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Abstract

In the presence of adverse selection, mergers can increase welfare through a reduction in
inefficient sorting. I characterize the sorting externality internalized between merging firms
in a tractable discrete choice model. Mergers benefit consumers when the firms are small,
willingness to pay is moderately increasing in cost, and consumer costs are skewed. Applying
the model to the non-group health insurance market, 13% of potential mergers would improve
consumer surplus. In markets where the sorting distortion exceeds $5 per person, nearly one-
third of mergers improve consumer surplus, highlighting the importance of considering adverse

selection in merger evaluation.

1 Introduction

When can a merger between two firms improve social welfare? In some cases, a merger generates
cost synergies through economies of scale or other production complementarities 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 literature 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 surplus that has received little empirical attention: adverse
selection.

A merger in the presence of adverse selection may improve total welfare through a reduction
in inefficient sorting. To understand this channel, consider that a firm has an incentive to offer
a product that appeals to low-cost consumers and encourages high-cost consumers to purchase

from a competitor. This distortion only exists when other firms are available to absorb high-cost
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consumers. In the event of a merger, there are fewer competitors that might attract the high-cost
consumers, and this distortion decreases. Through this reduction in inefficient sorting, a merger
has the potential to benefit consumers despite the greater markups charged by the merged firm.
Whether the net welfare effect of a particular merger is positive or negative is an empirical question.

I specify 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 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
incentive to raise prices.

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 an additional benefit
to the acquired product and represent another incentive to raise prices.

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. I

term this sorting externality as Selection Pricing Pressure (SPP).



To see how a merger could reduce prices, consider a stylized example with two symmetri-
cally differentiated insurance plans—A and B. The two products are identical in their insurance
coverage, but differentiated in non-risk related qualities such as brand names, physician locations,
billing practices, etc. Consumers are heterogeneous in their costs to insure and 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- and low-cost
consumers. Among these marginal consumers, those with high costs are more likely to be indif-
ferent between the two products A and B and those with low costs are more likely to be indifferent
between one of the products and the outside option. Because a monopolist only considers con-
sumers that are marginal to the outside option, the marginal cost that matters to the monopolist is
lower which could reduce its optimal price.

The net effect of the merger on consumer surplus and total welfare depends on both the effect
of the cost externality between firms and the greater markup that the merged firm is able to charge.
In simulations of a stylized model similar to the one described above, I show that mergers are most
beneficial to consumers when the merging firms are initially smaller, the willingness to pay for
insurance products is moderately increasing in consumer costs, and the distribution of consumer
costs in the population is more skewed.

To determine the empirical relevance of this mechanism, I estimate the model using 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), Cutler 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

While the data lack consumer-level detail on health expenditures, I combine several data
sets on the distribution of costs among consumers and across firms to identify the key selection
parameters governing the correlation between demand and cost. 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 product categories and the relative risk score of beneficiaries

across firms.!

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.

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 (9% of markets), 43% of mergers lead to greater consumer surplus. And
in markets where the cost exceeds $5 per person per month (29% of markets), 28% of mergers lead
to greater consumer surplus.

From the perspective of antitrust enforcement, it is useful to have a measure that can reli-
ably predict when a merger will reduce consumer surplus. In standard markets without selection,

a common 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 standard UPP

'The 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)).



measure should be compared to the additional SPP incentive. However, SPP is challenging to com-
pute 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. Moreover, the empirical
distribution of SPP between products provides a reasonable upper-bound on the magnitude of neg-
ative SPP in the non-group health insurance market. The presence of adverse selection is similar to
other sources of marginal cost efficiencies that result from a merger. Antitrust agencies can com-
bine qualitative and quantitative evidence of selection with other evidence of potential efficiencies

when determining the threshold for UPP that would lead to a harmful merger.

Relation to the Literature

This paper makes two main contributions. First, I provide intuition for inefficient sorting in an
empirically tractable model of differentiated product 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), Chade et al. (2022)) and an empirical
literature measuring the effects of these deviations in health insurance markets (e.g., Einav et al.
(2010), Lustig (2010), Handel et al. (2015), Layton (2017)). In addition to empirical tractability,
this paper extends theoretical 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)).
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)).
And some empirical work investigates the effects of adverse selection in the presence of imperfect
competition (Lustig (2010), Kong et al. (2023)). The potential for welfare benefits that arise from
increased concentration highlights the importance of an empirically tractable model that can cap-

ture this possibility. This paper presents such a model and allows for flexibility in between-firm



selection, the key determinant of whether a particular merger 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.

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)).

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), Chorniy et al. (2020)). Empirical work argue
that concentration typically leads to higher prices (Dafny et al. (2015), Abraham et al. (2017),
Chorniy et al. (2020)). This paper shows that the effects of market power may be uneven across
different product offerings. In particular, the effect of concentration on the most comprehensive
plan offerings may be small and possibly negative, even without accounting for potential cost

efficiencies in payments to providers.



2 Model

2.1 Environment

Firms, indexed by f € F, each sell a fixed set of differentiated insurance products, indexed by j €
JI C J. Firms compete by setting prices, p ;. For the full vector of prices, I will write p = {p,} jey.

There is a continuum of households, indexed by i. Households make a discrete choice among
the set of insurance products, selecting the product that provides the greatest indirect utility. I will
write the probability that household i chooses product j, given p, as S;;(p). For ease of notation, I
will drop the i subscript to denote the aggregate functions, e.g. S; = fl.S,- jdi.

Each consumer i costs ¢;; to insure with a product j. Selection arises from the relationship
between demand, S;;, and cost, ¢;; (Akerlof (1970), Cardon and Hendel (2001), Azevedo and
Gottlieb (2017)). The average cost of a particular product (AC;) depends on how consumers are

distributed across the products.
ACj(p) = .—/Sij@)cijdi (1

Firms and Equilibrium

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

IV (p) =Y Si(p)(p; —AC)(p)) 2)
jeJr

The equilibrium vector of prices p* solves the Nash-Bertrand competitive equilibrium be-

tween the firms such that for every j,

p; € argmax IV ({p;. p_}).
Pj



2.2  Welfare Cost of Sorting

In this section, I propose a definition for the welfare cost of inefficient sorting. The key objective
is to provide a useful summary of a distortion that can potentially be alleviated by a merger. To do
so, I construct a constrained efficient benchmark that holds fixed two other distortions. First, I hold
fixed the information friction that creates adverse selection (Akerlof (1970), Rothschild and Stiglitz
(1976)), i.e. the allocation must be implemented using product-level prices rather than consumer-
level prices that could take into account consumer costs. Second, product differentiation confers
market power to the firms, and I hold fixed the total producer surplus that they earn. For detailed
derivations of each of the conditions presented in this section, see Online Appendix Section B.3.
Let SW(-) be total utilitarian social welfare as a function of product-level prices. The welfare
function is equal to the sum of consumer surplus and producer profits.> The prices that produce
the greatest welfare are equal to the average cost of marginal consumers with respect to p; across

all products in the market, which I will write as M C}V.

SW(p) = / Csip)di+ X Si(pi—4C)

w . asij . W W
P) = L5 il | 5y =MC] (P") (3)

Consider the problem of a constrained social planner that chooses product-level prices to
maximize consumer surplus subject to a promise of the same total profit IT earned by the insurance

firms in equilibrium.

max /CS,-(p)di 4)

{pj}ijer Ji

such that Z Si(pr —ACy) > m
keJ

2The results of this section do not depend on the specifics of a demand or consumer surplus specification, only that
dCSi(p)/dpj = —Si;j(p), which holds under much less restrictive assumptions on demand (Small and Rosen (1981)).



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

o A1
Pj 295
dpj

=MC} (p") (5)

where A is equivalent to a Pareto welfare weight on profit.

I define the welfare cost of inefficient sorting as the difference in welfare between the con-
strained efficient optimum and the competitive equilibrium, SW (p“F) —SW (p*). This welfare cost
is non-negative by construction.

The cost is closely linked to market structure. If there is only a single firm, the cost is
zero. The monopolist internalizes all of the same between-product sorting as the planner. In the
constrained planner problem, A approaches infinity as I approaches the monopolist’s maximum
level of profit, and Equation (5) converges to the monopolist’s first order condition. This is con-
sistent with the result from Veiga and Weyl (2016), who show that a monopolist has an optimal
sorting incentive when choosing the quality of a single product offering.>

In a similar manner, the welfare cost of sorting can be reduced via a merger because the newly
merger firm internalizes consumer sorting across a broader set of products. However, because the
newly merged firm also has greater market power and greater profits, the balance of the effect of a

merger on consumer surplus and total welfare is ambiguous. The next section studies this in detail.

2.3 Effect of a Merger

A merger between two firms will be modeled as a new entity that jointly maximizes the profit over
the existing products offered by the two firms pre-merger.* Consider a potential merger between
two single-product firms which own the products j and k. The optimal post-merger price for

product j is given by the following first order condition:

3In Veiga and Weyl (2016), the monopolist sorts consumers optimally using endogenous product quality holding
the quantity sold as fixed. In this context, the monopolist sorts consumers optimally using a menu of prices holding the
industry profit fixed. Total quantity sold is related to equilibrium total profit, but its not held fixed in this comparison.

4T do not directly allow product-level entry or exit. Exit is possible in this model, as firms can set arbitrarily high
prices, but the introduction of new products is not. I argue in Section 4.4.1 that this leads the positive consumer surplus
results to be conservative.



S; JAC;
pj= ‘Zs]j (1 — (9ij) +AC;+GePP j; (6)

Pre-Merger Firs;rOrder Condition
ISk
9, Si 0AC
GePP j; = _Ti(l?k —ACy) S ap; (7
dp; Ipj
——
SPP

The final term in Equation (6) 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 Online Appendix
Section B.2.

In this setting, GePP captures two externalities that a price increase in product j exerts on
product k, captured by the two terms in Equation (7). A price increase in product j exerts a
positive externality on product k by diverting profitable consumers. As captured by the first term in
Equation (7), a fraction of consumers lost due to the price increase (g—;’; / gTSj_) will switch to product
k and generate profit, py —AC;. A newly merged firm now internalizes this positive externality,
increasing the benefit from raising prices. This is the standard “upward pricing pressure” that
results from a merger (Farrell and Shapiro (2010)).

In the presence of selection, there is a sorting externality to consider: the effect of the diverted
consumers on the rival product’s average cost. An increase in the price of j diverts consumers to
k, but those consumers may also change the average cost of k, as captured by the second term in
Equation (7). 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— it reduces the price effects of the merger. If the
sorting externality is negative and large enough to outweigh the recapture of diverted consumers

(first term), the merger creates an incentive to reduce price. For ease of reference and in keeping
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with the literature on merger evaluation, I will refer to this term as Selection Pricing Pressure

(SPP).

2.3.1 When is Selection Pricing Pressure Negative?

SPP is negative whenever the price of product j raises cost of rival product k. Let MCy; be the

cost to product k of the consumers indifferent between products j and k. If MCy; is greater than

9AC > 0 and SPPj; is negative. Otherwise, 9AC < 0 and

the average cost of product k, then Ty Ip,

SPP ;. is positive. With continuously differentiable demand functions, S;;, this is a straightforward

derivation from the definition of average cost.

Sy
JdACy apj
— i (M, - AC ®)
apj Sk ( J )
1 [dSi .
Mij:E ' 8pl'Cikdl
dpj ! J

Because the sign of SPP depends on the specifics of the distributions of consumer demand
and costs for differentiated products, it is challenging to make a general statement about when it is
positive or negative. The following two examples show intuition for market conditions that lead to

positive or negative sorting externalities between products.

An Example with Vertical Differentiation

Example 2.1. Consider a market with two insurance products: a generous insurance option (H),

a bare-bones insurance option (L), and an outside option. Each product is offered by a separate

firm.

Consumers costs are uniformly distribution, c; ~ U (0,1). Consumers are willing to pay Bc;

for insurance plan L, and consumers are willing to pay Bvc; for insurance plan H, where v > 1.

11



Consumers’ indirect utility is given as follows:

uig = Bvci— pr
Ui = ﬁCi—PL

u,o:O

Consumers are more costly to insure in the H plan. The cost of consumer i is c; in plan L and vc;

in plan H. Profit generated by each product is as follows:

g = /SiH(pH — VCi)di
ﬂLZ/SiL(PL—Ci)di

Proposition 2.2. In any equilibrium of the market described of Example 2.1 in which both products

0ACL
Ipu

JACH
apL

have positive quantity sold, ACp, < MCry < MCyp < ACy. Therefore, > 0 and < 0.

Selection pricing pressure (SPPyy) from product L to H is positive, and SPPry is negative.
Proof. See Online Appendix Section B.4. U

In this example, the consumers that are indifferent between products H and L are less costly
than all other consumers that select H and more costly than all other consumers that select L. This
model is similar to Azevedo and Gottlieb (2017), with consumer preferences differentiated only
along their willingness to pay for insurance. As in Azevedo and Gottlieb (2017), the heterogeneity
in those preferences is related to consumer cost variation, which has micro-foundation in models
of insurance demand (Rothschild and Stiglitz (1976), Cardon and Hendel (2001)).

If the price of product H goes up, consumers that will shift into product L are higher cost than
the average L consumer, thereby increasing its average cost. The opposite is true for a price increase
in product L. For products in a vertical relationship like this, the more generous products (H) that
attract high-cost consumers exert negative sorting externalities on the less generous products (L),

and the less generous products exert positive sorting externalities on the more generous products.
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This example highlights an intuitive mechanism through which a merger improves consumer
sorting: reducing the spread between the price of product L and H. When product H and L are
operated by separate firms, product H is adversely selected relative to product L, driving up the
relative price and driving down the relative quantity. If these products are operated by the same
firm, it internalizes these sorting externalities between the products and as a result, sets a smaller

and more efficient price difference between the products.

An Example with Symmetric Differentiation

Example 2.3. Consider a market with two insurance products, A and B, and an outside option.
Each product is offered by a separate firm. The two products are identical in their insurance
coverage, but differentiated in non-risk related qualities such as brand names, where the covered
physicians are located, billing practices, etc.

Consumers costs are uniformly distribution, c; ~ U(0,1). More costly consumers are more
willing to pay for both insurance products. The differentiation between the products appears
through idiosyncratic preferences, (€4, €ig), which are orthogonal to costs and independently and
identically distributed across consumers and products. Consumers select the option that provides

the maximum indirect utility, given as follows:

uip = Pci—pa+E€ia
uip = PBc;— pp+E€in

ujp =0
The profit generated by each product is as follows:

Ty = /SiA(PA —c;)di

g = /SiB(PB—Ci)di
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Proposition 2.4. In any equilibrium of the market described of Example 2.3, MCsp = MCpy >

ACy = ACp. Therefore, aé“pCAB = ‘95‘153/* > 0. SPPsp and SPPpa are identical and negative.

Proof. Online Appendix Section B.5 contains proofs for uniform, type 1 extreme value, and nor-

mally distributed idiosyncratic preferences. [

This example is a stylized, symmetric version of many discrete choice demand models for
insurance that are estimated in the empirical literature (Miller et al. (2019), Jaffe and Shepard
(2020), Shepard (2016), Tebaldi (2023), Saltzman (2021)). In this example, SPP is always neg-
ative. High-cost consumers are disproportionately represented among the group of consumers
indifferent between products A and B, relative to the average consumer purchasing either A or B.
Among high-cost consumers, most of those that are on the margin of purchasing a product are
indifferent between products A and B, rather than indifferent to the outside option. Among low-
cost consumers, most of the marginal consumers are indifferent between one of the products and
the outside option. Because more costly consumers are more likely to switch to the other product
rather than the outside good, a price increase of either product A or product B increases the average
cost of the rival product by shifting these higher-cost consumers. This occurs despite the fact that
the average cost of all marginal consumers, including those indifferent to the outside option, is
lower than the products’ average cost.

For another perspective on the intuition underlying negative SPP, note that the two firms set
an equilibrium markup over the average cost of the marginal consumers for each product, which
include both high- and low-cost consumers. Among these marginal consumers, those with high
costs are more likely to be indifferent between the two products A and B and those with low costs
are more likely to be indifferent between one of the products and the outside option. If these two
firms were to merge to a monopoly, the monopolist will only be concerned with consumers that
are marginal to the outside option. Thus, the marginal cost that matters to the monopolist is lower.

The proof relies on the assumption that heterogeneity in demand occurs through the value of
insurance rather than price sensitivity. While this is a common assumption in similar frameworks

(Azevedo and Gottlieb (2017), Einav et al. (2013)), price sensitivity for health insurance products
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is often empirically found to be greater among demographics that are typically lower cost, i.e.
younger consumers (Tebaldi (2023), Saltzman (2019)).° A sufficient negative correlation between
price sensitivity and cost can create the opposite result: selection pricing pressure between sym-
metrically differentiated products that are always positive. In this case, the presence of adverse
selection is amplifying the harm from mergers.

Combining the intuition of these two examples provides guidance for what we should ex-
pect in these more complicated environments. Approximately speaking, the most generous plans
exert the most negative (or smallest positive) sorting externalities on all other products, and the
least generous plans exert the weakest negative (or most positive) sorting externalities on all other
products. In Section 4, I specify a model that can capture both positive and negative values of
SPP between products, both through the importance of vertical differentiation and the potential
correlation between price sensitivity and cost. The estimation procedure will identify the direction
and magnitude of these externalities from the data.

The presence of negative SPP between merging products is necessary but not sufficient for a
merger to improve consumer surplus, which depends on all of the price effects of the merger. In
fact, the presence of negative SPP does not guarantee that a merger will reduce the welfare cost of
sorting. To see this, consider a symmetric merger among two generous insurance products, similar
to Example 2.3, but with a set of bare-bones insurance products also offered in the market by other
firms. The selection pricing pressure between the two products is negative, for the same reason as
outlined in Example 2.3. However, if the merger leads to higher prices for the merging products,
the welfare cost of sorting will be greater after the merger.

As this counterexample shows, deriving clean theoretical predictions about the welfare effects
of a merger is challenging as many features of the market—elasticities of demand, the distribution
of consumer costs, pre-merger market structure—combine and interact in complex ways. In the

next section, I explore this question using simulations.

3In the framework of Rothschild and Stiglitz (1976), price sensitivity is increasing in expected health costs. Higher
expected medical expenses effectively reduce consumers’ wealth and increase the marginal utility of income. But
more flexible models of state dependent utility can generate either relationship (Cardon and Hendel (2001)).

15



2.3.2 When do Mergers Improve Consumer Surplus?

Many discrete-choice demand models in the empirical health insurance literature, including the
one that is estimated in Section 4.1, combine the features of these two frameworks. Consumers
choose between vertically differentiated products within menus that are offered by horizontally
differentiated insurance firms. I simulate mergers in a simple version of this environment—two
firms that each offer a menu of two insurance products—in order to illustrate the intuition for the
relationship between market primitives and mergers that benefit consumers.

Because the potential for a merger to improve consumer surplus requires negative selection
externalities, I focus on an example where this is always the case. I simulate a merger to monopoly,
which is also guaranteed to reduce the welfare cost of sorting to zero. However, the intuition
that connects model primitives to the potential for beneficial mergers still holds in more complex

environments.®

An Example Combining Vertical and Horizontal Differentiation

Example 2.5. Consider a duopoly to monopoly merger between two firms, A and B, that each offer
a menu of two products, H and L. Consumer costs are bounded between 0 and 1, and distributed
according to a beta distribution, ¢ ~ Beta(c¢,1). Consumers have idiosyncratic preferences over
the products, which capture any heterogeneity in preferences among consumers that is orthogonal
to cost.

Consumers select the option that provides the maximum indirect utility, given as follows:

uij = 8+ Bvei— pju + &iju
uijL = O+ Bci— piL+ &jL

ujo = &y

For example, Figure 1 looks qualitatively similar in simulations of a merger from 4 single product firms to 2 single
product firms offering the L products and one merged firm offering the H products. This merger frequently generates
greater welfare costs of sorting, but the intuition for when merger benefit consumers remains the same.
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Pre-merger, the firm j € {A, B} seeks to maximize the joint profit of products jH and jL. After
the merger, a monopolist maximizes the joint profit of all four products. The profits generated by

each of the products are given by

7'L'jH = /Sin(ij — VCl')di

mjL:/SijL(ij—c,-)di

The costs and preferences of the products are identical, with the exception of the term v, and
the menus offered by the two firms are identical with the exception of the € terms. As such, I focus
the simulations on symmetric equilibria with equal prices for the two types of products, (p;j, py;)-

In total, the model is specified by four parameters. The base utility term &y determines the
value of insurance relative to the outside good, and therefore shifts some degree of the firms’
pre-merger market power. The preference term 8 governs the degree to which more costly con-
sumers have a higher willingness to pay. The vertical term, v > 1 determines the degree of vertical
differentiation between the two products in the menu.

The beta distribution term, o¢, determines the skewness of the consumer cost distribution.
In the results presented here, I measure skewness as the ratio of the distances of the 10" and 90"
to the median:%. A value of one represents a perfectly symmetric distribution, which in this
case is uniform. Value greater than one represent a shift of the distribution towards zero with a tail
stretching towards one.

In Figure 1, I plot the consumer surplus effect of a merger, varying each one of these parame-
ters while holding the others fixed. Panel (a) varies the pre-merger market share of the firms. Panel
(b) varies the B term governing preferences. Panel (c) varies the degree of vertical differentiation
v. In each panel, I show the effect for four levels of skewness in the cost-distribution: 1, 1.5, 3, and
6.5. In panels where the terms are not varying, I fix the pre-merger market share to 20% (panels

(b) and (c)), the B parameter to 0.5 (panels (a) and (c)), and the vertical differentiation parameter

v to 0.2 (panels (a) and (b)). For more details on the simulation, see Online Appendix Section B.6.
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Mergers are better for consumers when the merging parties are initially small (Figure 1a). The
benefit from new market power is not as great when the merging parties are both small, and the
firms are more adversely selected when they serve a small section of the market in equilibrium. The
large percent increases in consumer surplus are partially driven by smaller pre-merger consumer
surplus when the size of the market is small.

Mergers are better for consumers when willingness to pay is significantly related to consumer
costs but does not increase 1-for-1 (Figure 1b). When f is very low, adverse selection does not play
a role in the equilibrium. When f is high, demand for insurance is strong enough that equilibrium
prices are greater than most consumer costs. Since all consumers are profitable, this also reduces
the importance of adverse selection.

Finally, mergers are more beneficial to consumers when the distribution of costs is more
skewed, i.e. high-cost consumers are less common. This appears across a broad range of the
other three parameters. When high-cost consumers are a minority among all consumers, they
make up a disproportionately large fraction of consumers marginal between two products relative
to their presence among all consumers. However, this relationship has a limit. If the distribution of
consumer costs is too skewed, the equilibrium outcome is to price-out the lower-cost consumers,
reducing the influence of selection overall. The benefit to consumers does not substantially vary
with respect to the degree of vertical differentiation in the product menu (Figure 1c¢).

Each of these parameters—in particular skewness, willingness to pay, and the firm size—
combine to create an equilibrium where the welfare cost of sorting is more or less important.
When the cost is high, the potential efficiency gains from the merger are also high. And while the
new monopolist will capture some of this as profit, consumers can still stand to benefit.

In Figure 2, I simulate 1000 mergers using randomly drawn values for (&, 8,0¢,v). See
Online Appendix Section B.6 for details on the Monte Carlo simulations.

In panel (a) of Figure 2, the relationship between the welfare cost of sorting and the benefit
to consumers is clear. When welfare cost of sorting is low, market power effects dominate and

consumers rarely benefit. When the welfare cost of sorting is high, consumers share directly in the
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efficiency gain from the merger. The stark, near-linear relationship for high values of the sorting
cost is due to the fact that the welfare cost of sorting falls to zero in a monopoly. Greater welfare
costs of sorting are also associated with smaller merging firms that cannot capture as much of the
extra surplus. If there are other firms in the market, a merger between two small firms will not have
such a predictable effect on sorting efficiency.

Panel (b) of Figure 2 shows mergers that reduce the price spread between products L and H
have greater benefits effect on consumer surplus. As discussed in Example 2.1, a reduction in the
price spread is one mechanism through which a merger can improve sorting efficiency. In a model
with both vertical and horizontal differentiation, this correlation between the spread reduction and
a consumer surplus benefit is not particularly strong.

While mergers frequently generate spread reductions, the price effects between L and H
products are still positively correlated. Mergers that benefit consumers are generally those that
lower prices overall and increase total quantity sold. A reduction in the price spread does not
create a large enough welfare benefit to compensate consumers if prices are higher overall. This
relationship also holds in more asymmetric merger scenarios, like the one studied in Example 2.1.

While this section demonstrates that a merger can increase consumer surplus under reason-
able market conditions, it remains to be determined whether or not these conditions are empirically
relevant. The following sections of this paper are devoted to establishing the extent to which merg-
ers have the potential to increase consumer surplus in the setting of the non-group health insurance
market. Ultimately, I will specify and estimate an empirical model that has the same components
as the one studied here: multi-product firms setting the prices for a fixed menu of vertically differ-

entiated products.

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
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program. Consumers can purchase insurance by contacting an insurance firm directly, visiting the
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.”

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 grea‘[er.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

7 Analysis 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.
81n recent years, California has extended subsidies to higher income households as well.
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than average levels of risk are taxed and plans that have higher than average levels of risk receive
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 F 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.°

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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The data from the private marketplace are a selected sample of all the consumers facing a par-
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)!°. The ACS also provides a sample of the uninsured population.

Online 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 Online Appendix Section C.2.

3.2 Cost Data

Ideal data would link consumer health insurance purchases to consumer health information. Be-
cause these data are not available, I instead use more aggregated moments on consumer medical
risk and cost in both the demand and cost estimations to identify the relationship between marginal
cost and demand, the key feature of adverse selection.

The 2015 Medical Expenditure Panel Survey (MEPS) Medical Conditions File (MCF) con-
tains self-reported diagnosis codes, which can be linked to information on household demograph-
ics, insurance coverage, 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 Online 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

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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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
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
F). In Online 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 (Online
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 insurance regulators (Online Appendix Section C.5), and the average firm-level costs come

from the Medical Loss Ratio data (Online Appendix Section C.4).

4 Empirical Model

In this section, I estimate an empirical model of supply and demand in the market for non-group
health insurance. Using the estimated parameters, I simulate new equilibria for potential mergers
between existing firms. I show that SPP is typically negative and that a non-negligible portion of

potential mergers are beneficial to consumers.

4.1 Demand Specification

Households have characteristics (a;,y;, Z;, rlH CC), 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
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household is subsidy eligible.!! Households have an unobserved medical risk score, r#¢C.
Households make a discrete choice among the set of insurance products that are available
in their market, m, or being uninsured. Products are characterized by their price p, observable
characteristics, X, and unobservable characteristics, £&. Households are heterogeneous in their
preferences for the price, ¢, and insurance characteristics, ;. Households have additive idiosyn-
cratic preferences over products €, which I assume are independently and identically distributed
by type I extreme value. The indirect utility that household i receives from purchasing a product j

is given by

wijm =Y Zi+ 0(aipjm — B(yi)) + B/ Xjm + Ejm + €ijm

uiom = 0:M (i) + €iom

where B(y) is a function that maps income to subsidies. The indirect utility from being uninsured is
ujom,» where M(y) maps income to the penalty for choosing not to buy health insurance. Observed
characteristics X, include the actuarial rating of the plan and a firm fixed effect.

The preference over observed characteristics, f3;, depends on a household risk score, rHCC

and the preference for the utility-value of money, ¢;, depends on household demographics.

o; :aZ/Zi

B =i+ pLre

Risk scores are treated as an unobserved household characteristic, and are distributed accord-

ing to a distribution that can depend on household demographics, Z;.

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

7 use the demographics of the head-of-household as the representative demographics for the household.
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a particular product, S;;, is given by the standard multinominal logit formula.

4.2 Cost Specification

Since I do not observe micro-level data on consumer costs, I follow Tebaldi (2023) and specify a
parametric function for costs that can be estimated through Method of Simulated Moments (MSM).

As in Tebaldi (2023), I use a log-linear cost function.!? I specify the costs as

log(cijm) = q)f + ¢AVAij + ¢ageAgei + q)rrzHCC

where Yy is a firm-state specific fixed effect, AV}, is the actuarial value of the product, Age; is the
average age of the household, and rlH CC is the risk score of household.

The only mechanisms through which cost and preferences are correlated are through age
and risk scores. If this assumption is violated and the remaining correlation is consistent with
adverse selection, then the coefficient on actuarial value will be biased upward and attribute some
portion of the selection differences to cost differences across products. In the context of this study,
this attribution leads to conservative conclusions about the implications of adverse selection and
underestimate the importance of SPP. For a more detailed discussion, see Online Appendix Section
E.1.

In order to match the data, I also model the reinsurance program that was in place in 2015.

For details on this implementation, see Online Appendix Section E.

4.3 Estimation Results

The estimation proceeds in three steps. First, I calibrate the distribution of consumer risk scores us-
ing the MEPS-MCEF data and the HHS-HCC risk prediction model. For details on the specification,
estimation, and fit, see Online Appendix Section D.1. Next, I follow Grieco et al. (2021) to com-

bine a micro-data log-likelihood function with product-level moments on the average risk score

12 A key difference between this specification and that in Tebaldi (2023) is that costs depend on consumer risk scores
rather than directly on willingness to pay for insurance.
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across different products and firms. I use a control function approach to address potential price
endogeneity, following Tebaldi (2023). For details on the identification concerns and estimation
methodology, see Online Appendix Section D.2.

Finally, I estimate the parameters of the cost function using Simulated Method of Moments
to target moments on average firm costs and health care expenditures by age and risk score. This
method does not require the assumption that firms are playing optimal strategies according to the
specification of the model. For details on the moment construction, estimation, and model fit, see
Online Appendix Section E.

Table 1 presents the results from the demand estimation. The specification used throughout
the rest of the paper is specification 2. I estimate three specifications to demonstrate the sensitivity
of parameter estimates to the level of fixed effect that controls for cross-product heterogeneity. The
most detailed specification (specification 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. Itis a challenge to use this specification in counterfactual simulations, because
not all firm-market-category combinations are chosen in the data. Instead, I use specification 2,
which has very similar parameter estimates.

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)).

Consistent with other literature, I find that price sensitivities are greater among younger con-
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sumers which also have lower average medical risk. The flexibility in price sensitivity across
demographics allows for the possibility that SPP between symmetrically differentiated products
is positive, which occurs when lower cost consumers are also substantially more price sensitive.
While there are no truly symmetric products in the data, these parameters will affect the estimated
distribution of SPP. I describe the estimated distribution in more detail in Section 4.4.2.

Table 2 displays the results of the cost estimation. The table presents results for two demand
specifications ((1) and (2)) used to simulate the moments targeted by the cost estimation. 13 The
estimation implies a substantial amount of variation in consumer costs. The 10" percentile of
consumer costs is $60.7 per month, the median consumer costs is $161 per month, and the 90"
percentile of costs is $455 per month. The skewness as measured in Section 2.3.2 is 2.9. However,
costs increase very quickly in the tail. The 99 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)).

As in the simulations presented in Section 2.3.2, willingness to pay is increasing in consumers
costs, but at less than a one-for-one rate. A $1 increase in consumer cost is associated with a $0.38
increase in consumer willingness to pay. This is also in line with other empirical work on the
willingness to pay for insurance (Finkelstein et al. (2019)).

There is substantial heterogeneity in preferences 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 (). As shown in Section 2.3, close substitution among

high-cost consumers is a key feature that leads to negative SPP between products.

3The specification 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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4.4 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 total welfare and consumer surplus. Because competi-
tive 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.!*

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. In other words, the
merger only affects the ownership of existing products, while all other qualities and characteristics
are held fixed. The model does not allow product entry or exit due to a merger. 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 for new products (Rysman and
Ackerberg (2005)).1

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

14Tn 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.

ISThe results of this section may be exaggerated if merged firms remove products from the market, and this leads
to a reduction in consumer surplus. 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. In Medicare Part D, a
market with many of the same firms, Chorniy et al. (2020) find that plan consolidation does not significantly increase
after a merger.
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assume the planner cares only about consumer and producer surplus.

Second, I assume that the price-linked subsidies are treated as vouchers by both the con-
sumers and firms. Subsidies are tied to an order statistic of the equilibrium prices in each market:
the second-lowest price silver plan. In merger simulations, I allow the equilibrium subsidy to ad-
just according to the rule, but firms do not behave strategically with respect to the subsidy. Because
the price-linked subsidies introduce many new mechanisms through which mergers affect prices
and welfare that are unrelated to adverse selection, I relegate discussion of these policies to Online
Appendix Section G.

Finally, I include the ACA risk adjustment policy in the equilibrium simulations. For details
on how I model this policy and how the policy relates to the distortions caused by adverse selection,

see Online Appendix Section F.

4.4.1 Mergers Can Lead to Greater Consumer Surplus

Local markets for non-group insurance are quite concentrated. The median market has a Herfind-
ahl-Hirschman Index (HHI) of 4,500 in the baseline equilibrium. As a result, the sorting problems
due to adverse selection are significant but not exceptionally large. The inter-quartile range of the
welfare cost of sorting across markets is $1.7 to $5.1 per person per month. For reference, the inter-
quartile range of average consumer surplus is $22.3 to $86.6. In the median market, the welfare
cost of sorting is about 5% of consumer surplus. The welfare costs of sorting are also mitigated
by the risk adjustment transfer system implemented by the ACA. But even without risk adjustment
transfers, the mean sorting cost would be only $7.0 per person per month.

Despite the high levels of initial concentration and low welfare cost of sorting, many mergers
are predicted improve both consumer and social welfare. The fraction of mergers that improve
welfare is displayed in Table 3, 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 2010 Merger Guidelines and classify the size of mergers into three cate-

gories: those unlikely to be of concern (change in HHI of less than 100), those that are potentially
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concerning (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).16

There are three important facts to learn from Table 3. First, the majority of mergers reduce
the welfare cost of sorting, and mergers are more likely to confer this benefit when they occur in
markets with larger per-merger welfare costs of sorting. Across all potential mergers in the data,
71% lead to a reduction in the welfare cost of sorting. These mergers decrease the welfare cost
of sorting by an average of $0.32 per person-month, 7% of the pre-merger welfare cost of sorting.
However, as discussed in Section 2.3, a merger can exacerbate the problems of adverse selection
as well. In 29% of potential mergers, the welfare cost of sorting increases by an average of $0.55
per-person per-month. And since these mergers typically occur in markets where the welfare cost
of sorting is small, this amounts to a 28% increase over the pre-merger welfare cost.

Second, across all dimensions, some mergers are beneficial to consumers. Even in the cur-
rent 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 mergers.
While this is a small fraction, it demonstrates the importance of 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.

Third, 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 3. Only in
markets with a welfare cost of sorting per-person per-month of at least $5 do an economically
significant fraction of mergers benefit consumers. Where the welfare cost of sorting is already
small, there is little room for a merger to benefit consumers, and the dominant effect is greater
markups.

One mechanism through which a merger might reduce the welfare cost of sorting and poten-
tially improve consumer surplus is by reducing the spread between generous insurance products

(Gold and Platinum plans) and the less generous options (Bronze and Silver plans). Figure 3

16These thresholds are applied to markets that are already concentrated and are guides for scrutiny rather than hard
rules.
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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.

However, while these differential price effects are important for increasing the level of insur-
ance that people purchase, consumer surplus is more closely tied to the total quantity of insurance
sold. Figure 4 demonstrates that the effect of the merger on the fraction of consumers that purchase
any insurance is a driving predictor of whether consumers benefit from the merger. In contrast, the
change in the average actuarial value of the purchased insurance product (conditional on purchas-
ing any product) is relatively uncorrelated with the change in consumer surplus.

Figure 5 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.

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.

4.4.2 Screening For Mergers in the Presence of Adverse Selection

As derived in Section 2.3, GePP captures the incentive of a merger in the presence of adverse
selection, analogous to upward pricing pressure (UPP). Farrell and Shapiro (2010) argue that,
while not a perfect predictor of actual price effects, UPP can accurately predict the direction of the

effect of a merger on prices.!” This logic extends relatively easily to the effect on consumer surplus

7The 2010 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.” Typically, the
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(Jaffe and Weyl (2013)). I follow Farrell and Shapiro (2010) and Miller et al. (2017) in normalizing

the pricing pressure measure relative to pre-merger prices as a screening index, redefined below.

_ 95
TS pp %S dpjop;
ap; dp; B
UPP SPP,

I propose that SPP can be considered similar to efficiencies in the standard application of
UPP. The SPP term enters linearly, similarly to marginal cost efficiencies that are frequently at
issue in merger analysis.

In this section, I will compare the fully specified GePP to a naive UPP measure that is com-
puted without taking selection into account, equal to the product of the average diversion ratio and
the profit margin, as shown underlined in Equation (9). I consider only mergers that are presumed
to be harmful due to a change in HHI of greater than 200.'® While most of these mergers lead to
significant harm to consumers, 7.2% of mergers lead to greater consumer surplus than pre-merger,
even absent any efficiency gain. The goal is to screen for the harmful mergers in this group without
investigating or blocking mergers that benefit consumers.

The full GePP measure is an imperfect prediction of the magnitude of the effects of a merger
on consumer surplus, but it is an accurate prediction of the direction of the effect. In Online
Appendix Figure A2, 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 no mergers with a negative average
GePP are harmful. As GePP grows larger, the merger deserves more scrutiny.

SPP is challenging to compute, as it requires a model of consumer-level adverse selection.
This may be an unrealistic expectation with the time and data available to antitrust authorities.

However, qualitative and aggregate data may be available to determine the sign and potential mag-

UPP measure is compared to claims of potential cost-efficiencies, which I am abstracting from here.
8The 2010 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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nitude of SPP. In this setting, most product pairs have relatively small selection pricing pressure.
The 5 percentile is -8.3%, and the 10" percentile is -4.5%. Therefore, if the naive UPP mea-
sure calculated from the merger is greater than 10%, it is unlikely that the merger would benefit
consumers. '’

Figure 6 plots the distribution of SPP j; for all potential pairs of merging products. While this
paper focuses on the potential for mergers to be beneficial to consumers, SPP is positive in many
cases, leading to greater pressure to increase prices than may be presumed. 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, only 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.

Figure 7 shows the fraction of mergers that benefit consumers that would be “investigated”
under a particular measure (GePP or naive UPP) and screening threshold. On the x-axis are screen-
ing thresholds which select for investigation only mergers with an average pricing pressure mea-
sure that exceeds that level. For example, the data points at 0.025 represent the percent of mergers
that benefit consumers among those mergers with an average GePP or UPP value that exceeds a
screening threshold of 0.025.

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 7
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.

9The naive UPP measure and SPP are not strongly correlated.
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5 Conclusion

This paper demonstrates that additional concentration due to a merger in markets with adverse
selection has the potential to benefit consumers. In simulations of a stylized model, I show that
mergers are most beneficial to consumers when the merging firms are initially smaller, the willing-
ness to pay for insurance products is moderately increasing in consumer costs, and the distribution
of consumer costs in the population is more skewed.

In the non-group insurance market, the potential for beneficial mergers is economically rele-
vant. Even in the case of large mergers in concentrated markets, more than 1 out of 20 mergers lead
to an improvement in consumer surplus. In markets where the welfare distortion due to sorting is
greater than $5 per person, nearly 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.

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: When Do Mergers Improve Consumer Surplus: Intuition from Parameters

Note: These plots show the consumer surplus effect of a merger in the symmetric merger example presented in Section
2.3.2. The y-axis shows the percent change in consumer surplus. Each panel varies a single parameter of the model
for multiple levels of skewness. Panel (a) varies 3, the relationship between cost and willingness to pay. Panel (b)
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Figure 2: When Do Mergers Improve Consumer Surplus: Intuition from Monte Carlo Simulations

Note: These plots show the consumer surplus effect of a merger in the symmetric merger example presented in Section
2.3.2. Every point represents a merger simulated with randomly drawn parameters. The y-axis shows the percent
change in consumer surplus. Panel (a) plots the merger effects relative to the pre-merger welfare cost of sorting,
measured as a percentage of pre-merger total welfare. Panel (b) plots the merger effects relative to the percent change
in the price difference between the generous insurance products (H) and the less generous insurance products (L).
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Figure 3: Mergers Decrease Price Spread Between Most and Least Generous Plans

Note: One 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
10" and 90" percentiles.
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Figure 5: Mergers Benefit Consumers 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 benefit consumers,
and greater welfare costs of sorting lead to greater benefits. This figure shows the effect of each merger on consumer
surplus by the welfare cost of sorting, separated by the magnitude of the change in HHI created by the merger. 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 consumer surplus are measured in dollars per person per month.

47



3000-

2000-

Merging Product Pairs

1000-

0.2 -0.1 0.0 0.1 0.2
Selection Pricing Pressure

Figure 6: Selection Pricing Pressure is Typically Negative

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 Selection Pricing Pressure across all product-market-mergers in the
counterfactual simulation.
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Figure 7: Traditional Screening Methods for Merger Harm Can Still Apply

Note: In the presence of adverse selection, a merger screen for investigation based on UPP may mis-predict 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.

49



Table 1: Demand Estimation Results

(1) (2) (3)

Premium 203 -141 -1.32
(0.02) (0.02) (0.0

Age 31 -40 036 0.36 0.29
(0.02) (0.02) (0.02)

Age 41 - 50 0.70 0.54 0.43
(0.02) (0.02) (0.02)

Age 51-64 1.24  0.83 0.70
(0.02) (0.02) (0.0

Family 0.01 0.05 0.04
(0.01) (0.01) (0.0

Subsidized 0.29 0.32 0.29

(0.01) (0.01) (0.01)

Acutarial Value (AV) 721 11.03 11.70
(0.05) (0.08) (0.08)

Risk Preference

AV 0.55 0.50 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: 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 2: Cost Estimation Results

(H 2
Age 041 042
(0.01) (0.0
Risk Score 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 3: Many Mergers are Predicted to Improve Consumer Surplus and Social Welfare

Number of Fraction Fraction Fraction
Mergers ASW >0 ACS >0 A SortCost <0

Total 1186 0.15 0.13 0.71

A HHI

<100 557 0.22 0.19 0.84
100 - 200 143 0.13 0.10 0.73
200 - 1000 306 0.10 0.09 0.64
>1000 180 0.05 0.05 0.39
Sorting Cost

<$5 847 0.09 0.07 0.67
$5-%7.5 200 0.23 0.22 0.75
$7.5-$%$10 36 0.28 0.22 0.81
>$10 103 0.52 0.43 0.90

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 surplus and total social welfare, and the fraction of
mergers that reduce the welfare cost of sorting. 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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Mergers in the Presence of Adverse Selection:

Online Appendix

A Appendix Tables and Figures

Table A1: Control Function Estimation

(D) (2)
All Products Products Purchased in Choice Data
Fraction of Consumers Under 35 -249 272
(94.5) (120)
Firm v v
Metal Level v v
State v v

Note: This table displays the first stage of the control function estimation for the demand estimation procedure pre-
sented in Section 4.1. 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).



Table A2: Demand Estimation Results

(1) (2) (3)
Premium 207 -135 -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) (0.0
Family 0.01 0.06 0.04
(0.01) (0.01) (0.0
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 1. The estimates are
qualitatively similar.
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Figure Al: 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 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 consumer surplus are measured in dollars per person per month.The dark line represents the 45-
degree line.

B Derivations for Section 2

B.1 The Average Cost Function

The cost to a particular product j of enrolling a household i is given by c;;. The average cost of an

insurance plan is the share-weighted average cost of all consumers that select that plan.

1

ACj(p) = W /Sij(P)Cijdi



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.

dJs; .
0AC; 1 (3 . ap JiSij(p)cijdi

= — [ —2c¢;idi
dpr  Sptidpe TS, Sj

S
aACj:Zplj< 1 8S,-j N
Ipp S; ? i Dk

B.2 Generalized Pricing Pressure

The optimal price for single-product firm, j, is derived below.

I; = S;(p)(pj —AC;(p))

aS; JdAC;
0=—"L(p;—AC;)+5;(1 - =
apj(pj 7)+S5( ap; )
S; . 9AC;
pj=ACj+ 55 (1= — ) (10)
a0

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 2.3. The

optimal price for product j in this multi-product firm is derived below.

I1; = S;(p)(p; — AC;(p)) +Sk(p)(pr — AC(P))

aSj aACj dSy JAC},
=—(p;—AC;))+S;(1 ——=—)+=—(pr —ACy) — S
25,
S; JdAC; ap; Sy 0ACy
Pi=ACi+5-(1—- =) = S (P —AC) + 55 —— (11)
j ap; j i dp;j
apj apj apj

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 2.3, this is given by the price defined in Equations 11 less



the price defined in Equation (10).

25(p)
ap; Sk(p) JAC(p
GePPi(p) = — 550 (1 — AC(p)) + 5] AP
apj apj J

Importantly, GePP is a function of prices. In practice, it is typically evaluated at pre-merger prices

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(p) = / Csip)di+ X 5i(pi—ACY)

The socially optimal price for a particular product j is derived below, using the result that

dCS; __ )
8pj __S]'
dCs; aS; JAC: IS, IAC
0= [ 5—di+5L(p;—AC)) +S;j(1- =)+ _AC) — s, 28¢%
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The problem of a constrained social planner that chooses product-level prices subject to a

promise of total profit IT to the insurance industry is given below.

max /CSi(p)di

{pjtjer Ji

such that Z Si(pr —ACy) > 11
keJ

The constrained optimal price for product j is derived below, where A is the Lagrange multiplier



on the profit constraint.

L = [CSi(p)di+A(Y Si(px—ACk) —TI)

keJ
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B.4 Proof of Proposition 2.2

In Example 2.1, it is possible that preferences and costs are such that only one product is purchased
in equilibrium, and it is no longer a meaningful example for a potential merger. In any equilibrium
in which both products are purchased, it must be that p;, > p;. If this is not the case, the demand
for product L is 0.

The marginal consumers between the two products are those that are indifferent between

product H and product L. Specifically, the marginal consumers are those with ¢; = ¢, where

* *
~_Pu—P
o= P PL

(v—1)B

Thus that marginal cost, MCy g = ¢, and the marginal cost MCyy = v¢é. Since v > 1, MCyp >
MCry.

All consumers with ¢; > ¢ prefer product H and all consumers with ¢; < ¢ prefer product
L. Because we have assumed that the mass of consumers that purchase each product is non-zero,
there exist other consumers that purchase both H and L with ¢; # ¢é. Therefore, the average value of
¢; for consumers that purchase H must be strictly greater than ¢, and ACy > MCpyy. Similarly, the
average value of ¢; for consumers that purchase L must be strictly less than ¢, and ACp, < MCrp.

Thus, it must be that AC;, < MCr gy < MCyyp < ACy. Following Equation (8), this implies that



8ACL aACH
Ipn > 0 and It < 0.

B.5 Proof of Proposition 2.4

In any symmetric equilibrium, p} = pp = p*. The quantities, average costs, marginal costs, and
other features of the equilibrium will be identical across the two products. As such, I will drop the
product subscripts in the following proof.

Given the equilibrium prices, let s(c) be the share of consumers with ¢; = ¢ that purchase
either product A or B. Let m(c) be the share of consumers with ¢; = ¢ that both purchase either A

or B and are indifferent between the two options. The average cost of both products is given by

1
AC = S /s(ci)c,-di

S = / s(c;)di

The average cost of consumers on the margin between products A and B is given by

1
MCAB = M /m(ci)cidi

M= / méci)di

Let § and 71 be normalized weighting functions that determine the composition of consumers

that make up the average cost and marginal cost.



s(c)
S
m(c) = 1\(46)

3

Following Equation (8), if MCap > AC then % > 0 and %! > 0.

In order to show that MC4p > AC, it is sufficient to demonstrate that §(c) and 7i(c) satisfy
a single crossing property such that there exists some point in the support ¢ where for all ¢ < ¢,
m(c) < §(c) and for all ¢ > ¢ m(c) > §(c). If this is the case, then the weighting function 7i(c) first-
order stochastic dominates the weights given by §(c), and by the properties of first-order stochastic
dominance, MCyp > AC.

The proof relies on demonstrating that s(c) is “more concave” than m(c). To see why this
might be true, consider the distribution of idiosyncratic preferences F'. Because preferences are
1.i.d., the quantity demanded is equal to the share of consumers for whom both idiosyncratic pref-
erence terms fall below a threshold value. The share of marginal consumers are those for whom
this threshold condition is true and the two draws of €4 and €p are equal. See the expressions below

for an unbounded distribution of €.

where I' = [ (f (€))*de. Very roughly speaking, the marginal function m(c;) is the expected

value of the concave function f(x) = —x?, while the share function s(c) follows the concave func-



tion. The technical details of rigorously establishing the single crossing condition for an arbitrary
distribution are non-trivial. Here, I will show that this condition holds for three commonly used
distributions for idiosyncratic preferences: uniform, type I extreme value, and normal.

In each of these proofs, I will assume that ¢ has infinite support, which allows me to exploit
limiting properties of the distributions (or bounds in the case of uniform distribution.) However,
because §(c) and (c) are strictly increasing functions that always integrate to 1, the crucial single
crossing property is maintained for any bounded range of c.

The example also assumes that the distribution of ¢ is uniform. Establishing the single cross
condition of s(c¢) and m(c) does not depend on the distribution of ¢ and is maintained for any
continuous distribution. However, some distributions of ¢ may preclude the existence of an equi-

librium.
Uniform Distribution
Suppose that the distribution of idiosyncratic preferences is uniform, i.e. € ~ U(l,u). In this case,

s(c):1—(—p*_ﬁc_l)2

u—1
m(e) = F(p — ey = L P!

Because consumers are uniformly distributed, the probability that €4 = €z is independent
of the value of €. Therefore, the distribution of F(€4|€4 = €ip) = F(&). Thus the fraction of
consumers that are marginal is simply given by the c.d.f. of the preference shocks.

Because both §(c) and 7i(c) must both integrate to one and are not everywhere equal, these

two lines must intersect at least once. Because §(c) is strictly concave for values ¢ € (£ [; h, z Bfl),

and i(c) is linear, they can intersect only one time.
For every c, s(c) > m(c), with a strict inequality whenever s(c) € (0,1). Therefore, S > M.
And there exists some large enough ¢ value such that s(¢) = m(c) = 1. Thus, at this large value of

¢, it must be that §(c) < mm(c). Therefore, 7i(c) must be strictly greater than §(c) after this crossing
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point and strictly lesser before it.

Type I Extreme Value

Suppose that the distribution of idiosyncratic preferences is such that €4 = vj4 — Vo and € =
V;g — Vjo, Where Vja, Vi, and v,y are all distributed type I extreme value with variance o¢. In this

case,

m(c) = %s(c)2

o oes(e)?

m(C) - %fs Cl')zdl
s(c)?

These functions satisfy three conditions that are sufficient to establish the single crossing
property. First, lim,_, e s(c) = lim—_wm(c) = 0 and lim,_,e 5(c) = lim—m(c) = 1. Second,
s(c) > m(c) for all c.

Third, the derivatives of s(c) and m(c) satisfy a single crossing property such that there exists
a ¢ where for all ¢ < ¢, s'(¢) > m'(c) and for all ¢ > ¢, s'(c) < m'(c). Note that m'(c) = 2s(c)s'(c).

Because s is a strictly increasing function, this single crossing point is the value ¢ where s(¢) =

B[ —

Because both 77i(c) and §(c) must integrate to 1 and are not everywhere equal, these two func-
tions must intersect at least once. Because both s and m are strictly increasing with single crossing
derivatives, the intersections must be countable. In other words, the functions only intersect at
points rather than overlapping for an interval.

Because s(c) > m(c) for all ¢, [s(c;)di > [s(c;)*di. Because the denominator for §(c) is
strictly larger and lim,_, s(c) = lim,_,.om(c) = 1, there is some final crossing point ¢ such that

for all ¢ > ¢é, §(c) < m(c).
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Suppose for a contradiction that there is another crossing point at some value ¢ < ¢é. It

must be that s is less than m for ¢ < ¢’ greater than m for ¢ > ¢’ for values of ¢ in the neigh-

borhood of ¢’. Therefore, as}ﬁ) > aﬁ;(cc). Because [s(c;)di > [s(c;)?di, it must also be that
as(c')  dm(c) . . ” .. .
5 > T - Because of the single crossing condition for these derivatives, it must be that for

all values of ¢ < ¢/, ag(f,/) > '9"3(5/). Thus, for values of ¢ < ¢/, §(¢') < m(c’), and because of the

derivative inequality, these two functions are diverging as ¢ goes to negative infinity. However,
lim,—, o s(c) = lime—,_wm(c) = 0 and thus lim.—, o §(c) = lim,,_7i1(c) = 0. This is a contra-
diction. Therefore, we know that these functions must cross only once at ¢. Moreover, 7i(c) must

be strictly greater than §(c) after this crossing point and strictly lesser before it.

Normal Distribution

Suppose that the distribution of idiosyncratic preferences are normal, i.e. € ~ N(u,c?). In this

case,

s(c):l—CID(p*;ﬁc—;Q

0-8

m(c)zl—@(\ﬁ(p*o;eﬁc—,u))

That the marginal consumers follow a distribution scaled by the v/2 can be seen from the square

of the normal p.d.f.
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The extra \/szﬂ will drop out when normalizing to the weighting function 77, so we can drop it here.
The functions s(c¢) and m(c) satisfy the same three conditions as those generated by the type I
extreme value preferences. First, the limiting values of both s and m are 0 as ¢ approaches negative
infinity and 1 as ¢ approaches positive infinity. Second, s(c¢) > m(c) for all ¢. This second condition
is not generally true for an arbitrary scaling factor, but holds for v/2.
Third, the derivatives of s(c) and m(c) satisfy a single crossing property such that there exists

a ¢ where for all ¢ < &, s'(c¢) > m’(c) and for all ¢ > é, s'(¢) < m/(c). The derivatives are given by:

s’(c)z%m(p*_ﬁc—uﬁ (p*_ﬁc—u)

o¢ o¢ o¢
m'(c) = \ffqb (ﬁ (p*;fc —u)>

These are known parametric functions that meet this single crossing condition. For intuition,
it is easy to verify that 2& (x) ¢ (x) and the standard normal p.d.f., ¢ (x), satisfy this condition by
a similar argument to that used in the type I extreme value proof above. Consider all potential
scaling factors d for d¢ (dx). For small values of d, the p.d.f. is very disperse—large in the tails
and small at the mean—and it intersects 2® (x) ¢ (x) twice. For large values of d, the p.d.f. is

very concentrated—vanishing in the tails and large at the mean—and it also intersects 2& (x) ¢ (x)
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twice, but from the opposite directions. For values of d sufficiently close to 1—including v/2—the
two curves satisfy the single crossing property. Note that 8, 6%, and u, are all scaling parameters
that apply equally and will not alter this relationship.

The proof then proceeds in the same manner as the previous proof for the type I extreme

value distribution.

B.6 Simulation Parameters

The illustrative model outlined in Section 2.3.2 can be governed four parameters: (Jy,f3,V,0°).
For the parameter &, I calibrate it to target an initial market share S = Sp; +Say = Spr + Spy. For
the parameter, o¢, I calibrate it to match a value of a skewness measure of the cost distribution,
skew = %.

Table A3 displays the range of targeted values for these parameters. The final column of the
table also shows the fixed value of the parameter in all panels of Figure 1 where that parameter is
held constant.

Table A3: Data Description

Parameter Minimum Value Maximum Value Fixed Value

S 0.05 04 0.2
B 0 1.2 0.5
1Y% 0 0.6 0.2
skew 1 6 -

Note: This table displays the range of parameters used to simulate the mergers studied in Section 2.3.2

In order to generate Figure 1, I hold fixed two of the three parameters (&, 3, V) fixed and
simulate a merger for every value of the third parameter along a fine grid between the minimum
and maximum value shown in Table A3. In each of the three panels, I repeat this for four values of
skewness: 1, 1.5, 3, and 6.

In order to generate Figure 2, I simulate 1000 mergers by drawing parameters in a Monte
Carlo simulation. I each simulation, I draw each of the four parameters from independent uniform

distributions bounded between the minima and maxima listed in Table A3.
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In each simulation, I solve for the symmetric equilibrium for both pre-merger and post-
merger. Because of selection, some parameter values could potentially generate asymmetric equi-
libria, but I ignore this possibility. A symmetric equilibrium with positive market shares exists
for all parameter values considered. I use 100 Gaussian quadrature points to integrate over the
distribution of c.

In these simulations, I must also set a fifth parameter, 6¢, which governs the variance of
the idiosyncratic preferences. Because the distribution of ¢ affects demand and is fixed, this is a
non-trivial normalization. I set 6¢ = 0.125. In the Monte Carlo simulations (explained below),
this value of o€ produces reasonable average own-price elasticities that range from -3.9 to -9.2,
with a mean value of -5.6. Smaller values of 6¢ lead to greater elasticities and make it more likely
that mergers will benefit consumers. Greater elasticities lead to lower equilibrium prices and more
potentially unprofitable consumers. Greater values of 6¢ lead to lower elasticities and have the

opposite effect.

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
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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 A4, 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.
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.

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
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Table A4: Data Description

Private Marketplace
ACS ASPE Un-weighted Weighted

Age Distribution

Under 18 00% 9.0% 0.0% 0.0%

18 to 25 7.6% 11.3% 11.1% 11.4%
26 to 34 172% 17.5% 30.8% 29.1%
35to 44 22.2% 16.8% 21.4% 20.1%
45 to 54 253% 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.

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 75 percentile is five. Wherever there is more
than one plan per category, | 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.
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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
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
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the non-group market.

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 MCEF 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.! 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.

!Insurance 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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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.

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. 1 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.

20



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

Ry A 7.
N

T; = _ _
T Ly SRy Y SpA

where R is the firm level of average risk and A 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. Sy is the firm’s state-level inside market share, and P; 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

R —(QH)R
;= P,

where the risk transfer T is the average firm-level risk adjustment transfer from MLR data, P
is the average state level premium reported in the interim risk adjustment report, and R is the
national average risk score reported in the interim risk adjustment report.”> In the estimation, I
target the difference between Ry and an adjusted average risk score for the state that accounts for

grandfathered insurance products not sold through the marketplace.

2The 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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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
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.”
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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%.

D Demand Estimation

The demand model closely follows that of Tebaldi (2023), with the difference that cost hetero-
geneity is modeled through this calibrated random coefficient on risk score 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—uvia the firm fixed effect—in addition to the amount of insurance. In this section, I detail

the calibration of the risk score distribution and the demand estimation methodology.

D.1 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 Spending;,

— ge,sexA - Male: /CCHCC-/ .
Avg. Plan Spending, 0+ ; 4 geighaleig + Z%Fg[ ig’ T MNir

8

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

sents the metal category of the plan. The resulting risk score for an individual is a normalized
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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.
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Unless specifically noted, rfi CC 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, G, is estimated from the 2015 Medical Conditions File (MCEF) 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
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.> See Appendix Section C.3 for detail on
processing the data.

In the data, a majority of individuals have no relevant diagnoses, i.e., rlHCC = 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
8(Z;), the household has a non-zero risk score drawn from a log-normal distribution, i.e., € ~
Lognormal(p(Z;),0"). With probability 1 — &(Z;), r'°C = 0. 1 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 AS displays the moments of the risk score distributions for each metal level in the data.

3For 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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Figure A3: 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.

Figure A3 compares the risk distribution in the MCF with the simulated risk distribution in the

estimation sample.

Table AS5: Parametric Distribution of Risk Scores

Age Income Bronze Silver Gold Platinum
(% of FPL) 6(Z;) wu(Z) o wz) o wz) o ulz) o
<45 <400% 0.15 286 19.7 299 195 3.11 19.8 331 20.8
>400% 0.13 3.02 19.7 322 195 322 198 340 2038
>45 <400% 031 349 197 373 195 373 198 397 208
>400% 024 325 19.7 346 195 346 198 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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D.2 Estimation and Identification

The demand model two primary identification concerns. First, a plan premium’s price may be
correlated with the unobserved quality &;,,, leading to biased estimates of ¢;. 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, a;, 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
continuously 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
thresholds, the Silver plan becomes significantly more generous with no discontinuous change in
the 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 pj,, 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.

pjm = Share Under 35, + Yr(j) + Yin + Ymetal + Cim

The results of the first stage are presented in Appendix Table Al. I use the residual, Zj/j;,, 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
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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, (};,{B%}). These parame-
ters are incorporated into the estimation equations in the same manner as variance parameters for
distributions of unobserved consumer preferences (e.g. Berry et al. (1995)). However, because I
have data on the distribution of risk scores in the market and moments on the average risk scores
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 scores:
the 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 / index the moments,
let n index the N = 500 draws from the unobserved distribution of risk scores, and let I(j) be the
set of consumers that have product j in their choice set. For each group of products, J;, I compute

the moments as

N

_ Yjes Liet(g) Ynm1 WiSinlinj  paata

- 500 m
Yjes, Licl(j) Xn=1 WiSinj

l

where r;,; 1s a product-specific risk score draw to match the definition of the moments in the data
and w; 1s 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.

A 1
RS argmaXQZZYijlog(NZSinj)—M'WM (12)
i J

n

The estimation proceeds in two steps. First, I use the identity matrix as the weighting matrix,
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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, S;;, and the
average predicted risk score for each product, ]%/Zn Sinjrinj 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
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.

E Cost Estimation

The method of simulated moments estimation procedure targets four sets of moments which each
identify four sets of parameters. 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 moments 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 the risk score is identified using the
ratio of average covered expenditures 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 actuarial value is identified using the ratio of experienced cost of each
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metal level to Bronze plans from the 2016 rate-filing data.

Conditional on these three cost parameters (Qav, @age, ¢r), the firm-specific cost parameter,
¢y, 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

rein
ijm-

reinsurance adjusted cost, ¢ The moments from the Medical Expenditure Panel Survey are
computed using total covered expenses across all insured individuals. Thus, I use the predicted
cost ¢;j, 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 scores
throughout products in each market, using ACS data as the population of possible consumers (see

Appendix Section C.2).

E.1 Identifying Assumption

The identifying assumption is that any unobserved cost variation is orthogonal to the idiosyncratic
demand shocks. Given the specification of the demand function, this implies that the only mech-
anisms through which cost and preferences are correlated are through age and risk scores. If this
assumption is violated and the remaining correlation is consistent with adverse selection, then the
coefficient on actuarial value will be biased upward. For illustration, suppose I estimate ¢ to solve
for a single product and single observable type,

ElSijeij]

Acdal‘a — 0
Sj

E[Sijcij] = SjACdam.
This is equivalent to
SjE[C,‘j] — COV(S,‘,C,'J') = SjACdam.
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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.

An alternative specification could treat expected total medical spending as a household char-
acteristic. Then, I could allow preferences to vary with this characteristic instead of risk scores.
Doing so has the advantage of circumventing this particular exogeneity assumption, but the prin-
ciple concern that residual costs unobservable to the econometrician are correlated with demand

errors would remain.

E.2 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,

¢ = $45,000, and up to a cap, ¢ = $250,000. For an individual with a cost ¢;j,, the insurance firm

rein

is liable for the cost ¢} m under the reinsurance policy.

cov

Ciim = min (max(cijm —c, O),E—g)

exc

Ciim = max(c;jm — ¢,0)

rein __ . B cov exc
Cijm = mln(cum,g) + 0'450ijm + i

E.3 Matching Firm Moments

Let C‘;’Cbs be the observed projected firm-level average cost. The firm-specific cost parameters,

¥(¢), can be set such that these moments are matched exactly. Without incorporating reinsurance,
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¥(¢) can be computed analytically.

C_‘?bs =e¥r

¥ s & /S,-,-e"’“*vfm+"’2/‘gef+"’3ff’“dF(i)
JeSIET jegf i

5,05 /SU-e@AmeWzAgel‘*%rf’“dF<i>) ~log(CP™)
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When incorporating reinsurance, the parameters Y can no longer be separated from ¢ because they
interact in determining how much reinsurance an individual receives. Instead, { can be found by

iteration.

w1 = o (5 T [Suciv0)dr@) —tog(cy”)|

Without any reinsurance, this iteration method gives the analytic result at n = 1 given any feasible
starting point, w°. The reinsurance payments are not particularly sensitive to W which affects
average payments and have less effect on the tails targeted by reinsurance. As a result, { can be

precisely computed with a small number of iterations.

E.4 Method of Simulated Moments

I will write the moments as d(¢) to represent the remaining moments on the cost ratios by metal
level, age, and risk, incorporating the predicted parameters of /(¢). ¢ is estimated by minimizing,

for a weighting matrix W,

o = argmin, d(¢)Wd(e)

The minimum of the function is found using the Neldermead method. I estimate ¢ 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, [ 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
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Petrin (2002) to compute the variance of the moments.

E.5 Model Fit

Table A6: Cost Estimation Fit of Cost-Ratio Moments

Data Model Fit
GMM-1 GMM-2
Age (r1€C = 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 Score
HHCC — 1.0 - -
rHCC >0 357 326 3.29
Metal Level
Bronze 1.0 - -
Silver 2.28 1.67 1.77
Gold 3.80 3.39 341
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 score, 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.

Table A6 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
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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
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.

F A Model of 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)).* (For more details on

the policy specifics, see Section 3.)

“The 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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In the presence of risk adjustment transfers, the firm then faces a new average cost, ACJT (p)=

AC;(p) —Tj(p). The equilibrium price can be written as
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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 (3) that penalizes or reward firms based on the profitability of their marginal
consumers. Therefore, it does not eliminate the welfare cost of 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.

G 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
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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 at the
same prices and among the same consumers.

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
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
21ps

p~'P* represent the second lowest-price silver plan. All silver plans in the market are assigned a

probability that the plan is the benchmark plan,7;, given by

o X|pj—p*'"|

= 14
ﬂ:./ Zk e%‘pk_pZSIpS| ( )
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The parameter )} governs the certainty with which firms’ know if they offer the benchmark pre-
mium. In the limiting case of a very large x, this probability distribution collapses to certainty. In
the results in this section, I set y = 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
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 A7: Many Mergers are Predicted to Improve Consumer Surplus and Social Welfare

Number of Fraction Fraction Fraction
Mergers ACS >0 ASW >0 ASW >0
(Govt Spending Excl.) (Govt Spending Incl.)
Baseline
Total 1186 0.53 0.83 0.07
A 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 A7 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.
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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
welfare benefit may be somewhere in between these two estimates.’

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.

3> As mentioned in Section 4.4, the total surplus generated by an additional dollar of government spending is less
than a dollar.
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