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1 Introduction

The broad strokes of the pricing-under-consumer-inertia story are straightforward. If consumers

exhibit inertia (e.g. through explicit or implicit switching costs), firms have an incentive to engage

in dynamic pricing (Farrell and Klemperer, 2007): When a firm has a small market share, it reduces

prices to “capture” consumers, and once it has obtained enough share, it raises prices to “harvest”

those consumers even if costs have remained constant over time.

The thrust of this article is to empirically examine the interplay between that story and the

normal story used in the industrial organization literature to estimate marginal costs through

revealed preferences. My setting is the Medicare Advantage (MA) program in the United States,

where costs have potentially first-order policy relevance. MA, which I describe in-depth in Section

2, allows Medicare beneficiaries to forgo the Traditional Medicare (TM) fee-for-service benefit

structure and enroll in one of many differentiated health plans offered by private firms. The

firm assumes the financial and logistic responsibilities of the enrollee’s care and in return receives

premiums from the enrollee and a risk-adjusted per-capita payment from the government.1 Firms

must cover everything that Medicare covers, and may offer supplemental benefits.

These competing systems have been the source of much public policy debate, as many com-

mentators have pointed to the U.S.’s fragmented mechanism for financing health care as a source

of inefficiency; a single-payer system, they argue, would deliver health services at a lower total cost

to society (Woolhandler et al., 2003, Weisbart, 2012). Others have argued that much of the rise in

spending over the past decades has come from other factors such as a lack of competition at key

points in the supply chain and the solution is to increase competition throughout the health care

system (Cogan et al., 2005, Parente, 2018). A direct cost comparison between TM and MA – that

is, a comparison of the dollars spent by the risk bearing agent (either the government or a private

firm) to provide promised services – could have implications for the entire U.S. population.

TM expenditures are available through public records. Expenditures by MA firms, however,

1I define the price of an MA plan to be “premiums paid by the enrollee which do not vary with utilization” and
use “price” and “premium” interchangeably. I do not include out-of-pocket costs such as copays as those vary with
the number of services used. I account for these other factors in my demand system separately.
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are trade secrets, and so many have used a “static” revealed preference approach to infer costs

in MA (Town and Liu, 2003, Dunn, 2010, Curto et al., 2018).2 However, as Handel (2013) found

in other health insurance settings, Miller, Petrin, Town, and Chernew (2019, hereafter MPTC)

estimate significant switching costs in MA and thus firms may engage in dynamic pricing and

product design strategies.

I analyze MA using microdata on consumer demographics and choices, and administrative data

on plan options and market shares, from 2008-2015. I start by describing these data and presenting

reduced-form evidence of dynamic behavior in Section 3: firms which earn a higher market share

in one period increase their prices and decrease their generosity more in the next period than firms

which earn lower shares. I then write a dynamic model of oligopoly in Section 4 focusing on the

intertemporal incentives driven by consumer inertia. On the demand side I adopt the discrete choice

model of MPTC which in addition to switching costs captures heterogeneity in preferences for plan

premiums and benefits – in other words those who are sicker may prefer more generous plans and

may have different incomes and thus different price elasticities of demand. On the supply side,

forward-looking multiproduct firms choose prices and benefits to maximize profits given their costs

– which may vary by consumer thus generating the potential for adverse selection – and information

about their competitive environment including the distribution of consumer heterogeneity.

I take the dynamic model to the data in Section 5. Computing a full-information Markov-

Perfect Equilibrium is computationally intractable due to the number of competitors in this setting

(the median number of firms in the markets I consider is 9), the degree of consumer heterogeneity,

and the corresponding dimensionality of the state space. I therefore define a restricted-information

equilibrium concept inspired by the Oblivious Equilibrium framework of Weintraub et al. (2008)

which may be of independent methodological interest. The restricted information set focuses on the

effect of competitive pressure on a firm’s ability to attract consumers rather than the sources of that

pressure yet maintains the potential for correlation between consumers’ health and price elasticity.

I estimate the model’s parameters in two steps. First, I estimate the demand-side parameters

2The inferred costs referenced here (along with the cost estimates I produce) are “economic” costs, not accounting
costs, and can be interpreted as the dollar amount that MA firms must be spending on marginal enrollees to justify
the firms’ observed behavior. I discuss this nuance further when I present the results in Section 6.
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following the maximum likelihood and instrumental variables approach of MPTC. Second, I form

moments from the restricted-information model’s predictions of optimal firm behavior and compare

them to their sample equivalents to estimate the parameters of the firms’ marginal cost function

(Newey and McFadden, 1994).3

In Section 6 I present my primary finding that, averaged across the markets in my data, firms

expect to spend $7,784 per year to insure a healthy individual and $19,280 to insure an unhealthy

individual when they provide coverage with no supplemental premium (i.e. at the same cost to the

consumer as TM). In contrast, TM spends an average of $8,080 on healthy individuals and $17,250

on unhealthy individuals. This stands in contrast to the previous literature, which generally finds

lower costs for MA firms.

This result is driven by the data and the difference between the way in which the static and

dynamic approaches interpret that data. The static approach assumes that firms play a series of

one-shot Bertrand-Nash games in prices and uses the first-order conditions of the firms’ profit-

maximization problems to “back out” marginal costs (Berry et al., 1995). Ceterus paribus, if this

estimator observes a firm with low prices, it infers low costs. The dynamic estimator, however,

assumes that period games are intertemporally linked via market shares. If it observes a firm with

low prices which also has a low share, it concludes that some portion of that low price stems from

the incentive to capture customers, and therefore that the firm’s costs are higher than the price

alone implies. On the other hand, if it observes a low-price, high-share firm, it concludes the firm

is harvesting and thus the firm’s cost may be even lower than the static model would estimate.

The data are characterized by a preponderance of firms with low market shares and low prices

which drive my estimates of cost. I re-estimate the model with the static approach, which only sees

the low prices, and find costs which are 13% lower than the dynamic estimates. I also show that if

I observe a number of firms with low prices and high shares, the dynamic estimator concludes that

harvesting is taking place and can produce lower cost estimates than the static estimator. Thus,

in general, static estimates of dynamic pricing games can be biased in either direction, depending

on the extent to which the data is characterized by firms with high or low shares.

3MacKay and Miller (2019) discuss the interchangeability of instruments and supply-side model assumptions.
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I therefore contribute to the ongoing discussion about ways in which dynamic incentives can

affect the pricing behavior of firms and thus bias static estimates of costs. Besanko et al. (2014)

find similar pricing dynamics in environments with learning-by-doing. Hendel and Nevo (2006)

show demand-side dynamics in the form of stockpiling bias static estimates of elasticity (which

drive marginal cost estimates). Goettler and Gordon (2011) estimate a model of dynamic duopoly

to investigate innovation incentives in durable goods markets.

My work also contributes to the broader literature on inertia in health insurance. Ho et al.

(2017) study consumer behavior in the Medicare Part D (prescription drug) market and use a static

counterfactual exercise to conclude that inertia leads to greater expenditures for both consumers

and the government. Handel (2013) studies inertia and selection in employer-provided insurance and

finds that reducing inertia leads to increased selection. As in that work, I assume that consumers

are myopic to simplify my analysis. Indeed, Abaluck and Gruber (2011, 2016) argue that Part D

consumers did not improve their ability to select plans over time as the market matured, though

Ketcham et al. (2012) provide some evidence that consumers update their beliefs about future drug

usage from past experiences.

Finally, my results on the relative profitability of different individuals contribute to the debate

around selection and risk adjustment in MA. Brown et al. (2014) use data on Medicare expenditures

to study the changes in incentives created by the introduction of the risk adjustment system used

by the government to compute MA subsidies. Newhouse et al. (2012) and Newhouse et al. (2015)

argue that firms have little incentive to cream-skim under the risk-adjustment system, though my

results correspond with other evidence that selection incentives remain (Aizawa and Kim, 2018).

2 The Medicare Advantage Program

Medicare was created in 1965 to address the lack of health insurance among senior citizens.4 The

original system provided basic hospital (Part B) and medical (Part B) insurance to seniors (age

65 or older). Under its fee-for-service (FFS) structure, private health-care professionals provide

4See McGuire et al. (2011) for a comprehensive history of the Medicare Advantage program.
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services to beneficiaries and receive payments from Medicare according to a pre-set reimbursement

schedule. Beneficiaries pay applicable copays and/or coinsurance that vary according to the service.

Over time, reforms and changing demographics have slowly expanded Medicare’s role within

the U.S. health care system. In 1972, eligibility was extended to individuals under 65 with certain

disabilities and illnesses. These extensions, as well as expansions to the range of services covered

by the program, led to increased costs. In 1970, Medicare composed about 0.5% of GDP. By 1980,

Medicare had more than doubled in size to 1.1% of GDP.

This growth led policy-makers to experiment with different cost-containment and care-delivery

strategies. In 1982 Congress authorized Medicare administrators to engage in a series of “Part C”

trials based on the ideas of Enthoven (1978) in which the government handed over management

of the medical care of select groups of Medicare enrollees to private insurers in exchange for a

payment that did not vary with the realized medical expenditures of each individual. This program

was brought to the entire country in 1997 under the name Medicare+Choice.

The Medicare+Choice program struggled to attract plans – entry by firms was largely limited to

suburban areas and many rural and inner-city residents did not have access to any plans (Pear and

Bogdanich, 2003). Additionally, since the per-person “capitation” payment was the same for all

enrollees, firms had an incentive to tailor their plans to appeal to only the healthiest (and therefore

most profitable) consumers (Newhouse et al., 2012). As a consequence, nationwide enrollment

hovered near 5 million – less than 10% of the Medicare population.

The Medicare Prescription Drug, Improvement, and Modernization Act of 2003 aimed to fix

these issues with a nearly universal increase in subsidy rates and the introduction of a comprehensive

risk adjustment mechanism supported by research using inpatient encounter data (Ellis et al., 1996,

Pope et al., 2000). Under this system, firms submit demographic and diagnostic data about enrollees

to the Centers for Medicare and Medicaid Services (CMS) at the time of enrollment. CMS assigns

each enrollee a score based on its FFS expenditures on similar individuals in Traditional Medicare

(TM). Payments to firms are then adjusted according to these risk scores. Proponents argued that

this mechanism would compensate firms for taking on risk without reimbursing specific procedures
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– thus maintaining the profit motive which would (in theory) lead to cost reductions. The program

was renamed Medicare Advantage (MA). By 2015, 95% of Medicare beneficiaries had an MA plan

in their county and enrollments had increased to 16.3 million.5

Currently, Medicare beneficiaries may enroll in an MA plan during an “Open Enrollment”

period in the fall of each year.6 Those who do forgo TM benefits and receive care exclusively

through the MA plan. MA enrollees pay the Medicare Part B premium and any premium charged

by the MA plan. Firms compete through pricing, benefit design, and provider networks, and often

heavily market their plans (Aizawa and Kim, 2018). As a consequence, MA plans generally provide

a more generous benefit package than TM, including coverage of service categories not included in

TM such as dental and optometry services. Many plans offer prescription drug benefits.

Firms also differ in their model of care delivery. Most plans are offered by health maintenance

organizations (HMOs), though preferred provider organization plans (PPOs) and private fee-for-

service plans (PFFS) are available in many geographies. HMOs generally employ providers and

operate facilities directly (Markovich, 2003), while PPOs negotiate contracts to form a network of

independent providers (Gabel et al., 1988). Like TM, PFFS plans offer a fixed reimbursement rate

per procedure and providers choose to accept patients on a case-by-case basis. HMOs generally

require recipients to choose a primary care provider and obtain referrals from that provider to receive

specialist services. PPOs may or may not require referrals. Both HMOs and PPOs charge additional

copays or coinsurance for services obtained from ‘out-of-network’ providers. These features arguably

allow HMOs and PPOs to more tightly control both the degree of utilization by plan enrollees as

well as the cost of each service, thus creating the potential for savings over FFS plans.7

The enrollee-specific subsidy paid to insurers is based on a “benchmark” rate for each county

5The Affordable Care Act contained provisions to reduce payments to MA plans (CMS, 2010, Obama, 2016). In
the analysis in Section 6, I focus on MA plans with zero premiums to capture those plans which are closest to TM in
benefits. To the extent that these cuts forced firms to reduce benefits and more closely match TM, this policy change
only makes my comparison more appropriate. In any case, an earlier draft of this article which only included data
from 2008-2010 (i.e. before the majority of the cuts were implemented) found similar qualitative results.

6Beneficiaries may also enroll in MA when they become newly Medicare eligible and after certain life events (e.g.
relocation, death in the family, etc.).

7MA allows firms to register as ‘Regional PPOs’ if they cover a large area – at minimum an entire state. Regional
PPOs face a slightly different subsidy formula but otherwise operate similarly to other plans. As these plans receive
roughly 1% market share I group them with other PPOs.
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which varies across geographies and over time (Newhouse et al., 2012). CMS calculates the schedule

each year by computing county-level averages of risk-adjusted per-capita FFS Medicare spending.

Counties are then ranked by this average spending and grouped by quartile. The provisional

benchmark rate for each county is set equal to the average spending measure multiplied by a

percentage which varies with the quartile: 95% for counties in the top quartile, 100% for the

second, 107.5% for the third, and 115% for the bottom quartile. Finally, CMS applies a cap and

floor that varies by Census-defined urban/rural county status.

Each year, after benchmarks after released, insurers submit plan-level ‘bids.’ The bid for each

plan represents the insurer’s offer to provide a particular set of benefits to a person of average

risk residing in a particular county starting in January of the next year in exchange for a stated

payment – firms therefore may make decisions at the county-year level and I thus define markets

at this level for analysis.8 The bid amount may be above or below the benchmark rate. Plan bids

which are above the benchmark rate must charge premiums to enrollees. Plan bids which are below

the benchmark rate earn 75% of the difference as a ‘rebate.’ MA plans that offer a prescription

drug benefit submit a separate bid which maps in a similar way to a Part D premium.

At the beginning of my data, the rebate payment was equal to 75% of the difference between the

bid and the benchmark. In 2008, CMS introduced a system to measure insurer quality by assessing

performance along multiple dimensions and assigning a summary ‘star rating’ to firms. In 2012,

after multiple iterations of the criteria, CMS began using the rating to determine the rebate for

each firm’s plans. Under this new approach, firms with at least 4.5 stars (out of five) earn 70%

of the difference between the benchmark and the bid. New entrants and those with 3.5 or 4 stars

earn 65% of the difference. All others earn 50%. Additionally, firms with at least 4 stars have a

5% bonus applied to the benchmark rate itself (CMS Office of the Actuary, 2017).

Let φjt capture this star bonus (if any) to the benchmark applied to plan j in year t and let

λjt capture the rebate percentage. The payment from CMS to insurers for an enrollee i living in

8I do not model the bidding process explicitly, though I use information about bids to determine the payments
offered to each firm.
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county m enrolled in plan j in year t based on a benchmark Bmt can be calculated with

Paymentijt =


Bmt × φjt ×RiskAdjustmentit if bidjt ≥ Bmtφjt

(bidjt + λjt× (Bmt × φjt − bidjt))×RiskAdjustmentit if bidjt < Bmtφjt

. (1)

For simplicity, I denote the market-level (i.e. county-year level) benchmark with Bm and denote

risk-neutral (i.e. RiskAdjustment = 1.0) plan-specific payments with Bj .

3 Data and Reduced Form Evidence

To analyze the pricing behavior of firms and infer costs from that behavior, I combine CMS admin-

istrative data on plan design and enrollment with microdata on consumer demographics and choices

from the Medicare Current Beneficiary Survey and geographic data from the Census Bureau.

3.1 Medicare beneficiaries

My data on the Medicare population come from the Medicare Current Beneficiary Survey (MCBS),

a nationally-representative, rolling-panel survey sponsored by CMS and produced by Westat. Par-

ticipants are interviewed in-person and over-the-phone over three years and responses are linked to

CMS administrative data to ensure accuracy. The Medicare population is sampled via a multi-level

clustering procedure. First, several focus geographies consisting of metropolitan statistical areas or

groups of contiguous non-metropolitan counties are chosen semi-randomly to reflect the diversity

of the United States. Within each focus area, Medicare beneficiaries are chosen according to a

weighted randomization procedure. This clustering ensures that, although I do not observe benefi-

ciaries in every county, within a given area there is variation in demographics and plan enrollment.

The MCBS provides sampling weights which I use throughout my analysis.

I collect the MCBS responses for 2008-2015.9 I observe detailed demographic information,

including income, age, sex, race, and education. Respondents self-report their health status, choos-

ing between Excellent, Very Good, Good, Fair, and Poor. I collapse these into two categories:

9The MCBS did not release data for 2014.
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“healthy” which includes Excellent, Very Good, and Good, and “unhealthy” which includes Fair

and Poor. I also observe the respondent’s county of residence and their MA plan, if any.10

To model the MCBS micro-data as draws from the process that generates the plan-level en-

rollment data described below, I first construct a number of administrative indicators to capture

individuals in the MCBS data who do not fall into the standard Medicare-eligible set often studied

in the literature (i.e. age 65-plus retirees without outside insurance). As these individuals can and

do purchase MA plans I cannot exclude them entirely. These variables include indicators for indi-

viduals with employer-provided insurance plans, those whose original Medicare eligibility was not

age-related, those with end-stage renal disease (ESRD), and those who are not full-year enrollees

in Part A and Part B. I then exclude Medicaid-eligible individuals and those with missing address

information. After applying these exclusions, the sum of the MCBS sample weights differs from

the CMS-reported number of eligible people by less than 1%.

Those who do not enroll in MA have access to other insurance options, and variation in the

price of those options may change the demand for MA plans. I focus on Medicare supplemental

insurance (a.k.a. Medigap) which pays for care not covered by TM. The design of Medigap plans

is standardized by CMS: all “Plan A” policies offer the same benefits regardless of the insurer.

For each person, I obtain the rate for Medigap Plan C offered by United Healthcare that year

from Weiss Ratings. Plan C covers most of the coinsurance and deductibles that beneficiaries are

responsible for under TM and is the most popular Medigap plan.11

Summary statistics on my 58,444 individual-year observations covering 2,947 county-year mar-

kets and 32,993 unique individuals are reported in Table 1. The first two columns report means and

standard deviations across all observations. The mean age of individuals in my data is 73. Slightly

more than half of my observations are of females. Over 90% of individuals are coded by CMS as

White, with 7.9% Black and 1.0% Hispanic. Over 75% self-report “Good” or better health. 24%

10In some years, the MCBS does not report the plan choice directly and instead reports which firm the individual
has chosen, along with information about plan features and any premiums paid by the individual. I match this data
to the plan data to identify each individual’s choice.

11Massachusetts, Minnesota, and Wisconsin have alternative plan definitions; in those states I use the rate for the
plan closest to Plan C. Additionally, United Healthcare did not offer plans in New York during my study period. For
individuals in New York, I averaged the Plan C rates offered by all other insurers.
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report having college degrees and 18% did not graduate high school. 33% receive some insurance

from a current or previous employer, and 16% are Medicare-eligible for reasons other than turning

65. The second set of columns splits the data by MA enrollment. On average, MA enrollees have

lower income, are less likely to be White, and have lower educational attainment. Individuals with

employer-provided insurance or with ESRD are less likely to be enrolled in MA.

The third set of columns illustrates the panel nature of the data and focuses on panel observa-

tions for which the individual was enrolled in TM in the previous year – 23,278 observations total.

I split the data into those who switched from TM to MA (4.3% of observations), and those who

remained on TM. Those who switched are generally similar to the larger group of MA enrollees.

Some differences are seen in health status – switchers from TM to MA are slightly healthier on

average than the broader MA population.

3.2 Medicare Advantage plans

CMS maintains a public website which allows consumers to compare the benefits of plans offered in

their location during each Open Enrollment period. I obtain the database driving this website from

CMS for the years 2008 to 2015. I extract plan premiums, the Part B premium reduction (if any),

an indicator for prescription drug coverage of any kind, and indicators for HMO and PPO plan

types. Separately, I collect firm-level “Star” ratings, plan-level bids,12 and county-level benchmarks

from other CMS sources. I also collect average risk-adjusted TM spending at the county level.

Each year, CMS calculates and publicizes out-of-pocket cost (OOPC) estimates for each plan.

CMS creates these estimates by forming a representative bundle of services used by TM enrollees in

different demographic groups. CMS then calculates the out-of-pocket costs for that bundle under

each plan’s benefit structure, which implicitly assumes that service-level consumption patterns do

not change between TM and MA. I collect the OOPC estimate for each plan for an enrollee of

self-determined “Good” health between the age of 70 and 74.

I collect county-level plan coverage and enrollment counts to transform the data into the plan-

12I do not observe the bids directly and instead observe plan-level risk-adjusted payments, including the rebate pay-
ment, county-level enrollments and benchmark rates. Combined with the CMS payment rules described in Section 2,
I can uniquely identify a bid for each plan-county-year observation.
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county-year level and calculate market shares. I focus on the market for individual insurance

described in Section 2 and therefore drop plans sponsored by employers and plans designed for

individuals who are “dual-eligible” for Medicare and Medicaid as these plans operate under a dif-

ferent administrative structure. Due to CMS data restrictions, I drop plan-county-year observations

with fewer than ten enrollees. For consistent presentation, I focus on plans which fall within my

microdata sample area.

In what follows, it is useful to collapse the various non-price plan characteristics into a single

measure reflecting the relative generosity of each plan (Lustig, 2011). Which the out-of-pocket

cost estimate provides a potential index (and one used by CMS), MPTC and others have shown

that other plan characteristics such as drug coverage or the restrictions required by HMO plans

influence both consumer behavior and costs. As these characteristics are captured in the form

of indicator variables, and likely have a significant subjective component (e.g. the disutility of a

primary care visit to obtain a referral), the various characteristics do not immediately map to a

single continuous measure. I use the demand system estimated by MPTC: I take the estimated

coefficient on each characteristic to measure the tradeoff between alternative plan characteristics

and construct a “generosity index” for each plan.13 Appendix Table A.1 reports these parameters

and the distributions of the relevant characteristics.

Table 2 presents the mean characteristics of my 50,593 plan-county-year observations separated

by price quartiles. As 43% of my observations have a price of zero, I separate those observations

into their own column. In general, more expensive plans are associated with increased benefits

measured both by changes in the various characteristic measures and through the generosity index.

More expensive plans also tend to be offered by firms with a higher Star rating, though firms across

the distribution of Star ratings tend to offer plans at a variety of price points.14

13MPTC estimates coefficients for a number of additional plan features such as the plan deductible and specific
copays. They interpret these coefficients as the relative value of specific financial terms of the plan, holding everything
else (including the overall out-of-pocket cost) constant. As in reality these features co-move with the out-of-pocket
cost estimate, I exclude them from the generosity index to avoid double-counting.

14It is for this reason, that I do not incorporate the Star rating directly into the generosity index as well as the
difficulties caused by the changing definition of the Star rating over time. Appendix Table A.2 reports summary
statistics by generosity quartile and shows that in general more generous plans are offered by firms with a higher Star
rating.
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3.3 Reduced form evidence of dynamic behavior

The existence of consumer inertia in the form of switching costs suggests that firms may have an

incentive to engage in dynamic pricing and product design behavior: offer a low price in one period

and then raise the price (or lower product quality) once some market share has been obtained

(Cabral, 2016).

Figure 1 illustrates an example of this behavior by a particular plan in the data by plotting the

share obtained by the plan in the previous year (i.e. the number of enrollees “locked in” to the plan’s

network) and the price in the current year. When the plan’s share increases, its price increases and

vice-versa. The correlation coefficient between the “prior-year share” and “current-year price” for

this particular example is 0.731.

While this example is illustrative, it is anecdotal at best. To test for this behavior more

comprehensively, let pjt and gjt be the price and generosity of plan j in period t, respectively.

Define ∆pjt = pjt − pjt−1 and ∆gjt = gjt − gjt−1. If firms are engaging in dynamic behavior, ∆p

and ∆g should be correlated with sjt−1, the share obtained by plan j in the last period. I test for

this by taking advantage of the panel nature of my plan data and estimating the coefficients of

∆pjt = βsjt−1 + FX + εjt (2)

where FX stands for fixed effects and εjt is the unobservable term.

To estimate this equation (and the analogous expression for ∆g), I restrict my attention to

plans which are offered across multiple years – i.e. plans which are offered under the same CMS

contract and with the same unique identifier. As firms often re-organize their plan offerings, this

limits me to roughly half of my plan-county-year observations.

I report OLS estimates in Table 3. The first set of columns uses ∆p as the left-hand-side variable

and the second set of columns uses ∆g. For each dependent variable, I report results with no fixed

effects, and with combinations of firm and county fixed effects. Across specifications, there is a

positive association between sjt−1 and ∆pjt; in other words, those plans that obtained a higher
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market share last year increased their prices more this year. The magnitude of the association is

even stronger when firm and geographic fixed effects are included, suggesting that cost shocks that

occur at the firm or county level are not to blame for this pattern. The results for ∆g are weaker:

there is a negative correlation between last year’s market share and the change in generosity across

years in the raw data, but the connection becomes weaker when firm fixed effects are considered.15

I conclude that the data are consistent with a dynamic pricing story – that firms are likely to

pursue capture and harvest opportunities mainly through the price channel and possibly through

the benefit design channel. Identifying the extent to which this behavior biases estimates of firm

costs, requires a structural model of supply and demand which incorporates the dynamic incentives

generated by inertia.

4 A Model of Dynamic Competition

In this section I introduce a model of dynamic competition in Medicare Advantage. The demand

side is similar to MPTC: heterogeneous consumers face a discrete choice of plans described by a

price and a generosity index. They incur a cost if they switch insurers. Following Handel (2013)

and Aizawa and Kim (2018), I assume consumers are myopic.16 On the supply side, multi-product

firms simultaneously choose the price and generosity of their plans and solve a recursive problem

that incorporates the intertemporal tradeoff generated by the switching costs.

4.1 Environment and timing

Let m denote markets (taken to be counties) and t denote periods. For each market and period,

there is a set of firms Fmt. Each firm f offers a set of plans Jf ; these sets are taken to be exogenous.

15This pattern persists when I restrict my attention to those plans with zero premium.
16In other words, consumers do not consider how their choice of plan today may affect the relative desirability

of plans (and thus their realized utility) tomorrow. Ketcham et al. (2012) argue that some patients in Medicare
Part D are able to learn from their realized drug expenditures when making future plan choices though they do not
consider provider-driven inertia or learning. Relaxing this assumption would likely impose neoclassical intertemporal
preferences with a discount factor close to one, though Dalton et al. (2018) argue that that model does not explain
Medicare beneficiary behavior well. Nosal (2012) estimates such a demand model and finds extremely high (perhaps
implausibly so) switching costs. Incorporating such a demand model into this analysis would be computationally
intractable given the dynamic oliogopolistic competition on the supply side. While Goettler and Gordon (2011)
estimate a model with dynamic firms and consumers, their environment is a duopoly which affords them several
simplifications to firm strategies and the relevant state space.
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Each plan j consists of a price pj , generosity gj , and unobservable quality ξj . Each market also has

a set of consumers Imt. Each individual i has demographic characteristics drawn from fImt which

include the current enrollment in an MA plan, if any.

Each period begins with the government exogenously setting a schedule of benchmarks at the

market level {Bm}t and Medigap insurers exogenously determining a price schedule p0mt. Bm

maps to plan-specific subsidies via Equation 1 – the parameters φ and λ are taken to be exogenous.

Firms publicly observe the subsidies and the current market share distribution – i.e. the distribution

fImt – and privately observe cost shocks ωj . They simultaneously choose their prices and product

characteristics for each of their plans. Consumers then choose a single plan or the outside option

of TM. Profits and the next state of the market – i.e. the updated distribution fImt – are then

realized.

4.2 Demand

Consumers have characteristics zi which include an income bracket w ∈ W and a health type h

(healthy or unhealthy). Let wi be a set of indicators which are equal to one if consumer i is a

member of group w, and let hi be one if the consumer considers themselves ‘healthy.’

Consumers enter the period enrolled in plan k. I define two indicators Ssij to capture the effect

of this previous enrollment on utility. Let S1ij be equal to one if k is the outside good – I call this

the Medicare-to-MA indicator. Let S2ij – the MA Interfirm indicator – be one if k is offered by a

different firm than j.

Let uijmt denote the consumer’s utility from enrolling in a particular plan j. Dropping the

market and time subscripts, the choice specific utility is given by

uij =

(
α+

∑
w

αwwi

)
pj + βggj + βghhigj +

∑
s

(βs + βshhi)Ssij + βzzi + ξj + εij . (3)

The utility of the outside good varies with the price schedule of supplemental insurance {p0}.
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Let p0i represent the price faced by individual i. ui0, the utility of the outside good, is given by

ui0 = β0pi0 + εi0. (4)

I normalize the outside good by subtracting β0pi0 from each uij .

In these equations, α + αw captures price sensitivity for income group w. βg captures the

impact of generosity, which may vary by health via βgh. βs + βsh captures the (potentially health-

status dependent) switching costs through a direct utility term, similar to Handel (2013). βz

captures heterogeneous tastes for MA over TM across demographics. Following standard practice,

I decompose the unobservable portion of utility into two components. ξj represents the portion of

unobserved plan utility that is common across individuals. εij represents the idiosyncratic taste of

consumer i for plan j.

Following Berry et al. (1995), it is useful to rewrite the choice-specific utility into a product-level

mean

δj = αpj + βggj + ξj (5)

and an individual-specific deviation from that mean

µ′ij =
∑
w

αwwipj + βghhigj +
∑
s

(βs + βshhi)Ssij + βzzi + εij . (6)

Let µij = µ′ij − εij . Let εij be drawn independently from the Type-I extreme value distribution.

The probability that consumer i chooses plan j then takes a logit form

qij ≡ Pr(i chooses j) =
exp(δj + µij)

1 +
∑

k∈Jm exp(δk + µik)
. (7)

4.3 Supply

Firms start each period with common knowledge of the distribution of consumer demographics,

including enrollment status, and the per-enrollee subsidy they receive Bj .
17 Firms choose the

17I do not explicitly model bidding, though I account for it in my calculation of Bj .
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prices pj and product characteristics gj , ξj for a fixed set of plans simultaneously. I abstract away

from entry and exit decisions and from the possibility of economies of scope (i.e. the firm’s profit

function is additively separable across markets). I model marginal costs mcij as a function of the

plan generosity gj , individual health status hi, market-level characteristics Xm, and unobservable

component ωj with

mcij = γhhi + γggj + γghgjhi + βXXm + ωj . (8)

The cost “shock” ωj consists of any component of costs which are constant across individuals and

uncorrelated with the observables gJ and Xm. These costs could include the cost of advertising

(Aizawa and Kim, 2018), the cost of contracting with specific hospitals or other providers (Lewis

and Pflum, 2015), or changes in the cost of capital or reinsurance (Hall, 2010). As many of these

factors may influence demand as well, I allow ωj and ξj to be correlated. I do not explicitly model

the variance in spending driven by individual-specific health shocks. As a consequence if firms are

risk-neutral this marginal cost can be viewed as the expected marginal cost of enrolling person i

before their individual specific health conditions are realized. Insofar that firms employ actuaries

to calculate expected costs as a normal part of their product design process, this simplification is

unlikely to have first-order implications.

Let Qm be the number of people in the market. Given these costs and the demand model above,

and using variables without subscripts to indicate the vector of choices available in the market, the

firm’s period profit is

πf =
∑
j∈Jf

[∫
i∈Im

(pj +Bj −mcj)qij(p, g, ξ)Qmdi
]
. (9)

The switching costs in the demand model imply that qij depends on the current distribution of

consumers across firms and TM. Let sft be an object that contains all payoff-relevant information

about the distribution of consumers enrolled in any plan offered by firm f at time t.18 Let s−ft be

18sft can be represented with two components: the number of consumers enrolled in one of f ’s plans, and the
distribution of consumer demographics conditional on enrollment in f . Note that since there is no switching cost
incurred when switching between plans within the same firm, conditioning on the firm captures all intertemporallly-
relevant factors.
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the set of consumer information for all firms other than f at time t, s0t be the consumer information

for TM at time t, and st = {s0t, s1t, · · · , sFt} be the full set of consumer information at time t. I

drop the time subscripts and write the firm’s problem using a recursive value function formulation.

Given (p−f , g−f , ξ−f ), the set of products offered by firms other than f , and cost shocks ωf , firm

f maximizes

V (sf , ωf ; s) = max
pf ,gf ,ξf

πf (·) + βEω[V (s′f , ω
′
f ; s′)]. (10)

In this equation, the firm chooses prices and characteristics for all of its products simultaneously.

s′f and s′ indicate the next period’s “share” objects as a function of the choices of all firms. The

expectation is over the cost shocks. A Markov Perfect Nash Equilibrium is defined in this context

as a set of policy functions {pf , gf , ξf}f∈F for each firm as a function of their cost shock and the

industry state such that each policy function solves the maximization problem in Equation 10 when

all other firms play according to their policy function and the evolution of s′ is given by Equation 7.

5 Taking the Model to the Data

The model of the previous section captures the tradeoffs faced by consumers and MA firms. The key

challenge in estimating its parameters lies in the intertemporal incentives embedded in Equation 10

and the nature of the payoff-relevant state for firms. Broadly speaking, previous efforts to estimate

dynamic oligopoly models have largely imposed separability between play in the period game and

the intertemporally-relevant decision. For example, the “quality ladder” model of Ericson and

Pakes (1995) can be seen as a static game between firms with differentiated quality levels with an

intertemporal linkage driven by entry, exit, and the ability of firms to spend some of their period

profits to probabilistically raise their quality level for tomorrow’s static game. Since the model

lacks credit constraints, the prices set by firms each period are the same as those in a completely

static differentiated products environment. As a consequence, the parameters of this game can be

estimated from data in stages: the demand and marginal cost parameters from the period game

can be inferred from market outcomes without any dynamic concerns. The intertemporally-relevant
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parameters (such as the cost of investment and the scrap value of firms) can then be identified with

patterns of entry, exit, and the evolution of firms’ states over time. Alternatively, one may estimate

reduced-form policy functions and laws-of-motion for state variables and then use the optimality

of behavior in equilibrium to back out structural parameters (Hotz and Miller, 1993, Bajari et al.,

2007, Aguirregabiria and Mira, 2007, Pakes et al., 2007).

These approaches run up against two issues in this context. First, there is no separability

between the actions in the period game and the evolution of the state space: the firms’ actions

determine the distribution of consumers that choose to purchase various products, which is precisely

the payoff-relevant state variable for the next period. This implies that marginal cost parameters

cannot be estimated without considering the dynamic incentives. Second, not only is the payoff-

relevant state space continuous, it is also not separable across firms: if one firm manages to obtain

a higher share of (for instance) healthy individuals, that must come at the cost of some other

firm’s share. This adds considerable complication to any attempt to model policy functions and

the evolution of the state space in a reduced-form way.19

A third estimation approach uses moment inequalities derived from the assumption of optimal

play to achieve partial identification (Pakes et al., 2015). However, using this approach in a dynamic

setting requires finding sequences of deviations from observed play which only temporarily perturb

the state space from its observed behavior so that a finite number of terms appear in the moment

condition. For example, Holmes (2011), studying the growth of Walmart, considers single-position

swaps in the order in which stores were opened. In this case it is not certain that a sufficient

number of such sequences of deviations exist to achieve identification.20

I pursue a two-step approach for estimating the parameters of the model. In the first step,

I take advantage of the assumption of consumer myopia and estimate demand parameters using

19It is possible to re-write the problem posed in Section 4 in terms of the frequency distribution of consumers
instead of the probability distribution. This reduces, but does not eliminate, the interconnected nature of the state
space, and also introduces the possibility of errors-in-shares discussed by Gandhi et al. (2013).

20To see this, note that the dimension of the payoff-relevant demographic characteristics can easily exceed the
number of control variables, even when considering all controls across all firms simultaneously. If consumers are
homogenous so that the relevant state has dimension equal to the number of firms (i.e. each firm’s share), the
Berry (1994) inversion implies that any unilateral deviation in one period may be “repaired” in the next period
through appropriately chosen deviations. However, those repairs may involve deviations in the play of multiple
agents, violating the assumptions of Pakes et al. (2015).
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a relatively “off-the-shelf” approach. In the second step, I estimate marginal cost parameters by

repeatedly solving a reduced-information version of the model and applying the method of moments.

Previous work has demonstrated that solving models of dynamic oligopoly in the sense of

finding a Markov Perfect Nash Equilibrium is computationally difficult (Pakes and McGuire, 1994,

2001), even in cases with a single-dimension discrete state variable. To achieve computational

tractability, I follow recent trends in the literature towards relaxing the Markov Perfect solution

concept (Fershtman and Pakes, 2012). In particular, I adopt the Oblivious Equilibrium (OE)

approach of Weintraub et al. (2008) and extend it to this continuous-state-space “market share”

game. Qualitatively, the OE approach models firms as playing against the “average” competitive

state of the world, rather than tracking the exact period-to-period state of each of its competitors.

In doing so, the model reduces to a series of single-agent problems which can be solved through

value function iteration. Weintraub et al. (2008) apply their solution concept to the quality ladder

game and use the average number of firms on each step of the ladder as their information set. The

key insight of my extension is that the information set of firms in OE need only contain what is

necessary to compute a consistent estimate of profits, and need not contain any direct information

about the state of its competitors. In this way, my work runs in parallel to other solution concepts

which limit the information set of firms in some way such of that of Ifrach and Weintraub (2016).

5.1 Estimating demand parameters

I estimate the parameters of the demand system following the approach of MPTC. First, I estimate

the parameters that define µ′ij via maximum likelihood estimation. I then estimate the parameters

that define δj with an instrumental variables approach.

Let θI = {αw, βgh, βs, βsh, βz, β0} be the set of parameters which form µ′ij and ui0. For a given

candidate value θ̃I , I use the Berry (1994) inversion and find the unique set of product-level fixed

effects δj(θ̃I) that match the product shares predicted by the model to the observed shares in the

data. Let Cij be an indicator which is equal to one if person i chose product j in the data. The

19



likelihood function for i is then

Li(Cij ; θ̃I , δ(θ̃I)) = Πjq
Cij

ij , (11)

I recover parameters by maximizing the sum of the log-likelihood functions across individuals,

weighted by the MCBS sample weights.21 At the point estimate θ̂I I store the unique δ̂j and regress

it on observable product characteristics according to Equation 5.

Since ξj is observed by firms and consumers, it may be correlated with the price of the plan. To

identify the coefficients α0 and βg, I assume that ξj is uncorrelated with the observed generosity

gj . This implies both that βg is identified and that instruments formed from gj are valid for

price. I adopt the summation instruments of Berry (1994). Furthermore, following the logic of

Hausman et al. (1994) I use average prices in other counties as additional price instruments under

the assumption that some component of marginal cost is constant across firms in different geographic

markets (such as different counties within the same state).22 Since plans are often offered at the

same price in geographically contiguous counties, I calculate this instrument using “non-contiguous

counties” – that is, for a plan in a county, I calculate the average price of plans in counties of the

same state which do not share borders with the county under consideration.

Table 4 reports the results of my demand estimation procedure. The first panel reports pa-

rameter estimates and standard errors across both the maximum likelihood and regression stages.

Generally speaking, the parameters are similar to the estimates reported by Miller et al. (2019).

The coefficient on generosity, 0.770, is slightly less than one, which is to be expected as the index

is formed under the assumption that the coefficients are perfect substitutes close to their mean

values which is unlikely to hold precisely throughout the distribution of product characteristics.

The coefficient on price, -2.02, is slightly lower than the -3.11 reported by MPTC, though the

95% confidence intervals overlap. I interpret these two results as evidence of the tradeoff between

flexibility and simplicity – my two observables do a good job capturing the variety of plans offered,

but of course a more flexible demand system can tease out more dimensions of differentiation. As a

21In practice, data limitations in certain years of the MCBS prevent me from recovering a unique choice for each
person. In these cases, I eliminate as many options as I can given what I observe about the individual’s selection and
take draws from the conditional distribution of the remaining plans.

22This is consistent with some components of Xm in Equation 8 being constant across markets.
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consequence of this difference in coefficients, the mean elasticity is also slightly smaller in absolute

value than those reported by MPTC though still well above 1.

5.2 An Oblivious Equilibrium approach to estimating supply parameters

With the demand parameters in hand, I turn to the problem of estimating marginal costs. To do

so, I rewrite the model in a simplified form consistent with the OE approach. I begin by considering

the information that firms need in order to calculate profits. First, note that the denominator of

share function can be written as the sum of components from plans offered by a given firm and the

sum of components from plans offered by other firms.

qij =
exp(uij)

1 +
∑

k/∈Jf expuik +
∑

k∈Jf expuik
.

The individual expuik terms will vary across time and plans as different firms experience dif-

ferent cost shocks and obtain different market shares. However, if there are many firms the sum∑
k/∈Jf expuik will have lower variance from year to year. I therefore define the “expected compet-

itive pressure” for consumer i, ri, as

ri = Ef,t

∑
k 6=Jf

exp(uik)

 . (12)

In this equation, the expectation is taken across time, over all of the firms in a market, and is

specific to individual i. The sum is taken over all products offered by firms other than the one

under consideration. In other words, ri represents the expected extent to which the plans offered

by competitors pressure consumer i not to choose a plan from firm f . In particular, a firm can use

ri to calculate an “oblivious” approximation to the share function via

qOij =
exp(uij)

1 + ri +
∑

k inJf
expuik

. (13)

Define the information set If as the set of ri for each consumer, the set of individual-specific

components βzzi to the exp(uij term, the firm’s subsidies Bj , and any other relevant market-level

21



variables. Let sOEfi be the current market share of firm f of each consumer i; define sOEf as the

vector of shares for firm f . Then the oblivious approximation to the value function becomes

V O(sOf , ωf ; If ) = max
pf ,gf ,ξf

∑
j∈Jf

[∫
i
(pj +Bj −mcj)qOijQmdi

]
+ βEω[V O(sO

′
f , ω

′
f ; If )]. (14)

An Oblivious Equilibrium in this context is a set of policy functions σ = {pOf , gOf , ξOf } and an

information set If such that the policy functions solve the maximization problem when the firm

faces the information set and the share sO
′

f evolves according to Equation 13, and the information

set is generated by firms who play according to the policy functions in the sense that the rn are

generated by the choices of firms.

It’s important to note that this definition of equilibrium does not eliminate the dynamic cap-

ture/harvest cycle. While the firms are “playing against” some average level of competition which

is constant over time, their own strategies can freely vary with their current enrollment. One can

interpret this behaviorally as follows: consider an individual firm. This firm knows that in any

given period, some of its competitors will be capturing, and others will be harvesting. On average,

the proportion of firms engaged in each behavior is constant, and so the individual firm does not

need to worry about exactly which firm is engaged in which behavior each period. Against this

backdrop, however, the firm knows its own current market share and can decide whether or not

to capture or harvest based on that information. I return to this issue below after discussing the

empirical implementation of the model.

The benefit of defining equilibrium in this way is that given some information set If , the firm

problem can be solved by single-agent value function iteration. One can then easily simulate cost

shocks and actions to generate ri and a new If . Iterating between these two steps can lead to an

equilibrium for some parameter vector θS (Weintraub et al., 2010).23

Suppose that I can, for any guess of parameters θ̃S , find equilibrium information sets and strate-

gies {σ(θ̃S), If (θ̃S)}. I use these equilibrium strategies to create a method of moments estimator

in the following way. Using notation from Pakes et al. (2015), my model creates an approximation

23This process is not a contraction mapping and so therefore some care must be taken during implementation.

22



πO to the true period profit function π in the following sense:

∂πfj
∂Xfj

=
∂πOfj
∂Xfj

+ ν1fj (15)

In this expression, Xfj represents all of the data I observe about firm f and plan j, including

market-level characteristics. ν1fj represents both expectational and measurement errors at the

firm-plan level. Expectational errors can come from a number of sources, including incomplete

information on the environment or asymmetric information on the states of other firms. In partic-

ular, in addition to the difference between πO and π generated by differences between the actual

competitive pressure and the expected competitive pressure, firms in my model do not observe

each other’s cost shocks. As the policy functions {p, g, ξ} are the result of maximizing the profit

function, any error in the oblivious profit function πO(·) will contribute to the error in the oblivious

policy functions {pO, gO, ξO} as well.

I form an estimator by imposing the conditional moment restriction

E[ν1f (θ0)|If ] = 0 ∀f. (16)

This restriction states that, conditional on their information sets, firms choose their actions

optimally on average – this is equivalent to a restriction on firm behavior: E[σDATA−σMODEL|If ] =

0. Let gi(θ) = hi ·(σDATAi −σMODEL
i (θ)) and gn(θ) = 1

n

∑
i gi(θ), where hi is a vector of instruments

for observation i. Then given some weight matrix W , define the objective function J(θ,W ) =

n · gn(θ)′Wgn(θ). I form an estimate θ̂S by minimizing J .

Since I am imposing a conditional moment restriction, there are an infinite number of possible

instruments – indeed any function of any component of the information set If is a valid instrument.

Chamberlain (1987) shows the efficient set of instruments are formed by the derivative of the

moment restriction with respect to each parameter when the derivative is evaluated at θ0 with

Hf = E

[
∂ν1f (θ0)

∂θ

∣∣∣∣ If] . (17)
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I calculate approximations to these optimal instruments following Berry et al. (1999).

5.2.1 Identification

I assume that, in expectation, firms choose actions optimally given their information on the markets

and the incentives they face from the terms of their value function. Parameters are therefore

identified through their impact on the value function of firms and its derivative. The vector of first

order conditions for optimality of the firm’s value function can be written as follows:

0 =
∑
j

∂πj
∂σf

+ βE

[
∂V

∂σf

]
(18)

This set of first order conditions illustrates the primary incentives faced by firms. Note that

σf is a vector consisting of the features of all of f ’s plans. An expansion of
∂πj
∂σf

would explicitly

reveal a cross-product cannibalization issue for firms through the mechanism of qij : the number

of people you attract to an individual plan is a function of the features of all the plans you offer.

Since firms must offer plans at the same price and features to every consumer in the market, these

inter-plan derivatives are crucial in determining the degree to which firms can price discriminate

between consumers with different preferences.

The second term of these first order conditions captures the intertemporal tradeoff between

today’s profits and tomorrow’s share – and the effect of tomorrow’s share on tomorrow’s profits.

This term is the key difference between this model and previous efforts to model the Medicare

Advantage market. Its value at various points in strategy and state space determines whether

firms are engaging in collecting market share or harvesting that share (Farrell and Klemperer,

2007, Section 2.6.2). Its scale relative to the first term determines the degree to which that behavior

dominates the short-term selection and product cannibalization concerns of the firm.

My estimator identifies the different components of the cost function through intra- and inter-

market variance along with the demand distribution. The model generates a policy function for all

points in the firm’s state space. Differences in observed behavior of firms at different points in that

space within the same market identify the constant and health-specific terms in the cost function.
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Differences in observed behavior of firms at similar points in markets with different attributes

identify market-level cost parameters. The other demographic-specific terms in the cost function

are identified by cross-market variation in the distribution of demographic characteristics.

5.3 Further details

To implement the approach described above, I make a number of further simplifications. First,

I condition all demographic characteristics on healthy/unhealthy status, so that each market has

a distribution of healthy individuals and a distribution of unhealthy individuals, represented by

the MCBS draws. Due to the size of the switching costs, I form competitive pressures for each of

these draws under three enrollment scenarios relative to the perspective of any particular firm: “on

TM,” “on a competitor’s plan,” and “on my plan.” As a consequence, firms in the implemented

estimation routine have an information set that contains six vectors: competitive pressures for

MCBS draws that are healthy or unhealthy under each of the three enrollment scenarios. This

maintains the pattern of correlation between health, income, and inertia. The state space becomes

two-dimensional: the market share that each firm has of healthy and unhealthy people. Further-

more, under the assumption that firms are playing equilibrium strategies on average, I calculate

the expected competitive pressure vectors using the MCBS draws for each market and the demand

parameter estimates. This speeds up computation by several orders of magnitude, as I need only

solve the value function once for each market for each guess of parameters.

The innermost loop in the estimator involves maximizing the profit function repeatedly in order

to update the current guess of continuation values.24 For timely execution, it is necessary to restrict

the choice set available to firms as much as possible. Table 2 shows that 43% of plans are offered

with no annual premium. Furthermore, the modal firm offers two plans. As a consequence I restrict

firms to offering two plans, one of which has zero premium. If firms offer more than two plans, I

share-weight the price and use the Berry inversion to weight the generosity index in such a way

that the predicted share of the combined plan at the demand parameters estimated in Table 4

24This maximization is performed on the order of 100 billion times in the course of estimation and is implemented
with a high degree of parallelism. Contact me for details.
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equals the sum of the shares of the individual plans; thus this simplification does not distort the

raw data.25 I assume cost shocks are distributed normally and discretize them for estimation.

As I am interested in the degree to which insurers might be differentially incentivized to attract

consumers of different health given the potential inadequacies of the risk-adjustment system (Brown

et al., 2014, Newhouse et al., 2015), I must account for differences in both the potential costs and

benefits of serving healthy and unhealthy customers. As discussed in Section 2, CMS uses a number

of demographic and diagnostic variables collected by insurers post-enrollment to assign a risk score

to each enrollee. While I do not observe all of the variables used by CMS in the MCBS, I use the

CMS methodology to obtain an average risk score for healthy and unhealthy individuals in each

county. I use these scores to adjust both the expected TM costs and the MA subsidies for each

plan across the unhealthy/healthy dimension.

To summarize, though I make simplifications for tractability, my estimator still captures crucial

first-order features of the market: consumers have different price sensitivities – which affect their

demand – and different health statuses which affect their demand and their costs to firms. The cor-

relation between these consumer demographics (and thus the ability of firms to drive self-selection

into particular plans) comes directly from the MCBS draws for each market – thus my estimator

captures the spectrum from poor, sick geographies to wealthy, healthy areas. Furthermore, the

reduced-information model still generates capture and harvest behavior. Figure 2 illustrates exam-

ple firm policy functions. The left graph shows the generosity of the zero-premium plan decreasing

as the prior-year share increases, while the right graph illustrates the price of the positive-premium

plan increasing as the prior-year share increases.

The final form of the estimator follows a two-step GMM approach. I start by setting the weight

matrix equal to the identity matrix. I calculate approximations to the optimal instruments and

minimize the GMM objective function to find interim parameters. I then update the weight matrix

using the sample variance-covariance matrix at these interim parameters and similarly recalculate

25This effectively combines the generosity index and the ξj term of the demand system into a single product quality
index that is observed by firms and consumers. In a previous draft of this article, I used the share-weighted generosity
index only and obtained qualitatively similar results. I prefer the approach used here due to the consistency with the
observed market shares.
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the approximate optimal instruments. I minimize the updated GMM objective function to form my

final estimates. As this objective function is non-linear, I start the procedure from several starting

values to increase confidence that I have found the global minimum. I calculate standard errors

following the asymptotic theory of Hayashi (2000, Ch. 7).

6 The Costs of Medicare Advantage

Table 5 reports GMM estimates of Equation 8. Private firm costs are highly correlated with fee-

for-service costs. This is unsurprising given that prior work has found that TM reimbursement

rates are often used as a baseline for payment rates from private insurers (Berenson et al., 2015),

though private insurers may pay slightly less for some services (Baker et al., 2016). While the point

estimates on the generosity-related terms are as expected, only the quadratic term is precisely

estimated. The enrollee’s age does not enter significantly, suggesting that the risk adjustment

system provides appropriate incentives along that dimension. The log of the median household

income enters significantly with a negative sign, though the magnitude is small. Since FFS spending

is correlated with household income,26 I interpret this coefficient to suggest that private firms may

have some advantage over the government at controlling costs in places where incomes are high.

Indeed, the current TM physician payment system includes an adjustment for the local cost-of-living

at the service level (Zuckerman et al., 1990, Bai and Anderson, 2017) whereas private insurers may

provide cost-of-living adjustments that do not vary with the number of services provided i.e. at

the episode level or through hiring salaried providers.27

Table 6 combines these estimates to construct the marginal cost of each plan for healthy and

unhealthy enrollees, and compares those costs to average TM costs. I focus on zero-premium plans

as they effectively compete with TM on price. On average, the marginal cost of a zero-premium

MA plan for a healthy enrollee is $7,784, compared to an average TM cost of $8,080. The marginal

cost of an unhealthy enrollee for the same plan is $19,280, compared to an average TM cost of

26The correlation coefficient between log income and log FFS spending for the markets in my sample is 0.371.
27As part of continuing efforts to control costs, in recent years TM has implemented a strategy that bundles

payments for some diagnoses at the episode level (Cutler and Ghosh, 2012, Press et al., 2016).
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$17,250. The most straightforward conclusion is thus that MA firms may be slightly more efficient

than TM at providing care to healthy enrollees, but face higher costs for unhealthy enrollees.

This interpretation, however, requires some nuance. First, since I am using a revealed-preference

approach, a more accurate statement might be “under the assumption of differentiated product

competition, MA firms on average behave as though their costs of providing care to unhealthy indi-

viduals are greater than TM’s costs.” Second, while the average TM costs I report are accounting

costs calculated from county-level CMS data, the marginal costs I estimate are economic costs. If

insurers face substantial opportunity costs from providing care to an MA enrollee rather than a

member of an employer-sponsored plan, the accounting costs of MA plans may be more in line with

TM costs. Indeed, Dafny (2010) finds that insurers are able to exert some market power in their

negotiations with employers (whereas MA subsidy rates are set independently of the actions of any

individual insurer), suggesting that employer-sponsored-enrollees may be more profitable and thus

that significant opportunity costs may exist. Finally, zero-premium plans do occasionally advertise

benefits which TM does not offer, though they also come with restrictions which TM enrollees do

not face. These differences in benefit design may be non-neutral in the sense that a substantial

portion of the difference between the estimated TM and MA costs may be related to supplemental

benefits – something which can not be explicitly tested with available data.

Though my method for splitting costs and payments across the healthy/unhealthy categorization

matches the CMS method, any flaws in the CMS methodology will flow through to these estimates

(Chen et al., 2015). In particular, Geruso and Layton (2015) and Newhouse et al. (2019) argue

that MA firms are able to “upcode” the diagnoses of their enrollees and receive a risk score that is

between 6%-16% higher than the enrollee “should” receive. Since the risk scores directly affect MA

payments, this result implies that firms may receive subsidies that are roughly 10% higher than

those I calculate. Given the structure of the profit function in my model (Equation 9), unobserved

increased payments would be interpreted by my estimator as decreased costs. As my estimated

MA costs for healthy individuals are only 3.7% lower than TM costs, these results cast doubt on

any conclusion that firms are more efficient for healthy individuals.28

28I have also explored specifications which do not explicitly include TM costs as a measure of MA costs and obtained

28



Table 6 also reports average marginal costs for positive premium plans. The average premium

is $513, and the average plan provides a generosity of 3.69 (relative to an average generosity of 2.55

for zero-premium plans). The cost of these plans (relative to the zero-premium plans) is on average

$436 higher for healthy individuals, and $500 higher for unhealthy individuals, suggesting that the

passthrough rate from premia to benefits is between 85% and 98%. Given CMS’s actuarial rules –

i.e. that premia must be ‘justified’ by expenditures on services (CMS Office of the Actuary, 2017)

– this result is sensible.

The estimator I develop differs from the static first-order condition approach through the inclu-

sion of the dynamic incentives driven by the switching costs. Table 7 compares my results to the

standard approach introduced by Berry et al. (1995). For the purposes of comparison, I weight costs

by the ratio of healthy to unhealthy people in the market to obtain a “risk 1.0” cost. On average,

the statically estimated costs are 13% lower for zero-premium plans ($9,335 versus $10,728) and

9.3% lower for positive-premium plans. The estimated costs are higher under the dynamic approach

than under the static approach for 84% of zero-premium plans and 67% of positive premium plans.

After adjusting for observed risk, the average TM cost is $10,111, or 7.7% higher than MA costs

under the static estimator or 6.1% lower than MA costs under the dynamic estimator. In other

words, the dynamic estimator flips the sign of the qualitative comparison; even when considering

the potential upcoding behavior discussed above, it is reasonable for those using static estimators

to conclude that TM costs are largely lower than MA costs, as others have in the literature (Town

and Liu, 2003, Dunn, 2010, Curto et al., 2018, Miller et al., 2019).

The joint distribution of prior-year shares and current-year prices is illustrated in Figure 3 – the

histogram on the left focuses on zero-premium plans while the scatterplot on the right illustrates

the positive-premium plans in the data. The difference between the static and dynamic estimates is

driven by the the different way in which the two estimators perceive the data. The static estimator

uses elasticities, the subsidy received by the firm from the government, and the assumption of profit

maximization to infer marginal costs. When the static estimator sees a low (high) price, it infers

low (high) costs. In addition to those features of the data, the dynamic estimator also incorporates

qualitatively similar results.
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information about the firm’s prior-period market share. When it sees low prices together with a

low share, it concludes that the price is driven by capture incentives, and so it infers that costs

are higher than the static estimator finds. When it sees low prices together with a high share, it

concludes that the firm is harvesting and so therefore the marginal cost may be lower than the

static estimator finds. As the preponderance of the data consists of firms with low prices and low

shares (75% of the firm-county-year observations in my estimation sample enter the period with

less than 2% market share), the dynamic estimator infers higher costs.

If, instead, the data consisted of firms with larger shares, the dynamic estimator could find lower

costs. To see this, I alter the dataset by dividing each firm’s share by the sum of the shares across

firms. In other words, I scale up each firm’s share so that the sum of the shares across firms within

each market is one, while maintaining the relative share across firms and the prices and generosities

of the various plans as seen in the original dataset. I re-estimate the model with this altered dataset

and report the results in Column (2) of Table 8. While the estimate of the marginal cost of healthy

people is about $300, or 4%, higher than the original estimate, the estimate of the marginal cost of

unhealthy people is about $3,000, or 15%, lower. Aggregating across health status, the marginal

cost of the zero-premium plan is $9,920, closer to the static estimates reported in Table 7. Column

(3) takes this further by keeping only the top two firms by share in each market (if more than two

are present) and redistributing the shares accordingly. The estimated costs for healthy people rise

slightly once more, but the estimated costs for unhealthy people fall by roughly 20% relative to

Column (2). Aggregating across health once more, the marginal cost of the zero-premium plan is

$9,191, below the static estimate.29

7 Conclusion

For some years the industrial organization literature has been concerned with identifying sources

of intertemporal incentives and the extent to which firms engage in dynamic pricing (Chen and

29Parameter estimates for these specifications are in Appendix Table A.3. The standard errors are larger, which I
interpret to mean that the estimator “rejects” the notion that the pattern of prices and generosities seen in the data
is a function of relative shares alone.
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Pearcy, 2010). Some dynamic pricing behaviors based on inertia are obvious: advertisements for

mobile telephone or high-speed internet service with a temporary “promotional” rate or offering

of hardware for new subscribers who sign a long-term contract are ubiquitous (Grzybowski and

Pereira, 2011).30 Yet firms who do not impose explicit switching costs through contract termination

fees can engage in capture and harvest behavior as well. MA plans must accept all applicants during

the open enrollment period each year and may not price discriminate. Still, reduced-form evidence

suggests that these firms engage in dynamic behavior.31 I show that this behavior biases estimates

of marginal cost based on the first-order conditions for profit-maximization by estimating a dynamic

model of differentiated products oligopoly.

This analysis is particularly relevant as MA was sold to policy-makers in part based on the idea

that private firms may be able to provide the same level of coverage at a lower cost than TM could

achieve. With the two systems in place, one public, one partially-private, much political rhetoric

in the United States has focused on future path of the Medicare system, particularly as the U.S.

spends more on health care per-capita than any other country, and yet many outcomes consistently

rank below other industrialized countries (Anderson and Poullier, 1999, Anderson et al., 2005,

Papanicolas et al., 2018). While some have proposed a “Medicare-for-all” approach in which non-

seniors could buy-in to the Medicare system, others have argued for eliminating TM and delivering

legally required Medicare benefits through MA alone (Morone, 2017). Overshadowing this debate

is the concern that, under current policy, Medicare expenditures are expected to rise to 6% of GDP

by 2043 and revenues are not projected to keep pace (Boards of Trustees, 2019).

I find the costs of zero-premium MA plans are on average 12% higher than TM’s costs for

unhealthy individuals. MA costs for healthy individuals are 3.7% lower than TM’s costs, though

if firms are able to engage in upcoding, this apparent advantage may be spurious. Furthermore, I

show that this result is driven by the distribution of shares in the data – if I redistribute shares my

model produces lower cost estimates.

30For examples see https://www.ispot.tv/ad/IOUV/t-mobile-unlimited-new-year-new-phone or https://www.
ispot.tv/ad/oYr4/comcast-xfinity-keeping-up-2999-a-month.

31This point is similar to the theoretical work of Doraszelski and Markovich (2007), who show that advertising
alone can create persistent competitive advantages under either “awareness” or “goodwill” paradigms.
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These results support a view of Medicare as a relatively efficient way to provide medical services

to seniors in the United States, particularly those in poor health. However, this alone does not in-

dicate that a “Medicare-for-all” system would be similarly effective for the working-age population.

For one, as private insurers have been working to find efficiencies for that population for much

longer, it is possible that their relative costs are lower for that population. Additionally, while

the Medicare system does not engage in large-scale rationing, it is not clear that access would be

ensured under a Medicare expansion. Finally, given that MA enrollees are not a random sample of

all Medicare-eligible individuals, comparisons of health outcomes are difficult at best; it is possible

that while private plans may spend more than TM, private plans also deliver some increased qual-

ity. A full evaluation of TM and MA, therefore, must consist not only of comparisons of cost, but

also measures of value delivered to consumers either through subjective perception (i.e. consumer

surplus) or through health outcomes.
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8 Tables and figures

Table 1: Medicare beneficiary micro-data summary statistics

All By MA TM → MA
observations enrollment switch

Variable Mean Std. dev. MA TM Yes No

MA enrollment indicator .226 .418 1 0 1 0
Income ($) 46,535 68,736 38,168 48,982 39,707 44,387
Age 73.4 10.0 73.7 73.3 73.5 75.1
Outside good price ($) 2,390 590 2,487 2,361 2,398 2,382

Demographic indicators
Female .536 .499 .549 .532 .540 .539
Black .079 .270 .093 .075 .084 .068
Hispanic .010 .100 .016 .008 .013 .007

Education indicators
Bachelor’s degree or higher .236 .425 .178 .253 .211 .232
Attended college .304 .460 .310 .302 .304 .291
Graduated high school .291 .454 .310 .286 .298 .301

Health status indicators
Healthy .784 .411 .791 .782 .806 .778
Unhealthy .215 .411 .209 .218 .194 .222

Administrative indicators
Employer-provided insurance .330 .470 .011 .423 .000 .434
Non-aged eligibility .159 .365 .164 .157 .188 .160
ESRD .007 .081 .004 .007 .002 .007
Full-year Part A/B enrollee .898 .302 .975 .876 .970 .898

Observations 58,444 13,225 45,219 994 22,284

Notes: An observation is a person-year. Statistics reported here are weighted according to sampling weights provided
by the Medicare Current Beneficiary Survey (MCBS). Income and prices are in 2015 dollars. The outside good price
is the United Healthcare premium for Medigap Plan C (see text for details). Demographic categories are defined by
CMS administrative data. The first set of two columns reports means and standard deviations for all observations
in the microdata. The third and fourth columns split the observations into those enrolled in MA and those enrolled
in TM. The last two columns split the observations by switching behavior. Only those person-year observations for
which I observe the individual enrolled in TM in last year’s MCBS are included in the these last columns.
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Table 2: Mean plan characteristics by price quartile

Price quartile, if non-zero
Variable Zero price 1st 2st 3rd 4th

Annual premium ($) 0 302 600 955 1,733

Annual Part B premium reduction ($) 69 3.80 0.00 0.95 0.00
Out-of-pocket cost estimate ($) 2,405 2,456 2,308 2,254 2,013

Deductible ($) 74 69 140 105 123
Out-of-pocket cost limit ($) 3,592 3,598 4,254 4,286 3,993

Drug coverage indicator .656 .758 .826 .858 .938

Primary doctor copay ($) 9.27 13.15 13.59 13.34 11.15
Specialist copay ($) 26.32 30.65 30.28 28.12 26.55

HMO indicator .591 .362 .308 .336 .377
PPO indicator .191 .251 .378 .351 .383

Generosity index 5.25 6.65 7.15 7.04 7.12

Firm “Star” rating 2.41 2.10 2.28 2.50 2.69
Enrollment 929 423 408 512 584

Observations 21,604 7,252 7,244 7,571 6,922

Notes: An observation is a plan-county-year; all reported figures are unweighted means across observations in the
relevant quartile. All dollar amounts are in 2015 dollars. The out-of-pocket cost estimate is generated by CMS based
on a basket of medical services consumed by an average TM beneficiary between the ages of 70 and 74 in ‘good’
health. The star rating is calculated at the firm level by CMS and ranges from zero to five.

Table 3: The association between last year’s share and this year’s prices and generosi-
ties

Change in price Change in generosity
(1) (2) (3) (4) (5) (6) (7) (8)

Last year’s share .143 .117 .254 .264 -1.36 -1.49 -.472 -.656
(.051) (.053) (.052) (.054) (.168) (.246) (.245) (.253)

County FX No Yes No Yes No Yes No Yes
Firm FX No No Yes Yes No No Yes Yes

R2 .000 .055 .152 .177 .001 .027 .118 .132
Observations 24,250 24,250 24,250 24,250 24,250 24,250 24,250 24,250

Notes: This table reports the results of estimating Equation 2 via OLS. Observations are plan-county-years, and are
restricted to cases where I observe the same plan in the same county the previous year. The left-hand side variable
is the year-over-year change in the plan’s price in thousands of 2015 dollars or generosity. The independent variable
is the market share of the plan last year. Robust standard errors are in parentheses.
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Table 4: Demand parameter estimates

Variable Coeff. Std. Err.

Price (per $1000) -2.023 0.201
Price ×

Medium income indicator 0.149 0.039
High income indicator 0.086 0.042

Generosity index 0.770 0.036
Generosity index × Healthy ind. 0.030 0.010

MA ×
Age 1.713 0.152
Age2 -0.118 0.010
Female indicator -0.035 0.028
Black indicator 0.318 0.055
Hispanic indicator 0.123 0.132
Graduated high school -0.075 0.043
Attended college -0.160 0.043
College degree or higher -0.504 0.047
Healthy indicator -0.169 0.100

TM-to-MA switch ×
Constant -2.616 0.076
Healthy indicator 0.122 0.087

Inter-Insurer switch ×
Constant -1.450 0.067
Healthy indicator 0.082 0.075

Medigap price (per $1000) 0.219 0.046

Administrative indicators
Has employer-provided insurance -3.644 0.089
Non-aged eligibility 0.296 0.047
ESRD diagnosis -0.951 0.196
Full year Medicare enrollment 1.779 0.061

Diagnostics
Weighted log-likelihood -58,247
Individual-year obs. 58,444
First stage F-statistic 103.156
Plan-county-year obs. 50,593

Derived statistics Mean Std. Dev.
Elasticity (if < 0) -1.71 1.14
dsj/dpj -0.021 0.039

Notes: This table reports estimates of the parameters of Equation 3. The price and generosity index parameters
are estimated via 2SLS; all other parameters are estimated via maximum likelihood. Income groups are defined by
terciles of the income distribution for the entire MCBS sample; low income is the omitted group. The omitted group
for the switching cost interactions is ‘Unhealthy’ health. I weight the likelihood function using the MCBS sample
weights to obtain nationally representative estimates. In the second stage, I include firm fixed effects and instrument
for price using BLP instruments and non-contiguous-county Hausman instruments.
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Table 5: Marginal cost parameter estimates

Variable Coeff. Std. Err.

FFS spending on healthy × healthy indicator 0.985 (0.144)
FFS spending on unhealthy × unhealthy indicator 1.112 (0.197)

Generosity -0.249 (0.144)
Generosity × unhealthy indicator 0.058 (0.110)
Generosity × generosity 0.064 (0.015)

Age -0.017 (0.119)

Log median household income -0.055 (0.004)
Log market population -0.009 (0.033)

Constant 0.057 (0.038)
Constant × unhealthy indicator 0.118 (0.266)

Plan-county-year obs. 8,984

Notes: This table reports estimates of the parameters of Equation 8 using the two-step method-of-moments approach
described in Section 5.2. The generosity index here differs slightly from the index reported in Table 2 due to the
weighting approach discussed in Section 5.3. All units are in thousands of 2015 dollars.

Table 6: Comparing Medicare Advantage Costs to Traditional Medicare Costs

Healthy Unhealthy

Zero-premium plans
Mean generosity 2.55

Marginal cost ($) 7,784 19,280

Positive-premium plans
Mean premium ($) 513

Mean generosity 3.69
Marginal cost ($) 8,220 19,780

Average TM costs ($) 8,080 17,250

Plan-county-year obs. 8,984

Notes: The generosity index here differs slightly from the index reported in Table 2 due to the weighting approach
discussed in Section 5.3. All dollar amounts here are 2015 dollars.
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Table 7: Comparing Estimated Costs from Static and Dynamic Approaches

Mean Std. dev.

Zero-premium plans
Statically-estimated marginal cost ($) 9,335 1,137

Dynamically-estimated marginal cost ($) 10,728 2,011
Fraction with dynamic > static cost 0.840

Positive-premium plans
Statically-estimated marginal cost ($) 10,132 1,127

Dynamically-estimated marginal cost ($) 11,073 2,037
Fraction with dynamic > static cost 0.674

Average TM costs ($) 10,111 1,372

Plan-county-year obs. 8,984

Notes: Dynamic marginal cost estimates come from the parameters in Table 5. Static marginal cost estimates are
calculated using the first-order conditions for static profit maximization. Reported costs are for a risk 1.0 enrollee.

Table 8: The impact of the prior-year share on cost estimates

Estimator input
(1) (2) (3)

Original Incr. share Duopoly

Average prior-year market share
Healthy 0.022 0.091 0.502

Unhealthy 0.020 0.087 0.502

Marginal cost for
zero-premium plans ($)

Healthy 7,784 8,087 8,135
Unhealthy 19,280 16,364 12,912

Marginal cost for
positive-premium plans ($)

Healthy 8,220 8,522 8,613
Unhealthy 19,780 16,806 13,851

Plan-county-year obs. 8,984 8,984 1,635

Notes: The “Original” column repeats the results of Table 6. To create the data used in the “Incr. share” column, I
increase market shares in each market proportionally until the total inside share equals one. To create the “Duopoly”
column, I kept only the top two firms in each market by share and increased their shares proportionately; some
markets have only one firm and thus the average share is slightly greater than 0.5. See text for details. All dollar
amounts here are 2015 dollars.

42



Figure 1: A potential example of dynamic firm pricing behavior

Notes: This graph plots the prior-year share and the current-year price for an example plan. In other words, the
points for 2012 indicate the share the plan obtained in 2011 (and thus those “locked in” to the plan’s network) and
the price the firm chose for the plan in 2012. The plan illustrated is Excellus Health Plan’s Medicare Blue PPO Plan
Two (CMS plan ID H3335-14-0) offered in Cayuga County, New York.
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Figure 2: Example policy functions generated by the model

Notes: These figures illustrate policy functions for a firm in Colbert County, Alabama, at the parameters reported
in Table 5. The left graph illustrates the generosity set by the firm for its zero-premium plan, and the right graph
illustrates the premium of the positive-premium plan.

Figure 3: The distribution of prior-year shares and current-year prices

(a) The distribution of prior-year shares for zero-
premium plans

(b) The distribution of prior-year shares and current-
year premia for positive-premium plans

Notes: These figures illustrate the joint distribution of prior-year shares and current-year prices in the raw data.
Panel (a) focuses on zero-premium plans and is thus a histogram while Panel (b) is a scatter plot of
positive-premium plans.
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Appendices

A Additional tables and figures

Table A.1: The generosity index and its components

Variable Coeff. Mean 25th %-ile Median 75th-%ile

Part B prem. reduction ($) -.008 30.30 0 0 0
Out-of-pocket cost est. ($000s) -.038 2.32 1.65 2.27 2.83

Drug coverage indicator 2.59 .763 1 1 1
Deductible ($000s) -1.50 .094 0 0 .5

Out-of-pocket limit ($000s) -.094 3.85 2.45 3.40 5.80
Primary doctor copay ($) .109 11.31 5 10 15

Specialist copay ($) .070 27.81 20 30 35
HMO indicator 1.72 .450 0 0 1
PPO indicator 4.22 .276 0 0 1

Generosity index 6.25 4.69 6.36 8.23

Notes: Coefficients are taken from Miller et al. (2019). All reported figures are from the unweighted distribution of
the 50,593 plan-county-year observations reported in Table 2. The out-of-pocket cost estimate is generated by CMS
based on a basket of medical services consumed by an average TM beneficiary between the ages of 70 and 74 in
self-reported ‘Good’ health.

45



Table A.2: Mean plan characteristics by generosity quartile

Generosity quartile
Variable 1st 2st 3rd 4th

Generosity index 2.45 5.68 7.20 9.65

Annual premium ($) 291 511 536 698
Fraction with zero premium .623 .438 .421 .227

Annual Part B premium reduction ($) 118 1.52 1.01 0.19
Out-of-pocket cost estimate ($) 2,432 2,253 2,258 2,347

Deductible ($) 59 67 105 145
Out-of-pocket limit ($) 2,603 3,301 3,684 5,799

Drug coverage indicator .373 .779 .909 .994

Primary doctor copay ($) 6.48 9.68 12.30 16.80
Specialist copay ($) 17.97 26.30 31.22 35.75

HMO indicator .483 .463 .636 .218
PPO indicator .022 .117 .199 .768

Firm “Star” rating 1.80 2.13 2.79 2.89
Enrollment 507 664 900 618

Observations 12,652 12,648 12,652 12,641

Notes: An observation is a county-year-plan; all reported figures are unweighted means across observations in the
relevant quartile. All dollar amounts are in 2015 dollars. The out-of-pocket cost estimate is generated by CMS based
on a basket of medical services consumed by an average TM beneficiary between the ages of 70 and 74 in ‘good’
health. The star rating is calculated at the firm level by CMS and ranges from zero to five.
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Table A.3: Marginal cost parameter estimates with altered data

Increased share Duopoly
Variable Coeff. Std. Err. Coeff. Std. Err.

FFS spending on healthy × healthy indicator 1.004 (0.537) 1.022 (0.330)
FFS spending on unhealthy × unhealthy indicator 0.950 (0.352) 0.757 (0.244)

Generosity -0.382 (0.527) -0.278 (0.367)
Generosity × unhealthy indicator 0.005 (0.810) 0.235 (0.366)
Generosity × generosity 0.077 (0.068) 0.073 (0.070)

Age 0.012 (0.534) -0.117 (0.360)

Log median household income 0.022 (0.734) -0.017 (0.297)
Log market population -0.050 (0.427) 0.078 (0.052)

Constant 0.065 (0.864) 0.0920 (0.379)
Constant × unhealthy indicator -0.003 (1.350) -0.182 (0.432)

Plan-county-year obs. 8,984 1,635

Notes: This table reports estimates of the parameters of Equation 8 using the two-step method-of-moments approach
described in Section 5.2. The generosity index here differs slightly from the index reported in Table 2 due to the
weighting approach discussed in Section 5.3. The input to the estimation routine has been altered by increasing the
market share for each firm proportionately until the total share of MA equals one. All units are in thousands of 2015
dollars.
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