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Abstract

Big data and Al invert classical adverse selection: insurers can now infer statistical corre-
lations that consumers cannot, reversing the traditional informational advantage. We study
insurance contracting where a two-dimensional state determines risk, the agent privately
knows one dimension, and the insurer privately knows how the two correlate. The insurer
faces a fundamental trade-off between obfuscation and price discrimination—fine-tuned con-
tracts enable better screening but may reveal her statistical advantage. The optimal policy
exhibits a bang-bang structure: pooling on a statistical model that renders the agent’s infor-
mation worthless, and full disclosure elsewhere. Profits increase substantially when agents

fail to perform Bayesian inference.

1 Introduction

The rise of big data, artificial intelligence (AI), and machine learning is one of the defining char-
acteristics of the 21st century economy. Companies record almost every characteristic of people,
which can be correlated to better predict outcomes. However, most models in information eco-
nomics assume that customers have an informational advantage over sellers. In these models, the
principal, e.g., the insurance company, faces an adverse selection problem.!

Although customers may still have private information about some of their characteristics,
big data allows insurance companies to develop superior aggregate information, using new sta-
tistical tools to better infer correlates about characteristics and ultimate risk. In other words,
the principal here can “invert” the mapping from characteristics to risks. Thus, big data and Al

transform many adverse selection problems into what we call the “inverse selection” problems.
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To capture this, we use the informed principal approach within mechanism design (Myerson
[1983] and Maskin and Tirole [1990, 1992]), but also depart from the canonical structure in
two ways: First, the endowment of information to the principal and agent through different
pieces of a two dimensional state, and second, the principal’s commitment to an information
disclosure policy and menu of contracts. Moreover, the basic structure here is inspired by the
classical insurance model studied by Rothschild and Stiglitz [1976] with two key differences: we
consider a richer information structure and, for the most part, restrict attention to a monopolistic
screening setup.

The two dimensional type space that underlies the inverse selection problem determines the
riskiness of the agent: The agent perfectly knows one characteristic, the first dimension of the
type space. Think of this as hard private information—family history, eating habits, etc. The
second dimension is a genetic condition whose exact realization is unknown to everyone in the
model. The principal, e.g., the insurer, privately knows the correlation across both dimensions.
Think of a statistical model that computes how these dimensions interact and jointly determine
the agent’s probability of, say, getting a disease.

The principal faces a fundamental tension: she must determine the optimal level of granular-
ity in designing and fine-tuning the menu of contracts. Greater granularity enables more precise
price discrimination; that is, distinct premium-coverage pairs for different statistical relations.
However, offering highly tailored screening contracts may inadvertently disclose part of her sta-
tistical informational advantage, namely, the correlation between both characteristics. Thus, the
principal confronts an inherent trade-off between obfuscation and price discrimination.’

The principal could, in principle, select a highly granular menu of contracts that fully re-
veals her information about the underlying correlation. Under such complete disclosure, the
model effectively reduces to a monopolistic variant of the Rothschild and Stiglitz [1976] (RS)
benchmark.> At the opposite extreme, the principal could entirely obfuscate her informational
advantage by pooling and offering a single unconditional contract across all possible correlation
structures. But such complete pooling would not allow the principal to appropriately exploit
the informational advantage.

The optimal disclosure policy, contingent on the actual correlation, is characterized by an
appropriate combination of these two extremes. Consider all the possible correlations on a
number line and appropriately split it into two intervals. In one region, full disclosure—zero
obfuscation—prevails, and the RS benchmark with price discrimination is implemented. In the
complementary region, complete obfuscation through pooling eliminates price discrimination.

Relative to the RS benchmark, the principal performs weakly better point-wise for all possible

2Note that this trade-off is different from the standard rent-versus-efficiency where the principal worsens efficient
risk-sharing in order to minimize the information rent that the agent can extract. This rent-versus-efficiency trade-off
is still present in our setting with respect to the agent’s private information.

3The reduction to RS occurs with an important twist: the classification into “high” and “low” types depends
jointly on the agent’s private information and the statistical correlation observed by the principal.



statistical relations under inverse selection and strictly better in the pooling region by strategi-
cally choosing which statistical relationship to credibly communicate to the agent.

Inverse selection differs not only from the standard adverse selection but also from the more
recent advantageous selection literature. Advantageous selection emphasizes preference hetero-
geneity in order to overturn the standard theoretical, but empirically counterfactual, result that
high-risk agents get full insurance whereas low-risk agents opt for partial insurance. Now highly
risk-averse agents buy more insurance, despite the fact that they are less risky.* In both settings,
adverse and advantageous selection, the insurance provider suffers from an informational disad-
vantage. This contrasts with inverse selection, which may thus be regarded as a third generation
of models.

The formal analysis is based on the information design (Kamenica and Gentzkow [2011] and
Bergemann and Morris [2016]) and contract design (as in Borgers [2015], Chapter 2) problems,
wherein the principal can fully specify at the outset the menu of contracts and what informa-
tion they disclose to the agent.” It also assumes that the agent is fully rational and capable of
Bayesian inference, which imposes substantial constraints on the principal’s profits. Yet such
an assumption is behaviorally unrealistic in many real-world settings (see Barseghyan, Molinari,
O’Donoghue, and Teitelbaum [2013] and Handel and Kolstad [2015]). In reality, agents may lack
not only probabilistic sophistication but also the cognitive ability to reconstruct the mapping
from the principal’s contract offering to payoff-relevant beliefs.

To unpack this area of behavioral inverse selection, we look at two deviations from the stan-
dard Bayesian model. First, we study the case in which the insuree is gullible, i.e., he believes
whatever the insurer tells him about the correlation coeflicient and does not infer any statistical
information from the menu of contracts offered by the insurer. This model, although theoret-
ically non-standard, clarifies how the insurer could create maximal obfuscation and implement
maximal price discrimination if she could simply shape the belief of the insuree. Second, we
study the case in which the insuree is naive, i.e., he again does not infer any statistical infor-
mation from the contract, but unlike the gullible, sticks to the prior. For the naive case, the
difference between the insurer’s and insuree’s beliefs is exogenously fixed by the prior, and the
insurer maximizes the price discrimination channel.

Finally, in the supplementary appendix, we explore two extensions: First, we introduce com-
petition into the model by allowing other “regular” insurers, who do not have access to the big
data technology, to offer contracts. They offer a single Rothschild-Stiglitz contract, averaging

over all possible correlations, in order to screen the insuree along the first dimension. We show

#Einav and Finkelstein [2011] provide an overview of the key ideas, and Finkelstein and McGarry [2006] and
Fang, Keane, and Silverman [2008] empirical evidence.

>The information structure here also relates to mechanism design with correlated information [Crémer and
McLean, 1988, Riordan and Sappington, 1988], where correlation helps an uninformed principal cross-check the
agent’s report and reduce information rents. The key difference here is that the principal privately knows the cor-
relation structure, transforming the problem into one where she strategically manages disclosure—introducing the
obfuscation-versus-discrimination tradeoff central to our analysis.



that competition reduces some of the informational advantage of the insurer and increases both
the surplus of the agent and total welfare. Second, we examine the setting in which the insurer is
forced to put the statistical information (its big data advantage) in the public domain. This too
increases the insuree’s surplus; however, contrary to competition, it lowers the insurer’s profit
and total surplus.

While our model is admittedly stylized, it provides a framework for policymakers on how to
think about the role of big data and Al in the design of screening contracts in several ways. First,
the contrast between our standard model and the gullible case shows that the returns to statistical
information for the principal can be quite large, especially when the agents are not sophisticated.
This points towards a market for acquiring consumer information, which has manifested in the
rise of data brokers.® Second, forcing the principals to make private statistical information public
points towards the merits of a public data repository.” On the other hand, making consumers
aware of how data is utilized may be a more effective way to limit exploitation through inverse
selection than forcing the data to be public.® Finally, competition is another way to protect the
consumer as it reduces the extent of price discrimination by big data monopolies.”’

To our knowledge, Villeneuve [2005] is the first article to study insurance markets in the
realm of the informed principal model. This has been followed up by Abrardi, Colombo, and
Tedesch [2022], simultaneously, with our work. Both of these papers, however, focus on compet-
ing principals, in contrast to our monopolistic setup. Moreover, Villeneuve [2005], and for the
most part, Abrardi et al. [2022] focus on one-dimensional private information on the side of the
principal, whereas we look at a two-dimensional state, part of which is known to the principal
and part is known to the agent.

In recent work, Luz, Gottardi, and Moreira [2023] and Bhaskar, McClellan, and Sadler [2023]
also examine a two-dimensional type space for insurance contracts. The former considers het-
erogeneity in preferences, specifically risk aversion, as the second dimension, while the latter
assumes that the first dimension is commonly known and can be used by a third party, such as
a regulator, to implement the eflicient outcome. In price discrimination settings, Strausz [2023]
studies how a multi-product seller can discriminate based on buyers’ valuations by constructing
correlations using big data, and Deb, Pai, and Roesler [2024] studies how informed the buyer
would want the seller to be about the underlying value from bilateral trade. Also related is Ka-
menica, Mullainathan, and Thaler [2011], which explores the consequences of a firm knowing

more about the value of a product than the consumers themselves.

6See, for example, Financial Times [2019].

’See, for example, Rajan [2019].

$The call for transparency by the Federal Trade Commission (Ramirez et al. [2014]) and the framework for a
general data protection regulation issued by the European Parliament (Council of the European Union [2016]) can
be evaluated in this light.

9See, for example, Khan [2017].



2 Model

Preferences. A profit-maximizing monopolist insurer (principal/seller) interacts with an insuree
(agent/buyer) who wants to insure himself against some damage/loss. The insurer is risk neutral
and offers a standard insurance contract (p, x), where p represents the price (or premium), and
x represents the proportion of the insuree’s loss covered by the contract. So, x < 1 means
under-insurance, x = 1 means full-insurance, and x > 1 means over-insurance.

The insuree has an initial wealth w. The uncertain loss he faces is a random variable with a
well-defined mean and variance. So, given a contract (p,x) and realized loss 7, his final wealth
is given by z = w — p — (1 — x) /. The insuree is risk averse and is assumed to have a standard

mean-variance preference:
_ Y _ n 2
u(p.x) =Elz] - SV[z] =w —p - (1 -x)u - 5(1-x)

where u = E[/] is the expected loss, V[/] the variance of loss, ¥ measures the extent of risk
aversion, and n = y X V[ /] captures the level of risk faced by the insuree. This lends a tractable
structure to the insuree’s utility—it is linear in money and concave in the extent of loss.!” The

insurer has a standard linear preference over price and expected payment:

n(p,x) =p— ux.

Information. We consider a two-dimensional state @ = (61, 6,), where each component 6, €
{a,b} is binary. Interpret 6; as the agent’s lifestyle type—disciplined habits versus indulgent
ones—something he knows but that is difficult for the insurer to verify. The second dimension,
6, captures latent physiological vulnerability (e.g., inflammatory predisposition) that the agent
does not directly observe. The insurer, however, can statistically infer this from population-level
patterns in purchasing behavior, healthcare utilization, or wearable data.

The outcome u reflects health risk as expected loss; both dimensions contribute, with the
combination of indulgent lifestyle and high vulnerability generating the highest risk. The princi-
pal’s big data advantage lies in knowing how these dimensions interact: the correlation p captures
whether unhealthy lifestyles co-occur with physiological vulnerability, information the agent
cannot estimate from his own experience.

Formally, ug can assume up to four distinct values depending on the realizations of 6; and

05, sorted as follows:

Kb > Hpa > Haa and  Hpp > Hap > Haa

The joint distribution of 6 is given by ¢ = (Gaa>Gap» qbar qps)> and let g1 = Gua + g, and

q2 = qaa + qp, be the marginal distributions of 61 and 6,, respectively. Let p be the correlation

107 standard behavioral foundation in related models for the mean-variance preference is the CARA-Gaussian
framework; see, for example, the seminal Grossman and Stiglitz [1980].



coeflicient between 6 and 6,, and define o = /q1(1 — q1)y/q2(1 — q2). As shown below, the

joint distribution can then be rewritten using three parameters: p, g1, g>.

02
a b

6 a 9192 + po q1(1-q2) — po 7

b | (I-qg2-po | (1-q)(1-g)+po | 1-qi

92 1-g>

The insuree privately observes 61 and knows the marginal distribution of 6, and the insurer
exclusively knows the joint distribution of #—this non-standard endowment of information in
an insurance problem is what leads to the inverse selection structure. The marginals ¢1 and ¢»
are common knowledge, and to close the model, we assume that p is drawn from F on [p, p],
where F has a continuous density £, and is commonly known.!!

In the terminology of regression analysis, consider a principal (the insurer) who is capable
of perfectly estimating the regression coeflicients associated with 6; and 6, based on historical
patient data. Nevertheless, the principal lacks knowledge of the specific realizations of 6; and 6,
for the new agent under consideration. By contrast, the rational agent (insuree) possesses knowl-

edge of 61 and recognizes that his estimates are subject to omitted variable bias. Consequently,

he seeks to infer the parameter p from the principal to mitigate this bias.

Timing. Nature draws p from F on [p, p], then 61 and 6, from the joint distribution defined by
(41,42, p). The principal commits to a menu of contracts C, and correspondingly a disclosure
policy about p. The agent observes 61, updates beliefs about p from the principal’s offered
contract, and then accepts or rejects it. Uncertainty is resolved, determining u, and payofls are

realized.

The formal question. The question we ask is: What is the principal’s optimal contract? Two
observations: this is a standard price discrimination problem in which the principal posts a menu
for the agent to self-select, and the menu may reveal information about p before selection. Thus,

the problem becomes one of joint information and contract design.

Assumption. Let u,(61) be the expected value of u based on the realized value of p and 6,
and let p* solve the equation u,(b) = u,(a), which is linear in p. We assume that p* € (p, P)-
This makes the insurer’s profit in the canonical Rothschild-Stiglitz version of our problem single-

peaked in p (see Section 3).

Once the marginals are fixed to be g1 and g, the set of feasible correlations is [p.p] c [-1,1], where p =

q1(1-g2) qz(l—th)} _ 0192 _(1—q1)(1—q2)}
(on ? o o o °

min { and p = max {
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Figure 1: Benchmark (Section 3) and Optimal (Section 4) contracts

3 Benchmark: No inverse selection

We start the analysis by looking at the benchmark model where p, the correlation coefhicient,
is common knowledge. So, the principal has no statistical informational advantage; hence, there
is no scope for inverse selection. The problem becomes isomorphic to the monopolistic version
of the classical Rothschild and Stiglitz [1976] problem, studied first by Stiglitz [1977]. Then, for

any fixed value of p, the principal offers a menu of contracts:

C(p) = {cp(a),c,(b)}, where c,(61) = (pp(61),x,(61)) for 61 = a,b.

to separate the “high” risk agents from the low “risk” ones. Note, however, there is also a twist—
it depends on p whether 6; = b or 6; = a is the “high” risk type. Let H denote the high risk
type, and L the low risk type. Both parties take expectations over 6, using a joint distribution,
and the insuree is incentivized to reveal ; truthfully while ensuring that he wants to accept the

contract.'? We will refer to this as the benchmark model and label it RS, pointing to the classical

12The formal optimization problem is defined in Section 4.1 later; since the problem becomes routine when p is
common knowledge, we directly present the main result.



reference. The optimal contract is as follows.

Proposition 1. The optimal coverage is 1 = xﬁS(H) > xﬁS(L) > 0, where 3 p* € (p,p) that

solves 7R3 (p*) = max RS s.t.
P

1. p>p*=H=b,L=a,
2 p<p*=>H=a,L=b.and
3. p:p*ﬁxﬁs(b):xﬁs(a)

As in the standard monopolistic screening model, the optimal contract is always separating:
“high” risk type is offered exact coverage and “low” risk type is offered partial coverage, though

which type is high risk pivots around p*. Fix p* to solve ,(b) = p,(a).”? Then, for p > p*,

the high risk type is 61 = b and for p < p*, the high risk type is §; = a (see Figure 1b). The profit
is maximized at p*, because the agent’s private information of 61 becomes statistically irrelevant:
the principal offers a pooling contract and extracts all the surplus associated with it (see Figure
1a).1

Naturally, the profit function is also single-peaked at p* for in either direction the private
information of the insuree becomes (statistically) more informative as p gets further away from
p*. The two pieces are convex; i.e., the drop in profit occurs at a decreasing rate.

For the case p > p*, for an interior solution, the optimal coverages are given by:

1-
xp(b) =1and xp(a) =1 - —LA < 115 (1)
nqi
and the optimal profit is given by
RS _ 1 (1-q1)*
=0 o gpa+r 20 2
n >~ (I—q)A+ Y (2)

where A = (1, (b) — p1,(a)). The first term of 7%S is the efficient surplus from full insurance; the
second term is the information rent paid to the high type—linear and negative in A; the third term
is the gain from screening—quadratic and positive in A. So as p moves away from p*, increasing
A, the gains from screening are quadratic, partially offsetting the linear growth in information
rent, which explains the convex structure.

The novel twist here is that the notion of a high or low risk type is endogenous to the realiza-
tion of p. This already indicates what may happen when p is privately observed by the insurer.
She has two potential targets: first, to make the agent believe that p = p*, where his private

information becomes uninformative and thus worthless; second, to maximally invert the agent’s

3 Note from the Assumption in Section 2, p* is interior, that is, p* € (p, ).

4Technically speaking, for p > p*, IC;, binds at the optimum, and for p < p*, IC, binds at the optimum. This
determines which type is offered the efficient contract and which one is distorted.

5For a large enough distortion, the “low” type is shut out of the market, as seen in Figure 1b for high values of p.



understanding of risk—when p is large, making the insuree believe p is small, and vice versa. The
first target dominates in the rational model, where Bayesian inference constrains feasible beliefs;

the second dominates in the behavioral gullible model, where no such constraint binds.

4 Optimal information and contract design

Here, we study the joint information and contract design problem wherein the insurer chooses
the information disclosure policy for p and then offers a screening contract conditional on the
information disclosed. The insuree updates his beliefs according to Bayes’ rule, and incentive and

individual rationality constraints are evaluated using this posterior.

4.1 The optimization problem

To write down the problem formally, we introduce the associated mechanism design lexicon in
the spirit of Myerson [1982, 1983]. A message rule r : [p, 0] — A(M), where M is an arbitrary
message space chosen as part of contract design, represents how coarsely (or finely) the insurer
wants to communicate her information about the correlation coeflicient to the insuree. For
example, if » assumes only one value, no information beyond the prior is communicated, or if
7 assumes strictly monotone values, then information is fully disclosed, and so on.
Furthermore, invoking the revelation principle, we simply look at a direct mechanism where
the insurer reports her “type” p, the insuree reports his “type” 01, and a contract is selected from

the menu:

C= {cm(a),cm(b)}meM, where ¢, (61) = (pm (61), X (61)) for 01 = a,b.

A direct mechanism is then completely captured by (7, C), which is chosen by a mediator with the
objective of maximizing the profit of the insurer, subject to incentive compatibility and individual
rationality for the insuree.

The goal now is to characterize the optimal choice of (7,C). To that end, we now carefully
define the objective and constraints of the optimization problem. Let 7 (p) be the (ex post) profit

of the insurer if her type is p. Then the (ex ante) objective is given by:

H=/7r(p)f(p)a’p-



For a fixed menu c,,, the payoff of the insuree type 61 € {a, b} from reporting 6y is:

o Brs 1) = = B0) = [ 1= 20 80| (01 = 2 [ 1 0 )|

=W = Um (01) +
—_———
function of 84

A i A2 A
$m (B (01) = 3 {1 = 2, (B0)} ] pn@) )

function of 0,0,

where pt,, (61) is the expected value of u based on the realized value of 61 and the insuree’s beliefs
about p after observing the message 7. The mathematical expression for a fixed message m

drawn from 7 (p), the insurer’s profit is:

7(p) = q1 [pm(a) = pp(@)xm ()] + (1= q1) [pm (b)) = 1o (B) % (b)] (4)

where p,(61) is the expected value of u based on the realized value of p and the (truthfully)
reported value of 6.
Two types of constraints are imposed on the optimization problem. First is the incentive

constraint for the insuree (agent), that he wants to truthfully report his type to the mediator:
ICy, & 1y (61361) = 1, (615 61) V 6.

As pointed out above, the insuree’s incentive constraint incorporates the message coming from
the mediator through the mapping », by conditioning the (expected) utility on m. Second, is
the individual rationality constraint of the insuree which guarantees him a minimum expected
utility:

IRy, : #,,(61501) > uo,

where ug is calculated by substituting x = p = 0 in Equation (3). The information plus mecha-

nism design problem then reads as follows:

(P) : max ITs.t. ICy,,IRy,.

4.2 The optimal information structure and contract

Following the burgeoned literature on Bayesian persuasion and information design (Kamenica
and Gentzkow [2011] and Bergemann and Morris [2016]), the principal’s (or the insurer’s) prob-
lem can be considered as choosing posterior beliefs that satisfy the martingale (or Bayes’ plausi-
bility) condition, and then determining which contract to offer at each of those posterior beliefs.
Since both the insurer and insuree’s payofls are linear in p, it is sufficient to consider only the
expectation generated by the posterior distribution of the disclosure policy (Gentzkow and Ka-

menica [2016]). Thus, without loss of generality, we can recast the problem as one in which m,

10



and hence 7 (p), coincides with the posterior mean p it induces.

Once the message is sent, the insuree (or the agent) forms a posterior with mean say p. It
is then easy to see that the contract design problem is akin to the benchmark RS problem we
studied in the previous section at the correlation p where the insurer’s optimal profit is given by
7RS (). As in Figure 1a, this function is convex on both sides of p* and has a global maximum
at p*.

So the solution to problem (£) boils down to which amongst the set of posterior beliefs that
satisfy Bayes’rule will maximize the seller’s expected profits, given that the RS-contract will be
implemented at each of those (expected) beliefs in the second contract design stage. The solution

to this problem is conceptually simple. The following proposition summarizes it.

Proposition 2. Suppose p* € (p,p) and let p¢ = E|p] be the ex-ante mean. The optimal informa-

tion structure designed by the insurer is as follows:
o If p¢ = p*, pool all p-types by sending a unigue message, r (p) = p*.

° If p¢ > p*, 3 p™ > p*such that for all p < p**, pool all p-types by sending one message
r(p) = p*, and for p > p**, disclose all information by sending messages r (p) = p.

complete pooling, r (p) = p* full disclosure, v (p) = p

| P
p P P p° I3

° If p¢ < p*, 3 p™ < p*such that for all p > p**, pool all p-types by sending one message
r(p) = p*, and for p < p**, disclose all information by sending messages v (p) = p.

Sfull disclosure, v (p) = p complete pooling, r (p) = p*

| P
P P P P P

In plainer words, the insurer wants to push as much mass as possible to the point p*, to the
extent permitted by the Bayes’ plausibility condition. This is because the insuree has the least
informational advantage, and thence the insurer has her maximum profit at p*. This culminates
in the pooling of types around p* in a way that the posterior mean is exactly p*. If the ex ante
mean is also p*, that is the best possible scenario for the insurer, so 7 is simply a constant map
that doesn’t disclose any information beyond the prior. In all other cases, when p¢ # p*, the
pooling region is determined by whether the ex ante mean lies to the left or the right of p*. In
the non-pooling region, forced upon the insurer to satisfy the Bayes’ plausibility condition, it is
optimal to disclose full information due to the convexity of the profit function.

Put differently, the inverse selection problem has a “bang-bang” sort of solution: in one

region where the principal is expected to gain large profits by hiding the true information, she

11



maximally obfuscates while respecting the ability of the insuree to conduct Bayesian inference
correctly, and in the other region, she discloses it all to achieve maximal price discrimination.
Finally, for the contract design part, as already discussed, at each realized posterior p, the
insurer simply offers the RS contract at the correlation. Figures 1c and 1d depict the pointwise
profit and coverage in the optimal contract as a function of p. In the pooling region, the RS con-
tract corresponding to correlation p* is offered, which provides full coverage. Since the insuree’s
expected correlation is p*, he has no informational advantage whatsoever; hence, the full surplus

is extracted. The profit ranking is summarized in the following simple corollary:

Corollary 1. Let n5(p) denote the insurer’s profit under optimal inverse selection and n%5(p) the

benchmark profit. Then n'5(p) > nRS(p) for all p, with strict inequality in the pooling region for
p#p

5 Behavioral approach: incomplete inference from contracts

The requirement of Bayesian inference by the insuree is strong. There is plenty of evidence
in field and laboratory settings that show humans find it hard to fully do Bayesian updating
(see Benjamin [2019]). In our model, the insuree’s ability to do Bayesian inference works at
two levels. First, it is about understanding or interpreting how to map the space of offered
contracts to information revelation, and second, the Bayesian updating of probabilities itself.
This extra first step has its own considerable complexity in a real marketplace. In this spirit,
Barseghyan, Molinari, O’Donoghue, and Teitelbaum [2013], Handel and Kolstad [2015], and
others argue that standard insurance models miss this difficulty. We explore two departures
from perfect Bayesian inference; formal statements and proofs are in Brunnermeier, Lamba, and

Segura-Rodriguez [2026b].

Gullible insuree. As a first case, suppose the insuree is gullible to the extent that he believes
the correlation p told to him by the insurer. This stylized model is instructive in showing the
direction in which the information and contract design will go if the insurer has sharp instru-
ments at her disposal to shape the insuree’s beliefs. So, the insurer chooses 7 and C in tandem
to create both maximal obfuscation and maximal price discrimination.

The optimal contract features binary messages: the insurer reports the extreme negative cor-
relation, p, when the actual correlation is high, and the extreme positive correlation, p, when it
is low. This binary communication pivots around a threshold, say §. When p > g, so that type
01 = b is likely to suffer a larger loss, the insurer reports the opposite and overinsures 6; = a
while underinsuring 6; = b. The reverse occurs when p < g. In sum, the insurer sells a large
amount of insurance at a high price to the type who actually has a low probability of loss, and
a small amount to the type who actually has a high probability of loss. Figures 2a and 2b depict

the profit and coverages; notably, profits are uniformly higher than the benchmark for all p.
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Figure 2: Behavioral inverse selection
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Naive insuree. Another standard behavioral assumption is that the agent ignores signals offered
by the contract about the correlation coefhicient, so that the posterior always equals the prior. In
this situation, the role of 7 is moot: the insurer designs the contract as a function of p knowing
the insuree will evaluate payoffs using the prior F.

In the naive model, obfuscation is determined exogenously by the gap between the fixed
prior and realized p, and the insurer cannot influence it. This sometimes works in her favor,
sometimes against. Suppose F implies the insuree believes 61 = b is the high-risk type. When
the realized correlation is close to p, the insurer profits by selling substantial coverage to 6; = b,
who is actually low-risk but believes otherwise (see left part of Figure 2d). When the realized
correlation is close to p, however, the insurer would like to sell generously to 6; = a4, but the
incentive constraint x,(b) > x,(a) binds; nor can she sell much to 6; = b, who underestimates
his risk. Thus, for extreme correlations, pooling is forced. Overall, the naive insurer earns
higher profits on average than an uninformed seller offering the RS contract at E(p), but unlike

the gullible case, this ranking is not uniform (see Figure 2c).

Dissecting the key forces. The coverages vary as a function of p (the insurer’s private in-
formation) and 6; (the insuree’s private information). The latter generates the classical rent-
versus-efficiency tradeoff; the former generates the novel tension between obfuscation and price
discrimination. In the benchmark, obfuscation is zero and price discrimination is exogenously
determined by p. In the gullible case, both are endogenously chosen to maximize profit—there
is no tradeoff. In the naive case, obfuscation is exogenous while price discrimination is endoge-
nous, helping the insurer on average but not uniformly. In the rational model, Bayesian inference
constrains feasible beliefs, washing away some gains from inverse selection, yet the insurer still

extracts higher profits than the benchmark by pooling around p*.

6 Final remarks

Motivated by big data and Al, this paper introduces a private statistical informational advan-
tage for the insurer in an otherwise standard screening problem. By inferring correlations using
sophisticated statistical models, the insurer can significantly increase profits, especially when in-
surees cannot perform Bayesian inference.

While our baseline model employs mean-variance preferences and a 2 x 2 type space, the
mechanism appears qualitatively robust. The key structural feature is that profit is single-peaked
in the posterior expectation of the correlation, attaining a maximum where the agent’s informa-
tion is uninformative and convex on either side. This creates incentives to pool mass at the peak
and fully disclose elsewhere. The logic extends to environments with multiple local maxima—

pooling at beliefs where buyer heterogeneity becomes uninformative, separation elsewhere.!®

16Numerical simulations with CRRA preferences confirm the profit function retains this shape. For general type
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A natural next step is to limit the commitment to information disclosure that the principal
has here. The most obvious conceptual way to do that is to introduce an incentive constraint for
the insurer as well in reporting her type to the mediator. This introduces significant technical
challenges—analogous to why cheap talk models (in the spirit of Crawford and Sobel [1982]) are
harder to solve than models of information design. In ongoing work, Brunnermeier, Lamba, and
Segura-Rodriguez [2026a], we find that a lack of commitment significantly curtails the ability of
the principal to benefit from the extra statistical information, but only if the agent can do perfect
Bayesian inference.

Testable implications emerge from the model’s structure. First, if insurers possess statistical
advantages and insurees are rational, contract menus should exhibit clustering consistent with
partial pooling rather than full separation. Second, when consumers fail to infer information
from contracts, coverage should be negatively correlated with true risk: generous coverage sold
to those least likely to claim. Third, competition among insurers with heterogeneous statistical
capabilities should increase total coverage, while transparency mandates need not. Finally, rejec-
tion of the rational model would manifest in consumers failing to update beliefs in response to
menu variations that reveal the insurer’s information.

The ideas developed here can be applied to contexts other than insurance. For example,
in credit markets, new fintech allows the credit issuing agency to obtain statistical information
about the creditworthiness of a client, separate from the client being aware of hard information
regarding their financial circumstances. Finally, greater statistical information on the side of the
principal may encourage more market concentration; endogenizing data collection and market

size is a promising question for future work.

7 Appendix

We present here the proofs of Propositions 1 and 2. The analysis of propositions for behavioral
extensions can be found in the Supplementary Appendix, Brunnermeier, Lamba, and Segura-
Rodriguez [2026b].

7.1 Proof for benchmark model in Section 3

Proof of Proposition 1. For a specific (commonly known) p the insurer’s profit is given by

n(p) = q1(pp(a) = pp(a)xp(a)) + (1= q1) (pp(b) — pp(b)x, (b)) (5)

Her problem is to choose a contract ¢, = {p,(61), x,(01) }g,=, to maximize 7 (p) subject to the

feasibility constraints:

spaces ©1 X @, profit depends on the joint distribution only through the conditional expectations E[u(8) | 61].
Profit is maximized where 6; is conditionally uninformative about expected loss; the optimal policy pools at such
beliefs, though the geometry may be richer than simple intervals.
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Hp(01)x,(01) — 2(1 = x,(01))* — pp (61
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Z Hp
= —% Vo, € {ﬂ,b} 1R91

)
)

For p = p*, the correlation for which u,(b) = u,(a), there is no asymmetric information.
Therefore, she maximizes profits by offering a pooling full insurance contract x p« (&) = x - (a) =
1 and binds the IR constraints to extract expected surplus.

Suppose that p > p*, that is, u,(b) > up,(a). Then, we are in the standard Rothschild and
Stiglitz [1976] setup where 6 = b is the “high” or H type and 61 = a is the “low” or L type. It
is standard practice (see Laffont and Martimort [2009]) to show that in this case /Cy and IR
bind, and /C; and IRy are slack. Setting up the appropriate Lagrangian, taking the first order

conditions, and simplifying, we get:

1—q1

xp(H)=1landx,(L)=1- (p(H) = pup(L)) < 1.

nqi

In case of a corner solution, x,(H) = 1and x,(L) =0, where H = b and L = a.
An analogous argument shows the result for p < p*, in which u,(b) < p,(a), and thus
H=aand L =b. m|

7.2 Proof for Section 4

Proof of Proposition 2. Here, we use f (p, m) to denote the joint distribution over primitive types
p and messages m generated by the information structure, and f (m|p) for the corresponding

conditional distribution.

Step 1. First, suppose the insurer sends messages with non-zero measure that generate pos-
terior beliefs p’ < p* < p”’. By the definition of p*, the insurer’s profit satisfies 785 (p*) >
7R (p’) and 7R (p*) > nRS(p”). The insurer can thus increase profits by reassigning mass
from the messages generating p’ and p”’ to a new message 7 that induces the posterior p*. Since
p’ < p* < p”, this reassignment can be constructed to be Bayes-plausible. This process can be
repeated until the measure of messages generating posteriors on one side of p* (either for correla-
tions below p* or above p*) is zero. Therefore, there cannot be a non-zero mass of posteriors
both below and above p*.

RS is strictly convex on either side of p* where the

Second, we show that the function n
Rothschild-Stiglitz (RS) solution is interior, and constant otherwise. Suppose p > p*, implying
A = puy(b) — py(a) > 0. Substituting the RS solution into the insurer’s profit function yields
Equation (2) from Section 3: 785 =1 — (1 - g1)A + %Az. This function is strictly convex
in A, which itself is increasing in p. Conversely, at a corner solution, the coverage offered is

independent of p, and the insurer appropriates the entire (constant) surplus. Notice that the

16



solution is interior in a right-side neighborhood of p*.

Step 2. Consider the trivial case where p* = E[p]. The insurer can generate the posterior

RS

belief p* with a single, uninformative message. Since 7™*° is maximized at p*, this strategy is

optimal.

Step 3. Suppose E[p] > p*. Step 1 implies the information structure can only generate
posteriors at p* and to one side of it. Since E[p] > p*, Bayes plausibility requires that the
support of the posterior beliefs must be larger than or equal to p*.

Suppose there exists a set of messages M c M such that for any m € M, /p a f(m |
) f(p)dp’ > 0and E[p | m] > p*. This means message m (which induces a posterior
larger than p*) is sent with positive probability by some types p < p*.

Take any such message m’ € M. Bayes plausibility allows m” to be split into two new
messages, 7 and 772, inducing posteriors p* and g > E[p | m’], respectively. From Step 1,
nRS is strictly convex in a neighborhood of p*. By Jensen’s inequality, this new information
structure improves the insurer’s profit. This process can be repeated until no message m with
E[p | m] > p* is sent with positive probability by any type p < p*.

Therefore, with probability one, any type p < p* must send a message that generates

the posterior belief p*.

Step 4a. Define p** such that p* = E[p | p < p**]. We claim that for p € (p* p**], the
insurer also sends, with probability one, a message generating the posterior p*.

Suppose, for contradiction, there is a set of messages M such that for any m € M, fp - f(m |
p)f (p)dp >0and E[p | m] > p*. This means some types in (p*, p**] are not pooled to p*.

From Step 3, all types p < p* are pooled to p*. By the definition of p**, to maintain Bayes
plausibility, there must be another set of messages M’ such that form’ € M’,E[p | m’] = p* and
this message is sent by types above p** (i.e., fpp f(m' | p')f(p)dp’ > 0). This construction is

necessary to balance the types in M that are not pooled to p*.

Step 4b. We propose a new information structure to improve insurer profits. Take a message
m’ € M’ and move an € proportion of its density f (p’,m’) for each p’ € [p**, p] to a message

m € M. Simultaneously, move a § proportion of the density f(p,m) for each p € [p*, p**]
E(p'm")=p*G(p'm’)
- B E(p.m)=p*G(pm) 2
E(p'sm') = [ p'f(p'sm")dp’, G(p"sm") = [1 f(p'sm")dp’, E(p,m) = [ pf (p.m)dp,

and G(p,m) = [7 f(p,m)dp

el : E(p'm’) E(p,m) " . . .
It 1s immediate that Clrmy ” Ciamy > P (these ratios are the conditional expectations).

By definition of 6, it follows that 6G(p,m) (gﬁg:"n)) - p*) = eG(p',m") (% - p*). This

implies §G(p,m) > €G(p’,m’), meaning more probability mass is moved to 7’ than to m.

where:

from m to m’. We choose € small enough to ensure 6 < 1, with§ = €

Next, we prove this reassignment preserves E[p | m’] = p* and increases E[p | m]. First, let
A = fpp o' f(p'sm')dp' —€E(p’,m’) and B’ = fpp f(p'sm")dp' —eG(p’,m’), the expected cor-
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relation and total mass of message m’ after removing an € portion from this message to message

m. By definition:

A+ €eE(p',m’)

B +€eG(p',m’)

= B'p"=A"+e(E(p',m’) - p*G(p’,m"))
=A"+6(E(p,m) - p*G(p,m))

p* =E[p|m’]

This implies p* = ﬁ,:%%. Thus, the posterior for m’ remains p* after the reassignment.

Second, analogously to A’ and B/, let A = fp/3 of (p,m)dp—6E(p,m)and B = fpﬁ f(p,m)dp—

_ A+6E(pm)

= B+6G (o) - This implies that

8 G (p,m). The original posterior is § = E[p | m]

Bp=A+06(E(p,m)—p"G(p,m)) +6G(p,m)(p" - p)
= Bp=A+e(E(p',m') - p"G(p’,m") +6G(p,m)(p" - p)
= Bp=A+e(E(p',m') - pG(p’,m")) + (6G(p,m) - €G(p',m"))(p" - p)

As p > p* and 6G(p,m) > €G(p’,m’), the final term is negative. We conclude that g <
A+eE(p',m’)

B+eG(p'sm’) "
expected correlation for 7 has increased.

The term on the right is the new posterior for message m; thus, the conditional

Therefore, this process effectively splits probability mass from the posterior § (generated by
m) between p* and a posterior larger than g. By strict convexity in the neighborhood of p*,
this new information structure yields higher profits. Repeating this process until [, L pi f(m’ |
o) f (p")dp'dm’ =0, we conclude that, with probability one, all correlations p < p*™* must be

pooled to generate the posterior p*.

Step 5. The convexity of 785 implies that for p > p**, the insurer weakly prefers full revela-

tion of the correlation. This preference is strict wherever the RS solution is interior.

Step 6. The case E[p] < p* is analogous and follows by applying symmetric arguments from
Steps 3-5.
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