menus
Firms 6.4 3.2 3.0 10.0
Plans 14.4 9.1 4.0 27.0
High generosity plans 6.0 6.5 0.0 15.0
HMOs 10.0 8.2 1.0 21.0
Market size 106,763.5 168,766.8 6,032.0 238,268.0
Plan enrollment 7,113.9 12,538.9 202.2 23,143.8

Market
MA penetration 25.5 15.9 5.2 46.8
Market share 6.3 4.8 1.6 11.6
Market share | MA 15.4 19.3 3.8 33.3
HHI 334.6 362.8 15.8 842.6
HHI | MA 4,577.4 2,241.5 2,322.9 8,407.4

Notes: This table contain market-level summary statistics for the 4,241 MA markets in the analysis sample.
Markets are defined as county-year pairs. Plan characteristics are weighted by within market enrollment. “Av-
erage OOPC” measures the average expected monthly out-of-pocket costs in a Medicare Advantage plan across
health states. The “high generosity plans” earn this designation based on this cost measure.

III Descriptive Analysis

This section uses reduced form methods to highlight data variation in my setting that is critical for
identifying my model of health insurance supply and demand. First, I demonstrate how govern-
ment policies influence the number of MA plans in a local market and their characteristics. These
policies act as a plausibly exogenous source of variation that induces plans to offer different lev-
els of financial generosity. As a result, changes in these policies create variations in the average
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generosity of the plan choice sets facing consumers. I then demonstrate how this variation in plan
choice set generosity allows me to separately identify healthcare utilization driven by private health
information from moral hazard—an essential feature to identify the model of healthcare utilization
and demand.

III.A How policy influences plan entry and characteristics

I demonstrate how firms respond to changes in their payments following the implementation of the
Affordable Care Act (ACA). As discussed in Section II, firms offering Medicare Advantage plans
receive two payments from the government. The first is a subsidy for every beneficiary they enroll
and the second is a rebate that is paid to plans that request subsidies below the government’s TM
cost benchmarks. Rebates must be used to provide more generous benefits to enrollees.

In an effort to control costs, the ACA took steps to reduce payments to Medicare Advantage
plans. This law transitioned county cost benchmarks to a new system that aligned themmore closely
with Traditional Medicare costs. Plans face a weighted average of the county-specific benchmarks
where they entered when choosing their subsidies. This structure allows consumer sorting and
healthcare utilization from other geographies to influence the products that are available in local
markets. Thus, variation in these county-level benchmarks across markets can act as a source of
plausibly exogenous variation in plan subsidy and rebate payments, which affects entry incentives
and the characteristics of the insurance products presented to consumers.

To test whether this is a valid source of policy variation, I empirically assess whether cross-
market variation in CMS benchmarks predicts entry and the generosity of insurance plans in a
market. For each plan 𝑗 in county 𝑚 in year 𝑡, I construct the plan’s leave-one-out benchmark 𝐵 𝑗 𝑡\𝑚
as:

𝐵 𝑗 𝑡\𝑚 =
∑

𝑘∈𝐴 𝑗𝑡\𝑚
𝑤 𝑗 𝑘𝑡𝐵𝑚𝑡 (1)

where 𝐴 𝑗 𝑡 denotes the set of counties where plan 𝑗 entered in year 𝑡 and 𝑤 𝑗 𝑘𝑡 are weights based on
the number of people plan 𝑗 enrolled in market 𝑘 such that

∑
𝑘∈𝐴 𝑗𝑡\𝑚 𝑤 𝑗 𝑘𝑡 = 1. The notation 𝐴 𝑗 𝑡 \𝑚

denotes the set of counties plan excluding market 𝑚.

After constructing the leave-one-out benchmarks for each plan, I aggregate benchmarks, en-
trants, and plan characteristics—weighting by plan enrollment—to the market level. Then I run
regressions of the following form:

𝑌𝑚𝑡 = 𝛽0 + 𝛽1𝐵𝑡\𝑚 + 𝛽𝑚 + 𝛽𝑡 + 𝜖𝑚𝑡 (2)

where 𝑌𝑚𝑡 is the market-level outcome (i.e., total entrants or average plan characteristic), 𝐵𝑡\𝑚 is
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the market average leave-one-out benchmark for the plans active in market 𝑚 in year 𝑡, and 𝛽𝑚 and
𝛽𝑡 are county and year fixed effects respectively. The sample for these regressions is counties with
Medicare Advantage plans in 2017–2018. This time period includes the first year when all counties
completed their transition to the ACA payment system. Similar results are obtained when using
publicly available Medicare Advantage enrollment data that include additional years.

Table 2 reports the estimated effects of cross-market benchmark variation on firm participa-
tion and the financial generosity ofMedicare Advantage plans in amarket. Participation ismeasured
by the number of firms or plans in a county. My estimates indicate that the leave-one-out benchmark
does not predict the number of firms active in a market, but does have a positive and significant
relationship with the number of plans in the market. In other words, higher benchmarks are asso-
ciated with more plan entry. One way to interpret this pattern is that benchmarks can influence the
intensive participation margin yet firms are likely to enter these markets even when benchmarks are
low. This interpretation is arguably consistent with the fact that most firms offering MA plans are
active in other insurance segments and have already paid the sunk costs of entry.

Table 2: Benchmarks impact plan entry and choice set generosity, 2017–2018

(1) (2) (3) (4) (5)
Firms Plans Supplemental

Permium
Rebate Rebate Allocation

Cost Sharing
Avg Benchmark (LOO) -0.0001 0.0057∗∗∗ -0.0677∗∗∗ 0.0523∗∗ 0.0618∗∗∗

(0.0006) (0.0020) (0.0153) (0.0203) (0.0214)

County FEs ✓ ✓ ✓ ✓ ✓

Year FEs ✓ ✓ ✓ ✓ ✓
Mean of Dep. Var. 2.85 5.91 15.37 59.54 30.56
𝑅2 0.96 0.98 0.92 0.93 0.92
Obs 3,958 3,958 3,958 3,958 3,958

Notes: ∗ ∗ ∗𝑝 < 0.01; ∗ ∗ 𝑝 < 0.05; ∗𝑝 < 0.1. Standard errors clustered at the market-level. This table presents
OLS estimates of average plan benchmarks regressed on market-level generosity measures. Each observation
is a county-year, with monetary values in 2008 dollars. Plan benchmarks are computed as enrollment-weighted
averages across markets, excluding the focal market (leave-one-out (LOO)). These are then aggregated at the
market level as “Avg Benchmark (LOO).” Outcomes are market-level enrollment-weighted averages.

I considered three measures of the financial generosity of Medicare Advantage plans: sup-
plemental premiums which plans only charge if they provide additional benefits relative to TM,
rebate payments used to fund additional benefits, and the rebate dollars specifically allocated to-
ward improved cost sharing. Each of these variables are directly observable in CMS data. For
each outcome, the estimated coefficient on the leave-one-out benchmark is significant and has an
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interpretation consistent with more generous insurance. Higher average benchmarks predict MA
plans receive larger rebate payments and allocate these dollars toward providing more generous
cost sharing. Higher average benchmarks also predict significantly lower supplemental premiums.
This pattern is consistent with plans earning higher rebates, which can offset the costs plans would
otherwise charge consumers for offering additional benefits.

Taken together, this analysis highlights how variation in CMS benchmarks can induce plau-
sibly exogenous variation in firm participation and the generosity of the health insurance choice
sets presented to consumers in their local market. As the cost benchmarks change each year, firms
update their plan offerings, subsidy requests, and collect rebate payments. These rebates are rein-
vested by the plans to provide additional benefits relative to TM.9

III.B Elasticity of healthcare consumption

The previous section illustrated how government policy creates plausibly exogenous variation in the
number of plans available to consumers and their financial generosity across markets. This section
demonstrates how this variation in choice set generosity can identify the elasticity of healthcare
consumption (i.e., moral hazard) based on a similar approach used by Marone and Sabety (2022).
The ability to identify and quantify this elasticity is important for motivating the structure of the
equilibrium model of health plan demand that can account for selection on health information as
well as moral hazard. Both components are necessary to fully capture the policy environment where
firms leverage their expertise to control these costs when offering more generous insurance products
relative to the public option.

To get a sense for the incidence of selection inMedicare, Figure 1 plots average annual health-
care utilization along two margins. The left panel compares utilization among TM and MA bene-
ficiaries unconditionally and conditional on the six most common groupings of observable charac-
teristics.10 TM beneficiaries tend to utilize more healthcare than MA beneficiaries unconditionally
and conditional on observable characteristics. This pattern could be explained by either unobserved
health differences (selection) or steps MA plans take to manage the amount of healthcare their en-
rollees consume (impacting moral hazard). The right panel compares utilization among MA ben-
eficiaries across plans with different levels of financial generosity. Utilization tends to be greater
in MA plans with a high level of financial generosity unconditionally and conditional on observed
characteristics. Greater health needs or moral hazard could rationalize the higher utilization in more

9In unreported results available upon request, I provide further evidence of how firms respond to changes in benchmarks
with event studies documenting their responses to the ACA reforms.

10These groupings summarize a beneficiary’s risk score, age, gender, income, and their county’s Medicare mortality
and Medicaid eligibility rates.
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financially generous MA plans. These patterns highlight the two key empirical challenges for quan-
tifying the elasticity of healthcare consumption—endogenous sorting into plans and endogenous
plan generosity.

Figure 1: Average Healthcare Utilization, 2017–2018
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(b) High vs. Low Generosity MA Plans
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Notes: This figure compares the average annual healthcare utilization of Medicare beneficiaries. The averages are pre-
sented unconditionally and for the six most common groupings observable heterogeneity. Observable categories sum-
marize a beneficiary’s risk score, age, gender, income, and their county’s Medicare mortality and Medicaid eligibility
rates. These groupings are constructed by converting risk scores into quantiles and defining all possible combinations
of these characteristics.

To address selection into plans, I estimate a nested logit model of consumer demand forMedi-
care Advantage plans. All MA plans belong to a common nest 𝑔 = 1 while Traditional Medicare
is captured as the outside option 𝑔 = 0 with a utility normalized to zero. The utility individual 𝑖
receives from MA plan 𝑗 in county 𝑚 in year 𝑡 is denoted as:

𝑢𝑖 𝑗𝑚𝑡 = 𝛿 𝑗𝑚𝑡 + 𝜉 𝑗𝑚𝑡 + 𝑝 𝑗𝑚𝑡𝛼1 + SR 𝑗𝑚𝑡𝛼2 + 𝜁𝑖𝑔 + (1 − 𝜎)𝜖𝑖 𝑗𝑚𝑡 (3)

where 𝛿 captures measures of the plan’s quality rating, provider network, and time trends, 𝜉 are
unobserved plan characteristics, 𝑝 is the plan premium, SR is the dollar value of extra benefits the
plan provides relative to TM, and 𝜁𝑖𝑔 + (1−𝜎)𝜖𝑖 𝑗𝑚𝑡 are individual-level unobservable determinants
of demand that are assumed to follow a Type I extreme-value distribution. Estimation follows Berry
(1994), where I use the policy and demographic instruments to address the endogeneity of premiums
and supplemental revenue with respect to the unobserved demand shifters 𝜉. These instruments are
discussed in more detail in Section V.C. Parameter estimates are presented in Appendix Table D.2.

Given valid instruments, this model produces choice probabilities that are unbiased estimates
for the probability that a typical individual will enroll in a Medicare Advantage plan or Traditional
Medicare as a function of plan characteristics (i.e., price, provider network, and additional services).
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I rely on these predicted probabilities in two ways. First, I use them to construct the probability an
individual enrolls in Medicare Advantage contract 𝑘 in their market. Second, I use them to generate
a measure of the financial generosity of the plans in a market. Formally:

𝑍𝑘𝑚𝑡 =
∑
𝑗∈J𝑘𝑚𝑡

𝑠 𝑗𝑚𝑡

E[𝑂𝑂𝑃𝑚𝑡] =
∑
𝑗∈J𝑚𝑡

𝑠 𝑗𝑚𝑡 · 𝑂𝑂𝑃 𝑗𝑚𝑡
(4)

where J𝑘𝑚𝑡 is the set of plans included in contract 𝑘 in market 𝑚𝑡, 𝑠 𝑗𝑚𝑡 is the model implied prob-
ability plan 𝑗 is chosen in market 𝑚𝑡 and 𝑂𝑂𝑃 𝑗𝑚𝑡 are CMS produced estimates for the average
out-of-pocket costs for plan 𝑗 (i.e., Medicare Advantage or Traditional Medicare).

To empirically quantify the elasticity of healthcare consumption, I estimate the following
model:

log(1 +𝑄𝑖𝑡) = 𝛽1 log(1 + E[𝑂𝑂𝑃𝑚𝑡]) + 𝛽2X𝑖 𝑗𝑚𝑡 + 𝛽𝑘 ( 𝑗) + 𝜐𝑖𝑡 (5)

where 𝑄𝑖𝑡 measures the healthcare utilization of beneficiary 𝑖 during year 𝑡 and X𝑖 𝑗𝑚𝑡 denotes a
vector of individual-, market-, and plan-level characteristics. To capture measures Medicare Ad-
vantage plans put in place to impact healthcare utilization, I include contract fixed effects denoted
by 𝛽𝑘 ( 𝑗) . Unobservable individual characteristics influencing healthcare utilization are captured
by 𝜐𝑖𝑡 . The coefficient of interest in this model is 𝛽1, which represents the elasticity of healthcare
utilization with respect to its expected out-of-pocket costs.

I estimate equation (5) using two-stage least squares. The two endogenous parameters are
the contract fixed effects 𝛽𝑘 ( 𝑗) and the market-level plan generosity measure E[𝑂𝑂𝑃𝑚𝑡]. I use the
probabilities an individual enrolls in Medicare Advantage contract 𝑘 𝑍𝑘𝑚𝑡 constructed from the
nested logit model as instruments for the contract fixed effects 𝛽𝑘 ( 𝑗) . For the market-level plan
generosity measure, I use the leave-one-out plan benchmarks 𝐵 𝑗 𝑡\𝑚. The validity of this design
requires individual-level unobserved determinants of healthcare consumption to be conditionally
independent of plan menu generosity and the probability of enrolling in contract 𝑘 .

My estimation sample is a subset of the full utilization sample for 2017–2018. Specifically,
it is restricted to individuals that were not enrolled in TM or MA in the prior year and as a result
had to make an active plan choice. Table 3 reports the estimates for the elasticity of healthcare
consumption. The first column reports the OLS estimate of -0.45. When instrumenting for sorting
into contracts and plan menu generosity at the market-level this falls to -0.37. These estimates
suggest most of the observed relationship between healthcare utilization and choice set generosity
is attributable to moral hazard. The estimated elasticity of -0.37 is greater than the benchmark of
-0.2 from the RAND health insurance experiment (Manning et al., 1987). These differences may be
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attributable to the RAND elasticity being with respect to a plan’s actuarial value while the elasticity
I estimate is with respected to monthly expected out-of-pocket costs. Column 3 uses an alternative
measure for generosity at the contract-level within a market which produces an estimated elasticity
of -0.18 that is marginally significant.11

Table 3: Elasticity of healthcare consumption estimates, 2017–2018

(1) (2) (3)
OLS IV IV

log(1 + E[𝑂𝑂𝑃𝑚𝑡]) -0.45∗∗∗ -0.37∗∗
(0.16) (0.18)

log(1 + E[𝑂𝑂𝑃𝑘𝑚𝑡]) -0.18∗
(0.10)

Year FE ✓ ✓ ✓

Contract FE ✓ ✓ ✓

Individual Controls ✓ ✓ ✓

Market Controls ✓ ✓ ✓

Plan Controls ✓ ✓ ✓
Observations 1,095,683 1,095,683 1,095,683
𝑅2 0.146 0.080 .

Notes: ∗ ∗ ∗𝑝 < 0.01; ∗ ∗ 𝑝 < 0.05; ∗𝑝 < 0.1. Standard errors clustered at the market-level. This table presents
OLS and IV estimates of healthcare consumption elasticity, measured in standardized dollar units from Jung
et al. (2022). The sample includes individuals who were not enrolled in TM or MA the previous year. The
key coefficients capture plan choice set generosity at the market or market-contract level. Controls include
individual factors (age, risk score quantile, gender, and low-income status), market characteristics (rurality,
college-educated share, Medicare mortality rate, and Medicaid eligibility rate), and plan attributes (star ratings
and plan type: HMO, Local PPO, or TM).

This analysis highlights how the policy variation in the Medicare program generates choice
set variation that can identify the elasticity of healthcare consumption. This margin is an impor-
tant feature for the structural model of this market to capture as it influences consumer enrollment
decisions as well as firm entry and product offering choices. A benefit of the structural model I
developed is the ability to capture the feedback between these channels and their impact on market
equilibria.

11Formally this measure of generosity is defined as E[𝑂𝑂𝑃𝑘𝑚𝑡 =
𝑠 𝑗𝑚𝑡∑

ℓ∈J𝑘𝑚𝑡
𝑠ℓ𝑚𝑡

· 𝑂𝑂𝑃 𝑗𝑚𝑡 ].
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IV Empirical Model

IV.A Overview

This section provides an overview of the model. It begins with a description of individuals and their
role within the model, followed by a similar treatment for firms and the government. The summary
concludes with a discussion of timing and equilibrium.

Individuals. The model captures the decision of a senior eligible for Medicare, denoted by 𝑖,
about their health insurance coverage for year 𝑡. These individuals are characterized by groupings
of observed demographic characteristics (i.e., combinations of age, gender, low-income status, pre-
existing health diagnostics, etc.) that are indexed by 𝑐, risk aversion 𝜓, and a propensity to consume
additional healthcare when its price falls 𝜔. These characteristics are the private information of in-
dividuals and not observed by firms, which may create a selection problem from the health insurer’s
perspective.

Individuals face a series of choices in the model. First, the senior must decide whether to
enroll in a Medicare Advantage plan or Traditional Medicare. At the time of this choice, they do not
know the realization of their health state for the year ℎ𝑖𝑡 . As a result, individuals form expectations
about their health state and healthcare consumption. This expected healthcare utilization along
with risk aversion and preferences for other plan characteristics factor into an individual’s health
insurance coverage choice.

After choosing a health plan, individuals realize their health state and must decide how much
healthcare to consume. An individual chooses the optimal amount of healthcare to consume𝑄∗

𝑖 𝑗 𝑡 by
weighing the benefits of utilizing healthcare and their associated costs. These costs include admin-
istrative measures firms implement to limit healthcare consumption 𝜙𝑖 𝑗 𝑡 and the out-of-pocket costs
paid by an individual given their chosen plan’s cost structure 𝑂𝑂𝑃𝑖 𝑗 𝑡 (𝑄∗

𝑖 𝑗 𝑡). More financially gen-
erous health plans have lower out-of-pocket costs, which may induce some individuals to consume
extra healthcare—sometimes referred to as “moral hazard.”

Firms. Themodel also captures the decisions of firms that may participate inMedicare Advantage
markets. The set of potential entrants are firms that are endowed with CMS contracts to offer
Medicare Advantage plans within a specified service area 𝐴—typically a state. These firms possess
expertise and employ practices that allows them to offer health insurance benefits more efficiently
(i.e., managed care), which is among the reasons why the government wants to tap into this private
market to deliver these benefits. The model captures these efficiencies with the utilization cost
parameter 𝜙𝑖 𝑗 𝑡 that appears when individuals choose how much healthcare to consume.
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In the model, firms decide what counties within a service area to enter and which products
to offer. In this setting, products are health insurance plans—indexed by 𝑗—which have two key
dimensions. The network type (i.e., HMO or Local PPO) is the first dimension. The type of network
influences the form and strength of the utilization costs plans can use to control the amount of
healthcare their enrollees consume. HMO plans are generally more restrictive than PPO plans. The
second dimension is whether the plan has a high or low level of financial generosity. This decision
impacts the amount of out-of-pocket costs enrollees pay for consuming healthcare. Both of these
characteristics impact the amount of healthcare individuals expect to consume, which enters their
health plan decision. After making these choices, firms set premiums for their plans based on the
subsidies they request from the government.

Firm participation decisions are made on the basis of expected net profits, which are the dif-
ference between expected variable profits and fixed costs. Firms form expectations of what their
variable profits will be given their own market entry and product offering decisions as well as those
of their rivals. Variable profits will depend on who enrolls in each plan and how much healthcare
those individuals consume. Fixed costs are a function of the products and markets the firm chooses
to enter. These fixed costs represent the costs associated with provider networks, regulatory com-
pliance, and market research. The optimal participation decision for a firm maximizes expected net
profits given the participation decisions of rival firms.

Government. The model captures the government’s role in setting policies that impact the func-
tioning of this market. The first is TraditionalMedicare’s cost sharing, which determines the amount
TM beneficiaries pay out-of-pocket for their healthcare consumption. The second is the subsidy
scheme used to pay to Medicare Advantage plans. Under the current system the government sets
county level cost benchmarks 𝐵𝑚𝑡 each year that reflects the historic costs the government has paid
to provide TM benefits to individuals in county 𝑚. Firms observe these benchmarks and submit
subsidy requests that reflect their costs for providing TM benefits to this population 𝑏 𝑗 𝑡 . These
requests are evaluated against cost benchmarks to determine whether the plan receives a rebate
payment to fund additional benefits or if any costs are passed along to consumers as part of the
plan’s premium 𝑝 𝑗 𝑡 .

Equilibrium. This model captures the strategic interaction between firms—indexed by 𝑛—that
decide to enter Medicare Advantage markets. The model is set up as a two stage game and is sum-
marized in Figure 2. During Stage 1, firms observe their fixed costs and the distribution of shocks
they will face in Stage 2. Given this information and the cost benchmarks 𝐵𝑚𝑡 , firms simultaneously
decide which plans to offer in each market within a service area. In Stage 2, firms choose their sub-
sidies which determines the premiums for their plans. A firm’s strategy is a bundle of (J𝑛𝑡 , b𝑛𝑡),
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where J𝑛𝐴 =
⋃
𝑚∈𝐴 J𝑛𝑚𝑡 is the set of plan offerings (i.e., network type and generosity level) the firm

chooses in Stage 1 to offer in each market within service area 𝐴 and b𝑛𝑡 is the vector of subsidies
the firm chooses in Stage 2 for each plan. The set of markets where firm 𝑛 offers products is defined
as 𝐴𝑛𝑡 = {𝑚 | 𝑚 ∈ 𝐴 where J𝑛𝑚𝑡 ≠ ∅}.

Figure 2: Model summary
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Notes: This figure summarizes the timing and decisions made in the model. Firm decisions are below the central line
and correspond to the supply side of the model. Beneficiary decisions are above the central line and correspond to the
demand side of the model.

The model has a subgame perfect equilibrium (SPE).12 For a given set of Stage 1 strategies
J𝑡 , the firm subsidy choices b𝑡 constitute a Nash equilibrium. When choosing these strategies,
firms internalize how consumers will sort across plans offered to them and how they will consume
healthcare given those plan choices. Formally, firms make their participation and subsidy decisions
for service area 𝐴 to maximize net profits:

max
(J𝑛𝑡 ,b𝑛𝑡 )

Π𝑛𝑡 (J𝑛𝑡 ,J−𝑛𝑡 , b𝑛𝑡 , b−𝑛𝑡) − 𝐹𝑛𝑡 (J𝑛𝑡) (6)

whereΠ and 𝐹 are firm 𝑛’s variable profits and fixed costs respectively and−𝑛 denotes the strategies
of firm 𝑛’s rivals. A strategy (J ∗

𝑛𝑡 , b∗
𝑛𝑡) is a SPE if it maximizes firm 𝑛’s net profits given the

strategies played by rivals (J ∗
−𝑛𝑡 , b∗

−𝑛𝑡)

The model may have multiple equilibria. This multiplicity arises from different realizations
of unobservable fixed costs for firms that can alter the set of markets the firm enters or products that
are offered in those markets. Thus multiple SPE are possible where firms may optimally choose

12I assume the existence of the subgame perfect equilibrium for this model. Proving the existence of the equilibrium is
beyond the scope of this paper.
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different J ∗
𝑡 ’s that result in a unique Nash equilibrium for the subsidy choices b∗

𝑡 . The following
sections present the details of the model and its components. Consistent with solving for SPEs these
components are presented in reverse order.

IV.B Demand

Healthcare utilization. This component of the model captures how an individual chooses how
much healthcare to consume given their health insurance plan and realization of their health state ℎ𝑖𝑡 .
The optimal amount of healthcare for an individual to utilize 𝑄∗

𝑖 𝑗 𝑡 maximizes their utility given its
associated costs, which depend on the type of plan the individual chose.13 Formally, an individual
chooses 𝑄∗

𝑖 𝑗 𝑡 to solve:

max
𝑄𝑖 𝑗𝑡

𝑢(𝑄𝑖 𝑗 𝑡 ; ℎ𝑖𝑡 , 𝜔𝑖, 𝑗) = 𝑣(𝑄𝑖 𝑗 𝑡 , ℎ𝑖𝑡 , 𝜔𝑖) − 𝜙𝑖 𝑗 𝑡1[𝑄𝑖 𝑗 𝑡 > 0] −𝑂𝑂𝑃𝑖 𝑗 𝑡 (𝑄𝑖 𝑗 𝑡) (7)

where

𝑣(𝑄𝑖 𝑗 𝑡 , ℎ𝑖𝑡 , 𝜔𝑖) = 𝑄𝑖 𝑗 𝑡 − ℎ𝑖𝑡 −
1

2𝜔𝑖ℎ𝑖𝑡
(𝑄𝑖 𝑗 𝑡 − ℎ𝑖𝑡)2 (8)

𝜙𝑖 𝑗 𝑡 = exp(X𝜙
𝑖 𝑗𝑡𝛽𝛽𝛽

𝜙) (9)

Following Einav et al. (2013) the value of healthcare utilization in Equation (8) is quadratic
in the difference between the individual’s healthcare utilization and health state. Intuitively, an
individual aims to align their healthcare consumption with the need implied by their health state.
The parameter 𝜔𝑖 captures how responsive an individual’s healthcare utilization decision is to its
costs and is typically interpreted as the their elasticity of demand for healthcare or moral hazard.
Like Ho and Lee (2022), the moral hazard parameter is interacted with an individual’s health state,
which implies that the effect of moral hazard is increasing in an individual’s health need. Individu-
als face two costs associated with healthcare utilization. The first is a “utilization cost” captured by
𝜙𝑖 𝑗𝑚𝑡 , which was first introduced by Ho and Lee (2022). This term captures the barriers individuals
navigate to access care (e.g., provider networks, referrals, prior authorization, etc.). As shown in
Equation (9), this cost varies with the network type of the plan an individual has chosen (i.e., TM,
MA-HMO, or MA-PPO). The second cost of utilization is out-of-pocket costs, which are repre-
sented by𝑂𝑂𝑃𝑖 𝑗 𝑡 (·) and varies by plan type (i.e., network type and generosity level). Details about
these cost structures and the solution to the utilization problem are in Appendix B.

13Healthcare utilization is composed of inpatient, outpatient, physician, and hospice services. I do not model choices
for prescription drug coverage and do not include it in my measure healthcare utilization.
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Health state distribution. The health state of individuals follows a log normal distribution 𝐹𝑖𝑡 (ℎ):

log ℎ𝑖𝑡 ∼ N(𝜇𝑖𝑡 , 𝜎2
ℎ,𝑖𝑡) (10)

As noted in the literature, this distribution assumption captures the right skew in healthcare utiliza-
tion. Variation in the parameters 𝜇𝑖𝑡 and 𝜎ℎ,𝑖𝑡 generates selection based on health need in the model
by altering the amount of healthcare an individual chooses to consume. This selection is allowed
to arise from both observable and unobservable characteristics.

The mean of an individual’s health 𝜇𝑖𝑡 and moral hazard 𝜔𝑖 are jointly normally distributed
as follows: [

𝜇𝑖𝑡

log𝜔𝑖

]
∼ N

([
X𝜇
𝑖𝑡𝛽𝛽𝛽

𝜇

X𝜔
𝑖 𝛽𝛽𝛽

𝜔

]
,

[
𝜎2
𝜇

𝜎𝜇,𝜔 𝜎2
𝜔

])
(11)

where the means are a function of observable characteristics X𝜇
𝑖𝑡 for the health state mean and a

constant for the moral hazard mean X𝜔
𝑖 . Unobserved heterogeneity in 𝜇𝑖𝑡 and log𝜔𝑖 arise from the

distribution’s variance and covariance parameters. The variance of the health state distribution 𝜎ℎ,𝑖𝑡
is modeled as a projection onto observable characteristics X𝜎

𝑖𝑡 :

𝜎ℎ,𝑖𝑡 = X𝜎
𝑖𝑡 𝛽𝛽𝛽

𝜎 (12)

At the time of their plan choices, individuals know the parameters of their health state dis-
tribution 𝜇𝑖𝑡 and 𝜎ℎ,𝑖𝑡 as well as their elasticity of healthcare consumption 𝜔𝑖. This information
influences their plan choice, which is how selection on both health and moral hazard arises within
the model. Let 𝜃1 summarize the parameters of the health state distribution and utilization costs
to estimate. This vector includes the mean shifters {𝛽𝛽𝛽𝜇, 𝛽𝛽𝛽𝜔, 𝛽𝛽𝛽𝜎, 𝛽𝛽𝛽𝜙} and the variance-covariance
parameters {𝜎𝜇, 𝜎𝜔, 𝜎𝜇,𝜔}.

Plan choice. Individuals must choose among the health insurance plans available in their market
J𝑚𝑡 . Markets are defined as a county-year pair, where counties are indexed by𝑚. Plans are classified
into two groups indexed by 𝑔. The first group is Traditional Medicare 𝑔 = 0 and the second group
𝑔 = 1 contains all Medicare Advantage plans. An individual chooses the health insurance plan
𝑗 ∈ J𝑚𝑡 that maximizes their expected utility over their health state distribution.

max
𝑗∈J𝑚𝑡

𝑈𝑖 𝑗𝑚𝑡 =
∫

− exp(−𝜓 × 𝑙𝑖 𝑗𝑚𝑡 (ℎ, 𝜔, 𝑗))𝑑𝐹𝑖𝑡 (ℎ) (13)
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where

𝑙𝑖 𝑗𝑚𝑡 = 𝛿 𝑗𝑚𝑡 + 𝛾𝑆𝑅 𝑗 𝑡 + 𝛼𝑖𝑡 𝑝 𝑗 𝑡 (𝑏 𝑗 𝑡) + 𝛽𝑖𝑡𝑢(𝑄∗
𝑖 𝑗 𝑡 (ℎ, 𝜔, 𝑗); ℎ𝑖𝑡 , 𝜔𝑖, 𝑗) + 𝜄𝑖 𝑗𝑚𝑡 + 𝜁𝑖𝑔 + (1−𝜎)𝜖𝑖 𝑗𝑚𝑡 (14)

𝛿 𝑗𝑚𝑡 = 𝜃2𝑋 𝑗𝑚𝑡 + 𝜉 𝑗𝑚𝑡 𝛼𝑖𝑡 = 𝛼0 + 𝛼1𝑦𝑖𝑡 𝛽𝑖𝑡 = 𝛽0 + 𝛽1𝑦𝑖𝑡

The coefficient of absolute risk aversion is denoted as𝜓 and is common to all beneficiaries. To
rule out risk-loving preferences, I constrain the CARA coefficient to be non-negative 𝜓 = exp(𝛽𝜓).
The term 𝑙𝑖 𝑗𝑚𝑡 summarizes the utility individual 𝑖 receives from plan 𝑗 . The outside option is
Traditional Medicare ( 𝑗 = 0) whose expected utility is normalized to one.

The factors that enter 𝑙𝑖 𝑗𝑚𝑡 are noted in Equation (14). The first term is the mean utility of the
plan common to all individuals in the market. This mean utility may depend on observable charac-
teristics like the plan’s star rating or provider network (𝑋 𝑗𝑚𝑡) and an unobservable demand shock
𝜉 𝑗𝑚𝑡 . The second is the supplemental revenue the plan requires to fund additional benefits beyond
what is covered by TM 𝑆𝑅 𝑗 𝑡 . The next term is the plan premium 𝑝 𝑗 𝑡 (𝑏 𝑗 𝑡), which may differentially
impact beneficiaries with low-incomes (𝑦𝑖𝑡). The third component is the utility an individual will
receive from the plan given their health state realization and the amount of healthcare they expect
to utilize. These quantities depend on the amount of out-of-pocket costs and the utilization costs
the individual will incur, which depend on the network type and generosity of plan 𝑗 . The fourth
component 𝜄𝑖 𝑗𝑚𝑡 captures the switching costs of changing between TM or MA, capturing the iner-
tia in plan choices. These costs are not incurred by new beneficiaries or those that switch among
MA plans. The final components are the unobservables 𝜁𝑖𝑔 and 𝜖𝑖 𝑗𝑚𝑡 , which are assumed to jointly
follow a generalized extreme value distribution.

As noted previously, individuals are classified into categories based on their observable char-
acteristics, which are indexed by 𝑐. Let 𝑠𝑐 𝑗𝑚𝑡 denote the probability that individuals in group 𝑐 in
market 𝑚𝑡 choose plan 𝑗 . The plan’s market share 𝑠 𝑗𝑚𝑡 is obtained by integrating these choice
probabilities over the distribution of observable types within the market. Finally, let 𝜃3 denote the
parameters in the utility function that are independent of mean utility {𝛽𝜓 , 𝛾, 𝛼0, 𝛼1, 𝛽0, 𝛽1, 𝜄}.

IV.C Supply

Subsidy choice and plan premiums. Continuing backwards, the next action within the model
is how plans choose their subsidy payments from the government. A firm chooses the subsidy for
each plan by maximizing their expected profits across all markets the plan entered within a service
area.14 Let 𝐴 𝑗 𝑡 denote the set of counties plan 𝑗 entered within service area 𝐴 in year 𝑡. Given the

14In general service areas are states. A more detailed discussion of service areas is provided in Appendix B.
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set of plan offering decisions the firm made in Stage 1 J𝑛𝐴𝑡 , the firm chooses the subsidy vector b𝑛𝑡
by solving:

max
b𝑛𝑡

Π𝑛𝑡 =
∑
𝑚∈𝐴𝑛𝑡

∑
𝑗∈J𝑛𝑚𝑡

∑
𝑐∈𝐶

∫ [
MR𝑐 𝑗𝑚𝑡 −MC𝑐 𝑗𝑚𝑡

]
𝑠𝑐 𝑗𝑚𝑡 (b;Θ)𝑀𝑐𝑚𝑡𝑑𝐹𝑐𝑡 (ℎ) (15)

where 𝑀𝑐𝑚𝑡 is the number of type 𝑐 beneficiaries in market 𝑚𝑡 and MR𝑐 𝑗𝑚𝑡 and MC𝑐 𝑗𝑚𝑡 :

MR𝑐 𝑗𝑚𝑡 = 𝑟𝑐𝑚𝑡 min{𝑏 𝑗 𝑡 , 𝐵 𝑗 𝑡} + 𝑝 𝑗 𝑡 (𝑏 𝑗 𝑡) MC𝑐 𝑗𝑚𝑡 = Λ 𝑗 𝑡𝑄
∗
𝑐 𝑗𝑡 (ℎ, 𝜔, 𝑗) + 𝜆 𝑗 𝑡 (16)

The marginal revenue for enrolling an individual of observed type 𝑐 is denoted by MR𝑐 𝑗𝑚𝑡 .
Two items contribute to marginal revenue. The first is the subsidy payment the plan receives from
the government, which is equal to the requested 𝑏 𝑗 𝑡 if the request is below the plan’s cost benchmark
𝐵 𝑗 𝑡 =

∑
𝑚∈𝐴 𝑗𝑡

𝐵𝑚𝑡𝑤𝑚𝑡 , where 𝑤𝑚𝑡 are market size weights.15 If the requested subsidy is above
the benchmark, the plan’s subsidy payment is equal to the benchmark. These payments from the
government are risk adjusted based on the average risk score of beneficiaries of observed type 𝑐
in the market 𝑟𝑐𝑚𝑡 . The second and third components of marginal revenue are the plan premium,
which depends on the subsidy request for the plan. Premiums are discussed later in this section.

The marginal cost for a type 𝑐 individual denoted by MC𝑐 𝑗𝑚𝑡 . This cost is broken down into
components. The first term captures how plan costs depend on the amount of healthcare they expect
beneficiaries will consume. The term Λ 𝑗 𝑡 represents the price that MA plan 𝑗 pays providers for
the healthcare utilization of the beneficiaries in their plan. Prior empirical work has documented
that MA plans tend to pay similar prices to healthcare providers as TM.16 Consistent with these fact
patterns I assume Λ 𝑗 𝑡 = 1. The second term 𝜆 𝑗 𝑡 is an unobserved cost that captures non-utilization
contributions to marginal costs and rationalizes the observed pricing and entry equilibrium.

The policy environment makes Medicare Advantage plan premiums a function of the plan’s
subsidy 𝑏 𝑗 𝑡 and whether the plan offers additional benefits relative to TM. These features are clear
when looking at the two components of the plan premium paid by consumers:

𝑝 𝑗 𝑡 (𝑏 𝑗 𝑡) = max{𝑏 𝑗 𝑡 − 𝐵 𝑗 𝑡 , 0}︸                 ︷︷                 ︸
base

+max{SR 𝑗 𝑡 − Rebate 𝑗 𝑡 , 0}︸                          ︷︷                          ︸
supplemental

(17)

where Rebate 𝑗 𝑡 = max{𝜅 𝑗 𝑡 (𝐵 𝑗 𝑡 −𝑏 𝑗 𝑡), 0} and the size of 𝜅 𝑗 𝑡 depends on the star rating of the plan.17

15In practice county-level benchmarks are weighted by the plan’s projected enrollment. Market size weights ease the
burdens for computing the model’s solution. Market size is also highly correlated with realized enrollment.

16See e.g., Curto et al. (2019), Pelech (2020), and Trish et al. (2017).
17The levels of 𝜅 𝑗𝑡 are 0.50 if the plans has 3 stars or fewer, 0.65 if the plan has 3.5 or 4 stars, and 0.70 if the plan has
4.5 or 5 stars.
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The supplemental revenue MA plans need to provide additional benefits is denoted as SR 𝑗 𝑡 .
Plans can offset these costs if they receive a rebate payment. I model the amount of supplemental
revenue a plan needs to fund additional benefits relative to TM as function of plan characteristics
𝑊 𝑗 𝑡 that includes the plan’s network type, quality rating, and generosity level as well as the CMS
benchmark the plan faces. The variable 𝜀 𝑗 𝑡 denotes an efficiency shock the plan receives to the
amount of revenue required to fund these extra benefits.

SR 𝑗 𝑡 = 𝜃4𝑊 𝑗 𝑡 + 𝜀 𝑗 𝑡 (18)

Fixed costs of entry. Firms are endowed with CMS contracts that define the set of possible plans
they may offer within a service area 𝐴. Each year, firms decide which plans they will offer in each
market within the service area. The primary fixed cost of entry into a market is establishing a new
or updating an existing network of providers enrollees may use to receive healthcare services. A
Medicare Advantage plan’s provider network must annually certify that it meets network adequacy
and access criteria established by CMS. Given this institutional setting, it is useful to think of the
entry decision as reoccurring each year, which abstracts from distinctions between sunk vs fixed
costs of entry.

I assume that a firm’s fixed cost for offering MA plans is additively separable across markets
and has an observable and unobservable component. The fixed cost for insurer 𝑛 to offer MA plans
in year 𝑡 is:

𝐹𝑛𝑡 =
∑
𝑚∈𝐴𝑛𝑡

∑
𝑗∈J𝑛𝑚𝑡

[
𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡

]
(19)

The observable component of the fixed cost of entering market 𝑚 has three parts. The first
captures the number of plans the firm has chosen to enter into market 𝑚. The second and third
components are measures of provider supply. Specifically, 𝐻𝑚𝑡−1 denotes the number of hospi-
tal systems in the market and 𝑃𝑚𝑡−1 denotes the number of primary care physicians active in the
market. These terms are intended to capture—in a reduced form manner—the costs of bargaining
with providers to join the firm’s network. I allow the parameters on these terms to vary based on
whether firm 𝑛 has an existing provider network in the market from another insurance segment (e.g.,
commercial group, individual, exchange etc.). This feature captures efficiencies some insurers may
have that eases entry into Medicare Advantage.

𝐹𝑛𝑚𝑡 = 𝜌1[Number of plans]𝑛𝑚𝑡 + 𝜌2𝑛𝐻𝑚𝑡−1 + 𝜌3𝑛𝑃𝑚𝑡−1 (20)
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where

𝜌{2,3}𝑛 = 𝜌{2,3}net1[Other presence]𝑛𝑚𝑡−1 + 𝜌{2,3}none
(
1 − 1[Other presence]𝑛𝑚𝑡−1

)
(21)

The unobserved component of fixed costs are denoted by 𝜈2 𝑗𝑛𝑚𝑡 and are independent over
time. These costs are observed by firms when making their Stage 1 decisions and the selection
problem they create is discussed more in Section V.

After observing 𝜈2 𝑗𝑛𝑚𝑡 , firms simultaneously choose which plans to enter into a market by
weighing their expected profits against the fixed costs of entry. Firms calculate their expected profits
over the joint distribution of the Stage 2 unobservables 𝑒 = (𝜉, 𝜀) and distribution of health states
in the population. I assume that firms know the form of this distribution but not the realizations
they will face. The unobservable 𝜈1 𝑗𝑛𝑚𝑡 denotes a mean zero expectation error, which implies firms
on average accurately predict their variable profits. Based on these factors, there are three entry
conditions which govern the actions of firms.

Condition 1. Firm participation decisions must result in positive net profits:∑
𝑚∈𝐴𝑛𝑡

∑
𝑗∈J𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 (J𝑡)] + 𝜈1 𝑗𝑛𝑚𝑡︸                        ︷︷                        ︸
expected variable profits

− (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡)︸             ︷︷             ︸
fixed costs

≥ 0 (EC.1)

where J𝑡 denotes the vector of strategies played by all firms in the service area.

Condition 2. Firms choose the markets to enter and products to offer optimally:∑
𝑚∈𝐴𝑛𝑡

∑
𝑗∈J𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 (J𝑡)]+𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡) ≥∑
𝑚∈𝐴′𝑛𝑡

∑
𝑗∈J ′

𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 (J𝑡)] + 𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡)

∀ 𝐴′𝑛𝑡 ≠ 𝐴𝑛𝑡 and J ′
𝑛𝑚𝑡 ≠ J𝑛𝑚𝑡

(EC.2)

Condition 3. Conditional on entering a market, firms choose to offer the set of products that yields
the highest net profits:∑

𝑗∈J𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 (J𝑡)]+𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡) ≥∑
𝑗∈J ′

𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 (J𝑡)] + 𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡)

∀ J ′
𝑛𝑚𝑡 ≠ J𝑛𝑚𝑡 and ∀ 𝑚 ∈ 𝐴

(EC.3)
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Notice these conditions capture how firm decisions are interconnected across markets. A
plan’s cost benchmark are weighted averages of the county specific benchmarks where a plan is
offered. These benchmarks play a critical role in determining a plan’s marginal revenue and addi-
tional benefits. As a result, firms must consider how entering or exiting a particular market impacts
their overall net profits.

V Estimation and Identification

This section describes how the model is estimated. I follow the generalized method of moments
to estimate the health state, consumer preference, and fixed cost parameters. The first subsection
focuses on the Stage 2 parameters—health states and consumer preferences—and relevant imple-
mentation details. The second subsection describes how I derive the moment inequalities to recover
the identified set of fixed cost parameters in Stage 1. This discussion includes a description of how
the moment inequalities are used for inference. The section concludes with an overview of the how
the model’s parameters are identified from the data.

V.A Health state and consumer preferences

Moments. To estimate the health state distribution parameters, I match moments based on health-
care utilization patterns. Specifically, I target the unconditional mean and variance of healthcare
utilization as well as the mean and variance of utilization conditional on observables such as risk
score quantiles. These moments help the model replicate the relationship between observable char-
acteristics and healthcare utilization seen in the MA encounter and TM claims data. To capture the
propensity to consume healthcare as its cost decreases (moral hazard), I include the mean and vari-
ance of the utilization distribution across quantiles of plan choice set generosity and risk scores.
As discussed in the prior section, variation in healthcare utilization across markets with different
levels of financial generosity captures utilization not driven by health need. Choice set generosity is
measured by the average rebate payment paid to MA plans in the market. To further capture “moral
hazard” spending, I also target the average healthcare utilization conditional on being in the coin-
surance region. I match the utilization cost parameters with the average probability of consuming
no health care conditional on plan type.

I also include moments based on plan choices to estimate consumer preferences for health
plans. To capture risk aversion and consumer sorting across plans, I target plan choice probabili-
ties conditional on plan and consumer types. As discussed in Appendix B, I constrain plan-level
market shares implied by the model to match their observed analogs. I also use moments based
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on IV restrictions in the demand model to address endogenous premiums and supplemental bene-
fits. This condition requires that the unobserved demand shock 𝜉 𝑗𝑚𝑡 is uncorrelated with a vector
of instruments 𝑍 𝑗𝑚𝑡 . I describe the types of instruments I use and the intuition they bring to the
identification argument later in this section. The specific instruments that I use include the plan’s
marginal revenue around the benchmarks; the number of hospitals, hospital beds, and primary care
physicians active in a plan’s footprint in the previous year; and the average characteristics of non-
overlap rival counties (i.e., share rural, share with college degree, median income, share female,
share white, share of all Medicare beneficiaries that died, and the share of Medicare beneficiaries
eligible for Medicaid).

Implementation details. My analysis relies on the MA encounter data to measure healthcare
utilization among MA beneficiaries. There are two challenges to working with these data. The
first is the absence of payment information. I overcome this shortcoming by using a measure of
healthcare utilization based on TM prices that was proposed by Jung et al. (2022) specifically for
MA encounter data. I follow their implementation for deriving these standardized prices using all
of the claims and encounter data available to me. I then merge these utilization metrics onto the
MA encounter and TM claims data for consistency.

The second challenge relates to the completeness of the encounter data that private insurers
report to CMS.18 To attenuate this concern, I follow the procedures in Jung et al. (2022) to as-
sess the completeness of the encounter data. These authors propose a test based on comparing the
encounter data to other sources that contain information about MA healthcare utilization (i.e., the
Medicare Provider Analysis and Review (MedPAR) and the Healthcare Effectiveness Data Informa-
tion System (HEDIS)). MA contracts have a high level of data completeness if they meet minimum
thresholds for enrollment and the difference between the number of hospitalizations, ambulatory,
or emergency department visits recorded in the encounter data and MedPAR or HEDIS. Appendix
Table D.4 highlights that there are no systematic differences between MA beneficiaries enrolled
in plans with a high degree of data completeness relative to those that are not.19 Additionally, the
utilization patterns I observe across TM and MA beneficiaries are consistent with other studies that
do not rely on encounter data, which further mitigates concerns about encounter data completeness
(Curto et al., 2019).20

18“Completeness” is the notation that all records for a plan’s beneficiaries are in the data provided by CMS.
19A similar exercise is presented in Appendix Table D.5 for TM beneficiaries. Individuals in the TM claims data are
marginally more likely to be female or low income but the size of the difference is modest.

20Curto et al. (2019) find in 2010 for three MA insurers covering 40% of MA enrollees that the unadjusted difference
in utilization in MA was 30% lower than TM. Since they also found that MA plans paid prices similar to TM, this
gap can be directly attributed to reduced utilization of healthcare services by MA beneficiaries. Once controls are
added this gap becomes 9–25% lower than TM. Due to the large growth in MA penetration since 2010, it is intuitive
that this gap has gotten smaller over time as more TM beneficiaries enroll into MA plans.
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Risk scores play an important role in my analysis. The risk scores that CMS calculates for
each Medicare beneficiary are generally not produced in the files made available to researchers.
However, CMS does provide the algorithms to generate these risk scores based on the demographic
and diagnosis information that is made available. I lack the data to fully replicate the CMS risk
scores because I do not have utilization data for all Medicare beneficiaries. I address this challenge
by approximating the CMS risk score using their published formula and the diagnoses available to
me from inpatient claims and discharges, which I have for the universe of Medicare beneficiaries.21

I generate the base risk score using the CMS algorithm for the appropriate year with beneficiary
demographics and prior year inpatient diagnoses. These base scores are then normalized by the
average base score for all TM beneficiaries that year. Finally, risk scores for beneficiaries that were
in a MA plan the previous year are deflated by the coding pattern adjustment reported by CMS.22

V.B Moment inequality derivation and inference

Derivation. To derive the moment inequalities for estimating the identified set of fixed costs I
need the distribution of Stage 2 shocks and resolve the selection bias introduced by the unobserved
fixed costs 𝜈2 𝑗𝑛𝑚𝑡 . The Stage 2 distribution of unobservables 𝑒 = (𝜉, 𝜀) is required to calculate a
plan’s expected variable profits. I recover this empirical distribution given estimates for the Stage 2
model parametersΘ = {𝜃1, 𝜃2, 𝜃3, 𝜃4}. The unobserved fixed costs 𝜈2 𝑗𝑛𝑚𝑡 create a selection problem
because firms observe these costs when making their entry decisions. The following assumption
allows me to address this bias.

Assumption 1. A plan offered in adjacent markets within a service area—typically a state—has
the same unobserved fixed cost 𝜈2.

Assumption 1 is supportable when viewing the unobserved fixed costs as regulatory compli-
ance, business intelligence, and marketing, which are unlikely to vary meaningfully across markets.
Firms likely rely on common personnel for these tasks and the amount of resources devoted to them
likely scales with the number of markets a particular plan enters.

Unbiased moment inequalities are derived based on revealed preference, the separability of
fixed costs, and Assumption 1. Revealed preference requires that the entry and product offering
decisions observed in data are optimal relative to the other choices that the firm could have made.
Let 𝐴𝑛𝑡 and J𝑛𝑡 denote the observed market and product offerings decisions firm 𝑛 made in service

21Since I have 100% of TM inpatient discharges, I have all diagnoses recorded in the inpatient claims.
22These adjustments were 5.66% and 5.91% in 2017 and 2018, respectively.

27



area 𝐴 and 𝐴′𝑛𝑡 and J ′
𝑛𝑡 denote their unobserved analogs. Revealed preference implies:∑

𝑚∈𝐴𝑛𝑡

∑
𝑗∈J𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 ({J𝑛𝑡 , b𝑛𝑡}∀𝑛∈𝐴)] + 𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡) ≥∑
𝑚∈𝐴′𝑛𝑡

∑
𝑗∈J ′

𝑛𝑚𝑡

E[Π 𝑗𝑛𝑚𝑡 ({J𝑛𝑡 , b𝑛𝑡}∀𝑛∈𝐴)] + 𝜈1 𝑗𝑛𝑚𝑡 − (𝐹𝑛𝑚𝑡 + 𝜈2 𝑗𝑛𝑚𝑡)
(22)

Suppose the firm removes plan 𝑗 from market 𝑚 such that 𝐴′𝑛𝑡 = 𝐴𝑛𝑡 \ 𝑚. I rearrange the
terms in Equation (22) such that:∑

𝑚∈𝐴

∑
𝑗∈J𝑛𝑚𝑡

ΔE[Π𝑛 𝑗𝑚𝑡 (𝐴𝑛𝑡 , 𝐴′𝑛𝑡)] + Δ𝜈1 𝑗𝑛𝑚𝑡 (𝐴𝑛𝑡 , 𝐴′𝑛𝑡) − 𝐹𝑛𝑚𝑡 − 𝜈2 𝑗𝑛𝑚𝑡 ≥ 0 (23)

where Δ𝑋 (𝐴𝑛𝑡 , 𝐴′𝑛𝑡) = 𝑋 (𝐴𝑛𝑡) − 𝑋 (𝐴′𝑛𝑡).

I can derive a similar inequality by adding market 𝑚′ to plan 𝑗’s observed footprint such that
�̂�𝑛 = 𝐴𝑛 + 𝑚′. Rearranging terms yields:∑

𝑚∈𝐴

∑
𝑗∈J𝑛𝑚𝑡

ΔE[Π𝑛 𝑗𝑚𝑡 (𝐴𝑛𝑡 , �̂�𝑛𝑡)] + Δ𝜈1 𝑗𝑛𝑚𝑡 (𝐴𝑛𝑡 , �̂�𝑛𝑡) + 𝐹𝑛 𝑗𝑚′𝑡 + 𝜈2 𝑗𝑛𝑚′𝑡 ≥ 0 (24)

The separability of unobserved fixed costs allows me to isolate a specific plan’s 𝜈2𝑛 𝑗𝑚 shock
for each perturbed market using Equations (23) and (24). By Assumption 1 𝜈2 𝑗𝑛𝑚𝑡 = 𝜈2 𝑗𝑛𝑚′𝑡 if 𝑚
and 𝑚′ are adjacent. This allows me to bound 𝜈2 𝑗𝑛𝑚𝑡 and combine these equations such that:∑

𝐴

∑
J𝑛𝑚𝑡

Δ+ E[Π(𝑚, 𝑚′)] + Δ+𝜈1(𝑚, 𝑚′) − Δ−𝐹 (𝑚, 𝑚′) − (𝜈2 𝑗𝑛𝑚𝑡 − 𝜈2 𝑗𝑛𝑚′𝑡)︸                ︷︷                ︸
≈0

≥ 0 (25)

whereΔ+𝑋 (𝑚, 𝑚′) = Δ𝑋 (𝐴𝑛𝑡 , 𝐴′𝑛𝑡)+Δ𝑋 (𝐴𝑛𝑡 , �̂�𝑛𝑡) andΔ−𝑋 (𝑚, 𝑚′) = Δ𝑋 (𝐴𝑛𝑡 , 𝐴′𝑛𝑡)−Δ𝑋 (𝐴𝑛𝑡 , �̂�𝑛𝑡).

It remains to address the approximation errors 𝜈1. Recall that these errors are mean zero
across all markets within a service area. This error is eliminated by averaging over all the pairwise
combinations of Equation (25) for each market within a service area. This procedure yields a set
of unbiased moment inequalities for plan 𝑗 .

E[𝑚 𝑗 (𝜃)] =
∑
𝐴

∑
J𝑛𝑚𝑡

E[Δ−𝐹 (𝑚, 𝑚′) − Δ+ EΠ(𝑚, 𝑚′) − Δ+𝜈1(𝑚, 𝑚′)] ≤ 0 (26)

where the expectation is taken over adjacent market combinations within a service area.

I generate additional inequalities by interacting each plan inequality with a set of “instru-
ments” that are independent of the unobservable 𝜈2 terms. Specifically, I leverage the indepen-
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dence over time assumption and use lagged counts of markets with existing provider networks and
provider supply counts as instruments. These two types of moment inequalities form the null hy-
pothesis for the inference procedure I use to construct an estimate for the identified set of fixed cost
parameters.

Inference. I follow the inference procedure proposed by Chernozhukov et al. (2019), which is
well-suited for models with many moment inequalities. Their procedures are built around a studen-
tized test statistic that detects violations of the moment inequalities.

𝑇 = max
1≤𝑘≤𝐾

√
𝐷𝜑𝑘
𝜍𝑘

(27)

where 𝑘 indexes the moment inequalities, 𝐾 denotes the total number of inequalities, 𝜑 and 𝜍 are
the mean and standard deviation of the moment inequalities, and 𝐷 is the total number adjacent
market pairs for a plans.

I implement the self-normalized one step procedure, which has a closed form for its critical
values. This feature lowers the procedure’s computational burden relative to multi-step or bootstrap
alternatives. The tradeoff is that the identified sets may be more conservative. Additional details
related to the computation of the moment inequalities and the inference procedure are presented in
Appendix B.

V.C Identification

The objects to identify in the model are the joint distribution of individual health states, moral haz-
ard, utilization costs, and consumer preferences for differentiated health insurance plans. The ideal
data set for this exercise has two key characteristics. First, it would track individuals over time and
measure their health states. Second, the data would contain variation in how individuals are exposed
to different choice sets of health insurance plans with alternate levels of financial coverage. The
source of this variation in plan choice sets is driven by exogenous changes in a policy instrument.
This data set would capture how plan enrollment and healthcare utilization change as variation in
the policy alters the average level of financial generosity of the health plan choice set. These data
could facilitate non-parametric identification of the model’s parameters.

In most practical applications the ideal data set is not obtainable and additional assumptions
are required. Relative to the ideal data set, my administrative data has substantial cross-sectional
variation in health insurance plan choice sets—every county in the United States—but relatively
short panel variation—two years after constructing ex ante risk scores. Given these realities, para-
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metric assumptions are necessary to assist identification. The benchmarks CMS sets at the market-
level each year are a source of variation in the size and generosity of health insurance plan choice
sets available to consumers. These market-level benchmarks form the plan-level benchmarks firms
face when making their product offering decisions. Thus, variation in the benchmarks in other mar-
kets provides a plausibly exogenous source of variation in the number of plans in a market’s choice
set as well as their financial generosity.

Given these parametric assumptions and plausible exogenous variation in choice sets, the
parameters associated with healthcare utilization are identified. The extent to which consumers
make similar healthcare utilization choices when facing similar choice sets over time identifies the
persistent component of the health state distribution. Variation in healthcare utilization over time
among similar individuals, aided by the distributional assumption, identifies unobserved hetero-
geneity in these decisions. The parameters that influence moral hazard—the propensity to consume
more healthcare when it is less expensive—are identified by variation in healthcare utilization as
the generosity of choice sets respond to variation in CMS benchmarks. Deviations from trends in
healthcare utilization by network type induced by variation in benchmarks identifies changes in the
threshold health state needed for healthcare consumption (i.e., utilization costs).

These sources of variation also identify consumer preferences for health insurance plans. Risk
aversion is identified by how consumers choose health plans as variation in benchmarks alters the
generosity of plans within consumer choice sets. The extent to which consumers with comparable
health needs pick more generous plans captures a measure of their tolerance for uncertainty about
the out-of-pocket costs associated with their expected health need. Preferences for plan charac-
teristics that are common across its footprint are identified by the extent to which consumers opt
into the plan across markets and over time. Switching costs between TM to MA and vice-versa are
identified by the extent to which beneficiaries remain within each program over time.

To address the potential correlation between unobserved plan-market level demand shocks
and the premiums and extra benefits chosen by firms, I rely on instrumental variables. These
instruments must be correlated with a plan’s premium and extra benefits but independent of the
plan-market shock. Many instruments are possible in this setting including variations of the widely
used Berry et al. (1995) and Hausman (1997) instruments. I use two types of instruments. The
first set is based on CMS policies which are exogenous to firm pricing decisions yet correlated
with a plan’s subsidy choice and premium. Specifically, I use a plan’s marginal revenue around the
benchmark—determined by the 𝜅 parameter. The second set of instruments are demographics from
non-overlapping markets of rival plans. The intuition for the market demographics instruments fol-
lows Fan (2013). Healthcare utilization is correlated with observable characteristics. Thus, the
demographics of the Medicare population in a county influence the costs of offering a MA plan.
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Suppose there are two plans 𝐴 and 𝐵, which overlap in market 1, while only plan 𝐵 is present in
market 2. The demographics of market 2 directly impact plan 𝐵’s choices and indirectly impact plan
𝐴’s choices through the competition channel in market 1. Thus, the demographics from market 2
can serve as an instrument for plan 𝐴’s choices in its markets.

Finally, the fixed costs of entry within the model are partially identified. These parameters
cannot be point identified without imposing the assumption of an equilibrium selection mechanism.
I use a revealed preference approach in the spirit of Pakes et al. (2015) to derive moment inequalities
that are consistent with these multiple equilibria. Revealed preference is based on the assumption
that firms are making optimal decisions based on the information available to them at the time of
their action. This condition allows me to determine that other choices the firm could have made—
yet did not—must be weakly less profitable. In prior section, I illustrated how I use this assumption
to derive unbiased moment inequalities to recover the identified set of fixed cost parameters. I
further leverage an exclusion restriction based on the independence of the unobservables in the
firm’s entry problem over time to provide additional bounds on the identified set.

VI Results

VI.A Estimates

The top panel of Table 4 contains the demand parameter estimates. Parameter estimates for the
health state distribution are available in Appendix Table D.6.23 In general, parameter estimates
have the correct sign and are significant. Demand slopes down in premiums with lower income
beneficiaries having a higher degree of sensitivity and slopes up in the value of the supplemental
benefits offered by MA plans. Consumer preferences also depend on the value of healthcare they
expect to consume net of utilization and out-of-pocket costs. Enrollment choices respond more to
upfront costs represented by premiums than the utility from healthcare utilization. The estimate of
the nesting parameter is significant and indicates MA plans are closer substitutes to each other than
TM. The estimated switching costs between the programs are modest and consumer risk aversion
is more consistent with risk neutral behavior.24 More risk neutral behavior in this setting could
reflect the low financial risk seniors face in this market. MA plans provide generous cost sharing
and out-of-pocket maxima, which makes choosing among them akin to short term gambles over

23Estimates for the supplemental revenue regression are available in Appendix Table D.7.
24Switching costs range from $80–120. The estimated CARA coefficient implies an individual would be indifferent
between earning nothing and a 50-50 gamble where they win $100 or lose $96.37. The literature has produced similar
estimates for the average level of risk aversion: Dickstein et al. (2023) $99.32 and $97.40; Ho and Lee (2022) $99.97;
Marone and Sabety (2022) $91.70; Handel (2013) $91; and Einav et al. (2013) $84.
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relatively small amounts of money.

The bottom panel of Table 4 presents quantities implied by the demand and utilization model.
I start by evaluating the amount of moral hazard estimated by the model. In this context, moral
hazard captures the propensity for individuals to consume more healthcare as the cost utilization
falls. To measure this force, I simulate how healthcare utilization changes as the coinsurance rate
moves from 100% to 0% holding deductibles and out-of-pocket maximums fixed. The changes in
utilization are greatest for beneficiaries enrolled in TM (49%) relative to individuals in a MA plan
(4%–8%).25 The different magnitude of the moral hazard effects between TM andMA is consistent
with utilization costs. MA plans take measures to limit the amount of healthcare their enrollees
utilize, which are not present in TM. These effects are driven by the utilization cost parameters,
whose implied dollar values are about $140 for TM, $1,180 for MA HMOs, and $880 for MA
PPOs. These implied MA utilization costs are in line with estimates from Ho and Lee (2022)
which ranged from $550–$1,710.

Table 5 contains estimates for the identified set of fixed cost parameters. For computational
reasons, I use a subset of moment inequalities from 20% of service areas. The identified set does
not contain zero for any of the fixed cost parameters and their signs have intuitive interpretations.
For example, fixed costs increase with the number of plans offered within a market. This estimate
appears consistent with the significant amount of regulatory compliance Medicare Advantage plans
must satisfy and complete before entering the marketplace. My estimates suggest that fixed costs
are substantially lower (roughly 75% based on the median of the intervals) in markets where the
firm has an existing provider network. This finding is consistent with firms having to devote fewer
resources to establish a provider network for their Medicare Advantage offerings.

25Other studies have estimated similar amounts of moral hazard: Dickstein et al. (2023) 22% and 11%; Ho and Lee
(2022) 26.3% and 3.5%; Marone and Sabety (2022) 24% and 14%; and Einav et al. (2013) 30%.
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Table 4: Demand estimates and model implied quantities

Estimate 95% CI
Demand Premium (𝛼𝑖) Mean -6.403 [-6.772, -6.033]

Low income -3.190 [-3.205, -3.176]
Utilization utility (𝛽𝑖) Mean -1.144 [-1.147, -1.142]

Low income 0.342 [0.341, 0.343]
Supplemental revenue (𝛾) Coefficient 1.175 [0.353, 1.996]
Nesting parameter (𝜎) Coefficient 0.528 [0.527, 0.530]
Fixed effects (𝜃2) Contract ✓

Year ✓
Star rating ✓

Quantities Moral hazard (𝜔𝑖) TM 0.49 [0.48, 0.49]
Pct. change in utilization
from 100% to 0% coins.

PPO-Low 0.08 [0.08, 0.08]
PPO-High 0.05 [0.05, 0.05]
HMO-Low 0.08 [0.07, 0.08]
HMO-High 0.04 [0.04, 0.04]

Utilization costs (𝜙) TM 0.14 [0.14, 0.14]
($1,000) HMO 1.18 [1.18, 1.19]

PPO 0.88 [0.87, 0.88]
Switching costs (𝜄) Coefficient -0.76 [-0.76, -0.76]
($1,000) Mean 0.12 [0.11, 0.13]

Low income 0.08 [0.08, 0.08]
Risk aversion (𝜓) CARA coefficient (×10−4) 3.77 [3.70, 3.84]
($) Cohen and Einav (2007) gamble 96.37 [96.34, 96.39]

Beneficiary-year observations 73,396,892
Plan-year observations 3,624

Notes: This table reports estimates for demand parameters and quantities implied by the demand and healthcare
utilizationmodel. Estimates are obtained from a two-stage GMMprocedure that targets observed utilization and
plan choice decisions and IV restrictions. Confidence intervals are constructed from standard errors obtained
from the variance-covariance matrix of the GMM estimator. Detailed parameter estimates and standard errors
are available in Appendix Table D.6.

Table 5: Fixed cost identified set estimates

Identified set

Number of plans [612.7, 1,478.1]
Existing network

Total hospital systems [110.5, 252.0]
Total doctors [1.5, 2.4]

No network
Total hospital systems [453.3, 981.6]
Total doctors [4.1, 9.0]

Moment inequalities 124

Notes: This table reports the estimated identified set for the fixed cost parameters. Costs are reported in $1,000
units. Sets are constructed by inverting the test statistics from Chernozhukov et al. (2019). The self-normalized
one step procedure is used with 𝛼 = 0.05.
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VI.B Model Fit

Figure 3 presents a subset of data moments alongside their model predicted counterparts. Means of
the healthcare utilization distribution are in the top row, while the corresponding variances are in
the bottom row. In general the model fits targeted and untargeted data moments well. For example,
the unconditional mean and mean conditional on risk scores—which are targeted in estimation—
closely match their data analogs. Utilization conditional on plan type was untargeted in estimation.
While the model slightly over-predicts mean utilization in MA plans and under-predicts TM uti-
lization, it does replicate relative differences in utilization by plan types. For example, utilization is
higher in TM than MA—consistent with utilization costs—and utilization is higher in more gener-
ous MA plans—consistent with more generous cost sharing. Capturing these patterns is important
as they allow the model to reflect the selection patterns observed in Medicare and the supply side
considerations firms face when deciding which markets to enter and types of products to offer.

The model tends to under predict variance moments relative to the data. This is particularly
true in the tails of the risk score distribution. The model closely replicates variances in the central
part of this distribution. The under fit of the variance moments may be concerning if the tails of
the risk score distribution drove selection patterns. Were this the case, the model would have a
substantial challenge matching untargeted means, which does not appear to be the happening in my
setting given relatively close fit of mean healthcare utilization by plan type.

Figure 3: Moment fit
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Notes: This figure shows a subset of moments used to estimate health state distribution and demand parameters, along
with untargeted data moments and their model analogs. Targetedmoments include the unconditional mean and variance
of utilization and their counterparts within risk score quartiles. Untargeted moments are the mean and variance of
utilization by plan type.
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Overall, the model fit is reasonable. On average the model closely matches observed uti-
lization patterns by demographic characteristics. It slightly over-predicts the mean utilization in
MA plans while under-predicting these quantities for TM and the variance of healthcare utiliza-
tion. However, the model accurately reflects sorting and utilization dynamics by plan types and
closely matches mean moments, which are key features for the supply side of the model and the
counterfactual simulations.

VII Counterfactuals

In this section I use my estimated model to quantify the tradeoffs of promoting private firms to
participate in the market for Medicare benefits. I describe the simulation setting and details in
Section VII.A. Then in Section VII.B I simulate two distinct subsidy policies for MA to study how
firms alter their entry and product offering strategies in competitive insurancemarkets. This analysis
also highlights the implications of abstracting from these choices when modeling competition in a
selection market.

VII.A Simulation setup

Simulations are based on a simplified version of the 2018 Massachusetts service area, which is
summarized in Appendix Table D.8. Like most MA markets, Massachusetts is highly concen-
trated. The top two firms—Blue Cross Blue Shield of Massachusetts (BCBS) and Tufts Health
Plan (Tufts)—controlled over 56% of all MA enrollment in 2018. Tufts is the market leader and
offers HMO plans of high and low generosity in 8 markets. BCBS primarily offers PPO plans of
high and low generosity in 11 markets. The remaining share of the market is spread across five
firms which primarily offer HMO plans.26

For the simulations, I make two assumptions for tractability. These assumptions can be re-
laxed as computational resources allow and do not alter the underlying model. First, I assume that
BCBS and Tufts are strategic players that choose which markets to enter and products to offer. Each
firm is restricted to offering plan types that align with their observed network offering (i.e., HMO or
PPO) but can choose the financial generosity of the plans. The other firms are treated as a competi-
tive fringe whose product offering choices are taken as exogenous. The fringe plans set their prices
as a function of the average strategic price. Thus, the choice set for an endogenous firm in each
market is to offer no plan, a low generosity plan, a high generosity plan, or both. Second, I assume
that entry decisions are made at the Combined Statistical Area (CSA) level. CSAs are groupings

26One of the these firms offers PPO and HMO plans but has a state-wide market share of 1%.

35



of counties used by the U.S. government for adjacent communities that demonstrate economic or
social linkages.27 Massachusetts has two CSAs; based around Boston and Springfield. I group all
other counties inMassachusetts into a third pseudo-CSA. This assumption is supported by observed
entry patterns in Massachusetts. Firms that enter one of the markets within a CSA typically enter
the others as well. Thus, a strategic firm must decide for each plan they offer whether to enter no
markets, Boston-area markets, Springfield-area markets, other markets, or a combination of these
markets. Given the number of players in the game, the size of their choice sets, and draws necessary
to calculate expected profits, I need to compute 40,960 pricing equilibria for each counterfactual.

To solve for the equilibria of the model, I follow the procedure proposed by Lee and Pakes
(2009). This method has been used by other papers that solve models with multiple equilibria (see
e.g., Wollmann, 2018). The procedure uses a best response iteration approach to find the entry
and product offering equilibria that are consistent with the Stage 1 entry conditions in Equations
(EC.1)–(EC.3). I compute fixed costs similar to other moment inequality papers in the literature
(see e.g., Geddes, 2022; Wollmann, 2018). I evaluate the observed fixed costs at the median values
from the estimated identified set. Given these estimates, I recover ranges for the unobserved fixed
cost 𝜈2 that are consistent with the moment inequalities for the strategic firms. For unobserved fixed
costs I take 100 random draws from a normal distribution with a mean and variance calibrated from
these ranges and recover the pure strategy equilibria associated with each fixed cost realization.
Additional details on how I compute equilibria of the model are available in Appendix C.

I define consumer surplus as an individual’s expected certainty equivalent utility from en-
rolling in a plan. The literature has used similar measures of consumer welfare (see e.g., Einav
et al., 2013; Ho and Lee, 2022). Thus the consumer surplus for individual 𝑖 is:

𝐶𝑆𝑖𝑡 =
∫

1
−𝛼𝑖

log
1 +

∑
𝑗∈J𝑚𝑡

exp(𝑈𝐶𝐸𝑖 𝑗𝑚𝑡)
 𝑑𝐹 (28)

where 𝑑𝐹 denotes the distribution of unobserved heterogeneity in the health states and moral haz-
ard and 𝛼𝑖 is the marginal utility of income. The certainty equivalent utility 𝑈𝐶𝐸𝑖 𝑗𝑚𝑡 is discussed in
Appendix B.

I define net welfare (𝑁𝑊) as the sum of consumer surplus (𝐶𝑆) and firm profits (Π) net of
government spending on Traditional Medicare and Medicare Advantage (𝐺𝑇𝑀 and 𝐺𝑀𝐴 respec-
tively):

𝑁𝑊 = 𝐶𝑆 + Π − (𝐺𝑇𝑀 + 𝐺𝑀𝐴) (29)

27In practice CSAs can span states. The service areas defined in model do not span states. As a result, I focus on CSA
groupings of counties within a state if the CSA spans multiple states.
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VII.B Alternative subsidy policies

Next, I use the model to explore how firms alter their entry and product repositioning strategies
in response to counterfactual subsidy policies. This exercise includes a comparison of the full
model to one that does not allow firms to alter their entry or product offering decisions. These
results are presented in Table 6. The first two columns simulate the current system where firms are
directly compensated for each beneficiary they enroll and the size of the payment is adjusted by the
beneficiary’s risk score under the full model with strategic entry and repositioning and under the
restricted model that holds these strategies fixed. The remaining columns report the results for two
different subsidy systems.

Table 6: Equilibrium outcomes under alternative subsidy systems

Baseline Untargeted Targeted

Entry + Repos No Entry or Repos Entry + Repos No Entry or Repos Entry + Repos No Entry or Repos

Markets entered (%)
PPO-L 0.45 0.57 0.63 0.57 0.42 0.57
PPO-H 0.38 0.79 0.40 0.79 0.39 0.79
HMO-L 0.77 0.57 0.78 0.57 0.79 0.57
HMO-H 0.39 0.46 0.40

Probability offered
PPO-L 0.68 1.00 0.97 1.00 0.67 1.00
PPO-H 0.39 1.00 0.67 1.00 0.43 1.00
HMO-L 0.98 1.00 0.99 1.00 0.98 1.00
HMO-H 0.77 0.00 0.59 0.00 0.80 0.00

Benchmark ($1,000)
PPO-L 10.45 10.65 10.49 10.65 9.25 9.45
PPO-H 10.47 10.58 10.44 10.58 9.26 9.38
HMO-L 10.58 10.65 10.57 10.65 9.37 9.45
HMO-H 10.40 10.40 9.18

Average risk score
PPO-L 0.80 0.82 0.84 0.84 0.91 0.84
PPO-H 0.85 0.75 0.87 0.77 0.81 0.75
HMO-L 0.94 0.98 0.99 1.01 1.13 1.18
HMO-H 0.95 0.99 0.95

Market size and selection
MA share (%) 0.31 0.32 0.47 0.51 0.27 0.31
MA risk score 0.91 0.92 0.95 0.98 1.10 1.08
TM risk score 1.13 1.13 1.16 1.15 1.05 1.06

Per-bene risk adjusted government cost ($1,000)
MA 10.15 9.99 9.89 9.58 9.41 9.05
TM 9.84 9.93 10.47 10.78 9.91 10.05

Notes: This table shows how simulated equilibrium outcomes change under different Medicare Advantage
subsidy systems. “Entry +Repos” columns report averages across equilibria where firms adjustmarket entry and
plan offerings, while No “Entry or Repos” columns restrict firms to the observed market structure. Appendix
Table D.9 details the range of outcomes across equilibria. Baseline reflects the current supply-side subsidy
scaled by beneficiary risk scores. “Untargeted” subsidy provides a uniform $9,432 annual subsidy per enrollee
in Massachusetts. “Targeted” subsidy reduces CMS benchmarks by $1,200 and offers a $600 demand subsidy
for low-income MA enrollees and $300 for others.

The first counterfactual implements a system where no subsidies are provided to firms and
consumers receive an untargeted subsidy to purchase MA coverage if they opt out of TM. Thus the
only revenue firms collect is from premiums paid by enrollees in their offered plans. The size of
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the subsidy is equal to the average transfer paid to firms observed in the data—about $786 ($9,430)
per beneficiary-month (-year). The second column of Table 6 reports the values for the model with
entry and product repositioning while the third column holds firm entry and product offerings fixed
at the equilibrium observed in the data.

The model that allows for entry and repositioning predicts this policy would induce more en-
try. For example, the low generosity PPO plan increases the share of markets within Massachusetts
it enters from 45% to 63% on average across equilibria. This entry is occurring in markets with
similar or higher costs to the baseline, which is reflected by the marginal changes in the average
MA benchmarks. This policy leads to an expansion of the MA market from 31% to 47% on aver-
age across equilibria. The expansion is driven by relatively healthier TM beneficiaries switching to
MA. By changing the incidence of the subsidy to the demand side of the market, plans with lower
premiums become “free” for consumers with lower expected out-of-pocket costs. This has the ef-
fect of leaving TM more adversely selected relative to the baseline scenario, despite increasing the
average risk score of the MA market and for each of the strategic plans.

The model that takes entry and repositioning as given has noticeably different predictions.
Comparing the two models, it is apparent that MA plans use market entry to engage in risk selec-
tion. When allowing for strategic entry and repositioning, firms exit higher cost markets relative to
the observed equilibrium, as reflected by the smaller MA benchmarks in columns 1 and 2. Despite
these different entry patterns, the more restrictive model makes similar predictions about the growth
of the MA market and the selection driving this expansion. In the observed equilibrium, the entry
decisions of the strategic low generosity PPO and HMO perfectly overlap. This enhances compe-
tition and leads plans to set lower premiums, which allows them to enroll beneficiaries with higher
risk scores and expand the market. When entry and repositioning are part of a firm’s strategies,
these overlaps become less symmetric and premiums increase.

The second policy simulates a system that uses both supply and demand subsidies. The policy
lowers MA benchmarks by $1,200 annually and passes along some of these savings to consumers
in the form of a means tested subsidy. Low-income seniors receive a $600 payment if they enroll in
a MA plan, while all other seniors get a $300 payment for enrolling in MA. The motivation for this
targeting is to attempt to overcome risk selection incentives of MA plans. From the government’s
perspective, low-income seniors consume more healthcare and are costlier to cover in TM. Since
MA offers more generous insurance and has expertise in controlling costs, having more of these
beneficiaries obtainMedicare benefits from the private market may be welfare enhancing. However,
the higher costs of these beneficiaries is why MA plans may try to avoid enrolling these seniors.

There are similarities in the strategic entry decisions under the targeted subsidy and the untar-
geted policy. MA plans appear to not enter higher cost markets relative to the observed equilibrium.

38



Notably these entry decisions do not appear to be driven by the incentive of low-income seniors to
obtain MA coverage, which is evident by the similar number of markets entered, probability of
entry, and average MA benchmark across equilibria under the targeted policy and the baseline
scenario. The targeted demand subsidy successfully gets sicker seniors to enroll in MA. The low
generosity PPO risk score increases from an average of 0.80 to 0.91 and the average low generosity
HMO risk score grows from 0.94 to 1.13. At the service area level, this targeted subsidy reverses
the positive selection into MA under the baseline scenario. The average MA risk score increases
from 0.91 to 1.10, while the average TM risk score falls from 1.13 to 1.05. The model that takes
entry and repositioning as given makes similar predictions but they are smaller in magnitude. This
sorting reflects the strategic incentives firms weigh when setting their entry strategies. Under the
full model, MA firms enter markets with more low-income beneficiaries relative to the observed
equilibrium.

Figure 4 evaluates the average welfare effects of these two subsidy policies between the full
and restricted models. The left panel focuses on the untargeted policy. Relative to the baseline, this
policy increases firm profits and consumer surplus. However, the two models differ in the mag-
nitude of these predictions. For example, the full model with entry and repositioning predicts a
larger increase in firm profits and a smaller increase in consumer surplus relative to the restrictive
model. This divergence is a byproduct of capturing strategic entry. The observed equilibrium does
not always maximize firm profits, leading them to adopt different strategies for different realization
of fixed cost shocks. Strategic entry also explains the gap in the estimated consumer surplus effects.
Firms do not enter competitive markets as often, leading to higher premiums. The observed equilib-
rium sees more competitive overlap and by extension lower premiums that drive a larger consumer
surplus benefit. These differences also appear in predicted impacts on government spending and
by extension, net welfare. The full model predicts a $250 per-beneficiary (2.3%) average increase
in government spending relative to the $140 per-beneficiary (1.4%) average increase from the re-
strictive model. This wedge is explained by differences in who switches from TM to MA in both
models. Recall that the observed equilibrium has the strategic plans in higher cost markets. As the
policy expands the size of the MA market, some TM beneficiaries with costs to the government
that are greater than the untargeted subsidy switch from TM to MA. This leads to a reduction in
total government spending. However, because these individuals are costly to cover, MA insurers
strategically avoid entering markets where they reside, which leads to higher predicted costs for the
government. Taken together, these higher costs lead the full model to predict that the untargeted
policy will decrease average net welfare, while the restrictive model predicts little to change in net
welfare.

Similar patterns arise when looking at the targeted subsidy in the right panel of Figure 4.
The full model predicts an increase in average firm profits of nearly $38 per-beneficiary (12%)
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while the other model predicts a $15 per-beneficiary (5.6%) increase in profits. This discrepancy
is again tied to strategic entry. The targeted policy creates an incentive for MA firms to enter
markets where more low-income seniors are located. These beneficiaries have higher risk scores
and MA firms are rewarded for covering them through risk adjustment. The model that takes entry
as given restricts an insurer’s ability to do this, leading them to enroll higher cost seniors in their
observed markets. As a result of this selection their costs increase and limits their profit growth.
Consumer surplus effects have different signs across models. Since the restrictive model keeps
MA plans in markets with higher benchmarks and more competitive overlaps, premiums are lower.
The restrictive model predicts little to no change in consumer surplus under this policy. In the full
model, firms strategically enter markets with lower benchmarks and less competition, which leads
to premium increases that harm consumers. Both models predict declines in government spending
by approximately $108–132 per-beneficiary (1–1.2%) and the magnitude difference is due to the
predicted size of the MA market. Net welfare increases under both models, as the reductions in
government spending offset negative consumer surplus changes. If the government savings from
this policy is applied nationally to total Medicare spending, it amounts to roughly $10 billion in
savings for the government.

Figure 4: Welfare changes from different subsidy systems
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(b) Targeted subsidy
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Notes: This figure shows average changes in welfare and spending under two subsidy systems. “Untargeted sub-
sidy” provides the observed enrollment-weighted average risk-adjusted pre-beneficiary subsidy in Massachusetts
($9,432/year). “Targeted subsidy” reduces CMS benchmarks by $1,200 and offers a $600 demand subsidy for low-
income Medicare Advantage enrollees and $300 for others. The left panels display firm profits and consumer sur-
plus, while the right panels show total government spending on Traditional Medicare and MA, along with net welfare
(PS+CS−GS). Entry + Repos averages results across equilibria where firms adjust market entry and product offerings,
while No Entry or Repos restricts firms to observed market decisions.
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VIII Conclusion

This paper studies competition and participation in Medicare Advantage insurance markets. I de-
velop and estimate an equilibrium model of health plan supply and demand that captures the feed-
back among government policy, firm entry and product offering decisions, and consumer sorting
and utilization of health insurance plans. My model accounts for multiple equilibria that may arise
in firm decisions about which markets to enter and products to offer. I then use this model to eval-
uate how firms alter their entry and repositioning strategies under different subsidy policies and
what is missed when abstracting from these decisions.

My findings indicate firms leverage entry and product repositioning strategies to engage in
risk selection. While competition canmitigate risk selection by creating incentives for firms to lower
prices, insurers also strategically avoid entering markets with more competing products. Subsidy
policy can create revenue incentives for entry and their design has direct implications on risk se-
lection between the private and public Medicare markets. Strategic entry and reposition can mean-
ingfully affect the welfare implications of government policy, including the sign and magnitude of
predicted consumer surplus, firm profits, government spending, and ultimately net welfare. Finally,
policy that directly incentivizes higher risk seniors to enroll in MA yields similar firm participa-
tion and enrollment. This policy successfully attracts sicker seniors to the private Medicare market
and lowers total government and government spending per-beneficiary in MA. My estimates im-
ply roughly $10 billion in cost savings for the government when projected out nationally. These
insights highlight the tradeoffs of attempting to evaluate competition and policy design in markets
where firms have incentives to engage in risk selection via strategic entry and product positioning.
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SUPPLEMENTAL APPENDIX

Entry and Competition in Insurance Markets:
Evidence from Medicare Advantage

Matthew V. Zahn∗

March 21, 2025

A Data and Sample Construction

In this section, I provide detailed descriptions of the data sets I use in my analysis and how the
analysis samples for the demand and utilization estimates are formed.

A.1 Data Sources

My analysis relies on 11 data sources. A description of each data source and how it is used within
my analysis appear below.

Medicare Beneficiary Summary File. This data set contains individual level information on
all beneficiaries in the Medicare program. I observe the beneficiary’s demographics such as age,
sex, dual eligible status, reason for Medicare eligibility, and date of death. I can also track the
beneficiary’s county of residence in each month they were enrolled in Medicare. I also observe how
the beneficiary opted to receive Medicare benefits (i.e., through Traditional Medicare or Medicare
Advantage). If the beneficiary enrolled in Medicare Advantage, I observe the contract and plan
identifiers for their chosen plan. I can also observe information about Medicare Part D plans but
I do not use this information as part of my main analysis. I have access to these data from 2014–
2019. The Beneficiary Summary File is used to construct market shares and demographics, as well
as provide the observable characteristics of individuals in the demand and utilization models.

This data set also contains aggregate information about healthcare utilization and spending
by category (e.g., inpatient, outpatient, etc.) for Traditional Medicare beneficiaries. I opt not to
use this information because I am unable to construct the standardized utilization metric for this
roll up of each beneficiaries claims. As a result, I would not have a consistent utilization metric for
Traditional Medicare and Medicare Advantage beneficiaries. I do use this information to inform
my calibration of the cost structure for Traditional Medicare that appears in the utilization model.

∗Hopkins Business of Health Initiative, Johns Hopkins University; matthew.zahn@jhu.edu.
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Traditional Medicare Claims. This data set contains information about the utilization of health-
care among Traditional Medicare beneficiaries at the claim level. I have access to TM claims and
discharges for inpatient, outpatient, carrier, hospice, and Part D services with differing levels of
coverage. I observe 100% of inpatient and hospice claims as well as inpatient, outpatient, carrier,
and Part D claims for a 20% random sample of TM beneficiaries each year. I have access to these
data from 2014–2019. My analysis focuses on inpatient, outpatient, and carrier claims. These
claims data are used for three purposes. First, I use them recover diagnoses for the risk score calcu-
lation. Second, they are used to construct the standardized price measure developed by Jung et al.
(2022). Third, I use them as part of the utilization moments to estimate the parameters of the health
state distribution and hassle costs of healthcare utilization.

Medicare Advantage Encounter Data. This data set contains information about the utilization
of healthcare among Medicare Advantage beneficiaries at the encounter level. Unlike traditional
claims data sets, the encounter data contain no payment information but do contain most other
fields found in these sources. I have access to MA encounter data for inpatient (hospitals and
SNFs), outpatient, carrier, hospice, and Part D services with differing levels of coverage. I observe
100% of inpatient, outpatient, and hospice encounters; all encounters for a cohort of 12 million MA
beneficiaries (roughly 50–60% of the entire MA population depending on the year) which covers
roughly 52% of MA beneficiaries in my analysis sample; and 20% of Part D encounters. I have
access to these data from 2016–2018. The encounter data are used for four purposes. First, I use
them to recover diagnoses for the risk score calculation. Second, I apply the standardized price
measure developed by Jung et al. (2022), which I discuss in more detail below. Third, I use them
as part of the utilization moments to estimate the parameters of the health state distribution and
hassle costs of healthcare utilization. Fourth, I use average plan level utilization to recover the
plan’s negotiated prices along with the inversion of the plan’s first order condition.

Medicare Advantage Bid Templates. This data set contains the information MA plans provide
to CMS as part of the regulatory process that determines their subsidy and rebate payments. I have
access to these submissions for every MA plan from 2006–2018 and they are publicly available on
the CMSwebsite. From this data source I recover the subsidy amount the plan requested, the size of
its rebate payment, how its rebate was allocated, and the amount of revenue the plan needs to fund
extra benefits relative to Traditional Medicare. They also report how plan’s premium is broken out
between the base and supplemental premium. The bid templates also detail the numerical values of
the cost sharing characteristics of the plan as well as their projected allowed amounts for medical
claims. These data are used in three places within my analysis. First, I rely on them as part of
inverting the plan’s first order condition to recover the plan’s negotiated prices. Second, I use them

46



when estimating the size of a plan’s supplemental premium. These data are also used to inform my
calibration of the plan out-of-pocket cost functions that are used in the utilization model.

Medicare Advantage Enrollment. This data set tracks monthly county-level enrollment for all
Medicare Advantage plans. The data also contain information about plan characteristics including
network type and whether the plan is a special needs plan. I have access to these data from 2006–
2019 and they are publicly available on the CMS website. These data provide characteristics of
Medicare Advantage plans that appear as part of the demand, utilization, and fixed cost models and
are used to determine the analysis sample.

Plan Benefit Packages. This data set tracks characteristics for Medicare Advantage plans. The
tracked characteristics include the plan’s premium, the counties included in the plan’s footprint, and
how the counties within a plan’s footprint map to segment identifiers specific to the plan. I have
access to these data from 2006–2019 and they are publicly available on the CMS website. These
data provide characteristics of Medicare Advantage plans that appear as part of the demand model
and are used to determine the analysis sample.

Out-of-Pocket Cost Estimates. This data set provides estimates for a beneficiary’s expected out-
of-pocket costs in Medicare Advantage plans and Traditional Medicare. These estimates are pro-
duced annually for every MA plan and TM and are typically featured on the Medicare plan finder
application. The estimates are available for discrete health statuses ranging from “Poor” to “Ex-
cellent.” The estimates are generated from a CMS developed model that takes the characteristics
of MA plans, behavioral assumptions about how care is received (i.e., in-network), and utilization
patterns from TM data for the plan’s enrollee population. Cost estimates are produced for specific
services (e.g., inpatient hospital acute care, eye exams, hearing exams, etc.) and may be aggregated
up accordingly. I have access to these data from 2007–2020. I obtained these materials through a
Freedom of Information Act request and direct correspondence with CMS staff. These data provide
characteristics of MA plans and TM that are relevant for the utilization and demand models as well
as estimating the size of a plan’s supplemental premium.

Plan Ratings. This data set provides the star ratings used to denote the quality of a MA plan.
I have access to these data from 2007–2020 and they are publicly available on the CMS website.
These data provide characteristics of MA plans that are relevant for the demand model and estimat-
ing the size of a plan’s supplemental premium.
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Plan Payments and Ratebooks. These data sets contains information on plan level payments,
rebates, and risk scores as well as the benchmarks set by CMS. I have access to these materials
from 2006–2019 and they are publicly available on the CMS website. These data are primarily
used when solving the model for counterfactual entry patterns and assessing the validity of the risk
scores I calculate.

Medicare Geographic Variation. These data contain information on the Medicare program and
its beneficiaries at the county-level. I have access to these materials from 2007–2019 and they are
publicly available on the CMS website. These data are primarily used as a diagnostic to test the
validity of the risk scores I calculate.

DRG InterStudy. This data set contains estimated enrollment for all insurance companies at the
county level. The enrollment estimates are broken out by insurance product type (i.e., commercial-
HMO, commercial-PPO,Medicare Advantage, Medicaid managed care, etc.). I have access to these
materials for 2015, 2017, and 2019. These data are used to estimate the identified set of parameters
in firm fixed costs.

AHA Annual Survey and Area Health Resources Files. These data sets contains information
about the number of providers (e.g., hospitals, hospital systems, doctors, etc.) and utilization of
healthcare services at the county level. These data are available with different time coverage but
cover the period from 2007–2018. The Area Health Resource Files are publicly available on the
Health Resource Service Administration. These data are used to estimate the identified set of pa-
rameters in the firm fixed costs. I obtained the AHA data from theWharton Research Data Services.

American Community Survey. This data set contains demographic information at the county
level. Specially, I use these data to measure mean and median income, household size, educational
attainment, andwhat percentage of a county is rural. These data are publicly available on the Census
website. These materials are used within the demand model.

A.2 Demand Sample

The sample used to estimate the demand model combines most of the data sets described in the
previous section. The main file is the Medicare Beneficiary Summary File, which is then sup-
plemented with data sets that contain the characteristics of Medicare Advantage plans and local
markets. The end result is a panel of Medicare beneficiaries from 2017–2018. The sample also
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relies on information from the 2016. The sample restrictions based on individual characteristics
are detailed below.

1. Individuals that do not qualify for Medicare because of their age. This condition means that
beneficiaries that were not 65 by end of the sample year or were eligible for Medicare due to
disability status or having End Stage Renal Disease are dropped.

2. Individuals that were enrolled in Medicare Part A for a different number of months within a
year than they were enrolled in Medicare Part B. This pattern primarily arises because enroll-
ment in Medicare Part A is automatic while beneficiaries must opt into Part B. A beneficiary
may delay enrolling in Part B if they are still working and have employer sponsored coverage.

3. The beneficiary resides in Alaska, Guam, Puerto Rico, or the Virgin Islands. The Medicare
program has idiosyncratic differences in these geographies.

4. The beneficiary has an invalid or missing geographic identifier.

5. The beneficiary is missing data needed to calculate their risk score.

I further restrict the sample based on Medicare Advantage enrollees and plans.

1. The beneficiary is enrolled in a MA plan with missing characteristic information (i.e., bids,
out-of-pocket costs, payments, etc.).

2. The beneficiary is enrolled in an employer sponsored, special needs, or Part B only MA plan.

3. The beneficiary is enrolled in a plan outside of the plan’s official footprint. This pattern can
occur if an individual previously resided in a plan’s footprint but relocated to a new geography
and retained their MA plan.

4. The individual is enrolled in a plan type other than a HMO or Local PPO. Other types of MA
plans in the data include Private Fee-For-Service (PFFS) or Regional PPOs, which either
have different subsidy regulations, small enrollment, or distinct cost structures. HMOs and
Local PPOs enroll the vast majority of MA beneficiaries.

The net result of these restrictions is a sample that contains 73,941,784 beneficiary-year ob-
servations and 40,141,182 unique beneficiaries. The sample contains 3,702 plan-year observations
of 2,263 unique MA plans. See Appendix Table D.1 for a detailed breakdown of the number of
observations that dropped due to each sample restriction.
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A.3 Utilization Sample

This section describes the utilization sample. This discussion includes how I construct the utiliza-
tion metric applied to the Medicare Advantage encounter data and check them for data complete-
ness. I conclude by describing precisely how the encounter data are used to estimate the model.

Utilization Measure Construction. I implement the algorithm proposed by Jung et al. (2022)
to generate the standardized price utilization metric. At a high level this procedure generates these
standardized prices based on Traditional Medicare claims data by netting out price differences at-
tributable to geographic variation and applies them to services that appear in the Medicare Advan-
tage encounter data. As part of their publication, the authors provide SAS code and an implemen-
tation guide that other users can modify to implement the algorithm based on the data they have
available from CMS. I make two adjustments to the procedure proposed by Jung et al. (2022). First,
I define the MA cohort to include all beneficiaries. Second, I use data from all available Traditional
Medicare beneficiaries to construct the standardized prices. In both instances the written procedure
used randomly drawn sub-samples to ease computation burdens. I relax these requirements to make
use of all available data resources.

Data Completeness. The implementation in Jung et al. (2022) provides methods to assess the
completeness of the Medicare Advantage encounter data. The first compares the number of hos-
pitalizations that appear in the inpatient encounter files against those that appear in the MedPAR
files. The second compares the number of emergency department and ambulatory care visits that
appear in the encounter outpatient and carrier files against information that appears in the Health-
care Effectiveness Data Information System (HEDIS). I consider a Medicare Advantage contract to
have a high degree of data completeness if it has at least 2,500 enrollees, the difference between the
number of hospitalizations in the encounter and MedPAR data is less than 10%, and the number of
ambulatory or ED visits in the encounter and HEDIS data are within 20%.

The contacts that I identify as having a high degree of completeness overlaps with the list
reported in Jung et al. (2022). I have fewer contracts than they do because I only have access to a
cohort of the carrier encounter data. Thus, the utilization sample is composed of Traditional Medi-
care beneficiaries included in the 20% random sample defined by CMS and all Medicare Advantage
beneficiaries enrolled in a plan associated with a contract that has a high level of data completeness.
Beneficiaries in the random sample or a MA plan with high data completeness that are not observed
in the claims or encounter data are assumed to have utilized no healthcare in that year.
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Use in Estimation. The utilization sample is used to define the moments to target the parame-
ters of the health state distribution and plan effects on individual utilization patterns. The model
predicted utilization is also used to quantify the marginal costs of plans. This modeling choice
is supported by evidence that documents Medicare Advantage plans paying similar prices as Tra-
ditional Medicare. Since utilization is measured in terms of standardized Traditional Medicare
dollars, the model predicted utilization for a beneficiary also represents their marginal costs. I rely
on these estimates when deriving the moment inequalities to recover the identified set of firm fixed
costs.

A.4 Risk Score Calculation

CMS calculates risk scores for each beneficiary in the Medicare program. The general formula
used in this calculation has three components and is reproduced below.

𝑟𝑖𝑡 = [𝑅𝑖𝑡 (HCC Model𝑡)︸                ︷︷                ︸
Base
score

/ 𝑁𝐹𝑡︸︷︷︸
TM

normalization

] · 1{MA bene 𝑡 − 1} 𝐶𝑃𝐴𝑡︸︷︷︸
Coding pattern
adjustment

(A.30)

The first component is the base score, which is the output of the HCC models developed, main-
tained, and updated by CMS. Each version of the HCC model is publicly available on the CMS
website. The HCC model takes a beneficiary’s demographics (i.e., age, sex, Medicare eligibil-
ity, Medicaid eligibility, etc.) and diagnoses from the prior year as inputs. The diagnoses must be
recorded from inpatient or outpatient hospital visits, physicians, or clinically trained non-physicians
(e.g., psychologist, podiatrist). The HCC models return different base scores for different types of
beneficiaries (e.g., new beneficiaries, dual eligibles, etc.).

The remaining parts of the formula modify the base score. The second component is a nor-
malization factor. This adjustment is defined based on the costs and diagnoses of the Traditional
Medicare population for a rolling reference period. The factor is calculated such that after it is
applied to the base score, the average Traditional Medicare will have a risk score equal to one. The
final component is a coding pattern adjustment that is intended to correct for “upcoding” among
Medicare Advantage plans. The normalization factors and and coding pattern adjustments used by
CMS are published as part of their ordinary course.

As discussed in the main text, these risk scores are generally not made available in the data
sets usable for researchers. I approximate the CMS risk scores with the data available to me based
on Equation (A.30). To calculate the base scores, I gather diagnoses from the TM claims and MA
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encounter data for the years 2016–2018.1 I then feed these into the HCC models for the years
in my analysis sample along with the beneficiary demographics from the Medicare Beneficiary
Summary File. I define the average TM base score within each sample year as the formalization
factor. After applying the normalization factors to the base scores, I apply the reported coding
pattern adjustments to Medicare Advantage beneficiaries. I compute two versions of these risk
scores: one that uses only inpatient diagnoses (which I have for all beneficiaries) and another that
uses inpatient, outpatient, and carrier diagnoses in the data available to me.

B Model and Estimation

In this section I provide additional details about components of the model and its estimation that
are not covered in the main text.

B.1 Healthcare Utilization

Plan Cost Structures and Utilization Solution. The amount of healthcare agents choose to uti-
lize in my model depends on the out-of-pocket costs associated with that level of utilization in their
chosen health plan. While the insurance products examined in this paper are complex and have
many idiosyncrasies, I make two simplifying assumptions to preserve tractability. First, I assume
that the amount of money a beneficiary in a MA plan or TM can be expressed as a function of
the amount of healthcare the beneficiary chooses to consume 𝑄 and (at most) three characteristics
of the insurance contract: a deductible 𝐷, a coinsurance rate 𝐶, and an out-of-pocket maximum
𝑀 . Second, I assume that there are only four out-of-pocket cost structures for Medicare Advantage
plans—one for each network type and financial generosity category. I calibrate the cost structures
for each Medicare Advantage plan and Traditional Medicare. The calibration for Medicare Advan-
tage plans is informed by information included in the plan’s bid template that is submitted to CMS.
Among the information included in these materials are estimates for the dollar value of total cost
sharing and allowed amounts for each beneficiary the plan enrolls. I take the ratio of these values
to generate a pseudo-coinsurance rate for the plan. These templates also report the plan’s out-of-
pocket maxima and deductibles. The calibration for Traditional Medicare is informed by statues.2

Table B.1 reports the calibrated cost functions as well as the analytical expression for the optimal
amount of healthcare to consume within each plan.

1I exclude MA diagnoses generated from chart reviews.
2For 2017–2018 the TM deductible for outpatient care was $183 and a 20% coinsurance. For inpatient care, TM charges
a per-hospitalization deductible which was approximately $1,300 dollars for 2017 and 2018. An examination of the
Cost and Use component of theMedicare Beneficiary Summary File for Traditional Medicare beneficiaries during this
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Table B.1: Calibrated out-of-pocket cost functions and predicted healthcare utilization

HMO Local PPO TM

High Low High Low

Deductible 𝐷 $0 $0 $200 $300 $1,500
Coinsurance 𝐶 6% 10% 8% 10% 20%
Out-of-pocket maximum 𝑀 $3,500 $6,000 $5,000 $7,000 NA

𝑄∗ > 0 ℎ > ℎ̄
𝑄∗ = ℎ NA ℎ ≤ min{ℎ̄1, ℎ̄2} ℎ ≤ ℎ̄1
𝑄∗ = ℎ(1 + 𝜔(1 − 𝐶)) ℎ ≤ ℎ̄2 ℎ ∈ ( ℎ̄1, ℎ̄2) & ℎ̄1 < ℎ̄2 ℎ > ℎ̄1
𝑄∗ = ℎ(1 + 𝜔) ℎ > ℎ̄2 ℎ ≥ max{ℎ̄1, ℎ̄2} NA

ℎ̄1 2𝐷/(2 + 𝜔(1 − 𝐶))
ℎ̄2 2(𝑀 − 𝐷 (1 − 𝐶))/(2𝐶 (1 + 𝜔) − 𝐶2𝜔)

ℎ̄ =


ℎ̄01 if ℎ̄01 < ℎ̄1 else
ℎ̄02 if ℎ̄02 < ℎ̄2 else
ℎ̄03 else

ℎ̄01 = 2𝜔𝜙
ℎ̄02 = 2𝜔(𝐷 (1 − 𝐶) + 𝜙)/(1 + 𝜔(1 − 𝐶)2)
ℎ̄03 = 2𝜔(𝑀 + 𝜙)/(1 + 𝜔)2

Notes: This table summarizes the calibration of the out-of-pocket cost functions and the analytical solution for
healthcare utilization for each plan type within the model.

These calibrations align with stylized facts about Traditional Medicare and Medicare Advan-
tage plans. In general, Traditional Medicare tends to have higher costs because of coverage gaps
and no out-of-pocket maximum. This pattern is what drives many Traditional Medicare beneficia-
ries to supplement their coverage with additional insurance policies like Medigap. Part of Medicare
Advantage’s value proposition is that it tends to have lower out-of-pocket costs relative to Tradi-
tional Medicare because it fills those coverage gaps. HMOs tend to have lower costs relative to
PPOs, which is reflected in the calibration. However, HMO plans tend to have stricter measures in
place that enrollees have to clear before utilizing care the plan will cover (i.e., referrals and prior
authorization). These additional steps Medicare Advantage plans take to reduce utilization among
their enrollees is captured by the plan-type component included in the hassle cost of utilizing care.

The middle panel of Table B.1 reports the analytic solution for the optimal amount of health-
care for a beneficiary to consume. These expressions depend on an individual’s health state ℎ𝑖𝑡 ,
moral hazard parameter𝜔𝑖, and plan choice. These expressions have intuitive interpretations. Given
the hassle costs of utilizing care 𝜙𝑖 𝑗 𝑡 an individual must have a sufficiently large health need to justify
consuming a positive amount of healthcare. These hassle costs also capture measures MA insurers
may use to limit the amount of care their beneficiaries consume. Once this health threshold is met,

time period indicates that the average TM beneficiary that utilized inpatient care paid about this amount out-of-pocket.
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individuals in plans with a deductible face a marginal cost of one and will consume healthcare at
that rate. As health needs grow and the beneficiary approaches their deductible amount, their uti-
lization will jump beyond their deductible in anticipation of the lower marginal cost of consuming
care due to the cost sharing with coinsurance. This behavior induces them to consume healthcare
above their health state, which is traditionally interpreted as moral hazard spending and is partially
mitigated by cost sharing. Similar logic applies for the discontinuity MA beneficiaries face as they
approach their plan’s out-of-pocket maximum. After reaching ℎ̄2 spending discontinuously jumps
to consume the full amount of care informed by their health state and moral hazard parameters, con-
sistent with the fact that the marginal cost of care at this point is zero. The final item to note is that
if the size of the coinsurance region for a plan is small relative to a beneficiary’s moral hazard pa-
rameter, it is optimal for them to immediately jump from the deductible region to the out-of-pocket
maximum region.

Computing 𝑄∗
𝑖 𝑗 𝑡 for a given set of model parameters requires integrating over the unobserved

heterogeneity in the health state distribution. I employ quadrature to handle this integration in a
relatively simple manner. I use nine nodes (𝑛𝑠) to approximate the joint distribution of the observ-
able component of health state distribution mean and the moral hazard parameter ( �̄�, log𝜔). These
nodes and associated weighting matrix are denoted by 𝑑𝑠 and𝑊𝑠 respectively.

For a given 𝑠 node, I can evaluate draws from the health state distribution. Notice:[
�̄�𝑖𝑡𝑠

log𝜔𝑖𝑠

]
=

[
X𝜇
𝑖𝑡𝛽𝛽𝛽

𝜇

X𝜔
𝑖 𝛽𝛽𝛽

𝜔

]
+ 𝑑𝑠 · chol

([
𝜎2
𝜇

𝜎2
𝜇,𝜔 𝜎2

𝜔

])
(B.31)

where “chol” denotes the Choleksy decomposition of the variance covariancematrix. I use 27 nodes
(𝑛𝑏) to approximate the health state distribution, whose nodes and weighting matrix are denoted
by 𝑑𝑏 and𝑊𝑏. Thus for a given set of model parameters and 𝑠 and 𝑏 nodes the health state for an
individual is:

ℎ𝑖𝑡𝑠𝑏 = exp( �̄�𝑖𝑡𝑠 + 𝑑𝑏 X𝜎
𝑖𝑡 𝛽𝛽𝛽

𝜎︸︷︷︸
=𝜎ℎ,𝑖𝑡

) (B.32)

From here it is straightforward to compute the node specific optimal healthcare utilization �̂�∗
𝑖 𝑗 𝑡𝑠𝑏

and apply the quadrature weights to integrate over the health state distribution:

�̂�∗
𝑖 𝑗 𝑡𝑠 =

𝑛𝑏∑
𝑏=1

𝑊𝑏 · �̂�∗
𝑖 𝑗 𝑡𝑠𝑏 (B.33)

Agents make the healthcare utilization decision conditional on their plan choice. Thus, the
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node specific optimal healthcare utilization �̂�∗
𝑖 𝑗 𝑡𝑠 must be weighted by the node specific probability

the individual enrolled in plan 𝑗 , which is denoted by 𝑠𝑖 𝑗𝑚𝑡𝑠. After weighting �̂�∗
𝑖 𝑗 𝑡𝑠 by the choice

probabilities, I apply quadrature to integrate out the remaining unobserved heterogeneity and re-
cover �̂�∗

𝑖 𝑗 𝑡 :

�̂�∗
𝑖 𝑗 𝑡 =

𝑛𝑠∑
𝑠=1

𝑊𝑠 · 𝑠𝑖 𝑗𝑚𝑡𝑠 · �̂�∗
𝑖 𝑗 𝑡𝑠 (B.34)

B.2 Plan Choice

Agents in the model pick the Medicare Advantage plan (or Traditional Medicare) from their plan
menu J𝑚𝑡 that maximizes their expected utility. The expectation is taken over the distribution of
their future health state. Calculating choice probabilities from this model present two challenges.
The first is the double exponentiation introduced by the CARA utility function and the second is
integrating over the unobserved heterogeneity in the health state distributions. To address the former
and avoid numerical issues, I follow Marone and Sabety (2022) and use certainty equivalent utility
to construct choice probabilities, while quadrature is used to integrate the unobserved heterogeneity.
Thus, for a given set of model parameters and 𝑠 node an individual certainty equivalent utility for
plan 𝑗 is (𝑈𝐶𝐸𝑖 𝑗𝑚𝑡𝑠):

𝑈𝐶𝐸𝑖 𝑗𝑚𝑡𝑠 = 𝑙𝑖 𝑗𝑚𝑡𝑠 −
1
𝜓

log

(
𝑛𝑏∑
𝑏=1

𝑊𝑏 · exp[−𝜓(𝑙𝑖 𝑗𝑚𝑡𝑠 (ℎ𝑖𝑡𝑠𝑏) − 𝑙𝑖 𝑗𝑚𝑡𝑠)]
)

(B.35)

where 𝑙𝑖 𝑗𝑚𝑡𝑠𝑧 = Eℎ [𝑙𝑖 𝑗𝑚𝑡𝑠𝑧 (ℎ𝑖𝑡𝑠𝑧𝑏)]. Given the assumptions on 𝜁𝑖𝑔 + (1 − 𝜎)𝜖𝑖 𝑗𝑚𝑡 , the node specific
choice probabilities take the nested logit form. Applying quadrature integrates out the unobserved
heterogeneity:

𝑠𝑖 𝑗𝑚𝑡𝑠 =
exp(𝑈𝐶𝐸𝑖 𝑗𝑚𝑡𝑠/(1 − 𝜎))

1 +
∑
ℓ∈J𝑚𝑡

exp(𝑈𝐶𝐸𝑖ℓ𝑚𝑡𝑠/(1 − 𝜎))︸                           ︷︷                           ︸
≡𝐷𝑖𝑔𝑚𝑡

(B.36)

𝑠𝑖 𝑗𝑚𝑡𝑠 = 𝑠𝑖 𝑗𝑚𝑡𝑠
𝐷 (1−𝜎)
𝑖𝑔𝑚𝑡

1 + 𝐷 (1−𝜎)
𝑖𝑔𝑚𝑡

(B.37)

𝑠𝑖 𝑗𝑚𝑡 =
𝑛𝑠∑
𝑠=1

𝑊𝑠 · 𝑠𝑖 𝑗𝑚𝑡𝑠 (B.38)
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Finally, market shares 𝑠 𝑗𝑚𝑡 are obtained by integrating over the population of individuals
within the market. Let𝑊𝑖𝑚𝑡 and 𝑀𝑚𝑡 denote the weight on each individual in market and the market
size. Market shares are computed as:

𝑠 𝑗𝑚𝑡 =
𝑀𝑚𝑡∑
𝑖=1

𝑊𝑖𝑚𝑡 · 𝑠𝑖 𝑗𝑚𝑡 (B.39)

B.3 Subsidy Choice and Unobserved Costs

In this section, I provide additional details about service areas and how I recover unobserved MA
plan costs. Defining service areas is important to determining the set of direct and indirect com-
petitors for MA plans. Unobserved plan costs are important to capture as my healthcare utilization
metric does not include all potential claim/encounter types and does not capture non-utilization
based costs associated with enrollment.

Service area definition. The geographic space where Medicare Advantage plans compete are
called service areas. Service areas are defined at the state level. For larger states like California,
Texas, and Florida, service areas are subsets of counties within the state based on commonly un-
derstood geographic boundaries (i.e., South Florida, West Texas, Southern California, etc.).

Observed entry patterns of plans largely align with these service area definitions. For the
plans with an observed footprint that spans multiple service areas, I assign them to their primary
service area where the plurality of their enrollees are located. For purposes of estimating the model,
these plans make endogenous decisions within their primary service area but are taken as exogenous
players in the other service areas where they are present.

Recovering unobserved costs. I used data on MA plan margins to recover unobserved costs.
Given these data and my parameter estimates for the health state distribution and consumer demand,
I solve Equation (15) analytically for 𝜆 𝑗 𝑡 .

B.4 Stage 2 Estimation

This section describes the moments used to estimate the Stage 2 parameters of the model as well
as the estimation algorithm.

To estimate the Stage 2 parameters I use the general method of moments. The overall pro-
cedure resembles a micro-BLP application and follow many of the best practices recommended by
Conlon and Gortmaker (2023).

56



Let M(𝜃) denote the vector of moment equalities that target healthcare utilization patterns
and the IV restriction and depends on the model’s parameters. I search for the parameter vector
𝜃 = {𝜃1, 𝜃3} that solves:

𝜃 = arg min
𝜃

M(𝜃)′WM(𝜃) (B.40)

where W is a positive definite weighting matrix.

I first obtain an initial estimate for the optimal weighting matrix Ŵ based on initial guesses
for 𝜃 that fits the moments reasonably well. Given this estimate for Ŵ I search for the parameter
vector 𝜃 which solves Equation (B.40). Once this process converges, I update my estimate for the
optimal weighting matrix and repeat the search process. After the two-step estimation procedure is
complete I obtain standard errors using the standard formula for the variance-covariance matrix of
the GMM estimator.

Below is a description of the steps in the estimation algorithm for a candidate 𝜃.

1. Compute the health state realizations ℎ𝑖𝑡𝑠𝑏 given the candidate parameter vector.

2. Compute the relevant quantities from the health state distribution to construct the model
moments. These calculations are done for each category of observable heterogeneity 𝑐 in
each plan network-generosity type and the outside option.

3. Compute the utilization stage utility (see Equation (7)) for each health state realization. This
requires recovering the out-of-pocket costs associated with the model implied𝑄∗

𝑖 𝑗 𝑡𝑠𝑏 for each
plan choice type in the model. Hassle costs are recovered given the a candidate parameter
vector.

4. For each market 𝑚:

(a) Recover the mean utility parameter 𝛿 𝑗𝑚𝑡 using the Berry et al. (1995) contraction map-
ping that allows model predicted plan-level market shares to match their data analogs
(i.e., 𝑠 𝑗𝑚𝑡 (𝛿, 𝜃) = 𝑠 𝑗𝑚𝑡). I use the SQUAREM algorithm proposed by Varadhan and
Roland (2008) to speed up the convergence of this fixed point.

(b) Use the model choice probabilities to construct the model predicted healthcare utiliza-
tion and plan choice moments for the individuals in the market.

5. Recover the demand residual 𝜉 𝑗𝑚𝑡 for the IV moment using the 2SLS formula.

6. Compute the moments in M(𝜃) and evaluate the objective function in Equation (B.40).

The estimates for 𝜃2 are recovered post-estimation using the formula for the 2SLS estimator
with the values for 𝛿 𝑗𝑚𝑡 associated with the 𝜃 estimates as the dependent variable. Estimates for 𝜃4
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are recovered from the auxiliary regression in Equation (18). Given these parameters estimates, I
can recover the empirical distribution of the demand and efficiency shocks 𝑒 = (𝜉, 𝜀), which are
used when deriving the moment inequalities.

B.5 Stage 1 Moment Inequality Derivation and Inference Details

Derivation. This section provides additional technical details related to the derivation of the mo-
ment inequalities used to estimate the parameters in Stage 1 of the model. As discussed in the main
text, firms are endowed with CMS contracts that determine all possible plans the firmmay offer in a
service area. These contracts are network type specific and all plans offered under the contract have
the same provider network and quality rating. Given this structure deviations from the observed
decisions have a product characteristic and geographic component.

Let’s first consider the characteristic deviations within a single market. To fix ideas, suppose
we observe a firm with an HMO contract that entered plan 𝑗 in market 𝑚 as a low generosity HMO.
There are two possible deviations to consider: plan 𝑗 could have entered as a high generosity HMO
or the firm could have also offered a second plan 𝑘 as a high generosity HMO in themarket alongside
𝑗 .3 If a firm is observed to hold both HMO and PPO contracts within the service area, then same
logic generates 14 possible deviations relative to the observed equilibrium.4

Now we can add the geographic component of the deviations. Let’s further suppose that the
service area in question has only four counties. For the firm with only an HMO contract there are
4,094 possible deviations where they enter at least onemarket and offer at least one product.5 By the
same logic, for a firm with an HMO and PPO contract there are over 1.15e18 possible deviations.
Thus it is necessary to place restrictions on the types of deviations that are permissible to maintain
tractability.

I start this process by defining the competitively relevant firms within a service area. A firm
falls into this category if the share of MA beneficiaries it enrolls within its primary service area
is greater than 5%. Firms that do not meet this threshold comprise the competitive fringe. These
firms are not considered as part of the deviation sets and their decisions are taken as exogenous
when solving the counterfactual equilibria. Next I define similar plan pairs among the competitively
relevant firms. Two plans are considered similar if they are offered in the same service area, have

3In cases where the firm offers the high generosity plan HMO 𝑘 in markets other than 𝑚 this deviation is equivalent to
saying that plan 𝑘 also enters 𝑚.

4The 14 deviations arises from the 24 − 2 possible configurations of 4 possible plan types where at least one plan is
offered and one of the possible configurations is observed in data.

5This number arises from the fact that there are 4 possible markets with 3 possible plan offerings in each market. Thus
there are 212 − 1 possible entry configurations where at least one market is entered and one of these configurations is
observed, leaving 4,094 deviations.
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the same network type and generosity level, star ratings within half a point, and a premium within
a single standard deviation. For each plan in the similar plan pair, I iteratively simulate adding
or removing the plan for each market within the service area holding fixed decisions about other
markets and the choices of other firms. This process involves computing a firm’s expected profits
over the distribution of the demand and efficiency shocks 𝑒 = (𝜉, 𝜀). I take draws from this empirical
distribution, compute the equilibrium given these draws, and average over the draws to compute the
firm’s expected profits.

After simulating the observed and counterfactual equilibria for the competitively relevant
plans, I account for selection bias. As discussed in the main text, I leverage assumptions on the
structural shocks 𝜈2 to employ a two level differencing strategy. The first difference is within firm
and isolates the change in variable profits from adding or removing a market from a plan’s observed
footprint (see Equation (23)). The second difference is across similar plan pairs, where the isolated
variable profit deviations involving adjacent markets are subtracted (see Equation (25)). I obtain
unbiasedmoment inequalities for estimation by averaging over all adjacent market deviations within
a plan.

Inference. I construct estimates for the identified set of fixed costs parameters by inverting the test
statistic in Chernozhukov et al. (2019) for their SN1 subvector inference procedure. This method
is attractive because it requires no tuning parameters and has a closed form for critical values,
which reduces its computational burden. As described in the main text, the test statistic is based
on studentization of the moment inequalities. To illustrate how it is constructed, let 𝐷 denote the
total number adjacent market pairs for a plan. Let 𝑚 𝑗 (𝜃) denote the inequality that eliminated the
selection bias for plan pair 𝑗 (i.e., Equation (25)):

𝑚 𝑗 (𝜃) =
∑
𝐴

∑
J𝑛𝑚𝑡

E[Δ−𝐹 (𝑚, 𝑚′) − Δ+ EΠ(𝑚, 𝑚′) − Δ+𝜈1(𝑚, 𝑚′)] ≤ 0 (B.41)

The mean and standard deviations for moment 𝑘 are:

𝜑𝑘 =
1
𝐷

𝐷∑
𝑑=1

𝑚𝑘𝑑 (𝜃) 𝜍𝑘 =

√√√
1
𝐷

𝐷∑
𝑑=1

(𝑚𝑘𝑑 − 𝜑𝑘 )2 (B.42)

These values for each moment are used to compute the test statistics:

𝑇 = max
1≤𝑘≤𝐾

√
𝐷𝜑𝑘
𝜍𝑘

(B.43)
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which are then assessed against the critical value for significance level 𝛼:

𝑐(𝛼) = Φ−1(1 − 𝛼/𝐾)√
1 −Φ−1(1 − 𝛼/𝐾)2/𝐷

(B.44)

I use the following procedure to invert the test statistics and construct the estimates for each
subvector of the identified set.

1. Define a grid of 1,000 starting values for each parameter.

2. For each starting value in the grid minimize the test statistic until it falls just below the critical
value.

3. Repeat for the entire grid of starting values for the parameter of interest.

4. Results from the optimization for each parameter represent the 1 − 𝛼 confidence set of the
identified set of fixed cost parameters.

C Counterfactual Analyses

To compute the counterfactual equilibria of the model in a tractable way, I follow the procedure
proposed by Lee and Pakes (2009). This approach has been used by other papers that solve models
with multiple equilibria (see e.g., Wollmann, 2018). The method is based on an iterative best
response. The procedure for solving for the equilibrium plan menu in year 𝑡 proceeds as follows:

1. Set the initial plan menu in each market to what was observed in year 𝑡 − 1 and endow the
firms with a move order.

2. The first firm in the order best responds to 𝑡 − 1 plan menu.

3. The second firm best responds to the 𝑡−1 planmenu that includes the first firm’s best response.
This process continues for each firm in the move order.

4. After all firms have play their best responses, the process returns to the first firm. The algo-
rithm stops when all firms have played without changing their best response.

An equilibrium in this procedure will satisfy the three Stage 1 entry conditions in Equations
(EC.1)–(EC.3) that was used to derive the moment inequalities. As a result the procedure will yield
an equilibrium consistent with the simultaneous moves of firms in the model. The move order is
determined by service area market shares in 𝑡 − 1.
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D Additional Tables and Figures

Table D.1: Summary of sample restrictions, 2017–2018

Traditional Medicare Medicare Advantage Overall

N Share N Share N Share

Individual criteria
Initial sample 81,710,363 100 42,626,265 100 124,336,628 100
Age < 65 12,802,560 15.7 5,564,770 13.0 18,367,330 14.8
Months Part A ≠ months Part B 11,197,972 13.7 341,081 0.8 11,539,053 9.3
ESRD or disabled 917,720 1.1 565,679 1.3 1,483,399 1.2
Invalid county ID 139,523 0.2 6,921 0.0 146,444 0.1
Alaska, Guam, Puerto Rico, or Virgin Islands 240,568 0.3 909,508 2.1 1,150,076 0.9
Missing risk score input 296,473 0.4 13,578 0.0 310,051 0.3
CMS aggregation criteria 246,745 0.3 298,147 0.7 544,892 0.4

MA criteria
SNP, ESP, Part B only, or outside footprint 11,821,593 27.7 11,821,593 9.5
Missing plan characteristics 327 0.0 327 0.0
Non HMO or local PPO 3,000,316 7.0 3,000,316 2.4
Multiple segments 2,576,255 6.0 2,576,255 2.1
Analysis sample 55,817,400 17,579,492 73,396,892

Unique beneficiaries 30,462,460 9,438,819 39,901,279
Plan-year observations 3,624
Unique plans 2,207

Notes: This table summarizes the criteria used to isolate the analysis sample. These are based on individual and
MedicareAdvantage characteristics. Each row reports the number of beneficiaries impacted by each restrictions.
The “N” column reports the number of beneficiaries and the “Share” column reports this value as a share of the
initial sample of all Medicare beneficiaries.
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Table D.2: Nested logit demand estimates, 2017–2018

(1)
Premium -0.54∗∗∗

(0.06)

Supplemental revenue 0.59∗∗∗
(0.16)

log MA share 0.52∗∗∗
(0.01)

Year FE ✓

Contract FE ✓

Star rating ✓
Observations 24,572

Notes: ∗ ∗ ∗𝑝 < 0.01; ∗ ∗ 𝑝 < 0.05; ∗𝑝 < 0.1. Standard errors clustered at the market-level. This table reports
estimates for a nested logit demand model. These estimates are used in the reduced form analysis presented in
Section III.
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Table D.3: Individual level summary statistics, 2017–2018

MA TM

Mean SD P10 P90 N (1,000s) Mean SD P10 P90 N (1,000s)

Demographics
Age 74.9 7.3 67.0 86.0 17,579.5 75.4 8.0 66.0 87.0 55,817.4
Female 56.6 49.6 0.0 100.0 9,951.7 56.3 49.6 0.0 100.0 31,401.3
Low Income 10.2 30.2 0.0 100.0 1,788.3 12.8 33.4 0.0 100.0 7,161.2
New Medicare 3.9 19.3 0.0 0.0 680.0 4.8 21.5 0.0 0.0 2,707.1
New Medicaid 0.4 6.4 0.0 0.0 72.6 0.6 7.5 0.0 0.0 311.8
Died 3.1 17.3 0.0 0.0 541.5 4.1 19.9 0.0 0.0 2,295.1
Active Choice 21.6 41.2 0.0 100.0 3,803.3 5.4 22.6 0.0 0.0 3,012.5
Risk score (IP) 0.9 0.8 0.5 1.2 17,579.5 1.0 1.1 0.5 1.7 55,817.4
Risk score (IP-OP-CAR) 1.2 1.1 0.4 2.4 17,579.5 1.0 1.2 0.4 2.1 55,817.4
Util (Std. $) 8.4 24.2 0.0 21.7 6,216.3 10.7 20.1 0.5 28.8 7,383.2
Util (Std. $) | Use 9.7 25.8 0.5 24.6 5,391.3 11.0 20.3 0.7 29.4 7,175.1

Markets
White 77.8 15.4 55.8 95.0 17,579.5 80.8 15.0 59.0 96.1 55,817.4
Median Income 23,588.0 5,490.8 17,666.4 31,051.6 17,576.5 23,619.0 6,146.5 16,871.4 32,529.9 55,807.9
College 31.0 9.5 18.7 43.8 17,579.5 29.7 11.1 15.8 45.5 55,817.4
Average Normalized Risk Score (IP only) 1.0 0.1 0.9 1.0 17,579.5 1.0 0.1 0.9 1.0 55,817.4
Share New Beneficiaries 6.2 0.6 5.5 6.9 17,579.5 6.1 0.6 5.3 6.9 55,817.4
Share New Medicaid 1.1 0.6 0.5 2.1 17,579.5 1.0 0.5 0.5 1.6 55,817.4
Share Medicaid 20.5 8.4 11.6 33.6 17,579.5 19.1 7.7 11.0 30.0 55,817.4
Medicare Death Rate 3.7 0.4 3.3 4.2 17,579.5 3.7 0.4 3.3 4.3 55,817.4

Sample size
Beneficiary-Years 17,579.5 55,817.4
Beneficiaries 9,438.8 30,462.5
Panel Sample 15,734.5 51,256.7

Notes: This table compares Medicare Advantage and Traditional Medicare beneficiaries in our analysis sample
based. “Active Choice” measures whether a beneficiary changed their coverage option relative to the prior
year or if they were new to the Medicare program. Healthcare utilization is measured in terms of standardized
dollars. All market demographics except the rural share, college degree, and median income are measured for
the Medicare population.
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Table D.4: Summary statistics of MA sample, 2017–2018

Other MA Utilization sample

Mean SD P10 P90 N (1,000s) Mean SD P10 P90 N (1,000s)

Demographics
Age 74.9 7.3 67.0 86.0 11,363.2 74.9 7.3 67.0 86.0 6,216.3
Female 56.7 49.6 0.0 100.0 6,438.7 56.5 49.6 0.0 100.0 3,513.0
Low Income 10.0 30.0 0.0 100.0 1,137.3 10.5 30.6 0.0 100.0 651.0
New Medicare 3.9 19.4 0.0 0.0 444.6 3.8 19.1 0.0 0.0 235.4
New Medicaid 0.4 6.5 0.0 0.0 48.7 0.4 6.2 0.0 0.0 23.9
Died 3.1 17.2 0.0 0.0 348.7 3.1 17.3 0.0 0.0 192.8
Active Choice 21.0 40.7 0.0 100.0 2,382.8 22.9 42.0 0.0 100.0 1,420.5
Risk score (IP) 0.9 0.8 0.5 1.2 11,363.2 0.9 0.8 0.5 1.2 6,216.3
Risk score (IP-OP-CAR) 1.1 1.1 0.4 2.2 11,363.2 1.3 1.2 0.4 2.6 6,216.3
Util (Std. $) 0.0 8.4 24.2 0.0 21.7 6,216.3
Util (Std. $) | Use 0.0 9.7 25.8 0.5 24.6 5,391.3

Markets
White 77.4 15.6 55.8 95.0 11,363.2 78.6 15.0 55.8 94.8 6,216.3
Median Income 23,827.7 5,653.8 17,877.5 32,067.9 11,362.0 23,149.8 5,150.6 17,512.1 30,145.4 6,214.5
College 31.2 9.6 18.9 44.1 11,363.2 30.6 9.4 18.6 42.9 6,216.3
Average Normalized Risk Score (IP only) 1.0 0.1 0.9 1.0 11,363.2 1.0 0.1 0.9 1.0 6,216.3
Share New Beneficiaries 6.2 0.6 5.5 6.9 11,363.2 6.2 0.6 5.4 6.9 6,216.3
Share New Medicaid 1.1 0.6 0.5 2.1 11,363.2 1.0 0.5 0.5 1.7 6,216.3
Share Medicaid 20.8 8.4 12.0 33.6 11,363.2 19.9 8.2 11.4 31.3 6,216.3
Medicare Death Rate 3.6 0.4 3.3 4.1 11,363.2 3.7 0.4 3.3 4.2 6,216.3

Sample size
Beneficiary-Years 11,363.2 6,216.3
Beneficiaries 6,443.5 3,542.2
Panel Sample 9,860.4 5,327.3

Notes: This table compares Medicare Advantage beneficiaries in our analysis sample based on whether they
were enrolled in a contract with a high degree of data completeness. All beneficiaries in one of these contracts
enter the utilization sample and are used to estimate the health state parameters. “Active Choice” measures
whether a beneficiary changed their coverage option relative to the prior year or if they were new to theMedicare
program. Healthcare utilization is measured in terms of standardized dollars. All market demographics except
the rural share, college degree, and median income are measured for the Medicare population.
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Table D.5: Summary statistics of TM sample, 2017–2018

Other TM Utilization sample

Mean SD P10 P90 N (1,000s) Mean SD P10 P90 N (1,000s)

Demographics
Age 75.4 8.0 66.0 87.0 48,434.2 75.4 7.8 67.0 87.0 7,383.2
Female 55.8 49.7 0.0 100.0 27,020.9 59.3 49.1 0.0 100.0 4,380.4
Low Income 12.1 32.6 0.0 100.0 5,862.9 17.6 38.1 0.0 100.0 1,298.2
New Medicare 5.0 21.8 0.0 0.0 2,411.8 4.0 19.6 0.0 0.0 295.4
New Medicaid 0.5 7.4 0.0 0.0 263.4 0.7 8.1 0.0 0.0 48.5
Died 4.1 19.9 0.0 0.0 1,990.5 4.1 19.9 0.0 0.0 304.6
Active Choice 5.5 22.9 0.0 0.0 2,681.3 4.5 20.7 0.0 0.0 331.2
Risk score (IP) 1.0 1.1 0.5 1.6 48,434.2 1.1 1.2 0.5 1.8 7,383.2
Risk score (IP-OP-CAR) 0.9 1.1 0.4 1.7 48,434.2 1.7 1.6 0.4 3.6 7,383.2
Util (Std. $) 0.0 10.7 20.1 0.5 28.8 7,383.2
Util (Std. $) | Use 0.0 11.0 20.3 0.7 29.4 7,175.1

Markets
White 80.8 15.0 59.1 96.1 48,434.2 81.0 15.0 58.5 96.1 7,383.2
Median Income 23,603.2 6,142.1 16,871.4 32,529.9 48,425.7 23,722.4 6,174.5 16,889.6 32,734.7 7,382.3
College 29.7 11.1 15.8 45.0 48,434.2 29.8 11.1 15.8 45.7 7,383.2
Average Normalized Risk Score (IP only) 1.0 0.1 0.9 1.0 48,434.2 1.0 0.1 0.9 1.0 7,383.2
Share New Beneficiaries 6.1 0.6 5.3 6.9 48,434.2 6.1 0.6 5.3 6.9 7,383.2
Share New Medicaid 1.0 0.5 0.5 1.6 48,434.2 1.0 0.5 0.5 1.6 7,383.2
Share Medicaid 19.1 7.6 11.0 29.9 48,434.2 19.2 7.8 11.0 30.3 7,383.2
Medicare Death Rate 3.7 0.4 3.3 4.3 48,434.2 3.7 0.4 3.3 4.3 7,383.2

Sample size
Beneficiary-Years 48,434.2 7,383.2
Beneficiaries 26,459.9 4,002.6
Panel Sample 43,948.9 6,761.0

Notes: This table compares Traditional Medicare beneficiaries in our analysis sample based on whether they
appear in the claims data. Beneficiaries with claims data enter the utilization sample and are used to estimate the
health state parameters. “Active choice” measures whether a beneficiary changed their coverage option relative
to the prior year or if they were new to the Medicare program. Healthcare utilization is measured in terms of
standardized dollars. All market demographics except the rural share, college degree, and median income are
measured for the Medicare population.
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Table D.6: Parameter estimates

Variable Parameter SE
Health state distribution

Mean 𝜇ℎ Risk score 𝑄1 0.591 0.0009
Risk score 𝑄2 0.862 0.0008
Risk score 𝑄3 1.025 0.0007
Risk score 𝑄4 1.824 0.0007
Female -0.187 0.0002
Low income -0.024 0.0002
Age > 84 0.090 0.0003
Market mortality rate 0.037 0.0002
Market Medicaid eligibility -0.067 0.0002

Variance 𝜎ℎ Risk score 𝑄1 1.148 0.0006
Risk score 𝑄2 1.176 0.0004
Risk score 𝑄3 1.160 0.0003
Risk score 𝑄4 0.976 0.0004

Hassle cost 𝜙 TM -1.985 0.0051
MA HMO 0.168 0.0014
MA PPO -0.133 0.0013

Mean moral hazard log𝜔 Constant -0.699 0.0018
Unobs het 𝜎𝜇, 𝜎𝜔 Health state mean 0.689 0.0010

Moral hazard 0.553 0.0028
Corr(𝜇ℎ, log𝜔) -0.259 0.0021

Demand
Premium 𝛼 Mean -6.403 0.1886

Low income -3.190 0.0075
Utilization utility 𝛽 Mean -1.144 0.0012

Low income 0.342 0.0006
Supplemental revenue 𝛾 1.175 0.4190
Nesting parameter 𝜎 0.528 0.0008
TM-MA switching cost 𝜄 -0.763 0.0002
CARA 𝜓 -0.975 0.0037

Contract FEs ✓
Year FEs ✓
Star rating FEs ✓
Beneficiary-year observations 73,396,892
Plan-year observations 3,624

Notes: This table reports estimates for the health state distribution and demand parameters. Estimates are
obtained from a two-stage GMM procedure that targets observed utilization and plan choice decisions and IV
restrictions. Confidence intervals are constructed from standard errors obtained from the variance-covariance
matrix of the GMM estimator.
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Table D.7: Supplemental revenue as a function on plan characteristics, 2017–2018

Supplemental revenue
High generosity plan 0.46∗∗∗

(0.01)

HMO 0.18∗∗∗
(0.01)

Benchmark 0.12∗∗∗
(0.01)

Year FE ✓

Plan star rating ✓

Mean of Dep Var 0.85
Observations 3,622

Notes: ∗ ∗ ∗𝑝 < 0.01; ∗ ∗ 𝑝 < 0.05; ∗𝑝 < 0.1. Robust standard errors are in parentheses. This table reports
estimates from an OLS regression of the supplemental revenue an MA plan needs to fund additional benefits
relative to TMontoMAplan characteristics. Supplemental revenue is measured in thousands of dollars annually
per-beneficiary. The unit of analysis is at the plan level.

Table D.8: Summary of Massachusetts Medicare Market, 2018

Market share

Firm Offered plans Markets All MA only

Tufts Health Plan HMO (L-H) 8 3.40 32.99
Blue Cross-Blue Shield of Mass. PPO (L-H), HMO-H 11 2.39 23.20
United Health HMO (L-H) 7 2.04 19.75
Baystate Health HMO (L-H) 4 1.03 9.99
Harvard Pilgrim HMO (L-H) 7 0.69 6.66
Fallon Community HMO (L-H) 4 0.66 6.40
Aetna PPO-L, HMO-L 7 0.11 1.03

Medicare Advantage 12 10.30 –
Traditional Medicare 14 89.70 –

Total markets/beneficiaries 14 784,249 80,811

Notes: This table reports the observed market structures for Massachusetts in 2018.
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Table D.9: Equilibrium outcomes under alternative subsidy systems (ranges)

Baseline Untargeted Targeted

Markets entered (%)
PPO-L [0.21, 0.79] [0.21, 1.00] [0.21, 1.00]
PPO-H [0.21, 0.79] [0.21, 1.00] [0.21, 0.79]
HMO-L [0.21, 1.00] [0.21, 1.00] [0.21, 1.00]
HMO-H [0.21, 1.00] [0.21, 1.00] [0.21, 1.00]

Probability offered
PPO-L [0.00, 1.00] [0.00, 1.00] [0.00, 1.00]
PPO-H [0.00, 1.00] [0.00, 1.00] [0.00, 1.00]
HMO-L [0.00, 1.00] [0.00, 1.00] [0.00, 1.00]
HMO-H [0.00, 1.00] [0.00, 1.00] [0.00, 1.00]

Benchmark ($1,000)
PPO-L [9.96, 10.65] [9.96, 10.65] [8.76, 9.45]
PPO-H [9.96, 10.65] [9.96, 10.65] [8.76, 9.45]
HMO-L [9.96, 10.65] [9.96, 10.65] [8.76, 9.45]
HMO-H [9.96, 10.65] [9.96, 10.65] [8.76, 9.45]

Average risk score
PPO-L [0.77, 0.85] [0.82, 0.84] [0.76, 1.04]
PPO-H [0.74, 0.90] [0.74, 0.94] [0.00, 0.88]
HMO-L [0.90, 0.99] [0.93, 1.03] [1.10, 1.18]
HMO-H [0.80, 1.01] [0.85, 1.06] [0.90, 1.10]

. [.05, .39] [0.25, 0.58] [0.10, 0.36]
Market size and selection

MA share (%) [0.05, 0.39] [0.25, 0.58] [0.10, 0.36]
MA risk score [0.83, 0.94] [0.85, 0.99] [1.02, 1.15]
TM risk score [1.07, 1.15] [1.13, 1.18] [1.04, 1.07]

Per-bene risk adjusted government cost ($1,000)
MA [9.29, 10.46] [9.42, 11.04] [8.33, 9.76]
TM [9.15, 10.01] [9.63, 11.00] [9.36, 10.21]

Notes: This table reports how simulated equilibrium outcomes change as the delivery system for Medicare Ad-
vantage subsidies changes. Each column reports the range of values across all equilibria of the model. The top
panel reports quantities for the strategic plans. The bottom panel reports service area quantities. “Baseline”
refers to the current system, which is a supply side subsidy that is scaled by a beneficiary’s risk score. “Un-
targeted” simulates a system that gives the observed enrollment weighted average risk adjusted pre-beneficiary
subsidy for Massachusetts (approximately $9,432 per year) to consumers to offset the costs of a Medicare Ad-
vantage plan. “Targeted” cuts CMS benchmarks by $1,200 and offers a demand subsidy of $600 to low income
beneficiaries that enroll in Medicare Advantage plans and $300 for non-low income MA enrollees.
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