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Abstract

The identification of information problems in different markets is a challenging
issue in the economic literature. This paper performs tests of asymmetric infor-
mation in the French automobile insurance market for the 1995-1997 period. This
market is characterized by the presence of a regulated experience-rating scheme
(bonus-malus). Contract choices are strongly associated with the bonus-malus of
policyholders. We have access to longitudinal survey data with dynamic infor-
mation both on claims and accidents. We propose a causality test to distinguish
pathways through which a positive correlation arises between contract choice and
accidents. We find evidence of moral hazard among a sub-group of policyholders
with significant driving experience (5-15 years). We distinguish this moral hazard
estimate from adverse selection and learning. Policyholders with less experience
have a combination of learning and moral hazard, whereas no residual information
problem is found for policyholders with more than 15 years of experience.
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1 Introduction

Information asymetries generally follow from two distinct pathways. Adverse selection
strongly predict a positive correlation between the accident probability of a policyholder
and the generosity of his insurance contract. In the presence of moral hazard, the positive
correlation is caused by the unobservability of efforts to prevent accidents. Generous
coverage reduces the expected cost of an accident and therefore the incentives for safety.
In the end, both pathways predict a positive correlation between accidents and coverage

within a risk class. This suggests an empirical test of asymmetric information.

1.1 Empirical Evidence

Suprisingly, the evidence is non-conclusive on the existence of residual asymmetric infor-
mation in automobile insurance markets.! Puelz and Snow (1994) provide some evidence
suggesting the presence of asymmetric information in the portfolio of an American in-
surer. As predicted in theory, they find a positive correlation between the number of
claims made to the insurer and coverage contracted within a risk class defined by charac-
teristics which are observable to the insurer. More recently, Cohen (2005) has also found
a positive correlation for less experienced policyholders in insurers pools from Israel.”
However, Chiappori and Salanié (2000) and Dionne et al. (2001) found no evidence of
asymmetric information among French and Canadian insurers respectively. Apart from
the different datasets used, there are other important differences between these studies,
that may explain their opposite conclusions. First, non-linearities in the pricing of in-
surance as suggested by the theory is not always allowed. Dionne et al. (2001) show how
this overturns the conclusion of the test. Others do not control for driving experience

and driving records assuming that insurers don’t use such information when in reality

"Results in other markets can be found in Chiappori et al. (1998), Dionne and St-Michel (1991),
Fortin and Lanoie (1992), Hendel and Lizzeri (1999, 2003), Finkelstein and Porteba (2002), and Finkel-

stein and McGarry (2006).
2Other studies that found evidence with single-period data include those by Dahlby (1992) and

Richaudeau (1999).



they do. Finally, claims rather than accidents are often used. Trivially, some accidents
are not reported and this may create a spurious positive correlation between claims and
contract coverage. This is explained by the fact that claiming an accident is an ex-post

decision that may be affected by the anticipated premium change for the next year.

A more general criticism of the conditional correlation approach applied in these
studies is that it does not enable to distinguish between moral hazard and adverse
selection with a sample of insured policyholders at a point in time.? In other words, the
single-period approach allows to test the null of conditional independence but does not
enable to test for causality (Chiappori, 2000). This creates a motivation for looking at
dynamics where contractual relationships evolve in a dynamic way, the price of insurance
being often linked to past claims. Most insurers use experience rating schemes that link
current premiums to claims history. If past claims were higher (maybe out of bad luck),
it is likely that, in response to higher insurance prices, a policyholder will switch to a less
generous insurance coverage until his record improves. During that time, he may have an
incentive to drive more carefully because of decreased insurance coverage. This means
that moral hazard introduces a positive correlation between insurance coverage and
accidents in a dynamic accident equation under experience rating. Such a correlation
can not be explained by either adverse selection or learning. However, learning may
explain a dynamic positive correlation between accidents and insurance coverage in a
dynamic coverage equation. This correlation is not contaminated by heterogeneity in risk
aversion if preferences remain constant over time at the individual level. We propose to

study these dynamics in this article.

3Finkelstein and McGarry (2006) claim that if risk aversion is negatively correlated with accident
probabilities, then the conditional correlation approach may yield no correlation even if asymmetric
information (based on accident probabilities) is present. Israel (2005) suggests that one should look at
changes over time in contract and accidents to avoid this problem, arguing that risk aversion is less likely
to vary over time as compared to knowledge of accident probabilities. Chiappori et al. (2004) propose
general conditions for the robustness of the conditional-correlation approach in a setting including

differences in risk aversion.



1.2 Experience Rating

Experience rating works at two levels. First, since past accidents implicitly reflect un-
observable characteristics of policyholders (e.g. their driving skills) it enables insurers
to improve their risk classification and allow policyholders to obtain more information
about their type. Second, since today’s accident will increase tomorrow’s premium, it
introduces incentives for safety and thereby mitigates any moral hazard effect. The effec-
tiveness of experience rating in reducing information problems will depend on whether
or not the policyholder’s history is publicly known to all insurers and whether or not in-
surers are committed to its application. (Kunreuther and Pauly, 1985; Chiappori et al.,
1994; Dionne and Doherty, 1994; Fombaron, 1997; Winter, 2000). Public information

on claims between insurers is particularly crucual.

In France, insurers use accidents where the policyholder was at-fault to adjust premi-
ums. What is different from other countries, however, is that the bonus-malus scheme
is enforced by a law stipulating that each insurer must apply the same bonus-malus
formula for similar driving histories according to rules that cannot be renegotiated.* A
policyholder is required to provide his bonus-malus coefficient to a new insurer (which
can be verified by the insurer). Over the last decade, regimes of this sort have come un-
der criticism from the European Commission on several grounds, including those linked
to competition (Council of European Communities, 1992; Picard, 2000). The French

insurance industry defended its bonus-malus scheme on the ground that it helps to solve

*Cohen (2005) provides evidence that it is among new experienced customers in a given insurer pool
that a correlation exists between contract choice and claims. These policyholders may underreport
their claims history and since this history is not publicly known to all insurers in Israel, it may allow
policyholders to benefit from their informational advantage over the insurer. Public information can be
compulsory or voluntary. See Israel (2004) on this issue. See also Brouhns et al. (2003) for the analysis

of a voluntary scheme in the Spanish automobile insurance industry.
% According to the regulations in force in France (Article A 121-1 - Automobile insurance - Reduction-

Increase clause of the French Insurance Code and its appendix), the premium charged to the policyholder
is necessarily determined by multiplying the amount of the a priori premium by a so-called bonus-malus

coefficient.



information problems and improve road safety.® So it is important to test its efficiency.

1.3 Contribution

In this paper, we investigate how accident data and the dynamics of contracts with reg-
ulated experience rating may reveal the presence of information asymmetries and, more
particularly, that of moral hazard. We propose a test to distinguish among the path-
ways through which problems of asymmetric information arise. The test distinguishes
between adverse selection, learning, and moral hazard.” In the absence of truly exoge-
nous variation in these outcomes, the potential bi-directional causality is addressed by
asking what sequence of events may lead to such a correlation. Do increasing accidents
lead policyholders to take refuge in contracts with more coverage in subsequent years
(learning) or do coverage reductions lead policyholders to have fewer accidents in sub-
sequent years (moral hazard)? We use data from a longitudinal survey of policyholders
in France conducted by SOFRES. The data are particularly well-suited for our analysis.
We can follow policyholders over time and we can observe both the number of accidents
and the claims made to the insurer, something as yet unseen in this literature. Further-
more, we continue to observe policyholders even if they change insurer, so that the panel
does not suffer from attrition due to dissatisfied customers or experienced policyholders

seeking an informational edge over a new insurer.

In the context of automobile insurance, we are aware of only three other tests that
look at moral hazard separately from adverse selection. Abbring et al. (2003) use
negative occurrence dependence in claims to test for moral hazard in France. The idea
is that the occurrence of an at-fault accident raises future premia due to the bonus-

malus and therefore increases incentives for safe driving. They find no evidence of

6Tn fact, a recent decision of the European Court of Justice (September 2004) established that both
the French and the Luxembourg mandatory bonus-malus systems are not contrary to the freedom to

set premium rates as outlined in the European legislation.
"In a recent article Paulson, Townsend and Karaivanov (2006) proposed a test to separate moral

hazard from limited liability in a model of entrepreneurship. They did not reject moral hazard as the

major source of credit market imperfection.



moral hazard in the portfolio of French insurers. They note only one exception in the
subgroup of younger policyholders where some signs of negative occurrence dependence
do appear, although they are without statistical significance. One explanation for this is
that the incentives of the bonus-malus scheme vary considerably across experience levels

in France.

Our data show that among policyholders with less than 15 years of experience, less
than one third have the maximum bonus, while 80% of those with more than 15 years
of experience do have the 0.5 bonus. After three years without at-fault accidents, pol-
icyholders who have a maximum bonus (0.5) face no increase in their bonus-malus co-
efficient if they have a new claim, the so-called malus-deductible. Although not all of
these policyholders will have a malus-deductible (they need three years without at-fault
accidents), it is clear that the short run incentives of the bonus-malus will decrease with
experience.® The test proposed by Abbring et al. (2003) is only valid if the bonus-malus
provides short run incentives. Therefore, one interpretation of the Abbring et al. (2003)
result for younger policyholders is that the conditions for the test to detect moral hazard
are only met for younger policyholders when incentives are present. The advantage of
the test we propose is that it can separate learning from moral hazard in the presence of
strong incentives from the bonus-malus. In fact, we have one supplementary degree of
freedom, because we control for both accidents and contract choice, while their analysis
is limited to the dynamics of claims (due to data availability). We must also emphasize

that the detection of learning involves the use of accidents instead of claims.

The two other studies apply the test of Abbring et al. (2003) to data in the USA
(Israel, 2004) and in Canada (Dionne et al., 2005). Both studies had access to longer

81t is important to note that a new policyholder who starts with a bonus-malus score of 1 will need
about thirteen years to get to the 0.5 level. A policyholder with one claim will take about fifteen years,
if we take another characteristic of the system into account: the bonus-malus score cannot be higher
than one after two consecutive years of no claims. This explains why we choose to separate those with
more than fifteen years of experience from the rest. We must emphasize that the overall bonus-malus
scheme may have long run incentives because drivers with more than fifteen years of experience want

to keep their 0.5 bonus score.



panels than in Abbring et al. (2003) and found evidence of moral hazard. However,
these two contributions do not study the dynamics of contract choice and accidents si-
multaneously, and both use claims instead of accidents. So they cannot draw conclusions

on learning.

We find strong evidence of moral hazard in the group of policyholders with between
5 and 15 years of driving experience. This is the group with the highest percentage of
policyholders grouped above the minimum bonus-malus, policyholders who would thus
have short run increased incentives for safe driving. Among those switching from high
to low coverage from one period to the next, there is a higher proportion with a bonus-
malus above 0.5 and these policyholders have fewer accidents in the period where they
switch contracts. Moreover, it turns out that we can rule out learning for this group.
Past accidents connected with a given contract choice do not appear to convey any
information about the current choice, as they should do if learning were an important
factor. Consistent with Abbring et al. (2003) we find no evidence of moral hazard
for more experienced policyholders. Our evidence suggests that moral hazard is only
detectable for policyholders with less than fifteen years of experience. Finally, we find
the simultaneous presence of learning and moral hazard for policyholders with less than
five years of experience and we reject the presence of residual asymmetric information
(adverse selection) in the data after controlling for the above relationships.

The paper is organized as follows. In section 2, we present the data used in our
analysis, along with a description of the insurance market in France. In section 3, we lay
out the test we propose to separate moral hazard from adverse selection and learning

and apply it to the French data. Section 4 concludes.

2 Data

The SOFRES longitudinal survey covers a representative sample of French policyholders
from 1995 to 1997. Our final sample is a three-year incomplete panel. We define an
observational unit as a policyholder along with a vehicle defined by the first 4 digits



of its license number plus the year the car was manufactured.” A policyholder is not

necessarily present in each year. Table 1 gives the structure of the panel, with its entries

and exits.
Panel structure | Number of policyholder-vehicles
status Year 1995 Year 1996 Year 1997
Enter 5443 3464 2901
Exit 3052 3796 -
Remain 2391 2059 -
Total 5443 5855 4960

Table 1: Composition of the SOFRES Survey: Number
of policyholder-vehicles observed in each wave. Exit refers
to contracts that exit the panel at the end of the year
while Enter refers to contracts which enter the panel (first
observed) in a given year. 1049 observations remain in the

panel for the full three years.

A sizeable proportion of contracts are observed for less than three years. SOFRES
aims at maintaining the representativity of its sample over time which means that some
respondents are not re-interviewed for exogeneous reasons, or reasons related to their
observable characteristics (say region, income or occupation). Since our model controls
for these characteristics, this type of attrition is not problematic for our tests. This
attrition is presumably much less problematic than with the portfolio of an insurer. In
the case of data provided by insurers, the reason prompting a policyholder to switch

insurers might well be the changing terms of his contract, which is precisely the subject

9In constructing the panel we had to match vehicles with policyholders drawn from different files
for each year. We merged policyholder IDs with a car identifier consisting of the first 4 digits of the
automobile identification number plus the year in which it was manufactured. This produced a match
quality which minimized the possibility of matching errors while allowing us to trace contracts across

years. In what follows, we use the term contract to denote an observational unit.



under investigation in the literature. In our case, although we cannot observe the identity
of the insurer, we do not lose track of policyholder-vehicles that are switched so long
as the policyholder keeps the same vehicle and continues to respond to the survey.
Therefore, no observational unit is necessarily censored because the policyholder changes
insurer. However, we do keep entrants in 1996 and 1997 to maintain the sample’s
representativeness and, thus limit any potential loss in efficiency as the number of initial

respondents decreases.

The information available in the database is composed of four elements. The first
concerns information on policyholder characteristics (sex, age, income, region, experi-
ence, etc.). The second covers the vehicles (year, group, etc.). A subset of the contract
characteristics that we use are described in Table 2 for 1995. These have been docu-
mented elsewhere as being representative of the risk classification variables that insurers

use.

The panel is representative of French policyholders. The median policyholder has
24 years of experience. About a quarter of policyholders have less than 15 years of
experience. Regional distribution and socio-economic status (SES) is fairly representa-
tive of the population. Policyholders mostly use city and highway networks, although a
significant proportion use rural networks. More than half of the respondents have more
than one vehicle, one-third of the vehicles being less than three years old. On top of
these characteristics, we also have information on the type of car insured, presence of

occasional policyholders, etc.

The third element of the survey asks about insurance contracts. It provides the
bonus-malus coefficient and the type of insurance coverage. These two variables repre-
sent a strong proxy for actual insurance contract characteristics. Two types of insurance
coverage predominate in France: all-risk insurance (tous risques) and third-party lia-
bility (responsabilité civile). The former insures against losses incurred by both the
policyholder and third-parties, whereas the latter, as its name indicates, insures only
against third-party losses. At minimum, the law prescribes that a policyholder must

have a limited third-party insurance policy. An average annual premium of 3000 Francs



(% and mean) Year 1995 Year 1995

Gender (male) 62.9 Region

Age Paris 33.4
18-24 5.2 North 9.2
25-34 22.3 East 9.8
35-44 21.7 South 35.2
45-54 16.5 West 124
55-64 14.7  Occ. policyholders 45.2
65+ 20.0 Network

Rural 13.3

SES Position City 40.6
Retired 28.3 Road 46.6
Farmer/Artisan 4.3 Vehicle age
Manager 8.0 Less 3 yrs 34.3
Professional 7.6 3-5 yrs 18.6
Teacher (active or retired) 194 5-10 yrs 33.4
Employee 29.1 More 10 yrs 13.7
Student 3.2 Experience (yrs)

# vehicles 1st quartile 14
one 45.8 Median 24
two 45.6 3rd quartile 36
3 and more 8.5 Mean 25.2

# policyholder-vehicles 5443

Table 2: Contract Characteristics for 1995.
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(1986 Francs) for this coverage, whereas the premium for all-risk insurance coverage costs
twice as much and increases with the value of the vehicle. Hence, the choice of insurance
coverage is an important decision for policyholders.!® Contracts are exclusive within a
contract year and a priori premiums can change only if observable characteristics change.
The bonus-malus is a coefficient applied to the premium the insurer would normally set
for a policyholder within a certain risk class.!! The base coefficient is 1. After each
year of accident-free insurance coverage, the coefficient applied is that of the preceding
contract period minus 5%. Each at-fault accident occurring within the insurance year
will increase the coefficient by 25%. The clause also stipulates a malus deductible: no
increase for the first claim occurring after a period of at least three years during which
the bonus-malus coefficient was equal to 0.5. Finally, the bonus-malus cannot be higher
than one after two consecutive years without a claim for at-fault accidents. Table 3

presents some statistics on contracts by level of experience.

Nearly two-thirds of policyholders have a maximal bonus (or minimal bonus-malus)
coefficient while very few have one in excess of 1. As can be seen from the table, this
differs across experience levels. An interesting finding is that about a third of beginners
appear to have started with a bonus-malus which was smaller than one. Due to the
bonus-malus formula, it should be impossible to start with a coefficient of 1 and end up
5 years later with a coefficient of 0.5. It usually takes about thirteen years to attain the
lower bound. One explanation is that insurers let beginners inherit the bonus-malus of
their parents. In the 5-15 years group, the proportion with a minimal bonus-malus is
smaller rather than bigger. These respondents are presumably having more accidents
where they are at fault. Since fewer are at 0.5, they are more exposed to the additional
risk of a future premium increase if they have an accident. Indeed, for those at 0.5, the
malus-deductible may be effective and so a new claim may not result in a bonus-malus

increase. Therefore, the short run incentives for safe driving (moral hazard) are more

10See Richaudeau (1999), Picard (2000), Dionne (2001), Chiappori and Salanie (2000), and Fombaron

(1997, 2002) for a detailed description of the automobile insurance market in France.
HSee Pinquet (1999) for an analysis of the experience rating.
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Experience | < 5 yrs 5-15 > 16 yrs Total
bonus-malus
b= 0.5 32.45 26.29 81.8 66.29
05<b<1 62.73 71.32 176  32.51
1<b<1.25 4.04 1.61 0.23 0.72
b>1.25 0.78 0.78 0.35 047
Contract
% All-risk (AR) 49.53 59.83 73.89  69.50
% transit from AR to TP 5.56  8.72 526  5.88
% transit from TP to AR 2.78  3.07 4.72  4.11

Table 3: Fraction with bonus malus and all-risk contract by
years of experience. Transition rates report the fraction of
those with one contract at t-1 changing to the other at t.
All years are used in making these calculations. AR refers to

all-risk insurance while TP to third-party.

likely to be binding for less experienced policyholders than for more experienced ones.
However, the typical policyholders at 0.5 may consider this score as important in the

long run and become a more cautious driver after the malus-deductible is applied.

Only half of beginners have all-risk coverage, while this fraction increases to 75% for
more experienced policyholders. From one year to the next, 2.78% of beginners (less than
5 yrs) change from third-party (TP) to all-risk (AR) coverage. This transition rate does
not increase much in the 5-15 years group (the difference is statistically insignificant) but
does increase for more experienced policyholders. The opposite transition, from all-risk
to third-party, is made in higher proportion among the 5-15 years of experience group.

We next look in Table 4 at how the incidence of accidents and claims varies across
contract types by experience levels. This is the fourth important element of our data. In
the overall sample, 17.2% of policyholders report having at least one accident within a

year while 11.7% file a claim to the insurer for an accident they incurred. This means that
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approximately 68% of all accidents (11.7/17.2) are reported to the insurer (not including
multiple accidents per year which are uncommon). Less experienced policyholders tend
to have more accidents (24.1%) than more experienced ones (15.4%) and also file more
claims (16.3% vs 10.6%). This means that the fraction of accidents claimed to the insurer

does not vary systematically across different experience levels.

Experience | < 5 yrs 5-15 > 16 yrs Total
Insurance Coverage
Third-party
Accidents 21.3 17.6 12.2 145
Claims 12.3 9.7 7.3 8.4
All-risk
Accidents 26.9 23.9 16.4  18.3
Claims 20.3 16.9 11.7 13.1
Total
Accidents 24.1 214 154  17.2
Claims 16.3 14.0 10.6 11.7

Table 4: Distribution of Accidents by Contract

Choice and Experience: All observations are used.

Policyholders who have all-risk coverage tend to have more accidents (18.3%) than
those with limited third-party coverage (13.1%). If this were to persist among risk
classes, then the conditional correlation would indicate the presence of asymmetric infor-
mation. However, the unconditional correlation is not a test of asymmetric information.

On the other hand, it is interesting to note that the difference in outcomes across
contracts is highest for claims rather than for accidents. In a sense, this tells us that the
claiming decision is a function of contract choice. In the case of third-party insurance,
no loss will be reported to the insurer unless a third-party is involved. Chiappori and
Salanié (2000) and Abbring et al. (2003) used at-fault accidents (assuming that this

claiming decision does not depend on contract choice) whereas Puelz and Snow (1994)
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used total claims. In this article, since we also test for learning, we will use accidents in
Section 3. Since we control for the bonus-malus, we also control for at-fault accidents.
We now turn to the correlation patterns among outcomes and contracts. In Table 5 we
present the raw correlation between contract choice, accidents, claims, and the bonus-

malus.

All-risk  Accidents Claims

All-risk -

Accidents 0.046** -

Claims 0.067** 0.798** -
Bonus-malus | -0.135**  0.105%*  0.081°**

Table 5: Correlation Patterns among Variables: Bivariate correla-

tions. **

indicates p-value<0.05.

Since the bonus-malus is recorded at the beginning of the contract period it reflects
past at-fault accidents. It is positively associated with current accidents. This is plausi-
bly due to persistent uncontrolled differences in risk. However, it is negatively associated
with contract choice. Individuals with a high bonus-malus tend to have less insurance
coverage. One plausible explanation is that insurers, as required by law, adjust premi-
ums up to the point where some policyholders will not find it affordable to have such
coverage. This negative correlation is particularly high among less experienced policy-
holders. Chiappori and Salanié¢ (2000) report a similar association. The bonus-malus is

clearly in the information set of the insurer when offering contracts.

Over all, the descriptive statistics tell us that: 1) Less experienced policyholders
draw stronger incentives from experience rating, and 2) less experienced policyholders

make more transitions from high coverage to low coverage.
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3 Moral Hazard, Adverse Selection, and Learning

3.1 Theory

We analyse the effect of residual information problems in existing automobile insur-
ance contracts in a given industry instead of testing optimal contracts. Insurers offer
one-period contracts with competitive a priori pricing based on observables (excluding
claims) and a posteriori pricing based on a compulsory industry rule via the bonus-
malus. There is full commitment to the application of the bonus-malus scheme and
no dynamic commitment to a priori pricing. Policyholders are myopic. They evaluate
insurance contracts year by year, knowing the industry rule about the bonus-malus. So
they can switch from one insurer to another over time to obtain lower a priori insurance
premiums. They can also switch from more coverage to less coverage to reduce their

premium.

Table 6 summarizes the main correlations that can be analysed with data testing for
the presence of residual information problems in such an industry. As well documented in
the literature, moral hazard and adverse selection should introduce a positive correlation
between accidents and insurance coverage in single-period contracts. As predicted by
the Rothshild and Stiglitz (1976), Wilson (1977), and Crocker and Snow (1986) models,
within risk classes, high-risk individuals should choose higher insurance coverage and
have more accidents. From Shavell (1979) and Holmstrom (1979), the same positive
correlation is obtained under moral hazard: those with higher insurance coverage have
a weaker incentive for safe driving and should have more accidents. As for learning,
new policyholders either randomize their contract choice or obtain the average contract
(pooling within the risk classes) and no correlation should be observed between contracts
and accidents.

In multi-period contracting with the industry’s full commitment to the bonus-malus
scheme and no dynamic commitment to individual contracts as observed in France, there
should be no bidirectional causality between contract choice and accidents under pure

adverse selection. Bad risks will initially select higher insurance coverage, will experi-
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ence more accidents, obtain bad bonus-malus scores, and will continue to have many
accidents and more insurance coverage over time in both dynamic contract choice and
accident equations. There is no reason to anticipate any contract change over time in an
economy with myopic agents under pure adverse selection and no commitment (Dionne
and Doherty, 1994). But such a scenario is very unlikely to be observed. Individuals do
modify their accident probabilities with unobservable actions (potential moral hazard).
Finally, in the absence of moral hazard, learning from the experience of accidents over
time will affect contract choice but not accidents. Consequently, in the presence of pure
learning, a positive causal relationship from accidents in period (t-1) to coverage in pe-
riod (t) should be observed, when controlling for other factors. Under moral hazard such
a positive causal relationship should be observed from coverage to accidents. High-risk
policyholders who reduce their insurance coverage when their premium is hiked following
the accumulation of accidents, will in the short run have a greater incentive to drive cau-
tiously, in order to restore their bonus-malus coefficient. Of course, we may anticipate
the presence of learning along with moral hazard for less experienced policyholders who
may modify their behavior when accumulated accidents are observed (Abbring et al.,
2003). We may also observe, in the long run, the case where learning becomes adverse
selection, where young policyholders learn more quickly than insurers that they are bad

risks (de Garidel, 1997; Bourgeon, 1998).

3.2 Conditional Correlation

One can consider, in a first step, a cross-section of policyholders along with their char-
acteristics x; to test whether those with high unobservable risk (accidents) have more
coverage within a risk class. As mentioned earlier, such single-period test is designed to
detect the presence of asymmetric information, since it cannot disentangle moral hazard

from adverse selection.

Denote by d; the contract choice of policyholder 7 and by n; the occurence of at least
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Moral Hazard

Adverse Selection

Learning

Definition

The agent can change
his accident probability.
The agent’s action is not

observable by the

principal

The agent knows his
type. The principal does
not observe the individual

type (no action)

The agent does not know
his type. The principal
does not have less
information than the

agent (no action)

Single-period

Positive correlation
between accidents and

coverage

Positive correlation
between accidents and

coverage

No correlation
between accidents and

coverage

Multi-period

Positive correlation
between coverage (t-1)
and accidents (t) in the

dynamic accident

regression

No correlation between
coverage and
accidents in the
dynamic accident

and coverage regressions

Positive correlation
between accidents (t-1)
and coverage (t) in the

dynamic coverage

regression

Table 6: Predictions from the Theory

one accident. Conditional independence holds (in a parametric setting) under

H() . F(dz|xl,nz,9d) = F<d2|XZ,9d)

(1)

0, is a finite-dimensional vector of parameters and F' is the cumulative distribution

function (cdf) of d; conditional on x; (Dionne et al., 2001). Using the law of conditional

probabilities, this is equivalent to testing that

holds for all policyholders.

Ho : F(ds,ni|x;0) = F(di|x3;04) F (0|35 0,)

(2)

This last formulation is the one used by Chiappori and

Salanié (2000). Both hypotheses state that the occurence of an accident does not give

information on the distribution of contract choice once the insurer properly classifies

policyholders using all the information he can use (x;).

We now propose a dynamic empirical model that extends the above test. We can
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perform the desired test on the pooled sample using a bivariate probit of the form

ni = 1(x,8,+ i > 0) (3)
dit = I(X;tﬁd + Udit > 0)

t = 1,..T,

The test would focus on the correlation between w,;; and ug;;. But, as noted before,
the information set of the insurer now includes at period ¢, x;;, claims (not accidents) in
previous periods along with the bonus-malus at the beginning of period. Both contract
offers and choices at t will be a function of this information set. Insurers will use
the bonus-malus (function of at-fault claims) to modulate premiums, as prescribed by
law, which may in turn affect the policyholder’s contract choice. However, contract
choice may also depend on past accidents that are unobserved by the insurer (except
for claims). Policyholders who experience more accidents will learn about their risk
and potentially adjust insurance coverage (learning). Under pure adverse selection,
this effect is inexistent. In the opposite direction, policyholders who change contracts
may alter their behavior on the road (say by driving more safely) following premium
changes (moral hazard). Finally, contract choice may exhibit state-dependence if there
are transfer costs for switching a policy.

One way to introduce these relationships into the conditional correlation framework

is to model the "unobservables" in eq. (3) as

Unit = Qpadit—1 + OppNit—1 + Gppbit—1 + Enit (4)

Ugit = Qgadit—1 + agpNit—1 + Oapbit—1 + Eait-

where b;;_1 is for the bonus-malus in period ¢t — 1 .

There will still be pure unobservables captured by ¢,;; and 4. Of course, as previ-
ously mentioned, these can be correlated to reflect unexplained changes or contempora-

neous timing effects such as residual contemporary asymmetric information. Together
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(3) and (4) amount to a bivariate dynamic binary choice model which allows to test

separately for moral hazard, learning and adverse selection.

As the driving history lengthens and therefore the bonus-malus b, both contractual
parties may learn at different speeds about the underlying risk being insured. When
contract choice and the bonus-malus are held constant, the variation in accidents (par-
ticularly those not reported) can lead to a reassesment of driving skills without the
insurer knowning about the accidents. Hence, after subsitution of (4) in (3), the pres-
ence of learning should lead to ¢,, > 0 in the dynamic contract-choice equation, when
we control for the bonus-malus. Therefore, we will test for the presence of learning
development over time by using the pathway from accidents to contract choice, holding
past bonus-malus and past contract choice constant. Using accidents rather than claims
is appealing because unreported accidents may be the source from which asymmetric

information develops over time.!?

Next, we consider whether the alternative pathway from contract choice to accidents
identifies moral hazard, the reverse causal mechanism. Controlling for learning and
adverse selection, contract changes will be due to pure price effects triggered by the
insurer or to changes in observable characteristics. The subsequent effects of this change
on accident probabilities gives a test of moral hazard (¢,,; > 0) in the dynamic accident
equation. If policyholders with more coverage reduce their efforts for safety, they will
have more accidents than those with less generous coverage. Moral hazard is a short-
term phenomenon and is detectable from a short-term response to a change in contract.
If there is no selection mechanism leading risky policyholders to choose more coverage
(true risk that is unobservable to the insurer and the econometrician), the short-term

response in subsequent accidents identifies moral hazard.

Under the presence of learning, the test will detect pure moral hazard if one condition

12We are not saying that n;_; is an instrument for the effect of n; on d;. We are not considering at
all the effect of n; on d; because this causality concept is ill-defined in our case. The dynamic effect is
well-defined since we know which change precedes the other. Using higher frequency data is desirable,

although it is unclear how this would help, since contracts are renegociated annually in France.
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is met. The change in accidents and observable characteristics has to capture the full
extent of the policyholder’s change in riskiness over time. Finding a positive ¢,,; includes
both a standard moral hazard effect and the endogenous selection of risk through the
unobservable actions of those (with no experience) who over time learn that they are
low or high risks. This last selection is a combination of moral hazard and learning.
We will argue that controlling for accidents that include those unobserved to the insurer
probably captures most of the change in underlying risk that a policyholder may witness.
In addition, we control for observable characteristics that may change over time (e.g.
the presence of an additional driver with less experience) and therefore allow for a
considerable amount of possible changes in the riskiness of a policyholder. If we fail to
find any learning in the contract-choice equation, we can claim that a pure moral hazard

effect is found in the accident equation, if any.

3.3 Unobserved Heterogeneity

Any tests making use of the dynamics in contract choice and accidents must control for
unobservable heterogeneity which is constant over time. Even if ¢, = 0, i.e. there is
no state-dependence in accidents, unobservable heterogeneity which is not captured by
observables will result in aggregate accident probabilities that depend on past accidents.
This essentially means that ¢,; and e4; may be serially correlated over time. The
fraction of policyholders with accidents will be higher in the pool of policyholders who
had one accident last year. Simply because this pool of policyholders is composed of
higher risks. Previous years have already seen the good policyholders leave that pool for
the one without accidents. Even if unobserved heterogeneity in accidents is uncorrelated
(conditional on observables) with contract choice, the bias in ¢,,,, will also lead to biases

for other coefficients. We can decompose each error term as

Enit = Oln; + Uy (5)

Edit = Qg + Vgt

Both «,,; and ay4; induce dynamic self-selection which could bias inference on the dy-
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namics. If correlated across equations, this exacerbates the bias in the Granger causality

tests. A practical solution is to allow for correlated random effects in (4).

We have a sample of the dynamics in accidents and contract choice. With unobserved
heterogeneity, this implies a serious left-censoring problem. We simply cannot integrate
out unobserved heterogeneity from the Markov Chain in transition probabilities because
initial states (the first contract and accident observed) are not independent of unob-
served heterogeneity.'®> This is known as the initial condition problem (Heckman, 1981).
Wooldridge (2005) proposes to control for initial states directly into the specification.
We postulate that

E(ani|dio, io, bioy Xi) = Tp.adio + TnnMio + Trpbio (6)

E(owildio, mio, bio, Xi) = Taadio + Tanio + Tapbio

What this says is that each drivers’ unobserved type can be approximated by the
initial states. Deviations from those expectations 7,,; = a,; — E(aui|dio, 4o, bio, X;) and
14 defined in the same way are now by definition orthogonal to initial conditions and can
be integrated out, assuming joint normality, in the same way as in the random effects
case. Hence, the resulting set of estimating equations is a bivariate random effects

dynamic probit that includes the initial conditions as regressors.

It is important to note that although the distribution of «a,,; and a4 might not be
degenerate, i.e. there is variation in unobserved heterogeneity across drivers, it is possible
that the distribution of 7,, and 7, be degenerate. This will occur if the variation in
initial conditions saturates the variation in unexplained permanent differences across
drivers. This is quite possible in very short panels and/or when persistence is high.
Using a likelihood ratio test, we could not find any evidence of unobserved heterogeneity

in both accident and contract equations once initial conditions were included.!* Hence,

I3If we observed each driver from the first year they started driving, this would not be an issue

because the initial condition would be the same for every drivers.
14The estimation of a random effects probit for contract choice with the initial conditions included

as regressors gave that the share of the variance of unobserved heterogeneity in the total variance of

the unobservables (var(ng;)/var(vg;:)+var(ny)) was 0.30 which was not rejected against the null that
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we can proceed with the estimation of the bivariate dynamic probit including the initial
conditions as regressors allowing cov(e,, £4¢) to be non-zero. We cluster standard errors
at the level of each driver. Furthermore, these errors are allowed to be correlated across
equations. We use the unbalanced panel, although the identification of parameters
on lags will come primarily from the contracts observed over three years (1049). The
addition of those exiting or entering during the three years (but remaining for 2 years)
may improve the efficiency of the estimator. This leaves 4450 policyholder-years for
estimation.

The tests for moral hazard and learning remain the same except that the conditioning
set is modified by the introduction of the initial conditions. In fact, the causality tests are
written conditional on unobserved heterogeneity. Summarizing all information known
to the insurer at ¢ by z;, the test of moral hazard we propose has the following null

hypothesis

Hy : F(nt+1|dt7nt; 2, N, do, ZO) = F(nt+1’nta 2, N, do, Zo) for all t > 0 (7)

whereas the test of learning has the null hypothesis

Hy : F(diyq|dy, g, 2, no, do, 20) = F(ds1|dy, 2, o, do, 20) for all ¢ > 0. (8)

Both state that, if current information on some outcome does not generate informa-
tion about another outcome in the future, it does not cause (in the Granger sense) that
other outcome (Granger, 1969). The test we use is limited to the absence of a first-order
Markov process. With a longer panel, one could make this formulation more general by

including more lagged information.

it was zero (Chi-square(1) = 0.69, p-value = 0.204). For the accident equation, the share estimate was

0.023 (Chi-square(1)=0.04,p-value = 0.418).
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3.4 Results

We estimated the bivariate probit on three groups of policyholders. Because there are
few policyholders with less than 5 years of experience at baseline, we grouped those
with the 5-15 years group. However, we also performed the same estimation on the 5-15
group to get an idea of how much these observations might be behind the results. Table
7 reports the estimates (point estimates along with p-values). The complete results,
including the initial conditions are available in the appendix. We shall study in more

detail the < 5 years group with interaction variables in Table 8.

For learning, there is hardly any evidence against the null hypothesis in the coverage
equation. Accidents are not informative for contract choice nor for the future accidents
of less experienced policyholders. We shall return to learning in Table 8 where we analyse

in more detail less experienced policyholders (< 5 years of experience).

The conclusion about moral hazard strongly differs across experience groups. For
younger groups, there is enough evidence to reject the null hypothesis of no moral
hazard (p-value=0.011 and 0.024 for <15 and 5-15 groups). This suggests that for those
policyholders, more (less) coverage (keeping accidents constant) leads to an increase (a
decrease) in the probability of a future accident. This effect is not present for more
experienced policyholders. This last result is probably explained by the fact that a large
proportion of these policyholders have the 0.5 bonus-malus score and are motivated to
stay there. They also benefit the malus deductible. Moreover, it seems clear that the
rejection of no moral hazard for less experienced policyholders is not due to learning

since moral hazard is not rejected for the group of 5-15 years of experience.

Rather there is suggestive evidence that it may be due to changes in contracts (premi-
ums) triggered by at-fault accidents. A large fraction of less experienced policyholders
have a bonus-malus above the minimum threshold. After all, the bonus-malus is de-
signed to provide incentives to correct the effect of moral hazard. A posteriori pricing
by the bonus-malus gives an incentive for those with accidents to have fewer accidents

in the future.
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The correlation between the error terms is never significantly different from zero. It
is even suggested that it might be negative for the 5-15 years of experience group (-0.165,
p-value=0.102). Accidents make all risk insurance unattractive, plausibly because of the
anticipated increase in the premium (due to experience rating). Since the 5-15 years of
experience group is also the one most exposed to the incentives of the bonus-malus, this
might explain why there appears to be a correlation for this group but not for those

with more than 16 years of experience.

Finally, we tested whether the presence of the policyholders with less than five years
of experience has a significant impact on the difference between the 0-15 and 5-15 years
of experience. Table 8 reports results for the 0-15 group, with an additional interac-
tion variable for the < 5 years group. We observe two interesting results from Table
8. First, the moral hazard coefficient remains stable in the accident regression, since
the interaction variable is not significant. This means that the presence of moral haz-
ard is similar in the two groups: 0-15 and 5-15. In the contract regression, learning
remains non-significant for the whole group, but some learning appears present for the

0-5 subgroup.

4 Conclusion

Recent empirical research on asymmetric information in automobile insurance has shown
that we ought to depart from cross-sectional tests when seeking to understand how
policyholders choose insurance coverage; how they react to insurance coverage; and how
pricing mechanisms set by insurers and regulators affect the allocation of risk in this
market.

Our empirical analysis uses the contracts dynamics to construct tests of moral haz-
ard and learning based on Granger causality in a panel data context. We find strong
evidence that, when accidents and the bonus-malus are held constant, more insurance
coverage leads to more accidents. This is supportive of moral hazard: policyholders with

more coverage make less effort to prevent accidents than those with less coverage. But
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this result is only found for policyholders with less than 15 years of experience. For
older policyholders, we do not find any evidence of moral hazard. This confirms the
result from Abbring et al. (2003) for more experienced policyholders. Most experienced
policyholders have the maximal bonus and are subject to the malus-deductible, which
insures them (in the short run) against any premium increase in the event of an at-fault
accident with liability. They may still have more incentive to keep the 0.5 score in the
long run even if they do not benefit from the lower insurance coverage associated with a
premium increase. This behavior cannot be captured by our test. Finally, our test does
not reject learning along with moral hazard for policyholders with less than five years

of experience.

To understand better the properties of the test we have proposed, it would be worth-
while to apply it in other settings, perhaps on a longer panel that would be richer in
terms of dynamics and information on contract choices (deductible, identity of insurer,
etc.). However, data on accidents rather than claims is needed, particularly in the case

of the test for learning.
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Point estimates Experience Level

bprobit (robust SE) < 15yrs 5-15yrs > 16 yrs All

Coverage, all-risk (d;;=1).

Accident (t — 1) 0.187 0.048 -0.166 -0.004
(0.468)  (0.875)  (0.207)  (0.987)
All-risk (t — 1) 2.550 2.386 2.448 2.455
(0.001)  (0.001)  (0.001)  (0.001)
b(t—1) 0.335 0.296 0.362 0.355
(0.589)  (0.711)  (0.547)  (0.481)
Bonus = 0.5 (t — 1) 0.255 0.129 0.249 0.201
(0.178)  (0.551)  (0.066)  (0.081)

Accident (n;;= 1)

All-risk (t-1) 0.753 0.686 0.041 0.204
(0.011)  (0.024)  (0.866)  (0.337)
Accident (t-1) 0.151 0.248 0.425 0.287
(0.470)  (0.204)  (0.001)  (0.027)
b(t—1) 0.891 0.691 0.019 0.253
(0.091)  (0.250)  (0.953)  (0.352)
Bonus = 0.5 (t — 1) -0.185 -0.230 -0.251 -0.201
(0.192)  (0.133)  (0.009)  (0.010)
Log Likelihood -668.2 -569.4 -1879.5  -2562.16
corr (2,5, €git) 0.084  -0.165  -0.006  -0.013
(0.409)  (0.102)  (0.867)  (0.779)

# policyholder-years 1066 922 3384 4450

Table 7: Tests on Dynamics: Point estimates along with p-values in
parenthesis (from robust asymptotic standard errors). Estimation
by maximum-likelihood bivariate probit. Complete results are in

the appendix.
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Point estimates Equation
bprobit (robust SE) | All risk (d = 1) Accident (n = 1)
Accident (¢t —1) 0.048 0.145
(0.859) (0.490)
Accident(t — 1) 0.741
X (experience <5) (0.002)
Allrisk (£ — 1) 2.559 0.727
(0.001) (0.013)
All-risk (t-1) . 0.165
X (experience <5) (0.397)

Table 8: Moral Hazard and Learning for Beginners. Point esti-
mates along with p-values in parenthesis (from robust asymptotic
standard errors). Estimation by maximum-likelihood bivariate pro-
bit. Other characteristics omitted from the table but results are

available upon request.
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