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The lmpact of Insurance Prices on Decision-M aking Biases:
An Experimental Analysis

1. INTRODUCTION

Individual decisons about whether to wear a seatbelt or purchase a smoke detector can
affect the probability of experiencing a loss and making a cdlam on insurance. Bond and Crocker
(1991) show that when consumption is correlated with risks, efficiency can be increased by
endogenous categorization, classfying risks on the basis of the insured’'s consumption decisons.
In Bond and Crocker's modd, individuas and insurers both understand the relationship between
consumption decisons and the consumer’s expected losses. In many ingances, however,
individuds ae unlikdy to undersand the risks associated with ther decisons, resulting in
inefficient choices. We tet whether endogenous risk categorization increases efficiency in a
different way than proposed by Bond and Crocker. With endogenous categorization, insurance
prices contain information that may dlow consumers to make better-informed decisons.  This
paper describes an experiment that tests whether showing subjects actuaridly far insurance
prices reduces deviations from optima (Bayesian) decisornmaking.

Many dudies of individud decisonr-making have shown that people often use smple
rules-of-thumb, or heuristics when solving complicated problems’.  Because of bounded
rationdity, time condraints, or other limitations, individuas canot or do not utilize dl revant
informetion.  The reliance on heurisics may produce biases in individud decisons In one
frequently cited example, Grether (1980) finds evidence that people give less weight to base
rates than Bayes Rule requires when solving gatistical problems that require them to weigh prior
information and sample information.

In many naurdly occurring contexts, however, individuds are adle to insure themsdves
agang risk. In these Stuations, they do not have to rdy merdy upon pior probabilities of loss or
sample information. They aso observe insurance prices before determining what action to take
and whether or not to purchase insurance againgt potentiad loss. If the rdative prices of
insurance contracts correctly reflect the relative probability of loss, the price of each contract

! See Camerer, 1995, Davis and Holt, 1993, and K leindorfer, Kunreuther, and Schoemaker, 1993, for surveys of
these studies. For studies of decision-making in insurance markets, see Camerer and Kunreuther, 1989; M cClelland,
Schulze and Coursey, 1993; and Shapiraand Venizia, 1999.



may be an important sgnd of the risk of each choice or activity. Condgder, for example, the
decison of whether to quit smoking. There is a wedth of information available about the hedth
consequences of smoking, but Viscus (1990) has shown that individua assessments of the risks
from smoking are often biased. In the United Kingdom, the Stalwart Insurance Company offers
higher annuity payments for smokers than for non-smokers (Investors Chronicle, 1995). For
someone who understands what this higher monthly payment means, this is a dramatic sgnd of
the mortaity risk associated with smoking. A second example is the decison of whether to strep
down a water heater in an earthquake prone area.  These measures are not frequently adopted
(Pdms e d, 1990) suggedting that people do not believe such measures are effective
(Kunreuther, 1996). Reduced premiums on insurance policies that specify strgpping down the
water hester may help to convey this information about effectiveness. We address the question
of whether companies who sdl endogenoudy-priced insurance aso create a byproduct -
information - that allows people to better understand risk and therefore to make better decisions.

This paper describes an experiment that introduces a smple insurance option into El-
Gamd and Grether’s (1995) test of Bayesan updating. We focus on the information that
insurance markets create and disseminate in the form of prices. In particular, we address the
question of whether dlowing subjects to purchase actuaridly far insurance reduces deviations
from Bayesian updating. We are interested in whether decisions are more consstent with Bayes
Rule when subjects are given the option to purchase insurance. We examine whether those who
are not allowed to purchase, but who can observe posted prices for the insurance, dso make
better decisions than those who never observe insurance prices.

Usng an environment in which biases are likdy to aise dlows us to study whether the
introduction of insurance reduces the prevalence of these biases or the kinds of biases that are
obsarved. We use an experimental design, described in the next section, in which others have
found sysematic deviations from Bayesan updating. Sections 3 and 4 present an overview and
daidicd andyss, respectively, of the decison rules used by individuas in different insurance
treetments.  Section 5 looks a the decison to purchase insurance, and the final section

concludes.



2. THE DECISION-MAKING ENVIRONMENT
Procedures and Subjects

We began with the procedures used by Grether (1980) and El-Gama and Grether (1995)
in which subjects guessed from which cup a sample was drawn, and could maximize expected
eanings by making decisons in accordance with Bayes Rule. Next, we introduced a smple
insurance market in which subjects could purchase a policy tha fully reimbursed them for the
pendty assessed when an incorrect decison is made. The posted prices of insurance for each
cup accurately reflected the Bayesan posterior odds that each cup was used; therefore, the cost
of insurance was lower for the cup with the highest posterior odds.

The experiment was implemented in the following manner.2 Two cups were used, marked
A and B. The contents of the cups were as follows (where O denotes an orange bal and W
denotes awhite bdl):

Cup A: @) @) @) @) W W

Cup B: 0] 0] 0] w w w

Subjects were given a $23 endowment and told that a sample would be drawn with
replacement, from one of the two cups @etermined by the roll of a sx-sided die). For example,
at the start of Round 1 subjects were told that Cup A would be used if the die throw was 1, 2, 3,
4, or 5; Cup B would be used if the die throw was a 6. After announcing this prior probability,
the die was thrown behind a screen and the appropriate cup was selected based on this die roll.®
The cup's contents were placed into an opague bucket and the experimenter then drew six bals
with replacement from the bucket, showing and publicly recording each draw as it occurred.
Subjects then guessed which cup was used. If the subject was correct, the subject kept the $23
endowment; otherwise, $14 was deducted, and find earnings were $9. These payoffs correspond
to a gtudion in which ether choice may result in a loss, but the probability of incurring a loss is
endogenously determined by the particular choice made* This process was repeated 16 times
without feedback. Eanings were determined by one decison chosen a random after al
decisons were mede. A dudent monitor verified that al of the procedures were properly

2 |nstructions for both of our treatments are available on the web at http://dmsweb.badm.sc.edu/mmcinnes/

3 There were 16 rounds in the experiment and the prior probability for Cup A followed a predetermined, but
unannounced, sequence: 5/6, 2/3, 1/3, 5/6, 1/3, 2/3, 5/6, 2/3, 1/3, 5/6, 1/3, 2/3, 5/6, 2/3, 1/3, 5/6.

* We framed earnings in terms of losses to be consistent with the natural interpretation of insuring against aloss.



followed as described in the indtructions.

In sessions that included an insurance option, participants were told that in some rounds
they would be able to purchase insurance that would fully remburse them for the $14 loss
resulting from an incorrect guess. The ingructions read: "the insurance prices were caculated in
such a way that, if we repeated the experiment enough times, on average the insurance would
remburse to you exactly the amount that you pad for the insurance'™® After the sample was
drawn, insurance prices were posted for each cup. Those subjects who could purchase insurance
made two choices. which cup was used, and whether to purchase insurance for this choice.
About haf of the subjects were alowed to purchase insurance in each round (but they were not
told in advance in which rounds they would be able to purchase the insurance). One group of
subjects was able to purchase in the first 5 rounds but not in the remaining 11, while the other
group was able to purchase in the last 11 rounds but not in the firg five. Therefore, those who
could not purchase insurance in the mgority of rounds were Hill given prior experience with
looking at insurance prices and deciding whether or not to purchase insurance. Moreover, dl
subjects were required to write down the insurance prices to be sure that al observed them.

Overdl, 88 subjects participated in 11 sessons (an additiond 11 people served as
monitors, one in each sesson); 28 participants were in five control (no insurance) sessions, while
the remaining 60 subjects participated in Sx insurance sessions (32 of these subjects were given
the option to purchase insurance in the last 11 rounds). All sessons were conducted at the
University of South Carolina.  Participants were recruited from undergraduate business classes
and through flyers posted across the campus. About hdf of the subjects were business or

economics mgors. They ranged in age from 17 to 47, with an average age of 21.

Decision Rules and Heuristics
A specific example demonstrates how Bayes rule may be used to compute the posterior
probability that a given cup was used, as wdl as how heurigtics may lead to a different (or

® Although actuarially fair insurance is not prevalent outside of the lab, we wanted to reduce confusion or skepticism
about how insurance prices were calculated.



identical) decison.® Suppose that Cup A is used with probability 2/3, and Cup B is used with
probability 1/3. If the sample draw is 3 orange balls and 3 white bals, this is "representative’ of
Cup B because the draw exactly matches the contents of this cup. If the subject under-weights
the base probability that Cup A was twice as likey to be used as Cup B, the representative
heurigic (also known as base right bias) may lead to the concluson that Cup B was used.
However, the correct Bayesian posterior probability that Cup A was used is 0.584.

Table1l. Summary of Decision Rules

Representative Conservative
Draw Prob(A|draw) Bayes Rule Heuristic Heuristic

Prob (A) = 1/3
6 orange, 0 white 0.737 A A B
5 orange, 1 white 0584 A A B
4 orange, 2 white 0413 B A B
3 orange, 3 white 0.260 B B B
2 orange, 4 white 0.149 B B B
1 orange, 5 white 0.081 B B B
0 orange, 6 white 0.042 B B B

Prob (A) =2/3
6 orange, 0 white 0.918 A A A
5 orange, 1 white 0.849 A A A
4 orange, 2 white 0.737 A A A
3 orange, 3 white 0584 A B A
2 orange, 4 white 0413 B B A
1 orange, 5 white 0.260 B B A
0 orange, 6 white 0.149 B B A

Prob (A) = 5/6
6 orange, 0 white 0.966 A A A
5 orange, 1 white 0934 A A A
4 orange, 2 white 0.875 A A A
3 orange, 3 white 0.778 A B A
2 orange, 4 white 0.637 A B A
1 orange, 5 white 0.467 B B A
0 orange, 6 white 0.305 B B A

Alternatively, the conservative heurigtic predicts that subjects anchor too strongly on the
base rate and fail to update their probabilities to reflect sample information. Suppose instead that
the sample draw was 2 orange and 4 white balls. In this case, the Bayesan posterior probability
that Cup A was used is 0.413, so Cup B should be chosen. However, the conservative heuristic
predicts that Cup A may be chosen because of the higher base probability, even when fewer than
2 orange balls are drawn.’

6 See Miller, 1956, and Newell and Simon, 1972, for early work on heuristics; Kleindorfer, Kunreuther, and
Schoemaker, 1993, provide a more recent review.

" See Edwards, 1968; Eger and Dickhaut, 1982; Armstrong, 1985; McKelvey and Page, 1990; and Griffin and
Tversky, 1992.



Table 1 summarizes these predictions.  An individud should sdect Cup A whenever the
Bayesan poderior probability is grester than 0.5 and should sdect Cup B otherwise. The
representative heuridtic tells us that Cup A will be chosen when the observed draw looks most
like Cup A (2 or fewer white), and Cup B will be chosen if it looks like more Cup B (3 or more
white). The conservative heurigtic predicts that one does not update the prior probability to a
great enough extent based on the sample information, and so the Cup with the highest prior is
chosen.  In addition, individuas may employ heurisics other than these; however, following El-
Gamd and Grether (1995), we limit our attention to this prominent subset of potentid rules.

Finaly, consder how the insurance prices reflect the Bayesan poserior probabilities.
Table 1 shows that when Cup A is used with a prior probability of 2/3 and 3 orange and 3 white
balls are drawn, the posterior probability that Cup A was used is 0.584. The price of insurance
for those sdecting cup A is equal to the expected loss of $14(0.416) = $5.82. A subject who
chooses Cup A must pay $5.82 to fully insure againgt a $14 loss, and will earn $23 - $5.82 =
$17.18, whether or not Cup A was used. If the subject chooses Cup B, the insurance will cost
$8.18. The fact that insurance costs more when Cup B is chosen reflects the fact that there is a
higher expected loss associated with choosing Cup B than with Cup A. The Appendix contains

the insurance prices for each prior and draw combination.

3. OVERVIEW OF INDIVIDUAL CHOICES

In this section we summarize the behaviora patterns that emerged, focusng on whether
decisons in sessons in which insurance was offered differed from those in sessons without
insurance. We congder rounds in which use of the representative or conservative heurigtic leads
to a different choice than Bayesan updating would predict. For example, when 3 orange and 3
white bals are dawn and the prior is 2/3, both Bayes Rule and the conservative heuristic predict
Cup A will be chosen (see Table 1). If a subject instead chooses Cup B, this is identified as a
representative decison.  In rounds where dl three rules agree but the subject chooses the

opposite cup, we label this decison smply as "other.”




Figure 1. Observed Frequency of Non-Bayesian Decisions
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Figure 1 shows the aggregate incidence of these choices. In sessons in which no
insurance was offered (columns labdled “No Insurance’) there were 136 draws in which a
representative  decison could be identified; of these, 38 (27.9%) were condgent with the
representative heuristic.  The incidence of conservative decisons was lower: just 21.6% (out of
51 possible times). El Gamd and Grether (1995) dso find that the most common form of nort
Bayesan decison-making is representative followed by consarvetive.  This pettern is reversed
for subjects who observed insurance prices. Those in the second group of columns observed
insurance prices but were not alowed to purchase the insurance (combining observations from
dl rounds). Those in the “Can Buy Insurance’ columns observed the insurance prices and were
alowed to purchase insurance. About 75 percent of subjects who were given the opportunity to
purchase insurance chose to do so. The 25% who chose not to purchase are in the “Do Not
Buy,
than representative decisons.  This suggests that observing insurance prices may dter decisons

columns. In every insurance treatment conservative decisons are made more frequently

even if individuals choose not to buy or are not alowed to purchase insurance.
Subjects who ae dlowed to purchase insurance make fewer representative and
conservative decisons. In this sense, we find evidence that endogenoudy priced insurance does

improve efficiency in our experiments. However, anyone who purchases insurance should



aways choose the cup predicted by Bayes Rule® Given this, a more stringent test of the effect
of insurance prices would be to compare those who chose not to insure (“Do Not Buy" column)
with those who do not observe insurance prices. Representative and conservative heurigtics are
used with about the same frequency among subjects who never observed insurance prices and
those who chose not to buy, while the rate a which subjects made decisons inconggtent with
any of these rules was about double for those who chose not to buy insurance. Therefore, the
insurance market did not improve decisonrmaking among those who chose not to purchase
insurance.

One explanation for this is the sdf-sdection involved in the decison not to purchase
insurance. If a person believes that the "wrong cup® (from the standpoint of Bayes rule) is more
likely to have been used, then one may perceive that the actuaridly fair insurance is overpriced,
given one€s own subjective beiefs. For example, if severa draws that look like Cup A have
been observed, a draw of 3 orange and 3 white may confirm one's belief that Cup B is “due’
even if the subject understands that the objective posterior probability of B is bdow one-hdf. In
this event, the subject may choose not to purchase insurance and instead sdlect the cup believed
to be more likely.

In order to avoid these sdection issues, we aso compare those who observe insurance
prices but are not alowed to purchase (Cannot Buy) with those in the no insurance sessons.
Here, the results ae mixed. Representative decison-meking by those who observe insurance
prices is reduced reative to that in the no insurance sessions (19.3 percent of those who observed
prices made representative errors, compared with 27.9 percent in the no insurance sessions).
However, there is a much higher incidence of conservative decison-meking among this group
(35.1 percent for those who observed prices, versus 21.6 percent for those who did not). It
appears that posting prices for actuarialy fair insurance increased the focus on base rates (and
therefore the use of the consarvative heuridic). To explore this more carefully, the following

section presents estimation of the decisionrules used in each treatment.

8 When one purchases insurance, earnings are equal to $23 (the initial endowment) minus the price of insurance for

the cup that is chosen. To maximize earnings, a subject who purchases should always choose the cup with the lower
price, which is the cup that has the highest Bayesian posterior probability. Overall, subjects who purchased
insurance chose consistently with Bayes' rule about 98 percent of the time.



4. ESTIMATION OF DECISION RULES

We egimate the decison rules employed by subjects in these experiments using the cut-
point andyss described in El-Gamd and Grether (1995). The idea is that one uses a cutoff rule,
which is a function of the prior and the draw, when deciding whether to choose Cup A or Cup B.
This is a naturd class of decidons rules to condder that includes both Bayes Rule and the
conservative and representative heuristics.  For example, when the prior probability of usng Cup
A is 1/3 Bayes Rule predicts that a subject will choose Cup A if more than four orange bdls are
drawn (i.e, when the posterior probability on A rises above 50 percent, as shown in Table 1).
So, under this prior, a sample of 4 orange bdls is the “cut-point” after which the subject will
switch from choosng B to A. Similarly, when the prior for A is 2/3, the subject should choose
Cup A when more than 2 orange bals are drawn, and when the prior is 5/6, Cup A should be
chosen when more than 1 orange ball isdrawn. Thisis shown in thefirst row of Table 2.

Table 2. Predicted Cut Points

Cut-Point for Cut-Point for Cut-Point for
Pr(A) =1/3 Pr(A)=2/3 Pr(A) =5/6
Bayes'
Rule 4 2 1
Representative 3 3 2.3
Conservative 56 -1,0,1 -1,0

A cut-point specifies that Cup A is chosen if the number of orange balls drawn is
greater than the specified number for agiven prior.

Taking al combinations of draws for the three priors yidds a tota of 512 possible cutoff
rues. Table 2 shows the cut-points for the three most prominent rules Bayesian updating, the
representative heuristic, and the consarvaive heuristic. The drong form of representative
decisonrmaking predicts that one will choose Cup A when more than 3 orange balls are drawn,
regardiess of the prior. A wesker form of the representative heuristic consders the prior but ill
gives too much weight to the sample. For example, if the prior for A is 5/6, Bayes Rule predicts
that Cup A will be chosen if more than 1 orange bdl is drawn. If we observe subjects using a
cut-point of 2 rather than 1, this behavior is condgtent with over-weghting the sample

information and is identified as a representative decison rule.  The lagt row shows the




conservative cut-points. At an extreme, a consarvative subject would ignore the sample and
aways choose Cup A when the prior for A is greater than 1/2. A wesker form of conservative
decisonrmaking predicts that the prior will receive too much welght but the sanple draw will
aso influence the choice. For example, if the prior on A is 1/3, a cut-point of 5 or 6 is consstent
with the consarvative heuridtic that can be distinguished from Bayes Rule.

We use the observed choices made by subjects to infer the actud cut-point employed for
each of the three priors used in our experiments. Of course, none of these decison rules will be
goplied with absolute precison. We therefore assume that with probability g, the subject
"trembles’ when agpplying the rule and makes a random choice between A and B. Thus, a
subject's decison will agree with the rule with probability 1-g/2 and disagree with the rule with
probability g/2. The error rate ¢ is assumed to be the same for al subjects in dl rounds. Given a
subject's decisons in each round, (X1, X, ... , %), the likdihood of the rule ¢ and error rate g is

given by

F(X, X5 00y X ) = €1- ggxc . aggt_xc
e 2g9 &2¢
where t is the number of decisons and X: is a count of the number of times the subject's
decisons agree with therule c.

Usng maximum likeihood procedures, we firs estimated the single rule that best fits our
subjects decisions® Results are shown in the firsd two rows of Table 3. Recdl, dmost
everyone who purchased insurance in these experiments chose consgtently with Bayes Rule
hence, there are few observations on subjects who were able to purchase insurance but chose not
to. Therefore, we limit our attention to those who never observed insurance prices ("No
Insurance") and those who observed prices but were not alowed to purchase insurance.

In both trestments, the edtimated cutoff rule is consastent with Bayes Rule when the prior
is 1/3 and 2/3. We can digtinguish between these two treatments based on the estimates for the
cut-point used when the prior on A is 5/6. For those in the "No Insurance’ trestment, this cut-

point is condgtent with a representative heurigtic.  For those who observe insurance prices but

® The estimation algorithm checks all possible rules. The Gauss code that was used for all of the following
estimation is available from the authors upon request. While the standard regularity conditions for maximum
likelihood are not met, ElI-Gamal and Grether (1995) state that the procedure yields consistent estimates and that the
Likelihood Ratio test statistic is asymptotically distributed as Chi-squared.

10



are not alowed to buy, the estimated cut-point does not distinguish between a conservative and a
Bayesan cutoff rule. Notice, however, that Bayes Rule and the consarvative heuristic dictate
that the same cup will be chosen, except when five or sx white bals are drawn. Since we never
observed such a draw when the prior on A was 5/6, the data are unable to distinguish between
these rules'® The estimate of epsilon (see Table 4) shows that the rules are applied with about
the same precison in both treatments (about 87 percent of the time). The estimates are roughly
comparable El-Gamd and Grether’s, which ranged from .22 to .31 in sessons in which subjects
were financialy motivated for their decisons.
Table 3. Estimated Decision Rules”

Number of Subjects

Rule1 Rule 2
ue ue Classified to Each

1/3 2/3 5/6 1/3 2/3 5/6 Rule1 Rule 2
OneRule
No
Insurance B B R ) . ) 28
Observe Prices,
Cannot Buy B B BIC ) ) ) 60
Two Rules
No R C B/C 23 5
Insurance” B B R C C B/C 17 11
Observe Prices, B B B/C c C R P 16°

Cannot Buy

& Cutoff rules consistent with Bayes' Rule, the Representative heuristic, and the Conservative heuristic are
denoted, respectively, B, R, C.

® For the second rule chosen, two different sets of rules produced the same likelihood, but a different
number of people were classified to each. Therefore, both sets of rules are shown.

“The remaining 12 subjects were tied between these two rules.

It may be too redrictive to assume that al subjects in a given trestment use the same
decison rule. Therefore, we introduce heterogeneity between subjects by estimating the two
most prominent decision rules. For each pair of rules, we classfy the subject to the rule that best
predicts this person's actud decisons. Results from this etimation are given in the bottom rows
of Table 3.

For each pair of estimated rules, the rule that provides the best fit for the mgority of

subjects is the same one that was obtained when we estimated a single rule (the entries for "Rule

10 Neither of these draws occurred in any of the 66 samples using a prior on A of 5/6. This was true both in the
insurance and no insurance treatments.

11



1" are identicd when ether one or two decison rules are edimated). The exigence of ties
complicates the identification of the second most prominent decision rule.  In the "No Insurance”
trestment, many decison rules result in an equd likdihood, but most contain common eements.
For dl of the tied rules, a consarvative heurigtic is estimated for the prior of 2/3 and the data do
not digtinguish between a consarvative heurisic and Bayes Rule for the prior of 56. As a
whole, this shows the strongest support for the conservative heurigtic when the prior favors Cup
A. When the prior on A is 1/3, the Bayesan cut-point is diminated, but the data do not
diginguish between the representative and conservative heuristics  When this cut-point is
esimated to be representative, 5 of 28 subjects are classfied to Rule 2. When this cut-point is
conservaive, however, more than double this number (11 subjects) are clasdfied to Rule 2
Across the three priors, this supports a conservative heuristic as the second-most prominent
decision rule used by those who do not observe insurance prices.

Turning to those who observe insurance prices but cannot buy insurance, the second most
prominent decison rule is condgent with the conservative heuristic except when the prior
probability on A is 5/6, when a representative decison rule is favored. Not surprisngly, the
esimated error rates are somewhat smdler when we estimate two decison rules than when we

impose asinglerule on dl of our subjects.

Table4. Likelihood Statistics for Decision Rules

Number Log Information Sample
of Rules Likelihood Epsilon Criterion Sze
No 1 -1668 2 17377 448
Insurance
Observe Prices, 1 -1849 27 19182 440
Cannot Buy
Pooled 1 -355.7 .26 -362.61 888
No 2 1461 20 17935 448
Insurance
Observe Prices
Cannot Buy 2 -139.0 .18 -194.45 440
Pooled 2 -296.5 .20 -371.36 888

12



The log-likelihood for each of these etimates is shown in Table 4. We would expect a
better fit for the data when more than one decison rule is dlowed. Therefore we dso consider
the Information Criterion proposed by El-Gamd and Grether (1995) to choose the optima
number of decison rules’  This criterion adjusts the likdihood by induding a pendty for the
additional decison rules. The Information Criterion for both treatments is dightly lower when
two decidon rules are conddered, suggesting that edimation of a sngle decison rule is
sufficient.*?

Next, we test for dgnificant differences in decison rules used between trestments. In
Table 5 we report Chi-squared test datidtics for a likelihood ratio test of homogeneity between
these two treatments.  The null hypothesis is that the epsilon and decison rules used are identica
between trestments. When a single decison rule is esimated, we rgect the null hypothess at the
10 percent level. When two decision rules are estimated, we are able to reject the null hypothesis
a any dandard level of confidence. Thus the introduction of information on insurance prices
has a dgnificant effect on subjects decision rules, even when these subjects are not alowed to
purchase the insurance. Because the estimates of epslon (the precison with which the decision
rule is applied) are very smilar between the two treatments, this difference gppears to be
accounted for by the different decison rules employed by these subjects.

Table5. Test of Homogeneity between Treatments

Number Restricted Chi- Degrees p

of Rules Log Likelihood squared of Freedom value
1 -365.7 7.97 4 0.093
2 -296.5 22.85 7 0.002

Ovedl, this edimation finds that subjects may use different heuristics depending on the
prior probability that a given cup is used. For priors closer to one-hdf, Bayes Rule provides a
good fit for the observed choices. However, when the prior on Cup A is 5/6, we observed
differences between trestments. When we redrict attention to a sngle decison rule (as

supported by a Chi-sguared test), those who do not observe insurance prices use a representative

M For k rules, the Information Criterion = log(maximal likelihood) - 3klog(8) - klog(2) - nlog(k).

12 \We also estimated the three best decision rules; the Information Criterion was lower than that for one rule for both
treatments, and resulted in many ties.

13



heurigtic. However, for those who observe insurance prices but cannot buy insurance, we cannot

distinguish between the use of Bayes rule and conservative decision-making.

5. THE INSURANCE PURCHASE DECISION

We next turn our dtention to the factors that influence the decison of whether to
purchase insurance. Recall that the insurance offered to subjects was actuaridly fair (that is, the
cost to the subject of purchasing insurance was equa to the expected loss), and this fact was
emphaszed in the indructions. A risk-prefaring individud should never purchase this
insurance, and a risk neutra individud should be indifferent between purchasng and not.
However, one who is risk averse is predicted to aways purchase this insurance. Pooling across
subjects and decison rounds, insurance was purchased 74 percent of the time. Only three of 60
subjects never purchased insurance. By contrast, 17 of 60 subjects aways purchased insurance.

Individua risk attitudes, especidly when potentid losses are at dake, are debated in the
literature. In a classc paper, Kahneman and Tversky (1979) present evidence in favor of risk
seeking behavior when people ae presented with lotteries over (hypothetica) losses.
Kunreuther et al. (1978) give further support to the prevaence of risk-seeking in the domain of
loses, showing that in actud insurance markets, few people buy highly subsidized earthquake
and flood insurance. However, saverd dudies have adso found that the purchase of full
insurance is quite popular, which would indicate risk aversion when potentiad losses are at stake.
McCldland, Schulze and Coursey (1993) show that individuals bid severa times the expected
loss to obtain full insurance. Moreover, people frequently shun lower priced insurance with a
deductible in favor of full insurance (Johnson et al., 1993, and Shapiraand Venizia, 1999).

The prevalence of insurance purchases is consistent with some degree of risk aversion.®
About 60 percent of subjects purchased insurance in more than 2/3 of the rounds in which they
were given the opportunity. This is roughly comparable to the proportion of subjects identified
as being risk averse (66 percent) by Holt and Laury (2000) using alottery over gains.

13 Increasing the scale of the potential loss (rather than the likelihood of loss) increased the frequency with which
insurance was purchased. In pilot experiments, choosing the incorrect cup resulted in losing $6 of a $9 initial
endowment (compared with losing $14 of the $23 endowment in the experiments reported here). In these pilot
sessions, insurance was purchased only about 50 percent of thetime. Thisfinding is similar to Bosch-Domenech and
Silvestre (1999), who report that willingness to purchase actuarially fair insurance against losses increases in the
scale of theloss.
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We next congder the circumstances in which individuas choose to purchase insurance in
our experiments. There is an inverse correspondence between the posterior probability and the
price of insurance: it cods a subject very little to insure when the posterior probability that a cup
was usd is very high'*  Figure 2 shows the percentage of subjects who chose to purchase
insurance as a function of the posterior probability of the “more likely” cup being used (that is,
the cup with a posterior probability that is greater than 50 percent). Fewer subjects bought
insurance when the pogterior probability was close to 50 percent. When the posterior probability
srongly favored one cup over the other, the price of insurance was lower, and more subjects
purchased insurance. In these Stuations, there is less uncertainty and subjects are more likely to
be able to "solve the problem” and correctly choose the Cup that is favored by the posterior
probability. Because the posterior odds strongly favor this choice, it dso carries lower risk.*® In
fact, most non-Bayesian choices occur when the poderior probability is close to one-hdf. A
random effects regresson of the percentage of subjects who buy insurance in a given round on
the posterior probability of the most likely cup yidds

percent buying = 27  + .63 * posterior
(.10) (.13)
where the numbers in parentheses are the standard errors of the coefficient estimates  The
coefficient for the podterior probability is sgnificantly different than zero a any standard leve of

confidence.

14 |n insurance settings, the “price” of insurance is typically interpreted to be the difference between the expected
loss and the premium. Because the premium charged is just equal to the expected loss in our design, the “price” of
insurance is zero. Throughout this paper, we instead use price to mean the amount a subject paid to purchase
insurance.

15 When subjects choose not to insure, the risk associated with their cup choice can be measured as the standard
deviation of the payoff conditional on their choice. If the posterior probability of the chosen Cup is p, then the

standard deviation is proportional to 4/ p(1- p). The standard deviation is maximized at p=0.5. The posterior
probability for the more likely cup varies between 0.5 and 1.
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Figure 2. Percent Purchasing Insurance
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Although many subjects purchase insurance (supporting the existence of risk averson
over losses), this inverse rdationship between the probability of a loss and buying insurance is
consgent with one of prospect theory's behaviora implications (Kahneman and Tversky, 1979,
and Tversky and Kahneman, 1992). Specificdly, risk-seeking behavior is predicted for high
probabilities of loss, and risk-averse behavior may be observed when the probability of loss is
low. This is condgtent with the fact that insurance is bought more frequently when the poderior
probability is high (and therefore the probability of lossislow).

At the concluson of each experimental sesson, subjects were asked to complete a brief
demographic questionnaire.  While not the focus of our experiments, it is useful to consder the
effect of socioeconomic characteristics on the insurance purchase decison. Despite evidence
from other studies (Holt and Laury, 2000, and Eckd et a., 1998) that gender and other
demographic characterisics may influence risk attitudes, the frequency with which an individua
purchased insurance was not dgnificantly related to any of these characteristics  OLS
regressons including characteristics such as age, gender, mgor, year in school, and the purchase
of insurance outsde of the lab (such as auto, renters, or hedth insurance) were not Sgnificant
when edimated as a group or in univariste regressons. We should note, however, that our
design does not dlow us to infer the degree of risk averson. If one is even dightly risk averse,
that person should aways purchase insurance. Therefore, if both men and women are risk
averse, dl should purchase insurance, regardless of whether one group is sgnificantly more risk
averse than the other.
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6. CONCLUSIONS

Studies of individud decison-making have shown that people often use smple rules-of-
thumb, or heurisics, when solving complicated problems.  The end-result can be systemdtic
biases in decisons. An open question is whether the information provided by market forces can
improve decisons in these contexts. The preponderance of evidence is that markets reduce, but
do not diminate, these biases'® This paper instead focuses on a different question: whether the
market for insurance yields, as a byproduct, information that may reduce biases in making
related decisons. If insurers are better informed than consumers about the relationship between
consumption choices and risk, then endogenous risk caegorization may hep to inform
consumers about risk.

We began by replicating El-Gamd and Grether’'s experiment, in which we found
evidence of decison-meking biasss. We followed this by a trestment in which some subjects
were given the option to purchase insurance at actuaridly fair prices. Other subjects observed
the prices but were not alowed to purchase the insurance. Those who were alowed to purchase
made decisons that were largely consgtent with Bayesan updating. However, the interpretation
of this result is complicated by the fact that nearly 75 percent of these subjects chose to purchase
insurance. It is not clear whether the insurance prices themsdves improved decisons or if
subjects smply wanted to insure and therefore chose the less expensive (and therefore “correct”)
option. In ether case, subjects who were able to purchase insurance made better decisons (from
the standpoint of Bayes Rule) than did those in our other treatments.

When dl priors are combined, those who observe the price of insurance but are not
dlowed to buy are less likdy to make decisons consstent with a representative heuristic than
those who do not observe prices. However, they make conservative decisons more often.
Maximum likelihood estimation of the decison rules used by subjects not dlowed to purchase
insurance (separated by trestment depending on whether they observed prices), suggested that
edimating a sngle decison rule for dl subjects in a given trestment was sufficient. Both sats of
these subjects made decisons consstent with Bayesan updating for the 1/3 and 2/3 priors.

16 For implementations using asset markets, see Camerer, 1987 and 1990; Duh and Sunder, 1986; and Anderson and
Sunder, 1995. An exception is Ganguly, Kagel, and Moser (2000) who looked at the role of market context in an
asset market experiment. They compared a treatment in which uncertainty was presented in a context -rich narrative
with one in which it was presented in a “ball and urn” design and found that the market context increased the
prevalence of biases.
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When the prior probability of usng Cup A was 5/6, we find a representative rule best describes
choices for those who do not observe insurance prices. However, for those who observe prices
(but cannot buy), decisions are congstent with both Bayes' Rule and the conservative heuridtic.

Findly, we find that most subjects who are able to purchase insurance choose to do <o,
dthough only 1/3 of subjects buy insurance in dl rounds. A larger percentage of subjects buy
insurance when the posterior probability of that a cup was used is higher. In other words, more
subjects buy insurance when the probability of alossis lower.

The notion that price can serve as an informative sgna is not new: many dudies have
shown that price may sgnd the qudity of a good (in a market context) or insde information (in
asset markets).!” In this paper, we consider whether people use the price of insurance associated
with an underlying outcome to infer information about the likdihood of that outcome.  Our
results indicate that subjects in the insurance sesson made choices that result in lower expected

losses than did those in the sessons with no insurance market.

Y For price asasignal of quality, see Bagwell and Riordan (1991) and Milgrom and Roberts (1986). For priceasa
signal of inside information in asset markets, see Forsythe and Lundholme (1990), Banks (1985), and Plott and
Sunder (1982).
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Appendix
Predictions and I nsurance Prices

Draw Posterior Bayes . . Insurance Insurance
(# orange) onA RZIe Representative  Conservative Price, A Price, B
Prior Probability of Using Cup A = 1/3
6 Ja37 A A B 3.68 10.32
5 584 A A B 582 8.18
4 413 B A B 8.22 5.78
3 .260 B B B 10.36 3.64
2 149 B B B 1191 2.09
1 .081 B B B 12.87 113
0 042 B B B 1341 0.59
Prior Probability of Using Cup A = 2/3
6 918 A A A 114 12.86
5 .849 A A A 212 11.88
4 Jq37 A A A 3.68 10.32
3 584 A B A 582 8.18
2 413 B B A 8.22 5.78
1 .260 B B A 10.36 3.64
0 149 B B A 1191 2.09
Prior Probability of Using Cup A =5/6
6 .966 A A A 0.48 13.52
5 934 A A A 0.93 13.07
4 875 A A A 174 12.26
3 778 A B A 3.10 10.90
2 637 A B A 5.08 8.92
1 467 B B A 7.46 6.54
0 305 B B A 9.73 4.27
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