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1 Introduction

Information is a central input into financial intermediation. Banks, insurers, and other

financial institutions invest heavily in data and analytics to assess risk, screen cus-

tomers, set prices and contract terms, and determine which market segments to serve.

Advances in big data, machine learning, and artificial intelligence have increased both

the value of proprietary information and the returns to combining information from

different sources. As a result, mergers among financial institutions can create an

important form of information synergy: by integrating complementary datasets and

analytical capabilities, the combined firm may become substantially better informed

about its customers than its competitors.

Does such an improvement in information necessarily make financial markets more

efficient? At first glance, the answer might appear to be yes. In markets where asym-

metric information plays a central role, better information allows financial institutions

to assess customer risk more accurately. This logic underlies much of the interest in

technologies that improve screening and in policies that facilitate information shar-

ing, such as credit registries and open banking. Yet a firm’s informational advantage

can also reshape which customers it chooses to compete for. By changing who serves

whom in the market, a financial merger can have ambiguous effects on the efficiency

of market allocation.

This paper studies the equilibrium and welfare consequences of information syn-

ergies generated by mergers among financial institutions. Our central insight is that

an improvement in a firm’s screening technology following a merger can distort the

allocation of consumers across firms, thereby reducing allocative efficiency. A merger

can enable the combined firm to identify particularly attractive low-risk consumers

and compete aggressively for them. But the merged firm need not be the lowest-cost

provider for those consumers. If its cost advantage instead lies in serving higher-risk

customers, its new informational advantage can create a misalignment between firms

and consumers that increases total market costs. This mechanism distinguishes infor-

mation synergies from the cost synergies traditionally associated with mergers, which

directly lower production costs, for instance through reduced transportation costs or
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improved managerial efficiency.1

Among financial markets, insurance provides a particularly natural setting for

studying these issues. The insurance industry is inherently data-intensive: insurers’

core activity consists of collecting, processing, and analyzing information to assess

risks and price contracts accordingly. This process relies on extensive data on con-

sumer characteristics and detailed historical claims records, which are increasingly

integrated into advanced AI-based underwriting models. Moreover, the industry has

recently experienced significant merger activity, often justified by the integration of

complementary data and analytic capabilities.2 Understanding how these merger-

driven information synergies affect competition and consumer welfare has therefore

become increasingly important for policy.

In this paper, we begin by developing a stylized model to analyze the key mech-

anisms through which information synergies generated by mergers affect market effi-

ciency and consumer welfare in insurance markets. Specifically, we consider a setting

with three risk-neutral firms competing in prices for consumers. Consumers are either

high- or low-risk types. Firms receive imperfect signals about consumers’ risk types

and may differ in their costs of serving high- and low-risk consumers. A merger al-

lows the combined firm to integrate the signals of both parties, thereby improving its

information precision.3 In this simplified model, we abstract from market power and

product differentiation, assuming that firms price at expected cost and consumers

choose the lowest-priced contract. This setup allows us to isolate the welfare con-

sequences of information-driven selection from those arising from strategic pricing

distortions and demand-side frictions.

The model delivers two main results. First, information synergies can either in-

1For example, Ashenfelter et al. (2015) find that the 2008 Miller–Coors merger reduced shipping
costs, while Braguinsky et al. (2015) show that acquisitions in the Japanese cotton spinning industry
improved inventory management, accounts receivable, and capacity utilization.

2For example, Progressive’s acquisition of ASI was motivated in part by the desire to integrate
auto and homeowners data in order to develop a unified household-level risk and pricing framework.
Similarly, a proposed 2021 merger between two major insurance brokers, Aon and Willis Towers
Watson, ultimately blocked by the DOJ, aimed to combine proprietary datasets and modeling tech-
niques to strengthen data-driven analytics. In the Italian auto insurance market that we study, AXA
recently acquired Prima, a technology-driven insurer known for its proprietary pricing algorithms.

3Our paper focuses on horizontal mergers between insurance companies. By contrast, other recent
work examines mergers across data-connected markets (e.g., insurance and wearable health devices),
in which the merged firm leverages data collected in one market to enhance product customization
and price discrimination in another (Chen et al., 2022; Herresthal et al., 2023; De Cornière and
Taylor, 2024).
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crease or decrease allocative efficiency. Following a merger, the combined firm can

identify particularly low-risk consumers more precisely and offer them more favor-

able prices. This informational advantage allows the merged firm to cream-skim the

safest consumers. When the merged firm also has a comparative cost advantage in

serving these consumers, the resulting reallocation improves efficiency. But when its

cost advantage lies instead in serving high-risk consumers, cream-skimming moves

low-risk consumers away from the more efficient provider, thereby increasing total

market costs. Better information at the firm level can therefore reduce efficiency at

the market level.

Second, the welfare consequences of information synergies are heterogeneous across

consumer risk types and can be counterintuitive. Consumers who are identified as

particularly low risk benefit from more accurate risk classification. In contrast, con-

sumers in the intermediate-risk segment are worse off because they are separated

from the low-risk group and may instead be pooled with higher-risk consumers. Such

pooling arises when rival firms have cost advantages that enable them to compete

for intermediate- and high-risk consumers. When this occurs, high-risk consumers

are effectively cross-subsidized and face lower premiums relative to the pre-merger

equilibrium, leading to an increase in their consumer surplus. This result stands in

contrast to the standard “information effect” in He et al. (2023), whereby improved

information benefits low-risk consumers but harms high-risk consumers.

To assess the quantitative importance of the mechanisms highlighted by the styl-

ized model, we turn to a richer empirical model of competition in the Italian auto-

mobile insurance market. The framework builds on Cosconati et al. (2025), which

studies insurer competition and estimates firms’ heterogeneous risk-rating precision,

cost structures, and consumer demand in this market.4 The empirical model extends

several key elements of the stylized model to better capture relevant institutional and

market features. In particular, it allows for imperfect competition, rich heterogene-

ity in firms’ information precision and cost structures, a continuous distribution of

consumer risk, and a more realistic demand system with differentiated products.

Using estimates from the Italian auto insurance market, we simulate all 45 po-

tential pairwise mergers among the 10 largest insurers and solve for the resulting

4Relatedly, Crawford et al. (2018) investigate imperfect competition among banks in Italian loan
markets, and Blickle et al. (2025) study credit market competition when specialized lenders have an
informational advantage regarding borrowers in their focal industries.
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market equilibria, allowing prices, consumer choices, and hence the allocation of risks

across insurers, to adjust. Importantly, these simulations account for both changes in

market structure and the information synergies generated by each merger. We find

that information synergies indeed enable the merged firm to cream-skim low-risk con-

sumers, reducing its average expected claim payouts by 7.2 to 15.5 percent relative to

the pre-merger benchmark. Moreover, our simulations indicate that these informa-

tional advantages can generate significant efficiency losses. Among the 45 mergers, 20

percent lead to an increase in the total cost of serving the market, by up to 1.4 per-

cent, or approximately 12 euros per contract.5 Notably, we find that these efficiency

losses arise when the merged firm is particularly efficient at processing claims but are

not necessarily associated with larger increases in market concentration, as measured

by the HHI. This finding suggests that standard concentration measures may fail to

capture important efficiency considerations in merger analysis. It underscores the

need for competition authorities to assess changes in firms’ informational capabilities

in financial mergers alongside conventional concerns about market concentration.

In terms of consumer welfare, our merger simulations show that high-risk con-

sumers disproportionately benefit from information synergies, while the effect on low-

risk consumers is modest. Across the 45 merger cases we consider, high-risk consumers

experience an average increase in consumer surplus of 4.75 percent, whereas low-risk

consumers experience an average decrease of 0.16 percent. Information synergies have

consequences beyond aggregate efficiency and average prices—the traditional focus of

antitrust analysis: they also reshape the distribution of surplus across consumers with

different risk profiles. Determining how to balance these trade-offs across consumer

groups ultimately depends on the objectives of merger policy, including the relative

emphasis placed on efficiency, equity, and consumer protection.

Related Literature Our paper is related to several strands of literature. First, we

contribute to the literature on mergers among financial institutions. Existing work has

studied how consolidation affects market power, operating efficiency, credit supply,

diversification, and financial stability (see, e.g., the survey articles by Berger et al.

(1999) and DeYoung et al. (2009)). A smaller literature considers the informational

5This effect is economically meaningful: it is comparable in magnitude to the efficiency gains
from establishing a centralized risk bureau that equalizes access to information across competing
insurers, as estimated by Cosconati et al. (2025).
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consequences of bank mergers. Hauswald and Marquez (2006), for example, develop

a theoretical model of competition in credit markets and shows that banks may have

incentives to merge when consolidation enables the coordination of screening activities

across branches. Using data from the Italian loan market, Panetta et al. (2009)

provide empirical evidence that bank mergers improve screening ability.

Our paper contributes to this literature by analyzing how merger-driven infor-

mation synergies affect competition and consumer welfare in financial markets and

by quantifying the magnitude of these effects using a structural model of the Ital-

ian automobile insurance market. We show that information synergies can generate

economically significant losses in allocative efficiency and redistribute surplus across

consumer groups, potentially benefiting higher-risk consumers.6

Second, our paper is related to the literature on information sharing in oligopoly.

The classic theoretical literature studies firms’ incentives to exchange information

about market demand or costs (e.g., Gal-Or, 1985; Shapiro, 1986; Kühn and Vives,

1995; Banal-Estañol, 2007), while empirical work documents information sharing

through trade associations, public earnings announcements, and other disclosure

mechanisms (e.g., Christensen and Caves, 1997; Doyle and Snyder, 1999; Aryal et al.,

2022).7 More closely related to our setting in financial markets, Pagano and Jappelli

(1993) study the sharing of borrower information among banks and show that central-

ized credit bureaus can improve market performance in the presence of moral hazard

and adverse selection. He et al. (2023) study open banking in a model of competition

between a bank and a fintech, where data sharing improves the fintech’s screening

ability. They show that competition intensifies as lenders’ screening abilities become

more similar and weakens as they diverge.

Our setting differs in an important way. Information-sharing arrangements such

as credit registries or open banking can reduce informational asymmetries across

competing firms, whereas a merger can widen them.8 We show that such synergies

6This finding echoes the results in Allen et al. (2014), who show that mergers in the mortgage
market disproportionately affect consumers with lower search costs.

7Empirical studies also document firms sharing pricing information through trade journals (Mar-
shall et al., 2008), private information platforms (Borenstein et al., 2004; Miller, 2010; Byrne et al.,
2025), and price transparency or disclosure policies (Rossi and Chintagunta, 2016; Luco, 2019; Ater
and Rigbi, 2023).

8He et al. (2023) also analyze a scenario in which open banking “over-empowers” the fintech,
thereby widening the gap in screening ability between the two lenders. Byrne et al. (2025) study an
antitrust case in which one firm loses access to high-frequency, granular rival pricing data, resulting
in an asymmetric information sharing among competitors.
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can either increase or reduce market efficiency, depending on how the merged firm’s

information technology interacts with its cost structure.

Third, we contribute to the broader merger literature by formalizing informa-

tion integration as a distinct source of merger synergies. Since the seminal work of

Williamson (1968) and Farrell and Shapiro (1990), the empirical merger literature has

primarily focused on the trade-off between cost efficiencies and concentration effects.9

We show that information synergies have fundamentally different welfare implica-

tions from conventional cost synergies and therefore warrant distinct consideration

in merger analysis, especially given their growing relevance in financial markets and

other data-intensive industries.

The remainder of the paper is organized as follows. Section 2 presents a stylized

model that illustrates the key mechanisms through which information synergies aris-

ing from mergers affect market efficiency and consumer welfare. Section 3 describes

the institutional setting of the Italian insurance market and introduces the empirical

framework. Section 4 presents the merger simulation results and Section 5 concludes.

The proofs of the theoretical results are provided in Appendix A.

2 A Stylized Model

To highlight the key mechanisms through which information synergies generated by

mergers can influence market efficiency and consumer welfare, we consider the fol-

lowing stylized model. We assume two types of consumers, θ ∈ {l, h}, where l and

h denote low- and high-risk types, respectively. Let µ0 denote the share of high-risk

consumers in the market, which is common knowledge.

In this market, there are three risk-neutral firms, j ∈ {1, 2, 3}. We assume that

insurance is mandatory, so consumers must purchase a product from one of the three

firms. This assumption is motivated by the empirical context we examine later in

Section 3. Firms 1 and 2 are symmetric in that they share the same information

technology and cost structure. Each firm j ∈ {1, 2} can acquire a private signal

sj ∈ {l, h} about a consumer’s type. We assume that s1 and s2 are conditionally

9A large body of empirical research documents cost reductions and managerial improvements fol-
lowing mergers (e.g., Focarelli and Panetta, 2003; Jeziorski, 2014; Ashenfelter et al., 2015; Braguinsky
et al., 2015; Grieco et al., 2018; An and Zhao, 2019; Eliason et al., 2020; Elliott et al., 2025). Also see
the review articles by Röller et al. (2006) and Asker and Nocke (2021) for comprehensive discussions
of efficiency and concentration effects in merger analysis.
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independent given the true type and coincide with the true type with probability q.

The parameter q captures the information precision of Firms 1 and 2. In contrast,

Firm 3 is assumed to be fully uninformative about the consumer’s type. Regarding

costs, Firm j’s cost of serving a type-l and a type-h consumer is given by clj and chj ,

respectively. High-risk consumers are more costly to serve, so that clj < chj . Under

the symmetry assumption for Firms 1 and 2, we have cl1 = cl2 and ch1 = ch2 .

Despite the simplicity of the stylized model, characterizing the full equilibrium

is nontrivial, as firms’ pricing strategies depend on posterior beliefs, which in turn

depend on competitors’ strategies and endogenous consumer choices. To focus on the

key mechanisms, we impose the following simplifying assumptions, all of which will

be relaxed in the empirical framework in Section 3.

Importantly, we assume that firms have no market power; that is, they set prices

equal to expected costs, conditional on their available information and on being se-

lected by the consumer. The pricing strategy of Firm j ∈ {1, 2} is therefore

pj(sj) = E(cj|sj, D = j),

where D denotes the consumer’s contract choice. Accounting for consumer choice

captures the winner’s curse effect (i.e., the possibility that winning a consumer reflects

the rival firm’s receipt of an unfavorable signal). Since Firm 3 does not receive any

signals, it sets its price equal to expected cost conditional on being chosen by the

consumer, i.e.,

p3 = E(c3|D = 3).

The no-market-power assumption provides a natural benchmark for welfare analysis

of the efficiency costs of selection, as emphasized by Einav et al. (2010). By abstract-

ing from market power, we isolate the welfare consequences of information-driven

selection from those arising from strategic pricing distortions. As a result, any wel-

fare gains or losses can be attributed purely to selection effects and do not depend

on the details of the pricing model.

In addition, we abstract from demand-side frictions and assume that consumers

always choose the product with the lowest price. We also restrict our analysis to

symmetric equilibria, in which Firms 1 and 2 offer identical prices prior to any merger.

Firm 3 may behave differently, as it does not possess information about consumers and

operates under a cost structure that differs from that of the other two firms. Finally,
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we want to highlight that even with these assumptions, multiple equilibria may arise.

In Appendix A, we provide a simple example illustrating how multiplicity can occur

in this setting. For our analysis, we focus on the most efficient equilibrium—i.e., the

equilibrium that minimizes the total cost of serving the market—as a benchmark for

comparing market efficiency before and after the merger. Throughout this section,

we focus on the merger between Firms 1 and 2 to illustrate the main mechanisms and

to streamline the exposition.

2.1 Prices

We first analyze firms’ pricing strategies before and after a merger between Firms 1

and 2. Before the merger, Firm j ∈ {1, 2} offers two prices, pl and ph, corresponding

to signals sj = l and sj = h, respectively. Taking consumers’ choices into account,

Firm j recognizes that if a consumer accepts the high price ph, it must be that both

firms received signal h; otherwise, the consumer would choose the firm offering the

lower price pl. As a result,

ph = E(c1|s1 = h,D = 1) = E(c1|s1 = h, s2 = h).

If a consumer accepts the low price, it implies that at least one of the signals from

Firms 1 and 2 is l. Therefore,

pl = E(c1|s1 = l, D = 1) = E(c1|l ∈ {s1, s2}).

Firm 3, on the other hand, is fully uninformative and therefore offers a single uniform

price, p3. We denote Firm 3’s average cost of serving the entire market by E(c3) =
µ0c

h
3 + (1− µ0)c

l
3.

After Firms 1 and 2 merge, they observe both signals and offer prices based on

three signal profiles, {l, l}, {h, l}, and {h, h}, separately.10 This essentially captures

10We rule out equilibria in which the merged firm charges the same price for signal profiles {l, l}
and {h, l}, as in the pre-merger case. Such equilibria are trivial and imply no change in market
outcomes following the merger. Throughout, we assume that firms fully exploit the information
available to them and set prices based on perceived risk.
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the information synergies arising from the merger. Specifically,

pll = E(c1|s1 = l, s2 = l),

phl = E(c1|{s1, s2} = {h, l}),

phh = E(c1|s1 = h, s2 = h).

If both signals are h, the probability that a consumer is a high-risk type is updated

according to Bayes’ rule as follows:

µhh =
µ0 ∗ q2

µ0 ∗ q2 + (1− µ0) ∗ (1− q)2
.

The posterior beliefs corresponding to the other signal profiles can be derived anal-

ogously. Overall, a greater number of h signals implies a higher probability that the

consumer is high-risk, which in turn leads to a higher expected cost for insurers.

Market equilibrium, both before and after the merger, depends on Firm 3’s costs

relative to those of the other two firms. For example, if Firm 3 has an extremely

high cost, in the sense that its average cost exceeds Firms 1 and 2’s expected cost

conditional on two h signals, that is, E(c3) > E(c1|s1 = h, s2 = h), then Firms

1 and 2 will always dominate Firm 3, both before and after the merger. In this

case, consumers do not switch across firms when the merger occurs, and there are

no changes in market efficiency. At the other extreme, if Firm 3 has an extremely

low cost, in the sense that its average cost is below Firms 1 and 2’s expected cost

conditional on two l signals, that is, E(c3) < E(c1|s1 = l, s2 = l), then Firm 3 will

always dominate, and again there are no changes in efficiency following the merger.

For the remainder of the analysis, we focus on the nontrivial case in which Firm 3’s

cost is comparable to that of Firms 1 and 2 and impose the following assumption on

the firms’ cost structures.

Assumption 1 (Nontrivial cost structure).

E(c1|s1 = l, s2 = l) < E(c3) < E(c1|s1 = h, s2 = h).
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2.2 Efficiency

Next, we analyze how a merger between Firms 1 and 2 affects efficiency in this market.

In our setup, insurance is mandatory, so we do not consider efficiency gains or losses

arising from consumers being selected into or out of the market. Instead, we focus on

allocative efficiency—that is, how consumers are sorted across firms so as to minimize

the cost of serving them. We provide illustrative examples showing that information

synergies arising from mergers can either decrease or increase market efficiency, then

more generally characterize the conditions under which each scenario arises.

Efficiency Loss from Information Synergies In Figure 1, we present an exam-

ple of a cost structure under which market efficiency decreases after Firms 1 and 2

merge. We first analyze the pre-merger scenario shown in Figure 1a. The vertical

axis represents firms’ expected costs given their posterior belief µ that a consumer is

high-risk, which is shown on the horizontal axis. The flatter line shows the expected

cost function for Firms 1 and 2, while the steeper line shows that of Firm 3. The cost

structure illustrates that Firm 3 has a much lower cost of serving low-risk consumers;

however, its cost of serving high-risk consumers is similar to that of the other two

firms. This difference implies that Firm 3 has a comparative advantage in serving

low-risk consumers, while Firms 1 and 2 are comparatively better suited to serve

high-risk consumers.

Given our assumption that firms charge prices equal to expected costs, Firm

j ∈ {1, 2} charges, prior to the merger, a high price ph corresponding to the pos-

terior belief given two h signals (i.e., µhh), and a low price pl corresponding to the

posterior belief given at least one l signal (i.e., µl∈{s1,s2}). In contrast, Firm 3 is

fully uninformative about a consumer’s risk and therefore sets its price equal to its

expected cost conditional on being chosen. If Firm 3 serves the entire market, this

conditional expectation equals the market average, so p3 = E(c3). When E(c3) < pl

as shown in Figure 1a, Firm 3 undercuts Firms 1 and 2 and serves the entire mar-

ket in equilibrium. This allocation is efficient, as Firm 3 has a lower cost of serving

consumers.

We now analyze what happens after Firms 1 and 2 merge in Figure 1b. The

key point is that the merged firm now receives two signals. As a result, the original

posterior belief based on “at least one low signal” splits into two separate cases: µll
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(a) Pre-merger
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(b) Post-merger

Figure 1: Information synergies arising from the merger of Firms 1 and 2 lead to a
reduction in allocative efficiency. The horizontal axis shows posterior beliefs that a
consumer is high-risk, and the vertical axis shows firms’ expected costs; the flatter
line corresponds to Firms 1 and 2 and the steeper line to Firm 3. Firm 3 has a
relatively low cost compared to Firms 1 and 2. It serves the entire market prior to
the merger, and only the hh segment after the merger.
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and µhl, highlighted in red in Figure 1b. In our symmetric setup, note that when the

signals are mixed—one low and one high—the posterior belief equals the prior µ0.

The merged firm can now identify a subset of particularly safe consumers, namely

those with two low signals. Their posterior risk is even lower than before, which allows

the merged firm to offer them a price pll below the market average price charged by

Firm 3 prior to the merger (by Assumption 1). In this situation, the merged firm

cream-skims the lowest-risk consumers. However, overall market efficiency declines,

because Firm 3 has a lower cost of serving these consumers.

Once the merged firm starts serving the lowest-risk segment, Firm 3 must update

its beliefs. It now recognizes that the remaining consumers are those with at least

one high signal. Firm 3 therefore recalculates its expected cost conditional on at least

one high signal, E(c3|h ∈ {s1, s2}). If this expected cost exceeds the price charged by

the merged firm to consumers with mixed signals (phl, as highlighted in red in Figure

1b), Firm 3 also loses this group of consumers. As a result, market efficiency declines

even further. When this occurs, Firm 3 updates its beliefs again, realizing that it is

left only with consumers who have two h signals. If Firm 3’s expected cost of serving

this highest-risk segment is lower than the price charged by the merged firm given two

h signals, Firm 3 ultimately serves the hh segment in equilibrium, while the merged

firm serves the remaining lower-risk segments.

Figure 1 presents a scenario in which a merger between Firms 1 and 2 leads to a

decrease in market efficiency. Post-merger, there is a clear misallocation of consumers

across firms. Firm 3, which has a much lower cost of serving low-risk consumers, ends

up serving the high-risk segment of the market after the merger. This outcome arises

because the information synergies generated by the merger allow Firms 1 and 2 to

cream-skim low-risk consumers, even though Firm 3 is the more efficient provider

for that segment. The resulting misallocation increases the total cost of serving the

market from a social planner’s perspective.

Efficiency Gain from Information Synergies We consider an alternative cost

structure in which a merger between Firms 1 and 2 increases market efficiency. In

Figure 2, we plot the expected cost functions for all firms. The key difference relative

to Figure 1 is that Firms 1 and 2 now have a lower cost of serving low-risk consumers,

while Firm 3 has a lower cost of serving high-risk consumers. Equivalently, Firm

3’s expected cost function is flatter than those of the other two firms. Under this
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cost structure, comparative advantage is reversed: Firms 1 and 2 have a comparative

advantage in serving low-risk consumers, whereas Firm 3 has a comparative advantage

in serving high-risk consumers.

We again assume that Firm 3’s market average price p3 is lower than the low price

pl charged by Firms 1 and 2, so Firm 3 serves the entire market prior to the merger.

This outcome, however, is not the most efficient allocation given the cost structure,

because Firms 1 and 2 have a lower cost of serving low-risk consumers.

The merger between Firms 1 and 2 allows them to observe two signals, so the

original posterior belief based on “at least one low signal” splits into two separate

cases, µll and µhl. The merged firm now offers the safest group of consumers a much

lower price, pll, which is below Firm 3’s market average price prior to the merger (by

Assumption 1). When this occurs, the safest consumers switch to the merged firm

after the merger. Given the cost structure shown in Figure 2, this reallocation of

consumers to the merged firm increases market efficiency, since the merged firm has

a lower expected cost of serving this group of consumers, that is, E(c1|ll) < E(c3|ll).
Once the merged firm starts serving the lowest-risk segment, Firm 3 must update

its beliefs. It now recognizes that the remaining consumers are those with at least

one high signal. In Lemma 1 in Appendix A, we show that under the cost structure

depicted in Figure 2, Firm 3’s expected cost conditional on observing at least one

high signal, E(c3|h ∈ {s1, s2}), is lower than the price charged by the merged firm to

consumers with mixed signals, phl. As a result, Firm 3 sets its price at p3 = E(c3|h ∈
{s1, s2}) and retains all consumers with at least one high signal, leaving efficiency for

this group unchanged.

Comparing the two illustrative examples in Figures 1 and 2, we see that whether

information synergies arising from mergers increase or decrease market efficiency de-

pends critically on firms’ cost structures. In Figure 1, the merged firm has a cost

advantage in serving high-risk consumers, but the information advantage generated

by the merger leads it to cherry-pick low-risk consumers, resulting in a reduction in

efficiency. By contrast, in Figure 2, the merged firm has a cost advantage in serving

low-risk consumers, and the information synergies generated by the merger allow it

to select precisely these consumers. As a result, the merger is efficiency-improving in

this case.

Importantly, the efficiency effects also depend on the magnitude of the information

synergies. In our setting, this corresponds to the extent to which observing two signals
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Figure 2: Information synergies arising from the merger of Firms 1 and 2 lead to
an increase in allocative efficiency. The horizontal axis shows posterior beliefs that a
consumer is high-risk, and the vertical axis shows firms’ expected costs; the steeper
line corresponds to Firms 1 and 2 and the flatter line to Firm 3. Firm 3 has a relatively
low cost compared to Firms 1 and 2. It serves the entire market prior to the merger,
and consumers with at least one high signal after the merger.
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shifts posterior beliefs relative to the belief based on observing at least one low signal.

For example, in Figure 2b, if information synergies are sufficiently weak—so that the

posterior belief µll remains close to µl∈{s1,s2} and lies in a region where Firm 3’s

expected cost of serving consumers with two low signals is still lower than that of the

merged firm—then reallocating these consumers to the merged firm after the merger

would instead reduce overall market efficiency.

The examples shown in Figures 1 and 2 both impose the assumption that Firm 3

has a relatively low cost compared to Firms 1 and 2, that is, E(c3) < E(c1|l ∈ {s1, s2}).
In this case, Firm 3 serves the entire market prior to the merger. We now consider an

alternative scenario in which Firm 3 has a relatively high cost compared to Firms 1

and 2, that is, E(c3) > E(c1|l ∈ {s1, s2}). In the pre-merger case shown in Figure 3a,

suppose that Firm 3’s market average price, E(c3), exceeds the low price pl charged

by Firms 1 and 2. In this case, Firms 1 and 2 attract consumers with at least one l

signal, while Firm 3 serves consumers with two h signals. The price charged by Firm

3 is therefore p3 = E(c3|hh).
After Firms 1 and 2 merge, as shown in Figure 3b, we again observe that the

original posterior belief based on “at least one low signal” splits into two separate

cases, µll and µhl, because the merged firm can now observe two signals. In this

scenario, the safest group of consumers are separated from those with mixed signals,

which in turn creates incentives for Firm 3 to compete for the consumers with mixed

signals. If Firm 3’s cost of serving the intermediate- and high-risk consumer groups

is sufficiently low, it can set its price p3 equal to its expected cost conditional on

observing at least one high signal, E(c3|h ∈ {s1, s2}). If this price is lower than the

price charged by the merged firm for consumers with mixed signals, phl, as illustrated

in Figure 3b, the merged firm loses consumers with mixed signals, and Firm 3 serves

consumers with at least one h signal. As Firm 3, which can more efficiently serve

low-risk consumers, gains a larger market share among lower-risk consumers, overall

market efficiency increases.

Summary We formalize the effect of a merger between Firms 1 and 2 on market

efficiency in the following proposition. We say that Firm 3 has a relatively low cost

if E(c3) < E(c1|l ∈ {s1, s2}), and a relatively high cost if E(c3) > E(c1|l ∈ {s1, s2}).
The cost structures in Figures 1 and 2 correspond to the case in which Firm 3 has

a relatively low cost, while the cost structure in Figure 3 corresponds to the case in
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Figure 3: Information synergies arising from the merger of Firms 1 and 2 lead to
an increase in allocative efficiency. The horizontal axis shows posterior beliefs that
a consumer is high-risk, and the vertical axis shows firms’ expected costs; the flatter
line corresponds to Firms 1 and 2 and the steeper line to Firm 3. Firm 3 has a
relatively high cost compared to Firms 1 and 2. It serves the hh segment prior to the
merger, and consumers with at least one high signal after the merger.
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which Firm 3 has a relatively high cost.

Proposition 1 (Efficiency).

1. Suppose Firm 3 has a relatively low cost. A merger between Firms 1 and 2

strictly decreases market efficiency if E(c1|s1 = l, s2 = l) > E(c3|s1 = l, s2 = l),

and strictly increases market efficiency if E(c1|s1 = l, s2 = l) < E(c3|s1 = l, s2 =

l).

2. Suppose Firm 3 has a relatively high cost. A merger between Firms 1 and 2

weakly increases market efficiency. The increase is strict if and only if E(c3|h ∈
{s1, s2}) ≤ E(c1|{s1, s2} = {l, h}).

This proposition summarizes how a merger affects market efficiency under differ-

ent cost structures. When Firm 3 has a relatively low cost, it serves the entire market

prior to the merger. The information synergies arising from the merger allow the

merged firm to cream-skim the low-risk segment of the market. Whether this reallo-

cation increases or decreases market efficiency depends on whether shifting low-risk

consumers from Firm 3 to the merged firm raises or lowers the cost of serving them. If

the merged firm has a higher cost of serving these consumers, the reallocation reduces

efficiency; otherwise, it increases efficiency. When Firm 3 has a relatively high cost,

the information synergies generated by the merger between Firms 1 and 2 separate

the lowest-risk consumers from the rest of the market, which creates an opportunity

for Firm 3 to compete for the intermediate-risk segment. If Firm 3’s cost of pool-

ing these consumers with the highest-risk segment is sufficiently low, Firm 3 attracts

these consumers, and the resulting reallocation is efficiency improving. We provide

the formal proof of Proposition 1 in Appendix A.

2.3 Consumer Welfare

The merger between Firms 1 and 2 has heterogeneous effects across consumers. This

section evaluates its impact on consumer welfare conditional on signal realizations

rather than true risk types. Consumers are classified into three groups based on their

signal profiles—ll, lh, and hh—which correspond to low-, intermediate-, and high-risk

signal groups, respectively. It is important to note that each signal group contains

both high- and low-risk types. However, the posterior probability that a consumer is
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high-risk increases with the number of h signals received. For example, the posterior

probability of being high-risk in the ll group is substantially lower than in the other

two groups.

First, we observe that consumers in the low-risk signal group—those for whom

two low signals are observed—unambiguously benefit from the increase in information

precision of the merged firm, as they can now be more accurately identified and priced

according to their true expected risk.

In contrast, consumers in intermediate-risk signal group—those for whom mixed

signals are observed—are worse off. Prior to the merger, these consumers are pooled

with the lowest-risk segment. After the merger, however, the increase in information

precision allows the merged firm to separate them from the low-risk signal group.

For example, in Figure 1b, consumers with mixed signals are served by the merged

firm after the merger and pay a price phl, which is higher than the market-average

price prior to the merger. Moreover, consumers in intermediate-risk signal group may

instead be pooled with the high-risk segment after the merger. In Figures 2b and 3b,

consumers with mixed signals are served by Firm 3 after the merger and are pooled

with high-risk consumers, leading them to pay a higher price than in the pre-merger

scenario.

The impact of information synergies on the welfare of the consumers in high-risk

signal group is more subtle. In Figures 1a and 2a, consumers with two h signals are

pooled with all other consumers prior to the merger, which allows them to pay a price

well below the expected cost they impose on insurers. After the merger, however, the

increase in the merged firm’s information precision leads to these high-risk consumers

being separated out, and they face a substantial price increase, as illustrated by the

green dashed line in Figures 1b and 2b.

Somewhat surprisingly, consumers in the high-risk signal group may nevertheless

benefit from information synergies. When Firm 3 has a relatively high cost, as illus-

trated in Figure 3a, consumers with two h signals pay a substantially higher price than

the rest of the market. After the merger, once the lowest-risk segment is separated

out, Firm 3 may find it profitable to compete for consumers in the intermediate-risk

segment. If Firm 3’s cost of pooling consumers with mixed signals or two h signals is

sufficiently low to undercut the merged firm, then consumers in the high-risk signal

group benefit from the resulting price reduction.

Taken together, these theoretical results highlight that information synergies from
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mergers have important implications for market efficiency and can generate hetero-

geneous welfare effects across consumer risk types. The magnitude, and even the

direction of these effects depends critically on the underlying cost structure and the

strength of information synergies in a given market. In practice, these objects are

inherently empirical and may vary substantially across settings. In the remainder

of the paper, we quantify these effects in the Italian auto insurance market using

merger simulations based on a flexible empirical framework of imperfect competition

in selection markets described in Section 3.

3 Empirical Framework

To assess the quantitative importance of merger-driven information synergies, we

study the Italian auto insurance market. Our analysis uses the data and empirical

framework in Cosconati et al. (2025), which models competition among firms with

heterogeneous information in this market. We first describe the key institutional

features of the market and then briefly summarize the empirical model, focusing on

how it extends the stylized framework in Section 2.

Italian Auto Insurance Market Our empirical setting is the motor vehicle lia-

bility insurance market in Italy. This mandatory insurance covers damages to third

parties’ health and property in at-fault accidents. Policies are renewed annually and

are exclusive, meaning that consumers may purchase coverage from only one insurer

at a time. Insurers are also legally prohibited from rejecting applicants. This market

is sizable: in 2018, approximately 31 million contracts were underwritten and more

than 4 million claims were filed. Nationwide, around 50 firms compete in the pro-

vision of this coverage. In the empirical analysis, we focus on the ten largest firms

and aggregate the remaining firms into a single “Firm 11” category representing the

competitive fringe, for computational tractability.

The baseline contract in this market is relatively simple: only a negligible fraction

of policies include a deductible, and all contracts are subject to mandatory mini-

mum liability coverage of 1 million euros for property damage and 6 million euros

for bodily injury. Consumers may also select optional contractual clauses, which can

either increase or decrease the premium depending on whether they raise or reduce
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the insurer’s risk exposure.11 Premiums in this market are determined by insurers’

actuarial pricing algorithms, which incorporate a broad set of observable risk fac-

tors, including driver age, vehicle characteristics, place of residence, driving history,

and optional contractual features. In addition, sales agents may grant discretionary

discounts to individual consumers.

The data consist of a sample of liability insurance contracts sold between 2013–2021

in the province of Rome. For each consumer, we observe a rich set of risk charac-

teristics, the insurer from which coverage is purchased, the premium paid, and the

specific coverage and contractual clauses selected. The data are longitudinal and are

matched to detailed information on each sampled consumer’s claim frequency and

claim severity in every contract year.

Empirical Model The stylized model in Section 2 isolates the key mechanisms

through which merger-driven information synergies affect market outcomes, but ab-

stracts from several features of the empirical environment. The empirical framework

in Cosconati et al. (2025) accommodates these features by allowing for imperfect

competition, rich heterogeneity in firms’ costs and information precision, a continu-

ous distribution of consumer risk, and flexible consumer demand.

First, the empirical framework allows for a substantially more flexible information

structure than the stylized model. Consumers are indexed by a continuous risk type

θ, which represents their expected cost to insurers, expressed in monetary terms.

Although the realized risk type is not observed ex ante by insurers, the population

distribution of θ is common knowledge. To better capture real-world risk-rating

practices, in which insurers typically assign continuous risk scores to consumers, firm

j is assumed to observes a continuous signal θ̂j ∼ N(θ, σ2
j ), rather than the binary

signal in the stylized model. The parameter 1/σj captures the firm’s information

precision. As in the stylized model, signals are private and independent across firms

conditional on the true risk type θ. However, the signal distributions, and thus

information precision, can vary flexibly across competing firms.

Second, the empirical model allows firms to set premiums strategically and com-

pete in prices. Specifically, firm j sets the premium for a given consumer as a linear

function of the expected cost, conditional on its signal realization and on being chosen

11For example, the “Exclusive Driving” clause provides coverage only when the vehicle is driven
by the individual named in the contract, thereby reducing the insurer’s risk exposure.
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by the consumer:

pj(θ̂j) = αj + βjE(θ|θ̂j, D = j).

Here, αj and βj are pricing coefficients that firm j chooses optimally in equilibrium to

maximize profits. The parameter αj captures the baseline markup, while βj governs

the sensitivity of the premium to expected risk. In the stylized model, we impose

αj = 0, and βj = 1, which forces prices to equal expected costs and effectively rules

out market power. In contrast, the empirical setting features imperfect competition,

allowing firms to charge premiums above expected cost.

As in the stylized model, the expected cost conditional on a firm’s signal and on

the consumer selecting its contract, E(θ|θ̂j, D = j), is an equilibrium object, since

it depends on all firms’ pricing strategies and on consumer demand responses. Con-

ditioning on the contract being chosen incorporates a winner’s curse effect: firms

recognize that winning the consumer may reveal adverse information about the un-

derlying risk type.

Third, in addition to heterogeneity in firms’ information structures, the empirical

framework allows for heterogeneity in their cost structures. Specifically, the net profit

that firm j derives from a consumer of type θ when the consumer purchases a contract

from firm j is modeled as:

Net Profit = pj(θ̂j)−mcj − kjθ,

where pj(θ̂j) denotes the premium charged based on the firm’s signal. The parameter

mcj captures firm-specific marginal servicing costs that are independent of risk, while

kj reflects the firm’s efficiency in processing claims, with a lower kj indicating higher

cost efficiency.12 The cost coefficients (mcj, kj) correspond to the intercept and slope,

respectively, of the expected cost curve shown in Figures 1–3. A firm is more efficient

at servicing high-risk consumers when its cost curve is flatter, that is, when it has a

lower value of kj.

Expected profits are obtained by integrating the firm’s net profit over both the

12Cosconati et al. (2025) does not directly estimate mcj . Instead, they estimate a firm-specific
“net benefit” parameter cj , which captures the expected future profits from customer retention or
cross-selling opportunities, net of marginal servicing costs. The authors then use a back-of-the-
envelope calculation, based directly on the data, to approximate these future benefits and thereby
recover each firm’s marginal cost mcj . This approach preserves tractability by avoiding the need to
explicitly model the dynamic trade-offs firms face when setting premiums.
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distribution of signals and the population distribution of risk types, accounting for

the probability that a consumer selects each firm. Firms then simultaneously choose

their pricing coefficients (αj, βj) to maximize expected profits in a static game.

Finally, the empirical model allows for a more flexible demand system in which

consumers respond to prices and have preferences over unobserved product attributes.

Rather than assuming that consumers always choose the lowest-priced contract, con-

sumer i’s indirect utility from purchasing a contract from firm j is given by

uij = −γpj(θ̂j) + ξj + εij,

where γ denotes the price sensitivity parameter and ξj captures product-specific un-

observed attributes, such as product quality or brand loyalty. These consumer prefer-

ence parameters can vary with observable individual characteristics, such as age and

geographic location. The term εij represents idiosyncratic preference shocks, which

is assumed to follow a Type I extreme value distribution.

Summary of Structural Estimates We now briefly summarize the main empir-

ical patterns from the structural estimates in Cosconati et al. (2025). The demand

estimates indicate that senior drivers are generally less price sensitive, whereas drivers

located in larger urban centers are more price sensitive. Estimated preferences for

unobserved product attributes are broadly similar across low- and high-risk groups.

On the supply side, there is substantial heterogeneity across firms in both information

precision and cost structures. Firms with the least advanced risk-rating technologies

exhibit signal standard deviations more than 50 percent higher than those of firms

with the highest precision in risk assessment. Firms also differ markedly in their

efficiency in processing claims and in their risk-irrelevant marginal costs of serving

consumers. Interestingly, firms with less accurate risk-rating algorithms tend to have

more efficient cost structures, leading to distinct types of comparative advantages.

4 Merger Simulations

For the merger simulations, we use the structural estimates reported in Cosconati

et al. (2025) to quantify the effects of information synergies. In particular, we simulate

all possible mergers between any two of the ten largest insurers, yielding 45 distinct
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merger pairs. To capture the information synergies generated by a merger, we assume

that the merged firm observes both signals that were previously private information of

the merging parties, as in the stylized model. Under the assumption that signals are

independent (conditional on the true risk type) and normally distributed, observing

two signals is therefore equivalent to receiving a combined signal with higher precision.

The variance of this combined signal for the merged firm is given by

σ2
m =

σ2
jσ

2
j′

σ2
j + σ2

j′
,

where σ2
j and σ2

j′ denote the variances of the signal distributions for merging firms j

and j′, respectively. Because firms differ in their information precision, the magnitude

of information synergies varies across merger scenarios.

To conduct merger simulations, we must also specify how cost structures and

product attributes evolve post-merger. Our baseline specification assumes that the

merged firm consolidates the insurance products of the two firms, and that its cost

parameters and unobserved product attribute are given by the weighted averages

of the corresponding pre-merger values, with weights proportional to their market

shares.13 As an alternative, we also implement simulations under a more favorable

scenario in which the merged firm inherits the lowest marginal cost and the highest

claim processing efficiency among the merging parties. The two approaches yield

qualitatively similar results. We therefore focus on the baseline specification, as it

provides a neutral benchmark and avoids imposing strong assumptions about post-

merger cost synergies.14

Computing the Post-Merger Equilibrium Solving for the post-merger equilib-

rium is computationally nontrivial. A merger changes not only market structure but

also the information available to the merged firm, thereby altering firms’ incentives

13The insurance products we study in this paper are standardized liability insurance and are close
substitutes. Mazzeo et al. (2018) show that when products are close substitutes, a merged firm can
reduce costs by eliminating duplicate products with similar characteristics. Such consolidation also
occurs in practice; for example, after the merger between American Airlines and US Airways in
2013, the merged airline eliminated overlapping flights and redundant connections on routes where
direct flights already existed (Bontemps et al., 2022).

14The merger simulation literature typically assumes unchanged cost structures following a merger
(see, e.g., Nevo (2000)), or instead asks what level of cost efficiencies would offset the merger’s effects
on equilibrium outcomes.
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to price consumers of different risk types. All firms must re-optimize their pricing

strategies. These pricing responses affect consumer choices, which in turn change the

composition of risks served by each insurer. The resulting changes in risk composi-

tion then alter firms’ expectations about the consumers they attract, feeding back into

their optimal pricing decisions. The post-merger equilibrium must therefore jointly

determine firms’ strategic pricing responses, consumer choices, and the endogenous

sorting of risks across insurers.

To account for this feedback between pricing and consumer sorting, we solve for

the post-merger equilibrium using the following iterative algorithm.

• Initialize pricing strategies. Start from a candidate set of pricing coefficients

for all firms. In the merger simulations, we initialize the algorithm at the pre-

merger equilibrium; for the merged firm, the initial coefficients are the market-

share-weighted averages of the two merging firms’ pre-merger coefficients.

• Solve for consumer sorting given prices. Holding the pricing coefficients

fixed, compute the premiums implied by firms’ current expectations of consumer

risk and use these premiums to obtain consumer choice probabilities.

• Update firms’ risk assessments. Use the resulting choice probabilities to

update each firm’s expected consumer risk conditional on its signal and on

being chosen. Recompute premiums and choice probabilities, and iterate until

these conditional risk expectations—and hence the sorting of consumers across

firms—converge.

• Update firms’ pricing strategies. Given the converged sorting pattern,

evaluate the profit derivatives with respect to each firm’s pricing coefficients

and adjust those coefficients in the direction that increases profit.

• Repeat until pricing converges. Alternate between solving for consumer

sorting and updating pricing strategies. To facilitate convergence, the algorithm

reduces the adjustment step whenever a first-order condition changes sign across

successive iterations.

Applying this procedure to each of the 45 merger scenarios, we re-solve the en-

tire market equilibrium under the merged firm’s new information, cost, and product

characteristics, while holding the primitives of the non-merging firms fixed. This
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Figure 4: Cream-skimming after mergers. The vertical axis plots the percentage
change in the merged firm’s average claim payouts, while the horizontal axis shows
its post-merger information precision. Each point represents a simulated merger
between two of the ten largest firms (45 total mergers). The fitted line illustrates the
negative relationship between information precision and average consumer risk.

allows us to capture both the direct effects of the merger and the endogenous equi-

librium responses in firms’ pricing, consumer choices, and risk sorting. The resulting

post-merger equilibria form the basis for the results reported below.

Information Advantages from Mergers The stylized model suggests that infor-

mation synergies generated by a merger enable the merged firm to cream-skim low-risk

consumers. Figure 4 illustrates how the average risk of the merged firm’s customers

changes following the merger. The vertical axis reports the percentage change in the

merged firm’s average claim payouts, while the horizontal axis shows its post-merger

information precision. Each point represents a distinct merger scenario, yielding a

total of 45 observations in the figure.

Figure 4 provides strong evidence that mergers generate substantial information

advantages, enabling merged firms to cream-skim low-risk consumers. Across the 45

simulated merger scenarios, the merged firm’s average expected claim payouts decline

by 7.2 to 15.5 percent relative to the pre-merger benchmark. These magnitudes are
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economically significant and imply a sizable reallocation of low-risk consumers toward

the merged firm.

Because the merging firms differ in their pre-merger information precision, the

strength of information synergies varies across merger pairs. As a result, post-merger

information precision exhibits substantial dispersion across the 45 scenarios, with

the highest level of precision approximately 48 percent greater than the lowest. The

figure further reveals a clear negative relationship between post-merger information

precision and the percentage change in average claim payouts, as indicated by the

downward-sloping fitted line. Mergers that result in higher information precision

allow firms to attract a significantly lower-risk customer base.

Efficiency Effects We next examine how information synergies from mergers af-

fect allocative efficiency in the market. Although improved information enables the

merged firm to better identify and attract lower-risk consumers, it does not necessar-

ily translate into lower aggregate costs of serving consumers in the market. In fact,

our simulations show that information synergies can generate economically significant

efficiency losses.

Figure 5 plots the percentage change in the average cost of serving the market

following each merger. The vertical axis reports this change, while the horizontal axis

displays the merged firm’s claim-processing cost parameter, k. It is clear to see from

this figure that several merger scenarios—highlighted in the yellow region—lead to an

increase in the market’s average cost, reflecting a deterioration in market efficiency.

When do efficiency losses arise? Figure 5 reveals a strong negative relationship

between the merged firm’s claim-processing cost and overall market cost. When the

merged firm has a low value of k, indicating high efficiency in processing claims,

average market costs tend to rise after the merger. The mechanism is straightforward

and consistent with the intuition highlighted in Figure 1 of the stylized model. The

merged firm leverages its informational advantage to attract low-risk consumers, even

in cases where it is particularly efficient at serving high-risk ones. From a social

planner’s perspective, firms with low claim-processing costs should disproportionately

serve high-risk consumers, since they can do so at lower cost. However, improved

information allows the merged firm to cream-skim low-risk consumers instead. As

a result, high-risk consumers are reallocated toward less efficient firms, leading to a

misallocation of consumers across insurers. This distortion raises the average cost of
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Figure 5: Information synergies and allocative efficiency. The figure plots the percent-
age change in the average cost of serving the market following each merger (vertical
axis) against the merged firm’s claim processing cost parameter k (horizontal axis).
Each point represents a simulated merger scenario. Mergers in the highlighted yellow
region result in higher average costs, indicating efficiency losses.
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serving the market by up to 1.4 percent, or approximately 12 euros per contract.

While some mergers generate efficiency losses, information synergies can also pro-

duce efficiency gains in other scenarios, consistent with the predictions of the stylized

model (see Figures 2 and 3). As shown in Figure 5, mergers between two insurers

can reduce the market’s average servicing cost by up to 2.4 percent. These gains are

concentrated in cases where the merged firm has a relatively high value of k, mean-

ing it is comparatively more efficient at serving low-risk consumers. In such cases,

improved information allows the merged firm to better align its cost advantage with

the appropriate segment of consumers, thereby enhancing allocative efficiency rather

than distorting it.

Competition authorities often rely on summary measures of market concentra-

tion, such as the Herfindahl–Hirschman Index (HHI), when evaluating mergers. To

connect our analysis to this standard regulatory approach, Figure 6 plots the percent-

age change in the market’s average servicing cost (a measure of allocative efficiency)

against the percentage change in HHI for each simulated merger scenario. The fig-

ure shows no systematic relationship between changes in market concentration and

changes in market efficiency. Although the fitted line exhibits a slightly positive slope,

the relationship is weak and statistically insignificant. In other words, increases in

concentration do not reliably predict whether a merger improves or worsens allocative

efficiency.

This finding suggests that summary concentration measures such as the HHI fail

to capture important efficiency considerations in merger analysis. Even mergers that

generate modest changes in HHI can produce meaningful efficiency losses, while others

associated with larger concentration increases may improve efficiency. These results

underscore the importance of incorporating firm-level information structures and cost

heterogeneity into merger analysis, and more broadly, highlight the value of a com-

prehensive and systematic assessment framework.

Consumer Welfare Finally, we examine the welfare effects of mergers on con-

sumers. Figures 7a and 7b report the percentage changes in consumer surplus for

low-risk and high-risk consumers, respectively, where low-risk consumers are those

below the median risk level and high-risk consumers are those above the median. In

each figure, each block corresponds to a specific merger scenario—for example, the

lower-left block represents the merger between Firms 1 and 2. Red shading indicates
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Figure 6: HHI and allocative efficiency. The figure plots the percentage change in
the average cost of serving the market following each merger (vertical axis) against
the percentage changes in HHI (horizontal axis). Each point represents a simulated
merger scenario. Mergers in the highlighted yellow region result in higher average
costs, indicating efficiency losses.
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an increase in consumer surplus, while blue shading indicates a decrease.

For low-risk consumers, we observe that welfare gains are generally modest and,

in some merger scenarios, substantially negative. Across the 45 merger cases we

consider, low-risk consumers experience an average decrease in consumer surplus of

0.16 percent. This pattern is consistent with the key mechanisms highlighted in our

theoretical framework. As the merged firm improves its information precision, it can

more accurately identify and price the safest group of consumers. However, consumers

with intermediate risk—who were previously pooled with lower-risk types—are now

separated out and face higher premiums. As a result, the aggregate welfare impact for

below-median risk consumers is limited, and in some cases consumer surplus declines

by more than 10 percent as shown in Figure 7a.

In contrast, the effects for high-risk consumers are markedly different. Figure 7b

is dominated by red blocks, indicating that high-risk consumers tend to experience

welfare gains following mergers. Across the 45 merger cases we consider, high-risk

consumers experience an average increase in consumer surplus of 4.75 percent. Consis-

tent with our theoretical predictions shown in Figure 3, improved information enables

the merged firm to better separate risk types, which reshapes competitive pressures

across segments. Firms with less precise information cannot profitably compete for

the safest consumers, as doing so would expose them to adverse selection. They there-

fore redirect competition toward intermediate-risk consumers. In the post-merger

equilibrium, high-risk consumers are pooled with these intermediate-risk consumers

and face prices based on the average risk of the broader pool. This pooling gener-

ates cross-subsidization, lowering premiums for high-risk consumers and significantly

increasing their welfare.

These findings highlight an important distributional dimension of information-

driven mergers. Although average market outcomes may improve or deteriorate de-

pending on the underlying cost structure, the welfare effects are clearly heterogeneous

across consumer types. In particular, mergers can redistribute surplus across risk

groups even when their aggregate impact appears modest. From a policy perspec-

tive, the desirability of such redistribution depends on the objectives of merger review.

High-risk consumers may be disproportionately represented among economically vul-

nerable populations—for example, younger drivers, individuals in lower-income areas,

or those with certain health conditions. In such cases, welfare gains for high-risk

consumers may carry broader equity implications. Overall, our results suggest that
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(a) Low-Risk Consumers
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(b) High-Risk Consumers

Figure 7: Distributional effects of mergers on consumer surplus. Panel (a) plots the
percentage change in consumer surplus for below-median (low-risk) consumers across
simulated merger scenarios, while Panel (b) reports the corresponding changes for
above-median (high-risk) consumers. Each block represents a merger between two
of the ten largest firms. Red shading indicates an increase in consumer surplus, and
blue shading indicates a decrease.
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merger evaluations should consider not only aggregate efficiency effects, but also how

information synergies reshape surplus across different groups of consumers.

5 Conclusion

Our paper develops a framework to analyze information synergies as a distinct chan-

nel through which mergers affect financial markets such as insurance and credit. We

build a stylized model of insurer competition in which firms receive imperfect signals

about consumers’ risk types, and a merger allows them to integrate the signals held

by both parties. Our theoretical results show that information synergies from mergers

can increase the total cost of serving the market when the merged firm cream-skims

low-risk consumers due to improved information precision, even though it is more

efficient at serving high-risk consumers. We further show that information synergies

can generate heterogeneous welfare effects across consumer risk types. Perhaps sur-

prisingly, high-risk consumers may benefit in the post-merger equilibrium when they

are cross-subsidized by intermediate-risk consumers.

We quantify the effects of information synergies from mergers on market efficiency

and consumer welfare using merger simulations based on data from the Italian auto

insurance market. We find that information synergies reduce the merged firm’s av-

erage expected claim payouts by 7.2 to 15.5 percent. In a significant number of the

merger scenarios we consider, however, the total cost of serving the market increases,

by up to 1.4 percent, or approximately 12 euros per contract. Finally, consistent with

our theoretical predictions, we find that high-risk consumers experience a significant

increase in surplus, whereas the welfare gains for low-risk consumers are generally

modest.

Our results have important implications for evaluating mergers among financial

institutions, particularly in light of the growing importance of big data and AI-driven

analytics. We highlight an information channel through which mergers can affect

pricing, competition, and the allocation of surplus across consumers in financial mar-

kets. This channel is distinct from the conventional forces emphasized in merger

analysis, such as changes in market concentration and cost efficiencies. Our findings

suggest that merger assessments in financial markets should also account for how the

consolidation of data and analytical capabilities changes firms’ relative informational

advantages. More broadly, when competitive concerns arise from the concentration of
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information rather than traditional market power alone, our results point to a poten-

tial role for data-oriented remedies, such as data-access requirements, interoperability

provisions, or restrictions on certain forms of data integration.
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A Appendix

A.1 Illustration of Multiple Equilibria

Consider an example of a cost structure shown in Figure 8. The vertical axis repre-

sents firms’ expected costs given their posterior belief µ that a consumer is high-risk,

which is shown on the horizontal axis. The flatter line shows the expected cost

function for Firms 1 and 2, while the steeper line shows that of Firm 3. Given our

assumption that firms charge prices equal to expected costs, Firm j ∈ {1, 2} charges,

prior to the merger, a high price ph corresponding to the posterior belief given two

h signals (i.e., µhh), and a low price pl corresponding to the posterior belief given at

least one l signal (i.e., µl∈{s1,s2}).

Figure 8a illustrates one equilibrium. In this case, Firm 3, which is fully uninfor-

mative about a consumer’s risk, sets its price p3 equal to the market average, E(c3).
Suppose this price is lower than the low price pl charged by Firms 1 and 2. Firm 3

then serves the entire market in equilibrium. This allocation is efficient, as Firm 3

has a lower cost of serving consumers.

Figure 8b illustrates another equilibrium. In this case, Firms 1 and 2 serve con-

sumers who receive at least one l signal at price pl, while Firm 3 serves the high-risk

segment at price E(c3|hh). This allocation is inefficient because Firm 3, despite hav-

ing comparative advantages of servicing low-risk consumers, ends up serving only

the high-risk segment. In our analysis, we focus on the efficient equilibrium as a

benchmark for evaluating market efficiency before and after the merger.

A.2 Proofs

Proof of Proposition 1. Suppose that Firm 3 has a relatively low cost. In this sce-

nario, before the merger, Firm 3 serves the entire market. After the merger, the

merged firm can attract consumers with two l signals by the nontrivial cost assump-

tion 1. We need to consider two cases.

Case 1. E(c1|s1 = l, s2 = l) > E(c3|s1 = l, s2 = l). Then the shift of {s1, s2} =

{l, l} consumers strictly decreases market efficiency. Next, Firm 3 considers serving
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Figure 8: Illustration of multiple equilibria. The horizontal axis shows posterior
beliefs that a consumer is high-risk, and the vertical axis shows firms’ expected costs;
the flatter line corresponds to Firms 1 and 2 and the steeper line to Firm 3. Panel (a)
illustrates an equilibrium in which Firm 3 charges p3 = E(c3) and serves the entire
market. Panel (b) illustrates an equilibrium in which Firm 3 charges p3 = E(c3|hh)
and serves only consumers with two h signals.
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consumers who receive at least one h signal. If

E(c3|h ∈ {s1, s2}) < E(c1|{s1, s2} = {h, l}),

then Firm 3 can retain all consumers who receive at least one h signal, and the result

follows. Otherwise, consumers with {s1, s2} = {h, l} also switch to the merged firm.

Then all consumers who receive at least one l are served by the merged firm, which

strictly decreases market efficiency due to

E(c3|l ∈ {s1, s2}) < E(c3) < E(c1|l ∈ {s1, s2}),

where the last inequality holds as Firm 3 has a relatively low cost. If

E(c3|{s1, s2} = {h, h}) ≤ E(c1|{s1, s2} = {h, h}),

then the result follows immediately. Otherwise, consumers who receive two h signals

also switch to the merged firm, implying that all consumers are served by the merged

firm. This entire market movement strictly decreases efficiency since

E(c3) < E(c1|l ∈ {s1, s2}) < E(c1).

Case 2. E(c1|s1 = l, s2 = l) < E(c3|s1 = l, s2 = l). Then the reallocation of

{s1, s2} = {l, l} consumers strictly increases market efficiency. Next, Firm 3 considers

serving consumers who receive at least one h signal. Lemma 1 shows that Firm 3 can

retain all such consumers, completing the argument.

Suppose that Firm 3 has a relatively high cost. Then before the merger, Firm 1 and

2 serves consumers with l ∈ {s1, s2}. Firm 3 serves consumers with {s1, s2} = {h, h}
if and only if

E(c3|{s1, s2} = {h, h}) < E(c1|{s1, s2} = {h, h}).

After the merger, the merged firm serves consumers with {s1, s2} = {l, l}. Firm 3

can attract all consumers who receive at least one h signal if and only if

E(c3|h ∈ {s1, s2}) ≤ E(c1|{s1, s2} = {h, l}).

If this condition fails, then consumers do not move and efficiency remain unchanged.
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Now suppose this condition holds. If Firm 3 previously serves consumers with

{s1, s2} = {h, h}, then only consumers with {s1, s2} = {h, l} move to Firm 3, which

strictly improves efficiency as

E(c3|{s1, s2} = {h, l}) < E(c3|h ∈ {s1, s2}) ≤ E(c1|{s1, s2} = {h, l}).

If Firm 3 previously does not serve consumers with {s1, s2} = {h, h}, then all con-

sumers with h ∈ {s1, s2} switch to Firm 3, which strictly improves efficiency since

E(c3|h ∈ {s1, s2}) ≤ E(c1|{s1, s2} = {h, l}) < E(c1|h ∈ {s1, s2}).

Lemma 1. Suppose that Firm 3 has a relatively low cost. If

E(c1|s1 = l, s2 = l) < E(c3|s1 = l, s2 = l),

then

E(c3|h ∈ {s1, s2}) < E(c1|{s1, s2} = {h, l}). (1)

That is, after the merger, Firm 3 can retain all consumers who receive at least one h

signal.

Proof of Lemma 1. We first lay out the primitives of the model: signal precision q,

population prior µh+µl = 1 (with µh = µ0, and µl = 1−µ0), and cost parameters cl1,

ch1 , c
l
3, c

h
3 . Without loss of generality, we can normalize cl1 = 0 by adding a constant

to all cost parameters. The proof shall proceed as follows: for each fixed primitive

(q, µh, c
h
1), we shall maximize the left-hand side of Inequality (1) and then show the

maximum is below the right-hand side of Inequality (1). That is, for all q, µh, c
h
1 ,

max
ch3 ,c

l
3

E(c3|h ∈ {s1, s2}) < E(c1|{s1, s2} = {h, l}).

By Bayes’ rule, we can compute the posterior belief of being a high type given

each signal profile.

µ({s1, s2} = {l, l}) = µh(1− q)2

µh(1− q)2 + µlq2
,
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µ(l ∈ {s1, s2}) =
µh(1− q2)

µh(1− q2) + µl[1− (1− q)2]
,

µ({s1, s2} = {h, l}) = µh,

µ({s1, s2} = {h, h}) = µhq
2

µhq2 + µl(1− q)2
,

µ(h ∈ {s1, s2}) =
µh[1− (1− q)2]

µh[1− (1− q)2] + µl[1− q2]
.

We can then rewrite the left-hand side of (1) as follows:

E(c3|h ∈ {s1, s2})

=E(c3) + [µ(h ∈ {s1, s2})− µh](c
h
3 − cl3)

=E(c3) + [µ(h ∈ {s1, s2})− µh]
E(c3)− E(c3|{s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})

<E(c1|l ∈ {s1, s2}) + [µ(h ∈ {s1, s2})− µh]
E(c1|l ∈ {s1, s2})− E(c3|{s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})

<E(c1|l ∈ {s1, s2}) + [µ(h ∈ {s1, s2})− µh]
E(c1|l ∈ {s1, s2})− E(c1|{s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})

=µ(l ∈ {s1, s2})ch1 + [µ(h ∈ {s1, s2})− µh]
µ(l ∈ {s1, s2})− µ({s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})
ch1

where the first inequality holds since Firm 3 has a relatively low cost; the second

inequality holds since

E(c1|s1 = l, s2 = l) < E(c3|s1 = l, s2 = l).

Therefore, to prove Inequality (1), it suffices to show

µ(l ∈ {s1, s2})ch1 + [µ(h ∈ {s1, s2})− µh]
µ(l ∈ {s1, s2})− µ({s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})
ch1

<µ({s1, s2} = {h, l})ch1 ,

which simplifies to

µ(l ∈ {s1, s2}) + [µ(h ∈ {s1, s2})− µh]
µ(l ∈ {s1, s2})− µ({s1, s2} = {l, l})

µh − µ({s1, s2} = {l, l})
− µh < 0.

Note that this inequality depends only on two parameters, the prior µh and the
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Figure 9: The left-hand side of Inequality (1) as a function of µh and q.

precision q, as ch1 cancels out. We plot the left-hand side of the inequality in Figure

9. As shown, the inequality holds across the entire parameter space µh ∈ (0, 1), and

q ∈ (0.5, 1).
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