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1 Introduction

Economists generally assume that risk preferences are stable across decision contexts. The
assumption of context-invariant risk preferences implies that multiple risky choices by the
same economic unit should reflect the same degree of risk aversion (or risk loving) even if the
contexts of the decisions are different.! This idea underlies standard models in many fields
of economics, including finance, industrial organization, insurance, labor economics, and
macroeconomics. It also motivates an important literature in empirical microeconomics—
estimating risk preferences from data on choices in a single context. What is the empirical
validity of this assumption? Are estimates of risk preferences derived from choices in one
context relevant for another context?

This paper addresses these questions by examining households’ insurance choices. We as-
semble and utilize a new data set that records choices made by a sample of households in con-
nection with three types of insurance coverage: auto collision, auto comprehensive, and home
all perils. Among other things, the data contain households’ deductible choices for each type
of coverage. The data also include household-specific pricing menus of premium-deductible
combinations, households’ claim histories, and information about the characteristics of each
household.

We use the data to test whether a household’s deductible choices across coverage types
reflect the same degree of risk aversion. Deductible choices are well-suited to the task of
estimating risk preferences—insurance markets exist primarily because of risk aversion and
the choice of a deductible involves a choice among lotteries over monetary outcomes. More-
over, our data set is uniquely suited to directly test the assumption that risk preferences are
stable across market contexts because it records multiple risky choices by the same house-
holds in similar yet distinct market settings. Indeed, it is this key feature of our data that
distinguishes us from our predecessors in the literature and allows us to study the issue of
context-invariance with market choices.

An initial glance at the data suggests that households’ risk preferences may vary with
context. Under the hypothesis of stable risk preferences, we would expect a household’s
deductible choices to be strongly correlated across coverages. For instance, we would ex-
pect that a household with a low (high) auto collision deductible generally would choose a
low (high) home deductible. Figure 1 displays the distribution of home deductible choice

conditional on the choice of auto collision deductible.”? It appears that the choice of home

! As used in this paper, the "context" of a decision refers to all aspects of the choice situation other than
the economic fundamentals.

2Figure 1 includes only those households that chose an auto collision deductible of $200, $250, or $500.
These households comprise the vast majority of the sample (94 pecent).

1

Electronic copy available at: http://ssrn.com/abstract=1220663



0.90

0.80

0.70

0.60

0.50

Frequency

0.40

0.30

0.20

0.10

100 250 500 1000
Home Deductible ($)

\D $200 Auto Collision Deductible ® $250 Auto Collision Deductible O $500 Auto Collision Deductible\

Figure 1: Distribution of Home Deductible Conditional on Auto Collision Deductible

deductible is only weakly correlated with the choice of auto collision deductible.” Of course,
the patterns displayed in Figure 1 are suggestive only. A contribution of this paper is that
we develop a formal empirical test of stable risk preferences.

Our test relies on a structural model of deductible choice that is based on Cohen and
Einav (2007). The key assumptions of the model, which we revisit later in the paper, are that
households are expected utility maximizers, that claims are generated by a Poisson process
at the household-coverage level, and that households know their coverage-specific claim rates
and use these claim rates in their expected utility calculus. We impose limited structure on
a household’s Bernoulli utility function, assuming only that it is smooth, monotone, and
state independent and has a negligible third derivative. We also assume that claims always
exceed the maximum deductible option, that claims do not entail transaction costs (i.e.,
costs other than payment of the deductible), and that there is no moral hazard. Under the
assumptions of the model, we derive an expression for the degree of absolute risk aversion
at which a household is indifferent between two deductible options. This indifference point
is a function of the deductible options, the associated premiums, and the household’s claim
rate. We observe all of the variables necessary to calculate a household’s indifference points
except for its claim rates. We use data on claim realizations to predict the households’

claim rates. In particular, we treat the claim rates as latent random variables and estimate

3A plot of the distribution of home deductible choice conditional on the choice of auto comprehensive
deductible shows essentially the same patterns, suggesting that the choice of home deductible is only weakly
correlated with the choice of auto comprehensive deductible as well.



their conditional distributions under the assumption that they depend on observable and
unobservable household characteristics.

Our test leverages the idea that each deductible choice by a household implies that its
coefficient of absolute risk aversion lies between two indifference points. For example, if the
household chooses a deductible of $500 from a menu of $100, $500, and $1,000, then the in-
difference point between $500 and $1,000 provides a lower bound on its coefficient of absolute
risk aversion and the indifference point between $100 and $500 provides an upper bound.
In this fashion, a household’s deductible choices in auto collision, auto comprehensive, and
home identify three "test" intervals that must contain its coefficient of absolute risk aversion.
If these test intervals fail to intersect, then the household’s choices cannot be rationalized
by the same coefficient of absolute risk aversion.

It is noteworthy that our test does not rely on statements about the reasonableness of the
magnitude of the degree of risk aversion implied by households’ choices or on assumptions
about the relationship between risk aversion over moderate and large stakes or between risk
aversion and wealth. Rather, we test whether a household’s market choices over money
lotteries of comparable size reflect the same degree of risk aversion measured at a particular
wealth level (whatever it may be). Thus, our study complements prior research on the
empirical validity of the standard account of risk preferences (e.g., Samuelson 1963; Rabin
2000; Rabin and Thaler 2001).

We find that the hypothesis of stable risk preferences is rejected by the data. Under
the benchmark test, which maintains all our modeling assumptions and uses households’
predicted claim rates to calculate their test intervals, the fraction of households with three-
wise success (i.e., for whom the threewise intersection of its test intervals is nonempty) is
23 percent. This is quite low considering that it would be 14 percent if households were
randomly assigned their deductible choices. However, one should not expect a success rate
of 100 percent, as households’ true claim rates are bound to differ from their predicted claim
rates due to unobserved heterogeneity. As a relevant point of comparison, we construct the
"expected" success rate—i.e., the success rate that we would expect under the null hypoth-
esis of stable risk preferences given our modeling assumptions—and we find that it is 50
percent, more than twice the actual success rate. Furthermore, we show that the residual
variance in the claims data cannot likely account for the gap between the predicted claim
rates and the claim rates that would be required to rationalize the deductible choices for
many households. On the basis of our analysis, we conclude that unobserved heterogeneity
is not a plausible explanation for the low rate of success under the benchmark test.

Our analysis of the patterns of failure suggests that households with threewise failure
typically exhibit greater risk aversion in their home deductible choices than in their auto

deductible choices. Overall, the average failing household would pay more than $45 to avoid



facing a "home" lottery offering an equal chance of winning and losing $100 but would pay
$30 or less to avoid facing an equivalent "auto" lottery. Our analysis also suggests that, once
we control for risk type, none of age, gender, or wealth is predictive of success under the
benchmark test.

As a supplement to our primary test, we offer an alternative test that uses the familiar
Wald statistic to test whether the empirical distribution of deductible choices in the data is
close to the distribution generated by the model under the hypothesis of stable risk prefer-
ences. The results of the alternative test reinforce our main findings. For example, when we
compare the empirical and model-generated distributions of home deductibles (conditional
on auto collision deductibles), we find that the data contain more low deductibles and fewer
high deductibles than the model would predict (confirming our intuition that the patterns
displayed in Figure 1 are inconsistent with the hypothesis of stable risk preferences).

We check the robustness of our benchmark results to a number of alternative modeling
assumptions. Specifically, we consider the case of constant absolute risk aversion (CARA)
utility; we allow for the possibility that households weight their claim rates in the manner
suggested by cumulative prospect theory (Tversky and Kahneman 1992); we consider a vari-
ant of cumulative prospect theory used by Sydnor (2006) in a related study; and we allow
for the possibility that home claims involve transaction costs. In each case, we find that the
threewise success rates remain low. We also address several concerns regarding the methods
that we employ to construct the pricing menus, predicted claim rates, test intervals, and
expected success rates. In addition, we discuss and defend our assumptions regarding state
independence, claim size, moral hazard, and the structure of unobserved heterogeneity. Fi-
nally, we briefly speculate about the potential for three alternative explanations—subjective
beliefs, mistakes, and stochastic preferences—to explain our results. Because comprehensive
analysis of these explanations is beyond the scope of this paper, we defer our comments to
the concluding remarks.

The paper is related to two literatures that cut across economics and psychology. The
first estimates risk preferences from observed choices. The majority of the studies in this
literature rely on data from surveys (e.g., Viscusi and Evans 1990; Evans and Viscusi 1991;
Barksy et al. 1997; Dohmen et al. 2005), laboratory or field experiments (e.g., Kachelmeier
and Shehata 1992; Holt and Laury 2002), or natural experiments in nonmarket settings
such as game shows (for reviews, see Blavatskyy and Pogrebna 2007; Post et al. 2008) or
horse racing (e.g., Jullien and Salanié 2000). Only a handful of papers utilize data on risky
choices by market participants. For instance, Saha (1997) uses data on production decisions
to estimate firms’ risk preferences and Chetty (2006) estimates risk aversion using data on
labor supply decisions. A small group of papers use data on insurance choices. Cicchetti

and Dubin (1994) use the choice of whether to purchase interior telephone wire insurance



to estimate a consumer’s degree of risk aversion. Sydnor (2006, 2008) uses the deductible
choice in home insurance to estimate lower and upper bounds for a customer’s level of risk
aversion. Most recently, Cohen and Einav (2007) structurally estimate risk preferences from
the deductible choice in auto insurance. Each of these papers, however, studies unicontext
choice and focuses on estimating the magnitude of risk aversion in a single context, whereas
we study multicontext choice and focus on the stability of risk preferences across contexts.

The second related literature documents violations of the principle of invariance. Accord-
ing to this principle, preferences over alternatives are invariant to extensionally equivalent
reformulations of a decision problem (Tversky and Kahneman 1986)." In the case of risky
choice, the principle of invariance translates to the consequentialist premise that preferences
over risky alternatives are solely a function of the reduced lotteries over outcomes induced
by the risky alternatives (Arrow 1951; Starmer 2000). The studies in the invariance litera-
ture generally involve laboratory, field, or natural experiments (for reviews, see Tversky and
Thaler 1990; Camerer 1995; Rabin 1998; Starmer 2000; Kahneman 2003a,b). Notably, sev-
eral studies find that preferences over money lotteries depend on whether they are framed as
a "gamble" or as "insurance" (Schoemaker and Kunreuther 1979; Hershey and Schoemaker
1980; Hershey et al. 1982),” and one study finds that preferences over coinsurance depend on
whether it is framed as a "deductible" or a "rebate" (Johnson et al. 1993). In addition, there
are a number of studies that engage in descriptive analysis of certain real world phenomena
that appear to contradict invariance (e.g., Thaler 1980; Schelling 1981; Johnson et al. 1993;
McCaffery 1994; Johnson and Goldstein 2003). We are aware of only one prior study that
presents direct evidence on the invariance of risk preferences using data on risky choices by
market participants. Wolf and Pohlman (1983) compare the risk preferences of a single dealer
in U.S. government securities inferred from his direct assessments of hypothetical gambles
and from his bid decisions over a series of Treasury bill auctions. They find that "the dealer
was substantially more risk averse in his bid choices than his assessments predicted" and
conclude that individuals’ "degree of risk aversion may depend on the specific context in
which their choices are made" (Wolf and Pohlman 1983, p. 849). Our paper overcomes two
limitations of Wolf and Pohlman (1983). First, we study a large number of households as
opposed to a single individual. Second, we study actual choices made in three comparable
market contexts whereas they compare hypothetical nonmarket choices with actual choices
in one market context.

The remainder of the paper proceeds as follows. Section 2 develops the test of stable

4The literature distinguishes among several types of invariance, including description invariance (prefer-
ences should not depend on the description of alternatives) and procedure invariance (preferences should not
depend on the method of elicitation) (Tversky et al. 1990; Camerer 1995; Starmer 2000).

®We highlight these studies because many reported estimates of risk preferences in the first literature are
based on decisions made in these contexts.



risk preferences. It presents the model of deductible choice, explains the construction of the
test intervals, discusses the empirical approach to predicting households’ claim rates, and
formulates the test. Section 3 describes the data. Section 4 reports the claim rate estimates
and the benchmark test results. It also includes our analysis of unobserved heterogeneity and
the anatomy of failure, our discussion regarding methodology, and the alternative test. Sec-
tion 5 contains a discussion of key assumptions and selected robustness checks. Concluding

remarks appear in Section 6.

2 A Test of Stable Risk Preferences

2.1 Model of Deductible Choice

We model households’ deductible choices according to expected utility theory. Let w; and
u;(+) denote household i’s wealth and Bernoulli utility function, respectively. We assume
that w;(-) is thrice continuously differentiable, monotone, and state independent and has
a negligible third derivative. We otherwise impose no structure on the Bernoulli utility
function.

Households have access to three types of insurance coverage: auto collision (L), auto
comprehensive (M), and home all perils (H).® Each type of coverage provides full insurance
against covered losses in excess of a deductible chosen by the household. The deductible
for each coverage is chosen from a household-coverage specific pricing menu that associates
a premium with each deductible. For each household i and coverage j, let m;; denote the
pricing menu, d;; denote the deductible, p;; denote the associated premium, and ?;; denote
the duration of coverage. A policy is a premium-deductible pair, (p;;,d;;). In the data, auto
policies are semiannual contracts and home policies are annual contracts. Accordingly, t;; is
the number of semiannual periods of coverage for j = L, M and the number annual periods
of coverage for j = H.

We assume that household ¢’s claims under coverage j are generated by a Poisson process

having rate \;;," where );; is a semiannual rate for j = L, M and an annual rate for j = H.

ijs
Under this assumption, the household’s claim arrivals are independent across coverages (as
well as within each coverage) even if its claim rates are correlated. In addition, we assume
that: (i) households know their claim rates; (ii) the value of every claim under each coverage
exceeds the maximum deductible available for such coverage; (iii) the only cost associated

with a claim is payment of the deductible; and (iv) deductible choices do not influence claim

6 A brief description of each type of coverage appears in Appendix A. For simplicity, we often refer to
home all perils simply as home.

"This assumption is standard in the economics and insurance literatures (Rose 1990; Boyer et al. 1992;
Dionne and Vanasse 1992; Michener and Tighe 1992; Keeler 1994; Cohen and Einav 2007).



rates, i.e., households do not suffer from moral hazard. We consider relaxing these and other
key assumptions of the model in Section 5.

Under the terms of the policies in the data, the insured generally can change any de-
ductible or cancel any coverage at any time and pay a linearly weighted or prorated pre-
mium. On this basis, we assume that households view their deductible choices as short-term
commitments. Accordingly, we model deductible choice as a static decision problem.

Given our assumptions, the expected utility to household ¢ from choosing policies {(p;;, d;;) :

j=1L,M,H} from pricing menus {m;; : j = L, M, H} is given by
Vi ((pirs dir), (Pints dins) 5 (Pimr, dimr)) =
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2.2 Construction of Test Intervals

Suppose household i can choose between two auto collision policies (pl;,d.;) and (ply, d% ),
with dy > d'; and pl; > plt.® Given (pins, dins) and (pim, di), household i is indifferent

between the two policies when

Vi ((péL, déL)’ (pz'M, diM) ) (piH, dzH)) =V; ((p?u d?L); (piM7 diM) ) (P¢H7 dzH)) . (2)

Solving this equation for A;; and taking limits as ¢;; — 0 for all j, we have

i Ui(wi - déL) - “i<wi - d?L)
or 1
)\—L(PiL — plip s (wy) = wi(w; — diy) — wi(w; — dyy). (4)

8To be clear, the superscripts on p;z, and d;;, correspond to the deductible amount, where ! denotes the
low deductible and h denotes the high deductible. Accordingly, pé 1, denotes the premium associated with
the low deductible, dé 1, and p?L denotes the premium associated with the high deductible, d?L



Note that over small time intervals the choice of auto collision policy is not influenced by the
choice of auto comprehensive or home policy. This is driven by the fact that claim arrivals
are independent and the probability of experiencing two claims under one or more coverages
is negligible.

Let 7" denote the coefficient of absolute risk aversion (at wealth level w;) at which the
household is indifferent between the two policies. Taking Taylor expansions of both terms
on the right hand side of equation (4), we obtain

(i=piy) 4

Pih Nip (dfy —dl))
iL ™~ T 179k i
§(diL + diL)

(5)

Let r; denote the household’s true coefficient of absolute risk aversion. It follows that the
household chooses (pl;,d.;) if r; > i and (pl,, dl) if vy < v

Now suppose household i can choose among K auto collision policies {(pr, %) k=1,..,K },
where dY, < d?, < ---<d5 ™t < df and p}, > p? >--- > pi~' > p&. When the household

chooses policy (pf;, d~,), its choice implies

4
maxrilih, —I—oo) ifk=1

h>k
ri € Lip, = max 7" minrF | if2<kE<K -1 . (6)
h>k U<k ! -

. LK .
\ (—OO,IZI<11II(17”1-L } ifk=K
That is, the household’s choice of auto collision deductible identifies an interval, I;;, that
contains its coefficient of absolute risk aversion. Exactly in the same fashion, the household’s
choice of auto comprehensive deductible identifies a second interval, I;;;, and its choice of
home deductible identifies a third interval, I;,;. We refer to I, I;»;, and I, as household

7’s test intervals.

2.3 Predicting Claim Rates

All of the variables necessary to calculate household i’s test intervals are observable, except
for the claim rates, \;r, A\iar, and ;. We treat the claim rates as latent random variables
and assume that for each household 7 and coverage j, In \i; = 77,3, + €5, where (i) x5 is a
vector of observables and (ii) for each coverage j, the ¢;;, which reflect potential unobserved
heterogeneity, are independent across households and exp(e;;) follows a gamma distribution
with unit mean and variance ;. Under this assumption, the number of claims that household
1 realizes under coverage j follows a negative binomial distribution with conditional mean

pi; = exp(xy;8;)ti; and variance ji;; + op; (Cameron and Trivedi 1998). Consequently, we

8



can perform standard negative binomial regressions to obtain maximum likelihood estimates
of 3, and «; for each coverage j. We then can use these estimates to predict the claim rates

for each household.

2.4 Formulation of the Test

Provided that household i’s test intervals are nonempty,” we can ask whether they intersect.
If the test intervals intersect, then any coefficient of absolute risk aversion contained in the
intersection can rationalize the household’s deductible choices. If, however, the test intervals
do not intersect, then the household’s deductible choices cannot be rationalized by the same
coefficient of absolute risk aversion. We refer to the fraction of households with nonempty
intervals/intersections as the success rate. Because we use households’ predicted claim rates
(and not their true claim rates) to calculate their test intervals, the expected success rate (i.e.,
the success rate that we would expect under the null hypothesis of stable risk preferences
given our modeling assumptions and estimates of 3; and «; for each coverage j) is less
than 100 percent. Therefore, the conclusion of the test—mamely, whether or not the null
hypothesis of stable risk preferences is rejected by the data—turns on comparing the success
rate with the expected success rate. We explain the procedure for constructing the expected

success rate in Section 4.2.

3 Data

3.1 Overview

We acquired the data from an independent insurance agent located in a northeastern state
of the United States. The agent offers multiple lines of insurance on behalf of a number of
regional and national insurance companies. The data comprise information on households
who purchased or renewed auto collision, auto comprehensive, or home coverage through the
agent between 1993 and 2007. For each household, the data contain all the information in the
agent’s records regarding the household’s policies, the claims reported thereunder, and the
characteristics of the household. The data also include household-coverage specific pricing
menus of premium-deductible combinations that we constructed using rating information
provided by the agent (see Section 3.3).

For purposes of our analysis, we group the data into three nonmutually exclusive sam-
ples: Auto, Home, and Test. We use the Auto and Home samples to perform the regressions

described in Section 2.3.!° The Auto sample contains 1,689 households who purchased or

9For a discussion of empty test intervals, see Appendix B.
10For this reason we ocassionally refer to the Auto and Home samples collectively as the regression samples.
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renewed auto collision or auto comprehensive coverage and for whom we have complete
information regarding their claims and the variables that enter as covariates into the auto
collision or auto comprehensive regression. Similarly, the Home sample contains 1,298 house-
holds who purchased or renewed home coverage and for whom we have complete information
regarding their claims and the variables that enter as covariates in the home regression. We
perform our test of stable risk preferences on the Test sample. The Test sample contains
702 households who purchased or renewed all three types of coverages—auto collision, auto
comprehensive, and home—through the agent and for whom we have complete information
regarding their deductible choices and the variables necessary to calculate the test intervals
described in Section 2.2. Due to these stringent inclusion requirements, the Test sample is
notably smaller than the regression samples. To address concerns about selection issues and
raise confidence that the Test sample constitutes a representative sample of the households

in the data, we perform informal and formal checks (see Sections 3.2, 4.1, and 4.6.2).

3.2 Household Characteristics and Claims

Tables 1 and 2 provide descriptive statistics for the Auto and Home samples, respectively.
Each table also provides comparable statistics for the Test sample. Definitions of variables
that are not self-explanatory appear in Appendix A. An informal comparison of means sug-
gests that moving from the Auto and Home samples to the Test sample does not introduce
any worrisome selection bias. This is confirmed when we formally compare the empirical dis-
tributions of the predicted claim rates in the Auto and Home samples, on the one hand, and
the Test sample, on the other hand (see Section 4.1), and when we compare the benchmark
test results for the Test sample with test results for the subsample of Test sample households
for whom we have complete claims information (see Section 4.6.2).

Table 3 summarizes the claim histories of the households in the Auto and Home samples.
The mean semiannual claim rates for auto collision and auto comprehensive are 0.058 and
0.037, respectively, and the mean annual claim rate for home is 0.052. We note that our claim
rates comport with the national claim rates reported by the Insurance Information Institute
(2008a,b).'" In addition, we note that: (i) the auto claim rate reported by Cohen and Einav

(2007) for a sample of Israeli drivers is greater than the sum of our auto claim rates,'” which

"'The Insurance Information Institute (2008b) reports an annual home claim rate of 0.051 for 2006, which
is remarkably close to our home claim rate. For auto collision and comprehensive, the Insurance Information
Institute (2008a) reports per vehicle annual claim rates of 0.050 and 0.023. Although these are lower than
our semiannual auto claim rates, we believe three factors account for the discrepancy: (i) the Institute’s auto
comprehensive claim rate excludes wind and water losses; (ii) our auto claim rates are per policy, 37 percent
of which cover at least two vehicles and 11 percent of which cover at least three vehicles; and (iii) the state
we study is one of the most expensive states for auto insurance, suggesting that we should expect our claim
rates to be above the national average.

12Cohen and Einav (2007) report an average annual claim rate of 0.245 for Israeli auto comprehensive
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Table 1: Descriptive Statistics — Selected Auto Covariates

Test Sample (702 obs)

Auto Sample (1689 obs)

Variable Mean Std Dev  Min Max Mean Std Dev  Min Max
Bench PremColl ($) 223.26 119.13 13.27 1087.91 198.83 99.90 24.58 809.41
Bench Prem Comp ($)* 108.72 63.45 8.38  555.70 92.55 59.62  8.38 369.74
Prior Accident 0.701 0.458 0 1 0.613 0.488 0 1
Prior Second Accident 0.119 0.323 0 1 0.152 0.360 0 1
Prior Third Accident 0.047 0.211 0 1 0.065 0.248 0 1
Vehicle 1 Age (years) 5.71 3.67 0.01 23.76 5.38 3.43 0.01 18.83
Work Use 0.597 0.491 0 1 0.568 0.497 0 1
Personal Use 0.391 0.488 0 1 0.417 0.493 0 1
Business Use 0.012 0.108 0 1 0.014 0.119 0 1
Second Vehicle 0.370 0.483 0 1 0.417 0.493 0 1
Third Vehicle 0.111 0.314 0 1 0.121 0.326 0 1
Driver 1 Male 0.580 0.494 0 1 0.591 0.492 0 1
Driver 1 Female 0.420 0.494 0 1 0.410 0.492 0 1
Driver 1 Age (years) 47.29 14.59 18.41 92.76 50.54 13.94 1749 95.31
Driver 1 Married 0.464 0.499 0 1 0.620 0.486 0 1
Driver 1 Divorced 0.024 0.154 0 1 0.011 0.106 0 1
Driver 1 Single 0.494 0.500 0 1 0.353 0.478 0 1
Driver 1 Widowed 0.017 0.130 0 1 0.016 0.124 0 1
Driver 2 0.561 0.496 0 1 0.678 0.468 0 1
Driver 2 Male 0.307 0.459 0 1 0.292 0.455 0 1
Driver 2 Female 0.693 0.462 0 1 0.708 0.455 0 1
Driver 2 Age (years) 46.10 14.67 15.41 103.84 46.31 13.67 16.27 82.23
Young Driver 0.076 0.266 0 1 0.098 0.298 0 1

%1661 observations.

Table 2: Descriptive Statistics — Selected Home Covariates

Home Sample (1298 obs)

Test Sample (702 obs)

Variable Mean Std Dev Min Max Mean Std Dev Min Max
Owner Occupied 0.794 0.404 0 1 0.738 0.440 0 1
Primary Residence 0.921 0.269 0 1 0.932 0.253 0 1
Insured Value ($000,000)  2.00 1.10 0.04 11.63 1.80 0.79 0.73 6.74
Home Age (years) 49.52 38.66 0.18 196.85 48.74 37.23 0.34 196.85
Multi-Unit 0.012 0.107 0 1 0.009 0.092 0 1
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Table 3: Claims

Variable Obs Mean Std Dev. Min Max
Auto:  Collision Claim Rate (semiannual) 1689 0.058 0.136 0 2.645
Comprehensive Claim Rate (semiannual) 1689 0.037 0.092 0 1.630
Policy Duration (semiannual periods) 1689  9.79 6.75 0.04 35.46
Home: Claim Rate (annual) 1298 0.052 0.131 0 1.848
Policy Duration (annual periods) 1298  5.04 3.29 0.03 16.48

is consistent with the fact that the road accident and motor vehicle theft rates in Israel are
greater than the rates in the United States;'® and (ii) the home claim rate reported by Sydnor
(2006, 2008) for a sample of homeowners in a western state is approximately four-fifths our
home claim rate,'* which seems reasonable considering regional differences in climate and

age of housing stock.

3.3 Pricing Menus, Premiums, and Deductibles

As a group, the households in the data purchased or renewed their auto and home policies
from nine insurance companies. Of the nine companies, one offers only auto policies, four
offer only home policies, and four offer both auto and home policies. FEach company uses the
same procedure to price, or rate, its policies. Suppose household i wishes to obtain a quote
for coverage j. First, upon observing the household’s characteristics, x;;, the company deter-
mines a benchmark premium p;; (i.e., the premium associated with a benchmark deductible
d;, e.g., d, = $200) according to a proprietary rating function, p;; = f;(z;;). Second, it
generates a household-coverage specific pricing menu m;; = {(p,df) : k=1,.., K} that
associates a premium pfj with each deductible dfj according to a proprietary multiplication
rule, p¥; = g;(d%) - pij, with g;(d;) = 1. After the company rates the policy, it quotes the
pricing menu to the household. The household then chooses its preferred policy from the
pricing menu, (pj;, dj;) € m;.

For each household 7 in the Auto and Test samples, we observe the household’s most
recent policy choices {(pj;,d;;) : j = L, M, H}, but we do not observe the pricing menus
{m;; : j =L, M, H} that were quoted to the household. However, we were able to ascertain
for all nine companies the multiplication rules {g; : j = L, M, H} that were in effect in

2007. Applying these multiplication rules, we construct pricing menus {m;; : j = L, M, H}

coverage, which is an amalgamation of U.S. auto collision and auto comprehesive coverages.

13 According to the International Traffic Safety Data and Analysis Group (2008), the rate of injury accidents
per one million vehicle kilometers was 0.83 in Israel in 2006 and 0.39 in the United States in 2005. According
to Herzog (2002), the annual rate of motor vehicle thefts per one thousand registered motor vehicles between
1994 and 1997 ranged from 19.1 to 28.3 in Israel and from 6.4 to 7.6 in the United States.

1 Sydnor (2006, 2008) reports an average annual claim rate of 0.042.
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Table 4: Premiums

Variable Obs Mean Std Dev  Min Max

Auto Collision Premium (dollars) 702 169.56 87.24 2740  689.00
Auto Comprehensive Premium (dollars) 702  83.66 51.74  10.90  298.00
Home Premium (dollars) 702 580.56  265.27 101.00 2235.48

for each household 7 in the Auto and Test samples. (We also observe the policy choices of
most households in the Home sample. However, unless a household also is in the Auto or
Test sample, we do not need to construct pricing menus for the household because we do
not use benchmark premium as a covariate in the home regression (see Section 4.1)). We
use these pricing menus throughout our analysis. In particular, we use them to calculate the
benchmark premiums p;;, and p;);, which enter as covariates in the auto regressions, and the
test intervals I;z, I;nr, and I;z, which enter our test of stable risk preferences.'”

We recognize, of course, that 7;; # m,; if a different benchmark premium or multipli-
cation rule was in effect at the time household 7 made its deductible choice for coverage
j. However, there are (at least) two reasons to believe that 1m;; & m,; for nearly all 7, j.
First, 93 percent of the policies in the Auto sample and 66 percent of the policies in the
Test sample were purchased or renewed in 2007. We are confident that the pricing menus
for these policies are accurate. Second, each company’s rating scheme must be approved by
the state insurance department. As a result, the pricing menus are quite stable over time.'¢
Nearly 100 percent of the policies in the Auto Sample and 89 percent of the policies in the
Test sample were purchased or renewed during or after 2004. Therefore, we are confident
that the vast majority of the pricing menus are accurate or approximately so.

Tables 4 and 5 summarize the policy choices for households in the Test sample. The
most popular deductible choices were $200, $250, and $500 for auto collision and auto com-
prehensive and $250 and $500 for home coverage. No household chose an auto deductible
in excess of $1,000, and only four households chose a home deductible in excess $1,000. In
light of this pattern, and taking into consideration the variation in the deductible options

across companies, we limit the pricing menus to the following deductible options:'’

5Note that m;; includes only the deductible options offerred by the company from which household ¢
purchased or renewed its policy for coverage j. This is conservative—including deductible options offerred
by other companies could only make the household’s test intervals narrower.

16We were able to confirm for seven companies that their home multiplication rules have not changed since
at least 2003. For two of these companies we were able to confirm that their home multiplication rules have
not changed since at least 1999. For the eighth home insurance company, we were able to confirm that its
multiplication rule has not changed since at least 2006. We also were able to confirm for one company that
its auto multiplication rules have not changed since at least 1998. We were not able to trace the evolution
of the auto multiplication rules for the other four auto insurance companies.

170f course, each household-coverage specific pricing menu contains only those deductible options that are
offered by the company that issued the policy to the household.
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Table 5: Deductible Choices

Auto Collision Auto Comp Home
Deductible Freq Pct Freq Pct Freq Pct
$50 - - 34 4.84 0* 0.00
$100 9 1.28 28 3.99 16 2.28
$150 0° 0.00 0® 0.00 0® 0.00
$200 170 24.22 258 36.75 0* 0.00
$250 127 18.09 100 14.25 487 69.37
$300 0° 0.00 0* 0.00 - -
$400 0° 0.00 0* 0.00 - -
$500 363 51.71 264 37.61 154 21.94
$1,000 33 4.70 18 2.56 41 5.84
$1,500 0° 0.00 0* 0.00 - -
$2,000 0 0.00 0 0.00 1 0.14
$2,500 0 0.00 0 0.00 3 0.43
$5,000 0 0.00 0* 0.00 0 0.00
$10,000 0° 0.00 0* 0.00 0® 0.00
Total 702 100.00 702 100.00 702 100.00

Note: A dash indicates that no company offers the deductible option.

%Only one company offers the deductible option.

e Auto Collision: {$100,$200, $250, $500, $1000, $2000, $2500};

e Auto Comprehensive: {$50, $100, $200, $250, $500, $1000, $1500, $2000}; and

e Home: {$50, $100, $200, $250, $500, $1000, $2000, $2500, $5000}.
Given how we calculate a household’s test intervals, limiting the pricing menus to these
deductible options is without loss of generality. Indeed, it is conservative because including

additional deductible options could only make a household’s test intervals narrower.

4 Results

4.1 Regressions and Predicted Claim Rates

Tables 6 and 7 report the results of the auto and home regressions, respectively. For the sake
of brevity, the tables omit certain variables: (i) in the auto regressions, we do not report
coefficients for the constant, company controls, interactions between company controls and
benchmark premium, and territory controls; and (ii) in the home regression, we do not report
the coefficients for the constant and territory controls. For auto comprehensive and home,
we report the estimates from negative binomial regressions. For auto collision, however, we

report the estimates of a Poisson regression, because a likelihood ratio test fails to reject the
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Table 6: Auto Regressions

Collision Comprehensive
(Poisson) (Negative Binomial)

Bootstrap Bootstrap
Variable Coef Std Err Coef Std Err
Benchmark Premium 0.0019*** 0.0005 0.0010 0.0014
Prior Accident 0.5351* 0.1193 0.6136*** 0.1520
Prior Second Accident 0.1195 0.1393 -0.3781** 0.1827
Prior Third Accident  -0.0021 0.2019 0.0589 0.2609
Vehicle 1 Age -0.0035 0.0113 -0.0093 0.0144
Personal Use 0.0286 0.0778 0.0043 0.1013
Business Use 0.4522 0.3093 0.3611 0.3272
Second Vehicle 0.2342** 0.0988 0.4086*** 0.1268
Third Vehicle -0.0800 0.1144 0.1257 0.1380
Driver 1 Female 0.2685*** 0.0986 -0.1290 0.1195
Driver 1 Age 0.0130 0.0152 0.0047 0.0214
Driver 1 Age Squared -0.0001 0.0001 -0.0001 0.0002
Driver 1 Divorced -0.5429** 0.2751 0.3971 0.2918
Driver 1 Single -0.2164* 0.1168 -0.0764 0.1453
Driver 1 Widowed -0.4238* 0.2606 -0.4535 1.5989
Driver 2 -0.2171 0.4234 0.0507 0.4923
Driver 2 Female 0.2508* 0.1346 0.1057 0.1612
Driver 2 Age 0.0026 0.0190 -0.0030 0.0216
Driver 2 Age Squared -0.0001 0.0002 0.0000 0.0002
Young Driver 0.3481*** 0.1231 0.1024 0.1611
o 0.2171** 0.0823
Observations 1689 1661
Pseudo R? 0.0565 0.0386

Table 7: Home Regression (Negative Binomial)

Bootstrap
Variable Coef Std Err
Owner Occupied -0.4731** 0.1241
Primary Residence  0.1131 0.3595
Insured Value 0.1474** 0.0532
Home Age 0.0079* 0.0048
Home Age Squared -0.0001* 0.0000
Multi-Unit 0.4887 1.8139
Q 0.5876*** 0.1620
Observations 1298
Pseudo R? 0.0180

Notes: *Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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null hypothesis of equidispersion (i.e., ar, = 0).'® In each regression, the dependent variable
is the number of claims and we control for variation in exposure (i.e., policy duration).

The regression results indicate that auto claim rates (collision and comprehensive) are
greater for households with a prior accident or a second vehicle. In addition, collision claim
rates are greater for households in which the primary driver is married, the primary or
secondary driver is female, or any driver is below age 21.' Finally, home claim rates are
greater for homes that are not owner occupied and increase with the insured value and age
of the home.?’

One additional variable in the auto regressions—benchmark premium—deserves special
mention. In our discussions with the agent, we learned that several insurance companies
consider a household’s credit rating in determining the household’s benchmark premium
for auto collision and comprehensive coverage. For privacy reasons, we could not obtain
the credit ratings of the households in the data. However, the inclusion of benchmark
premium in the auto regressions indirectly controls for this information. Conveniently, it
also indirectly controls for any other household information that we do not observe but that
the insurance company observes and incorporates into its auto rating function (although, to
our knowledge, the only information in this category is the household’s credit rating). The
coefficient on benchmark premium is positive (as expected) in both auto regressions and
statistically significant in the collision regression.?!

For purposes of our analysis, we are not interested in the regression results per se. Rather,

180ur regression model assumes that the number of claims that household i realizes under coverage j
follows a negative binomial distribution with conditional mean p,; = exp(;;3;)t;; and variance u,; + o u?j
(see Section 2.3). The model reduces to a Poisson model if the dispersion parameter, «;, equals zero
(Cameron and Trivedi 1998). If a; = 0, the Poisson quasi-maximum likelihood estimator is asymptotically
more efficient; if «; > 0, the negative binomial estimator is more effecient (Wooldridge 2002). For each
coverage j, we estimate both negative binomial and Poisson models and perform a likelihood ratio test
of the null hypothesis of equidispersion (o; = 0) against the alternative of overdispersion (o; > 0). As
reported in Tables 6 and 7, we reject the null hypothesis in the case of auto comprehensive and home. The
point estimates for ap; and ay are 0.2171 and 0.5876, respectively. However, we do not reject the null
hypothesis in the case of auto collision—the point estimate for «y is 0.0028 and the p-value of the test
statistic is 0.48. Bootstrapping the negative binomial model provides further assurance that any unobserved
heterogeneity in auto collision is negligible: the order of magnitude of the median point estimate for o
across 1,000 bootstrap repetitions is 1076, Accordingly, we report the negative binomial estimates for auto
comprehensive and home and the Poisson estimates for auto collision. It is noteworthy that Cohen and
Einav (2007)—who study Israeli auto comprehensive coverage, which, as noted above, is an amalgamation
of U.S. auto collision and auto comprehesive coverages—report a dispersion coefficient of 0.023, which lies
between our estimates for oy, and ajpy.

19Cohen and Einav (2007) similarly find that auto claim rates are greater for households with prior claims
and for households with a young driver.

20Sydnor (2006) also finds that the claim rate increases with the insured value and age of the home. His
coefficient estimates are remarkably similar to ours.

2I'We do not include benchmark premium in the home regression because doing so reduces the sample
size without increasing the predictive power of the model. Including it also does not significantly alter the
predicted claim rates.
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Table 8: Predicted Claim Rates — Descriptive Statistics
Obs Mean Std Dev 1st Pctl 99th Pctl

Test Sample:  Auto Collision 702 0.055 0.031 0.019 0.151
Auto Comprehensive 702  0.037 0.018 0.012 0.092
Home 702 0.058 0.017 0.028 0.101
Auto Sample:  Auto Collision 1689 0.057 0.030 0.019 0.157
Auto Comprehensive 1689 0.037 0.017 0.013 0.088
Home Sample: Home 1298  0.059 0.020 0.026 0.111

Note: Semiannual claim rates for auto and annual claim rates for home.

we use the estimates from the auto and home regressions to generate predicted claim rates—
(A = exp(a:;jﬁj) : j = L, M, H}—for each household i. Table 8 summarizes the predicted
claim rates for households in the Test sample and provides comparable statistics for the
regression samples. In the Test sample, the mean predicted semiannual claim rates for auto
collision and auto comprehensive are 0.055 and 0.037, respectively, and the mean predicted
annual claim rate for home is 0.058. These are nearly identical to the corresponding mean
predicted claim rates in the regression samples (0.057, 0.037, and 0.059).>” Indeed, for each
coverage j, a Kolmogorov-Smirnov test fails to reject at the 10 percent level the equality of the
empirical distribution of S\ij in the Test sample and in the corresponding regression sample.
In terms of risk profile, therefore, we are comfortable that the Test sample constitutes a

representative sample of the households in the data.

4.2 Benchmark Test Results

In the benchmark test, we calculate household ’s test intervals {fU :j = L,M,H} using
its predicted claim rates {\; = exp(x;ij) :j = L,M,H}. We then verify whether each
test interval is nonempty and whether the test intervals’ pairwise and threewise intersections
are nonempty. Strictly speaking, we verify whether: (i) for each test interval, the upper
bound exceeds the lower bound; and (ii) for each pair of test intervals and for the triple
(IAZ L, fl M, fl 1), the minimum upper bound of the test intervals exceeds the maximum lower
bound of the test intervals.

Table 9 presents the results of the benchmark test. It reports success rates as well as
expected success rates. The success rate is the fraction of households in the Test sample with
nonempty intervals/intersections. In general, we do not expect success rates of 100 percent.
This is because we calculate the test intervals using households’ predicted claim rates as

opposed to their true claim rates (which are unobservable). We present the expected success

22They also are in line with the corresponding mean observed claim rates reported in Table 3 (0.058, 0.037,
and 0.052).
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Table 9: Benchmark Test Results

Success  Expected 95%

Deductible Choice(s) Rate  Success Rate  Conf Int

Auto Collision 0.89 0.89 0.89 0.89
Auto Comprehensive 0.89 0.99 0.98 0.99
Home 1.00 0.99 0.98 1.00
Auto Collision & Auto Comprehensive 0.50 0.72 0.70 0.75
Auto Collision & Home 0.48 0.68 0.65 0.70
Auto Comprehensive & Home 0.42 0.76 0.73 0.79
Auto Collision & Auto Comprehensive & Home  0.23 0.50 0.47 0.54

rates as the relevant points of comparison. The expected success rate is the success rate that
one would expect the Test sample to achieve in the benchmark test under the null hypothesis
that households have stable risk preferences and assuming that our model of deductible choice
and our estimates for 3; and «a; for each coverage j are correct. We construct it as follows.
First, because there is no unobserved heterogeneity in auto collision (i.e., &y, = 0; see Section
4.1), for each household i we treat its predicted auto collision claim rate, ;\Z-L, as its true
auto collision claim rate and we assume that its true coefficient of absolute risk aversion
lies in its auto collision interval, 122 - Second, we take a draw from a uniform distribution
over I;; and treat it as household i’s true coefficient of absolute risk aversion.?? Third,
we draw exp(e;) from gamma(giz,0.22) and exp(e;g) from gamma(gss,0.59) and take
Nias - exp(e;n) and P exp(e;m) as household i’s true auto comprehensive and home claim
rates. Fourth, we determine each household’s optimal deductible choices and calculate the
test intervals implied by such choices using its predicted claim rates (just as we do when we
compute the benchmark success rate). Fifth, we compute the success rate. Repeating steps
two through five 1,000 times, we construct the expected success rate (mean) as well as a 95
percent confidence interval.

The results clearly favor rejection of the null hypothesis of stable risk preferences. The
success rates for individual deductible choices are respectable—S&89 percent for auto collision
(this is by construction), 89 percent for auto comprehensive, and 100 percent for home—
albeit less than expected in the case of auto comprehensive.”® In contrast, however, none
of the pairwise success rates exceed 50 percent and each is well below the corresponding

expected success rate. When we consider all three deductible choices, the success rate is

231f [;1, lacks a finite lower or upper bound (which is the case for 19 households), we close the interval by
imposing a lower bound equal to one half the minimum finite lower bound in the Test sample (if positive)
or twice the minimum finite lower bound in the Test sample (if negative) or an upper bound equal to twice
the maximum finite upper bound in the Test sample, as the case may be.

24Similarly, Cohen and Einav (2007) find that about 10 percent of the individuals in their sample choose
a high auto deductible when their predicted claim rate implies a choice of low auto deductible for any level
of risk aversion.
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only 23 percent. This is quite low considering not only that the expected threewise success
rate is 50 percent but also that the threewise success rate would be 14 percent if households

were randomly assigned their deductible choices.”

4.3 Implied Estimates of Risk Aversion

As noted in the Introduction, the benchmark test does not rely on statements about the
reasonableness of the magnitude of the degree of risk aversion implied by the households’
choices. Nevertheless, we can use the households’ test intervals—particularly their auto
collision test intervals, because there is no unobserved heterogeneity in auto collision (i.e.,
&, = 0)—to estimate the range of the degree of absolute risk aversion of the households
in the Test sample. For households with nonempty, bounded auto collision test intervals,
the median lower and upper bounds of their auto collision test intervals are 2.0 - 1072 and
8.2 - 1073, For the sake of comparison, we note that Cohen and Einav (2007) report a
benchmark estimate of 6.7 - 1072 for the absolute risk aversion of the mean individual in
their data and that Sydnor (2008) reports baseline estimates of 1.8 - 107 and 5.1 - 1072 for
the lower and upper bounds on the absolute risk aversion of the median $500-deduductible

customer in his data.

4.4 Unobserved Heterogeneity

Among other things, the benchmark test results imply that unobserved heterogeneity cannot
fully account for the low rates of success in the Test sample. In this section, we offer a
direct assessment of whether unobserved heterogeneity is a plausible explanation for the
low benchmark success rates. Our approach is based on the premise that any unobserved
household heterogeneity is captured in the model by the error term, €;;, the exponential of
which is assumed to follow a gamma distribution with unit mean and variance «;.
Intuitively, our strategy is as follows. For each household ¢ in the Test sample, we find
the home claim rate 5\1H nearest to the household’s predicted home claim rate 5\1H such
that the household’s home test interval intersects with both of its auto test intervals (see
Figure 2). In other words, S\?H is the claim rate nearest to j\fH that has the potential to

rationalize the household’s deductible choices. We then compute the implied error terms,

25Tn calculating the pairwise and threewise success rates and expected success rates, we do not distinguish
between failures due to empty intervals and failures due to empty intersections. Given A;; = j\m empty
intervals are indicative of making dominated choices whereas empty intersections are indicative of making
inconsistent choices. However, if \;; # j\ij, these interpretations are improper. In any case, pooling these
two types of failure does not affect the conclusion of the test. In the subsample of 550 households with three
nonempty intervals, the pairwise and threewise success rates remain well below the corresponding expected
success rates. For instance, the threewise success rate is 0.30 while the threewise expected threewise success
rate is 0.57 (with a 95 percent confidence interval of [0.53,0.61]).
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Figure 2: Constructing "Minimum Distance" Home Claim Rates

gy =1In i —In N 1, and assess whether their exponentials plausibly could have come from

5550 0.59). By construc-

tion, &; represents a conservative metric of the minimum deviation from the predicted claim

the error distribution we estimate in the Home regression, gamma( s

rate Az that is necessary to render the household’s deductible choices consistent.”’

We formally proceed in five steps. First, for each household ¢ in the Test sample, we gener-

10,000
M) b=1

according to the following procedure. In each bootstrap repetition b, we (i) generate boot-

ate 10,000 bootstrap test intervals for auto collision and auto comprehensive, { (17, I”

strap estimates [32, B?w, [31;{, and &I]’w (we do not bootstrap & because a likelihood ratio
test does not reject the null hypothesis that oy = 0 (see Section 4.1)), (ii) draw exp(&},,)
from gamma(- - ,&h,), and (iii) use S\fL = exp(a:;LBl,;) and S\fM — exp(2),; 3y + E2y) to cal-
culate 1% and [fM. Second, we construct 10,000 "minimum distance" claim rates for home,

~b
b
/\iH - )\zH 5

10,000 . . : b _
{)\Z m}p=1 - The minimum distance claim rate A;; solves the program miny, . A

~b

where )\i i = exp(2} ;) is the predicted claim rate and A? is the set of all claim rates Ay,
such that the associated home interval I%; (i.e., the interval I%; calculated using A’y inter-
sects with both of the bootstrap auto intervals I% and I%,." Third, we compute "minimum

10,000 ~ 3o N
distance" epsilons for home, {&%;},2)", where &%, = In \;; —In \;;;. Fourth, we construct the

26 Alternatively, we could have constructed in the same fashion "minimum distance" epsilons for auto

comprehensive, &;)7, and assessed whether the exp(é;57) plausibly could have come from gamma(().%, 0.22).
Because, under either approach, we would perform the bootstrap procedure described below, our analysis
and conclusions qualitatively would remain unchanged.

27Strictly speaking, A? is the set of all claim rates A’ such that either (i) the lower bound of I?y; is less
than the minimum upper bound of f,i and I? Jy or (i) the upper bound of IfH is greater than the maximum
lower bound of 1% and %,
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Figure 3: Comparison of F' and F

empirical distribution F of exp(&;). For each bootstrap repetition b, we calculate the order
statistics E?I(’Z-) 5 of the &%, and take the average EH = ﬁ ;i,?oo él(’i) y at each position
(i). We then define F(exp(e)) = o= ST 1exp(Eaym) < exp(e)], where 1(-) is the indicator
function. Taking the 5th and 95th percentiles at each position (i), we construct a bootstrap
95 percent confidence interval for F. Fifth, we compare F to F := gamma(%,éq{), the
distribution we estimate from the Home sample.

Figure 3 presents a visual comparison of £ and F' for values of exp(g;z) > 1.° Dashed
lines demarcate bootstrap 95 percent confidence intervals.?’ It is evident from Figure 3 that
the two distributions are not equal. This is formally confirmed by a Kolmogorov-Smirnov test
comparing F and the empirical distribution analogously constructed from 10,000 samples of
702 observations drawn from F , which rejects at the 0.1 percent level the equality of the
distributions for values of exp(¢) > 1. Given the gap between the distributions, it would
strain credulity to conclude that unobserved heterogeneity could account for the threewise
failure rate under the benchmark test. For instance, according to F, approximately 30
percent of households would require exp(g;y) > 2 to rationalize their three deductible choices,
but according to F , the probability of exp(e;z) > 2 is approximately 5 percent. Moreover,

F suggests that at least 10 percent of households would require exp(g;y) > 4 to rationalize

281t is not meaningful to compare F and F for small values of exp(eg) because our procedure for constructing
. b
F involves setting exp(2%y,) = 0 if Ay € A% resulting in a point mass at zero.

29The bootstrap 95 percent confidence interval for F' reflects the bootstrap 95 percent confidence interval
for évy.
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their three deductible choices, but F suggest that the probability of exp(e;) > 4 essentially
is nil. Even if we take a very conservative approach and compare the upper bound of the
confidence interval for F' with the lower bound of the confidence interval for [ , the gap
appears insurmountable. Accordingly, we conclude that unobserved heterogeneity cannot

plausibly explain the low success rates under the benchmark model.

4.5 Anatomy of Failure

For households whose test intervals are empty or fail to intersect, it is natural to ask whether

they exhibit any patterns in their characteristics or choices.

4.5.1 Empty Test Intervals

There is a clear pattern among the empty test intervals: 70 percent of the empty test intervals
in auto collision are attributable to households who purchased or renewed their coverage from
Company A and 68 percent of the empty test intervals in auto comprehensive are attribut-
able to households who purchased their coverage from Company C. What’s special about
Company A and Company C? In comparison to their peers, Company A has a relatively
flat multiplication rule for auto collision, and Company C has a relatively flat multiplication
rule for auto comprehensive. Given a deductible choice, the set of claim rates for which the
corresponding test interval is nonempty is smaller under a flat multiplication rule than it
is under a steep multiplication rule. In the extreme, under a perfectly flat multiplication
rule, the set is empty given any "interior" deductible choice. The intuition is straightfor-
ward. Under a perfectly flat multiplication rule, it is costless to decrease the deductible and
enjoy greater coverage, so whatever its claim rate a household should choose the minimum
deductible option. As the multiplication rule becomes steeper, the costs of decreasing the
deductible increase relative to the benefits in terms of greater coverage, so it becomes in-
creasingly worthwhile for households with low claim rates to increase the deductible. Though
interesting, the phenomena of empty test intervals should not be overemphasized. We show
below that under CARA utility (Section 5.1.1), the individual success rates increase to nearly
100 percent. We also show that despite such increases in the individual success rates, the

pairwise and threewise success rates remain low.

4.5.2 Empty Intersections

There also are clear patterns in the pairwise position of test intervals for households with
three nonempty intervals but one or more empty intersections (384 households). Frequently
an auto test interval lies to the left (denoted <) of the home test interval: fiL < le for

54 percent of households and IAl u < I;H for 63 percent of households. Moreover, when an
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auto test interval fails to intersect with the home test interval, approximately 85 percent
of the time the auto test interval lies to the left of the home test interval. When the
auto test intervals fail to intersect (53 percent of households), nearly two-thirds of the time
the auto comprehensive test interval lies to the left of the auto collision test interval. For
households with three empty intersections (71 households), the modal threewise position
is fiM < fiL < le (83 percent of households). These patterns suggests that the typical
household with threewise failure exhibits greater risk aversion in its home deductible choice
than in its auto deductible choices, and that within auto it exhibits greater risk aversion in
its collision deductible choice than in its comprehensive deductible choice.

In an effort to quantify the extent to which households with threewise failure are more risk
averse in the home context than in the auto context, we compare for the average household
with three nonempty intervals but one or more empty intersections the risk premium of a
"home" lottery offering an equal chance of winning and losing $100 with the risk premium of
an equivalent "auto" lottery.?’ In our calculations, we assume quadratic utility, under which
the risk premium of a lottery p is given by R(p) = %Var(p) -r, where r is the coefficient of
absolute risk aversion (Pratt 1964), and we use the average lower bound of the home test
intervals and the minimum average upper bound of the auto test intervals as conservative
estimates of the average household’s absolute risk aversion coefficients in home and auto,
respectively. We find that the average household’s "home" risk premium is $45 whereas its
"auto" risk premium is $30. This suggests that the typical household with threewise failure
is substantially more risk averse in home than it is in auto.

Table 10 reports the results of a logit regression in which the dependent variable indicates
whether the household’s three test intervals are nonempty and intersect. The results indi-
cate that if we control for risk type, none of age, gender, or wealth is predictive of threewise
success under the benchmark test.*’ The results also indicate that the probability of three-
wise success is decreasing in the predicted claim rate for auto comprehensive and increasing
in the predicted claim rate for home. This result has no obvious economic meaning under
the benchmark model. Why should a household’s claim rates—particularly in auto compre-
hensive and home, which arguably reflect force majeure risk at least as much as household
behavior risk—correlate with its propensity to make consistent deductible choices? More-
over, why is the correlation negative in the case of auto comprehensive and positive in the

case of home? Under the assumptions of the benchmark model, the correlation is mechan-

30Recall that the risk premium R(p) of a lottery p is the amount such that the household would be
indifferent between facing the lottery p and receiving the certainty equivalent C(p) = E(p) — R(p) (Pratt
1964). Stated another way, the risk premium of lottery p is the maximum amount that the household would
pay to avoid facing lottery p.

31'We also investigate whether the success rates differ for single and married households. We find that the
success rates are slightly higher for single households; however, the differences are not material and none of
the success rates for either subsample materially differ from the success rates of the full Test sample.

23



Table 10: Logistic Regression Analysis of Threewise Success
Odds Robust

Variable Ratio  Std Err  dP/dx  Mean
Air (percent) 1.0175 0.0462  0.0029 5.54
Aint (percent) 0.6844**  0.0630 -0.0639 3.73
A\irr (percent) 1.1819**  0.0648  0.0282 5.82
Driver 1 Age 0.9835 0.0360 -0.0028 50.54
Driver 1 Age Squared 1.0001 0.0003 0.0000 2748.41
Driver 1 Female 1.1207 0.2288  0.0193 0.41
Insured Value 1.0110 0.1251  0.0019 1.80
Observations 702

Wald x?(7) 42,55

Pseudo R? 0.0620

***Significant at 1% level.

ically related to the patterns discussed above: for two-thirds of households with threewise
failure the upper bound of the auto comprehensive test interval is less than the lower bound
of the home test interval, and by equation (5) the bounds of a test interval decrease as the

claim rate increases.

4.5.3 Matching Auto Deductibles

Nearly 70 percent of the households in the Test sample have matching auto deductibles.
One could hypothesize that matching auto deductibles are indicative of a lack of active
decision making. An interesting question, therefore, is whether these households have higher
or lower success rates than households without matching auto deductibles. If households
with matching auto deductibles have lower success rates, this would be consistent with
the hypothesis and might suggest that what we interpret as inconsistent risk preferences is
simply inactive decision making. As it turns out, however, the subsample of households with
matching auto deductibles (488 households) has a higher pairwise success rate for their auto
deductibles (0.52 versus 0.45), as well as a higher threewise success rate (0.25 versus 0.20),
than the subsample of households without matching auto deductibles (214 households). This

result does not support the hypothesis of inactive decision making.

4.6 Methodological Concerns

In this section, we address certain concerns regarding the sensitivity of the benchmark test
results to the methods that we use to construct the pricing menus, predicted claim rates,

and test intervals for each household and the expected success rates for the Test sample. We
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Table 11: Success Rates — Test Sample Households with Policies First Written or Last
Modified During or After 2006

Success  Expected 95%

Deductible Choice(s) Obs  Rate  Success Rate  Conf Int

Auto Coll 187 0.93 0.93 0.93 0.93
Auto Comp 187 0.89 0.99 0.98 1.00
Home 138 1.00 0.99 0.98 1.00
Auto Coll & Auto Comp 187  0.56 0.77 0.72 0.81
Auto Coll & Home 72 0.56 0.73 0.65 0.81
Auto Comp & Home 72 0.56 0.77 0.67 0.86
Auto Coll & Auto Comp & Home 72 0.29 0.54 0.43 0.65

also discuss the size and power of the test.

4.6.1 Timing of Purchases

For each household in the Test sample, we observe its most recent policy for each coverage
and we construct its coverage-specific pricing menus by applying the company-specific mul-
tiplication rules in effect in 2007 (see Section 3.3). Because the majority of the policies in
the Test sample are renewal policies, there may be a concern that, insofar as households’
deductible choices are "sticky" (i.e., insensitive to changes in premiums), certain of the pol-
icy choices we observe are not a function of the pricing menus that we construct, but rather
a function of the pricing menus in effect on the date the policy was first written or last
actively modified. To address this concern, we run the benchmark test on the subsample
of Test sample households whose policies were first written or last modified during or after
2006. Table 11 presents the results.”” As compared to the benchmark results, both the
success rates and the expected success rates increase somewhat, with the former increasing
somewhat more than the latter. All in all, however, the results do not differ materially
from the benchmark results; the pairwise and threewise success rates remain well below the
corresponding expected success rates.*

We also run the benchmark test on the subsample of Auto sample households whose
policies were first written or last modified during or after 2006. Table 12 presents the results,
as well as the benchmark results for the entire Auto sample for purposes of comparison. The

success rates in the Auto sample are substantially the same as the corresponding success

32Tt is worth noting that the results barely change if we expand the time frame to include policies first
written or last modified during or after 2005, 2004, or 2003.

33 A related concern is that many households first purchased their auto and home policies at different
times. To address this concern, we run the benchmark test on the subsample of 179 Test sample households
who first purchased or last modified their auto and home policies within 6 months of each other. Again,
each of the pairwise and threewise success rates is well below (and outside the confidence interval for) the
corresponding expected success rate.
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Table 12: Success Rates — Auto Sample

Success  Expected 95%
Deductible Choice(s) Obs  Rate  Success Rate Conf Int
Households with policies first written or last modified during or after 2006:
Auto Coll 680 0.86 0.86 0.86 0.86
Auto Comp 680 0.90 0.99 0.98 1.00
Auto Coll & Auto Comp 680 0.57 0.73 0.71 0.75
All households:
Auto Coll 1661  0.84 0.84 0.84 0.84
Auto Comp 1661  0.91 0.99 0.99 1.00
Auto Coll & Auto Comp 1661  0.54 0.71 0.69 0.72

rates in the Test sample. Moreover, restricting the Auto sample to households with policies
first written or last modified during or after 2006 does not materially alter the results—the

success rates remain well below the corresponding expected success rates.

4.6.2 Construction of Predicted Claim Rates

We use the Auto and Home samples to perform the regressions described in Section 2.3
and then use the results of these regressions to construct the predicted claims rates for the
households in the Test sample. The Test sample, however, neither comprises nor is a strict

* Therefore, even though we

subset of the intersection of the Auto and Home samples.’
cannot reject the equality of the empirical distributions of the predicted claim rates in the
Auto and Home samples, on the one hand, and the Test sample, on the other hand (see
Section 4.1), it nevertheless is possible that the relationship between observable household
characteristics and household risk type (claim rate) is different in the Test sample than it
is in the regression samples. Although in our opinion there is no reason to believe that
there is a correlation between risk type in auto or home and the criteria for inclusion in the
Auto, Home, or Test sample, we perform two checks to address this concern. Both involve
testing the "intersection subsample"—the subsample of 265 Test sample households that
also appear in both regression samples. In the first check, we construct the test intervals
using the benchmark claim rates, i.e., the claim rates predicted using the regression results
reported in Section 4.1. In the second check, we construct the test intervals using "subsample

claim rates," i.e., claim rates predicted from regressions in which we restrict each regression

340f the 702 households in the Test sample, 265 are in the Auto and Home samples, 60 are in the Auto
sample but not the Home sample, 201 are in the Home sample but not the Auto sample, and 176 are in
neither regression sample. The principal reason why a household in the Test sample is not in a regression
sample is because the household has an older policy for which we cannot pinpoint the exact date it was first
written. Although we often have complete claims information for the household, because we cannot precisely
compute the duration of its policy, we conservatively exclude the household from the regression sample.
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Table 13: Success Rates — Intersection Subsample

Benchmark Claim Rates Subsample Claim Rates

Deductible Choice(s) SR ESR  95% CI SR ESR  95% CI

Auto Coll 0.88 0.88 0.88 0.88 091 091 091 0.91
Auto Comp 0.88 0.99 0.98 1.00 0.86 1.00 1.00 1.00
Home 1.00 0.99 0.98 1.00 1.00 1.00 0.99 1.00
Auto Coll & Auto Comp 0.53 0.71 0.67 0.75 044 091 091 0091
Auto Coll & Home 0.49 0.68 0.64 0.72 054 0.78 0.74 0.81
Auto Comp & Home 0.39 0.76 0.71 0.80 0.34 091 0.88 0.94

Auto Coll & Auto Comp & Home 0.23 0.50 0.45 0.55 0.20 0.74 0.70 0.78

sample to the intersection subsample. The results are set forth in Table 13. Comparing the
results to the benchmark test results set forth in Table 9, we find no material differences; on

the contrary, they are substantially similar.*’

4.6.3 Claims Information

In the benchmark test, we assume that household i’s claim rate for coverage j is a (sto-
chastic) function of observable household characteristics only. Specifically, we assume \;; =
exp(y; 3 ;)-exp(eij), where x5 is a vector of observable household characteristics and exp(e;;) ~
gamma(dij,dj), which implies E(exp(e;;)) = 1. We then use A;; = E(\;l|zi;) = exp(x;jﬁj)
as household i’s predicted claim rate for coverage j = L, M, H for purposes of computing
the test intervals/success rates and Xij -exp(e;;) as its true claim rate for coverage j = M, H
for purposes of computing the expected success rates (see Section 4.2). For households for
whom we have claims information, however, we could utilize this information to further re-
fine our inference about their claim rates. If z;; denotes the number of claims that household
i with characteristics x;; realizes under coverage j with duration ¢;;, then exp(e;;)|z;; ~
gamma(dij + 2, m), which implies E(exp(e;;)|zij) = HGX;(Z%
to modify the test to incorporate households’ claims information, therefore, we would assign

d .
4 Were we

higher claim rates to households who realize a greater number of claims, all else equal. In
] N p 1+ 7;." .

particular, we would use \j; = E(\ij|x, 2ij, ti;) = exp(z;3;) - W as household

1’s predicted claim rate for coverage j = L, M, H for purposes of computing the test inter-

vals/success rates and exp(x;jB ;) -exp(ey)|zi; as its true claim rate for coverage j = M, H for
purposes of computing the expected success rates. As it turns out, however, modifying the
test to incorporate claims information does not meaningfully affect the benchmark results

(see Table 14). Whether we look at the full Test sample (where we have auto claims informa-

350One noteworthy difference when we use the subsample claim rates is that the expected success rates
increase. This is because our estimates for «; (unobserved heterogeneity) decrease when we restrict each
regression to the subsample.
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Table 14: Success Rates — Claims Information

Test Sample Intersection Subsample
Deductible Choice(s) SR ESR  95% CI SR ESR  95% CI
Auto Coll 0.89 0.89 0.89 0.89 0.88 0.88 0.88 0.8
Auto Comp 0.89 0.99 0.98 0.99 0.88 0.99 0.98 1.00
Home 1.00 0.99 0.99 1.00 1.00 0.99 0.98 1.00
Auto Coll & Auto Comp 048 0.73 0.71 0.75 0.53 0.72 0.68 0.76
Auto Coll & Home 048 0.70 0.67 0.72 049 0.71 0.67 0.75
Auto Comp & Home 041 0.77 0.74 0.80 0.36 0.78 0.73 0.83

Auto Coll & Auto Comp & Home 0.23 0.53 0.49 0.56 0.21 0.53 0.47 0.58

tion for 452 households and home claims information for 466 households) or the intersection
subsample (where we have auto and home claims information for all households), the results
barely change when we incorporate claims information.”® What is more, the changes that do
occur suggest that the benchmark results are conservative, for when we incorporate claims
information each of the success rates remains the same or decreases slightly whereas each of

the expected success rates remains the same or increases slightly.

4.6.4 Size and Power of the Test

Because the test is not an exact test in the statistical sense,*” it is useful to calculate its
size and power. Our test rejects the null hypothesis of stable risk preferences if the success
rate lies outside the two-sided 95 percent confidence interval of the expected success rate.
When the null hypothesis of stable risk preferences is false, the expected success rate can
only exceed the success rate. Therefore, under the foregoing rejection rule, the nominal
significance level of the test effectively is 2.5 percent. According to our simulations, at the
2.5 percent level the size of the test is 1.7 percent, which suggests that the test is slightly
more conservative than the nominal level indicates. This relationship also holds at other
common significance levels; for example, the size is 0.8 percent at the 1 percent level, 3.8
percent at the 5 percent level, and 8.9 percent at the 10 percent level. The power of the
test, which is a function of the magnitude of the deviation of the alternative hypothesis from
the null hypothesis of stable risk preferences, has desirable properties as well. At each of
the common significance levels, including the 2.5 percent level, we find that the power is low
for moderate deviations and then rapidly increases (first at an increasing rate and then at
a decreasing rate as it approaches 100 percent) with the magnitude of the deviation. For
instance, at the 2.5 percent level, when we allow households’ risk aversion coefficients to

differ randomly across coverages by no more than 25 percent, our simulations indicate that

36The benchmark results for the intersection subsample are reported in Table 13.
37In an exact test, the finite sample distribution of the test statistic under the null hypothesis is known.
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the power of the test is 2.4 percent; when we allow them to differ by up to 75 percent, the
power is 32.9 percent; and when we allow them to differ by as much as 100 percent, the
power is 89.5 percent. This implies that relatively small differences in risk preferences across
contexts are not likely to trigger rejection of the null hypothesis, suggesting another sense
in which the test is conservative. More detailed size and power calculations and a discussion

of our procedures appear in Appendix C.

4.7 Alternative Test

The basic premise of the test is that if households have stable risk preferences, then the
pairwise and threewise success rates observed in the data should be close to the corresponding
success rates generated by the model under the null hypothesis of stable risk preferences. In
this section we present an alternative test, the basic premise of which is that if households
have stable risk preferences, then, given the households’ auto collision deductible choices,
the empirical distributions of auto comprehensive and home deductible choices in the data
should be close to the corresponding distributions generated by the model under the null
hypothesis of stable risk preferences.

For coverage j = M, H, let ¢; = (¢;, o ¢JK ) denote the vector of relative frequencies
of deductible choices dj, ...,d in the data (with N observations) and ®; = (@], ..., ®F)
denote the vector of relative frequencies of deductible choices d}, e dJK generated by the
model under the null hypothesis of stable risk preferences.*® Although the model-generated
distribution, ®;, is unique for a given profile of risk preferences » = ry,...ry and claim
rates A = Ay, ..., \nj, we do not directly observe r and A. Therefore, we consider 1,000
possible distributions ®;, which we construct as follows. For each household i, we set r;
equal to the point in an 11-point uniform grid over its auto collision interval, fiL, that
maximizes the probability that the household chooses the deductible we observe in the data
(auto comprehensive or home, as the case may be).*” We then perform the following routine
1,000 times: (i) for each household i, we draw exp(e;;) from gamma(dij, &;) and set \;; =
S\ij -exp(e;;); (ii) we determine each household’s optimal deductible choice under the model
given r and \; and (iii) we compute <I>J1-, - CI>§(.

The alternative test consists of verifying how often ®; belongs to the 99 percent Wald
confidence ellipsoid for ¢;, which is given by W; = {&)j : @] —&Dj)’(@"(éj))_l(éj—éj) <c},
where q?>j = ((;5]1, ...,quJK_l), &Dj = (CID;, ...,@f‘l), Var (q@) denotes the variance-covariance
matrix of q~5j, and c is the 99th quantile of the x?(K — 1) distribution. If ®; lies outside W

38We do not test auto collision because, as indicated above, the households’ auto collision deductibles are
taken as given. Specifically, as described below, when we generate ®; we fix each household’s coefficient of
absolute risk aversion, r;, using its auto collision interval.

39Note that using a 5-point grid or a 21-point grid would not change the results.
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Figure 4: Comparison of Empirical and Model-Generated Joint Distributions of Auto Colli-
sion and Home Deductibles

at least 990 times out of 1,000, then we reject the null hypothesis of stable risk preferences.
This rejection rule is very conservative; under it, the size of the test is less than 0.1 percent.
Also, the power is well-behaved, in the sense that it is low for moderate deviations from the
null and high for large deviations (for details, see Appendix D).

Appendix D contains the results of the alternative test for the various samples and
subsamples considered in Sections 4.2 and 4.6 above (and also for the various robustness
checks considered in Section 5 below). When we test the equality of the auto comprehensive
distributions, the rejection rate (i.e., the fraction of times that ®; lies outside W;) is 100
percent for every sample. When we test the equality of the home distributions, the rejection
rate is 100 percent for virtually every sample; the only exception is the subsample of Test
sample households whose policies were first written or last modified during or after 2006, in
which case the rejection rate is 99.5 percent. Thus, the results of the alternative test stoutly
reinforce the conclusion of the principal test—the hypothesis of risk preferences is rejected
by the data.

We offer the alternative test as a supplement to our primary test. An advantage of the
alternative test is that it illustrates transparently the differences between the deductible
choices in the data and the model-generated deductible choices. Consider, for example,
Figure 4, which compares the joint distribution of auto collision and home deductibles in the

Test sample (left panel) with the (average) model-generated joint distribution (right panel).*’

40To avoid "small" cells problems, we group the auto collision deductibles into four bins ($100 or lower,
$200 or $250, $500, and $1,000 or higher) and the home decutibles into three bins ($250 or lower, $500, and
$1,000 or higher).
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Given their auto collision deductibles, the model predicts that the households in the Test
sample would choose high home deductibles ($500 or higher) with greater frequency than we
observe in the data.’’ (On average, the model-generated home deductibles differ from the
observed home deductibles for at least 263 households, and for at least 183 households the
difference equals or exceeds $750.) This is another way of saying that the households’ home
deductible choices imply a greater degree of risk aversion than their auto collision deductible
choices (which accords with the patterns of failure under the benchmark test (see Section
4.5.2)). The reverse image emerges when we compare the empirical and model-generated
joint distributions of auto collision and auto comprehensive deductibles: the model predicts
a higher frequency of low auto comprehensive deductibles ($250 or lower) than we observe
in the data, suggesting that the households’ auto comprehensive deductible choices imply a
lesser degree of risk aversion than their auto collision deductible choices (which also accords
with the patterns of failure under the benchmark test). (On average, the model-generated
auto comprehensive deductibles differ from the observed auto comprehensive deductibles for

at least 309 households.)

5 Discussion and Robustness

5.1 Bernoulli Utility Function
5.1.1 Negligible Third Derivative

The benchmark model assumes that the Bernoulli utility function has a negligible third
derivative. Under this assumption, a household’s coefficient of absolute risk aversion is a
"sufficient statistic" for its risk preferences. However, one might question this assumption,
particularly in light of the importance of the third derivative in other literatures in economics
and insurance, including the precautionary saving literature (e.g., Kimball 1990) and the life
insurance literature (e.g., Economides 1982).

Following Cohen and Einav (2007), we check the robustness of the benchmark test results
to this assumption by considering the case of CARA utility."> Under CARA utility, u(w) =
— exp(—rw), equation (3) becomes \;; = rl-f(pﬁj —p})/ [exp(rﬁ}hd?j) — exp(rﬁ}hdﬁj)]. Although

1
Lk

i » a straightforward application of

this equation does not admit a closed-form solution for r

41Tt is interesting to compare Figure 4 with Figure 1. The left panel of Figure 4 displays the same patterns
that we see in Figure 1, whereas the right panel of Figure 4 displays the patterns that we said we would
expect to see if households have stable risk preferences (see Section 1).

42 As noted by Cohen and Einav (2007, pp. 768-69), CARA utility allows for a positive third derivative
without expanding the dimensionality of preferences (i.e., household i’s preferences still may be summarized
by a single parameter, r;, the household’s coefficient of absolute risk aversion) or requiring us to make
additional assumptions about households’ wealth levels.
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Table 15: Success Rates — CARA Utility

CARA Utility Benchmark Model
Success Expected Success Expected
Deductible Choice(s) Rate  Success Rate Rate  Success Rate
Auto Coll 0.99 0.99 0.89 0.89
Auto Comp 0.98 1.00 0.89 0.99
Home 1.00 1.00 1.00 0.99
Auto Coll & Auto Comp 0.63 0.83 0.50 0.72
Auto Coll & Home 0.54 0.84 0.48 0.68
Auto Comp & Home 0.48 0.82 0.42 0.76
Auto Coll & Auto Comp & Home  0.30 0.66 0.23 0.50

the intermediate value theorem establishes that a unique positive solution exists. Hence, as
before, we can construct household i’s test intervals from its deductible choices.

Table 15 reports the success rates and expected success rates under CARA utility.*® It
also displays the benchmark success rates and expected success rates for the sake of com-
parison. The success rates are higher under CARA utility. Indeed, the individual success
rates are nearly 100 percent for auto collision and auto comprehensive and reach 100 per-
cent for home. However, the pairwise and threewise success rates remain well below the

corresponding expected success rates, which also increase under CARA utility.

5.1.2 State Independence

The model also assumes that the Bernouli utility function is state independent. State depen-
dent utility surely is warranted when modeling households’ choices regarding flight insurance
(e.g., Eisner and Strotz 1961; Karni 1983), health and life insurance (e.g., Zeckhauser 1970,
1973; Arrow 1974; Karni 1985; Karni and Zilcha 1985; Viscusi and Evans 1990; Evans and
Viscusi 1991), and insurance of irreplaceable commodities (Cook and Graham 1977). When
modeling (as we do) households’ choices regarding insurance of replaceable property (autos
and homes), however, state independent utility seems justified.

Even if we allow for the possibility of state dependent utility due to the prospect that
the property damage might coincide with a catastrophic event such as serious injury or
death, our test of stable risk preferences goes through assuming that either (i) the uncon-
ditional probability of a catastrophic event is small or (ii) a household’s disutility in the
event of a catastrophe is approximately the same regardless of its deductible choice and its
deductible choice has a negligible impact on the level of such disutility. We believe that both

assumptions are reasonable. Under either assumption, the household’s indifference condition

43 As in the benchmark test, we calcuate household i’s test intervals {IA” :j =L, M, H} using its predicted
claim rates {\;; = exp(z;53;) : j = L, M, H}.
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Table 16: Success Rates — Probability Weighting

v =0.55 v = 0.69 v =10.85 v =1.00
Deductible Choice(s) SR ESR SR ESR SR ESR SR ESR
Auto Coll 0.62 0.62 0.76 0.76 0.84 0.84 0.89 0.89
Auto Comp 0.44 0.95 0.60 0.96 0.77 0.98 0.89 0.99
Home 0.89 0.96 0.97 0.97 1.00 0.99 1.00 0.99
Auto Coll & Auto Comp 0.17 0.54 0.29 0.62 0.41 0.68 0.50 0.72
Auto Coll & Home 0.38 0.54 0.45 0.63 0.48 0.67 0.48 0.68
Auto Comp & Home 0.17 0.84 0.27 0.79 0.36 0.78 0.42 0.76

Auto Coll & Auto Comp & Home 0.08 0.46 0.15 0.49 0.21 0.50 0.23 0.50

between two policies (péj, dﬁj) and (p?j, dfj) becomes V;(péj, dﬁj) R V;(p?j, d?j), which approxi-
mately corresponds to the indifference condition under the assumption of state independence
(equation (2)). Proceeding as before to derive r'", the coefficient of absolute risk aversion at
which the household is indifferent between the two policies, we arrive at the same expression

(equation (5)), and our test goes through.

5.2 Objective Expected Utility
5.2.1 Objective Claim Rates

The benchmark model assumes not only that each household knows its objective claim rates
but that the decision weights that enter its expected utility calculus correspond to its objec-
tive claim rates. We probe the sensitivity of the benchmark test results to this assumption by
allowing for the possibility that households distort their claim rates in the manner suggested
by cumulative prospect theory (Tversky and Kahneman 1992). Specifically, we assume that
households weight their claim rates according to the inverse-S-shaped probability weighting
function m;(Ai;) = (Ni;)"/[(Nij)? + (1 — )\ij)“’]%,where v < 1, and (to preserve monotonicity)
that they evaluate their choice of deductible according to the rank dependent value function
Vi (pij, dij) = (1 — m;(Nij)tij) - w(w; — pijti;) + mi(Nij)ti; - w (w; — pijti; — dij). Note that for
small \;;, m;(A\;;) > Aij for v < 1 and m;(\;;) = N\ for v = 1.M

Table 16 reports the success rates and expected success rates for several values of the
parameter 7, including the estimate reported by Tversky and Kahneman (1992) (v = 0.69).
The success rates with probability weighting (v < 1) are uniformly lower than the benchmark
success rates (v = 1). Interestingly, they also appear to be increasing in 7. Most importantly,
the pairwise and threewise success rate remain well below the corresponding expected success

rates.

4 For purposes of our analysis in this section, we normalize p;; and \;; to reflect semiannual premiums
and claim rates for each coverage j.
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Table 17: Success Rates — Prospect Theory a la Sydnor (2006)

Prospect Theory Benchmark Model
~v=0.69 ~=10.69 ~ =1.00
Deductible Choice(s) SR ESR SR ESR SR ESR
Auto Coll 0.71 0.71 0.76 0.76 0.89 0.89
Auto Comp 0.89 1.00 0.60 0.96 0.89 0.99
Home 1.00 1.00 097 0.97 1.00 0.99
Auto Coll & Auto Comp 0.28 0.60 0.29 0.62 0.50 0.72
Auto Coll & Home 0.38 0.51 0.45 0.63 0.48 0.68
Auto Comp & Home 0.28 0.77 0.27 0.79 0.42 0.76
Auto Coll & Auto Comp & Home 0.11 0.41 0.15 0.49 0.23 0.50

5.2.2 Expected Utility Theory

We assume that households make their deductible choices according to expected utility
theory. Of course, numerous studies document predictive failures of expected utility theory
in certain settings and alternative theories abound in the literature (for reviews, see, e.g.,
Camerer 1995; Rabin 1998; Starmer 2000). Nevertheless, we agree with Cohen and Einav
(2007) that expected utility theory is the appropriate benchmark framework for modeling
households’ insurance choices. Moreover, many of the basic results in classical insurance
theory are robust to leading non-expected utility models (Machina 2000).

A recent study by Sydnor (2006), however, finds that a variant of cumulative prospect the-
ory (Tversky and Kahneman 1992)—the so-called "no loss aversion in buying" specification
(Novemsky and Kahneman 2005), in which payments made for purchase (including insurance
premiums) are treated as negative gains instead of losses (Krantz and Kunreuther 2007)—
does a better job than expected utility theory of explaining observed home deductible choices
in data similar to ours. It behooves us, therefore, to verify the robustness of the benchmark
success rates to Sydnor’s model. Under his model, household i chooses policy (p;;, di;) to
maximize V; (pij, dij) = v (—pij) + 7 (Nijtij) - & - v (—di;), where &;; is the coefficient of loss
aversion. The functional forms of the value function and the probability weighting function
are given by v(—z) = —(z)? and 7(x) = (x)7/[(x)Y+(1 —a:)”]%, and the shape parameters are
p = 0.88 and 7 = 0.69. Under this model, the household is indifferent between two policies
(b L) and (vl ) when €4 = (9" — (oy1/m (Nt ()7 — ()] Let & denote the
household’s true coefficient of loss aversion. By the same logic set forth in Section 2.2, when
the household chooses policy (pf,dl;) from pricing menu my; = {(pf, df) - k=1,.. K},
its choice identifies an interval, I;;, that contains its coefficient of loss aversion, and we can
check whether its test intervals {/;; : j = L, M, H} are nonempty and intersect.

Table 17 reports the success rates and expected success rates under Sydnor’s prospect

theory model. For comparison, it also displays the success rates and expected success rates
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under the benchmark model with and without probability weighting. The pairwise and
threewise success rates are uniformly lower under Sydnor’s model and they remain far below

the corresponding expected success rates.

5.3 Claim Size

The model assumes that every claim exceeds the maximum deductible option for the relevant
coverage. Unfortunately, we cannot confirm this assumption for our data because we do
not observe claim amounts. However, reports from studies using similar data support this
assumption. Using auto data similar to ours with two deductible options, Cohen and Einav
(2007) report that 99 percent of the claims filed by insureds with the low deductible were for
amounts greater than the high deductible option. Using home data similar to ours with four
deductible options, Sydnor (2006, 2008) reports that the average claim at each deductible
level was greater than the highest deductible option.*’

Furthermore, as long as every claim exceeds $500, our benchmark test intervals are
conservative for the overwhelming majority of households in the Test sample. To see this,
consider the following example. Suppose that there are two deductible options, d* > d', and
that all claims exceed d', but not d". As before, we can derive an expression for the coefficient
of absolute risk aversion at which the household is indifferent between the two deductible
choices. Let 7" denote this coefficient. Note that 7" > rt (the coefficient of absolute risk
aversion at which the household is indifferent between the two policies under the benchmark
assumptions). The intuition is as follows. The high deductible, d", is more attractive to
the household in the case in which some claim amounts are less than d" than it is in the
benchmark case in which all claims amounts exceed d”. This is because in the benchmark
case all claims result in a loss equal to d”, whereas in the former case some claims result
in a loss less than d". Consequently, the degree of risk aversion required for the household
to chose the low deductible, d', is greater in the benchmark case, which implies 7" > rb",
In general, this example shows that if our claim size assumption were incorrect, then the
lower and upper bounds of the household’s test interval would be too small. However, if all
claims exceed $500, this means that our benchmark test intervals are conservative for the
overwhelming majority of the households in our sample: (i) for households with a deductible
less than $500, the benchmark test intervals are correct; (ii) for households with a $500
deductible, the lower bound of the benchmark test interval is too low but the upper bound is
correct, which implies that the benchmark test interval covers the true test interval; and (iii)

for households with a deductible in excess of $500, although the benchmark interval does

45In addition, using nationwide data, the Insurance Information Institute (2008a,b) reports that the typical
auto collision and auto comprehensive claims are around $3,300 and $1,900 and the typical home claim
exceeds $7,000.
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not fully cover the true test interval, the fraction of such households in our sample is small
(the fraction of households with a deductible in excess of $500 is less than 5 percent in auto
collision, less than 3 percent in auto comprehensive, and approximately 6 percent in home).
In fact, the threewise success rate and expected success rate for the subsample of households
with deductibles all less than $1,000 (23.9 percent and 50.4 percent) are nearly identical to
the success rate and expected success rates for the full Test sample (23.4 percent and 49.6

percent).

5.4 Transaction Costs

The model also assumes that the only cost associated with a claim is payment of the de-
ductible. In reality, however, there may be other transaction costs associated with filing
and pursuing a claim. Abstracting from such transaction costs, particularly to the extent
that they are greater for home claims than they are for auto claims, could bias the results
of the benchmark test. As a check of the robustness of the benchmark test results to this
assumption, we allow for the possibility that home claims involve positive transaction costs,
ranging from $100 to $500 in $100 increments. We find that inclusion of such transaction
costs do not alter the results in any material respect; the relevant pairwise success rates
increase somewhat (from 0.48 and 0.42 to 0.56 and 0.46), as does the threewise success rate
(from 0.23 to 0.27), but each remains well below (and outside the confidence interval for) its

corresponding expected success rate.

5.5 Moral Hazard

We assume that a household’s deductible choices do not affect its claim rates—i.e., there is
no moral hazard. Most studies that test for the presence of asymmetric information in auto
insurance markets using cross-sectional data do not find evidence of a positive correlation
between risk and coverage (Chiappori 1999; Chiappori and Salanié 2000; Chiappori et al.
2006; Dionne et al. 1999, 2001)."° These studies have been interpreted as casting doubt
on the presence of moral hazard (Cohen 2005), at least in auto insurance. Recently, a
handful of papers separately test for moral hazard in longitudinal auto insurance data using
a dynamic approach pioneered by Abbring et al. (2003a,b). Abbring et al. (2003b) find

no evidence of moral hazard in French auto insurance data. Israel (2004) reports a small,

10We are aware of two exceptions: Puelz and Snow (1994) and Cohen (2005). Recent work criticizes the
methodology of Puelz and Snow (1994) and suggests that their results are spurious (Chiappori 1999; Dionne
et al. 1999). Cohen (2005) presents mixed evidence of asymmetric information. She finds that a positive
coverage-accident correlation exists for new customers with more than three years of driving experience, but
not for new customers with fewer than three years of driving experience. To our knowledge, there are no
studies that test for asymmetric information in home insurance.
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but statistically significant moral hazard effect for drivers in Illinois. Dionne et al. (2006),
Pinquet et al. (2007), Ceccarini (2007), and Abbring et al. (2008) present stronger evidence
of moral hazard using auto insurance data from France, Quebec, Italy, and the Netherlands,
respectively. Each of the foregoing papers, however, identifies a moral hazard effect with
respect to either liability coverage or a composite coverage that confounds liability coverage
with other coverages. None of them identifies or quantifies the separate moral hazard effect,
if any, directly attributable to the auto coverages we study, i.e., collision and comprehensive.

Even if moral hazard were an issue with respect to any of the coverages we study,'” it
seems unlikely that claim rates would be significantly affected by the choice of deductible.
Each of the deductible options typically represents a small fraction of the insured value of
the household’s auto or home.*® As a result, the choice of deductible has a small effect on
the household’s overall level of coverage. Thus, although it may "seem reasonable that the
existence of a deductible may make [households] more careful . . . when all choices include
a deductible, and deductibles are similar in their magnitude, it seems less likely that . . .
care behavior will be affected" (Cohen and Einav 2007, p. 774).

5.6 Gamma Errors

In the model, we assume that In\;; = z};3; + &;;, where exp(e;;) follows a gamma dis-
tribution with unit mean and variance o;. Under this assumption, the number of claims
that household ¢ realizes under coverage j follows a negative binomial distribution and,
therefore, we can estimate 3; and «; using a negative binomial regression model. In ad-
dition to being mathematically convenient, the assumption that exp (g;;) follows a gamma
distribution is motivated by the fact that the negative binomial distribution historically
has provided a good fit for accident data (Greenwood and Yule 1920; Dionne and Vanasse
1992). There are many examples of negative binomial regression models in the economics
and insurance literatures (e.g., Hausman et al. 1984; Cameron and Trivedi 1986; Boyer
et al. 1992; Dionne and Vanasse 1992). Even if exp(e;;) does not follow a gamma distribu-
tion, the negative binomial quasi-maximum likelihood estimator for 3; is consistent under
the conditional mean assumption E(claims;;|z;;) = exp (azgﬁj) t;; only; however, the es-
timator for «; generally will be inconsistent if there is any distributional misspecification
(Cameron and Trivedi 1998). Therefore, it is important to check the sensitivity of our er-
ror variance estimates to this distributional assumption. Under the conditional variance

assumption Var(claimsij|z;) = p;; + Ozju?j, it is possible to obtain a distribution-free con-

47To the extent that a household’s claim rates in auto comprehensive and home reflect force majeure risk
more than household behavior risk, there is reason to believe that moral hazard is not a significant issue in
the case of these coverages.

48Households typically do not carry collision or comprehensive coverage on low value autos.
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Table 18: Error Variance Estimates

Bootstrap
&;  7;  95% Conf Int
Auto Collision 0.00 0.07 -0.13 0.19
Auto Comprehensive 0.22 0.20 -0.12 0.40
Home 0.59 0.51 -0.01 1.57

sistent estimator for the error variance given an initial estimator for 3; (Wooldridge 2002).
We use the following strongly consistent estimator suggested by Gouriéroux et al. (1984):*
fl; = ST [(n Xy — exp(az:;jgj))2 - exp(x;jﬁj)] exp(ngij)/ SV exp(4x§j3j). Table 18 com-
pares the point estimates that result from our benchmark negative binomial estimator &;
with the point estimates that result from the strongly consistent estimator 7);. The bench-
mark estimates are slightly higher than the strongly consistent estimates in the case of auto
comprehensive and home and slightly lower in the case of auto collision. In each case, how-
ever, the magnitude of the difference is small and the benchmark estimate lies within the 95
percent confidence interval for the strongly consistent estimate.

Notwithstanding the foregoing, one still might question whether our analysis and con-
clusions regarding unobserved heterogeneity in Section 4.4 are robust to alternative dis-
tributional assumptions. Of course, any sensible alternative error distribution must have
unit mean and support on the nonnegative real numbers. In addition, per the above, the
variance of any alternative error distribution should be approximately equal to the rele-
vant benchmark estimate in order to be faithful to the data. Lastly, Figure 3 suggests
that any viable alternative error distribution (i.e., any distribution that could rationalize
the data) would have to have an extremely heavy tail. There is reason to believe, how-
ever, that no sensible alternative error distribution could have a sufficiently heavy tail to
be viable. This is because Figure 3 suggests that the tail of any viable alternative error
distribution would have to be so heavy that it could not have unit mean. According to F
(the empirical distribution of exp(&;y), the exponential of the "minimum distance" epsilons
for home), F (exp(&;x)| exp(&;x) > 1) = 6.26 and Pr(exp(é;) > 1) = 0.56, which implies
E (exp(&;y)) > 1. Accordingly, we believe that our conclusion regarding the inability of
unobserved heterogeneity to explain the low benchmark success rates does not depend on

our assumption of gamma distributed errors.

19Note that 3 ; denotes our benchmark negative binomial estimator for 3.
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5.7 Independence of Claim Rates

The regression model assumes that within-household claim rates are independent across
coverages. This seems reasonable insofar as a household’s claim rates in auto comprehensive
and home reflect force majeure risk more than household behavior risk. As a check of
this assumption, we compute pairwise correlations between the observed claim rates for
households in the Test sample for whom we have claims information. There is essentially
no correlation between the claim rates in auto and home and a weak positive correlation
between the auto claim rates.”’ This suggests that assuming within-household independence
of claim rates is conservative; the patterns of empty intersections documented in Section
4.5.2 imply that a strong negative correlation between auto and home (particularly between
auto comprehensive and home) would be required to markedly improve the success rates.
Furthermore, insofar as there is no unobserved heterogeneity in auto collision, neither the

pairwise success rate test nor the alternative test requires the independence assumption.

6 Concluding Remarks

We examine the hypothesis of stable risk preferences using a unique data set that documents
the choices of a sample of households under their auto and home insurance policies. For
each household, we test whether its deductible choices across three types of coverage—
auto collision, auto comprehensive, and home all perils—can be rationalized by the same
coefficient of absolute risk aversion. We find that the hypothesis of stable risk preferences
is rejected by the data. This is not to say that that there is no systematic component
to the households’ deductible choices. After all, the model is quite consistent with the
households’ single context choices (particularly under the assumption of CARA utility) and
outperforms a fully random deductible choice model in terms of explaining the households’
joint choices. Overall, however, our results call into question the empirical validity of the
assumption of context-invariant risk preferences and caution against extrapolating estimates
of risk preferences across contexts.

What can explain our results? Three alternatives immediately come to mind. First,
households may have incorrect subjective beliefs about their claim rates. Although deter-
mining the subjective beliefs of the households in our data is beyond the scope of the present
study (we cannot directly assess their beliefs and estimating their beliefs from the data would
not be straightforward), our analyses of two related explanations—unobserved heterogeneity

and probability weighting—suggest that incorrect subjective beliefs may not be sufficient

50Neither the correlation between auto collision and home nor the correlation between auto comprehensive
and home is statistically significant at the 10 percent confidence level. The correlation between auto collision
and auto comprehensive is 0.12 and is significant at the 10 percent confidence level.
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to explain the results. After all, while they offer different economic explanations for our
results, each of unobserved heterogeneity, probability weighting, and incorrect subjective
beliefs offers the same mathematical explanation: the claim rates that households’ use in
their expected utility calculus do no equal the predicted claim rates that we use in our test.”!
More specifically, our analysis of unobserved heterogeneity suggests that households’ subjec-
tive beliefs would have to be far from the truth to plausibly explain the results. Moreover,
patterns in the results suggest that households’ subjective claim rates in auto comprehensive
and home would have to be strongly negatively correlated, which seems counterintuitive inso-
far as such coverages primarily insure against events and circumstances beyond households’
control. Our analysis of probability weighting suggests that systematically incorrect subjec-
tive beliefs cannot explain the results, at least to the extent that such beliefs mathematically
correspond to the decision weights that result from conventional probability weighting.

The second alternative is that households are making mistakes. Such mistakes could
be incorporated into the model by adding an error term to equation (1) (Hey and Orme
1994). While we leave the task of specifying a model of deductible choice with mistakes
and estimating the distribution of the errors to future research, we can use our model to
get an idea of the magnitude of the cost of such errors. Assuming quadratic utility, treating
its predicted claim rate as its true claim rate, and taking the midpoint of its auto collision
test interval as its true coefficient of absolute risk aversion, we calculate the error cost for
each household who makes a mistake (i.e., who does not choose the optimal deductible given
its true claim rate and coefficient of absolute risk aversion) as the difference between the
certainty equivalent of the lottery induced by its optimal deductible choice and the certainty
equivalent of the lottery induced by its actual deductible choice. For households who make
mistakes (and have nonempty auto collision intervals), we find that the average error cost is
$5 in the case of auto comprehensive mistakes (or 6 percent of the mean auto comprehensive
premium in the Test sample) and $62 in the case of home mistakes (or 11 percent of the
mean home premium in the Test sample).

The third alternative is that households have stochastic preferences. One model of sto-
chastic preferences that appears promising at first glance is the random preference model
(Loomes and Sugden 1995). Under this model, the decision maker has core preferences with
one or more stochastic parameters. For example, were we to specify a random preference

model of deductible choice, the core preferences would be represented by equation (1) and

1 The respective economic explanations run as follows: (i) in the case of unobserved heterogeneity, house-
holds know and use their objective claim rates in their expected utility calculus, but the predicted claim
rates are incorrect; (ii) in the case of probability weigting, households know their objective claim rates and
the predicted claim rates are correct, but households use systematic distortions of their objective claim rates
as decision weights in their expected utility calculus; and (iii) in the case of incorrect subjective beliefs, the
predicted claim rates are correct but households neither know nor use their objective claim rates in their
expected utility calculus.
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the stochastic parameter would be the household’s coefficient of absolute risk aversion. A key
feature of the random preference model is that it allows the variance of the stochastic para-
meter to decrease as the stakes of the choice increase. This feature appears to be consistent
with our data. In addition to deductible choices, the data record choices of limits on liability
coverages in auto (bodily injury and property damage) and home (personal liability). The
stakes involved in the choice of liability limits are large relative to the stakes involved in the
choice of deductibles—the differences among limit options constitute tens and hundreds of
thousands of dollars. When we plot the distribution of personal liability limits conditional
on the liability limit for bodily injury or property damage and compare it to Figure 1, we
find that the correlation among liability limits across contexts is much greater than that of
deductibles, which suggests that households’ liability limit choices reflect more stable risk
preferences than do their deductible choices. Although this fits nicely with the story of
stochastic preferences having variance inversely related to stakes, confirmation via our test
is outside the scope of this study (estimating liability claim rates would be difficult due to
data limitations). Furthermore, we wonder whether the variance required to rationalize the
deductible choices under a stochastic preferences model would strike us as reasonable; our
analysis of unobserved heterogeneity suggests that it would be quite high.

Having previewed directions for future research, let us recap the contributions of the
present study. The principal contribution is that we present direct evidence on the hypothesis
that risk preferences are stable across multiple decision contexts using data on market choices.
In doing so, we believe that we bridge a gap between the risk preferences literature, which
provides estimates of risk preferences using unicontext market data, and the invariance
literature, which documents violations of invariance using multicontext nonmarket data. A
related contribution is that we assemble a new data set that records multiple choices by
the same economic units in market settings that are characterized by choice sets containing
comparable money lotteries. Indeed, we presume that the aforementioned gap in the extant
literature results from the paucity of data with these features being available for academic
use. Lastly, we develop a method for testing the invariance of structural parameters of
rational choice models. Notably, both our data and methods are highly portable—the data
are well-suited to addressing numerous other research questions concerning risk preferences
and our test is readily adaptable to other models of decision making under risk and other

similar data sets.

References

ABBRING, J. H., P.-A. CHIAPPORI, J. HECKMAN, AND J. PINQUET (2003a): “Adverse Se-

lection and Moral Hazard in Insurance: Can Dynamic Data Help to Distinguish?” Journal

41



of the Furopean Economic Association, 1, 512-521.

ABBRING, J. H., P.-A. CHIAPPORI, AND J. PINQUET (2003b): “Moral Hazard and Dy-
namic Insurance Data,” Journal of the European FEconomic Association, 1, 767-820.

ABBRING, J. H., P.-A. CHIAPPORI, AND T. ZAVADIL (2008): “Better Safe than Sorry?
Ex Ante and Ex Post Moral Hazard in Dynamic Insurance Data,” Working paper, VU
University Amsterdam.

Arrow, K. J. (1951): “Alternative Approaches to the Theory of Choice in Risk-Taking
Situations,” Fconometrica, 19, 404-437.

(1974): “Optimal Insurance and Generalized Deductibles,” Scandinavian Actuarial
Journal, 1-42.

BArksy, R. B., F. T. JUSTER, M. S. KIMBALL, AND M. D. SHAPIRO (1997): “Preference

Parameters and Behavioral Heterogeneity: An Experimental Approach in the Health and
Retirement Study,” Quarterly Journal of Economics, 112, 537-579.

BLAVATSKYY, P. AND G. POGREBNA (2007): “Risk Aversion When Gains Are Likely and
Unlikely: Evidence from a Natural Experiment with Large Stakes,” Theory and Decision,
64, 395-420.

BOYER, M., G. DIONNE, AND C. VANASSE (1992): “Econometric Models of Accident Dis-

Y

tributions,” in Contributions to Insurance Economics, ed. by G. Dionne, Boston: Kluwer

Academic Publishers, 169-212.

CAMERER, C. (1995): “Individual Decision Making,” in The Handbook of Experimental
Economics, ed. by J. H. Hagel and a. E. Roth, Princeton, NJ: Princeton University Press,
d87-703.

CAMERON, A. C. AND P. K. TrRIVEDI (1986): “Econometric Models Based on Count
Data: Comparisons and Applications of Some Estimators and Tests,” Journal of Applied
Econometrics, 1, 29-53.

(1998): Regression Analysis of Count Data, Econometric Society Monogrpahs, Cam-

bridge: Cambridge University Press.

CECCARINI, O. (2007): “Does Experience Rating Matter in Reducing Accident Probabili-
ties? A Test for Moral Hazard,” Working paper, University of Pennsylvania.

CHETTY, R. (2006): “A New Method of Estimating Risk Aversion,” American Economic
Review, 96, 1821-1834.

CHIAPPORI, P.-A. (1999): “Asymmetric Information In Automobile Insurance: An
Overview,” in Automobile Insurance: Road Safety, New Drivers, Risks, Insurance Fraud
and Regulation, ed. by G. Dionne and C. Laberge-Nadeau, Boston: Kluwer Academic
Publishers, 1-11.

CHiAPPORI, P.-A., B. JULLIEN, B. SALANIE, AND F. SALANIE (2006): “Asymmetric

Information in Insurance: General Testable Implications,” RAND Journal of Economics,

42



37, 783-798.

CHIAPPORI, P.-A. AND B. SALANIE (2000): “Testing for Asymmetric Information in In-
surance Markets,” Journal of Political Economy, 108, 56-78.

CirccHETTI, C. J. AND J. A. DUBIN (1994): “A Microeconometric Analysis f Risk Aversion
and the Decision to Self-Insure,” Journal of Political Economy, 102, 169-186.

COHEN, A. (2005): “Asymmetric Information and Learning: Evidence from the Automobile
Insurance Market,” Review of Economics and Statistics, 87, 197-207.

COHEN, A. AND L. EINAV (2007): “Estimating Risk Preferences from Deductible Choice,”
American Economic Review, 97, 745-T88.

Cook, P. A. AND D. J. GRAHAM (1977): “The Demand for Insurance and Protection:
The Case of Irreplaceable Commodities,” Quarterly Journal of Economics, 91, 143—156.
DIONNE, G., C. GOURIEROUX, AND C. VANASSE (1999): “Evidence of Adverse Selection
in Automobile Insurance Markets,” in Automobile Insurance: Road Safety, New Drivers,
Risks, Insurance Fraud and Regulation, ed. by G. Dionne and C. Laberge-Nadeau, Boston:

Kluwer Academic Publishers, 13—46.

——— (2001): “Testing for Evidence of Adverse Selection in the Automobile Insurance
Market: A Comment,” Journal of Political Economy, 109, 444-451.

DIONNE, G., P.-C. MicHAUD, AND M. DAHCHOUR (2006): “Separating Moral Hazard
from Adverse Selection and Learning in Automobile Insurance: Longitudinal Evidence
from France,” Working paper, HEC Montreal.

DI1ONNE, G. AND C. VANASSE (1992): “Automobile Insurance Ratemaking in the Presence
of Asymmetrical Information,” Journal of Applied Econometrics, 7, 149-165.

DoumMmeN, T., A. FALk, D. HurrMAN, U. SUNDE, J. ScHUuPP, AND G. G. WAG-
NER (2005): “Individual Risk Attitudes: New Evidence from a Large, Representative,
Experimentally-Validated Survey,” Discussion Paper No. 1730, Institute for the Study of
Labor (IZA), Bonn, Germany.

EcoNOMIDES, N. (1982): “The Demand for Life Insurance: An Application of the Eco-
nomics of Uncertainty: A Comment,” Journal of Finance, 37, 1305-1309.

EisNEr, R. AND R. H. STrOTZ (1961): “Flight Insurance and the Theory of Choice,”
Journal of Political Economy, 69, 355-368.

Evans, W. N. AND W. K. Viscust (1991): “Estimation of State-Dependent Utility Func-
tions Using Survey Data,” Review of Economics and Statistics, 73, 94—104.

GOURIEROUX, C., A. MONFORT, AND A. TROGNON (1984): “Psuedo-Maximum Likelihood
Methods: Applications to Poisson Models,” Econometrica, 52, 701-720.

GREENWOOD, M. AND G. U. YULE (1920): “An Inquiry into the Nature of Frequency
Distributions Representative of Multiple Happenings with Particular Reference to the

Occurrence of Multiple Attacks of Disease or of Repeated Accidents,” Journal of the

43



Royal Statistical Society, 83, 255-279.

HausMmAN, J., B. H. HALL, AND Z. GRILICHES (1984): “Econometric Models for Count
Data with an Application to the Patents-R&D Relationship,” Econometrica, 52, 908-938.

HersHEY, J. C., H. C. KUNREUTHER, AND P. J. H. SCHOEMAKER (1982): “Sources of
Bias in Assessment Procedures for Utility Functions,” Management Science, 28, 936-954.

HersHEY, J. C. AND P. J. H. SCHOEMAKER (1980): “Risk Taking and Problem Context
in the Domain of Losses: An Expected Utility Analysis,” Journal of Risk and Insurance,
47, 111-132.

HerzoaG, S. (2002): “Empirical Analysis of Motor Vehicle Theft in Israel, 1990-1997,”
British Journal of Criminology, 42, 709-728.

HEY, J. D. AND C. ORME (1994): “Investigating Generalizations of Expected Utility Theory
Using Experimental Data,” Econometrica, 62, 1291-1326.

Horr, C. A. AND S. K. LAURY (2002): “Risk Aversion and Incentive Effects,” American
Economic Review, 92, 1644-1655.

INSURANCE INFORMATION INSTITUTE (2008a): “Facts and Statistics: Auto Insurance,”
Web report, http://www.iii.org/media/facts/statsbyissue/auto/.

—— (2008b):  “Facts and Statisticss =~ Homeowners Insurance,” Web report,
http://www.iii.org/media/facts/statsbyissue/homeowners//.

INTERNATIONAL TRAFFIC SAFETY DATA AND ANALYSIS GROUP (2008): “Selected
Year 2006 Road Accident Data,” Web report, OECD/EMT Joint Transport Centre,
http://www.cemt.org/irtad /IRTADPublic/we2.html.

ISRAEL, M. (2004): “Do We Drive More Safely When Accidents are More Expensive? Iden-
tifying Moral Hazard from Experience Rating Schemes,” Working paper, Northwestern
University.

JouNsoN, E. J. AND D. G. GOLDSTEIN (2003): “Do Defaults Save Lives?” Science, 302,
1338-1339.

Jounson, E. J., J. HERSHEY, J. MESZAROS, AND H. KUNREUTHER (1993): “Framing,
Probability Distortions, and Insurance Decisions,” Journal of Risk and Uncertainty, 7,
35-51.

JULLIEN, B. AND B. SALANIE (2000): “Estimating Preferences under Risk: The Case of
Racetrack Bettors,” Journal of Political Economy, 108, 503-530.

KACHELMEIER, S. J. AND M. SHEHATA (1992): “Examining Risk Preferences under High
Monetary Incentives: Experimental Evidence from the People’s Republic of China,” Amer-
ican Economic Review, 82, 1120-1141.

KAHNEMAN, D. (2003a): “Maps of Bounded Rationality: Psychology for Behavioral Eco-

nomics,” American Economic Review, 95, 1449-1475.

(2003b): “A Psychological Perspective on Economics,” American Economic Review,

44



93, 162-168.
KARNI, E. (1983): “Risk Aversion for State-Dependent Utility Functions: Measurement and
Applications,” International Economic Review, 24, 637-647.
(1985): Decision Making Under Uncertainty: The Case of State-Dependent Prefer-
ences, Cambridge, MA: Harvard University Press.

KARNI, E. AND I. ZiLcHA (1985): “Uncertain Lifetime, Risk Aversion, and Life Insurance,”
Scandinavian Actuarial Journal, 109-123.

KEELER, T. E. (1994): “Highway Safety, Economic Behavior, and Driving Environment,”
American Economic Review, 84, 684—693.

KmMBALL, M. S. (1990): “Precautionary Saving in the Small and in the Large,” Economet-
rica, 58, 53—-73.

KraNTZ, D. H. AND H. C. KUNREUTHER (2007): “Goals and Plans in Decision Making,”
Judgment and Decision Making, 2, 137-168.

LooMES, G. AND R. SUGDEN (1995): “Incorporating a Stochastic Element into Decision
Theories,” Furopean Economic Review, 39, 641-648.

MAcHINA, M. (2000): “Non-Expected Utility and the Robustness of the Classical Insur-
ance Paradigm,” in Handbook of Insurance, ed. by G. Dionne, Boston: Kluwer Academic
Publishers, 37-96.

McCAFFERY, E. J. (1994): “Cognitive Theory and Tax,” UCLA Law Review, 41, 1861
1947.

MICHENER, R. AND C. TIGHE (1992): “A Poission Regression Model of Highway Fatalities,”
American Economic Review, 82, 452—-456.

NovEMSKY, N. AND D. KAENEMAN (2005): “The Boundaries of Loss Aversion,” Journal
of Marketing Research, 42, 119-128.

PINQUET, J., G. DIONNE, C. VANASSE, AND M. MATHIEU (2007): “Point-Record Inven-
tives, Assymetric Information and Dynamic Data,” Working paper, Université Paris 10 et
Ecole Polytechnique.

Post, T., M. J. VAN DEN AssEM, G. BALTUSSEN, AND R. H. THALER (2008): “Deal

2

or No Deal? Decision Making under Risk in a Large-Payoff Game Show,” American
Economic Review, 98, 38-T71.

PrATT, J. W. (1964): “Risk Aversion in the Small and in the Large,” Econometrica, 32,
122-136.

PukLz, R. AND A. SNOwW (1994): “Evidence on Adverse Selection: Equilibrium Signaling
and Cross-Subsidization in the Insurance Market,” Journal of Political Economy, 102,
236-257.

RABIN, M. (1998): “Psychology and Economics,” Journal of Economic Literature, 36, 11-46.

—— (2000): “Risk Aversion and Expected-Utility Theory: A Calibration Theorem,”

45



Econometrica, 68, 1281-1292.

RABIN, M. AND R. H. THALER (2001): “Anomalies: Risk Aversion,” Journal of Economic
Perspectives, 15, 219-232.

RosE, N. L. (1990): “Profitability and Product Quality: Determinants of Airline Safety
Performance,” Journal of Political Economy, 98, 944-964.

SAHA, A. (1997): “Risk Preference Estimation in the Nonlinear Mean Standard Deviation
Approach,” Economic Inquiry, 35, 770-782.

SAMUELSON, P. A. (1963): “Risk and Uncertainty: A Fallacy of Large Numbers,” Scientia,
98, 108-113.

SCHELLING, T. C. (1981): “Economic Reasoning and the Ethics of Policy,” Public Interest,
63, 37-61.

SCHOEMAKER, P. J. H. AND H. C. KUNREUTHER (1979): “An Experimental Study of
Insurance Decisions,” Journal of Risk and Insurance, 46, 603—618.

STARMER, C. (2000): “Developments in Non-Expected Utility Theory: The Hunt for a
Descriptive Theory of Choice under Risk,” Journal of Economic Literature, 38, 332—-382.

SYDNOR, J. (2006): “Abundant Aversion to Moderate Risk: Evidence from Homeowners
Insurance,” Working paper, Case Western Reserve University, Cleveland, OH.

— (2008): “Sweating the Small Stuff: Risk Aversion in Home Insurance,” Working
paper, Case Western Reserve University, Cleveland, OH.

THALER, R. H. (1980): “Towards a Positive Theory of Consumer Choice,” Journal of
Economic Behavior and Organization, 1, 39—-60.

TVERSKY, A. AND D. KAHNEMAN (1986): “Rational Choice and the Framing of Decisions,”
Journal of Business, 59, S251-S278.

(1992): “Advances in Prospect Theory: Cumulative Representation of Uncertainty,”
Journal of Risk and Uncertainty, 5, 297-323.

TVERSKY, A., P. SLovic, AND D. KAENEMAN (1990): “The Causes of Preference Rever-

sal,” American FEconomic Review, 80, 204-217.

TVERSKY, A. AND R. H. THALER (1990): “Anomalies: Preference Reversals,” Journal of
Economic Perspectives, 4, 201-211.

Viscusi, W. K. AND W. N. Evans (1990): “Utility Functions That Depend on Health
Status: Estimates and Economic Implications,” American Economic Review, 80, 3563-374.

WoLrr, C. AND L. PoHLMAN (1983): “The Recovery of Risk Preferences from Actual
Choices,” Econometrica, 51, 843-850.

WOOLDRIDGE, J. M. (2002): Econometric Analysis of Cross Section and Panel Data, Cam-
bridge, MA: MIT Press.

ZECKHAUSER, R. (1970): “Medical Insurance: A Case Study of the Tradeoff Between Risk
Spreading and Appropriate Incentives,” Journal of Economic Theory, 2, 10-26.

46



(1973): “Coverage for Catastrophic Illness,” Public Policy, 21, 149-172.

Appendices

A

Coverage Descriptions and Variable Definitions

A.1 Coverage Descriptions

Auto collision coverage pays for damage to the insured vehicle caused by a collision

with another vehicle or object, without regard to fault.

Auto comprehensive coverage pays for damage to the insured vehicle from all other
causes (e.g., theft, fire, flood, windstorm, glass breakage, vandalism, hitting or being
hit by an animal, or by falling or flying objects), without regard to fault. If the insured
vehicle is stolen, auto comprehensive coverage also provides a certain amount per day

for transportation expenses (e.g., rental car or public transportation).

Home all perils coverage pays for damage to the insured home from all causes (e.g.,
fire, windstorm, hail, tornadoes, vandalism, or smoke damage), except those that are

specifically excluded (e.g., flood, earthquake, or war).

A.2 Variable Definitions

Benchmark Premium Coll—The household-specific premium associated with a $200

auto collision deductible.

Benchmark Premium Comp—The household-specific premium associated with a $200

auto comprehensive deductible.

Prior Accident—A dummy variable that equals one if the household reported on its

auto insurance application that it had an accident in the past three years.

Prior Second Accident—A dummy variable that equals one if the household reported

on its auto insurance application that it had a second accident in the past three years.

Prior Third Accident—A dummy variable that equals one if the household reported

on its auto insurance application that it had a third accident in the past three years.

Work Use—A dummy variable that equals one if the household primarily uses the

vehicle to commute to work.
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Personal Use—A dummy variable that equals one if the primary use of the vehicle is

personal (excluding commuting to work).

Business Use—A dummy variable that equals one if the household primarily uses the

vehicle for business.

Second Vehicle—A dummy variable that equals one if the household’s auto insurance

policy covered a second vehicle.

Third Vehicle—A dummy variable that equals one if the household’s auto insurance

policy covered a third vehicle.

Young Driver—A dummy variable that equals one if the household’s auto insurance

policy covered a driver under the age of 21.

Owner Occupied—A dummy variable that equals one if the household occupies that

home covered by the home insurance policy.

Primary Residence—A dummy variable that equals one if the household’s primary

residence is the home covered by the home insurance policy.
Insured Value—The insured value of the home covered by the home insurance policy.

Multi-Unit—A dummy variable that equals one if the home covered by the home

insurance policy has multiple units.

B Test Intervals

Here we discuss the conditions under which the test intervals are empty and the household’s

deductible choice implies that it is risk loving. For ease of exposition, we restrict our attention

to three deductible options—$100, $250 and $500. However, the claims we make here apply

to choices among any three deductible options. Many of the claims we make are illustrated

in Figure 5.

The test interval identified by a deductible choice of $250 is empty if 7100250 < 250,500

which holds if and only if Art00:250 < X\p250.500 (vecall that A > 0). Note that Ari®%2%0 and

)\7“250’500

can be represented as linear functions of A with the intercepts determined by the

respective price ratios:

1 (pi00 — 20) 1
Ap100.250 _ _ A\
" 175 150 1757 (7)
1 (pP0 — po0) 1
Ap250500 _ _ A\ 8
r 375 250 375 (8)
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| *Absolute Risk Aversion

Figure 5: Indifference Curves

It immediately follows that A\r1%%2%° has a steeper slope than \r250:590,

100 250 250 500
) ) then rl00:250 250,500 for 1] \:

@"%—p (p**°—p
that is, there does not exist a claim rate A and a coefficient of absolute risk aversion r that

If the pricing menu is such that S5~ < “H5erss

rationalizes a deductible choice of $250. The intuition is that if a household is sufficiently risk
averse to prefer $250 to $500, then it also prefers $100 to $250. This is because the cost of
switching from $250 to $100—i.e., the increase in premium per unit increase in coverage—
is smaller than the cost of switching from $500 to $250. Conversely, if the household is
sufficiently risk loving to prefer $250 to $100, then it also prefers $500 to $250.

If the pricing menu is well-behaved in that ) s o)

100,250 > 7

Eiso > - 3msasg» vhen for small values of
100 250)

250500 " For values of \ greater than (p%,

however, 7190250 becomes negative. That is, if a household’s claim rate is sufficiently high (in

A the test interval is nonempty, i.e., r

that it exceeds the increase in premium per unit increase in coverage at $250), then it prefers
$100 to $250 for any positive coefficient of absolute risk aversion. In this case, therefore, a
deductible choice of $250 implies that the household is risk loving.

Even if the pricing menu is well-behaved in the foregoing sense, for very high values A,
the test interval identified by a deductible choice of $250 is empty. That is, there exists
A > % such that for all A > X\, A\r100:250 < \p-250500 " Note that at A, the upper and
lower bound of the test interval coincide, and for all A > X, the household is risk loving and
its preferences are convex. Consequently, its optimal deductible choice is in the corner; i.e.,

there does not exist a coefficient of risk aversion that rationalizes a deductible choice of $250.
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Table 19: Size of the Test

Significance Level

1% 25% 5%  10%
Size 0.008 0.017 0.038 0.089

C Size and Power of the Test

C.1 Size of the Test

The first step in calculating the size of the test is generating hypothetical data under the
restriction that households have stable risk preferences. For each household i: (i) we draw
a unique coefficient of absolute risk aversion from a uniform distribution over its bench-
mark auto collision interval; (i) we take );, as its auto collision claim rate; and (iii)
we draw exp(e;) from gamma(g;,0.22) and exp(e;g) from gamma(gzs,0.59) and take
Nins - exp(eg;pr) and g - exp(e;y) as its auto comprehensive and home claim rates. We then
determine each household’s optimal deductible choices for auto collision, auto comprehen-
sive, and home coverage given its unique coefficient of absolute risk aversion and its claim
rates. The next step is performing the test on the hypothetical data—i.e., calculating the
test intervals, the success rates, the expected success rates, and confidence intervals for the
expected success rates (see Section 4.2). In the final step, we repeat the first two steps 1,000
times and tabulate the frequency with which we (incorrectly) reject the null hypothesis at

standard levels of significance. The results are set forth in Table 19.

C.2 Power of the Test

The first step in calculating the power of the test is generating hypothetical data under
the alternative hypothesis that households do not have stable risk preferences. For each
household 7, we take a draw from a uniform distribution over its benchmark auto collision
interval and treat the draw as the household’s coefficient of absolute risk aversion for auto
collision, 7;;,. We then construct the household’s coefficients of absolute risk aversion for

auto comprehensive and home as follows:

riv = (1+0Xim) - rir; (9)
rim = (14+0X;m)- 1, (10)

where X3 and Xy are independently drawn from uniform(—1,1) and § > 0 is a multiplier

that controls the magnitude of the deviation of the alternative hypothesis from the null hy-
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Table 20: Power of the Test

Significance Level
Multiplier 1%  2.5% 5%  10%
0.25 0.008 0.024 0.043 0.090
0.50 0.042 0.085 0.136 0.222
0.75 0.216 0.329 0.451 0.589
1.00 0.791 0.895 0.940 0.967
1.25 0.994 0.996 0.998 1.000

pothesis r;;, = riyy = rig.”” Next, (i) we take ;\l 1, as the household’s auto collision claim rate
1 1

and (ii) we draw exp(e;y) from gamma(gsg,0.22) and exp(e;x) from gamma(gz5,0.59) and
take i - exp(e;nr) and g - exp(e;y) as its auto comprehensive and home claim rates. We
then determine each household’s optimal deductible choices for auto collision, auto compre-
hensive, and home given its coefficients of absolute risk aversion and its claim rates.

Once we generate hypothetical data for a given multiplier 9, the second step is performing
the test on the hypothetical data—i.e., calculating the test intervals, the success rates, the
expected success rates, and confidence intervals for the expected success rates (see Section
4.2). In the final step, we repeat the first two steps 1,000 times and tabulate the frequency
with which we (correctly) reject the null hypothesis at standard levels of significance. Table
20 reports the results for various multipliers between 0.25 and 1.25. The power behaves as
expected at each significance level; i.e., the power is low for small values of § and high for

large values of of 9.

D Alternative Test Results

D.1 Alternative Test Results

Tables 21 and 22 present the results of the alternative test for auto comprehensive coverage

and home coverage, respectively.

D.2 Size and Power of the Alternative Test

In calculating the size of the alternative test, we first generate hypothetical data under the
restriction that households have stable risk preferences using the same procedures described
in Appendix C.1. We then perform the alternative test on the hypothetical data—i.e.,
calculate ¢;, generate ®; 1,000 times, and verify how often ®; belongs to the Wald confidence

52To keep r;pr and 1z within reasonable bounds, we impose lower and upper bounds equal to twice the
minimum finite lower bound and twice the maximum finite upper bound of the relevant test intervals in the
Test sample.
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Table 21: Alternative Test Results - Auto Comprehensive Coverage

x? Critical Value Min Value of 1% Value of Rejection

Sample/Robustness Check at 1% Sig Level Test Statistic Test Statistic Rate
Test sample

benchmark claim rates 11.34 211.00 221.77 100%

conditional claim rates 11.34 225.00 247.26 100%
Test sample — 2006 subsample 11.34 20.76 26.76 100%
Intersection subsample

benchmark claim rates 11.34 41.28 41.28 100%

subsample claim rates 11.34 125.53 125.53 100%

conditional claim rates 11.34 86.61 103.82 100%
Auto sample 11.34 689.11 720.72 100%
Auto sample — 2006 subsample 11.34 248.66 282.15 100%
CARA utility 11.34 150.81 169.95 100%
Probability weighting

v =0.55 11.34 2293.60 2383.50 100%

v =0.69 11.34 1035.80 1066.00 100%

v =0.85 11.34 402.34 434.34 100%
Prospect theory 11.34 796.76 855.82 100%
Transaction costs ($500) 11.34 211.00 221.77 100%

Table 22: Alternative Test Results - Home Coverage
x? Critical Value Min Value of 1% Value of Rejection

Sample/Robustness Check at 1% Sig Level Test Statistic Test Statistic Rate
Test sample

benchmark claim rates 9.21 759.63 789.62 100%

conditional claim rates 9.21 683.85 740.09 100%
Test sample — 2006 subsample 9.21 5.34 10.74 99.5%
Intersection subsample

benchmark claim rates 9.21 186.43 203.07 100%

subsample claim rates 9.21 66.93 81.89 100%

conditional claim rates 9.21 194.03 210.95 100%
CARA utility 9.21 166.41 185.80 100%
Probability weighting

v =0.55 9.21 1816.20 1845.70 100%

v = 0.69 9.21 1118.40 1204.90 100%

v =0.85 9.21 816.61 899.57 100%
Prospect theory 9.21 1534.40 1601.30 100%
Transaction costs ($500) 9.21 395.68 462.20 100%
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Table 23: Size of the Alternative Test

Level Associated

Level Implied by with Wald Ellipsoid
"Rejection Rate" Rule 1% 2.5% 5%  10%
1% 0.000 0.000 0.000 0.000
5% 0.000 0.000 0.000 0.000
10% 0.000 0.000 0.000 0.000
25% 0.000 0.000 0.000 0.010
50% 0.000 0.006 0.019 0.060
5% 0.016 0.052 0.101 0.237
90% 0.085 0.202 0.350 0.606
95% 0.194 0.373 0.594 0.852
99% 0.550 0.803 0.985 1.000

ellipsoid for ¢; (see Section 4.7). Finally, we repeat the first two steps 1,000 times and
tabulate the frequency with which we (incorrectly) reject the null hypothesis of stable risk
preferences at various combinations of the test’s two levels, namely, (i) the level associated
with the Wald confidence ellipsoid and (ii) the level implied by the rejection rule.”® The
results are set forth in Table 23.°* As we can see, the size of the alternative test is quite
small at low levels. This is hardly surprising. After all, if households have stable risk
preferences, then we would expect ®; to lie inside the Wald confidence ellipsoid of ¢; very
frequently. Therefore, if we adopt a rejection rule pursuant to which we reject the null
hypothesis of stable risk preferences only if ®; lies outside the Wald confidence ellipsoid very
frequently, then the probability of making a Type I error should be quite low. Consider,
for example, the level combination (1%,1%). At the true r and A, the model-generated
distribution would lie outside Wald confidence ellipsoid (and thereby lead us to incorrectly
reject the null) approximately 1 percent of the time. Our approach makes the test even more
conservative. First, the way we fix r effectively minimizes the distance between the empirical
and model-generated distributions for any given A. Second, insofar as some realizations of
A could further reduce the gap between the data and the model, requiring that only 10 out
of 1,000 realizations of A generate a distribution ®; that lies inside the Wald confidence
ellipsoid essentially reduces the probability of making a Type I error to nil.

In calculating the power of the alternative test, we first generate hypothetical data under
the alternative hypothesis that households do not have stable risk preferences using the

same procedures described in Appendix C.2. Once we generate hypothetical data for a given

3 For instance, (i) if we use the 99 percent Wald confidence ellipsoid, the associated level is 1 percent, and
(i) if we reject the null hypothesis if ®; lies outside W; at least 990 times out of 1,000, the implied level is
1 percent.

54 Note that the results of the alternative test reported in Section 4.7 are based on the level combination

(1%,1%).
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Table 24: Power of the Alternative Test

Level Combination

Multiplier (1%,1%) (1%,69.8%) (5%,42.7%) (10%,26.2%) (20%,12.7%) (30%,7.4%)

0.25 0.002 0.010 0.012 0.011 0.008 0.010
0.50 0.001 0.012 0.015 0.013 0.014 0.018
0.75 0.006 0.022 0.045 0.046 0.049 0.060
1.00 0.137 0.320 0.408 0.420 0.451 0.492
1.25 0.890 0.958 0.975 0.977 0.979 0.983

Note: Size is 1 percent for each level combination, except (1%,1%) for which size is less than 0.1 percent.

multiplier §, we then perform the alternative test on the hypothetical data—i.e., calculate
¢;, generate ®; 1,000 times, and verify how often ®; belongs to the Wald confidence ellipsoid
for ¢; (see Section 4.7). Finally, we repeat the first two steps 1,000 times and tabulate the
frequency with which we (correctly) reject the null hypothesis of stable risk preferences at
six combinations of the test’s two levels. Table 24 reports the results for various multipliers

between 0.25 and 1.25. The power behaves as expected at each test level combination.
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