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Abstract

In the presence of adverse selection, mergers can increase welfare. Mergers affect welfare

through two channels: a reduction in inefficient sorting and an increase in markups. The

direction of the net effect of these channels is an empirical question. I capture this trade-off in

a tractable discrete choice model and apply it to potential mergers in the non-group insurance

market. Even with a policy to adverse selection, 13% of mergers improve consumer surplus.

In markets where the sorting distortion exceeds $7.5 per person, over one-third of mergers

improve consumer surplus, highlighting the importance of considering adverse selection in

antitrust enforcement.

1 Introduction

When can a merger between two firms improve social welfare? A commonly cited possibility is

that mergers may generate cost synergies through economies of scale or other production com-

plementarities that allow the firms to earn both a greater profit and increase total output. Because

identifying and screening harmful mergers is an ongoing policy concern, a growing empirical lit-

erature has sought to evaluate and quantify these types of cost efficiencies due to a merger. In this

paper, I study a context in which mergers can improve consumer welfare that has received little

empirical attention: adverse selection.

A merger in the presence of adverse selection affects welfare through two channels: a reduc-

tion in inefficient sorting (a positive welfare effect) and an increase in markups (a negative welfare

effect). To understand the inefficient sorting channel, consider that a firm has an incentive to offer a

product that appeals to low-risk consumers and encourages high-risk consumers to purchase from
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a competitor. This distortion only exists to the extent that other firms are available to absorb high

risk consumers. In the event of a merger, there are fewer competitors that might attract the high

risk consumers, and this distortion decreases. However, the reduction in competition also confers

greater market power, which allows the merged firm to charge greater markups. Whether or not the

welfare benefit through reduced inefficient sorting is sufficient to offset the welfare cost of greater

markups is an empirical question that depends on the merger (or other potential changes in the

level of competition).

I characterize this trade-off in an empirically tractable discrete choice model and apply the

model to the non-group (individual) health insurance market in the United States. There are two

main findings. First, there are potential mergers that lead to greater consumer surplus and social

welfare. Mergers are more likely to generate meaningful welfare benefits are in markets which

suffer from large welfare costs due to inefficient sorting. Second, I show that a generalized pricing

pressure measure that accounts for selection is an effective screen for harmful mergers.

I model the insurance market as strategic firms that compete in price with a fixed set of dif-

ferentiated insurance products. Absent any adverse selection, a merger between any two products

creates an incentive to raise prices. Prior to the merger, each product sets a price that balances

earning more from infra-marginal consumers with the loss of marginal consumers. The merged

firm now internalizes that some consumers lost due to a price increase in one product will be re-

captured in the newly acquired product (and vice-versa). These recaptured consumers represent an

additional benefit to raising prices. The merged firm incorporates these new incentives and raises

the price.

The presence of adverse selection complicates this intuition because the cost of a product

depends on the set of consumers that purchase it. Therefore, the price incentives that result from

a merger depend on the cost of the recaptured consumers. If these consumers are low cost, the

standard merger intuition remains. These recaptured, low-cost consumers are a benefit to the

acquired product. The merged-firm internalizes this new benefit and raises prices just as in the

standard case.
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However, if these recaptured consumers have high costs, a price increase will increase the

average cost of the acquired product. The merged firm internalizes the net of this harm due to

greater costs and the benefit of the recaptured revenue. If recaptured consumers are especially high

cost, the merger can create an incentive to lower the price of one or both of the merged products.

Consider a stylized example with two symmetrically differentiated insurance plans—A and

B—and two types of consumers—high cost and low cost. High cost consumers have inelastic

demand for insurance and always choose either A or B. Low cost consumers choose between A,

B, and the outside option of no insurance. In a duopoly, the two firms set a markup over the

average cost of the marginal consumers for each product, which include both high cost and low

cost consumers. In a monopoly, the firm recognizes that high types marginal to one product will be

recaptured by the other. Therefore, the monopolist does not consider the high types marginal—they

will purchase no matter the price. The average cost of the marginal consumer for the monopolist is

lower, because the marginal consumers are all low cost. However, the monopolist can also charge

a higher markup. These opposing effects of a merger-to-monopoly represent the two channels—a

reduction in inefficient sorting and greater markups. The net effect determines whether prices rise

or fall and welfare increases or decreases as a result of the merger.

I characterize the price incentives due a merger in the presence of adverse selection with

an extension of Generalized Pricing Pressure (GePP), a common tool to make predictions of the

direction and rough approximations of the magnitude of the price effects of a merger (Jaffe and

Weyl (2013), Miller et al. (2017)). The possibility that a merger in a market with adverse selection

might increase social welfare (and lower prices) depends on the welfare cost of inefficient sorting

in the pre-merger equilibrium. I present a decomposition of welfare loss in selection markets

with imperfectly competitive firms and differentiated products into two sources: inefficient sorting

(conditional on markups) and markups (conditional on efficient sorting).1 Markets in which the

welfare cost of inefficient sorting is large are candidate markets where mergers may likely be

beneficial to consumers.
1Throughout the paper, I hold fixed the information friction that creates adverse selection and the associated welfare

loss.
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To estimate the model, I use data on household health insurance choices in the non-group

health insurance market made through a private marketplace in 2015 (Ryan et al. (2021)). The

setting is an important and policy-relevant market to study questions of selection and competition.

Adverse selection and its consequences are a first order concern that motivated many elements

of the Affordable Care Act (ACA). The health reform law targets symptoms of selection in the

non-group health insurance market that have been identified in the literature (Obama (2009), Cut-

ler and Zeckhauser (2000), Van de ven and Ellis (2000), Gruber (2008)). Competition is also a

focus of policy-makers. Local insurance markets vary widely in their market concentration. The

largest firm has a market share of over 85% in five states and less than 33% in another five states.

More importantly, managed competition in insurance markets is a common tool to provide health

insurance in many market segments in the U.S. and around the world

These data are unique in two respects. First, the data contain a substantial fraction of both

low-income and high-income consumers, in contrast to data from government-run marketplaces

which tend to be predominantly low-income (ASPE (2016)). Second, the data span more than 100

local markets, which allow me to estimate equilibrium outcomes in a cross-section of markets with

diverse levels of concentration and investigate a broad set of potential mergers.

To identify the key selection parameters governing the correlation between demand and cost,

I extend the estimation approach of Tebaldi (2023) to flexibly capture risk preferences across firms

and product categories. I supplement insurance choice data with moments on the consumer risk

scores—output from the Health and Human Services Hierarchical Condition Categories (HHS-

HCC) risk prediction model. In particular, I include the average HHS-HCC risk score across prod-

uct categories and the relative risk score of beneficiaries across firms.2 I combine these estimates

with data on average firm costs and moments on the distribution of costs and risk in the Medical

Expenditure Panel Survey to capture how medical risk is related to cost of providing insurance.

With the estimated supply and demand of health insurance, I measure the welfare costs of

2The HHS-HCC risk prediction model is used to administer the risk adjustment transfer system in the non-group
market. A similar risk adjustment system exists for Medicare (CMS-HCC), which has been used in a similar demand
specification (Aizawa and Kim (2018), So (2019)).
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each distortion in the baseline equilibrium for the non-group markets in the data. The welfare cost

of markups is much greater than the cost of inefficent sorting. This is due to two reasons. First, the

markets are already highly concentrated, and highly concentrated markets will generally have less

inefficient sorting (e.g. sorting is efficient under a monopolist). Second, the ACA includes risk-

adjustment transfers that seeks to mitigate adverse selection. In the absence of a risk adjustment

transfer system, the welfare costs of inefficient sorting would be larger but still less than a quarter

of the cost of markups.

To evaluate when mergers may be beneficial to consumers and social welfare, I simulate

every potential horizontal merger across all 107 local markets in the data. In the baseline policy

scenario, 15% of 1186 merger-market combinations lead to greater social welfare and 13% lead to

greater consumer surplus. Even among the largest mergers (in terms of pre-merger market share),

about 1-in-20 lead to greater consumer surplus in the baseline policy scenario.

The markets where mergers are most likely to be beneficial are those where the welfare cost

of inefficient sorting is greatest. For markets where the welfare cost of inefficient sorting exceeds

$10 per person per month, 43% of mergers lead to greater consumer surplus. And in markets where

the cost is between $7.5 and $10 per person per month, 22% of mergers lead to greater consumer

surplus.

From the perspective of antitrust enforcement, it is useful to have a measure that can reliably

predict when a merger will reduce consumer surplus. In standard markets without selection, a com-

mon index for consumer harm is an upward pricing pressure (UPP) measure net of cost efficiencies

(Farrell and Shapiro (2010)). In the presence of adverse selection, the derived GePP measure is the

analogous prediction of consumer harm. However, GePP is challenging to compute without a full

model of inter-product selection. I show that antitrust agencies can still use the standard (and easier

to compute) UPP with a higher threshold for harm. In the absence of a risk-adjustment policy (or

any case where selection is greater), this threshold should be still greater. This highlights that the

presence of adverse selection is similar to other sources of marginal cost efficiencies that result

from a merger. Antitrust agencies can combine qualitative and quantitative evidence of selection
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with other evidence of potential efficiencies when determining the threshold for UPP that would

lead to a harmful merger.

Taken together, these results show a complimentarity between regulations that target adverse

selection (in this case, a risk adjustment policy) and merger enforcement or policies to encour-

age competition. When the welfare costs of adverse selection are large, merger enforcement need

not be as aggressive. Many mergers are beneficial to both the firms and consumers, and the opti-

mal level of market concentration might be a somewhat concentrated oligopoly. However, since

mergers also lead to greater markups, they are a costly way to address adverse selection. An alter-

native is to directly regulate selection with policy. These policies should be paired with aggressive

merger enforcement or other policies that encourage competition in order to deliver the benefits of

a competitive market.

Relation to the Literature

This paper makes two main contributions. First, I provide a model and intuition for the trade-off

between two sources of inefficiency—markups and inefficient sorting—in markets with adverse

selection. I build on a theoretical literature on contract design in markets with adverse selection that

documents the ways in which private firms deviate from the socially optimal (e.g., Akerlof (1970),

Rothschild and Stiglitz (1976), Veiga and Weyl (2016), Lester et al. (2019)) and an empirical

literature measuring the effects of these deviations in health insurance markets (e.g., Einav et al.

(2010), Handel et al. (2015), Layton (2017)).

While U.S. health insurance markets are highly concentrated, there has been less focus in

the literature on the effects of market power on adverse selection and policy design. Some recent

theoretical work has shown that welfare in markets with adverse selection may be U-shaped in the

degree of competition (Mahoney and Weyl (2017), Veiga and Weyl (2016), Lester et al. (2019)).

The possibility for welfare benefits from increased concentration highlights the importance of an

empirically tractable model that can capture this trade-off. This paper presents such a model and

allows for flexibility in between-firm selection, the key determinant of whether a particular merger
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will improve welfare. This paper also builds on Geruso et al. (2018) and Saltzman (2021)—which

evaluate the relationship between intensive and extensive margin selection—by introducing the

relationship between these welfare costs and market power.

In addition to empirical tractability, this paper extends the results of the literature to a setting

where the product characteristics are fixed but firms compete by setting the prices of a menu of

products. Chade et al. (2022) demonstrate that a monopolist can approximately solve a multi-

dimensional screening problem with endogenous product qualities simply by setting the prices

of a small number of contracts with fixed characteristics. An implication is that the economic

mechanisms of endogenous contracts are also present in settings with fixed contracts, and this

paper provides one example. Veiga and Weyl (2016) show in a theoretical model that a monopolist

has an optimal sorting incentive when choosing the quality of a single product offering. This paper

shows an analogous result in multi-product markets with fixed qualities. Intuitively, the sorting

incentive appears in the incremental cost to purchase the next most generous insurance contract in

the menu rather than an optimal level of insurance.

Second, I build on a literature that uses structural models of differentiated products to analyze

the welfare impacts of policies addressing adverse selection and market concentration in health in-

surance markets. This draws from a large literature on estimating the demand for insurance (Gruber

and Poterba (1994), Town and Liu (2003),Marquis et al. (2004),Handel and Kolstad (2015), Han-

del et al. (2019), Geruso (2017), DeLeire et al. (2017), Frean et al. (2017), Drake (2019), Ryan

et al. (2021)). There is a growing literature on evaluating policies in regulated health insurance

markets with a model of imperfect insurance competition (Miller et al. (2019), Jaffe and Shepard

(2020), Shepard (2016), Tebaldi (2023), Ericson and Starc (2015), Starc (2014), Saltzman (2021)),

and a related literature that studies health insurance firms’ specific mechanisms and incentives to

engage in risk selection (Cao and McGuire (2003), Brown et al. (2014), Newhouse et al. (2015),

Newhouse et al. (2013), Aizawa and Kim (2018), Decarolis and Guglielmo (2017), Geruso et al.

(2019)).

Recent work by Kong et al. (2023) investigates the relationship between the endogenous mar-
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ket structure and adverse selection in the non-group health insurance market in Massachusetts, and

the authors find that adequately regulating adverse selection endogenously leads to more com-

petitive markets. These results provides additional rationale for why antitrust enforcement and

selection regulations are complements. The “natural” level of competition is greater when adverse

selection is addressed, so mergers should draw more scrutiny. It also highlights the importance of

local firm heterogeneity and the corresponding heterogeneity in potential merger effects. Even in

the scenario most favorable to competition—when risk is assumed to be perfectly measured and

adjusted under the ACA risk adjustment policy—there remains an inefficient sorting distortion and

room for some mergers to benefit consumers and total welfare.

In addition to providing new evidence on the demand for health insurance, I implement a new

approach to identifying the joint distribution of preferences for health insurance and health risk,

the key feature of adverse selection. In markets in which the data are available, this relationship

can be identified through observing measures of health status (Aizawa and Kim (2018), So (2019),

Shepard (2016), Jaffe and Shepard (2020)). However, these data are uncommon for the non-group

market in most of the U.S. One approach is to estimate the relationship between an unobserved

willingness to pay for coverage generosity and firm-level average costs (or optimality conditions)

through the simulated distribution of enrollment (Tebaldi (2023)). This paper does not assume

optimality and instead combines demand data with cost and risk moments by applying the HHS-

HCC risk prediction model to the Medical Expenditure Panel Survey (MEPS). I follow the method

proposed by Grieco et al. (2021) to combine a micro-data log-likelihood function with product-

level GMM moments.

There is a substantial empirical literature on the effects of competition in insurance markets

(Cutler and Reber (1998), Town (2001), Dafny et al. (2012)). Much of the recent work in this

area is motivated by the two-sided nature of the market—insurance firms with market power may

be able to raise markups but also lower costs through hospital bargaining (Capps et al. (2003),

Gowrisankaran et al. (2015), Ho and Lee (2017)). These papers, as well as recent empirical work

on the non-group market (Dafny et al. (2015), Abraham et al. (2017)), show that competition
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typically leads to lower prices. This paper shows that the effects of market power may also be

uneven across different product offerings. In particular, the effect of competition on the most

comprehensive plan offerings may be small and even positive, before accounting for bargaining

effects.

Finally, this paper makes a related contribution to a large body of literature that studies the

effects of policies designed to address adverse selection, and in particular, how risk adjustment

transfer systems relate to firm strategies (Glazer and McGuire (2000), Ellis and McGuire (2007),

Geruso and Layton (2020), Brown et al. (2014), Aizawa and Kim (2018), Layton (2017), Saltzman

(2021), Geruso et al. (2018)). Most of this work focuses on the Medicare Advantage market, where

risk adjustment has a much longer history and takes a slightly different form. Layton (2017) shows

how the imperfections in the ACA risk prediction can be exploited in competitive markets. This

paper explicitly characterizes the incentive among strategic firms that leads to inefficient sorting,

which is not fully corrected by the ACA risk adjustment policy. I demonstrate complementarity

between policies that address adverse selection and policies that promote competition.

2 Model

2.1 Environment

Firms, indexed by f ∈ F , each sell a set of insurance contracts, indexed by j ∈ J f ⊂ J, character-

ized by observed characteristics governing the generosity of the insurance, X j, and an unobserved

characteristic, ξ j. Firms compete by setting prices, p j. For the full vector of prices, I will write

ppp = {p j} j∈J .

There is a continuum of households, indexed by i. Households make a discrete choice among

the set of insurance products and are heterogeneous in their utility value of money, αi, and prefer-

ences for insurance generosity, βi. Households have additive idiosyncratic preferences over prod-

ucts εi j, which I assume are independently and identically distributed by type I extreme value. The
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indirect utility that household i receives from purchasing a product j is given by

ui j = αigi(p j)+βiX j +ξ j + εi j

The function gi(p) maps the price set by the firm to the price paid by the household. This is an

important feature of the empirical setting in which regulation determines how prices vary with age

and income (see Section 3), but does not meaningfully affect the theoretical intuition of the model.

For ease of exposition, I will assume gi(p)≡ p.

Households select the product with the greatest indirect utility. I will write the probability

that household i chooses product j, given p, X , and ξ as Si j(ppp). For ease of notation, I will drop

the i subscript to denote the aggregate functions, e.g. S j =
´

i Si jdi.

Each consumer i costs ci j to insure with a product j. The key measure of selection between

products is given by the change in the average cost of a particular product (AC j) due to the change

in the price of another (pk).

AC j(ppp) =
1

S j(ppp)

ˆ
i
Si j(ppp)ci jdi

∂AC j

∂ pk
=

∂S j
∂ pk

S j

 1
∂S j
∂ pk

ˆ
i

∂Si j

∂ pk
ci jdi−AC j

 (1)

Selection arises from the relationship between demand, Si j, and cost, ci j. The change in average

cost (∂AC j
∂ pk

) depends on and takes the opposite sign as the covariance between consumer semi-

elasticities (
∂Si j
∂ pk
Si j

) and consumer costs (ci j). See Appendix Section B.1 for derivations of equation

1 and a proof of the covariance relationship.
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Firms and Equilibrium

A firm, f , competing in a particular market has a profit function defined as,

Π
f (ppp) = ∑

j∈J f

S j(ppp)(Ā j p j −AC j(ppp)) (2)

where Ā j is the average rating factor for consumers in product j. In the empirical setting, the rating

factor depends only on age, is set by regulation, and transforms the base price, p j, into the total

price charged to a consumer and hence revenue earned from a sale. It does not meaningfully affect

the theoretical intuition of the model. For ease of exposition, I will assume Ā j ≡ 1 for all products

and prices.

The equilibrium vector of prices ppp∗ solves the Nash-Bertrand competitive equilibrium be-

tween the firms such that for every j,

p∗j ∈ argmax
p j

Π
f ( j)({p j, p− j}).

2.2 Incentives Created by a Merger

A merger between two firms will be modeled as a new entity which jointly maximizes the profit

over the existing products offered by the two firms pre-merger.3 Consider a potential merger

between two single-product firms which own the products j and k, respectively. The optimal post-

merger price for product j is given by the following first order condition:

3This model does not preclude free exit for some products, as firms can set arbitrarily high prices. It does preclude
the costly introduction of new products. I argue in Section 6.1 that this leads the positive consumer welfare results to
be conservative.
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p j =−
S j
∂S j
∂ p j

(
1−

∂AC j

∂ p j

)
+AC j

︸ ︷︷ ︸
Pre-Merger First Order Condition

+GePP jk (3)

GePP jk =

∂Sk
∂ p j

− ∂S j
∂ p j

(pk −ACk)+
Sk
∂S j
∂ p j

∂ACk

∂ p j
(4)

The final term in Equation 3 is the Generalized Pricing Pressure (GePP) of the merger on

product j. GePP is defined as the difference between the pre-merger and post-merger first order

conditions for a particular product’s price, both normalized to be quasi-linear in marginal cost

(Jaffe and Weyl (2013)). For a complete derivation of these equations, see Appendix Section B.2.

The intuition underlying GePPjk is that it captures the externality that a price increase in

product j exerts on product k. In a standard setting, a price increase in product j exerts a posi-

tive externality on product k by diverting profitable consumers. As captured by the first term in

Equation 4, a fraction of consumers lost due to the price increase ( ∂Sk
∂ p j

/
∂S j
∂ p j

) will switch to product

k and generate profit, pk −ACk. A newly merged firm now internalizes this positive externality,

increasing the benefit from raising prices, and leading to the standard “upward pricing pressure”

that results from a merger (Farrell and Shapiro (2010)).

In the presence of selection, there is an additional externality to consider: the effect of the

diverted consumers on the rival product’s average cost. An increase in the price of j diverts con-

sumers to k, but those consumers may also change the average cost of k, as captured by the second

term in Equation (4). If the externality is positive—i.e., lowers the cost of the rival product—it

will lead to larger price effects from the merger than in the absence of selection. However, if the

externality is negative—i.e., raises the cost of the rival product—and large enough to outweigh the

recapture of diverted consumers (first term), the merger creates an incentive to reduce price.

In a similar manner that standard merger effects depend on the specific substitution between

the merging products, merger effects in the presence of adverse selection also depends on the
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specifics of selection between the merging products. In Appendix Section B.1, I show that the se-

lection externality is negative if and only if the cross-price semi-elasticities of demand is positively

correlated with consumer costs. More plainly, the key to whether adverse selection diminishes or

exacerbates the incentive to raise price due to a merger is whether the average cost of consumers

on the margin between a pair of products is greater than the average cost of one of the products

(see Equation (1)).

While adverse selection typically implies that the lowest-cost consumers are the most price

elastic, the possibility that a price increase of one product will increase the average cost of another

(∂ACk
∂ p j

> 0) is more general than it may appear. To demonstrate, consider the following example.

Suppose the market consists of equal proportions of two types of consumer: high types (H)

with high costs and low types (L) with low costs. The consumers choose among three products: j,

k, and the outside option O. Consider the following hypothetical equilibrium market shares.

Market Shares

O k j Total

H 0.05 0.10 0.35 0.5

L 0.25 0.20 0.05 0.5

Total 0.35 0.3 0.4 1.0

The market shares are consistent with typical features of markets with adverse selection. The

high type consumers are more likely to buy any product than low type consumers. Conditional on

purchasing a product, high type consumers prefer product j and low type consumers prefer product

k. This is consistent a setting in which j and k are differentiated in some dimension in which high

type consumers have a higher willingness to pay, e.g. insurance generosity, breadth of hospital

network, brand reputation, etc.

Under the assumption that αH = αL and logit demand, the ratio of high type to low type

consumers that will switch to product k given an increase in product j is 0.1×0.35
0.20×0.05 = 3.5

1 . This

is greater than the 1:2 ratio of high type to low types consumers currently selecting product k.

Therefore, if product k were to raise its price, the average cost of consumers that select product j
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will increase.

If the values of α are constant across consumers, any heterogeneity in risk selection across

products is sufficient for there to exist positive pressure on average costs from at least one product

to another. While this is not likely to hold exactly, it demonstrates that this type of inter-product

selection does not conflict with the standard mechanisms of adverse selection.

The presence of negative externalities between some products raises the possibility that a

merger could reduce the prices of some products and creates ambiguity in the effect of a merger

on consumer surplus and total welfare. However, this is far from a statement about what is likely

to happen due to a merger. In the next section, I present an analysis of the channels through which

a merger affects total welfare to illustrate when a beneficial merger might be more likely.

2.3 Two Welfare Costs

In this section, I define the two channels through which a merger in a market with adverse selection

might affect welfare. First, mergers carry the standard welfare cost of greater markups, which I

will refer to as the markup channel. Second, a merger may improve social welfare by incorporating

better selection externalities into product prices, which I will refer to as the sorting channel. For

detailed derivations of each of the conditions presented in this section, see Appendix Section B.3.

The social welfare loss in a market is the difference between a benchmark optimal social wel-

fare and the welfare attained in competitive equilibrium. The benchmark optimal social welfare

is the maximum possible utilitarian welfare that can be decentralized with a vector of product-

level prices and consumers choosing optimally among those products. In a setting with multiple

products and variation in consumer costs, this already represents an important restriction from the

first-best allocation and a potentially large welfare cost of adverse selection. However, the magni-

tude of this cost is unrelated to the market structure and this restriction is maintained throughout

the paper.

The social welfare function, SW (·), is given by the sum of consumer surplus and producer

14



profits.4

SW (ppp) =
ˆ

i
CSi(ppp)di+ ∑

k∈J
Sk(pk −ACk) (5)

The social welfare maximizing price of a particular product is equal to the average cost of

the product plus three terms related to sorting (Equation (6)). The first term is the private effect on

that particular product. The second term represents the sorting externality (in the single-product

firm case) of the price of product j on the costs of all other products in the market. And the final

term represents the standard business stealing externality. I will denote the sum of these terms as

the social welfare marginal cost, MCW
j (pppW ).

pW
j = AC j +

S j
∂S j
∂ p j

∂AC j

∂ p j︸ ︷︷ ︸
Private Sorting

+ ∑
k ̸= j

Sk
∂S j
∂ p j

∂ACk

∂ p j
− ∑

k ̸= j

∂Sk
∂ p j

(pk −ACk)

∂S j
∂ p j︸ ︷︷ ︸

Total Externality

(6)

= MCW
j (pppW ) (7)

Next, consider the problem of a constrained social planner that chooses product-level prices

subject to a promise of total profit Π̄ to the insurance industry.

max
{p j} j∈J

ˆ
i
CSi(ppp)di (8)

such that ∑
k∈J

Sk(pk −ACk)≥ Π

The constrained efficient price of product j conditional on a given level of industry profit is given

by

pCE
j +

λ −1
λ

S j
∂S j
∂ p j

= MCW
j (pppW ) (9)

4The results of this section do not depend on the specifics of a demand or consumer surplus specification, only that
∂CSi(ppp)/∂ p j =−Si j(ppp), which holds under much less restrictive assumptions on demand (Small and Rosen (1981)).
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where λ is equivalent to a Pareto welfare weight on profit.

Under utilitarian welfare (λ = 1), the markup term vanishes. In the standard model of adverse

selection, where average cost is everywhere greater than marginal cost, any competitive equilib-

rium with non-negative profit will have λ > 1. When firms have market power, this welfare loss is

further exacerbated through greater markups.

The welfare cost of markups is the difference between the unconstrained maximum welfare

and this constrained efficient welfare, SW (pppW )− SW (pppCE). It represents the smallest decline in

welfare necessary for firms in the market to earn the equilibrium level of profit. This welfare cost

is intuitively related to the classic output restriction due to a markup in the single product case

(Einav et al. (2010)). Because consumers are efficiently sorted among the available products, the

welfare cost of markups is directly related to the quantity of insurance provided.

The welfare cost of inefficient sorting is the difference in welfare between the constrained

efficient optimum and the competitive equilibrium, SW (pppCE)− SW (ppp∗). At both the constrained

efficient price vectors, pppCE , and the equilibrium price vector, ppp∗, industry profits are equivalent.

The welfare cost comes from a reduction in consumer surplus that results from the pricing exter-

nalities between firms.

The welfare cost of inefficient sorting is due to the combination of competition and differ-

entiated products in the presence of adverse selection, which can be illustrated through the two

cases where it is absent. First, if the market is monopolized by a single firm, the monopolist fully

internalizes the sorting externalities. In this case, equation 9 converges to the monopolist’s first

order condition with λ → ∞. Second, the sorting externality will also be zero if there is a single,

homogeneous product. Even in the perfectly competitive case, there can be no inefficient sorting

because there is no between-product selection.

With some oversimplification, a merger leads to an increase in industry wide profits and

a decrease in the sorting externality. The increase in industry profits leads to a greater welfare

weight on profit in the constrained efficient problem, λ , and a greater welfare cost of markups,

SW (pppCE)− SW (ppp∗). The concentration of more products under the same ownership decreases
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the wedge between the internalized marginal costs of the firm in the competitive equilibrium and

MCW
j , which decreases the welfare cost of inefficient sorting.5

This highlights the relevant trade off and suggests easily observable conditions for when

mergers might be welfare improving. If concentration is already quite high, the welfare cost of

inefficient sorting is small and additional concentration is unlikely to improve social welfare. If

concentration is low, the welfare cost of sorting may be large and additional concentration may

improve welfare. This is related to the U-shaped relationship between competition and welfare

that has been identified in theoretical models of selection (Veiga and Weyl (2016), Lester et al.

(2019)).

However, in a setting with differentiated products, it is difficult to characterize a clean result

such as the theoretically optimal level of competition. Whether a particular merger may have a

net-positive effect on social welfare depends on the the extent of adverse selection between the

particular merging products, as outlined in Section 2.2. In Sections 4 and 5, I pursue an empirical

strategy that will uncover this property of consumer demand.

2.4 Risk Adjustment in the Affordable Care Act

The ACA includes a risk adjustment transfer policy specifically intended to mitigate between-

firm adverse selection. The government administers a transfer between firms that is equal to the

difference between the firm’s own average cost and the implied average cost of the firm if it were

to insure the same risk balance as the market as a whole (Pope et al. (2014)).6 (For more details on

the policy specifics, see Section 3.)

5While this captures the broad intuition of the effect of a merger, it is not true for all cases. There are cases for
which a merger does not increase industry-wide profit or that the sorting externality does not decrease.

6The implemented policy has to approximate this transfer using a risk-scoring system, but I will assume for theo-
retical simplicity that the regulator has full information about consumer risk.
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Tj(ppp) =
E[∑k Sikcik]

E[∑k Sik]︸ ︷︷ ︸
Pooled Cost

−
E[Sikci j]

E[Si j]︸ ︷︷ ︸
Average Cost

In the presence of risk adjustment transfers, the firm then faces a new average cost, ACT
j (ppp) =

AC j(ppp)−Tj(ppp). The equilibrium price can be written as

p∗j +
S j

S′j
= Ψ j

E
[
(∑k

∂Sik
∂ p j

)ci j

]
∑k

∂S j
∂ p j

+
(
1−Ψ j

)E[∑k Sikcik]

∑k Sk
(10)

where,

Ψ j =
S j

∑k Sk

∑k
∂Sk
∂ p j

S′j

There are two important features of equilibrium under risk adjustment. First, the transfers

adjust the private incentive of the firm according to how the marginal cost of its products devi-

ates from the market-wide average cost. The policy-induced incentive is not the optimal sorting

incentive in Equation (6) that penalizes or reward firms based on the profitability of their marginal

consumers. Therefore, it is not guaranteed to eliminate the welfare cost of inefficient sorting.

Second, this particular policy converges to the firm’s own private incentive as the market

share of a particular product increases or if one firm merges with others in the market. The policy

follows the importance of the sorting distortion by fading out with market concentration.

3 Non-group Market Data

The non-group insurance market is the only source of health insurance for any individuals or

households that do not receive an offer for insurance through their employer or a government

program. Consumers can purchase insurance by contacting an insurance firm directly, visiting the
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government-run marketplace, or shopping for insurance through a third-party marketplace. Not all

plans are offered on all platforms, and insurance firms may elect to list some products on certain

platforms and not on others. However, apart from insurers that do not list on the government

marketplace at all, the kinds of plans listed by insurers typically have only small differences across

platforms.7

Since the implementation of the ACA, all insurance products in this market must fit within

one of five categories known as “metal” levels: Catastrophic, Bronze, Silver, Gold, and Platinum,

listed in increasing level of generosity. Households (or individuals) may purchase products that

are offered in their local rating area for a price that depends on the size and age composition of the

household, the household income, and whether or not the members are smokers. Insurance prices

are adjusted by an age-rating factor for each member of the household which, in 2015, increases

from 0.635 for children under the age of 21 to 3 for a 64 year old. Some states add additional

premium increases of up to 50% for household members that smoke.

Households that earn 100% of the federal poverty level (FPL) receive a subsidy that is suffi-

cient for the household to buy the second-lowest price Silver plan in their rating area for roughly

2% of their household income. This subsidy declines non-linearly to 9.5% for households that earn

400% of FPL, and subsidies are zero for households that earn greater.8 Households that earn less

than 250% of FPL also receive additional subsidies to cover reduced cost-sharing.

To address selection between products, the ACA implemented “risk adjustment,” a system of

risk-based subsidies (taxes) that compensate firms for enrollees with higher (lower) than average

expected costs. The government collects claims data throughout the year from every insurance

firm in the market to assess the average risk at the plan level using the HHS-HCC risk prediction

methodology. This method attributes to each individual a risk score based on age, sex, and a set

of diagnosis codes that are organized into hierarchical condition categories. Plans that have lower

than average levels of risk are taxed and plans that have higher than average levels of risk receive

7Analysis of the Robert Wood Johnson Foundation HIX 2.0 data on plan offerings shows minimal differences
between plan offerings on and off the exchange in premiums or deductibles.

8In recent years, California has extended subsidies to higher income households as well.
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subsidies. The formula that determines the taxes and subsidies is constructed to be budget neutral

at the state-level: the total taxes across all firms within a state are mechanically equivalent to the

total subsidies.

Risk-based subsidies are a common policy instrument to reduce adverse selection in health

insurance markets (McGuire et al. (2011), Van de ven and Ellis (2000), Ellis and McGuire (2007)).

The intention is to “eliminate the influence of risk selection on the premiums that plans charge,” and

see Section 2.4 for more detail on how risk adjustment works in a model of imperfect competition

(Pope et al. (2014), Kautter et al. (2014a)).

3.1 Choice Data

The data on health insurance purchases come from a third-party private online marketplace. The

private marketplace sells plans that are offered both on and off the ACA health insurance ex-

changes. In 2015, the private marketplace was authorized to sell subsidized health insurance plans

in most states. I observe the choices of subsidized and unsubsidized consumers across 48 states.

After dropping observations because of missing data or incomplete choice sets, the remaining data

includes roughly 75,000 individual and family health insurance choices across 14 states and 107

rating areas.

The data contain information on the age of the consumer, the first three digits of the con-

sumers’ zip code, the household’s income, the plan purchased by the consumer, and the subsidy

received. A single observation in the data represents a household, but I observe only one member’s

age. I assume that this is the age of the head-of-household, i.e., the oldest member of the house-

hold. I assume that every household that contains more than one individual contains two adults of

the same age, and any additional persons are children under the age of 21.9

The data from the private marketplace are a selected sample of all the consumers facing a par-

9The choice data contains information on the premium paid for a subset of the observations. In combination with
the base premium of the purchased product, the premium paid can be used to impute household composition. Using
the median base premium in the selected firm and metal-level, I construct an imputed household age-rating measure.
The correlation between this imputation and the more simple age-rating rule applied to the rest of the sample is 0.90.
The results are robust to alternative assumptions about age rating.
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ticular firm. Using the same data set, Ryan et al. (2021) find that income is a primary determinant

of driving selection into the private online marketplace. In order to create a sample of consumers

that is representative of the consumer population facing firms in this market, I treat the choice data

as a random sample conditional on subsidy eligibility and geographic market. Each observation

from the choice data within a particular subsidy eligibility category and market is given an equal

weight such that the weights sum to the size of the population as determined by the 2015 American

Community Survey (ACS)10. The ACS also provides a sample of the uninsured population.

Appendix Section C.1 contains descriptive statistics of the data sample, as well as more detail

on sample selection, missing data, and constructing the choice sets. For more detailed information

on processing the ACS, see Appendix Section C.2.

3.2 Cost Data

To identify the relationship between marginal cost and demand, the key feature of adverse selec-

tion, I use moments on consumer medical risk in both the demand and cost estimations. The 2015

Medical Expenditure Panel Survey (MEPS) Medical Conditions File (MCF) contains self-reported

diagnosis codes, which can be linked to information on household demographics, insurance cover-

age, and medical expenses in the Full Year Consolidated File. I apply the HHS-HCC risk prediction

model coefficients, published by Center for Medicare and Medicaid Services (CMS), to the self-

reported diagnoses to compute risk scores. For details on the processing of the MEPS data, see

Appendix Section C.3.

To identify the relationship between risk scores and demand, I use aggregate moments on the

risk distribution among market enrollees. I target 5 moments that CMS publishes in annual reports

on the results of the risk adjustment transfer program: the national average risk score for enrolled

beneficiaries and the average risk score of consumers in Bronze, Silver, Gold, and Platinum plans.

CMS only began to publish risk scores by metal-level in 2017. In order to make it comparable to

10The weights do not significantly alter the price elasticity and risk preference estimates from demand estimation.
They are important for how well the model predicts untargeted moments like aggregate insurance rates and the firm
first-order conditions.
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my data, I use the average of on- and off-exchange market segments, and scale the risk scores by

the ratio of the 2015 national average risk score to the 2017 national average risk score.

I also target the risk distribution across firms using risk adjustment transfers. These transfers

are related to the relative risk of the enrolled beneficiaries for each firm within a state (See Section

2.4). In Appendix Section C.4, I detail how these moments are constructed from Medical Loss

Ratio data submitted to the government.

I compliment these moments on the risk distribution with similar moments on costs. I match

moments on the relative costs of individuals by age and risk, which come from MEPS (Appendix

Section C.3). Additionally, I match moments on the average cost of insurance product categories

and the average costs of each firm. Product category level data come from rate filings to state insur-

ance regulators (Appendix Section C.5), and the average firm-level costs come from the Medical

Loss Ratio data (Appendix Section C.4).

4 Demand

4.1 Empirical Specification

Households have characteristics (ai,yi,Zi,rHCC
i ), where a is an average age-rating of all household

members, y is household income, Z is a vector of demographic indicator variables that include

three age buckets, whether or not the household includes only one person, and whether or not the

household is subsidy eligible.11 Households have an unobserved risk score, rHCC.

Households make a discrete choice among the set of insurance products that are available in

their market, m. Households are heterogeneous in their preferences for the price, αi, and insur-

ance characteristics, βi. Products have an unobservable quality, ξ , and households have additive

idiosyncratic preferences over products ε , which I assume are independently and identically dis-

tributed by type I extreme value. The indirect utility that household i receives from purchasing a

11I use the demographics of the head-of-household as the representative demographics for the household.
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product j is given by

ui jm = γ
′Zi +αi(ai p jm −B(yi))+β

′
i X jm +ξ jm + εi jm

ui0m = αiM(yi)+ εi0m

where B(y) is a function that maps income to subsidies and M(y) maps income to the penalty for

choosing not to buy health insurance. Observed characteristics X jm include the actuarial rating of

the plan and a firm fixed effect.

I allow the preference for the utility-value of money, αi, to be demographic specific. The

preference over observed characteristics, βi, depends on a household risk score, rHCC.

αi =α
′
zZi

β
k
i =β

k
0 +β

k
r rHCC

i

Risk is treated as an unobserved household characteristic. Risk scores are distributed according to

a distribution that can depend on household demographics, Zi.

rHCC
i ∼ G(Zi)

The demand model closely follows that of Tebaldi (2023), with the difference that risk hetero-

geneity is modeled through this calibrated random coefficient rather than directly associated to the

willingness to pay for insurance. This specification allows me to incorporate more data on the risk

distribution of consumers to match heterogeneity in risk preferences across firms—via the firm

fixed effect—in addition to the amount of insurance.

Because of the distributional assumption on ε , the probability that an individual will purchase

a particular product, Si j, is given by the standard multinominal logit formula.
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4.2 Risk Score Distribution

The risk scores in the demand model correspond to the output of the Health and Human Services

Hierarchical Condition Categories risk adjustment model (HHS-HCC) used in the non-group mar-

ket for the purpose of administering risk adjustment transfers. The HHS-HCC risk adjustment

model is designed to predict expected plan spending on an individual based on demographics and

health condition diagnoses. It is the result of a linear regression of relative plan spending on a set

of age-sex categories and a set of hierarchical condition categories derived from diagnosis codes.

Plan Spendingit
Avg. Plan Spendingt

= γ0 +∑
g

γ
age,sex
tg AgeigMaleig +∑

g′
γ

HCC
tg′ HCCig′ +ηit

The prediction regressions are performed separately for different types of plans t, where t repre-

sents the metal category of the plan. The resulting risk score for an individual is a normalized

predicted relative-spending value. Because all regressors take a value of either 1 or 0, the risk

score is equal to the sum of all coefficients that apply to a particular individual.

rit = ∑
g

γ
age,sex
tg AgegMaleg︸ ︷︷ ︸

rdem
it

+∑
g′

γ
HCC
tg′ HCCg′︸ ︷︷ ︸

rHCC
it

Unless specifically noted, rHCC
i will refer to the Silver plan HCC risk-score component and repre-

sent standard a measure of health status across all product types.

Parametric Distribution

The distribution of risk scores, Ĝ, is estimated from the 2015 Medical Conditions File (MCF) of

the Medical Expenditure Panel Survey. The MCF contains self-reported diagnosis codes and can

be linked to demographic information in the Population Characteristics file. The publicly available

data only list three-digit diagnosis codes, rather than the full five-digit codes. I follow McGuire
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et al. (2014) and assign the smallest five-digit code for the purpose of constructing the condition

categories and matching the HHS-HCC risk coefficient.12 See Appendix Section C.3 for detail on

processing the data.

In the data, a majority of individuals have no relevant diagnoses, i.e., rHCC
i = 0.In order to

match this feature of the data, the distribution combines a discrete probability that an individual has

a non-zero risk score and a continuous distribution of positive risk scores. With some probability

δ (Zi), the household has a non-zero risk score drawn from a log-normal distribution, i.e., rHCC
i ∼

Lognormal(µ(Zi),σ). With probability 1−δ (Zi), rHCC
i = 0. I allow the probability of having any

relevant diagnoses and the mean of the log-normal distribution to vary by two age categories for

the head of household and two income categories—above and below 45 years old, and above and

below 400 percent of the federal poverty level.

Table 1 displays the moments of the risk score distributions for each metal level in the data.

Figure 1 compares the risk distribution in the MCF with the simulated risk distribution in the

estimation sample.

4.3 Estimation and Identification

This model has two primary identification concerns. First, a plan premium’s price may be cor-

related with the unobserved quality ξ jm, leading to biased estimates of αi. In this environment,

the premium regulations provide a source of variation in price, which is exogenous to variation in

unobserved quality. The age-adjustment on premium, ai, increases monotonically and non-linearly

with age, and strictly increases with every age after 25. Income-based subsidies are available to

households that earn below 400 percent of the federal poverty level. These subsidies decline con-

tinuously within the subsidy-eligible range. Moreover, the choice-set changes discretely at 250

percent, 200 percent, and 150 percent of the federal poverty level. At each of these income thresh-

olds, the Silver plan becomes significantly more generous with no discontinuous change in the

12For example, I treat a three-digit code of ’301’ as ’301.00’. McGuire et al. (2014) find that moving from five-digit
codes to three-digit codes does not have a large effect on the predictive implications for risk score estimation. In this
case, there is measurement error as the model used was originally estimated on 5-digit codes.
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price (Lavetti et al. (2019)).

However, it is possible that preferences are also changing with age and income in a way that

is hard to disentangle with the regulatory identification. I follow Tebaldi (2023) by augmenting this

source of identification with variation in premiums due to local demographics (Waldfogel (2003)).

The intuition is that areas with higher proportions of young consumers will have lower average

costs and lower premiums. Conditional on the age of a consumer, the age of her neighbors does

not affect her demand for insurance.

I implement the control function approach from Tebaldi (2023). In the first stage, I regress

the base premium set for each product p jm on the share of consumers in that market that are under

the age of 35, and fixed effects for the firm, market, and metal-level of the product.

p jm = Share Under 35m + γ f ( j)+ γm + γmetal +ζ jm

The results of the first stage are presented in Appendix Table A1. I use the residual, ζ̂ jm, in

demand estimation as a control function. Specifically, I allow demand to depend on a 3rd order

polynomial of the residual, with each term of the polynomial interacted with age group, as well

as firm-market fixed effects. Appendix Table A2 includes demand estimates without the control

function, which are qualitatively similar.

The second concern is the identification of the risk coefficients, (γr,{β k
r }). These parameters

are incorporated into the estimation equations in the same manner as variance parameters for dis-

tributions of unobserved consumer preferences (e.g. Berry et al. (1995)). However, because I have

data on the distribution of risk in the market and moments on the average risk of individuals that

choose certain products, I am able to incorporate these product-level moments to ensure that the

model captures the appropriate risk-related substitution patterns and improve identification (Petrin

(2002)).

The demand model targets eighty nine moments on the distribution of consumer risk: the
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average risk score of all insured consumers; the average risk score of enrollees in the Bronze,

Silver, Gold, and Platinum plan categories; and the average risk score of each firm relative to the

average risk score in the state for each firm-state combination in the data. Let l index the moments,

let n index the N = 500 draws from the unobserved distribution of risk, and let I( j) be the set of

consumers that have product j in their choice set. For each group of products, Jl , I compute the

moments as

Ml =
∑ j∈Jl ∑i∈I( j)∑

N
n=1 wiSin jrin j

∑ j∈Jl ∑i∈I( j)∑
500
n=1 wiSin j

−Rdata
m

where rin j is a product-specific risk draw to match the definition of the moments in the data and wi

is the weight consumer i (see Section 3.1 for more details on weighting).

To estimate the demand model, I follow Grieco et al. (2021) to combine a micro-data log-

likelihood function with product-level GMM moments. The parameters maximize the sum of the

log-likelihood of observed choices less the weighted moment objective value.

θ̂ ∈ argmaxθ ∑
i

∑
j

Yi j log(
1
N ∑

n
Sin j)−M′WM (11)

The estimation proceeds in two steps. First, I use the identity matrix as the weighting matrix,

W . Second, I set the diagonal of the weighting matrix equal to the inverse of the moment variances

evaluated at the parameters estimated in the first stage. Because the moments do not apply to all

consumers in the data, I cannot directly compute the moment variances. Instead, I follow Petrin

(2002) by computing the variance of a separate set of moments that can be used to construct the

intended moments for estimation. In this case, the predicted choice probabilities, Si j, and the

average predicted risk for each product, 1
N ∑n Sin jrin j are sufficient. The variance of the targeted

moments can then be computed using the delta method.

This estimation procedure is analogous to a GMM estimation that uses the first order condi-

tions of the likelihood function as moments (Grieco et al. (2021)). Using the likelihood function in

place of an additional set of moments allows the estimation to maintain the desirable convergence
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and identification properties of maximum likelihood estimation. However, to compute standard

errors, I exploit the analogous GMM framework and compute the typical GMM standard errors

where the weighting matrix is a block diagonal matrix with the Hessian of the likelihood function

in one block and the moment weighting matrix W in the other.

4.4 Results

Table 2 presents the results from the demand estimation. The GMM specifications are supple-

mented with maximum likelihood estimations (MLE) that do not target risk-score moments. The

maximum-likelihood specifications arrive at similar results as the GMM specifications, with the

exception of a larger estimate of the price sensitivity of families. The maximum-likelihood es-

timation cannot identify different preference parameters that relate to the unobserved risk score

without additional moments. As a result, it includes only an unobserved preference for actuarial

value that depends on the risk score distribution and finds a stronger relationship between risk

and willingness to pay for coverage. The discrepancy appears for two reasons.The restriction of

a single dimension of heterogeneity puts more emphasis on the actuarial value parameter rather

than risk-related product differentiation among firms. Together, these results suggest that substi-

tution patterns in the data are consistent with health risk being an important, unobserved aspect of

demand. The additional moments on risk score provide additional identification, allow for more

detailed heterogeneity in demand, and allow for better targeting of important aspects of the market

that are relevant for counterfactual simulations, such as between-firm selection.

The specification used throughout the rest of the paper is GMM-2. I estimate three GMM

specifications to demonstrate the sensitivity of parameter estimates to the level of fixed effect that

controls for cross-product heterogeneity. The most detailed specification (GMM-3) includes fixed

effects for every firm-market-category, where category indicates whether the insurance plan is

a high coverage plan that covers more than 80% actuarial value. It is a challenge to use this

specification in counterfactual simulations, because not all firm-market-category combinations are

chosen. Instead, I use specification GMM-2 which has very similar parameter estimates.
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The median consumer willingness to pay for a 10% increase in the actuarial value of an

insurance plan is $134 per month. This actuarial increase is roughly equivalent to switching from a

Bronze plan to a Silver plan (or Silver to Gold). The median price difference to consumers between

Bronze and Silver plans is about $52 per month. There is substantial variation in willingness to

pay. The 10th percentile of willingness to pay is $84.1 per month, and the 90th percentile is $346

per month. The average own-price elasticity of consumers is -3.96, and the semi-elasticity of

purchasing any insurance at all is -0.03, i.e. a $10 increase in monthly price of every insurance

product will decrease insurance enrollment by 3%. These elasticities are similar to other estimates

in the literature (Tebaldi (2023), Saltzman (2019)).

5 Cost

5.1 Empirical Model

The expected cost of covering a particular household with a particular insurance product is esti-

mated through Method of Simulated Moments (MSM) using moments on average firm costs and

health care expenditures by age and risk. This method does not require the assumption that firms

are playing optimal strategies according to the specification of the model. I follow Tebaldi (2023)

in specifying a log-linear cost function.13 I specify the costs as

log(ci jm) = φ f +φAV AVjm +φageAgei +φrrHCC
i

where ψ f is a firm-state specific fixed effect, AVjm is the actuarial value of the product, Agei is the

average age of the household, and rHCC
i is the risk score of household.

The only mechanisms through which cost and preferences are correlated are through age and

risk scores.14 If this assumption is violated and the remaining correlation is consistent with adverse

13A key difference between this specification and that in Tebaldi (2023) is that costs depend on consumer risk rather
than directly on willingness to pay for insurance.

14An alternative specification could treat expected total medical spending as a household characteristic. Then, I
could allow preferences to vary with this characteristic instead of risk scores. Doing so has the advantage of cir-
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selection, then the coefficient on actuarial value will be biased upward.15 The result of this bias is

to attribute some portion of the selection differences of cost to product differences of cost. In the

context of this study, this attribution leads to conservative conclusions about the implications of

adverse selection and underestimate the importance of the sorting externality.

Reinsurance

In 2015, the ACA implemented a transitional reinsurance program, which mitigates a portion of

the liability to insurance firms of very-high-cost enrollees. This policy was important in limiting

the amount of realized adverse selection facing insurance firms and is included in cost estimation

in order to match the post-reinsurance average firm costs. The federal government covered 45% of

an insurance firm’s annual liabilities for a particular individual that exceeded an attachment point,

c = $45,000, and up to a cap, c̄ = $250,000. For an individual with a cost ci jm, the insurance firm

is liable for the cost crein
i jm under the reinsurance policy.

ccov
i jm = min

(
max(ci jm − c,0), c̄− c

)
cexc

i jm = max(ci jm − c̄,0)

crein
i jm = min(ci jm,c)+0.45ccov

i jm + cexc
i jm

cumventing this particular exogeneity assumption, but the principle concern that residual costs unobservable to the
econometrician are correlated with demand errors would remain.

15For illustration, suppose I estimate φ̂ to solve for a single product and single observable type,

E[Si jci j]

S j
−ACdata = 0

E[Si jci j] = S jACdata.

This is equivalent to

S jE[ci j]− cov(Si,ci j) = S jACdata.

I assume that, conditional on age and risk score, this covariance term is 0. If there is an endogeneity problem consistent
with adverse selection, this covariance term would be positive and increasing in plan generosity, leading to an upward
bias in the estimated coefficient on adverse selection.
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Estimation

The MSM estimation procedure targets four sets of moments which each identify four sets of pa-

rameters. The age and risk parameters are identified using moments from the Medical Expenditure

Panel Survey (Appendix Section C.3). For clear identification of costs by age separate from risk

score, the estimation targets age moments among adults that have a risk score of zero. The mo-

ments are computed as the ratio of average covered expenditures within five-year age brackets for

adults between 25 and 64 years old to the average covered expenditures of adults between 20 and

24 years old. The cost parameter on risk is identified using the ratio of average covered expen-

ditures among adults with a positive risk score to those with a risk score of zero. This helps to

separate sorting-related costs from firm-specific or product-specific costs. The parameter on actu-

arial value is identified using the ratio of experienced cost of each metal level to Bronze plans from

the 2016 rate-filing data.

Conditional on these three cost parameters (φAV , φAge, φr), the firm-specific cost parameter,

φ f , is set to exactly match the projected average cost in the 2015 rate-filing data. See Appendix

Section C.5 for more detail on the data.

When simulating moments that match data from the insurance firm rate filings, I use the

reinsurance adjusted cost, crein
i jm . The moments from the Medical Expenditure Panel Survey are

computed using total covered expenses across all insured individuals. Thus, I use the predicted

cost ci jm to compute these moments.

Cost is estimated using two-stage MSM to obtain the efficient weighting matrix. The esti-

mated demand parameters are used to simulate the distribution of consumer age and risk throughout

products in each market, using ACS data as the population of possible consumers (see Appendix

Section C.2). For a detailed description of the cost estimation procedure, see Appendix Section D.

5.2 Results

Table 3 displays the results of the cost estimation. The table presents results for two GMM demand

specifications used to simulate the moments targeted by the cost estimation. The main specification
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used in the counterfactual results is GMM-2.16 The estimation implies a substantial amount of

variation in consumer costs. The 10th percentile of consumer costs is $60.7 per month, the median

consumer costs is $161 per month, and the 90th percentile of costs is $455 per month. Costs

increase very quickly in the tail; the 99th percentile of consumers costs is $1,623 per month.

The standard mechanism of adverse selection is present. The 50 percent most elastic con-

sumers with respect to purchasing any insurance are 15% less costly than the least elastic con-

sumers. The consumers that are infra-marginal in the insurance purchase decision are more ex-

pensive than the consumers that are more marginal to leaving the insurance market (Einav et al.

(2010)).

More importantly for the context of this paper, there is substantial heterogeneity in prefer-

ences across firms that is correlated with cost. A one standard deviation increase in a consumers

risk score leads to a 30% increase in cost and up to a $37 dollar increase in the willingness to pay

to switch from the lowest quality firm to the highest quality firm, as ranked by risk preferences

(βr). As shown in Section 2.2, this selection across firms, as well as across products within the

firms, is a key feature of a market where mergers might lead to lower prices.

Table 4 presents the targeted and estimated moments used in the cost estimation. The age and

risk moments are matched more closely than the metal-level ratio moments. In particular, the cost

specification leads to overestimates of the cost of covering individuals with Platinum coverage.

The combination of ordered risk preferences, age preferences, and log-linear costs in actuarial

value lead to the implication that the difference in average costs among expensive and generous

plans (Gold and Platinum) is much greater than the difference in average cost among the less

comprehensive options (Silver and Bronze).

In estimating the parameters of demand and marginal cost, I do not use the assumption that

firms are optimally setting Nash-Bertrand prices to maximize profit. This approach allows the

demand and cost parameters to be identified from data, and shielded from potential model mis-

specification. In general, the demand model implies greater markups than the cost estimation. The

16The specification GMM-3 is not included. The average firm-level costs cannot be simulated in the same way
because not all firm-market-category fixed effects present in the choice sets are chosen in the estimation data.
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median and mean implied markup from the demand estimation is 43 and 48 percent, respectively.

The mean and median implied markups from the cost estimation are 34 percent and 28 percent, re-

spectively. Appendix Figure A1 plots the marginal revenue and marginal cost implied by estimated

parameters under the baseline policy regime, which includes risk adjustment and reinsurance.

The fact that the demand model and Bertrand-Nash competition imply greater markups could

be an indication that state insurance agencies are successful in negotiating lower markups on behalf

of consumers. This mechanisms are outside of the scope of this paper. To the extent that regulators

can effectively discipline markups, the results that follow will underestimate the positive effects of

consolidation.

6 The Welfare Effects of Mergers

In this section, I simulate every potential horizontal merger between firms that compete in at least

one local market and compute the effects on welfare. Because competitive equilibrium is not

assumed in the estimation of demand and supply, I first re-solve the baseline equilibrium. Next,

I solve the post-merger equilibrium for each potential merger. In the data, there are 243 potential

bilateral, horizontal mergers between competing firms, each of which affect an average of 4.8 local

markets.17

A merger between two firms is characterized as jointly maximizing the profit over a set of

products that is fixed in both the pre-merger and post-merger equilibrium. The model does not

allow product entry or exit due to a merger, which could potentially be optimal for a firm with

more market power. I abstract from this mechanism for two reasons. First, a model with flexible

product offerings is computationally difficult to solve and would require stronger assumptions on

equilibrium selection. Second, such a model is conceptually challenging to characterize, especially

in a setting where the degree of unobservable product differentiation may be strategically chosen

17In markets with adverse selection, there may be multiple equilibria. To verify that the simulated effects of a merger
are due to the changing market structure rather than equilibrium selection, I resolve for the pre-merger equilibrium
from the post-merger prices. In every case, the solution returns to the original pre-merger equilibrium.
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for new products (Rysman and Ackerberg (2005)).18

In the following analysis, I make two important assumptions about subsidies. First, I ignore

any changes in government spending in the welfare computation. At the estimated parameters, the

average consumer surplus generated from a dollar of additional government spending is less than a

dollar, a result consistent with other work on government sponsored health insurance (Finkelstein

et al. (2019)). To avoid comparing to a benchmark where the optimal outcome is zero government

spending and very little insurance enrollment, I treat the government’s subsidy policy as fixed and

taken as given by the planner who cares only about consumer and producer surplus.

Second, I assume that price subsidies are fixed and treated as vouchers by both the consumers

and firms. In reality, subsidies are tied to an order statistic of the equilibrium prices in each market:

the second-lowest price silver plan. As has been previously studied, this leads to greater upward

pressure on prices (Jaffe and Shepard (2017)). When the analysis is repeated allowing firms to

internalize this policy, consumers benefit from more than half of all mergers due to the rising

subsidy. In a social welfare analysis that also accounts for the increases in government spending,

the fraction of mergers that improve total surplus is similar in magnitude to those presented below.

However, these results are sensitive to what weight is placed on government dollars relative to

consumer and producer surplus. For more details, see Appendix Section E

6.1 Mergers Can Lead to Greater Welfare

Local markets for individual insurance are quite concentrated. Table 5 shows the distribution of

firms and the Herfindahl–Hirschman Index (HHI) in the pre-merger equilibrium of the model.

The 2010 Horizontal Merger Guidelines (written in collaboration between the US Department of

Justice and Federal Trade Commission) consider markets with an HHI greater than 2,500 to be

“highly concentrated” and merit extra scrutiny for merger review. In the pre-merger equilibrium,

18The results of this section may be exaggerated if merged firms remove products from the market, and this leads to
consumer surplus losses. A view this as not a first-order concern. Due to regulation, insurance firms typically “merge”
rather than remove products, preserving much of the important unobserved qualities such as the provider network.
And when selection is important and gains price discrimination for the merged firm are large, removing products is
less likely.
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94% of the markets exceed this threshold. Using the shares computed from the estimation data, all

but 2 markets exceed this threshold.19

Because the markets for non-group insurance are concentrated, the sorting problems due to

adverse selection are not the largest problem for social welfare. The welfare cost of markups is

much greater than the welfare cost of sorting, even in the markets where the cost of sorting is the

greatest.20 This is partially due to the risk adjustment transfer system implemented by the ACA.

But even without risk adjustment transfers, the mean sorting cost would be $7.0 per person per

month—less than 25% of the mean welfare cost of markups.

Despite the high levels of initial concentration and low welfare cost of sorting, many mergers

are predicted to improve both consumer and social welfare. The fraction of mergers that improve

welfare is displayed in Table 6, broken down by the size of the merger (measured by the change

in HHI predicted by pre-merger market shares) and the welfare cost of sorting in the pre-merger

equilibrium. I follow the Merger Guidelines and classify the size of mergers into three categories:

those unlikely to be of concern (change in HHI of less than 100), those that are potentially con-

cerning (change in HHI of between 100 and 200), and those that are presumed to be harmful to

consumers (change in HHI of greater than 200).21

There are two important facts to learn from Table 6. First, across all dimensions, some merg-

ers are beneficial to consumers. Even in the current policy environment where policies are in place

to address adverse selection and among large mergers likely to draw intense antitrust scrutiny,

consumers are better off in 1 out of 20 markets. While this is a small number of markets, it demon-

strates the heterogeneity in merger effects. Just as heterogeneity in consumer substitution patterns

can generate heterogeneous merger effects in apparently similar mergers, so too can heterogeneity

in consumer selection patterns.

19I do not consider the possibility of new firm entry. Since insurance markets are tightly regulated and entry is
somewhat difficult, this is a realistic assumption in the short-run.

20Because average costs are typically greater than marginal costs,the welfare cost of markups as defined in this paper
is relative to a social optimal benchmark that typically has negative profits. I could alternatively define the welfare
cost of markups relative to a zero-profit benchmark. In this case, the welfare cost of markups is $3-$5 lower, but still
much greater than the welfare cost of sorting.

21These thresholds are applied to markets that are already concentrated and are guides for scrutiny rather than hard
rules.
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Second, the mergers that lead to greater consumer and social welfare are typically in markets

with larger pre-merger welfare costs of sorting, as shown in the third panel of Table 6. Only in

markets with a welfare cost of sorting of at least $5 do an economically significant fraction of

mergers benefit consumers. Intuitively, in markets where welfare costs of sorting are low, there is

limited room for additional concentration to improve welfare.

The mechanism through which a merger might improve consumer surplus is by reducing

the spread between generous insurance products (Gold and Platinum plans) and the less gener-

ous options (Bronze and Silver plans). Figure 2 demonstrates how this narrowing occurs in the

price spread: typically through significant price increases in Bronze and Silver plans and lower or

negative price changes in Gold and Silver plans.

Intuitively, this is analogous to a firm increasing a fixed price for insurance while decreasing

the marginal price for increasing the generosity of the insurance plan. Improving the efficiency of

consumer sorting is about setting the efficient marginal price of additional insurance on the exten-

sive margin, which is often less than the equilibrium outcome in markets with adverse selection.

Figure 2 demonstrates that this is exactly the prediction from the model, and other empirical work

that investigates the effect of competition on prices in the industry find similar trends (Abraham

et al. (2017)). This result is related to intuition from a two-part tariff environment, where total

surplus can increase if the intensive margin tariff falls closer to marginal cost despite an increase

in the extensive margin markup.

Figure 3 shows the distribution of merger effects on consumer surplus in each of the three

categories of merger size designated in the Merger Guidelines, plotted against the welfare cost of

sorting pre-merger. Each dot represents a merger-market.

Among the smallest mergers with a change in HHI of less than 100, it is rare for a merger to

lead to significant consumer harm, and occasionally a merger leads to substantial consumer bene-

fits. It is unsurprising that these merger-markets do not generate much consumer harm. However,

the presence of large benefits to consumers means that markets with less overlap in market share

should still be considered as a source of possible benefits from a merger.
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Even among larger mergers that would be presumed harmful under current guidelines, there

exist mergers that generate substantial benefits to consumers. And regardless of the change in

HHI, mergers in markets with a pre-merger sorting cost greater than $10 per person per month are

frequently beneficial to consumers with economically significant magnitudes.

6.2 Screening For Mergers in the Presence of Adverse Selection

The harm from a merger comes not from the pre-merger market shares specifically but rather the

substitution patterns between the merging firms. Farrell and Shapiro (2010) argue that, while not

a perfect predictor of actual price effects, their measure of upward pricing pressure (UPP) (net of

cost-efficiencies) can accurately predict the direction of the effect of a merger on prices, and this

logic is relatively easily extended to effects on consumer surplus (Jaffe and Weyl (2013)).22 Miller

et al. (2017) demonstrate that UPP can be an effective screen for harmful merger effects under

many demand functions, including logit, discrete-choice demand.

In this section, I examine merger screens in the spirit of this literature and consider two

measures of pricing pressure. The first is the GePP measure re-defined below in Equation (12).

As derived in Section 2.2, this measure captures the full incentive of a merger in the presence of

adverse selection. The second measure, is the more typical UPP measure proposed by Farrell and

Shapiro (2010) and relatively easily computed by antitrust agencies. This measure is equal to the

product of the average diversion ratio and the profit margin, as shown underlined in Equation (12).

I follow Farrell and Shapiro (2010) and Miller et al. (2017) in considering the ratio of the pricing

pressure measure to pre-merger prices as a screening index.

GePP jk =
− ∂Sk

∂ p j

∂S j
∂ p j

(pk −ACk)︸ ︷︷ ︸
UPP jk

+
Sk
∂S j
∂ p j

∂ACk

∂ p j
(12)

22The Merger Guidelines also adopt this view: “[t]he Agencies rely more on the value of diverted sales than on the
level of the HHI for diagnosing unilateral price effects in markets with differentiated products.”
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To highlight the importance of the screen, I consider only mergers that are presumed to be

harmful due to a change in HHI of greater than 200.23 While most of these mergers lead to

significant harm to consumers, 7.2% of mergers lead to greater consumer welfare than pre-merger,

even absent any efficiency gain. The goal is how to screen for the harmful mergers in this group

without investigating or blocking mergers that benefit consumers.

It is important to note that, while this section will focus on potentially beneficial mergers,

many mergers are more harmful than would be presumed without accounting for adverse selection.

Out of all the product-market-mergers studied in the counterfactual, 23.4 percent of products have

greater incentives to raise price due to a merger than would be measured by the standard UPP

measure. However, most of these harmful mergers are already deemed harmful by the standard

UPP measure. For example, less than 1% of products (across mergers and markets) with a UPP of

less than 5 percent of the pre-merger price have a GePP measure of greater than that threshold. By

comparison, 32 percent of products with a UPP value of greater than 5 percent of the pre-merger

price have a GePP measure that is less than that threshold. In Appendix Figure A2, I plot the

distribution of the difference between GePP jk and UPPjk.

Consistent with the original discussion of UPP, the full GePP measure is an imperfect predic-

tion of the magnitude of the effects of a merger on consumer welfare, but it is an accurate of the

direction of the effect. In Figure 4, I plot the change in consumer surplus relative to the average

GePP created by the merger. GePP is a conservative screen in the sense that antitrust authorities

can safely allow mergers with a negative average GePP, as none of those mergers are harmful. As

GePP grows larger, the merger deserves more scrutiny.

It is clear that GePP is the best measure at hand to predict which mergers are likely to be

harmful and which beneficial. However, antitrust practitioners may not have the data or time to

estimate inter-firm selection patterns in the process of merger review. In Figure 5, I consider the

effectiveness both the full GePP measure and the standard UPP measure (averaged across merging

23The 2010 Horizontal Merger Guidelines state: “Mergers resulting in highly concentrated markets that involve an
increase in the HHI of more than 200 points will be presumed to be likely to enhance market power.”
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products) as a screen for the direction of the effect of a merger on consumer surplus.24

Figure 5 shows the fraction of mergers that benefit consumers that would be “investigated”

under a particular measure and screening threshold. On the x-axis are screening thresholds which

select for investigation only mergers with an average pricing pressure measure that exceeds that

level. The data points then represent that percent of mergers that benefit consumers among those

mergers that exceed that screening threshold.

If the full GePP measure is used to screen mergers, it is unlikely that beneficial mergers

will be investigated with any screening threshold that is greater than 0. UPP can also still be an

effective screen. Using a threshold of 0.05, very few mergers that are beneficial to consumers

will be investigated and potentially blocked. However, it is important to note that the threshold

depends on the degree of adverse selection in a particular market. To demonstrate this, Figure 5

also contains estimates from a scenario in which there is no risk adjustment between firms. In this

case, UPP is an even less accurate prediction of merger harm.

I propose that adverse selection can be considered similar to efficiencies in the standard ap-

plication of UPP in merger analysis. Farrell and Shapiro (2010) give substantial discussion to

converting gross UPP (as defined in Equation 12) to net upward pricing pressure, which accounts

for marginal cost efficiencies due to the merger. The information on potential cost efficiencies

available to antitrust agencies is typically qualitative and can be compared to gross UPP based on

the setting-specific strength of the evidence. A similar approach based on information about the

importance of adverse selection to competition between the merging firms should be used when

evaluating a merger.

7 Conclusion

This paper demonstrates that additional concentration due to a merger in an insurance market,

or any industry suffering from adverse selection, leads to a welfare trade-off. A reduction in

24UPP can be computed from information on diversion ratios and profit margins, which can be roughly approxi-
mated from relatively high-level information.
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inefficient sorting creates a welfare benefit, but the greater markups that come with more market

power leads to a welfare reduction. The net effect of these two forces is an empirical question.

In the non-group insurance market, this trade-off is economically relevant. Even in the pres-

ence of transfers that are intended to address adverse selection, more than 1 out of 10 mergers lead

to an improvement in consumer surplus. In markets where the welfare distortion due to sorting is

greater than $7.5 per person, more than 1 out of 3 mergers improve consumer surplus.

These results provide important insight for policy makers. From the perspective of antitrust

enforcement, the degree of adverse selection in a market should be considered when evaluating

a merger. The reduction in inefficient sorting due to additional concentration is a kind of merger

efficiency that might lead some mergers to provide benefits for consumers. And the extent to

which policies are in place to correct for the harmful incentives created by selection is important

for evaluating the degree of this potential benefit due to a merger.

This paper builds on a large theoretical and empirical literature and is itself only a small

additional step towards understanding managed competition in an environment with adverse selec-

tion. I show that complex selection mechanisms can be studied rigorously even in settings where

contract characteristics are fixed (Chade et al. (2022)). More work remains to fully understand

the effect of mergers in this market. For instance, firm entry or exit in the context of mergers

(Caradonna et al. (2023)), adverse selection, and their interaction is an important area for future

research.
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Figure 1: Risk Score Distribution Model Fit

Note: The data distribution comes from applying the HHS-HCC risk prediction methodology to the distribution of self-
reported diagnoses in the 2015 Medical Conditions File of the MEPS. The model distribution comes from predicting
the distribution of risk scores in the same MEPS sample. In both cases, the distribution of positive Silver metal-level
risk scores are displayed.
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Figure 2: Mergers Decrease Price Spread Between Most and Least Generous Plans

Note: A key mechanism through which mergers reduce inefficient sorting is by reducing the spread plan of different
generosity. This figure shows the distribution of price effects across all merger-market-products in the simulation. The
plan categories are ranked from least to most generous: catastrophic (catas), bronze, silver, gold, and platinum (plat).
The dark black line represents the median effect, the box contains the inter-quartile range, and the lines extend to the
10th and 90th percentiles.
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Figure 3: Mergers Improve Welfare in Markets with Large Welfare Costs of Sorting

Note: Markets where the welfare cost of sorting is larger are more likely to have mergers that improve social welfare,
and greater welfare costs of sorting lead to greater improvements to welfare. This figure shows the effect of each
merger on social welfare by the welfare cost of sorting. Each dot represents a single merger-market. Sorting cost is
displayed on a log scale. Both the welfare cost of sorting and the effect on social welfare are measured in dollars per
person per month.
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Figure 4: GePP Predicts Direction of Consumer Surplus Effect

Note: Average GePP forms a good prediction for the direction of the effect on consumer surplus. This figure compares
the effect of a merger in a particular market relative to the average GePP across all products of the merging parties.
Each dot represents a single merger-market. Sorting cost is displayed on a log scale. Both the welfare cost of sorting
and the effect on social welfare are measured in dollars per person per month.The dark line represents the 45-degree
line.
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Figure 5: Traditional Screening Methods for Merger Harm Can Still Apply

Note: In the presence of adverse selection, a merger screen for investigation based on UPP risks mis-predicting the
direction of the effect of a merger. Each dot represents the percent of mergers which exceed a threshold of each pricing
measure (GePP and UPP) and lead to greater consumer surplus, displayed for the baseline and a no-risk-adjustment
policy scenario.
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Table 1: Parametric Distribution of Risk Scores

Age Income Bronze Silver Gold Platinum
(% of FPL) δ (Zi) µ(Zi) σ µ(Zi) σ µ(Zi) σ µ(Zi) σ

≤45 ≤400% 0.15 2.86 19.7 2.99 19.5 3.11 19.8 3.31 20.8
>400% 0.13 3.02 19.7 3.22 19.5 3.22 19.8 3.40 20.8

>45 ≤400% 0.31 3.49 19.7 3.73 19.5 3.73 19.8 3.97 20.8
>400% 0.24 3.25 19.7 3.46 19.5 3.46 19.8 4.67 20.8

Note: This table displays three aspects of the distribution of HHS-HCC risk scores in the 2015 Medical Conditions
File of the MEPS. The first column displays the portion of risk scores that are positive for four categories divided by
age and income. The next columns display the mean and variance for each metal-level specific risk score. The mean
depends on these same demographic groups, and the variance is calculated across the whole population.
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Table 2: Demand Estimation Results

MLE GMM
(MLE-1) (MLE-2) (GMM-1) (GMM-2) (GMM-3)

Premium -1.46 -1.26 -2.03 -1.41 -1.32
(0.00) (0.00) (0.02) (0.02) (0.01)

Age 31 - 40 0.24 0 .24 0.36 0.36 0.29
(0.00) (0.00) (0.02) (0.02) (0.02)

Age 41 - 50 0.34 0.29 0.70 0.54 0.43
(0.00) (0.00) (0.02) (0.02) (0.02)

Age 51 - 64 0.69 0.55 1.24 0.83 0.70
(0.00) (0.00) (0.02) (0.02) (0.01)

Family -0.17 -1.13 0.01 0.05 0.04
(0.00) (0.00) (0.01) (0.01) (0.01)

Subsidized 0.09 0.21 0.29 0.32 0.29
(0.00) (0.00) (0.01) (0.01) (0.01)

Acutarial Value (AV) 4.40 9.36 7.21 11.03 11.70
(0.00) (0.00) (0.05) (0.08) (0.08)

Risk Preference
AV 1.19 0.90 0.55 0.50 0.54

(0.00) (0.00) (0.00) (0.00) (0.00)
Firm - Risk Interaction Y Y Y

Fixed Effects
Age, Fam., Inc. Y Y Y Y Y
Firm Y Y
Firm-Market Y
Firm-Category Y
Firm-Mkt-Cat. Y Y

Note: The top row of price coefficients corresponds to the estimate for households that do not fall into any of the
listed subgroups (single, high income, 18 to 30 year olds). The price coefficients for other households are obtained by
adding the relevant demographic adjustments to the top line. Premiums are in thousands of dollars per year.
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Table 3: Cost Estimation Results

(GMM-1) (GMM-2)

Age 0.41 0.42
(0.01) (0.01)

Risk 0.11 0.11
(0.00) (0.00)

Actuarial Value 4.15 4.31
(0.02) (0.02)

State-Firm Y Y

Note: This table displays the estimates of the marginal cost function. Standard errors are computed using the GMM
formula, accounting for demand estimation error in the simulation.
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Table 4: Cost Estimation Fit of Cost-Ratio Moments

Data Model Fit
GMM-1 GMM-2

Age (rHCC = 0)
18 - 24 1.0 - -
25 - 29 1.34 1.32 1.30
30 - 34 1.44 1.53 1.56
35 - 39 2.08 2.38 2.35
40 - 44 2.98 2.08 2.07
45 - 49 1.74 2.56 2.57
50 - 54 3.49 2.74 2.84
55 - 59 2.98 3.75 3.78
60 - 64 3.57 3.75 3.82

Risk
rHCC = 0 1.0 - -
rHCC > 0 3.57 3.26 3.29

Metal Level
Bronze 1.0 - -
Silver 2.28 1.67 1.77
Gold 3.80 3.39 3.41
Platinum 4.28 7.39 7.47

Note: This table displays the targeted and estimated cost ratios that are used to identify the marginal cost estimation.
In each category—age, risk, and metal level—the ratios are defined relative to the first row. The first row of each
category is equal to one by construction. The two columns of estimated moments represent the two demand estimation
specifications used to simulate the moments. Marginal costs are not estimation for the final specification, GMM-3,
since this specification cannot be used in counterfactual analyses.
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Table 5: Markets are typically concentrated

25th Percentile Median 75th Percentile

Pre-merger Firms 3 4 6
Pre-merger HHI 3058 4503 5452
Welfare Cost of Markups $27.5 $31.1 $36.2
Welfare Cost of Sorting $1.7 $3.2 $5.1

Note: HHI values are computed from the re-solved pre-merger equilibria. Welfare costs are measured in dollars
per-person per-month. Quartiles are computed across the 107 local markets.
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Table 6: Many Mergers are Predicted to Improve Consumer Surplus and Social Welfare

Number of Fraction Fraction
Mergers ∆SW > 0 ∆CS > 0

Total 1186 0.15 0.13

∆ HHI

<100 557 0.22 0.19
100 - 200 143 0.13 0.10
200 - 1000 306 0.10 0.09
>1000 180 0.05 0.05

Sorting Cost

<$5 847 0.09 0.07
$5 - $7.5 200 0.23 0.22
$7.5 - $10 36 0.28 0.22
>$10 103 0.52 0.43

Note: Many mergers lead to improvements in consumer surplus and social welfare. This table displays the fraction
of mergers with positive welfare effects, both in terms of consumer welfare and total social welfare. The top line
displays the average across all mergers, and the following two panels breakout the results by the size of the merger
and the pre-merger welfare cost of sorting. The change in HHI is computed using pre-merger market shares to reflect
pre-merger size of merging firms, and the sorting cost is measured in dollars per consumer per month.
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Appendix

A Appendix Tables and Figures

Table A1: Control Function Estimation

(1) (2)
All Products Products Purchased in Choice Data

Fraction of Consumers Under 35 -249 -272
(94.5) (120)

Firm ✓ ✓
Metal Level ✓ ✓
State ✓ ✓

Note: This table displays the first stage of the control function estimation for the demand estimation procedure pre-
sented in Section 4. The dependent variable is the annual base premium. The first column shows estimates using all
products in the markets included in the sample. The second column shows estimates using only products purchased in
the choice data used in estimation. The control function is constructed from the residual of specification (1).
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Table A2: Demand Estimation Results

(1) (2) (3)

Premium -2.07 -1.35 -1.32
(0.02) (0.02) (0.01)

Age 31 - 40 0.30 0.28 0.29
(0.02) (0.02) (0.02)

Age 41 - 50 0.62 0.44 0.43
(0.02) (0.02) (0.02)

Age 51 - 64 1.20 0.71 0.70
(0.01) (0.01) (0.01)

Family 0.01 0.06 0.04
(0.01) (0.01) (0.01)

Subsidized 0.34 0.29 0.29
(0.01) (0.01) (0.01)

Actuarial Value (AV) 7.03 11.98 11.70
(0.05) (0.08) (0.08)

Risk Preference
AV 0.59 0.55 0.54

(0.00) (0.00) (0.00)
Firm - Risk Interaction Y Y Y

Fixed Effects
Age, Fam., Inc. Y Y Y
Firm Y
Firm-Market Y
Firm-Category Y
Firm-Mkt-Cat. Y

Note: This table displays the demand estimation results without using the control function as an additional source of
identification. The specifications match those estimated in the three GMM columns of Table 2. The estimates are
qualitatively similar.
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Figure A1: Marginal Revenue vs Marginal Cost in Baseline Model

Note: The product-level marginal cost and marginal revenue predicted by the estimated model are roughly equal on
average. Each dot represents a product in a market. The size of the dots is proportional to the quantity sold. The model
does relatively well with products that are close to the mean marginal revenue and costs but struggles to fit the outliers.
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Figure A2: GePP is Typically Lower than the Standard UPP

Note: Typically, accounting for adverse selection in the pricing incentive of a merger leads to less upward pricing
pressure. This plot shows the distribution of the difference between the selection-adjusted GePP measure and the
standard UPP measure across all product-market-mergers in the counterfactual simulation.

B Derivations

B.1 The Average Cost Function

The cost to a particular product j of enrolling a household i is given by ci j. The average cost of an

insurance plan is the share-weighted average cost of all consumers that select that plan.

AC j(ppp) =
1

S j(ppp)

ˆ
i
Si j(ppp)ci jdi
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The derivative of the average cost of product j with respect to the price of product k depends on

the demand derivatives of the consumers of product j.

∂AC j

∂ pk
=

1
S j

ˆ
i

∂Si j

∂ pk
ci jdi−

∂S j
∂ pk

S j

´
i Si j(ppp)ci jdi

S j

∂AC j

∂ pk
=

∂S j
∂ pk

S j

 1
∂S j
∂ pk

ˆ
i

∂Si j

∂ pk
ci jdi−AC j


Using identity that E[xy] = E[x]E[y] +Cov(x,y), I can show how the effect on average cost is a

function of the covariance between consumer costs and their semi-elasticity of demand.

S j
∂S j
∂ pk

∂AC j

∂ pk
=

1
∂S j
∂ pk

ˆ
i

∂Si j

∂ pk
ci jdi−AC j

S j
∂S j
∂ pk

∂AC j

∂ pk
=

1
∂S j
∂ pk

ˆ
i

∂Si j
∂ pk

Si j
Si jci jdi−AC j

S j
∂S j
∂ pk

∂AC j

∂ pk
=

1
∂S j
∂ pk

 ∂S j
∂ pk

S j

ˆ
i
Si jci jdi+Cov(

∂Si j
∂ pk

Si j
,ci j)

−AC j

S j
∂S j
∂ pk

∂AC j

∂ pk
= AC j +

1
∂S j
∂ pk

Cov(
∂Si j
∂ pk

Si j
,ci j)−AC j

S j
∂S j
∂ pk

∂AC j

∂ pk
=

1
∂S j
∂ pk

Cov(
∂Si j
∂ pk

Si j
,ci j)
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B.2 Generalized Pricing Pressure

The optimal price for single-product firm, j, is derived below.

Π j = S j(ppp)(p j −AC j(ppp))

0 =
∂S j

∂ p j
(p j −AC j)+S j(1−

∂AC j

∂ p j
)

p j = AC j +
S j
∂S j
∂ p j

(1−
∂AC j

∂ p j
) (13)

Consider now a multi-product firm with two products j and k that are offered to the same set

of consumers. This is equivalent to the merged entity in the example given in Section 2.2. The

optimal price for product j in this multi-product firm is derived below.

Π j = S j(ppp)(p j −AC j(ppp))+Sk(ppp)(pk −ACk(ppp))

0 =
∂S j

∂ p j
(p j −AC j)+S j(1−

∂AC j

∂ p j
)+

∂Sk

∂ p j
(pk −ACk)−Sk

∂ACk

∂ p j

p j = AC j +
S j
∂S j
∂ p j

(1−
∂AC j

∂ p j
)−

∂Sk
∂ p j

∂S j
∂ p j

(pk −ACk)+
Sk
∂S j
∂ p j

∂ACk

∂ p j
(14)

GePP is defined as the difference between the pre-merger and post-merger first order conditions

for a particular product’s price, both normalized to be quasi-linear in marginal cost (Jaffe and Weyl

(2013)). In the example given in Section 2.2, this is given by the price defined in Equations 14 less

the price defined in Equation 13.

GePPjk(ppp) =−
∂Sk(ppp)

∂ p j

∂S j(ppp)
∂ p j

(pk −ACk(ppp))+
Sk(ppp)
∂S j(ppp)

∂ p j

∂ACk(ppp)
∂ p j

Importantly, GePP is a function of prices. In practice, it is typically evaluated at pre-merger prices.
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B.3 Socially Optimal and Constrained Optimal Prices

The social welfare function, SW (·), is given by the sum of consumer surplus and producer profits.

SW (ppp) =
ˆ

i
CSi(ppp)di+ ∑

k∈J
Sk(pk −ACk)

The socially optimal price for a particular product j is derived below, using the result that

∂CSi
∂ p j

=−S j.

0 =

ˆ
i

∂CSi

∂ p j
di+

∂S j

∂ p j
(p j −AC j)+S j(1−

∂AC j

∂ p j
)+ ∑

k ̸= j

∂Sk

∂ p j
(pk −ACk)−Sk

∂AC j

∂ p j

0 =
∂S j

∂ p j
(p j −AC j)−S j

∂AC j

∂ p j
+ ∑

k ̸= j

∂Sk

∂ p j
(pk −ACk)−Sk

∂AC j

∂ p j

pW
j = AC j +

S j
∂S j
∂ p j

∂AC j

∂ p j
+

∑
k ̸= j

Sk
∂S j
∂ p j

∂AC j

∂ p j
−

∂Sk
∂ p j

∂S j
∂ p j

(pk −ACk)


The problem of a constrained social planner that chooses product-level prices subject to a

promise of total profit Π̄ to the insurance industry is given below.

max
{p j} j∈J

ˆ
i
CSi(ppp)di

such that ∑
k∈J

Sk(pk −ACk)≥ Π

The constrained optimal price for product j is derived below, where λ is the Lagrange multiplier
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on the profit constraint.

L =

ˆ
i
CSi(ppp)di+λ (∑

k∈J
Sk(pk −ACk)−Π)

0 =

ˆ
i

∂CSi

∂ p j
di+λ

(
∂S j

∂ p j
(p j −AC j)+S j(1−

∂AC j

∂ p j
)+ ∑

k ̸= j

∂Sk

∂ p j
(pk −ACk)−Sk

∂AC j

∂ p j

)

0 = S j(1−
1
λ
)+

∂S j

∂ p j
(p j −AC j)−S j

∂AC j

∂ p j
+ ∑

k ̸= j

∂Sk

∂ p j
(pk −ACk)−Sk

∂AC j

∂ p j

pCE
j =−λ −1

λ

S j
∂S j
∂ p j

+AC j +
S j
∂S j
∂ p j

∂AC j

∂ p j
+

∑
k ̸= j

Sk
∂S j
∂ p j

∂AC j

∂ p j
−

∂Sk
∂ p j

∂S j
∂ p j

(pk −ACk)



C Data Processing

C.1 Processing the Choice Data

The choice data contain only the ultimate choices made by the consumers, not the scope of avail-

able options. In order to construct choice sets, I use the HIX 2.0 data set compiled by the Robert

Wood Johnson Foundation. This data set provides detailed cost-sharing and premium information

on plans offered in the non-group market in 2015. The data set is nearly a complete depiction of

the market for the entire United States, but there are some markets in which some cost-sharing

information is missing, or insurance firms are absent altogether.

I restrict the analysis to markets in which I observe characteristics of the entire choice set

and can be reasonably confident that the private marketplace presents nearly the complete choice

set of health insurers. Using state-level market shares from the Medical Loss Ratio reporting data,

I throw out any markets in which I do not observe any purchases from insurance firms that have

more than 5% market share in the state. In this way, I hope to ensure that my sample of choices is

not segmented to only a portion of the market.

In Table A3, I summarize the data sample used in estimation and compare it to other data on

the non-group insurance market: the ACS and data reported by the Office of the Assistant Secre-

tary for Planning and Evaluation (ASPE) at the U.S. Department of Health and Human Services.
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The ACS survey design offers the broadest depiction of the market across all market segments.

ASPE publishes detailed descriptive statistics on purchases made through the federally-facilitated

HealthCare.gov. Relative to the ACS, enrollment through HealthCare.gov is weighted heavily to-

wards low-income, subsidy-eligible consumers. As a result, the plan type market shares reported

by ASPE are weighted heavily towards Silver plans that have extra cost-sharing benefits at low in-

comes. While the private marketplace is tilted towards higher-income and younger households, the

ACS weighting moves the demographic distributions and market shares closer to those in the other

data sources. Ryan et al. (2021) investigate these relationships in more detail and show that the

market shares, conditional on income and geography, are quite close to those reported by ASPE.

Table A3: Data Description

Private Marketplace
ACS ASPE Un-weighted Weighted

Age Distribution
Under 18 0.0% 9.0% 0.0% 0.0%
18 to 25 7.6% 11.3% 11.1% 11.4%
26 to 34 17.2% 17.5% 30.8% 29.1%
35 to 44 22.2% 16.8% 21.4% 20.1%
45 to 54 25.3% 20.9% 19.9% 20.5%
55 to 64 27.7% 23.3% 16.8% 19.0%

Income Distribution
Under 250% FPL 32.1% 76.1% 30.8% 43.0%
250% to 400% FPL 24.5% 15.4% 9.1% 13.4%
Over 400% FPL 43.4% 8.5% 60.1% 43.6%

Metal Level Market Shares
Catastrophic 1.1% 5.0% 3.6%
Bronze 24.2% 39.2% 36.0%
Silver 66.4% 41.8% 48.8%
Gold 6.6% 11.1% 9.4%
Platinum 1.7% 2.9% 2.2%

Note: The table compares the weighted and unweighted distribution of consumers in the estimation data sample
relative to other data sources on the non-group market. The age distributions reported are for the head-of-household
with the exception of ASPE, which is the individual-level distribution.
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Choice Sets

A household’s choice set depends on the age composition of its members and the household in-

come. Since I observe only one age of the household, I use a simple rule to impute the age

composition: any household with more than one individual contains two adults of the same age

and additional persons are under the age of 21. For a subsample where I can infer the age com-

position based on their charged premium, this simple rule has a correlation with the inferred age

composition of 0.9. The income information also contains some missing values. For subsidized

consumers, income can be imputed from the observed subsidy value and the household size. I use

this imputed income for subsidized consumers with missing income information. However, doing

so is not possible for the consumers that do not receive a subsidy. I assume that those in the data

without a reported subsidy amount have an income greater than the subsidy qualification threshold.

The choice set in each market is large. The typical market has about 150 plans to choose

from, and these plans do not necessarily overlap with other markets. Because I observe only a

sample of choices, there are many plans that I do not observe being chosen. The lack of observed

choices does not necessarily imply that these plans have a zero market share and may be due to

the fact that the number of options is large relative to the observed number of choices. The median

number of choices per market is 300.

To simplify this problem, I aggregate to the level of firm-metal offerings in a particular mar-

ket. For example, all Bronze plans offered by a single insurance firm are considered a single

product. While firms typically offer more than one plan in a given metal level, the median number

of plan offerings per metal level is three, and the 75th percentile is five. Wherever there is more

than one plan per category, I aggregate by using the median premium within the category. The

only other product attributes I use in estimation are common to all plans in each category.

C.2 American Community Survey

Data on the size and demographic distributions of both the uninsured and insured populations in

each market come from 2015 American Community Survey (ACS). The population of individuals
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who might consider purchasing non-group health insurance is any legal US resident that is not

eligible for Medicaid, Medicare, and is not enrolled in health insurance through their employer.

An individual that is not enrolled in employer sponsored insurance but has an offer that they chose

not to accept is assumed to be in the non-group market. These consumers may be ineligible for

subsidies but can often obtain waivers to get the same treatment as those without an employer

offer. This population is small (Planalp et al. (2015)), and I treat them identically to the rest of the

non-group market.

In order to address under-reporting of Medicaid enrollment, any parent that receives public

assistance, any child of a parent that receives public assistance or is enrolled in Medicaid, any

spouse of an adult that receives public assistance or is enrolled in Medicaid or any childless or

unemployed adult that receives Supplemental Security Income payments are assumed to be en-

rolled in Medicaid. Besides Medicaid and CHIP enrollment, an individual is considered eligible

for either program if his or her household income falls within state-specific eligibility levels. If an

individual is determined to be eligible for Medicaid through these means but reports to be enrolled

in private coverage, either non-group coverage or through an employer, they are assumed to be

enrolled in Medicaid. This accounts for those that confuse Medicaid managed care programs with

private coverage, and Medicaid employer insurance assistance.

This paper follows the Government Accountability Office methods (GAO (2012)) to construct

health insurance households. This method first divides households as identified in the survey data

into tax filers and tax dependents, linking tax dependents to particular tax filers. A tax filing house-

hold, characterized by the single filer or joint filers and their dependents, is generally considered

to be a health insurance purchasing unit. In some cases, certain members of a tax household will

have insurance coverage through another source, e.g. an employer or federal program. In this case,

the health insurance household is the subset of the tax household that must purchase insurance on

the non-group market.
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C.3 Medical Expenditure Panel Survey

The Medical Expenditure Panel Survey (MEPS) is a nationally representative household survey

on demographics, insurance status, and health care utilization and expenditures. MEPS provides

moments on the distribution of risk scores in the insured population and the relative costs of house-

holds by the age and risk score of the head of household and the risk. All moments are constructed

using all surveyed households with a head of household under the age of 65.

The 2015 Medical Conditions File (MCF) of MEPS contains self-reported diagnosis codes.

The publicly available data only list 3-digit diagnosis codes, rather than the full 5-digit codes. I

follow McGuire et al. (2014) and assign the smallest 5-digit code for the purpose of constructing

the condition categories. For example, I treat a 3-digit code of ’571’ as ’571.00’. This implies that

many conditions in the hierarchical risk prediction framework are censored. However McGuire et

al. (2014) find that moving from 5-digit codes to 3-digit codes does not have a large effect on the

predictive implications for risk scores.

I link the MCF to the Full Year Consolidated File to identify the age and sex of the individual,

and then apply the 2015 HHS-HCC risk prediction methodology (Kautter et al. (2014b)). The risk

coefficients are published by CMS and publicly available.

C.4 Medical Loss Ratio Data

CMS makes publicly available the state-level financial details of insurance firms in the non-group

market for the purpose of regulating the MLR.25 This information includes the number of member-

months covered by the insurance firm in the state and total costs.

This paper uses two pieces of information from the Medical Loss Ratio filings: average cost

and average risk adjustment transfers.

Firms are defined by operating groups at the state level. Some firms submit several medical

loss ratio filings under for different subsidiaries in a given state. I group these filings together.

25Insurance firms in this market are restricted in how much premium revenue they may collect, relative to an adjusted
measure of medical costs. In 2015, this constraint is not often binding. Excess revenue is returned to consumers via a
rebate.
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Average cost is defined as total non-group insurance claims divided by total non-group mem-

ber months, current as of the first quarter of 2016. This computation includes claims and member

months that may not be a part of the non-group market as it is characterized in this analysis. For

instance, grandfathered insurance plans that are no longer sold to new consumers are included.

These are likely to be a small portion of the overall market.

To compute the average risk adjustment payment, some adjustment to the qualifying mem-

ber months is required. Unlike medical claims, grandfathered plans (and other similar non-ACA

compliant plans) are not included in the risk adjustment system. Dividing the total risk adjustment

transfer by the total member months will bias the average transfer towards zero.

The interim risk adjustment report published by CMS includes the total member months

for every state. And the MLR filings separately list the risk-corridor eligible member months,

which are a subset of the risk adjustment eligible member months. I define "potentially non-

compliant" member months as the difference between risk-corridor eligible member months and

total member months. I scale the potentially non-compliant member months of all firms in each

state proportionally so that total member months is equal to the value published by CMS, with

two exceptions. First, firms that opted not to participate in the ACA exchange in that state have

zero risk-corridor eligible member months. I do not reduce the member months of these firms, as I

cannot isolate the potentially non-compliant months. Second, if the risk-corridor eligible member

months exceed the total member months published by CMS, I assume that the risk-corridor eligible

member months are exactly equal to the risk adjustment eligible member months.

Computing Firm-level Risk

This paper firm-level risk transfers to infer the equilibrium distribution of risk across firms. With a

bit of simplification, the ACA risk transfer formula at the firm level can be written as

Tf =

[
R̄ f

∑ f ′ S f ′R̄ f ′
−

Ā f

∑ f ′ S f ′Ā f ′

]
P̄s
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where R̄ f is the firm level of average risk and Ā f is the firm level average age rating, where the

average is computed across all the firms products and weighted by members, a geographic adjust-

ment, and a metal-level adjustment. S f is the firm’s state-level inside market share, and P̄s is the

average total premium charged in the state.

Every element of this formula is data available in the Interim Risk Adjustment Report on

the 2015 plan year, except for the plan-level market shares, the plan-level average age rating, and

the plan-level average risk. As a simplification, I assume that the average age rating is constant

across all firms, and that the weighting parameters in the risk component are negligible. In reality,

variation in the average age rating is not very large, and incorporating this variation in the moment

matching dramatically increases the computational burden.

I compute the implied firm-level average risk as

R̄ f =

(
Tf

P̄s
+1
)

R̄

where the risk transfer Tf is the average firm-level risk adjustment transfer from MLR data, P̄s

is the average state level premium reported in the interim risk adjustment report, and R̄ is the

national average risk score reported in the interim risk adjustment report.26 In the estimation, I

target the difference between R̄ f and an adjusted average risk score for the state that accounts for

grandfathered insurance products not sold through the marketplace.

C.5 Rate Filing Data

The Center for Medicare and Medicaid Services (CMS) tabulates the Premium Rate Filings that

insurance firms must submit to state insurance regulators if they intend to increase the premiums

for products they will continue to offer. In these filings, insurance firms include information on

26The formula implies that the state average risk score should go in place of the national average. However, I do not
allow the risk distribution among consumers to vary by geography (other than through composition). I use the national
risk score to abstract from these geographical differences.
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the cost and revenue experience of the insurance product in the prior year and projections for the

following year.

The rate filing data are divided into two files—a firm-level worksheet and a plan-level worksheet—

and contain information on the prior year experience of the plan and the projected experience of

the plan in the coming year. I use projected firm-level average cost and the average ratio of expe-

rienced costs across metal levels for all firms. Using projected average costs for the firms leads to

the best fit for the first order conditions, which are not imposed in estimation. This may be because

it more accurately represents firms’ expectations when setting their costs. While the decision to

use projected or experienced costs does affect the marginal cost estimation, it does not qualitatively

impact the results.

To construct moments on the ratio of average cost across metal level categories, I use the

prior year experience submitted in the 2016 rate filings data. To recover the average cost after

reinsurance, I subtract the experienced total allowable claims that are not the issuer’s obligation

and the experienced risk adjustment payments from the total allowable claims.

The ratio of average cost across each metal level category is computed as the weighted av-

erage of every within firm ratio. I compute the average cost across all plans within each metal

level category in each firm, and then compute the weighted average of the ratios across each firm.

Each step is weighted using the reported experienced member months. The model moments are

constructed in the same manner.

To estimate firm average costs, this paper takes advantage of the firm’s projected costs for

the 2015 plan year. I use the projected firm level average cost from the 2015 plan year firm-level

rate filing data. I compute post-reinsurance projected costs by subtracting projected reinsurance

payments from “projected incurred claims, before ACA Reinsurance and Risk Adjustment.”

Some firms do not appear in the risk filing data. For these firms, I compute the projected

average cost for those firms by adjusting the experienced average cost reported in the Medical

Loss Ratio filings by the average ratio of projected to experienced claims. In 2015, the average

ratio of project to experienced claims for firms in my sample is 71.5%.
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D Cost Estimation Procedure

The cost parameters are estimated by matching a number of moments on firm-level costs and

individual-level costs. The estimation is constrained to precisely match the projected-firm level

average costs. The remaining cost parameters are estimated to fit three sets of moments: the ratio

of the average cost of each metal level to the average cost of a bronze plan, the ratio of the average

cost of each age group to the average cost of a 21-year old conditional on having a risk score of

zero, and the ratio of the average cost of individuals with a positive risk score to those with a risk

score of 0.

Matching Firm Moments

Let C̄obs
f be the observed projected firm-level average cost. The firm-specific cost parameters,

ψ̃(φ), can be set such that these moments are matched exactly. Without incorporating reinsurance,

ψ̃(φ) can be computed analytically.

C̄obs
f = eψ f

1
∑ j∈J f S j

∑
j∈J f

ˆ
i
Si jeφ1AV jm+φ2Agei+φ3rHCC

i dF(i)

ψ̃ f (φ) = log
(

1
∑ j∈J f S j

∑
j∈J f

ˆ
i
Si jeφ1AV jm+φ2Agei+φ3rHCC

i dF(i)
)
− log(C̄obs

f )

When incorporating reinsurance, the parameters ψ can no longer be separated from φ because they

interact in determining how much reinsurance an individual receives. Instead, ψ̃ can be found by

iteration.

ψ̃
n+1
f = ψ̃

n
f +

[
log
(

1
∑ j∈J f S j

∑
j∈J f

ˆ
i
Si jcrein

i jm (ψ f ,φ)dF(i)
)
− log(C̄obs

f )

]

Without any reinsurance, this iteration method gives the analytic result at n = 1 given any feasible

starting point, ψ0. The reinsurance payments are not particularly sensitive to ψ which affects

average payments and have less effect on the tails targeted by reinsurance. As a result, ψ̃ can be
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precisely computed with a small number of iterations.

Method of Simulated Moments

I will write the moments as d(φ) to represent the remaining moments on the cost ratios by metal

level, age, and risk, incorporating the predicted parameters of ψ̃(φ). φ̂ is estimated by minimizing,

for a weighting matrix W ,

φ̂ = argminφ d(φ)′Wd(φ)

The minimum of the function is found using the Neldermead method. I estimate φ̂ in two

stages. In the first stage, I use the identity weighting matrix and obtain estimates of the variance

of the moments, V . In the second stage, I use W = V−1. Similar to the demand estimation, the

moments do not necessarily apply to every observation of the data. I use the same procedure from

Petrin (2002) to compute the variance of the moments (see Section ??).

E Effects of a Merger under Price-Linked Subsidies

Price-linked subsidies have two important effects in the context of mergers and market power.

First, it allows firms a greater ability to exploit their market power. Greater prices are partially

covered by the government rather than consumers, which reduces consumers’ effective elasticity

and leads to greater markups (Jaffe and Shepard (2020)).

Second, when two firms merge, the price effect is greater not only due to the reduced elasticity

of consumers, but also due to the increased probability that the merged firm will control the linked

product that governs the subsidy. The merged firm now internalizes more of the subsidy policy,

and as a result, it is as if the merged firm faces less elastic consumers than pre-merger, even among

the same consumers and policy environment.

Without considering selection, the first-order effects of a merger when firms internalize the

price-linked nature of subsidies are that government spending increases substantially, firms capture
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some of this increased spending as an increase in profits, and subsidized consumers are protected

against—and in some cases can benefit from—higher prices. The key group that is harmed due

to a merger are higher-income, un-subsidized consumers, which make up a smaller portion of the

market.

These effects are important in the context of this paper, because they greatly reduce the harm

to consumers from increased markups. Consumers may benefit from mergers through less ineffi-

cient sorting without bearing the full burden of greater markups.

In this section, I repeat the main results of the paper, allowing for the subsidies to adjust with

prices and for firms to internalize their probability of controlling the price-linked product, i.e. the

silver plan with the second lowest price. I follow the methodology of Jaffe and Shepard (2020) and

require the equilibrium to be an ex-post best-response. The firm that controls the second-lowest-

price silver plan sets the optimal price conditional on the knowledge that the plan is linked to the

market-wide subsidy level.

In order to smooth the computation of equilibrium, I assume that firms have an expectation

over the probability that the silver plan they offer in each market is the benchmark silver plan. Let

p2l ps represent the second lowest-price silver plan. All silver plans in the market are assigned a

probability that the plan is the benchmark plan,π j, given by

π j =
e−χ|p j−p2sl ps|

∑k eχ|pk−p2sl ps| . (15)

The parameter χ governs the certainty with which firms’ know if they offer the benchmark pre-

mium. In the limiting case of a very large χ , this probability distribution collapses to certainty. In

the results in this section, I set χ = 0.1, which corresponds roughly to a firm knowing with 99%

probability that its plan is the benchmark silver plan if the absolute price difference of the next

closest silver plan is at least $40. At the observed prices, the benchmark plans in 53 out of 107

markets are assigned probabilities greater than 70%, and in 88 markets the probabilities exceed

50%. With a greater certainty parameter, the equilibrium is more difficult to solve but it does not
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substantially alter the results of this section.

The price-linked model performs similarly in rationalizing the observed equilibrium. As

shown in Figure A1, average marginal revenue and average marginal costs are similar in the base-

line model used in the body of the paper. The price-linked model has similar findings, but the

marginal revenue variation matches slightly less of the marginal cost variation—33% versus 37%.

Table A4: Many Mergers are Predicted to Improve Consumer Surplus and Social Welfare

Number of Fraction Fraction Fraction
Mergers ∆CS > 0 ∆SW > 0 ∆SW > 0

(Govt Spending Excl.) (Govt Spending Incl.)

Baseline

Total 1186 0.53 0.83 0.07

∆ HHI

<100 533 0.74 0.91 0.08
100 - 200 144 0.53 0.87 0.05
200 - 1000 319 0.36 0.77 0.07
>1000 190 0.21 0.66 0.03

Note: When accounting for price-linked subsidies, mergers are generally beneficial to consumers. This table displays
the fraction of mergers with positive welfare effects. The top line displays the average across all mergers, and the
following rows breakout the results by the size of the merger. The change in HHI is computed using pre-merger
market shares to reflect pre-merger size of merging firms.

Table A4 displays the main results in the price-linked model. In both policy environments,

more than half of all mergers are beneficial to consumer, and more than 1 out of 5 of the largest

mergers are still beneficial to consumers.

I present two total welfare measures: one that excludes government spending (as in the body

of the paper) and another that includes spending. Because the primary costs of a merger in this

environment are borne by the government, the vast majority of mergers increase the combined

surplus accrued by consumers and firms. In the case that a dollar of government spending is

associated with extra resource costs due to distortionary taxes, it may be the case that no mergers

produce any welfare benefit. Similarly, if a dollar of government spending in this market is valued

at less than a dollar due to preferences for redistribution, the fraction of mergers that produce a
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welfare benefit may be somewhere in between these two estimates.27

In these results, it is hard to disentangle the mechanisms created by adverse selection from

those caused by the price-linked subsidies. Even in the absence of any adverse selection, mergers

that lead to greater subsidies can be beneficial for both consumers—many prices fall in absolute

terms due to greater subsidies—and for firms—due to greater profit at costs borne primarily by

the government. These dynamics are important considerations for this market but outside of the

primary scope of this paper.

27As mentioned in Section 6, the total surplus generated by an additional dollar of government spending is less than
a dollar.
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