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Abstract
Risk classification refers to the use of observable characteristics by insurers to group individuals with
similar expected claims, compute the corresponding premiums, and thereby reduce asymmetric
information. Risk classification can be used to mitigate adverse selection and improve insurance market
efficiency, but it may have undesirable equity or efficiency consequences. We employ a canonical
screening model of insurance contracting to study these trade‐offs in a range of informational
environments, and to understand when efficiency or equity concerns are likely to be particularly
important. We also review empirical studies on risk classification and residual asymmetric information.
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1. Introduction
Risk classification refers to the use of observable characteristics such as gender, race, behavior, or the
outcome of genetic tests to price or structure insurance policies. Risk classification helps insurers classify
selected risks when underwriting. It allows them to group individual risks with similar expected medical
costs, compute the corresponding insurance premiums, and reduce adverse selection (and potential
moral hazard). Only risk characteristics correlated with expected claim costs are useful for underwriting.
Information on individual risk is seldom used to determine individual participation in employer‐ or
government‐sponsored plans, but is often observed in voluntary plans and in long‐term insurance
markets, where it serves to define accessibility, classify policyholders in homogenous risk classes, and
set the premiums of each risk class.
In the U.S., the standards of risk classification in the insurer underwriting policy are identified in the
Actuarial Standards of Practice 12 (ASOP 12). The choice of rating variables consists of three steps: 1)
selection of objective risk characteristics correlated to medical expenses (a causal relationship is not
necessary); 2) use of acceptable data and statistical methods that may, however, be subject to the
actuary’s judgment; and 3) consideration of new or additional characteristics, taking into account the
benefits and costs of doing more detailed analysis (American Academy of Actuaries, 2001).
An efficient risk classification system, using actuarial rules and principles, should generate an actuarial
premium that reflects the expected cost associated with a given risk characteristic. Two clients with the
same risk level should pay the same premium. This is known as the “financial equity” criteria in the
actuarial literature (Baker, 2011). In health insurance, premiums are most commonly determined by
age, sex, and smoking behavior. Current medical conditions (high cholesterol, diabetes, etc.) and
medical histories of older clients are often added as criteria because they can affect the medical
expenses covered by the insurance plan. Information on lifestyle, diet, and exercise can also be added.
Risk classification may take into account advances in diagnostics and treatments. However, this practice
is limited by regulation in many countries where some characteristics or tests cannot be used to
evaluate eligibility and establish premiums. Opinions differ about the use of sophisticated diagnostic
tests, such as genetic tests (Chiappori, 2006; Hoy and Witt, 2007). Although these tests clearly provide
useful information, they reduce high‐risk individuals’ access to medical treatments. Often, they reveal
medical conditions that are exogenous to the individuals, and considering them for insurance
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accessibility raises equity concerns. (This is sometimes referred to as “classification risk.”) This explains
the presence of legal constraints on the application of certain tests for insurance classification and
pricing. The new Patient Protection and Affordable Care Act (PPACA), introduced in the U.S. in 2010,
forbids pricing on any characteristics other than age, family status, geographic or rating area, and
tobacco use. The Act restricts even the use of these characteristics (Baker, 2011; Harrington, 2010a,
2010b), and prohibits the pricing of insurance based on individual health status.
More generally, selection and pricing activity based on individual characteristics is subject to concerns
about social fairness (or equity) and potential discrimination. This is particularly true in the medical and
disability insurance markets. The policy decision to restrict the use of risk classification thus often
involves a trade‐off between financial and social equity. Less obviously, it also often involves a trade‐off
between social equity and efficiency provision of insurance.
For example, risk‐pooling arising from legal restrictions on risk classification may lead to a situation in
which lower‐risk individuals pay higher premiums than those corresponding to their true risk, while
higher‐risk individuals pay lower premiums. On the one hand, these financial inequities (may) reduce
classification risk and the potential for discrimination, and improve social equity. On the other hand,
when the proportion of high‐risk individuals is significant, premiums may rise considerably because low‐
risk individuals will leave the insurer. The net result can be that higher‐risk individuals are no better off
as a result of the legal restrictions, and lower‐risk individuals, who no longer avail themselves of
insurance opportunities, are made strictly worse off.
This situation corresponds to a pure adverse selection “death spiral” problem. One way to reduce this
sort of premium spiral is to offer menus of contracts within the risk classes. For example, the new Act in
the U.S. permits the sale of deductibles to people under 30, which will probably create a separation of
risks within this group. Compulsory insurance is another way to mitigate adverse selection and the need
for risk classification.
In a recent paper, Einav and Finkelstein (2011) develop a graphical method that can be adapted to study
the costs and benefits of risk classification. Their approach uses a very specific “deadweight‐loss” notion
of efficiency and does not directly address distributional concerns. It also abstracts from explicitly
modeling the nature of insurance market contracting, and, in particular, the screening models that have
been the hallmark of the insurance market literature since Rothschild and Stiglitz (1976). In this paper,
we survey and elaborate on this “screening” literature. We show how canonical insurance contracting
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frameworks can be used to illustrate explicitly the trade‐offs between efficiency and distributional
concerns, and, moreover, can be used to identify settings in which the equity (“distributional”) or
efficiency consequences are theoretically most likely to be particularly important. These theoretical
models and consequences are the focus of sections 2‐7. Section 8 relates these models to empirical
studies on asymmetric information and risk classification.

2. The Canonical Modeling Framework

2.1 Basic Framework
Our formal analysis of risk classification employs a standard adverse selection model of insurance
markets. We also consider some moral‐hazard extensions in Section 7. Individuals in this model are
endowed with a lump sum of money

and face a risk of a monetary loss of size . Individuals differ in

their probability of experiencing this loss. Any two individuals with the same loss probability are said to
have the same “risk type”. There is some set of possible risk types, and
type

. For example,

,

(a high risk type

, with

is the loss probability of

and a low risk type ) in the

canonical model of Rothschild and Stiglitz (1976).
Insurance contracts are offered by risk neutral insurers. Contracts consist of a premium
insured and an indemnity

which is paid if the insured suffers a loss. An individual who purchases such
available for consumption if she does not experience a loss

a contract thus has net wealth
and

paid by the

if she does experience a loss. It is frequently more convenient to describe

contracts directly in terms of the induced consumption allocations

,

rather than premium‐

indemnity pairs; we follow this convention here.
To illustrate the connection between the premium‐indemnity and the induced‐consumption
descriptions of insurance contracts, Figure 1 below depicts a representative insurance contract
in consumption space. This in the consumption induced by the premium
This contract

∗

,

∗

lies below the 45∘ line, indicating that the indemnity

∗

,

∗

and the net indemnity
is less than the loss .

This can be interpreted as a contract with a positive deductible. A contract with a positive deductible is
said to provide less than full insurance. A “full insurance contract” has no deductible, and is associated
with a consumption point

∗

,

∗

that lies on the 45∘ line. (Consumption allocations above the 45∘ line

result from contracts providing “overinsurance.”)
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<Figure 1 about here>
An insurer earns profits:
π

from selling a contract

,

,

,

1

1

which induces consumption

,

(1)

to a type individual. Curves of

constant profit (iso‐profit curves) are thus lines with constant slope – 1

/

when drawn in

consumption space.
Individual are expected utility maximizers, with preferences given by:
,
where

0 and

,

,

1

(2)

0.

Indifference curves have slope – 1

/

. Since

0, this means that they are

bowed towards the origin (in consumption space), and they are tangent to iso‐profit lines at (and only
at) points on the full insurance line.
2.2 Informational Environment
Information about risk type can be symmetric or asymmetric. If it is symmetric—i.e., if insurers have the
same information about any given individual’s risk type as the individual does—then, without loss of
generality, we can assume each individual knows her own risk type and that insurers perfectly observe
the risk type of each potential customer. (This is because preferences and profits are linear in
probabilities: a model with symmetrically known but uncertain risks
model with symmetrically known and certain risks

is analytically identical to a

.)

We will focus attention on asymmetric information environments (or imperfect risk classification based
on observable characteristics) in which the insurer is less informed than any given individuals about
accident risk inside risk classes. (See Villeneuve, 2005, for an analysis of markets in which the insurer is
more informed than the insured.) Moreover, we assume, without loss of generality, that individuals are
fully informed about their risk type. If insurers have no information about individuals’ risk, then all
individuals are indistinguishable—from an expected risk perspective—to insurers: they know nothing
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more than that any given individual is drawn from the population distribution of risk types. We use Λ
to denote this population distribution. Alternatively, insurers may be partially informed: partially
Σ about each individual’s risk type. The signal is

informed insurers observe an informative “signal”

informative insofar as the conditional probability distribution Λ |
Λ

over risk types differs from

. Signals are also referred to in the literature as “groups”, “categories” or “classes”.

When there are two risk types

and , we can take Λ

and Λ

1

the population fraction of high risk types. Similarly, when there are two groups
females—we can take Λ

|

and Λ

|

so that measures
A, B —say males and

. This yields the model studied by Hoy

(1982) and Crocker and Snow (1986), which plays a central role in our analysis. In this case, group
individuals (e.g., men) are less likely to be high‐risk individuals, but if
some high‐risk individuals in group . Similarly, group
high‐risk types, but if

0, there are nevertheless

individuals (e.g., women) are more likely to be

1, there are still low‐risk types in group .

2.3 Market Outcomes
Of particular interest is the profile of consumption allocations

,

which each risk type obtains in a

given market environment. These are frequently (but not exclusively) referred to as “equilibrium”
outcomes in the literature, but the literature is somewhat inconsistent in the formal underpinnings of
various equilibrium concepts (see Hellwig, 1987, for a discussion) and we therefore employ the more
general term “market outcomes” here.
The market outcome which obtains in a given market environment naturally depends on the
informational and the institutional features of that environment. We focus on two types of institution,
both of which are competitive and both of which involve exclusive contracting. We refer to these two
types as the “fixed contracts” and “screening” cases.
In the fixed contracts case, firms compete on price (premium) to provide an exogenously fixed type of
contract. This is a useful stylized model for examining settings in which, by law or by custom, insurance
contract are standardized, in the sense that coverage (i.e., the losses covered and the indemnities
provided for those losses) is uniform across insurance providers. Our focal example of the fixed
contracts case involves full‐insurance contracts—i.e., contracts fully indemnify the loss . We assume
that the market outcomes in this case are given by the Nash‐equilibrium of a game in which (a large
number of firms) firms first set contract prices—potentially differing for individuals with different risk
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types or in different groups—and individuals then choose the lowest priced contract available to their
risk type and/or group.
In the screening case, firms compete on two dimensions: on price and on the type or level of coverage
provided. This additional flexibility allows firms to offer menus of contracts designed to differentially
appeal to different risk types. A single firm might, for example, offer both a high‐deductible low‐
premium contract and a low‐deductible high‐premium contract in the hopes of inducing individuals to
reveal their risk type via their contract choices. Such a screening strategy is potentially useful when firms
cannot observe risk type or face regulatory restrictions on offering type‐specific contracts.
The canonical market outcome in the screening case is the Rothschild‐Stiglitz (1976) equilibrium,
depicted in Figure 2 for a market with two risk types and unobservable private information. This market
∗

outcome allocates the contract

∗

to ‐types and

to ‐types. The former lies at the intersection of

the 45 line and the ‐type’s zero‐profit line (the line through the no‐insurance consumption point
,

with slope

‐type’s contract

∗

1

/

). That is, it provides full insurance at an actuarially fair rate. The

lies at the intersection of the ‐type’s zero‐profit line and the ‐type’s

indifference curve through

∗

. It thus provides actuarially fair but incomplete insurance for the lower

risk ‐types. Specifically, ‐types get as much insurance as possible at their actually fair rate without
inducing ‐types to switch to the contract designed for ‐types. Screening of different risk types is
achieved in this market outcome because the lower risk
their indifference curve, labeled

, through

∗

‐types strictly prefer

∗

to

∗

(as shown by

) and are willing to sacrifice full insurance to credibly

signal that they are lower risks and thereby receive lower premiums.
Rothschild and Stiglitz (1976) show that the market outcome

∗

,

∗

depicted in Figure 2 is the only

possible Nash equilibrium of a game in which multiple firms simultaneously offer individual contracts
and then individuals choose their preferred contract from the set of contracts offered. They also show
that there is no equilibrium of the game when the fraction of high risk types is sufficiently low. This
lack of equilibrium occurs because when is low, a portion of the pooled actuarially fair line (i.e., the
1

zero‐profit line for an individual with risk type ̅

) lies above the ‐type’s

indifference curve. When this is the case, a firm could deviate from the Rothschild‐Stiglitz candidate
equilibrium by offering a single contract providing consumption between the pooled fair line and the ‐
type indifference curve. This would be a profitable deviation since it would attract both risk types; the
Rothschild‐Stigliz equilibrium candidate is thus not, in fact, a Nash equilibrium in this case.
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<Figure 2 about here>
The literature has primarily employed three distinct alternative equilibrium concepts to resolve this non‐
existence problem. Each of the three concepts predicts a unique equilibrium outcome for any set of
parameters, but they do not always coincide, and there is no consensus about which one (if any) is right
(see Hellwig, 1987). The Riley (1979) reactive equilibrium predicts that the Rothschild‐Stiglitz candidate
equilibrium will be the market equilibrium, even when the proportion of high risk types is low. The
Wilson (1977) (E2) foresight equilibrium coincides with the Rothschild‐Stiglitz equilibrium whenever the
latter exists, and otherwise is a pooling equilibrium in which both risk types receive the contract on the
pooled zero‐profit line which is most preferred by the ‐type.
The Miyazaki (1977)‐Wilson (1976)‐Spence (1978) (henceforth, MWS) involves a similar foresight
concept and recognizes that at the Rothschild‐Stiglitz candidate equilibrium, there may be scope for
Pareto improving cross subsidies from the ‐types to the ‐types. The contract pair
3 illustrates an example of such a cross‐subsidy. The ‐type contract
zero‐profit line, while the ‐type contract
thus involves cross subsidies. Since the point

∗

∗

∗

,

∗

in Figure

lies strictly below the ‐type’s

lies strictly above the ‐type’s zero profit line. The pair
∗

still provides full insurance, it is obviously strictly

better for the ‐types than the Rothschild‐Stiglitz candidate contract, labeled
contract

∗

also lies on a higher indifference curve (labeled

#

. As drawn, the ‐type

) than ‐types would be on in the

Rothschild‐Stigliz candidate equilibrium (the dashed indifference curve below

). This is possible

because the cross‐subsidy to ‐types makes ‐types less interested in switching to the ‐type’s
contract. This allows the market to provide more insurance to ‐types. Pareto improving cross‐subsidies
exist whenever the benefits to ‐types of this additional insurance are more than enough to outweigh
the costs of providing the cross‐subsidy.
<Figure 3 about here>
In the MWS equilibrium, the market takes advantage of these Pareto‐improving cross subsidies
whenever they exist. Specifically, the MWS equilibrium is the member of the class of constrained
efficient separating allocations which maximizes the expected utility of ‐types subject to ‐types being
at least as well off as they would be with their full insurance actuarially fair contract. For sufficiently high
values of , it again coincides with the Rothschild‐Stiglitz equilibrium. For lower values of , it involves
cross‐subsidies from low‐risks to high‐risks. As in the Rothschild‐Stiglitz candidate equilibrium, ‐types
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still receive full insurance, but now at potentially better‐than‐actuarially fair rates. Similarly, ‐types
remain underinsured—albeit less so—but pay greater than actuarially fair premiums. (See Dubey and
Geanakoplos, 2002, Martin, 2007, Netzer and Scheuer, 2008, and Picard, 2009 for modern discussions of
the justifications of the Rothschild‐Stiglitz and MWS concepts.)
An alternative approach to modeling market outcomes in the insurance literature is to focus on efficient
outcomes (see, e.g., Crocker and Snow, 2000) rather than equilibrium outcomes per se—although the
two can coincide, since the MWS equilibrium is constrained efficient (for a fixed proportion of high‐risk
types; see Crocker and Snow, 1985a). A “first best efficient” market outcome maximizes aggregate
profits:
,

Λ

(3)

subject to
,
for all risk‐types

, where

(4)

is a minimum utility constraint for the type. It is straightforward to show

that an allocation is first best efficient for some set of minimum utilities if and only if

for each .

A social planner who observes each individual’s risk types and can dictate their required insurance
contracts could, in principle, implement any first‐best efficient market outcome with non‐negative
aggregate profits. Since we typically assume that the social planner is interested in the well‐being of
individuals and not firms per se, we focus on the first best efficient market outcomes with exactly zero
profits. (Indeed, the term first best efficient frequently incorporates this zero profit assumption, as in
Crocker and Snow, 2000.)
When individuals are privately informed about risk type and the social planner is completely uninformed
about an individual’s risk type a “second‐best” efficiency problem for the social planner is appropriate.
In this second‐best (or “constrained”) efficient problem, the social planner faces the additional incentive
compatibility constraints:
,

,
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∀, .

(5)

These constraints reflect the fact that the social planner cannot directly identify an individual’s type, and
thus cannot force an individual to select a contract which he finds strictly worse than some other
contract which is available.
When the social planner is partially informed about individual risk types via a partially informative signal
, it can condition contracts on the signal, so the incentive compatibility constraints for the constrained
efficient problem are instead:
,

,

,

,

∀, ,

such that Λ |

0, Λ |

0

(6)

Our approach to studying the effects of risk classification on market outcomes will be to compare
market outcomes in the presence of risk classification to market outcomes in its absence.
It is worth noting that we do not consider some other models of market outcomes which arise in the
literature. For example, we do not explicitly consider models with a monopoly insurance provider (e.g.,
Stiglitz, 1977) or oligopolistic markets (e.g., Buzzacchi and Valletti, 2005). Nor do we consider linear
pricing equilibrium, which are often used in markets where contracting is non‐exclusive and individuals
can buy small amount of coverage from multiple providers simultaneously (e.g., Pauly, 1974, Hoy and
Polborn, 2000, and Villeneuve, 2003).

3. Risk Classification can have Purely Distributional Consequences

Policy discussions about risk classification frequently emphasize the perceived distributional benefits of
restricting firms from employing risk classification and downplay or ignore the potential efficiency costs
of such restrictions. We first consider a (rather restrictive) setting in which risk‐classification does not
have any efficiency consequences and this emphasis is appropriate.
This setting is characterized by the following assumptions:
(i)

there are two risk types,

and , with

(ii)

there is symmetric information, so insurance providers can readily identify the risk type of

, and a fraction of ‐types;

any individual;
(iii)

insurance contracts are fixed full insurance contracts, so firms compete only on price;
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(iv)

there is a mandatory purchase requirement: each individual must buy one (and only one)
insurance contract.

Figure 4 depicts the market outcomes. When insurance providers classify based on observable risk type,
each type

,

in exchange for full indemnification of the loss

pays its type‐fair premium

∗

. The associated consumption allocations are labeled

. When insurance providers do not employ

risk classification based on risk type, both types of individuals pay the pooled‐fair premium
1

∗

≡ ̅ , with results in consumption

. This is the unique equilibrium outcome of

the game in which firms first post prices (which are type specific if risk classification is employed) and
individuals then choose from the contracts available to them.
<Figure 4 about here>
Risk classification clearly has distributional consequences in this setting: it improves the well‐being of
the ‐types at the expense of the well‐being of ‐types. Because both market outcomes are first‐best
efficient, risk classification has no efficiency consequences.
Whenever risk classification is permitted, it will be used by the market. This is because, at the no
classification equilibrium (

∗

in Figure 4) a deviating firm could make positive profits offering a slightly
∗

less expensive contract (just up and to the right from
∗

attract all ‐types, leaving only the ‐types buying

) which is available only to ‐types. This will

and rendering that contract unprofitable. As

such, the no‐classification market outcome is only likely to arise in the presence of explicit legal
restrictions on the use of risk classification. The consequences of risk classification are therefore best
interpreted as the consequences of legalizing versus banning risk classification here.
In this simple setting, legal restrictions on pricing based on risk‐related categorical affiliations like gender
can be imposed without adverse efficiency consequences. This does not mean ipso facto that such
restrictions—which transfer resources from low‐risk individuals to high‐risk individuals—are desirable,
however. From an interim perspective, when risk types are taken as given and known, the desirability of
such bans depends on distributional preferences. An objective observer’s preference is likely to depend
on why individuals have different risk types. For example, if the riskiness of a given individual is the
result of previous health investment decisions such as diet or exercise, then a restriction on the use of
observable correlates of this past behavior in pricing policies will have the perverse effect of punishing
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good past decisions and rewarding bad ones. An objective observer might reasonably regard this as
inequitable.
Even when risk type is completely outside of individual control, however—for example when type is
determined by genetic predispositions towards ill health—opinions about the desirability of the
distributional consequences of banning risk classification may differ. Low‐risk individuals are likely to
object to the redistribution that results from such a ban, and might reasonably wonder why they should
be forced to effectively subsidize other individuals’ insurance premiums. A utilitarian social planner, on
the other hand, will always prefer the market outcome with a ban on risk‐categorization. As Hoy (2006)
points out, utilitarian social welfare preferences are a natural choice: they follow directly from
Harsanyi’s (1953, 1955) veil of ignorance approach since they coincide with the ex‐ante preferences of
an individual who does not yet know which risk type she will end up being.
The assumptions (i)‐(iv) underlying this analysis are obviously quite restrictive. It is straightforward to
show that assumptions (i) and (ii) can be relaxed, though: the same basic result would hold if there were
more risk types, or if insurers could observe an imperfect signal of individuals’ privately known risk type.
On the other hand, although the full insurance part can be relaxed, the fixed contract part of assumption
(iii) is essential. As we discuss in the following section, if contracts are not fixed, there will typically be
negative efficiency consequences of imposing legal restrictions on risk classification in screening
settings.
The mandatory purchase assumption (iv) may or may not be essential, depending on specifics of
individual preferences and on the distribution of risk types. Figure 4 depicts a situation in which it is not
essential. As drawn, the point

∗

lies strictly above the “autarkic” indifference curves (labeled
,

that pass through the no‐insurance consumption point

and

.This means that, if risk

classification were banned, both individuals would still voluntarily choose to purchase the contract
instead of foregoing insurance. On the other hand, if
indifference curve instead hit the 45° line above

∗

∗

,

,

,

∗

so that the ‐type

, then assumption (iv) is essential. We discuss this

voluntary purchase case in the following section.

4. Risk Classification Bans can be Purely Efficiency Reducing
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The example above may be what some policy makers have in mind when contemplating a ban on risk
classification: they imagine that the only result of the imposition of a ban will be a shift to pooled prices
and they view this as distributionally desirable. In many settings, this is an unreasonable expectation.
Consider the consequences of relaxing the mandated purchase assumption (iv) in the fixed contracts
setting of the preceding section, for example. Without this mandate, a ban on risk‐classification can
reduce efficiency and have no beneficial distributional consequences at all: If the fraction of high‐risk
types is sufficiently high, then

∗

,

,

,

the ‐type indifference curve through the no‐insurance point
∗

. In contrast with Figure 4, this means that
will hit the 45° line above

,

. If risk classification is banned in such an environment, then any premium at which ‐types will buy

insurance will be strictly unprofitable when it is also sold to ‐types. Such a ban will therefore lead ‐
types to exit the insurance market; they will be strictly worse off as a result. Moreover, once ‐types are
driven out of the market, ‐types will end up with the contract yielding consumption

∗

, exactly as

they would if risk classification were legal. Banning risk classification in such an environment is therefore
purely efficiency reducing: it hurts ‐types without benefitting ‐types.
In fact, the negative efficiency consequences of a ban on risk‐classification in a fixed contract voluntary‐
purchase environment can be quite dire. Suppose, for example, that the fixed contract provides full
insurance, and that there is a continuum of risk types with risk probabilities
0,1 . For any given premium

uniformly distributed on

(i.e., any policy actually offering any insurance), only individuals

with
(7)
will voluntarily choose to purchase insurance. The break‐even premium to sell to this set of individuals is
1

/2. When

the premium

is strictly lower than premium required to break

even on the set of individuals who voluntarily purchase insurance contracts at premium , and offering
contracts at a premium

will lead to losses. It is easy to find examples of utility functions

property that
no premium

for every

. (E.g.,

with

⋅ with the

. ) In this case there is

at which firms are willing to sell contracts. The unique market outcome therefore

involves no insurance at all.
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This pernicious outcome can be understood intuitively as follows: if firms naively priced insurance at the
pooled fair premium (

0.5), the lowest risk individuals would choose not to purchase and the

insurance pool would end up being too risky for that premium. Insurers would be forced to raise
premiums, inducing some of the least risky remaining individuals to drop their insurance, forcing firms
to further raise premiums, and so forth. Depending on the preferences and the distribution of types, this
can lead to a complete unraveling of the market. This unraveling was first described formally by Akerlof
(1970), and is known as an “adverse selection death spiral.” (See, for example, Cutler and Reber (1998)
and Strohmenger and Wambach (2000).)
When contracts are not fixed, firms can typically use screening mechanisms to prevent a complete
collapse of the market for insurance. Bans on risk classification can still be purely efficiency reducing
even when firms employ screening, however. Suppose, for example, that there are two risk types, that
information is symmetric, and that market outcomes are described by the Riley equilibrium (i.e., the
Rothschild‐Stiglitz candidate equilibrium). Then when risk classification is permitted, individuals will
purchase their type‐specific full insurance actuarially fair contracts
they will instead purchase the contracts

∗

∗

as in Figure 4. When it is banned,

depicted in Figure 2. Even though both types still continue

to actively participate in the insurance market, the ban is purely efficiency reducing: ‐types are
unaffected by the ban, but ‐types now purchase a contract providing strictly less insurance than before
and are strictly worse off.
Buchmueller and DiNardo (2002) look empirically at the consequences of community rating (a ban on
risk classification) in the small group and individual health insurance market in New York State. They
provide evidence that suggests exactly this sort of an effect: they find no evidence of a significant
reduction in the fraction of individuals with insurance, but they do find evidence of a significant shift in
towards less generous insurance coverage.

5. Risk Classification Can Involve Trade‐offs between Efficiency and
Distributional Equity

5.1 Efficiency and Distributional Effects with MWS Market Outcomes
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The consequences of risk classification in screening environments are less clear cut under other types of
market outcomes. We use the MWS market outcomes concept to illustrate that bans on risk
classification can have negative efficiency consequences and beneficial distributional consequences.
Figure 3 can be used to analyze the two‐type, symmetric information case. With risk classification,
individuals would receive full insurance at their actuarially fair full insurance premium, resulting in the
#

consumptions

. The contracts

∗

denote the MWS outcomes without risk classification. As drawn,

this market outcome involves cross‐subsidies from the ‐types to the ‐types. Because of these cross
subsidies, ‐types are strictly better off than they would be with their actuarially fair full insurance
contract. ‐types are better off than they would be without the cross subsidies—i.e., in a Rothschild‐
Stiglitz equilibrium—but strictly worse off than they would be in the market outcome with the contract
#

that they would receive with risk classification.

For a social planner who would like to redistribute from ‐types to ‐types, banning risk classification
and moving the market outcomes from

#

to

∗

has desirable distributional consequences. Such a ban

has unambiguously negative efficiency consequences, however: it moves the economy from a first‐best
efficient allocation to one which is not first best efficient. Indeed, the allocation
by the pair

∗

,

∗

depicted in Figure 3. The pair

,

∗

is Pareto dominated

yields aggregate profits of zero, and, since

information is symmetric and risk type is observable, it is informationally feasible. A social planner could,
in principle, directly implement that strictly preferable outcome. Alternatively, by imposing a properly
calibrated tax/subsidy on contracts sold to / types, it could induce a decentralized market with
legalized risk‐classfication to offer them..
Crocker and Snow (1986) show that the same conclusions generalize when risk classification is only
partially informative. They consider the setting with two risk types, and two partially informative signals
(“groups” or “categories”)

and , where signal

(respectively, ) is associated with a greater

(respectively, lower) probability of being a high risk. Formally Λ
with

1 and

|

and Λ

|

,

0. It is easiest to see how the results generalize by examining the MWS equilibria

with and without risk classification. Without risk classification, the market outcome

∗

∗

,

is simply

the MWS outcome for a two risk‐type economy with a fraction λ of high‐risks. With risk classification,
the market outcome provides individuals in group

(

,

with the consumptions

∗,

,

associated with the MWS outcome for a two risk‐type economy with the group‐specific fraction

∗,

of

high‐risks. There are three possibilities (exhaustive, because if an MWS outcome involves positive cross‐
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subsidies with some fraction of high risks, the MWS outcome in a market with a smaller fraction of high‐
risks will as well):
∗,

,

∗,

do not involve cross subsidies from low risks to

(2) The ‐group market outcomes

∗,

,

∗,

involve cross subsidies, while the no risk‐

classification market outcomes

∗

(1) The ‐group market outcomes
high risks.

,

∗

do not involve cross subsidies.
∗

(3) The no risk‐classification market outcomes

,

∗

involve cross subsidies.

In case (1), market outcomes coincide with the Rothschild‐Stiglitz equilibrium consumptions both with
and without risk classification. In this case, banning risk classification has neither efficiency nor
distributional consequences—indeed, it has no effects at all.
In case (2), the market outcome with risk classification Pareto dominates the market outcome without
risk classification: Category

individuals receive the same (Rothschild‐Stiglitz) contracts with and

without risk classification, while both risk types in Category

are strictly better off. In this case, risk

classification has only (beneficial) efficiency consequences.
Case (3) is illustrated in Figure 5. Triangles denote the category‐ and type‐specific contracts
risk classification is legal, and circles denote the type‐specific contracts

∗,

∗,

when

when classification is

banned. As it shows, risk classification makes category‐ individuals better off (moves them to the
higher dashed indifference curves) and category‐ individuals worse off (moves them to the lower
dashed indifference curves).
Risk classification also has efficiency consequences in case (3) because the market outcome without risk
classification is not second‐best efficient in this case. The MWS equilibrium is the constrained efficient
outcome which maximizes the well‐being of ‐types. When this equilibrium involves cross subsidies, the
magnitude of these cross subsidies is chosen to balance the benefit of easing the incentive constraint
with the cost of reduced resources. Lowering the fraction of high‐risk types lowers the resource cost of
any given amount of incentive constraint easing, and thus tilts the balance towards additional cross
subsidies. This means that at

∗

,

∗

in Figure 5, additional cross subsidies would be Pareto

improving within category . That is, there is therefore an alternative allocation that could be offered in
an incentive‐compatible way to the category

individuals that would increase the well‐being of both

category‐ types at the same net actuarial cost for the category. (It is not illustrated in Figure 5, but in it
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the ‐type contract would lie on the full insurance line above and to the right of
∗

contract would lie up and to the left of

∗

, and the ‐type

.) It is therefore feasible to make the category

individuals

strictly better off without changing the allocations to category‐ individuals.
<Figure 5 about here>

5.2 Welfare Analysis with Distributional and Efficiency Effects
There are three general approaches to welfare analysis when there are both efficiency and distributional
consequences. One approach is to adopt an explicit social welfare function which assigns welfare
weights to the different types, as in Hoy (2006). This approach can be viewed as imposing a tacit trade‐
off between the distributional benefits and the efficiency costs. A second approach is to explicitly and
separately quantify the efficiency and distributional consequences; this approach is useful when
different policy analysts differ in their perception about the optimal trade‐off between distribution and
efficiency concerns (viz Finkelstein et al., 2009, who apply this approach to the analysis of gender
classification in the U.K. compulsory annuity market).
A third approach is to argue that policymakers should focus exclusively on the efficiency consequences.
∗

Consider, for example, the market outcome

,

∗

which obtains under a ban on risk classification,

as depicted in Figure 5. The fact that this is inefficient means that there is some alternative allocation
which a social planner faced with the same informational constraints as the market could Pareto
improve upon it. Drawing on earlier work (Crocker and Snow, 1985b), Crocker and Snow (1986) show,
moreover, that this sort of Pareto improvement can be “decentralized” by imposing a set of contract
(and category) specific taxes while legalizing risk classification. Hence, although distributional concerns
imply that it is possible for a social planner to prefer the no risk‐classification outcome
market outcomes

∗,

,

∗,

and

∗,

,

∗,

∗

,

∗

to the

which obtain with legalized risk classification, such a

social planner will always strictly prefer to legalize risk classification while imposing an appropriate set of
taxes.
Rothschild (2011) discusses an alternative way to “decentralize” this Pareto improvement: the provision
of partial social insurance. Figure 6 illustrates his argument. The MWS outcome with banned
categorization provides consumption

∗

to ‐types; as illustrated, these involve cross subsidies from ‐
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risks to ‐risks, so risk classification has both distributional and efficiency consequences—i.e., the
market outcome falls under case (3), as described above.
Now suppose the government implements a social insurance policy providing an indemnity of
(mandatory) premium

and a

illustrated in Figure 6. This policy is the pooled‐fair policy that transfers the

same resources from ‐types to ‐types as the MWS outcome would. In the presence of such a social
insurance policy, individuals would have an effective wealth of
effective loss of

and would face an

. The MWS outcome with banned risk‐classification and this effective

endowment‐loss pair leads to the same consumptions

∗

as before. In other words, in the presence of a

ban on risk classification, the partial social insurance policy has no effect on the market outcome (when
described in terms of realized consumptions). But with the partial social insurance policy in place, these
market outcomes are now implemented without market driven cross subsidies from ‐risks to ‐risks.
That is, the MWS equilibrium now falls in case 2 and introducing risk classification is purely efficiency
improving.
<Figure 6 about here>
This argument boils down to a simple observation: removing bans on risk classification is potentially
problematic only insofar as it “undoes” cross‐subsidies provided by the market between the different
categories. Socializing the cross‐subsidy (e.g., via partial social insurance provision) moots these
concerns. The argument is therefore quite general. For example, it is not dependent on the assumption
that market outcomes are described by the MWS equilibrium, and it applies even when risk‐
classification is costly for firms to implement, for example because verifying an individual’s risk class
involves performing a costly test.
This means that even when the redistributive benefits of banning risk classification make a ban
potentially desirable, imposing a ban is never an optimal way to achieve redistributive goals. This argues
for evaluating risk classification exclusively on efficiency grounds—at least whenever more efficient
ways of achieving those redistributive goals are, in fact, available.

6. Endogenous Informational Environments
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In the preceding analysis, we modeled individuals as having perfect information about their own risk
type. This is not essential: what is essential for that analysis is that individuals have a fixed set of
information about their risk type, and that it is at least as good as the information insurers have.
In many applications, however, the assumption of static information is unrealistic. Individuals may be
able to learn more information about their own risk types through a screening test or medical
examination, for example. With the advent and development of genetic screening, analysis of insurance
purchases in these sorts of “dynamic” informational environments is increasingly important.
Dynamic informational environments are more challenging to analyze because of the interaction
between testing availability, decisions, and insurance opportunities. In particular, an individual’s decision
to learn more about her risk type will likely to depend on how that information will affect one’s
insurance options, and those insurance options will in turn depend on individual’s incentives to learn
information. For example, an individual might reasonably worry that taking a genetic test exposes them
to classification risk: they might worry that a bad test outcome will make them uninsurable or insurable
only with a dramatically increased premium. This could be problematic even if firms cannot get access to
test outcome information without permission from the customer: since individuals with good test
outcomes will have an incentive to voluntarily reveal that outcome to insurers, insurers may be able to
infer bad outcomes from the omission of good test results.
Doherty and Thistle (1996) and Dionne et al. (2000) provide a comprehensive analysis of these issues
(see also Crocker and Snow, 1992). We follow their basic analysis here, but modify it in two ways: first,
we consider the implications of risk classification in this context more explicitly. Second, we employ the
MWS market outcome concept instead of the Rothschild‐Stiglitz concept, and thereby resolve some of
the non‐existence problems that arise in their analyses.
The basic framework is simple: there are two risk types

and , as above. There are two possible

informational states for individuals: informed individuals know their risk type and uninformed
individuals ( ‐types) do not. Let

denote the fraction of individuals who are informed; since individuals
is an endogenous quantity here, where

can choose whether or not to become informed,

0

is the (exogenous) initial fraction of informed individuals. The fraction of informed individuals who are
‐types, denoted again by , is independent of . Finally, there is a fixed utility cost

0 for individuals

to take the test. ‐types are uncertain about their true risk type, but if they remain uninformed they
behave exactly as would an individual with risk type
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1

.

There are four cases to consider, which differ in the availability of test status information to insurers (or
to a notional social planner). Describe the MWS market outcomes in these cases facilitates the analysis
of the welfare consequences of banning risk classification in this environment.
6.1 Symmetric information
If information is completely symmetric, the market outcomes are simple (and are the same under MWS
, ,

and Rothschild‐Stiglitz concepts): each type (
insurance contract

#

) receives a type‐specific actuarially fair full

(i.e., the actuarially fair contract for an individual with risk

). Since becoming

informed does not change the expected value of ‐types’ consumption. Since it introduce welfare
reducing uncertainty—in the price of the contract received— ‐types have no incentive to become
informed, and

.

6.2 Private test results, public information status
Figure 7 depicts the market outcome if insurance firms can observe whether an individual has been
tested or not—and can condition their contracts on this observation—but do not observe the outcome
of that test. In this case, ‐types again get their full‐insurance actuarially fair contract
types get the contracts

∗

and

∗

#

. ‐ and ‐

associated with the MWS market outcome for a two risk‐type

economy, which involve cross subsidies (as drawn).
As in the symmetric information case, uninformed individuals again do not have an incentive to become
informed in this market outcome.
If information status is known and test results are private but verifiable, then ‐types will then have an
incentive to verifiably reveal their test results and receive their full‐insurance actuarially fair contract
#

. Moreover, firms will then infer that informed types who did not reveal their risk types are ‐types;

they will therefore receive their full‐insurance actuarially fair contract

#

. This case is thus effectively

the same as the symmetric information case.
<Figure 7 about here>
6.3 Private information status, verifiable test outcomes
If type and informational status are private, but test status is verifiable, then ‐types will again reveal
their type and receive full fair insurance. We will solve for the market outcome for the ‐ and ‐types in
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two steps. First, we consider the market outcome taking the fraction

of informed types as given.

Second, we consider the incentives to become informed to identify the possible equilibrium
For any given 0

1, the market will implement a standard MWS outcome, with ‐types playing the
$

role usually played by ‐types. Denote by
/ 1

ratio of ‐ to ‐types is

, higher

. Since the

reduces the scope for utility‐improving cross subsidies
$

,

is non‐increasing in . Moreover, there is

some ̅ such that there are zero cross subsidies when

̅ (when the MWS outcome coincides with
̅ . In the latter case,

the Rothschild‐Stiglitz equilibrium) and positive cross subsidies when
,

,

the contract received by ‐types (

from the ‐ to the ‐types. Consequently,

$

values.

is strictly decreasing in ; in the former, it is independent of .

The value of information to ‐types is:
$

$

,

,

#

1

$

,

,

.

(8)

Since the first term is zero (by the binding incentive compatibility constraint in the MWS outcome):
#

1
Figure 8 plots

,

$

,

.

(9)

1 since the market will offer no contract to (non‐

, which jumps up discretely at

existent) ‐types there, and choosing to remain uninformed would force ‐types into contract

#

.

<Figure 8 about here>
The equilibrium values of

can be found for various test costs (we assume that

̅ ). When

1 , all individuals want to get tested no matter what other individuals do. The market
outcome therefore involves all individuals getting tested and receiving their type‐specific actuarially fair
full insurance contracts. When

1

, nobody wants to get tested and the unique equilibrium has

. For intermediate values of there are multiple equilibrium values of . This multiplicity arises
from of a coordination problem: as Figure 8 illustrates, the incentive to become informed increases as
more and more individuals become informed. When
individuals coordinate on remaining uniformed (so that
informed and

1 , there are two equilbria: either all
) or they coordinate on becoming

̅ , there is, additionally, a third (unstable) equilibrium : the

1. When

unique intermediate value satisfying
Pareto ranked, with lower

̅

. Whenever there are multiple equilibria, they can be

equilibria being (generically) strictly better than higher
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equilibria.

6.4 Purely Private information
When information is purely private, the market outcome can be found by first considering the market
and then looking for equilibrium values of .

outcome for any given
When 0

1, there are effectively three unobservably distinct types. Figure 9 provides a qualitative
,

depiction of the MWS market outcome

,

. In this outcome ‐types receive full

insurance, and there are two binding incentive compatibility constraints:
,

,
(10)

,

,

.

Unlike the Rothschild‐Stiglitz equilibrium candidate outcomes, however, the MWS outcome may involve
cross‐subsidies. Figure 9 depicts the case where ‐types provide cross subsidies to the ‐types (i.e., ‐
types lie below their actuarially fair line and ‐types lie above theirs).
<Figure 9 about here>
The value of information to an ‐type is strictly positive in any market outcome with 0
1

,

,
1

,
,

,

,
0.

1. To wit:

(11)

That is, uninformed individuals are indifferent to becoming informed if they turn out to be ‐types, but
strictly prefer becoming informed if they turn out to be ‐types. Denote the value of information at the
market outcome associated with an informed fraction

by

. In contrast with the private, verifiable

information case discussed above, it is not straightforward to sign
1

0 and that

is continuous. It follows that whenever

. But it is easy to show that
, there is an equilibrium at

which no (additional) individuals will choose to take the test and that the unique equilibrium when
0 and testing is costless has
For intermediate values of

0,

1.
, neither of these outcomes is an equilibrium: if no individuals

got tested, then all would want to, and if all individuals got tested, no one would want to. In contrast
with Doherty and Thistle (1996), however, there is an equilibrium with some intermediate fraction
∈

, 1 of individuals taking the test. This value satisfies
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, which holds for some

by the

in

. Hence, for any

continuity of

0, the market outcome is a three‐risk type MWS market outcome

like the one depicted in Figure 9.
6.5 The Inefficiency of Risk Classification Bans with Endogenous Information
Risk classification is only relevant when firms potentially have access to some information which they
can use for classification—e.g., in the informational environments of sections 6.1, 6.2, and 6.3. Banning
risk classification in each of these settings effectively makes information purely private, as in section 6.4.
We now show that such a ban leads to inefficiencies in each of the three settings. To do so, we explicitly
construct an incentive and information compatible contract menu that could, in principle, be offered by
a social planner with no more information than insurance firms and that would Pareto improve on the
market outcome that obtains without risk classification.
Suppose first that when risk classification is banned, the market outcome involves
,

some informed individuals. The market outcome

,

1, so there are

is depicted in Figure 10. (Figure 10

remains agnostic about the cross‐subsidies.) Figure 10 also depicts an alternative menu of contracts
,
1.

,

. This menu is constructed in three steps:
,

, so ‐types are offered slightly more generous full insurance

,

coverage.
,

2.

,

,

and

,

, so that ‐types remain indifferent to

their contract and the ‐type’s contract, and ‐types get additional insurance, and the
additional insurance is priced at their actuarially fair rate.
,

3.

,

,

,

and

,

,

, so that ‐types are offered

full insurance, and the benefit to a ‐type of becoming informed and learning that she is an ‐
type is unchanged.
<Figure 10 about here>
The allocation

,

,

is incentive and information compatible whenever

is observable or

verifiable. Moreover, by steps 2 and 3, the value of information to ‐types is unchanged; it therefore
remains an equilibrium for the same fraction

of individuals to be informed.
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,

Since

,

, the menu
,

sufficiently small . The menu

,

,

,

therefore earns non‐negative profits for

could therefore be implemented by a social planner no

more informed than the market. Since it Pareto dominates the banned risk‐classification market
outcome

,

,

, risk classification is inefficient whenever

is observable or verifiable—i.e., in

the informational environments of sections 6.1 and 6.3. When information status but not risk type is
,

observable, as in section 6.2, a similar construction can be used to show that

,

is

inefficient.
Suppose next that the market outcome when risk classification is banned involves
outcome will therefore be the MWS outcome

∗

,

∗

1. The market

for a two‐type economy. This is inefficient in

the informational environments of section 6.1 and 6.3, since a social planner can feasibly implement the
contract pair

∗∗

∗

,

∗∗

, where

∗∗

is the full insurance contract with

∗

,

,

. It is

also inefficient in the informational environment of section 6.2. In this case, a social planner can instead
∗

offer the menu
∗

,

1

,

∗∗

∗

,
∗

, where

,

∗∗

is the full insurance contract satisfying

. Uninformed types will strictly prefer

∗∗

∗∗

,

to becoming informed and

facing a lottery (with the same expected value) over the other two contracts, and moreover will not
have to bear the cost of getting tested.
We conclude that the outcomes without risk classification are inefficient in each of the three
information environments in which risk classification could potentially be used.
6.6 Distributional Consequences of Risk Classification
Risk classification may have distributional as well as efficiency consequences. For example, ‐types may
receive positive cross subsidies in the pure private information market outcome depicted in Figure 9.
When it does, banning risk classification will increase the well‐being of ‐types relative to the symmetric
information market outcomes

#

(viz Figure 7).

The welfare consequences of risk classification with endogenous private information are thus
qualitatively quite similar to the consequences with fixed private information discussed in section 4. A
ban on risk classification may lead to a market outcome which is preferable—on distributional
grounds—to the market outcome which obtains when risk classification is permitted, but imposing a ban
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is never an optimal way to achieve redistributive goals: the fact that they are inefficient means that
there is always be a feasible—though perhaps not practical—menu of Pareto dominant contracts.
6.7 Risk Classification when Testing Is Intrinsically Beneficial
The preceding analysis focused on a situation in which there are no intrinsic benefits of testing; the
private benefits of testing, if any, arise from the informational asymmetries and the associated sorting of
individuals into insurance contracts. In practice, of course, testing may have direct benefits. It might
facilitate better treatment, for example. A simple way of incorporating this sort of benefit is to allow the
cost of testing to be negative. While this can change the market outcomes discussed in sections 5.1
and 5.2 (since individuals could now choose to get tested), it does not substantively affect the analysis of
risk classification in these environments. Hoel et al. (2006) reach a similar conclusion in a model with
heterogeneity in the benefits of testing. (Also see Doherty and Posey, 1998, and Hoel and Iversen, 2000
who build on Hoy’s 1989 model of self‐protection to consider the consequences of genetic testing in a
market with asymmetric information.)

7. Endogenous Risk Classification

We have focused on the pure adverse selection case in the preceding sections, and abstracted from
“moral hazard.” Moral hazard refers to a situation in which an individual’s riskiness
choice

depends on some

she makes, and this choice is in turn influenced by her insurance coverage. For example, diet

and exercise influence health and hence health risk, and the presence of insurance coverage for statins,
beta blockers, and more invasive and expensive interventions like cardiac bypass surgery may lead
individuals to be less attentive to their diet and exercise regimens.
The theoretical literature on risk classification in moral hazard contexts is thin. Bond and Crocker (1991)
is an exception. They consider a special case of a “moral hazard” framework where individual
preferences are given by
,

,

1

.

An individual’s risk thus depends on some decision , and the decision
well‐being via the strictly concave and increasing function
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(12)

has a direct effect on individual

. The parameter

captures the taste for

, which has unit cost . The accident risk

. Second, different tastes

reasons. First, for any given , it may be that
different types to make different

The choice variable

may lead

choices. For expositional simplicity, we focus here on the second

≡

effect by taking

, potentially differ for two

of the two types

.

could, for example, represent the extent to which an individual is over‐weight,

which is (at least in part) a result of individual choices. ‐types have a stronger taste for being
overweight, either because they enjoy weight‐promoting activities like eating rich foods more than ‐
types, or because their cost of maintaining lower weight is higher (e.g., they dislike weight‐reducing
activities, or have a metabolism which makes it harder for them to lower their weight). The simplifying
≡

assumption that

means that individuals are otherwise identical: if they chose

the same weight, then they would face the same statistical risk of a loss.
Risk classification involves pricing policies based on the observable decisions . This is called
“endogenous risk classification” because the risk classification depends not on an exogenously
determined variable like gender, but rather on the endogenous choice of . Following Bond and Crocker
(1991), it is straightforward to show that endogenous risk classification leads to a first‐best efficient
,

market outcome: A first best allocation maximizes

,

subject to a resource constraint

1

1

(e.g., zero for a first best allocation which is

for each and for some type‐specific resource levels
break even for type ). Letting
necessary conditions for

(13)

be the Lagrange multiplier on the resource constraint, the first order

and

at a first best allocation are:
1

1

,

(14)

and
,
from which it follows immediately that
first order necessary condition for

∗

≡

and

(15)
∗

in any first best allocation. The

is
′
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′

,

(16)

or
∗

′
′

∗

∗

.

(17)

<Figure 11 about here>
∗

Figure 11 plots the first‐best

,

∗

, . associated with

pairs for

.) The first best allocations occur at the tangency points of the

and

indifference curves (labeled

is

0 is the same for both types. (It is non‐linear

the same for both types, the zero‐profit line labeled
because of the ‐dependence of

0. Because

), and the tangency point for ‐types has

∗

∗

because

. It is clear from Figure 11 that this allocation is incentive compatible. It is therefore the unique
Nash equilibrium of the Rothschild‐Stiglitz style game in which many profit‐maximizing firms
simultaneously offer contracts and individuals then choose their optimal contract. This means that
endogenous classification—here captured by the fact that firms are offering different contracts to
individuals who make different choices of —leads to a first‐best efficient outcome. This conclusion is
⋅ and

robust to small differences between

⋅ , which manifest themselves in Figure 11 as vertical

differences between the break‐even constraints of the two types.
If classification is banned, so that contracts are not allowed to condition on , on the other hand, no first
best allocation is feasible. To see this, note that utility an individual gets from choosing
providing an indemnity

at a premium

is:

≡

.

1
∗

At a first best allocation,
be used to sign the derivative of
∗

and a contract

(18)

, and Equation (17) can

:
∗

∗

∗

0.

(19)

This means that at any first‐best allocation each individuals have an incentive to choose a higher . As
such, no first‐best efficient allocation is implementable when firms cannot employ endogenous risk
classification and their contracts on . Banning endogenous risk classification is therefore inefficient in
this simple setting. This inefficiency is intuitive: banning the use of

in pricing policies effectively makes

unobservable and introduces an entirely standard “moral hazard” problem.
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8. Risk Classification and Residual Asymmetric Information in Insurance
Markets
The objective of this section is to propose different tests for the presence of residual asymmetric
information in insurance markets. From the preceding sections, we know that the potential presence of
asymmetric information between clients and insurers regarding individual risks motivates risk
classification. Full efficiency in risk classification should separate individual risks and generate different
actuarial insurance premiums that reflect these risks. This means there should not be any residual
asymmetric information between the insurer and the insured inside the risk classes. With actuarial
premiums, full insurance should be the optimal contract and there should not be any correlation
between insurance coverage and individual risk. But in the real life of health insurance contracting,
there are numerous constraints that limit efficiency in risk classification. Incentive contracting becomes
important and the empirical question is to what extent these constraints limit the efficiency of risk
classification. In the following sections, we present the statistical methodology developed over the
recent years to verify if there remains residual asymmetric information in observed risk classes.
Information problems are common in insurance markets. Usually, and as assumed in sections 2‐7 above,
the insured are better informed about their own characteristics or actions than are their insurer. The
two best‐known information problems discussed in the economics literature are moral hazard and
adverse selection (Arrow, 1963). Asymmetric learning is another information problem that can
degenerate into adverse selection over time. (See Cohen, 2005; Dionne et al, 2010.) Symmetric learning,
in contrast, can foster create a full information situation between the parties. Doing statistical tests on
the link between risk classification and the presence of a given asymmetric information problem is
therefore very complicated, because the same correlation between a contract characteristic and an
observed risk can be attributed to more than one information problem. It may also be attributed to
other characteristics that are not well controlled in the statistical test. The theoretical predictions must
be carefully established in a theoretical model (Dionne et al., 2010) to distinguish the effect of each
information problem.
Many theoretical contributions were published in the 1970s to account for stylized facts observed in
insurance markets. The one‐period or static models discussed above were first developed. Partial
insurance, such as deductible and co‐insurance contracts, can be justified by asymmetric information.
However, a deductible can be optimal for moral hazard, adverse selection, or proportional
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administrative costs. Risk classification based on observable characteristics is another mechanism
associated with the presence of asymmetric information. A separating equilibrium is a form of risk
classification in which different risks choose different contracts. As documented above, insureds who
accept a higher deductible against a lower premium choose to be in a different risk class than the
higher‐risk individuals in the portfolio.
Therefore, a crucial empirical question is: Do we need additional risk separation schemes when an
efficient risk classification system exists? In other words, does an insurer that applies risk classification
techniques based on observable characteristics in its underwriting policy need to search for optimal
contract forms within the risk classes? The answer is no in static or one‐period contracts, provided there
is no residual asymmetric information within the risk classes. Yet the reality is much more complicated
because contract duration between the parties can cover many periods, and over time, the true risks
may become known to both parties.
The first goal of empirical research on information problems in markets is to determine whether residual
asymmetric information remains in these markets. The empirical question in insurance can be
summarized as follows: Is there any residual correlation between chosen insurance coverage and risk
within risk classes? The second goal is to identify which information problem remains when the first test
rejects the null hypothesis that there is no residual information problem. This step is important for the
insurer because it must implement the appropriate instruments to improve resource allocation. A
deductible efficiently reduces ex‐ante moral hazard, but not necessarily ex‐post moral hazard because
often, the accident has already occurred when the action is taken. A high deductible can even have an
adverse effect and encourage accident cost building (Dionne and Gagné, 2001). As is well known in the
empirical literature, a positive correlation between insurance coverage and risk is a necessary condition
for the presence of asymmetric residual information, but it does not shed light on the nature of the
information problem. The third goal is to find ways to improve the contracts and reduce the negative
impact of asymmetric information on resource allocation. These resource allocation objectives must
take into account other issues such as risk aversion, fairness, and accessibility of services. This last issue
is particularly important in health care markets. A decrease in insurance coverage may reduce ex‐ante
moral hazard because it exposes the insured person to risk, but it also significantly reduces accessibility
to health services for sick people who are not responsible for their condition.
In insurance markets, the distinction between moral hazard and adverse selection boils down to a
question of causality (Chiappori, 2000). The theoretical literature on moral hazard states that
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unobserved actions of the insured result from the forms of contracts. For example, a generous health
insurance plan can reduce the incentives for prevention and increase the risk of becoming sick. With
adverse selection, the nature of the risk already exists, but the nature of the contracts chosen is a
function of the risks. There is therefore a reverse causality between the risk and the contract when we
consider each problem separately, although the correlation between insurance coverage and the level
of risk is positive in both cases.
Econometricians analyze two types of information when studying insurers’ data (Gouriéroux, 1999;
Puelz and Snow, 1994; Dionne et al., 2006; Richaudeau, 1999). The first type contains variables that are
observable by both parties to the insurance contract. Risk classification variables are one example.
Econometricians/insurers combine these variables to create risk classes when estimating accident
distributions. They can be used to make estimates conditional on the risk classes or inside the risk
classes. The second type is related to what is not observed by the insurer or the econometrician during
contract negotiations, but can explain the insured’s choice of contracts or actions . If we limit our
interpretation to asymmetric information (either moral hazard or adverse selection), we can test the
conditional residual presence of asymmetric information in an insurer’s portfolio by testing for a
correlation between the contract coverage and the realization of the risk variable during a contract
period. Two types of tests have been proposed in the literature (Chiappori and Salanié, 2000; Dionne et
al., 2001; see Chiappori, 2000; and Chiappori and Salanié, 2003 for detailed analyses). One parametric
test estimates the following relationship:
|
where

,

(20)

is the contract choice by individual i (level of deductible, for example), Xi is a vector of control

variables such as the observable characteristics used in risk classification and control variables for risk
aversion,

is a vector of parameters to be estimated,

is the realization of the random variable

observed at the end of the contract period (accident or not, for example),

|

is the conditional

expected value of the random variable obtained from the estimation of the accident distribution, and
is the residual of the regression. A positive sign is usually anticipated for the coefficient of di when
residual asymmetric information remains (higher coverage or lower deductible is related to more
accidents or higher risk). The seminal theories of Rothschild and Stiglitz (1976) and Wilson (1977)
strongly predict that such a correlation should be observed in the data in the presence of adverse
selection, while Holmstron (1979) and Shavell (1979) strongly predict that the correlation is due to
moral hazard. Note that the dependent variable in the above regression can be the risk variable
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while

the coverage

is an independent variable. This symmetry is discussed in detail in Dionne et al. (2006).

The presence of the variable

is not necessarily exogenous in equation (20). It is often better to

instrument this variable (See Dionne et al., 2009, for more details).
The presence of

|

is necessary to control for specification errors (missing variables) or for

potential non‐linearity not modeled in the equation. Without this control, the coefficient of

can be

significant for reasons other than the presence of residual asymmetric information in the risk classes.
If the coefficient of

is not significant, one can reject the presence of residual asymmetric information

in the risk classes when all other factors are well controlled. This does not mean that there is no
asymmetric information in this market; rather, it means that the insurer’s risk classification system
eliminates asymmetric information efficiently, and that there is no residual asymmetric information
within the risk classes. In other words, when risk classification is done properly, it is not necessary to
choose the contract form within the risk classes to reduce asymmetric information.
An equivalent model was proposed by Chiappori and Salanié (2000). Here, two equations are estimated
simultaneously, one for contract choice and the other for accident distribution. An example is the
bivariate probit model:
,

(21)

,

(22)

The test consists in verifying whether there is dependence between the residuals of the two equations.
An absence of conditional correlation is interpreted as an absence of residual asymmetric information in
the data. The authors present an additional non‐parametric test that is independent on the functional
forms of the above models. It is based on a Chi‐square test of independence.
To separate moral hazard from adverse selection, econometricians need a supplementary step. An
additional market relationship can be estimated to look for adverse selection (conditional on the fact
that the null hypothesis of no asymmetric information was rejected), as Dionne et al. (2009) did for
auctions. In insurance markets, dynamic data are often available. Time adds an additional degree of
freedom to test for asymmetric information (Dionne and Doherty, 1994; Hendel and Lizzeri, 2003). This
information can be used in many insurance markets where past experience is important. Experience
rating works at two levels in insurance. Past accidents implicitly reflect unobservable characteristics of
the insured (adverse selection) and introduce additional incentives for prevention (moral hazard).
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Experience rating can therefore directly mitigate problems of adverse selection and moral hazard, which
often hinder risk allocation in the insurance market.
Experience rating not only provides additional information on risk, but may also play an important role
in the dynamic relationship between policyholders’ insurance claims and contract choice. The
theoretical literature on repeated insurance contracting over time clearly indicates that these features
may help overcome problems of moral hazard when risks known to the policyholder (endogenous) are
unobservable by the insurer (Winter, 2000) or when exogenous characteristics are unobservable
(Dionne et al. 2000). Contract choice is influenced by the evolution of the premium, which is closely
linked to the insured’s risk or past experience. Because increased insurance coverage tends to lower the
expected cost of accidents for the insured, incentives for safe behaviour are weakened for all risks.
Under experience rating, the subsequent rise in accidents increases the marginal costs of future
accidents. Experience rating may therefore offset the disincentive effect created by single‐period
insurance coverage.
However, the above tests are conducted in a static framework, which fails to recognize the dynamics
that experience rating introduces in contractual relationships. Chiappori and Salanié (2000) discuss in
detail how the omission of the experience‐rating variable, even in tests with one‐period data, must
plausibly explain the failure to detect asymmetric information. Dionne et al. (2010) tested this
conjecture by adding a bonus‐malus variable in equations similar to those presented above. They
affirmed that the bonus‐malus coefficient was indeed negatively related to the level of insurance
coverage (through fluctuations in the premium) and positively correlated to claims (potentially through
unobserved heterogeneity). The coefficients thus appear to hide the link between claims and contract
choice, which is exactly what Chiappori and Salanié (2000) argue. This is apparent in traditional cross‐
sectional tests, as well as in extrapolations using longitudinal data models that simply pool repeated
observations or permit the correlation of unobserved independent factors with each contract observed
over time. The additional time factor thus improves the power of the test to detect asymmetric
information.
Abbring et al. (2003a, 2003b) apply a multi‐period incentive mechanism by focusing on the dynamics of
claims, but not on the dynamics of contract choice (because of data limitations). Applying specific
assumptions about the wealth effects of accidents to policyholders who differ only in their claim records
(thus their experience rating), their model predicts that subjects with the worst claims records should
try harder to increase safety, and thereby, ceteris paribus, file fewer claims in the future. However, their
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data do not support the presence of moral hazard. Dionne et al. (2011) extend their model and do not
reject the presence of moral hazard, using a different data set. The potential presence of adverse
selection in their data was not a real problem because all drivers must be insured (see also Abbring et
al., 2008 for another test of moral hazard).
Dionne, Michaud, and Dachour (2010) show that failure to detect residual asymmetric information, and
more specifically, moral hazard and adverse selection in insurance data, is due to the failure of previous
econometric approaches to model the dynamic relationship between contract choice and claims
adequately and simultaneously when looking at experience rating. Intuitively, because there are at least
two potential information problems in the data, an additional relationship to the correlation between
risk and insurance coverage is necessary to test for the causality between risk and insurance coverage.
Using a unique longitudinal survey of policyholders from France, they propose a methodology to
disentangle the historical pathways in claims and premiums. They show how causality tests can be used
to differentiate moral hazard from asymmetric learning (and eventually adverse selection). They do not
reject moral hazard for a given group of policyholders, and do not reject asymmetric learning for
younger drivers.
Cohen and Siegelman (2010) present a survey of adverse selection in insurance markets. They review
the empirical studies in different insurance markets, including health insurance and long‐term care
insurance. They argue that the coverage‐risk correlation is particular to each market. Accordingly, the
presence of a significant coverage‐risk correlation has different meanings in different markets, and even
in different risk pools in a given market, depending on the type of the insured service, the participants’
characteristics, institutional factors, and regulation. This means that when testing for the presence of
residual asymmetric information, one must control for these factors as well.
For example, one reason for not observing a significant correlation between coverage and risk is the
“absence of insured private information” on the insured’s health status. As suggested by Cohen and
Siegleman (2010), the statistical test should be done within the risk classes, even if the employer does
not use some observable variables as a risk classification variable. Another reason for the lack of risk‐
coverage correlation, which may also apply to health insurance, is policyholders’ failure to use their
private information to negotiate their insurance coverage and premium. Pauly et al. (2003), for example,
show that the demand for life insurance is not sensitive to insurance price and risk.
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Risk aversion is a private information factor that reduces the empirical link between insurance coverage
and risk (Finkelstein and McGarry, 2006; Fang et al, 2008). Cutler, Finkelstein, and McGarry (2008)
provide additional evidence for this effect. They verify how insurance coverage, risk, and risk aversion
are interrelated in five markets including life, health, and long‐term care. They affirm that individuals
participating in risky activities (less risk‐averse) are less likely to buy insurance. However, these
individuals do not represent lower expected claim payments. A possible extension of this research is to
use the new proposed cross‐sectional tests by Chiappori et al. (2006) based on profit maximization in
competitive markets that are robust to heterogeneity in preferences.
As documented by Finkelstein and Porteba (2006), however, insurance consumption depends on
institutions. Moreover, risk classification in the health care market is regulated in many countries.
Therefore, the empirical predictions based on the implicit assumption of competitive markets may not
be appropriate for many markets, including health insurance. For further discussion on particularities
other than efficient risk classification that may generate an absence of correlation between insurance
coverage and risk, see Cohen and Singleman (2010).

9. Conclusion
In this article we have proposed an economic analysis of risk classification in insurance markets. We
have studied in detail the canonical modeling frameworks to illustrate the possible trade‐offs between
efficient insurance provision and social equity associated with the use of risk classification. We have also
analysed different models of risk separation when there are residual informational asymmetries within
risk classes. These informational asymmetries can either be fundamental, or can arise from regulatory
restrictions on the use of risk‐relevant characteristics in pricing insurance policies. Such restrictions are
often observed in health insurance because some characteristics or tests are banned from being used by
insurers to evaluate different risks. Finally, we have studied the empirical efficiency of risk classification
by presenting different empirical tests for the presence of residual asymmetric information in different
insurance markets.
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