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Abstract

This paper studies competition under information heterogeneity in selection markets
and examines the impact of public information regulations aimed at reducing informa-
tion asymmetries between competing firms. We develop a novel model and introduce
new empirical strategies to analyze imperfect competition in markets where firms have
heterogeneous information about consumers, vary in cost structures, and offer differen-
tiated products. Using data from the Italian auto insurance market, we find substantial
differences in the precision of risk ratings across insurers, and those with less accu-
rate risk-rating algorithms tend to have more efficient cost structures. We assess the
equilibrium effects of giving firms equal access to aggregated risk information from a
centralized bureau. This policy significantly reduces prices by increasing competition,
leading to a 13% boost in consumer surplus, nearly reaching the efficiency benchmark
where firms have full knowledge of consumers’ true risk. Aggregating information
through the bureau favors low-risk consumers and reduces average costs by 18 euros

per contract through more efficient insurer-insuree matching.
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1 Introduction

As data analytics and technology advance, the gap between firms in both information access
and data analysis capabilities continues to widen. Recent evidence suggests that banks and
credit card lenders use different screening technologies to assess default and pre-payment
risks (Grodzicki, 2023 [Matcham) 2023} [Becker et al., 2024} [Blickle et al., [2024)); auto
insurance companies assess driver risk using different types of information, ranging from
basic factors like age to advanced telematic data on real-time driving behavior In addi-
tion to the well-known asymmetry between buyers and sellers since the seminal work of
Akerlof (1970) and Rothschild and Stiglitz| (1976), this phenomenon introduces another
layer of complexity: information asymmetries between competing firms. However, how
these between-firm information asymmetries impact equilibrium pricing strategies, con-
sumer choices, and market efficiency remains an open question in the literature.

On the policy side, improving information availability and reducing information gap
between firms have become a focal point in recent discussions. For example, data-sharing
policies like the UK’s open banking initiative facilitate the flow of data between financial
institutions. Similar debates are unfolding in Italy, where the insurance industry is advo-
cating for more detailed consumer risk information to be publicly disclosed However,
reducing information asymmetries between competing firms goes beyond simply sharing
data. It requires ensuring that all participants have the same analytical capabilities to inter-
pret and effectively use the information—a process that can be both costly and challenging
to implement. An alternative approach is to establish a centralized bureau that collects
and aggregates analyzed data (such as insurers’ risk estimates) and makes this information

equally accessible to all.

Information asymmetries between firms have been documented in other markets as well. For example,
Boomhower et al.[(2024) show that certain homeowner insurance companies have access to finer measures of
wildfire risk. In oil and gas lease auctions, “neighbour firms” are better informed about lease values than “non-
neighbour firms” (Hendricks et al.| |1987; Hendricks and Porter; |1988; |Hendricks et al., [1994; [Porter; |1995).
E-commerce platform owners has an information advantage over third-party sellers (Chen and Tsail [2023).
Schools that conduct personal interviews gain deeper insights into students’ unobserved talents (Friedrich
et al., [2023).

%A recent update on Open Banking initiatives can be found on the Competition and Markets Authority
website. Also see discussions from the the National Association of Insurance Companies (ANIA) at the
IVASS workshop (web link).


https://www.gov.uk/government/publications/update-governance-of-open-banking/update-on-open-banking
https://www.ivass.it/pubblicazioni-e-statistiche/pubblicazioni/att-sem-conv/2022/16-12-workshop-rcauto/Guidoni_Workshop_IVASS_16_12_2022.pdf?language_id=3

Our paper seeks to address two critical questions: first, the fundamental question of
how information asymmetries between firms shape market equilibrium, and second, from
a policy perspective, whether establishing a centralized bureau to equalize information ac-
cess can effectively promote competition, enhance consumer welfare, and improve overall
market efficiency.

To address these questions, we develop and estimate a novel empirical model of imper-
fect competition in selection markets, where firms have heterogeneous information about
consumers, differ in cost structures, and offer differentiated products. Our analysis is based
on a unique market-level dataset from the Italian auto insurance industry. We find sub-
stantial differences in the precision of risk-rating across insurers. Insurers with more ac-
curate risk-rating algorithms can cream-skim lower-risk consumers, but they often have
less efficient cost structures. Equalizing information access through a centralized bureau
significantly lowers market prices by increasing competition. This policy boosts consumer
surplus by 13%, nearly reaching the efficiency benchmark where firms have perfect knowl-
edge of consumers’ true risk, and reduces average costs by 18 euros per contract through
more efficient insurer-insueree matching.

Our study focuses on the Italian auto insurance industry for several key reasons. First,
we use a representative sample of auto insurance contracts from all insurers in Italy between
2013 and 2021. The data include individual-level demographic information, vehicle char-
acteristics, contract details, transaction prices, and claim records, with consumers tracked
even if they switch insurers. Second, liability insurance in Italy is mandatory for all drivers,
and rejections are prohibited by law, allowing us to focus on how consumers are sorted into
different insurers within the market. Third, while insurers share similar contract features,
they employ notably different pricing strategies. Survey evidence suggests that insurers use
heterogeneous information in their actuarial models, and our regression analysis further re-
veals significant variation in the extent to which prices are based on commonly observed
risk factors across insurers.

We begin our analysis by investigating whether insurers differ in the precision of their
risk assessments. Specifically, we analyze the correlation between each firm’s premiums
and consumer risk, which is ex-ante unknown to insurers, but ex-post estimable based
on realized claim dataE] Our analysis demonstrates that certain firms’ premiums are more

responsive to, or more accurately reflect, true risk, indicating that these firms are potentially

3Using a long panel of claim records, we estimate an individual-specific risk measure. Similarly, [Porter
(1995) estimates the ex-post value of oil leases (which is ex-ante unknown to bidders) based on amounts of
extracted oil, industry costs, and the price of oil, etc. |Biglaiser et al.| (2020) use the ex-post likelihood of
resale as a measure of the quality of used cars and they find that dealers have better information about car
quality.



more informed and better at assessing consumer riskf_r]

Motivated by these empirical findings, we develop a static model of price competition
among insurers. Each firm draws a private signal about the consumer’s risk type and in-
fers the expected cost to insure the consumer based on the signal. The dispersion of the
signal distribution is determined by the firm’s information precision. Firms’ pricing strate-
gies are functions of their risk evaluations. In equilibrium, firms optimally choose pricing
coefficients to maximize their profits, taking into account their opponents’ strategies and
demand-side responses. Our model allows for rich and flexible supply-side heterogeneity:
insurers can differ in their information precision, benefits of contracting with a customer,
efficiency at processing claims, and unobserved product attributes (e.g., quality and brand
loyalty). The demand side of our model follows the standard differentiated product frame-
work as in Berry| (1994)) and Berry et al.|(1995)).

Our paper introduces novel econometric techniques to identify and estimate demand
parameters when only transaction prices are available. We leverage the relationship be-
tween observed transaction prices and the likelihood of consumers selecting those prices,
as governed by the demand model, to infer the underlying distribution of offered prices.
Importantly, we impose no parametric restrictions on the offered price distributions and
allow them to vary fully across firms, which are essential for analyzing supply-side hetero-
geneity. Our estimation strategy also allows consumer preference parameters to vary with
observable characteristics and risk type, making it applicable to a broad range of empirical
settings.

The firm-specific distribution of offered prices, recovered from the demand side, plays
an important role in identifying the signal distribution. The key insight is that the offered
price monotonically increases with the firm’s signal, similar to auction models in which
bids monotonically increase in bidders’ valuations. As a result, the dispersion in price
distributions within firms helps identify signal variance. Finally, we estimate firms’ cost
parameters using the first-order conditions derived from their profit maximization problem.

We apply the model and the estimation strategy to the Italian auto insurance industry,
focusing on a sample of new customers in RomeE] Our structural estimation suggests that
there is a significant amount of firm heterogeneity along al/l dimensions. In particular, we
find substantial differences in the precision of risk rating across insurers, and the ones

with lower information precision tend to attract more high-risk customersﬂ We also find

A similar intuition appeared in Panetta et al.[(2009), who argue that banks with superior screening abili-
ties should charge an interest rate that is more “sensitive” to the firm’s default risk.

>Focusing on new customers is common in empirical analysis of asymmetric information to avoid com-
plicated issues of dynamic pricing, and consumer/firm learning. See the discussions in/Chiappori and Salanie
(2000) and |Crawford et al. (2018)).

®Relatedly, Einav et al. (2013) document that high-performing dealers are better at assessing borrowers’
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that insurers enjoy large and different net benefits from contracting with new customers
(potentially due to inertia and dynamic pricing strategies) ranging from 355 to 1052 euros
per contract, and their efficiency at processing claims also differs significantly. Another
interesting finding to highlight is that insurers with less accurate risk-rating algorithms tend
to have more efficient cost structures, leading to distinct types of comparative advantages.

Using our estimates, we simulate a counterfactual scenario where all firms have equal
access to consumer information through a centralized risk bureau. This bureau collects
signals from all firms (i.e., their analyzed data), aggregates them based on each firm’s in-
formation precision, and then makes the combined information equally accessible to all.
As an efficiency benchmark, we also consider a hypothetical scenario where all firms fully
observe each consumer’s true risk type, thereby eliminating information asymmetry com-
pletely.

We observe a substantial reduction in average premiums, ranging from 16.73% when
a centralized risk bureau is introduced to 19.20% when firms can observe consumers’ true
risk levels. This reduction in premiums is driven by two key factors. First, eliminating
heterogeneity in information precision weakens the market power of firms with superior
information, forcing them to compete more aggressively on price. The second, and more
intriguing, factor is the elimination of the winner’s curse. When firms share the same
evaluation of consumer risk, they can undercut each other’s prices more effectively, further
intensifying competition. Unsurprisingly, the reduction in premiums leads to an overall
decline in average profits for firms, though the impact varies across firms. Those utilizing
more advanced risk-rating technologies experience greater losses, which, in our case, may
include smaller and more specialized firms.

Due to the reduction in prices, we find that establishing a centralized risk bureau boosts
consumer surplus by 13.15%, nearly matching the 14.62% increase observed in the ef-
ficiency benchmark, where firms observe consumers’ true risk. With better information
provided by the bureau, firms can more accurately price discriminate based on risk type.
As a result, this policy primarily benefits low-risk consumers, whose surplus increases by
63.27%, while high-risk consumers experience a 27.52% reduction in their surplus[]

Eliminating information heterogeneity also significantly impacts consumer sorting pat-
terns, which critically affects market efficiency. We find that when insurers have equal

access to more accurate information about consumers’ risk distributed by the centralized

risks in auto loans.

"In an alternative counterfactual motivated by privacy regulations, we assume that firms are restricted to
basic consumer information and set their signal variances to the highest level in the market. This results in
opposite distributional effects, where high-risk consumers see a 7.76% increase in surplus as they become
harder to distinguish from low-risk consumers.



bureau, those that are more efficient at processing claims adjust their pricing strategies to
target high-risk consumers. As a result, consumers’ risk sorting patterns shift significantly
from the baseline, now driven by specialization based on cost advantages rather than in-
formation asymmetries. The new sorting pattern leads to a more efficient match between
insurers and insurees, reducing the average cost by 2.56% (approximately 18 euros per con-
tract). The efficiency gains under the centralized risk bureau scenario closely approach the
infeasible efficiency benchmark, highlighting the effectiveness of this information policy.
This also suggests that better utilization and more efficient aggregation of existing market

information could significantly improve market outcomes.

Related Literature Our paper contributes to the large empirical literature on selection
markets (for an excellent review, see Einav et al. (2021)). In particular, our paper devel-
ops the first tractable empirical framework for analyzing imperfect competition when firms
have heterogeneous information about consumers. The seminal works of Eiav et al. (2010)
and Einav and Finkelstein| (2011) laid the foundation for analyzing perfectly competitive
selection markets. Mahoney and Weyl (2017) present a theoretical model of symmetric
oligopoly competition. |Azevedo and Gottlieb| (2017) develop a competitive model of ad-
verse selection that allows for endogenously determined contract characteristics and multi-
dimensional private information. Recent empirical studies focus on the interaction between
asymmetric information and market power using data from credit and health insurance mar-
kets (e.g.,|Cabral et al., 2018; Crawford et al., 2018; Nelson, |2018; |Decarolis et al., 2020;
Jaffe and Shepard, 2020; |Curto et al., 2021}, Cuesta and Sepulveda, 2021} Tebaldi, 2024),
all under the assumption that information is symmetrically distributed among competing
ﬁrmsﬂ Importantly, our paper also incorporates multidimensional cost heterogeneity on
the supply side (Salani€, 2017; Serna, [2023; Nelson, [2018)) and studies how it interacts
with heterogeneous information.

From a methodological point of view, our paper extends the classic demand estimation
techniques by introducing a “selection loop” on top of the contraction mapping for mean
utilities pioneered by Berry (1994) and Berry et al.|(1995). We address the common issue of
missing full price menus and impose no parametric restrictions or symmetry assumptions
on price distributions across firms. More theoretical results and technical details of our

approach can be found in|Wu and Xin|(2024)). On the supply side, we identify and estimate

8The health insurance context differs significantly from the auto insurance industry we study, particularly
in terms of regulatory frameworks. For example, in the US the Affordable Care Act prevents insurers from
denying coverage or charging higher premiums based on preexisting conditions. It also establishes risk
adjustment, reinsurance, and risk corridor programs to encourage competition among insurers to provide
high-quality services at low cost and to mitigate risk selection. For further details and other related work, see
the recent review of health insurance markets by Handel and Ho|(2021).
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information precision for competing firms leveraging the one-to-one mapping between the
offered price and the signal, which borrows ideas from the empirical nonparametric auction
literature (Guerre et al., 2000)).

Lastly, our paper also contributes to the recent discussions on antitrust policies and
consumer protection with the rise of big data (Lam and Liu, 2020; Jin and Wagman, [2021;
Kriamer, 2021}; /Alcobendas et al., 2023]; Jeon et al., 2023). We provide empirical evidence
showing that public policies that equalize information access can enhance competition and
improve overall consumer welfare, though with complex distributional effects.

The rest of the paper is organized as follows. In Section 2] we introduce the institutional
background of the Italian auto insurance market and provide empirical evidence on the
heterogeneity in insurers’ pricing strategies and risk-rating precision. We then present the
model and estimation strategies in Sections [3] and [ respectively. Section [5 reports the
empirical estimation results and model fit. The details of our counterfactual experiments

are provided in Section[6] Section[7 concludes.

2 Institutional Background

2.1 Italian Auto Insurance Market

Our paper focuses on the market for mandatory third-party liability insurance for motor
vehicles (i.e., Responsabilita Civile Auto) in Italy. This insurance covers damage to third
parties’ health and property in accidents where one is “not at fault.’ﬂ The policies last for
one year and are exclusive. Consumers decide whether to renew the contract or change
insurers at the end of the year. Insurance companies are legally prohibited from rejecting
consumers. The Italian mandatory liability insurance market is large; for example, in 2018,
about 31 million contracts were underwritten, and over 4 million claims were filed. There
are more than 50 competing firms nationwide.

The data we use for this research come from a micro dataset, IPER (Indagine sui
Prezzi Effettivi RC Auto), collected by IVASS, the Italian insurance supervising author-
ity. The IPER dataset covers a nationally representative sample of matched insurer—insuree
panel with rich information on observable risk factors, premiums, coverage, and contrac-
tual clauses. The data also include information on the frequency and severity of claims
for each sampled consumer in each contract year. Importantly, policyholders are tracked

through changes of insurers.

The Italian system follows the common fault-based system. In the event of an accident, all individuals
who experience physical damages, except for the liable driver, are compensated by the company covering the
liable vehicle.



Contract Design Two important features of the contract design stand out in the Italian
auto insurance market. First, only a negligible fraction of contracts feature a deductible, and
therefore consumers do not face complex deductible choices. Second, the law establishes a
mandatory minimum of liability coverage@] The liability limits are 1 million and 6 million
euros for property and health damage, respectively. In practice, claim payouts almost never
exceed the mandatory minimum liability limits, and therefore consumers essentially enjoy

full coverage.

Premium The premiums of the contracts are determined by insurers’ actuarial algorithms
based on various risk customization factors such as age, residence, and driving record. In
Italy (as in many other countries), a uniform experience rating system relates the history of
accidents to a class of risk, known as bonus-malus (BM) class. There are 18 BM classes
with class 1 being the best. Young drivers with no driving history are assigned to BM
class 14; if no accident occurs, the BM class decreases by one each year. The experience
rating system suffers from the well-known saturation problem. The BM class, although
publicly available, is not very informative for purposes of risk evaluations: about 80% of
policyholders are in class 1. This provides strong incentives for firms to collect additional
information and develop pricing algorithms to more accurately price consumers’ risks.

Premiums can also vary due to optional contractual clauses and the number of install-
ments chosen by consumers. For example, the “Exclusive Driving” clause lowers the pre-
mium, but the vehicle can be used only by the driver indicated in the contract. The “Pro-
tected Bonus” clause, which increases the premium, prevents the future premium from
going up as much if an at-fault accident occurs. Not paying the entire amount upfront (i.e.,
in one installment) also implies a surcharge.

In this paper, we abstract away from consumers’ choices of additional contract features
and payment method; instead, we treat them as consumer characteristics that can directly af-
fect premiums and risks. We include these variables as controls when we predict consumer
expected claim payouts (i.e., risk types), as detailed in the next section. We model addi-
tional contractual clauses in a reduced-form manner rather than through a comprehensive
structural analysis, mainly because our paper focuses on price competition among insur-
ers with heterogeneous risk-rating technologies and cost structures. Incorporating an extra
layer of endogenous contract design and consumer sorting across contract types would be

even more challenging, but it is an interesting avenue for future research]]

10That is, if the damage to third parties exceeds this limit, the policyholder is responsible for any amount
exceeding the limit.

"Empirical work endogenizing contract designs in selection markets is scarce. [Einav et al.[(2012) analyze
the optimal design of minimum down payment and interest rate in auto loans. |Decarolis and Guglielmo



2.2 Descriptive Analysis

In our empirical analysis, we focus on a sample of new customers in Rome’s metropolitan
area Our sample includes 124,592 liability insurance contracts sold between 2013-2021.
This market has around 50 insurance companies. To reduce computational burden, we
focus on the top 10 largest firms at the national level and the group of remaining fringe
firms (which we denote as Firm 11).

Table[I|reports the summary statistics for contract premiums, claim frequency and sever-
ity, and consumer and vehicle characteristics. In our sample, the average annual premium
paid by consumers is 478 euros. Accidents are rare events: on average, the number of
claims filed in each contract year is around 0.08. The average number of accidents over the
previous five years is 0.81. Approximately 56% of the sampled consumers are male. The

average driver age and BM class are 48 and 2, respectively.

Table 1: Summary statistics

Variables Mean Std. Dev. Min Max N

Premium (€) 478.06  209.03 134.26 1,334.70 124,592
Claim size (€) 264.90 10,213.62 0 2,521,014 124,592
No. of claims (within contract year)  0.08 0.30 0 6 124,592
No. of accidents in last 5 years 0.81 1.22 0 3 124,592
BM class 2.06 2.51 1 15 124,592
Age 48.24 14.11 18 99 124,592
Man 0.56 0.50 0 1 124,592
Median city 0.10 0.30 0 1 124,592
Big city 0.62 0.49 0 1 124,592
Car age 8.30 5.27 0 19 124,592
Horsepower 66.88 26.84 0 493 124,592
Petrol vehicle 0.52 0.50 0 1 124,592
One installment 0.67 0.47 0 1 124,592

Price Variations and Consumer Sorting We plot the average premium and claim pay-
outs for 11 firms separately in Figure |1} where the size of the circle represents the market

share of each firm. We observe a substantial cross-firm price dispersion in this market, even

(2017) document that insurers adjust plan generosity in response to potential changes in selection. In our
context, there are more than 10 optional contractual clauses offered by the insurers. Allowing endogenous
choices in this extremely large space of contract features is exceptionally challenging. Several recent papers
incorporating endogenous product attributes in conventional markets include Sweeting|(2013),|Crawford et al.
(2019), Fan and Yang|(2020), and |Barwick et al.|(2023)).

?\We define customer tenure as the number of years since the customer initiated her contract with the
insurer. Our sample includes all customers with tenure equal to O in a given contract year for a given insurer
(i.e., the customers are new to the insurer).



600

580 | Os
560 Q2 03

W

B

o
T

W
S [
(=] (=]

T
@

x
(=]
T
=
=
2

I N Y
NN
S S
T

=N

Average Premium (euros)

~
o
(==
T
~

400 -

380 1 1 1 1 1 1 1 1 1 1 1
100 150 200 250 300 350 400 450 500 550 600 650

Average Claim Payouts (euros)

Figure 1: Heterogeneity across firms: Average premium and claim payouts (in euros). The
size of each circle represents the market share of the firm, with firm IDs displayed next to
each circle.

if we take into account price adjustments based on consumer risk profiles. For two insurers
with similar market sizes and average claim payouts, such as firms 4 and 5, the difference
in their average premiums can be as much as 80 euros. Moreover, firms differ significantly
in their average claim payouts. For example, Firm 8’s average claim payout is more than
double the market average. Compared horizontally to other firms with similar market sizes,
such as firms 7 and 10, Firm 8 attracts consumers with significantly higher average risk.
These patterns suggest that consumers of different risk types are being sorted into different
insurers. What drives the price variation and risk sorting observed in this market? Next,
we provide empirical evidence suggesting that firms adopt significantly different pricing

strategies and display considerable heterogeneity in the precision of their risk assessments.

Heterogeneity in Pricing Strategies In the data, we observe a set of commonly used
factors for motor insurance pricing, including consumer characteristics (e.g., age, BM class,
number of accidents over the previous five years), vehicle features (e.g., power, years since
registry), province of residence, and city-level geographic characteristics. To assess how
well these observable factors explain the price variation in the data, we run a series of firm-
specific regressions of premiums on these variables. The estimated coefficients for a subset
of covariates, along with the R? values of the regressions, are reported in Table

We highlight several important observations from Table [2| First, the observed risk fac-

tors account for approximately 50% of the price variations in the data, suggesting that
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Table 2: Regressing premiums on observable characteristics: Estimated coefficients and R?

FirmID Age BM 1 Acc.  Vehicle Power  BigCity R?
Age

1 -1.04 19.94 124.33 -1.44 1.34 34.23 0.39
2 -0.72 24.95 148.86 -0.49 1.09 45.30 0.39
3 -1.48 26.53 105.82 2.14 1.57 57.00 0.47
4 -0.25 21.75 76.67 2.23 1.00 54.96 0.44
5 -0.40 31.11 112.47 2.61 1.23 39.44 0.48
6 -0.79 21.87 112.03 5.31 1.04 17.01 0.59
7 -1.40 23.58 125.34 2.47 1.06 49.51 0.45
8 -1.67 13.64 119.67 -2.61 1.32 54.89 0.39
9 -0.93 31.52 145.87 7.50 1.85 83.89 0.51
10 -1.02 11.91 182.24 -0.63 1.22 52.42 0.44
11 -0.52 23.10 120.83 0.93 1.07 11.66 0.52
All -0.76 22.02 121.77 0.78 1.20 28.69 0.48

Note: full estimation results with standard errors are reported in Table [§| in Appendix
In all regressions, we control for time dummies, optional contract clauses, and a rich set
of consumer and vehicle characteristics we have access to.

premiums also depend on other information not observable to researchers. These unobserv-
able pricing variables may include consumer or vehicle characteristics that are directly used
in firms’ actuarial algorithms but not available in the dataset, as well as “soft information”
(e.g., a sales agent’s perception of a consumer’s risk type).

Second, the extent to which these commonly observed factors explain price variation
differs significantly across firms, with R? values ranging from 0.39 to 0.59. This indicates
that firms vary in how much they rely on these observable factors when setting premiums.
Additionally, the estimated coefficients for key risk factors, such as age, BM class, and driv-
ing record, vary notably across firms. For instance, being one year older reduces premiums
by 0.25 to 1.48 euros, a higher BM class increases premiums by 12 to 32 euros, and having
one accident in the previous five years raises premiums by 77 to 182 euros across firms.

To further confirm that firms use additional and heterogeneous information for pricing,
we conducted a survey of five major insurance companies in Italy and list a subset of pric-
ing variables they use in Table (7| of the appendix Importantly, Table [7| shows that the
set of variables used for pricing varies significantly across firms. For instance, some firms
consider the presence of safety devices, finer-level zip codes, occupation, and socioeco-
nomic factors, while others do not. Together, these findings provide concrete evidence of

significant heterogeneity in the variables and algorithms used for pricing across firms.

13The variables in Table [7| are not included in our data. We report a subset of pricing variables to protect
the confidentiality of the company and to ensure anonymity.
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Heterogeneity in Information Precision While the pricing strategies vary across firms,
do insurers also differ in the precision of their risk assessments? To explore this question,
we examine the extent to which each firm’s premium is correlated with consumer risk. Al-
though a consumer’s true risk type is ex-ante unknown to insurers, it is eventually revealed
after observing the consumer over multiple periods. In other words, the consumer’s risk
type becomes ex-post estimable based on realized claim data. Intuitively, if a firm’s premi-
ums are more responsive to (or more accurately reflect) the true risk, this suggests that the
firm is better at evaluating consumer risk, and vice versa.

We estimate an individual-specific riskiness measure using a panel dataset of claim
records, which includes the number of accidents and the amount paid to the consumers
following an accident in each contract year. The important advantage of our dataset is
that we are able to track individuals across different firms over a long period of time
Specifically, we estimate claim frequency and severity separately and multiply the two
to represent consumers’ risk level. This two-part approach is widely adopted in the auto
insurance industry. Actuaries rely heavily on the generalized linear models (GLM) and they
typically model claim frequency and severity separately (see more details and discussions
in|Goldburd et al., [2016).

Let ¢ be the index of each customer and ¢ be the index of a contract year. For each con-
sumer in the dataset, we observe a vector of characteristics (such as age, vehicle features,
geographic locations, and contractual clauses), which we denote by X ;;. We first estimate
a Poisson regression of claim counts on observables with an individual fixed effect. Specif-
ically,

E[ClaimCount;| X i1, Ni| = exp(X e + w;). 2.1

We then estimate a log-normal regression of claim size conditional on the consumer being

involved in an accident{"]
log(ClaimSize;) = do + X ids + 1t 2.2)

With the estimated regression coefficients ¢ and the individual fixed effects w from Equa-
tions (2.1)) and (2.2)), we predict the expected number of accidents and the expected indem-

4Existing literature on auto insurance markets often has access to contract and claim data from a single
insurer (e.g., |(Cohen, 2005 |Cohen and Einav, 2007} Jeziorski et al.l [2017). Estimating consumers’ risks
using data from one firm is susceptible to selective censoring issues. This is because in the auto insurance
markets, high-risk drivers are more likely to switch, especially after being involved in an accident (Cohenl
2005} |Cosconatil, [2023).

>We assume that claim size is independent of the individual fixed effect following Jeziorski et al.| (2017).
This assumption is motivated by the arguments in the actuarial literature that accident severity is more random
and less related to the individual’s driving ability.
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Figure 2: Regressing premiums on consumer risks: Estimated coefficients on risk measure
for each firm, with error bars representing the 95% confidence intervals.

nity conditional on involvement in an accident for each consumer. Multiplying the two
yields an estimate for the expected cost of insuring consumer ¢ in a year, which we inter-
pret as consumer’s true risk type. Since we control for contract features in these regressions,
the impact of consumers self-selecting into different clauses has been factored into our risk
estimates [

Using the individual-specific risk measure, we run separate linear regressions of premi-
ums paid by consumers on their risk for each firm. Figure [2[shows the coefficients on the
risk measure for each firm, with error bars representing the 95% confidence intervals. This
figure shows that the extent to which firms adjust their premiums in response to increased
true risk varies significantly across firms. For example, Firm 7 charges a premium that is
much more sensitive to risk compared to Firm 8, suggesting that Firm 7 potentially has
higher precision in evaluating risk.

However, the patterns shown in Figure [2] are complex equilibrium outcomes and the
differences in the correlation between premium and risk could be due to other factors. For
example, if Firm 8 is more efficient at processing claims, it may design a pricing algorithm
to target high-risk consumers. We therefore need a tractable empirical framework that
incorporates rich heterogeneity in firms’ risk-rating precision, cost structures, and product
differentiation to better understand the main drivers of price variation and risk sorting in

this market.

160ur estimates of risk also take into account the moral hazard effect in a reduced-form way. That is,
consumers may change their risky behavior after choosing different contracts.
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3 Model

Since all of our analysis can be derived conditional on observable consumer characteristics,
such as age, BM class, and vehicle features, we omit these variables from the notation for
simplicity when describing the model and estimation strategies in Sections [3|and

We take as given that there are .J insurers in the market, indexed by j = 1,2,--- , J.
Each of them offers a standardized insurance product that shares the same contract fea-
tures. The insurance contract is exclusive and mandatory for all drivers. In other words,
consumers have to purchase the product from one of the companies and there is no outside
option. Let 6 denote a consumer’s true risk type, which can be measured by the expected
cost of insuring a consumer within a contract year. The risk type 6 is not observed by insur-
ers ex ante. The population density of 6 is denoted by fy(#), which is common knowledge

among all firms.

Signal Structure When a consumer of type 6 arrives, firm j draws a signal éj from a
cumulative distribution function F}(6,|6), with its density denoted by f;(6;]6). Intuitively,
the signal éj can be viewed as a risk score assigned to the consumer by firm j based on
information it has access to. We assume that the signals are private and independent across
firms conditional on #. This setting is similar to that of common value auctions, where
firms’ signals can be interpreted as their noisy estimates of the true but unknown common
value, i.e., the expected claim payouts to the consumer.

The signal distribution F}(-|¢) captures firm j’s information technology for risk evalua-
tion. For example, the signal can admit a normal distribution N (6, 0]2), where 0; measures
the dispersion of the signal distribution around the true risk type, and therefore 1/0; cap-
tures firm j’s information precision. When o; = 0, firm j perfectly observes ¢; as o; in-
creases, the signal becomes less precise. In reality, the set of variables and algorithms used
in the risk-rating process may differ across firms (as documented in Section [2.2)); more-
over, sales agents in some firms may have more experience and better knowledge about
consumers’ driving habits. These factors jointly contribute to the heterogeneity of firms’
signal distribution F7(-|6).

Risk Rating Firm j infers the risk type of the consumer upon observing the signal éj. Let

f (H\éj, ) denote the posterior density of # conditional on the firm receiving a signal 6, and

the consumer being selected into firm j. The posterior mean £ (0|éj, Jj) represents firm j’s
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risk rating for a consumer conditional on signal éj and her choosing j. Specifically,

o 9Pr(j]i§j,G)fj(?j|6)f0(6)d9
Jo Pr(410;,0)1;(0;10) fo(0)d6

E(010;,7) = /9 0£(010;,5)d0 = 3.1)

where Pr(j |éj, 0) is the probability that a consumer of type 6 chooses firm j given the sig-
nal §;. Note that Pr(5|6;, #) is an equilibrium object because it depends on all firms signal
precision and pricing strategies, as well as consumers’ demand responses. Consequently,

E(6]6;, 7) is an equilibrium object.

Pricing Strategy Firm j sets the price for a consumer based on their risk evaluation. We

assume that the firm’s pricing strategy takes the following form:

pi(0;) = a; + B, E(0];, ), (3.2)
—_——’

risk rating

where o and (3; are pricing coefficients optimally chosen by the firm. Specifically, «;
reflects the firm’s baseline markup and 3; relates to the elasticity of price with respect to
risk rating.

The price in our model is a function of the signal that the firm receives. Prices may vary
with the signals in a complicated nonlinear way, even if we assume that price is a linear
function of risk rating. This is because E(9|éj, j) itself is a complex function of the signal
due to self-selection into insurers, as shown in Equation . The linear structure im-
posed in Equation (3.2) is not essential for our model. More generally, we can assume that
prices are monotonically increasing functions of risk rating, i.e., pj(éj) = Tj(E(9|éj, 7))
Imposing a linear pricing strategy makes our identification argument more transparent and

significantly reduces the computational burden, as we will show in Section 4]

Demand We now describe the consumer’s choice problem. We follow the standard dif-
ferentiated product framework and assume that the level of utility that a consumer derives
from a product is a function of the price and product characteristics. The insurance plans of-
fered in this market are homogeneous in terms of observable characteristics, but may have
unobserved (by the econometrician) product attributes such as service quality or brand loy-
alty. We assume that the utility derived by consumer ¢ from a product of firm j is given by

the scalar value
Uij = —pi(0;) + & + €ij, (3.3)
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where v represents the price sensitivity parameter and §; represents the unobserved het-
erogeneity for product j. It is straightforward to extend our demand model to allow for
observable product attributes. Alternatively, we can interpret §; as firm-specific mean utili-
ties, which depend on both observed and unobserved product attributes.

We assume that ;; follows a type I extreme value distribution and is independent across
all firms and individuals. The probability that a consumer chooses firm j given a vector of

signals 0 = (él, Oy, - - - ,éJ) drawn by all firms is

exp(—yp;(0;) + &)

_ : . (3.4)
> =1 exp(—ypy (05) + &ir)

Pr(j|6) =

In Equation (3.4), a consumer’s risk type 6 does not directly influence their utilities, but
instead affects their choice probabilities by shifting the signal distributions, and ultimately,
the price distributions they face. This specification highlights how heterogeneity in firms’
pricing strategies impacts consumer sorting patterns, which is a key mechanism empha-
sized in this paper.

In our empirical estimation, we adopt a more flexible specification by allowing the
consumer’s preference parameters, such as price sensitivity and unobserved product hetero-
geneity, to vary with their risk type. This captures the idea that higher-risk consumers may
be more price sensitive and have a stronger preference for higher-quality services. The iden-
tification and estimation details of the demand model when preference parameters depend

on # are discussed in Section

Profit Maximization Each firm is assumed to choose its pricing coefficients («;, 3;) to
maximize its profit given the pricing strategies of competing firms. We assume that this is a
static, complete information game, and therefore the primitives of each firm (e.g., their sig-
nal distributions, cost parameters, and unobserved product attributes) are common knowl-
edge.

We use o = (o, 9, ,ay) and B = (5, s, -+, 3) to denote the pricing coeffi-

cients of all firms. The profits of firm j are

(e, B) = //<pj +c]—k0)Pr]|0 <Hf] (6, |9) fo(0) dBds.  (3.5)

net profit choice prob. type dlst
_,_/

signal dist.

The first term in Equation (3.5) represents firm j’s net profit from servicing a consumer

with type 6 given the price p; (9 ). We use ¢; to denote the “net benefit” from contracting
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with a customer irrespective of their risk type. Insurers need to pay administrative costs
(e.g., setting up the profile) when managing contracts, but may also receive future benefits
from contracting with new customers due to inertia and dynamic pricing strategies Our
paper focuses on a static price competition for new customers and does not provide a full-
fledged dynamic analysis of firms’ pricing strategies and consumers’ switching behavior.
We treat ¢; as a primitive of our model. In the estimation section, we calibrate the expected
future benefits from contracting with a new customer using the data and then isolate the
marginal cost for managing contracts from c;.

Another cost component in our model is k;6, which represents the cost related to claim
payouts. In addition to the indemnity paid to the consumers following an accident, which
is measured by 6 directly, insurers may incur extra costs of processing the claims. For
instance, the insurer may need to hire adjusters to inspect the vehicle damage. The scalar
k; essentially measures the efficiency of the firm in processing claims.

The term Pr(j|6) in Equation (3.5) is the probability that a consumer is selected into
firm j given the prices and product attributes across all firms. The third term in Equation
(3.5) represents the joint distribution of signals from all firms, which, under our conditional
independence assumption, can be written as the product of conditional densities. The last
term fo(6) denotes the population distribution of consumers’ risk type. Each firm integrates
over the joint distribution of types and signals (0, é) to compute its expected profits.

To summarize, our model allows for rich supply-side heterogeneity. Insurers are dif-
ferentiated by their cost structures (c;, k;), information technology (F}), and unobserved
product attributes (§;). All of these are primitives of the firms and are allowed to be arbi-
trarily correlated. Throughout the paper, we maintain the assumption that firms’ primitives
cannot be adjusted within a relatively short period of time. Insurers optimally choose their
pricing coefficients («;, 3;) to maximize profits, taking into account their opponents’ strate-

gies and demand-side responses|™

TEor example, Handel| (2013)) identifies substantial inertia in health insurance markets. [Honkal (2014)
documents that in the US auto insurance industry, about 70% of consumers stay with their insurance provider
after the first year, and this percentage increases with tenure. High switching costs provide incentives for
firms to use a “bargain-then-ripoff” pricing strategy (Farrell and Klemperer, [2007; Ericson, 2014). |Cosconati
(2023)) documents that in Italian auto insurance markets, new customers on average receive a discount of
91 euros relative to old customers; premiums increase rapidly in the first five years and gradually become
inelastic to tenure.

!8The payoff functions ; in Equation are continuous in (o, 3). We verify numerically that 7; are
concave in (o, ;). Since the strategy spaces are nonempty compact convex subsets of a Euclidean space, a
pure-strategy Nash equilibrium of our pricing game exists following |Fudenberg and Tirole| (1991, Theorem
1.2).
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4 Estimation

A consumer’s true risk type 6 is ex-ante unknown to the insurer but can be estimated ex-post
using realized claim data over multiple years. We obtain # as an individual-specific estimate
of the expected cost to insure a consumer over a contract year, as detailed in Section
For the remainder of the analysis, we take # as given and known by the econometricians.
On the demand side, we estimate consumers’ price sensitivity and the unobserved prod-
uct attributes for each firm using a novel fixed-point algorithm. The supply-side parameters
include the firms’ pricing coefficients, signal distributions, and cost parameters. We exploit
(1) the joint distribution of premiums and risk types for each firm and (2) the first-order
conditions derived from each firm’s profit maximization problem to identify and estimate

the supply-side parameters. The details of each step are provided in this section.

4.1 Demand

In classic demand models, the price of a product is often assumed to be the same for all
consumers. The premiums for insurance contracts, however, depend on various consumer
characteristics and discounts are highly likely to vary across individuals. The key challenge
in estimating the demand model is that our data do not include the full price menu faced
by consumers. Our data include only contracts sold in the market, and therefore we do not
have access to the premiums of the unchosen products. This is a common issue in many
empirical studies (e.g., |(Goldberg, [1996; Cicalal 2015; Crawford et al., 2018; Allen et al.,
2019; Salz, 2022; Sagl, 2023) and the standard approach is predicting the alternative prices
using regressions.

Unfortunately, this standard approach does not apply to our setting. We do not have
access to all pricing variables insurers may use, and more importantly, different firms may
use different sets of pricing variables and algorithms, as evidenced by Table [/} |Crawford
et al.|(2018]) face a similar problem and they estimate the following linear regression model

to predict prices of non-chosen products:
pij =0 + Xym + Aj + wi + &4,

where )\, is the firm fixed effect and w; is the individual fixed effect. The term w; includes
factors that are observed by all firms in the market, but are unobserved by econometricians
(i.e., “soft information” that firms may have about consumers). This regression approach
assumes that all firms observe the same set of soft information about consumers (w;). This

assumption is restrictive particularly in our setting because it essentially erases any infor-
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mational asymmetry among competing firms.

Our paper instead adopts a novel fixed-point approach that jointly estimates consumers’
sorting probabilities, price distributions, and demand parameters when only transaction
prices are available. This approach extends the classic demand estimation techniques de-
veloped in the seminal paper of Berry et al.| (1995). In addition to matching observed
aggregate market share of each firm, our method introduces an outer loop that iterates over

consumers’ sorting propensities.

Offered vs. Accepted Prices We first highlight that there are two kinds of price distri-
butions in our setting. The price distribution we observe in the data for each firm is the
accepted price distribution after selection. It is different from the offered price distribution
that consumers face when making their enrollment decisions. To draw an analogy, the of-
fered prices correspond to submitted bids in auctions and potential wages in Roy models
(Roy, 1951), while the accepted prices correspond to winning bids and observed wages.
The key observation is that the offered and accepted price distributions are linked through
the demand system (or, more generally, the selection rules). Figure [3| provides a graphical
illustration of the relationship between offered and accepted price distributions from a simu-
lation exercise. Figure|3ajshows that with a lower price, the consumer is more likely to stay.
Normalizing the histograms in Figure [3ato plot the density of offered and accepted prices,
Figure [3b|reveals that after selection, the density of the price distribution shifts to the left.
Consequently, lower prices are over-represented, while higher prices are under-represented
in the accepted price distribution observed by econometricians.

We derive firms’ offered price distributions from their accepted price distributions and
the choice probabilities using the demand model. Let g;(p|#) and g;(p|¢) denote the density
of the offered and accepted price in firm j conditional on the true risk type 6. Note that
Gj(p|0) is the posterior distribution of price conditional on j being selected and it can be
directly and nonparametrically estimated from the data. By applying Bayes’ rule, we can

easily observe that:

9;i(pl0) o< g;(pl0)Pr(jlp; = p,0),

where Pr(j|p; = p, 0) represents the likelihood that consumers with type 6 choose firm j
given a particular price p. To derive the density of the offered price, we divide both sides

by the likelihood:
g;(pl0)/Pr(jlp; = p,0)
g9;(pl0) = 7— : : 4.1)
5 1) 1, 3,010)/Pr(jlp; = p', 0)dp/

where the denominator is for normalization.
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Figure 3: Comparing offered and accepted price distributions for a firm using simulated
data. We draw offered prices from N (13, 3), and the probability that the consumer given
price p stays with the firm is given by exp(10 — p)/(0.1 4 exp(10 — p)). Panels (a) and
(b) plot the histograms of the offered and accepted prices, normalized by count and density,
respectively.

In Equation (4.1)), the likelihood Pr(j|p; = p,#) is not directly observable from the
data, but it can be derived using the demand model and the distributions of offered prices of
other firms. Let p_; = (p1,- -+ ,pj—1,Pj+1, - - , ) denote the vector of prices excluding

firm j’s price.

. exp(—p + &) < >
Pr(jlp; = p,0) = [T 95 (ps16) )dp_;.
riles = p.6) /,,_]. oxXp(=p + &) + 2oy exp(=ypy + &) \ 52 9 #y1%) ) dp-;

4.2)

Combining Equations (@.1]) and for all firms yields a system that characterizes
the offered price distributions as its fixed point for any given value of demand parameters
(v, &), where € = (&,&, -+ ,&7). [Wu and Xin| (2024) construct an operator whose fixed

point is the offered price distributions and show that it is a functional contraction under

mild conditions, which guarantees the existence and uniqueness of the fixed pointm
Given the fixed point problem defined in Equations (.1)) and (4.2)), we use an iterative
procedure to solve for the offered price distributions for all firms as functions of demand

parameters. We nest the contraction mapping for mean utilities in Berry et al. (1995) in

our algorithm to obtain £ that matches aggregate market shares. At convergence, for a

YWu and Xin|(2024) propose a multi-step semiparametric maximum likelihood estimator for the demand
parameters and the offered price distributions. The consistency and asymptotic normality of the proposed
estimator are established. We refer the readers to[Wu and Xin| (2024)) for more theoretical results and technical
details.
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fixed price sensitivity parameter vy, we obtain (1) the offered price distribution faced by
consumers g;(p|6;y) for all firms, (2) the likelihood that consumers are selected into firm
J» Pr(jlp; = p,0;7), and (3) the vector of unobserved product attributes £(~y) that match
the market shares. The details of the iterative algorithm are provided in Appendix [B]

Price Sensitivity Finally, we estimate the price sensitivity parameter «y using the sorting
pattern observed in the data. To see which moments in the data identify ~y, consider the

likelihood that a consumer of type 6 chooses firm j:

Pr(j10;~ /ZeXp s £ &50) ( (ng pyr0; 7)>dp (4.3)

s exp(—ypy + &

In an extreme case where v is equal to O, the probability that a consumer chooses firm j
does not vary with their risk type anymore, so that the risk sorting pattern of consumers
would disappear. In other words, + is identified from variations in risk levels across firms.
For a sample of consumers indexed by i = 1,2,--- | N, let §; denote their risk types
and y; € {1,2,---,J} denote their choices. We propose a nested fixed point algorithm to
estimate . In the inner loop, we solve for £() and g;(p|f; ) using the iterative procedure
detailed in Appendix [B]for each  and construct the choice probabilities in Equation (4.3).

In the outer loop, we search for « to maximize the following log-likelihood function:

LL4(v) = zz:log (Pr(yz\@-;v))

Risk-Dependent Preference Parameters Up to this point, we have focused on the sim-
plified demand model in Equation (3.4), where the preference parameters do not vary with
risk type. However, there may be important correlations between a consumer’s risk type
and their price sensitivity or preference for unobserved product attributes.

Allowing vy and & to depend on 6 does not pose any issues for our fixed-point algorithm,
as Equations and are derived conditional on 6. In fact, our fixed-point algorithm
converges separately for each . However, from an identification perspective, it is not
possible to identify the demand model when « and £ fully nonparametrically depend on 6,
without imposing additional restrictions. To see why, note that the key moments used for
identification are the choice probabilities conditional on risk type, i.e., Pr(j|6). For each 6,
the number of available moments is ./ — 1. In contrast, the number of unknown parameters
for each 6 is J—including (), £2(0), ..., £,(0), with & (0) normalized to 0. This model

1s not identified without additional information or restrictions, as the number of unknowns
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exceeds the number of constraints.

One straightforward way to impose restrictions is to assume that the preference parame-
ters are the same for consumers within a specific risk group. Note that all of our arguments
for identifying and estimating demand parameters (-, £) remain exactly the same if we par-
tition the sample into multiple subsamples (e.g., high-risk versus low-risk consumers). In
other words, we can estimate the demand parameters separately for different risk groups of
consumers and allow their preferences to fully vary across these groups. Alternatively, we
can impose parametric restrictions on ~y(6) and &£(0), such as y(0) = 7o + v16. Imposing
such parametric restrictions significantly reduces the number of unknowns. For example,
the linear structure in vy introduces only two unknown parameters, which is far lower than
the cardinality of #. In summary, our approach allows the preference parameters to vary
with a consumer’s risk type in a flexible parametric way, making it applicable to a wide

range of empirical settings.

4.2 Pricing Coefficients

We now turn to the estimation of the supply-side parameters. We first focus on estimating
the pricing coefficients («;, 3;), which are equilibrium objects optimally chosen by the
firm. For each consumer in firm j, we observe their risk type 6 and the premium charged
by firm j. The difficulty in estimating the pricing coefficients is due to the fact that we do
not observe the equilibrium risk rating (E(66;, 7)) assigned to the consumer by the firm
given their private signal éj.

We show that under the linear structure imposed on the pricing strategy in Equation
(3.2), a; and 3; are identified from the first and second moments of the joint distribution of

premiums and risks. To see this, we derive the within-firm mean and covariance of p and 6:

E(p;(0;)) = a; + BE(E0)0;, 7)) = a; + Bin, (4.4)
cov(p(6).6) = Byoar(E (66, ) = w 45)

where 1; denotes the expectation of § among consumers who choose firm j. Equations
and uniquely determine («;, ;) as the solution to a system of two linear equations.
Note that all the first- and second-order moments of premiums and risks in firm j can be
directly estimated from the data. Plugging the moment estimates back into these equations,
we easily obtain the estimators for (¢, 5;). An important advantage of this approach is
that it relies only on data moments and imposes no parametric constraints on the type and

signal distributions.
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Given the linear structure imposed on firms’ pricing strategies, the equilibrium pricing
coefficients can be identified and estimated separately from other parts of the model. This
significantly reduces the computational burden. If we instead assume that the premium is
a nonlinear function of the risk rating, we then need to estimate the pricing coefficients
together with other supply-side primitives, such as firms’ signal distributions and cost pa-

rameters, which is feasible but computationally much more demanding.

4.3 Signal Distribution

Thus far, we have recovered the offered price distribution g;(p|f) faced by consumers and
the pricing coefficients (v, 3;) for all j. The next step is to pin down the firm-specific
signal distribution that generates the observed price dispersion.

The key insight to identify the signal distribution is that there is a one-to-one mapping
between the offered price and the signal. This concept is analogous to the auction models,
where bids are monotonically increasing in bidders’ valuations. The nonparametrically
identified bid distribution therefore identifies the underlying valuation distribution under
model restrictions (Guerre et al., [2000).

Following similar ideas in auction models, when price is a monotonically increasing

function of the signal, the change of variables formula yields
G;(pi(0;)10) = F;(6;10), (4.6)

where Gj(p|6) denotes the cumulative distribution function of the offered price distribution
of firm j for a given risk type 6. Note that G;(p|¢) has been recovered from previous steps
and can thus be treated as known. Equation implies that for a given 6, if we know the
signal distribution [, we can pin down the corresponding price for a signal éj using the

inverse of the observed offered price distribution GG;. Specifically,
p3(0;; Fy,0) = G;* (Fj(éjw)). (4.7)

Equation (4.7)) identifies the one-to-one mapping between the the price and the signal
for a given signal distribution F; and type 6. This relationship is extremely useful because
it allows us to evaluate the equilibrium risk rating given the signal éj as a function of the

signal distribution F:

J,0Pr(jp3(0;; ﬂﬁ)ﬁ)fj(éﬂ@)fo(@)dq
Jy Pr(jlps(0;; ;. 0),0) £;(0;10) fo(0)d6

E(016;,; F}) = (4.8)
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With the one-to-one mapping, we essentially replace the complicated equilibrium object
Pr(j \0}, 0) in Equation (3.1)) with the choice probabilities evaluated at the corresponding
price p}?(éj; F;,0), which we have recovered from previous demand estimation.

Once we have obtained E(0|0;, j; F;), we derive the model-generated price as a func-

tion of the signal, which we denote by gpj(éj; F;). Specifically,
ap;(05; Fy) = o + B, E(610;, j; F). (4.9)

Note that the pricing coefficients («;, 5;) have been recovered from the previous step. Equa-
tion implies that we can generate the firm’s price as a function of the signal éj for any
fixed signal distribution F. This is crucial for deriving the model-implied joint distribution
of premiums and risk types for any given F};. To see this, we first derive the posterior joint
distribution of signals and risk types for any given signal distribution F}; using the Bayes

rule:

A Pr(y ‘?QA';F]»,G,H jéjﬁ 0
F£(0,,01; Fy) = (4125 (0; S)- )£(0310)fo(8)

Let gp;1 denote the inverse function of gp, in Equation (4.9) to back out the signal corre-
sponding to an observed premium. Then using the change of variables formula, we con-
struct the posterior joint distribution of the premiums and risk types conditional on the

consumers being selected into firm j:

flgp; ' (p; Fy). 05; F)
gp'(gp; " (0 Fy); Fj)

h(p,0\j; F;) =

Matching h(p, 0|j; F;) with the data pattern provides the key identifying restrictions
for the signal distribution. Intuitively, when the signal distribution is very informative, con-
sumers’ risks are better reflected in their premiums, so the correlation between the premium
and risk type within a firm would be higher. We formalize this identification intuition for
a special case where the signals are drawn from a normal distribution in Appendix [C| This
is also the empirical specification we use for our application. We show that when the risk
rating E(G]éj, J; Fj) can be approximated by a linear function of the signal éj, the correla-
tion between the premium and risk type within a firm (which is directly estimable from the
data) decreases monotonically with the variance of the signal distribution.

Given the identification argument, we estimate the firm-specific signal distribution by
matching the model-implied posterior distribution of the premiums and risk types with the
data. Since the identification of the signal distribution relies on within-firm variations, we

can estimate it for each firm separately, which significantly reduces the computational bur-
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den. Again, we use 6;, p;, and y; to denote consumer ¢’s risk type, premium, and choice of

product. We estimate [} for each firm j by maximizing the following likelihood function:

LLy(F;) =) 1{y; = j}log (h(pi, 07 Fj))-

i=1

4.4 Cost

The final step of our estimation is to recover the cost parameters from the first-order con-
ditions of firms’ profit maximization problem. To simplify notation, we use f(6|0) to rep-
resent the joint density of signals conditional on the type 6, i.e., f(0]0) = H;.I,zl fi1(6;:10).
Taking the first-order derivatives of the profit function with respect to («;, 5;) yields

37@
8% //me F£(610) fo(6)dddo

// a; + Bif +c j—ke)apgg’e) (010) fo()d0do,  (4.10)
J

)
7”8—;5 //epmw £(010) fo(6)dbdo

// a;+ B0+ c; — )apggye) £(010)£,(0)d0d0.  (4.11)

In Equations (4.10) and (4.T1)), the first terms capture the direct effects of changing the

pricing coefficients on profit, while the second terms quantify the marginal changes to the

profit through indirect sorting effects. We approximate the derivatives of sorting probabili-

ties with respect to o; and 3; in the following equations:

8Pg(j|9) ~ —yPr(j|6)(1 — Pr(j|0)), (4.12)
Qj

dPr(j|0 5 5 5

_gg' )~ —yB(016;, j)Pr(j18)(1 — Pr(j16)) (4.13)

The approximations in Equations and (.13) ignore the impact of («;, 3;) on risk
rating E(0|9J, ). Given the equ1hbr1um concept we use (i.e., Nash equilibrium), changing
firm j’s pricing coefficients does not affect other firms’ (j # j) pricing strategy pj/(Gj/).
In other words, other firms will keep using the same pricing strategies they currently use.
Changing «; and j; will affect firm j’s own expected risk level (i.e., E(@]éj, 7)), but the
impact of this single term on the selection probability could be small.

With the approximations in Equations (4.12)) and (4.13), the first-order conditions in
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Equation (4.10) and (4.11)) are reduced to a system of two linear equations involving (¢;, k;).

These two equations uniquely pin down (c;, k;) as the solution to the system of linear
equations, where all other terms are either directly estimable from the data or have been

recovered in previous steps.

5 Results

We apply our model and estimation strategy to the Italian auto insurance industry, focusing
on the top 10 largest firms and Firm 11, which represents the group of remaining fringe
firms. In this section, we first present the estimation results, followed by a discussion of
the model’s fit to the data.

5.1 Demand-Side Estimation Results

Our demand estimation allows the consumer’s preference parameters to depend on their
risk type (¢) and observable characteristics (x) through parametric forms. Specifically, we
classify consumers with 6 above the median as high-risk (H R), and those below as low-risk
(LR). We estimate the consumer’s preference for unobserved product attributes for these
two groups separately, i.e., £(H R) and £(LR). For the price sensitivity parameter v, we

impose the following parametric assumption:
v(x,0) =y +nOLD + o HR,

where OLD = 1 if the consumer’s age is above the median, and 0 otherwise@

We report the estimates for price sensitivity parameters (7o, 71,72) and firm-specific
unobserved product heterogeneity in the left panel of Table[3] The standard errors reported
in parentheses are computed using bootstraps. We find that senior drivers and lower-risk
consumers tend to be less price sensitive, as expected. However, the estimated coefficient
on the risk dummy has greater noise and is not statistically significantly different from zero.
The estimated preferences for unobserved product attributes are generally similar across
low- and high-risk groups. However, a notable difference is that lower-risk consumers

appear to have a stronger preference for firms 5 and 11, while higher-risk consumers derive

20Conceptually, it is straightforward to include additional observable covariates in 2, however, our demand
estimation relies on the nonparametric estimation of price distributions conditional on the consumer’s risk
and observable characteristics for each firm separately. As the number of covariates grows, the amount of
data required to accurately estimate the price distributions increases exponentially, which can compromise
the precision of the estimates. Given the limited sample size in our data, we therefore chose to include only
age and risk dummies in the consumer’s preference parameters.
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Table 3: Estimates of demand-side parameters

Parameters Est.  Std. Err. Est.  Std. Err.
Yo 2.43 (0.82) 3.02 (0.16)
Y -1.25 (0.14) -1.17  (0.13)
Yo 0.71 (0.87)
Low-Risk High-Risk Low-Risk High-Risk

Est.  Std. Err.  Est.  Std. Err. | Est.  Std. Err.  Est.  Std. Err.
& 0 0 0 0
& -0.87 (0.04) -0.89 (0.03) |-0.85 (0.03) -090 (0.03)
& -0.79 (0.04) -0.86 (0.03) |-0.75 (0.03) -0.86 (0.03)
&y -1.52  (0.09) -1.65 (0.04) |-1.59 (0.03) -1.65 (0.04)
& -1.56 (0.03) -1.86 (0.04) |-1.57 (0.03) -1.86 (0.04)
& -044 (0.08) -0.53 (0.03) |-0.51 (0.03) -0.52 (0.03)
& -2.12  (0.04) -2.08 (0.04) |-2.13 (0.04) -2.08 (0.04)
& -1.74  (0.06) -1.31 (0.03) |-1.70 (0.03) -1.32 (0.03)
& 273  (0.06) -2.52 (0.05) |-2.68 (0.05) -2.52 (0.05)
&0 -1.86 (0.03) -2.01 (0.04) |-1.86 (0.03) -2.01 (0.04)
&1 0.73 (0.09) 0.60 (0.03) 0.65 (0.03) 0.61 (0.03)

Note: The left panel of this table reports the estimation results when y(z, 0) = vy + v1OLD + v2HR, and
the right panel presents the results when s is set to 0. Standard errors are reported in parentheses. In the
estimation, premiums are represented in thousands of euros. The unobserved product heterogeneity for Firm
1 is normalized to O for both low- and high-risk groups.

greater utility from Firm 8. Since the price sensitivity parameter 7, is not statistically
different from 0, we estimate an alternative version of the model with v, set to 0. The
results for this specification are presented in the right panel of Table[3] Since the parameter
estimates are very similar across both specifications, we adopt the latter model for the

remainder of the analysis.

5.2 Supply-Side Estimation Results

In the estimation, we assume that the firms receive Gaussian signals from N (0, 032-) and
we estimate the standard deviation of the signal distribution ;. Note that 1/0; measures
the precision of risk-rating technology in firm j. We report the estimates for firms’ pricing
coefficients («;, 3;), standard deviations of the signal distributions o, and cost parameters
(¢;, kj) in Table 4} with the standard errors reported in parentheses.

Our estimates display a huge amount of firm heterogeneity along all dimensions. Com-
paring pricing coefficients across the firms shown in the upper panel of Table[d] we find that
firms differ dramatically not only in their baseline premium (c;), but also in how much they
adjust premiums with respect to their risk ratings. For example, Firms 1, 8, and 10 charge

a relatively lower baseline premium but their prices are much more sensitive to their risk

27



ratings, while Firms 3, 6, and 11 tend to do the opposite. Pricing coefficients («;, ;) are
complex equilibrium objects chosen optimally by firms. The differences in pricing strate-
gies could be due to heterogeneity in firms’ cost structures and information technology, as

well as competition in the market.

Table 4: Estimates of supply-side parameters

Firm ID  Pricing Coef: Intercept Pricing Coef: Slope
Qi ﬁ]‘

J
Est. Std. Err. Est. Std. Err.

1 -131.26 (18.54) 1.85 (0.05)

2 -22.56 (23.85) 1.82 (0.07)

3 61.39 (19.70) 1.58 (0.06)

4 -109.61 (25.53) 1.48 (0.07)

5 42.38 (25.39) 1.63 (0.10)

6 54.16 (10.07) 1.21 (0.03)

7 8.95 (30.29) 1.49 (0.10)

8 -481.99 (85.21) 2.20 (0.18)

9 -75.90 (63.33) 1.94 (0.20)

10 -115.26 54.71) 1.98 0.17)

11 9.53 (5.60) 1.33 (0.02)

Firm ID Signal Std. Dev. Net Benefits Claim Efficiency

U]' C]‘ k’j
Est. Std. Err. Est. Std. Err.  Est.  Std. Err.

1 1365.66 (42.84) 669.27 (130.16) 1.82 (0.23)
2 978.99 (57.50) 597.00 (92.57) 2.18 0.17)
3 903.02 (57.23) 494.66  (85.46) 1.90 (0.15)
4 1150.38 (56.27) 535.16  (85.49) 1.44 (0.16)
5 945.94 (74.64) 438.17 (89.49) 1.79 (0.18)
6 993.66 (32.15) 416.17 (86.78) 1.16 0.12)
7 921.80 (78.00) 509.74  (9297) 1.77 0.17)
8 1565.57 (101.78) 1051.79 (167.13) 2.47 (0.32)
9 1042.61 (111.16) 355.07 (126.03) 1.56 (0.30)
10 1183.58 (90.21) 51525 (128.21) 1.87 (0.28)
11 1023.53 (19.95) 847.46 (130.04) 1.61 0.17)

We observe substantial differences in the precision of risk rating across firms, as mea-
sured by the standard deviation of their signal distributions (see the first column of the
lower panel in Table {)). Based on our estimates, Firm 8 has the least advanced risk-rating
technology. The standard deviation of its signal distribution is more than 70% higher than
that of Firm 3, which has the best risk-rating technology based on our estimates. The het-
erogeneity in information precision has an important impact on consumers’ equilibrium
sorting patterns. Figure 4] presents a scatter plot of the ranks for information precision ver-
sus average consumer risks across firms. Insurers with low information precision (large o)

tend to attract high-risk consumers. The correlation coefficient between o and average risk
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within firm is 0.58.
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Figure 4: Who goes where: Rank correlation between information precision and average
consumer risks across firms. Firms are ranked by information precision (highest to lowest
on the x-axis) and average consumer risks (lowest to highest on the y-axis). The red solid
line represents a linear fit between the two rankings. Firm IDs are displayed next to each
dot.

Another interesting finding from Table [] is that firms enjoy large net benefits from
contracting with new customers. Our estimates of these net benefits range from 355 to 1052
euros per year and per customer across the competing firms. Although this paper does not
provide a full-fledged dynamic model to account for consumers’ switching behavior and
firms’ dynamic pricing strategies, we perform a back-of-the-envelope calculation of the
future benefits firms may receive, based directly on the data. Let A; denote the set of
consumers who choose firm j in our sample. For each of these consumers, we observe the
premium they pay, the actual claim costs, and whether they stay in firm j over the next
T years. We can therefore compute the sum of the discounted future premiums averaged

across all consumers in A;, which we denote by P;. Specifically,

. ZieAJ_ ZtT 8" P;1{i stays in firm j at ¢}

, (5.1)
’ | A

where the discount factor ¢ is set to 0.95. We use a similar formula as in Equation (5.1)) to
compute the sum of discounted claim costs and contract sales, which we denote by C'S;
and Wj, respectively. Let mc; denote firm j’s marginal cost of managing a contract. The

following equation computes the net benefit firms receive from contracting with a new
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customer:
(ﬁj — ﬁjkj - ijCj) — mc; = Cj. (52)

TV
discounted value of future profits

Equation (5.2)) isolates the firm’s marginal cost mc; from other factors. We report the
estimates of marginal costs in Table [5]

Comparing our marginal cost estimates with the average premiums across firms, we
find that the marginal cost is around 14%—-45% of the premiums charged to consumers
Another important finding from our estimation is that there is a moderate negative corre-
lation between ¢ and mc, with a correlation coefficient of -0.53. This indicates that firms
with lower information precision tend to have lower costs. Firms in equilibrium seemed to
have developed different comparative advantages. Some firms rely on their more precise
risk-rating technology to cream-skim low-risk consumers, while other firms can afford to
serve the high-risk segment of the market due to a more efficient cost structure. Interest-
ingly, we also find a small negative correlation between the two dimensions of the firm’s
cost structure. The correlation coefficient between mc and £ is -0.20, suggesting that firms

with higher marginal costs may be more efficient at processing claims.

Table 5: Estimates of marginal costs

Firm ID Marginal Cost (€) Perc. of Price (%)

1 185.80 35.74
2 191.90 34.44
3 210.99 37.11
4 125.63 29.37
5 213.58 42.13
6 175.55 39.14
7 199.17 37.80
8 78.99 13.67
9 250.35 45.33
10 208.89 39.88
11 92.66 21.50

5.3 Model Fit

Using the estimates in Table ], we simulate the premiums offered by each firm and con-
sumers’ plan choices given the simulated price menu. Table [J]in the appendix presents the

means and standard deviations of risk and premium within each firm, as well as the mar-

2I'This proportion aligns with findings in other markets; for instance, |(Chiappori et al.|(2006) reported a 20%
marginal administrative cost in the French auto insurance market. In addition, our estimate is close to the
nationwide Italian average administrative cost obtained from balance sheet data of the insurance companies.
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ket shares for low- and high-risk consumers, using both real and simulated data. Overall,
our model matches the key moments of the data reasonably well. Our model-generated
price distribution and market shares are very close to what we observe in the real dataset.
As for the risk sorting pattern, we are able to match the mean and variance of consumers’
risks for the majority of firms, and the ranking of average risk levels across firms is largely
preserved. Our model underestimates the average risk level for Firm 8, which in reality
attracts consumers with exceptionally high risks. However, it correctly identifies Firm 8 as
having the highest risk level compared to all other firms. This underprediction primarily
stems from the limited sample size of consumers with extremely high risks. Consequently,
for this subgroup, the price distribution and consumers’ sorting patterns are estimated with
much lower precision.

Our estimation relies on the assumption that the premium is a monotonically increasing
function of the firm’s signal. We show that this assumption is self-consistent by validating
the monotone relationship between the risk rating Ej(9|éj, j)—which is computed post-
estimation—and the signal éj. In Figure [7|in the appendix, the risk rating, and therefore
the premium, indeed monotonically increase with the signal of Firm 1, for both young and

senior drivers. Similar patterns are observed for all other firms.

6 Counterfactuals

Using our structural estimates, we assess the equilibrium effects of establishing a central-
ized risk bureau that equalizes information access among competing firms. Specifically, we
assume that the bureau collects signals from all firms. Based on these signals, the bureau

would compute a posterior estimate of each consumer’s risk,

5,011 1610)) oy
J, (1L, 1610) ut0)a9

E(0)0) = /eef(e\é)de = : (6.1)

and make it accessible to all firms equally.

We want to highlight that this information aggregation process through the centralized
bureau takes into account that the precision of the signals varies across firms. To see this
point, consider a simple case where the prior distribution of 6 is N(u,c?), and the sig-

nals for firm j are drawn from N (6, 032), then the posterior mean in Equation can be
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expressed in the following closed-form formula:

o= 2T

E = —F3
7+ i

s

o“

uwl’_‘ <

Clearly, signals from different firms are weighted according to their information precision
(1/ af-). Also note that the posterior mean in Equation (6.1)) eliminates the winner’s curse,
as all available information has been exhausted.

In addition to our main policy experiment, we consider two additional counterfactual
scenarios. The first one represents an efficiency benchmark, where the true risk type of
each consumer is observed by all firms, so that the information asymmetry is completely
eliminated. The second one is motivated by the recent discussions on privacy regulationsF_f]
To simulate a scenario where firms are required to limit their use of consumer data, we set
the standard deviation of their signal distributions to be the largest currently observed in the
market. Note that this policy also eliminates information asymmetries between competing
firms, but at the same time, reduces the overall information availability in the market.

For each counterfactual scenario, we re-solve for the market equilibrium using the it-
erative procedure described in Appendix [D] We also re-solve for the market equilibrium
given model estimates in Section [5.2] and use that as the benchmark case for the rest of
the analysis. We discuss the impact of counterfactual policies on consumer surplus, firm
profits, equilibrium sorting patterns, and the overall market efficiencies in the following

subsections.

6.1 Consumer Surplus

We report the average consumer surplus, premium, firm profit, HHI, and average cost under
the baseline and three counterfactual scenarios (i.e., centralized risk bureau, observing true
risk, and privacy regulation) in Table [6] The percentage changes relative to the baseline are
reported in parentheses. To measure consumer surplus, we compute —yp; + &; for each
individual, where j denotes the firm chosen by the consumer in equilibrium and p; is the
transaction price, and then we convert the utility into a monetary value expressed in euros.
To evaluate the equilibrium consequence for consumers with different risk types, we report

the average consumer surplus for high- and low-risk consumers separately.

22Researchers and policy makers have raised concerns regarding the legitimacy of using data from con-
sumers for advertising, targeting, and price discrimination, etc. There is a growing body of literature on the
economics of privacy and consumer protection (Campbell et al.|[2015;|Acquisti et al.| 2016} Tucker| 2019; Jin
and Wagman, [202 1} Johnson), [2022; Johnson et al., 2023} |Alcobendas et al., 2023} |Goldfarb and Quel [2023)).
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Table 6: Counterfactual results: The impact of information policies

Baseline Centralized  Observing  Privacy
Risk Bureau True Risk Regulation
Average CS (€) -572.28 -497.04 -488.61 -548.45
(+13.15%) (+14.62%) (+4.16%)
Average CS: Low risk (€) -512.69 -188.33 11.00 -514.03
(+63.27%) (+102.14%) (-0.26%)
Average CS: High risk (€) -631.88 -805.74 -988.21 -582.87
(-27.52%) (-56.39%)  (+7.76%)
Average premium (€) 471.68 392.78 381.11 449.22
(-16.73%) (-19.20%)  (-4.76%)
Average profit (€) 596.96 552.82 550.70 579.03
(-7.39%) (-7.75%) (-3.00%)
HHI 2188.35 2171.98 2161.25 2198.18
(-0.75%) (-1.24%) (+0.45%)
Average cost (€) 705.47 687.40 676.95 707.35
(-2.56%) (-4.04%) (+0.27%)
Between-firm info asymmetries  Yes No No No
Information availability Increase Increase Decrease
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Table [6] shows that eliminating information asymmetries between firms generally bene-
fits consumers. When firms have equal access to the risk scores computed by the centralized
risk bureau, consumer surplus increases by 13.15%, nearly matching the 14.62% gain ob-
served under the infeasible benchmark where all firms know the true risk of the consumer.
If all firms were to adopt the least advanced risk-rating technology under privacy regulation,
consumer surplus would rise by 4.16%.

Examining the distributional effects of these counterfactual policies on consumer sur-
plus, we find that establishing a centralized risk bureau that leverages all available mar-
ket information primarily benefits low-risk consumers. Under this counterfactual scenario,
low-risk individuals experience a 63.27% increase in consumer surplus, while high-risk
consumers see a 27.52% reduction. Having access to the aggregated information about
consumers’ risk levels, firms can more precisely identify and price consumers based on
their actual risk profiles. The differential impact on low- and high-risk consumers becomes
even more pronounced when firms can observe each consumer’s true risk. In this scenario,
firms can perfectly price discriminate based on risk type, leading to a sharper increase in
consumer surplus for low-risk individuals and a more significant decrease for high-risk
consumers.

In contrast, the gains under privacy regulations are primarily enjoyed by high-risk con-
sumers. As firms adopt less precise risk-rating technologies, the overall availability of
information in the market declines, making it more difficult to accurately identify high-risk
individuals. Consequently, high-risk consumers are less likely to be charged premiums that
fully reflect their risk levels, leading to lower premiums and increased consumer surplus for
them. This creates a form of cross-subsidization, where lower-risk consumers experience a

slight reduction in their average consumer surplus.

6.2 Firm Profit

In all three counterfactual scenarios, we observe a decrease in average premium. When
information asymmetries between firms is eliminated, as in all three cases, certain firms
lose their market power gained from informational advantages and are forced to compete
more aggressively on price. This increased competition contributes to the overall reduction
in premiums.

Another key factor driving the price reduction is the elimination of the winner’s curse,
which occurs either when a centralized risk bureau is in place or when firms can observe
consumers’ true risk levels. In the baseline scenario, the prices offered to a consumer by

different firms are fairly dispersed due to imprecise information. Consumers often receive
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low-price offers from certain firms and tend to choose these, which can lead to a winner’s
curse. From a firm’s perspective, lowering its price becomes ineffective in attracting more
consumers under the winner’s curse, as price dispersion means that even a reduced price is
still likely to be higher than the lowest offer the consumer receives. Consequently, firms
have little incentive to engage in aggressive Bertrand competition.

However, when a centralized bureau is in place (or when firms can perfectly observe
risks), firms share a uniform evaluation of the consumer’s risk, leading to more consistent
and concentrated price offers across firms. Additionally, firms can accurately predict their
competitors’ prices. These factors make it easier for firms to undercut each other’s prices,
thereby intensifying price competition. Overall, we observe a 16.73%—-19.20% reduction
in the average premium when a centralized risk bureau is introduced or when firms can
observe consumers’ true risk levels.

As expected, the reduction in premiums leads to an overall decline in average profits
for firms (see Table [6). However, the impact on profits varies significantly, depending
on whether firms currently use more advanced technology or not. In Figure [5| we report
percentage changes in profit under the two counterfactual scenarios (i.e., centralized risk
bureau and privacy regulation) relative to the baseline for the 11 firms separately. Firms
are ranked from the highest to the lowest risk-rating precision. Firms with less advanced
risk-rating technology, such as Firms 1 and 8, benefit the most. In contrast, firms with more
advanced risk-rating precision, like Firms 3, 7, 5, and 2, experience significant profit losses
under both counterfactual scenarios, regardless of whether the policies improve or reduce
overall risk-rating precision in the market.

In our empirical setting, larger firms do not necessarily possess the most advanced in-
formation technology. As a result, policies that eliminate heterogeneity in information tech-
nology might inadvertently strengthen the market power of these larger players, potentially

leading to increased market concentration.

6.3 Market Efficiency

The public information policies we consider significantly alter firms’ equilibrium pricing
strategies, which in turn affect consumer choice patterns. Who goes where in the new
equilibrium? Since our estimation results in Section [5.2] suggest that firms have compara-
tive advantages along different cost dimensions, the matching between different types of
consumers and insurers plays a crucial role in determining market efficiency, as we will
analyze below.

To examine the effect of eliminating information heterogeneity on consumers’ equilib-
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Figure 5: Differential impact on firms: Percentage change in profit relative to the baseline.
Firms are ranked from the highest to the lowest risk-rating precision on the x-axis. The
orange bars represent the percentage changes in profit under the centralized risk bureau
scenario, while the blue bars indicate changes under the privacy regulation. Firm IDs are
displayed next to each bar.
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rium sorting patterns, we plot the average risk within firms for both the baseline and coun-
terfactual scenarios in Figure [0} When all firms have equal access to risk scores computed
by the centralized risk bureau, we observe significant consumer sorting, though the pattern
differs from the baseline. Sorting is now primarily driven by specialization based on cost
advantages rather than information asymmetries. Firms that attract high-risk consumers,
such as Firms 4 and 6, are more efficient at processing claims, as reflected by their lower
k; values. This result is intuitive: when all firms can equally distinguish between high- and
low-risk consumers, they adjust their pricing strategies based on comparative advantages
in their cost structures. Firms that excel at processing claims can offer more competitive
prices to high-risk consumers, thereby attracting more of them in equilibrium. The market
segmentation driven by targeted pricing strategies becomes even more salient when firms
can observe the true risk, as illustrated by the purple dashed line in Figure [6]

Another noteworthy observation is that consumer sorting nearly disappears under the
privacy regulation scenario, as illustrated by the yellow line. The risk levels across firms
become much more similar compared to the baseline. This result is again intuitive: when
firms are equally ineffective at risk rating, consumers are likely to receive idiosyncratic
prices, leading to a more random assignment of consumers to firms.

We compute the cost to insure a consumer (i.e., mc;+k;0), averaged over all individuals,
as a measure of market efficiency. The last row of Table[6]shows that under the centralized
risk bureau scenario, the average cost is reduced by 2.56% compared to the baseline. This
cost reduction from consumer reallocation is approximately 18 euros per contract per year,
equivalent to about 4% of the annual premiums paid by consumers. Given the size of the
Italian auto insurance market (31 million contracts underwritten in 2018), the overall im-
pact of this cost reduction is substantial. The efficiency gains under the centralized risk
bureau scenario nearly match that of the infeasible benchmark, underscoring the effective-
ness of this policy.

Our findings highlight that better utilization and aggregation of existing market informa-
tion can reduce information asymmetries between buyers and sellers. Even in mandatory
insurance markets, this reduction can still improve welfare through more efficient matching

between insurers and insurees.

7 Conclusions

Our paper develops a novel empirical framework for studying imperfect competition in se-
lection markets when firms have heterogeneous information about consumers, differ in cost

structures, and offer differentiated products. We build a theoretical model where firms re-
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Figure 6: Sorting patterns: Average risk levels among consumers (measured in euros)
within each firm under the baseline and three counterfactual scenarios.

ceive private signals about consumers’ risk types and choose their optimal pricing strategies
to maximize their profit, taking into account their opponents’ strategies and demand-side
responses. In our model, firms’ inferences about consumers’ risk types depend not only on
their signals but also on equilibrium sorting patterns.

We introduce novel econometric techniques to identify demand parameters, as well as
firm-specific information precision and cost structures. Applying the method to a represen-
tative sample of Italian auto insurance contracts with associated claims from 2013 to 2021,
we find substantial differences in the precision of risk rating across firms; moreover, firms
with lower information precision tend to have lower costs. This suggests that firms have
developed different comparative advantages. Some firms focus on improving their risk-
rating technology so that they can cream-skim low-risk consumers, while other firms are
more efficient at underwriting contracts and/or liquidating claims, leading to a competitive
equilibrium in which a variety of pricing strategies co-existE] The methodology we de-
velop extends beyond auto insurance; it is applicable to a wide range of selection markets,

including credit, other types of insurance, and labor markets.

21t is an open and intriguing question to study how insurance companies allocate the complex task of
pricing across various subunits within the organization (see discussions in |Hortacsu et al.| (2024) regarding
the airline industry). For example, different subunits may be tasked with estimating risk, liquidating claims,
and underwriting contracts. Exploring how this internal structure relates to cost and information heterogeneity
across competing firms presents an interesting avenue for future research.
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We evaluate the equilibrium effects of a public information policy where insurers’ risk
estimates are aggregated and made public through a centralized bureau. This policy signifi-
cantly reduces prices by increasing competition and eliminating the winner’s curse, which
in turn boosts consumer surplus by 13%, nearly matching the gains observed under the
efficiency benchmark, where firms have full knowledge of consumers’ true risk levels. We
also observe interesting distributional effects. The centralized risk bureau primarily bene-
fits low-risk consumers, in contrast to the scenario motivated by privacy regulations, where
all firms adopt the least-advanced information technology. Lastly, the centralized bureau
policy improves the matching efficiency between insurers and insurees, reducing average
costs by 2.56%, or equivalently 18 euros per contract.

Our findings have broad implications for public information regulations in the era of
big data, artificial intelligence, and machine learning. Firms with superior information can
gain market power, which may harm competition and consumer welfare. As technology
advances, the gap between firms in both information access and data analysis capabilities
widens, creating significant barriers for new entrants. Our results confirm that public poli-
cies equalizing information access can enhance competition and improve overall consumer
welfare, though with complex distributional effects. However, a caveat is that such poli-
cies could erode the competitive advantages of technologically advanced firms, including
smaller and newer firms in our sample, potentially diminishing incentives for long-term
innovation (Goldfarb and Tucker, 2012; J1a et al., [2018)).

Finally, our paper mainly focuses on static price competition with information and cost
heterogeneity in selection markets. Our demand model follows a more standard approach
and does not explicitly account for search frictions. While earlier studies (Honka, 2014;
Honka et al., 2017; |Allen et al., 2019) have shown limited consumer search for financial
products, the recent rise of price comparison websites for auto insurance (such as US News,
Experian, the Zebra), along with the increasing use of online purchasing platforms, sug-
gests that search cost in our context might not be very high. More flexible demand models
(e.g., allowing consumer switching, search frictions, a limited consideration set, and multi-
dimensional private information), as well as several other important aspects of competition,
including dynamic pricing, endogenous contract designs, are promising avenues for future

research.
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A Additional Figures and Tables
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Figure 7: Risk rating versus signal for Firm 1: The y-axis represents the risk rating, and
the x-axis denotes the signal. The blue and red curves represent young and senior drivers,
respectively.
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Table 9: Model fit: Comparing data moments with simulated results using model estimates

Panel (A) Data Moments

Firm ID Risk (€) Premium (€) Market Share
Mean Std. Dev. Mean Std. Dev. Low Risk High Risk

1 35271 433.72 519.81 209.46 0.16 0.17
2 31853  416.51 557.12 221.44 0.07 0.06
3 320.07 432.11 568.59  216.07 0.07 0.06
4 363.97 461.81 427.78  199.55 0.04 0.04
5 285.56  401.07 50697 201.39 0.04 0.03
6 326.86 423.73  448.57 173.50 0.12 0.13
7 346.70  426.08 52693  209.00 0.02 0.02
8 481.29 511.30 577.66  227.70 0.03 0.04
9 324.17 39791 55228 225.59 0.01 0.01
10 32236 43580 52375  212.33 0.03 0.02
11 31625 41278  431.04 198.01 0.42 0.40

Panel (B) Simulated Moments Using Model Estimates

Firm ID Risk (€) Premium (€) Market Share
Mean Std. Dev. Mean Std. Dev. Low Risk High Risk

1 34488 43581 521.58 217.57 0.17 0.18
2 338.47 441.12  562.14  231.39 0.06 0.06
3 321.26  430.77 57024 22543 0.07 0.06
4 341.69 435.02 422.61 205.36 0.04 0.04
5 30094 42438 506.62  213.28 0.04 0.03
6 329.18  411.70 44591 180.41 0.12 0.13
7 34437  443.66 52190 222.60 0.02 0.02
8 438.56  470.63  577.70  240.07 0.02 0.04
9 335.09 41238 54871 245.64 0.01 0.01
10 303.08 420.00 525.59 226.46 0.03 0.02
11 321.11 41847 432,19  203.23 0.41 0.40
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Iterative Algorithm

Given the fixed point problem defined in Equations (4.1)) and (4.2)), we propose an iterative

procedure to solve for the offered price distributions for all firms as functions of demand

parameters. We nest the contraction mapping for mean utilities in Berry et al.|(1995) in our

algorithm to obtain the vector of unobserved product attributes & that matches aggregate

market shares. Our algorithm works as follows:

1.

2.

Fix the value of ~.

Set the initial value: £; = 0, and Pr'(j|p; = p,6) = exp(—~p) for all jﬁ

. At the r-th iteration, denote the vector of unobserved product attributes by & =

(&1,&5,---,€7). Let Pr'(j|p; = p,0) denote the probability of consumers being
sorted into firm j given price p and type 6 for j = 1,2,--- | J.

Compute the offered price distribution for the r-th iteration using Equation (4.1)):

. — gipl®)/Pr(jlp; = p,0)
9P = ) P Glos = p. 6)dp

(B.1)

Update £" using aggregate market shares. Given y and the offered price distributions

g = (g0, g5 ,q), €T solves the following system of equations:

<§1 =S (€T+1777g )7
'§2 =S (£T+1777g ))

'§J =S (€T+1777g )a

where 5; represents the observed market share for firm j. We denote by s; (5”1, v,9")

the model-implied market share given by the following equation:

X 7:‘+1
€ g / /Ze p(—p; + € g%l)(Hg;,(pj,w)) Fo(0)dpdf. (B.2)

sexp(=py + i

24The initial value for choice probabilities is the numerator in the demand model (when £; = 0). It can
be viewed as a coarse approximation to the selection probability, assuming changing firm j’s price would
only impact the numerator, but not the denominator. The fact that it is not a well-defined probability measure
does not matter, because it only serves as a weight and will be normalized when we update the offered
price distribution using Equation {.I). Since the operator is a contraction, the choices of initial values are
less important. In our estimation, we try using different initial values for choice probabilities, and they all
converge to the same results.
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7.

8.

This step is similar to the contraction mapping for the mean utilities in |Berry et al.
(1995). Using the same iterative procedure as in [Berry et al. (1995), we solve for
the vector of unobserved product attributes &' from observed market shares (¢; is

normalized to 0 without loss).

Given &1, we update the selection probabilities for all firms using Equation (4.2):

Pr' ™ (jlp; = p,0) (B.3)

exp(—yp + &) (
. : (T 5 w10) ).
/pj exp(—yp + &) + 2, exp(—ypy + &) JI;IJ Y ’

Advance to the next iteration with & and Pr™+(j|p; = p, 0) for all j.

Iterate until g" converges. In the limit, for a fixed price sensitivity parameter v, we
obtain (1) the offered price distribution faced by consumers g;(p|#) for all firms, (2)
the probability that consumers are selected into firm j, Pr(j|p; = p, ), and (3) the

vector of unobserved product attributes & that match the market shares.
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C Identification of Signal Variance

We consider the identification of the variance of the signal distribution when the signals are
drawn from a normal distribution. In this case, the density function of the signal distribution

for firm j takes the following form:

~ h. _ 2
£i(0510) = ! exp (—u> : (C.1)

where af- is the variance of the signal distribution to be identified.

We first derive the posterior density of éj for those who self-select into firm 7. Let
0 = (él, 92, e ,é ;) denote the vector of signals received by all firms. Let é_j denote
the vector of signals excluding firm j’s signal. To simplify notation, we use f(6|0) and

f(6_]6), respectively, to denote the densities of @ and 6_; conditional on 6.

~

eXp(_prj(éj) +’£]) 9 |(9 |:f0] PN — _jle)fO(?))+§j/)d€j}

exp(—yp,r(0;/

~

B f(e 7J|0)f0( A
féj exp( VPJ( i)+ &) fi( 0 ;10) {fo_] ST exp(—py (0,1 )dG—J} db;
(C.2)

>

eXp(—VPj(Aj))fj(Q:jW) _ (C.3)

™ T b 85)) 1(0510)3,

Denote the term in square brackets in Equation (C2) by A(6;, #). Since it is inside of the
integral in the denominator, A(éj, ) cannot be cancelled out. However, if firm j has a
small market share, the effect of éj on A(éj, 0) is small, and therefore we can treat this
term as if it does not depend on éj. When firm j is large, then as long as éj has a relatively
small variance, the overall impact of A(éj, 0) varying with éj is small in the denominator.
With this approximation, we obtain Equation (C.3)).

If the risk-rating term E(@\HJ, /) can be well approximated by a linear function of the

signal 9]-. i.e., E(0);,7) ~ a; + b;f;, we can further simplify the posterior distribution

ZSWe empirically verify this assumption in Figure |7, where we plot the relationship between risk rating
E(0)0;, j) and signal 6; after we estimate the model. This figure suggests that the assumption that risk rating
can be approximated by a linear function of the signal is reasonable.
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of éj to be

£(6519,4) ~ exp(=183,6,)1,(6,16) _
Ji, exp(=8;b;05) £3(0;10)db

0. _ _ b-a2))2
_ 1 exp (_ (0; — (¢ ’Yﬂjbj‘jg)) ) . (C.4)

J

Equation (C.4) implies that after selection, the signal still approximately follows a normal
distribution with the same variance (02) as before. However, the mean of the posterior

normal distribution shifts to § — v3;b;02, which is lower than the original mean 6. This is

s
intuitive as consumers who receive lower prices from j are more likely to self-select into
the firm.

The following lemma provides the key identification argument for the signal variance.
We focus on the joint distribution of premiums and risk types of consumers selected into
firm j. To simplify notation, let p; and 6; be the premiums and risk types of consumers
selected into firm j. The random variable 6; admits distribution m;, which can be directly

estimated from the data.
Lemma 1. Given m;, the correlation corr(p;, ;) is monotonically decreasing in o;.

Proof. Since p; and 0; are positively correlated (empirically verifiable),

(C.5)

2n. 0. 10-
corr(p 6,) — wm,e) _ \/ cov(py. 9, var(E(6;16;))

) _
Vvar(0;)var(p;) var(p;)var(0;) var(6;)

The last equality in Equation (C.5)) holds because, by Equation, (4.5])

o varp) _ war(p) _ cov’(p;.6)
UGT’(E(QJWJ)) /8]2 [var(pj)/cov(pj,ej)]Z ?JCLT(pj) .

~

Thus, for a fixed type distribution m; within firm j, it is equivalent to show var(E(6;|6;))
is monotonically decreasing in ;.
We first show that var(E(6,]6;)) = var(E(6,]6;)), where §; = 6; + vB;b05. Let ¢
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denote the density of éj. We get that

var(E(6,]6;)) = / (E(0;10; = 2))*¢(x)dx — 13
- /(E(ejmj =z +98,b;07))*¢(a)dv — 11}

- /(E(ej\éj =)oy — B;b507)dy — i

= var(E(0;10)).

Next, we show that var(E(6,];)) is monotonically decreasing in o;. Note that by
Equation (C4), 6; ~ N(0,0?). Consider a new normal random variable &, ~ N(6,07?)
with a larger variance 0;2 > 0j2-. Since both 0~j and é; follow a normal distribution, we get
that

5;- = éj + 7,

where 7 is an independent and normally distributed random variable. By independence, the
distribution of E(6,]6;) is the same as the distribution of E(9j|9~;, 1), so var(E(6;]6;)) =
var(E(9j|9~§., n)). Moreover,

var(E(leég,n)) > vaT(E(9j|é;))>

because on the left-hand side of the inequality we project ¢; onto a larger space. We there-
fore obtain the desired result that var(E(6,]6;)) > var(E(6; \é;)) O

For a fixed distribution of risk types within a firm, higher variance in the firm’s signal
distribution leads to a lower correlation between the premiums and risk types. Intuitively,
when the signal distribution is very informative, consumers’ risk types are better reflected
in their premiums, and vice Versa Since the type distribution m; and corr(p;, ;) can
be easily estimated from the data, the one-to-one mapping between corr(p;, ;) and 0]2 in

Lemma [TJuniquely pins down the signal variance.

25To see this from another angle, the proof of Lemma shows that var(E(6; |é])) decreases with o7, When
UJZ is small, the signals received by the firm are precise, and therefore the posterior mean of 6 is very sensitive
to the signals. As a result, the variance of the posterior mean is large. By contrast, when 032- is large, the
signals received by the firm are not informative, and therefore the posterior mean is similar across different

signals. As a result, the variance of E(6|;) is small.
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D Solving the Equilibrium for Counterfacual Analysis

To evaluate counterfactual policies, we need to solve the market equilibrium for any given
set of model parameters. We propose an iterative procedure to solve for all firms’ pricing
coefficients (o, 3), the equilibrium expectation £ (9|éj, j), and the selection probabilities

Pr(j|6;,6) for all j. The iterative algorithm for solving the equilibrium works as follows:

1. In the outer loop, we solve for firms’ pricing coefficients («, (3). Denote the pricing

coefficients at the r-th iteration by (a”, 3").

2. Given the model primitives (v, o, &, ¢, k) and pricing coefficients (a”, 3"), we solve

the r-th equilibrium sorting pattern in an inner loop:
(1) Set the initial value E;’0(0|éj,j) = E;’l(ﬁ\éj,j).
(2) Compute the premium offered by each firm using the following equation:
Py (0;) = o + B7E;°(016;..).
(3) Compute the choice probabilities:

exp(—1p;"(0) + &)

Pr°(j16;,0) = 2
7 6 >y exp(— v} (0;) + &)

F(0-516:0-;)db_;.

(4) Update the expectation by

(916, ) — Jo0Pr 0105 0)150,10:9,)fo(6)d6
o 1, Preo(j16;,0) £;(6;10: o) fo(0)d6

(5) Iterate this process until the expectation converges. Denote the limits by F7 @ éj, J)

and Prj(j |éj, 0). These represent the r-th equilibrium sorting pattern.

3. Having obtained E;(Q]éj, j) and Pri(j |0;,6) from the inner loop, we now compute

the first-order derivatives of the profit function with respect to pricing coefficients
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o, B1) for all firms. Specifically,
VR Y Y

aﬂ (o 6 //Pr (j10)£(016) fo(0)dOdo

oa’”.

J

[ [+ 0+~ 502750 1010)u0)aba0,

on’; (a",3")

aB; ://QPT’"(j\G)f(GW)fo(H)dede

// o + B0+ ¢; — >apgﬁ(f|e) (616) fo(0)ddo.

4. Update the pricing coefficients as follows:

a r 'r’ T a T r7 T
a§+1 — a§+Aa§1{M > 0} — Aafl{M < 0}7
J

804; J 80/.’
v+l _ gr r o} (a HBT) .. [omi(a”,B")

where Aa’ and Af3} are the r-th incremental changes in the pricing coefficients.

5. Finally, we reduce the size of incremental changes (Aa’, AJ7) if sign switching in

the first-order conditions is observed in two consecutive iterations.

ACMTJ . ( ﬁr) T 1( T 17:37‘71)

J
AO/TJFI _ 2 if da; 8043 1 <0
Jj .
Aa§ otherwise,
ABT .. OnT(an,Bn) on Har 1B
5 if ]8/3T~ L o5 <0
J J

1
A B;"Jr = '
A ﬁ; otherwise,

6. Iterate this process until (Aa’, AS}) converge to O for all j.

Finally, given that the current solution of the pricing coefficient might be a local maxi-
mizer, we check whether it is globally optimal. That is, for each firm j, fixing other firms’
pricing strategy at the current solution, we search for the value of («;, 5;) that maximizes
profit ;. If the global maximizer differs from the current pricing coefficient, we update
firm j’s pricing coefficient to that global maximizer and repeat steps 1-6. Otherwise, we
have found the Nash equilibrium. For the counterfactual scenarios where firms have equal
access to either the aggregated risk score from the centralized risk bureau or the true risk

type, we solve the equilibrium using a similar iterative procedure, but can skip Step 2.
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