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ABSTRACT: To avoid paternalism, behavioural welfare evaluations increasingly use
information on preferences and beliefs of individuals from a “reference task,” such as a
survey or experiment, to evaluate welfare gains and losses from decisions made in a context
under study. This raises questions about the appropriateness of these preferences in the
reference task for the decisions one aims to normatively evaluate. We propose that our
beliefs about structural drivers of poor decisions, decisions that cause welfare losses, can
guide the selection of an appropriate reference task for normative evaluation in many
instances. We demonstrate this approach in the context of welfare evaluations of insurance
choices with compound risk, where violations of the Reduction of Compound Lotteries
axiom can lead to welfare losses. By using a standard risky lottery task, as well as a simple
risk insurance task, we show that welfare losses do result from violations of that axiom when
individuals make insurance decisions with compound risk. This is driven by excess purchase,
particularly from individuals best characterized as Rank Dependent Utility decision-makers.
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1 Introduction

Behavioral welfare economics poses fundamental challenges for traditional welfare
economics. Most of these challenges stem from the desire to avoid relying on direct revealed
preference to inform non-paternalist policy-makers about the welfare effects of interventions
on individuals. Even if we put aside concerns about the internal consistency and stability of
preferences, direct revealed preference does not allow policy-makers to ever infer that
interventions that operate on the choices of individuals can do harm (in expectation). By
construction, directly revealed preferences, including subjective beliefs, are those that
explain why the individual preferred to make the observed choice which is assumed to be the
best one for the individual.

One approach that does allow statements about the potential of interventions to do
harm assumes that there exists some source of data, perhaps from a “reference task,” to
elicit preferences that we can use to evaluate the choices of interest.1 If we want to avoid
paternalism to the extent possible, these preferences should be elicited from choices made by
the same individual, not preferences imposed by the policy-maker. A number of recent
studies use this approach of eliciting preferences in a reference task, such as an experiment
or survey, to evaluate welfare gains and losses from decisions made in the context under
study: Harrison and Ng (2016, 2018), Andreoni et al. (2016), McIntosh et al. (2019),
Aggarwal et al. (2020), Harrison et al. (2022) and Carpenter et al. (2021).

When selecting a reference task for normative evaluation, two criteria need to be
considered. First, the method used in the reference task should be a good method,
descriptively, to elicit latent preferences. This implies that the method should allow for the
estimation of a utility function,2 and should accommodate statistical error resulting from
random error in decision-making. It does not imply that we must restrict attention to
Expected Utility Theory (EUT), nor do we. Second, the rejection of direct revealed
preference as a useful foundation for normative evaluation logically implies that the relevant
preferences can only be specified as a prior belief, and the researcher will not know if these
are correct or not. We can, however, carefully select the reference task, and conduct
1Some approaches to behavioral welfare economics seek to avoid any reference to individual

preferences at all, such as Sugden (2018).
2Even though some may argue that heuristics might be preferred for descriptive purposes, such as

Brandstätter et al. (2006), they are not suitable in this context because they do not allow for the
estimation of a utility function.
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descriptive analyses to increase confidence in the appropriateness of the task for normative
evaluation.

We propose selecting a task that is similar to the decisions under study, but
overcomes the potential source of welfare losses that the researcher or policy-maker is
normatively concerned about. We take the view that, in many instances, our beliefs about
the structural drivers of poor decisions, defined as decisions that cause expected welfare
losses can guide us in selecting an appropriate reference task. DellaVigna and Malmendier
(2006) suggest that consumers who overestimate their future self-control choose suboptimal
gym memberships; Heidhues and Kőszegi (2010) suggest that naïve, time-inconsistent
consumers overborrow, pay large penalties for delays, and back load repayment of loans,
leading to large welfare losses; O’Donoghue and Rabin (2010) hypothesize that present bias
in the context of effort to optimize retirement plans can actually lead people to delay the
accrual of money; Handel (2013) argues that inertia prevents employees from switching
health plan options that become completely dominated due to price changes. Whether these
beliefs are, indeed, useful guides to the source of expected welfare losses is the general
methodological question we address.

We demonstrate our approach in the context of violations of the Reduction of
Compound Lotteries (ROCL) axiom and welfare evaluations of insurance choices with
compound risk, where the risk is presented in a two-stage form. When there exists
compound risk in a context of objective probabilities, a common normative stance is that
violations of the ROCL axiom can lead to welfare losses.3 ROCL implies that people are
indifferent between a compound risk and its actuarially-equivalent, simple-risk version.4 By
using lab experimental reference tasks that elicit preferences in simple, one-stage risk form,
either in a risky lottery frame (RL), or an insurance frame which we call the actuarially
3Von Neumann and Morgenstern (1944, p.632) understood that people can deviate from ROCL and

modeling this can be useful to model deviations from the EUT model, such as having utility or
disutility of gambling. However, they also see ROCL as the “right” way to deal with compound
probabilities (p. 27 footnote 2) and consider it “plausible and legitimate - unless a much more
refined system of psychology is used than the one now available for the purposes of economics”
(p.28). Luce and Raiffa (1957, p.26) also consider the ROCL axiom normatively reasonable, and
recognize that this axiom “...abstracts away all ‘joy in gambling,’ ‘atmosphere of a game,’
‘pleasure in suspense’...”. Halevy (2007) provides evidence that violations of ROCL are
descriptively correlated with behaviour often associated with ambiguity, as first hypothesized by
Smith (1964).

4ROCL is easy to test. If an individual makes a binary choice over some compound-risk lottery C
and any simple-risk lottery X, then the individual that obeys ROCL should always make the
same choice when confronted with X and the actuarial-equivalent, simple-risk version of C.
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equivalent (AE) frame, we estimate the risk preferences of individuals using only the choices
of each individual. We then evaluate their decisions to buy or not buy insurance with
compound risk based on these estimated preferences. This allows us to infer the expected
consumer surplus gained or foregone from each insurance purchase decision a subject
actually makes. Furthermore, we show that welfare losses are indeed driven by ROCL
violations, validating our normative stance.

We then provide some support for the appeal of our reference task, based on
descriptive analyses, by showing that the framing of the reference task as either a risky
lottery or an insurance task does not appear to induce individuals to behave as if they apply
different preferences, increasing our confidence in the “appropriateness” of our reference task
for normative evaluation. Our objective here is to demonstrate the logical consistency of
providing descriptive evidence for the normative appeal of a particular reference task in the
light of a normative stance about potential behaviour that can drive welfare losses.5

The insurance with compound risk we consider is index insurance (II). With an index
insurance contract the insured gets coverage for an idiosyncratic personal risk of loss that
they face that is positively correlated with an observable and verifiable public index, such as
a weather index, and payments are only made on the basis of the index exceeding some
trigger. Index insurance has great potential to provide protection against aggregate risks
such as weather risk, climate change, or pandemics because claims are based on observable
and independently verifiable indices which are correlated with idiosyncratic losses, and
thereby prevent moral hazard and adverse selection.6 This distinctive feature of index
insurance implies that the risk of suffering a personal loss is compounded by the risk of the
index realization not matching the personal loss realization. The imperfect correlation of
personal loss and index loss leads to downside and upside basis risk, which is not present in
traditional indemnity insurance contracts.7

5An assumption that revealed preference reversals, when individuals are presented with compound
risk and its reduced form version are driven by source-dependent preferences, as in Segal (1992,
p.17) and Harrison et al. (2015), would require an alternative normative stance and a different
reference task.

6Moral hazard is reduced because there is little that the insured can do to affect the index outcome
and hence the chance of a claim payment. Adverse selection is reduced because the contract
does not differentiate between the correlation of the idiosyncratic risk and the index outcome.

7Downside basis risk is the likelihood that the insured experiences an individual loss, but does not
receive a claim payment because the index is not triggered. Upside basis risk is the likelihood
that the insured receives a claim payment because the index is triggered, but does not
experience a personal loss. Indemnity insurance with the risk of default or non-performance by
the insurance company exhibits downside basis risk as discussed by Doherty and Schlesinger
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In our lab experiments subjects make a total of 5,454 decisions to purchase insurance
or not. We find that they realise, on average, only 48% of the potential welfare
improvements that they could have achieved by making decisions that were in line with their
elicited risk preferences in the reference task. In 56% of the decisions they make they decide
to purchase insurance. However, based on their elicited risk preferences we predicted that
they should only decide to purchase insurance in 21% of their decisions. A large share of
welfare losses is created by excess purchase, where the “excess” is defined with respect to the
preferences we elicited in our reference task. The decomposition of the sources of welfare
gains and losses shows that subjects who consistently violate ROCL experience particularly
significant welfare losses. This effect is especially pronounced in the II task, where risks are
presented in compounded form, exactly as they typically are in the field when index
insurance products are promoted.

Furthermore, we find that individuals classified as Rank Dependent Utility Theory
(RDU) decision-makers, rather than EUT decision-makers, are much more likely to purchase
insurance, ceteris paribus. This finding can be rationalised by the fact that an increase in
the correlation between the index and the personal loss may reduce welfare for
“probability-optimistic” individuals, because they place a comparatively larger value on the
upside basis risk. Our AE task shows that when people have a cognitive aide that helps
them deal with compound risk, they behave differently and closer to their EUT preferences,
significantly reducing purchase.

To conduct our welfare evaluations we take the normative stance that ROCL
violations may cause welfare losses when individuals make decisions that involve compound
risk, such as decisions to purchase or not purchase index insurance. The motivation for
choosing this normative stance is that the complexity of calculating probabilities and
outcomes, when compound risk is present, can lead to mistakes, conditional on whether the
compound risk is presented in its compounded form or its equivalent single-stage
representation. The normative appeal of the ROCL axiom has received attention in the
economics literature because individuals that fail to reduce compound lotteries can be taken
advantage of by attentive arbitrageurs who can create a “Dutch book” or a “money pump”
against them, which can reduce their welfare (De Finetti, 1937; Machina, 1989; Segal, 1992).
The argument is that a trader can create a money-pump against ROCL violators by buying
and selling lotteries to the individual in a cleverly designed sequence such that the

(1990), Clarke (2016) and Harrison and Ng (2018).
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individual is in a worse position, in terms of welfare, after these transactions are completed
than they would have been if they had not engaged in these trades.8

We choose the RL task as a reference task because it is a standard task to elicit risk
preferences in descriptive contexts. In addition to its presentation of risk in a simple-risk
form, we consider it to be attractive because it allows us to structurally estimate risk
preferences for both EUT and non-EUT models. It also allows us to take account of
individuals making random mistakes in the 100 RL choices, leading to statistical error which
we carry over to our welfare estimates.9 Of course, any statements about the welfare of
decisions that are based on the elicited preference for an individual are only as good as the
preference estimate itself.Therefore those estimates can only ever function as a prior, which
we consider to be a better prior for the normative evaluation of insurance decisions than a
prior that just assumes, as with direct revealed preferences, that individuals make no
mistakes.

To increase our confidence in the appropriateness of the elicited preferences in the
risky lottery reference task to normatively evaluate the II decisions, we use the AE task.
The AE decisions are exactly similar to the II decisions, except for the fact that we also
present “pie displays” that show the single one-stage risk to the subject, after multiplication
of the probabilities in the first-stage and the second-stage. Compared to our II task, the AE
task presents the compound risk in its reduced form, so that it is easier for the subject to
make choices without having to deal with compound probabilities. This AE task serves two
purposes. First, it allows us to compare differences in welfare between the AE and the II
decisions and directly attribute these to the driver of potential welfare losses we are
concerned about: violations of the ROCL axiom. Second, it allows us to estimate the
individual-level risk preferences subjects apply in this insurance task, and compare these to
the estimated risk preferences in the risky lottery task to assess if the framing of the risky
lottery task and the insurance task induces differences in preferences.

A further descriptive analysis we undertake to provide support for our normative
stance, that ROCL violations may drive welfare losses, is to measure violations of the ROCL
8A caveat is in order. Segal (1992, pp. 172 ff.) presents an example of a non-EUT decision-maker

with RDU preferences that is not necessarily susceptible to a Dutch book. Additionally,
Machina (1989, pp.1647 ff.) shows, in an intertemporal framework, that individuals who have
non-additive preferences over time can be immune to a Dutch book.

9In addition there is some evidence of conditional stability of preferences elicited with risky lotteries
over time (Andersen et al., 2008, §5.2).
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axiom by each individual directly and assess if these indeed drive welfare losses. Each
subject was given 10 lottery choices between a simple lottery and a compound lottery, as
well as 10 corresponding lottery choices between the same simple lottery and a simple
lottery that is actuarially-equivalent to the compound lottery in the paired choices. These
20 lottery pairs give us 10 tests that we can use to measure the intensity with which people
violate ROCL, and allow us to directly attribute differences in welfare losses between the AE
and II task to violations of the ROCL axiom.

We make three contributions to the literature. Our first contribution is that we are
able to attribute welfare losses that arise when individuals make decisions with compound
risk to violations of a specific axiom, ROCL. The fact that our AE task reduces this effect of
ROCL violations on welfare losses suggests that presentation of compound risk choices in a
reduced single-risk form, rather than the compounded form, has potential to reduce welfare
losses. An important policy implication is that financial and risk management products that
present compound risk in its reduced one-stage form should have normative appeal to
consumers and regulators because that representation of the product avoids welfare losses
driven by violations of the ROCL axiom.

A related, second contribution is that we show that individuals that are best classified
as RDU decision-makers are particularly vulnerable to welfare losses as a result of ROCL
violations. Furthermore, the results of our AE task show that behaviour seems more
consistent with EUT preferences when compound risk is presented in its single-risk form.
These results highlight the importance of conducting normative evaluations that allow for
different types of preferences, since these types interact with specific drivers of welfare losses,
in our case the interaction between RDU preferences and violations of ROCL.

Third, we contribute to the growing literature on behavioural welfare economics by
demonstrating a way to guide the choice of a “reference task” for normative evaluation. We
propose that the “reference task” be designed to overcome the specific driver of potential
welfare losses that the researcher is concerned about. The latter step does require a
normative stance about the behaviour that one assumes drives welfare losses, which can be
more or less controversial, but forces the researcher to be explicit about the normative
position taken. A concern with many behavioural welfare judgements is that they do not
make these normative positions explicit, making it hard to easily evaluate them. We
demonstrate that statistical analysis of drivers of welfare losses, in our case ROCL
violations, can provide support for the normative stance we take.
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We also propose that the reference task should be designed to be similar, in terms of
framing, to the decisions under study, so that the researcher remains agnostic about
potential domain-specific preferences of an individual that may be different between a
reference task and the decisions under study. If domain-specific preferences are different
between a reference task and the decisions under study, which could have been the case
between the risky lottery and insurance task, that could have led us to conclude that certain
decisions led to welfare gains or losses, while they could have been driven by the respondent
applying different preferences in both contexts. For normative evaluations one must have
some preferences from a reference task, but it is obviously better if one can make a reasoned,
evidence-based case for these preferences being appropriate for the evaluative task at hand.
Our contribution is to illustrate how such a case can be made.

We present the conceptual framework of index insurance in Section 2. In Section 3 we
lay out the experimental design motivated by this framework, to allow us to identify welfare
gains and losses at the individual level. Section 4 presents our main welfare results. In
Section 5 we analyse potential drivers of welfare losses, including ROCL violations, as well
as framing effects between the reference tasks and the index insurance decisions. The latter
provides descriptive evidence for the appropriateness of our reference task. In Section 6 we
conclude and provide suggestions for policy and future research.

2 Welfare of Insurance with Compound Risk

In the case of insurance with compound risk, it is important to focus on the manner
that people deal with the correlation between the first-stage and the second-stage risk, or
basis risk. Imperfect correlation between the index and the personal loss implies that the
variance of outcomes increases, as opposed to the situation with a traditional indemnity
insurance, which always reduces the variance of outcomes. Therefore, when making
decisions about index insurance, an individual has to deal with upside and downside basis
risk, which are compound risks that the person may or may not evaluate consistently with
the lens of ROCL.

Behaviorally, there are two consequences for our analysis: we need to study potential
deviations from EUT preferences, and we need to do so in the presence of both simple and
compound risk. One classical motive for purchasing indemnity insurance is to reduce
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variability of risky outcomes, making it welfare enhancing at actuarially-fair premia for any
risk averse subject with EUT preferences. Even under EUT, however, Clarke (2016) shows
that index insurance could rationally reduce demand for insurance by comparison, and even
make the index contract unattractive for individuals that are sufficiently risk averse.

2.1 The Expected Consumer Surplus from Insurance

The objective of insurance is, ex ante any actual loss, to reduce the expected
variability of consumption, by paying an insurance premium now, in exchange for a claim
payment later, in case the future state is realised where the insured experiences a loss.
Therefore we focus on an assessment of the expected welfare of buying insurance to an
individual compared to the expected welfare of not buying insurance to the same individual.
We refer to this measure as the Expected Consumer Surplus (ECS) of insurance decisions.

We then use this calculation of the ECS from the observed choice to purchase
insurance or not to purchase insurance to determine normatively whether the individual
should purchase insurance. To explain this normative inference we can use one of the
specific examples given to our subjects (displayed later as Figure 2).

Assume that there is an endowment of $60, and a loss probability to the individual of
20%. If there is a loss, it has value $39, leaving the individual with $21 = $60 - $39. This is
a lottery {$21, 0.2; $60, 0.8} in the usual notation, for an individual that does not purchase
insurance. This lottery has an Expected Value (EV) of $52.20 = $21 × 0.2 + $60 × 0.8.

Assume for now that the individual behaves consistently with EUT, and has a Power
utility function u(x) = xr with parameter r = 0.507, the estimated average of our sample.
Then the Expected Utility (EU) of this lottery in which the individual does not purchase
insurance is defined by:

EUNP = u($21)× 0.2 + u($60)× 0.8 = ($21)0.507 × 0.2 + ($60)0.507 × 0.8 = 7.31

The Certainty Equivalent (CE) of this lottery is the CENP value that solves
u(CENP ) = EUNP . With the assumed utility function, the CE is defined by:

CENP = (EUNP )(1/0.507) = (7.31)(1/0.507) = $50.62
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We now repeat the logic of this calculation to obtain the CE when purchasing an
index insurance contract. An index insurance contract differs from a standard indemnity
insurance product because the contract might pay when the individual does not suffer a loss,
and it might not pay when the individual does suffer a loss, depending on whether the index
matches the actual loss of the individual. The probability that the index matches the
outcome of the individual is 0.8. This matching probability implies a correlation ρ between
the individual’s loss and the index outcome of 0.6 = 1− (2× (1− 0.8)). Therefore, in the
case of the index insurance contract there are 4 possible outcomes, which we spell out in full:

1. The individual pays the $12.50 premium, experiences a loss of $39, and the index
differs from the outcome of the individual. Hence the insurance does not pay out and
the individual ends up with $8.50 = $60− $12.50− $39. The compound risk of the
individual having a loss and the index differing is 0.2× (1− 0.8) = 0.2× 0.2 = 0.04.

2. The individual pays the $12.50 premium, experiences a loss of $39, and the index
matches the outcome of the individual. Hence the insurance pays out $39 and the
individual ends up with $47.50 = $60− $12.50− $39 + $39. The compound risk of the
individual having a loss and the index matching is 0.2× 0.8 = 0.16.

3. The individual pays the $12.50 premium, experiences no loss, and the index matches
the outcome of the individual. Hence the insurance does not pay out and the
individual ends up with $47.50 = $60− $12.50. The compound risk of the individual
having a loss and the index matching is (1− 0.2)× 0.8 = 0.8× 0.8 = 0.64.

4. The individual pays the $12.50 premium, experiences no loss, and the index differs
from the outcome of the individual. Hence the insurance pays out $39 and the
individual ends up with $86.50 = $60− $12.50 + $39. The compound risk of the
individual having a loss and the index differing is
(1− 0.2)× (1− 0.8) = 0.8× 0.2 = 0.16.

The upshot of these calculations is that the lottery involved in the purchase decision is
{$8.50, 0.04; $47.50, 0.16; $47.50, 0.64; $86.50, 0.16}. This lottery has an EV of $52.18,
slightly lower than the EV of the lottery in which no insurance is purchased. This lottery
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has an EU defined by:

EUPII = u($8.50)× 0.04 + u($47.50)× 0.16 + u($47.50)× 0.64 + u($86.50)× 0.16

= ($8.50)0.507 × 0.04 + ($47.50)0.507 × 0.16 + ($47.50)0.507 × 0.64 + ($86.50)0.507 × 0.16

= 7.32

For an individual that follows this preference representation, deciding to purchase the index
insurance has a CE of CEPII = $50.69.

Comparing the two lotteries defined by buying index insurance and by not buying
insurance with this degree of risk aversion, the individual gains an ECS of
$0.07 = CEPII − CENP = $50.69− $50.62 from purchasing insurance. This is the Expected
CS, since it refers to all payouts from all possible events when they are weighted by their
probabilities of occurring. It is unrelated to the actual realization of the loss or the index.

The same calculation can be repeated for different levels of risk aversion. We already
know from the EV calculations that the ECS for a risk-neutral individual would be slightly
negative, and equal to −$0.02 = $52.18− $52.20. If the individual was more risk averse than
the average, and r = 0.3 say, then the ECS would increase to $0.12; and if the individual
was less risk averse than the average, and r = 0.7 say, then the ECS would decrease to
$0.02. Hence if we know the risk aversion of each subject, we can calculate the ECS from
making either the purchase decision or the non-purchase decision.

2.2 Normative Welfare Evaluation of Insurance

Now assume, however, that we observe that our average risk averse EUT individual,
who has r = 0.507, decides not to purchase the index insurance. The previous calculations
tell us that this individual has foregone $0.07 in expectation that could have been gained by
purchasing the insurance. But now switch from describing what we observe with our model
to using our model to make normative evaluations of what we observe.

What if we know that the risk aversion of the individual is 0.507, and observe the
individual making a decision to forego $0.07? One response might be to say that we must
have the wrong risk aversion for the individual, and that it must be 0.86 or higher, since
that is the risk aversion parameter that can explain not purchasing insurance as the correct
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decision (the ECS gain then is $0.01 or higher). If, however, we recognise that individuals
make mistakes, we may just assume that the individual made a decision that led them to
forego ECS. If we want to be able to draw such a conclusion of a potential loss of ECS, we
need a separate reference task that allows us to infer the individual’s risk preferences.

To see the significance of this normative position, consider the same individual and
another choice in our battery. This choice provided an insurance contract with the same
actuarial parameters, but added a loading of 8% to the premium, which becomes $13.50. In
this instance the correct decision for this individual, based on their risk preferences, is to not
purchase the insurance, generating an ECS of $0.98. If the individual chose to purchase the
insurance, direct revealed preference would, however, lead us to conclude that this
individual preferred purchasing the insurance over not purchasing the insurance. By using
risk preferences inferred from a reference task that is presumed to be a good measure of
latent preferences, however, we conclude that this decision was a mistake.

As we vary the actuarial parameters facing the individual, the ECS from making the
correct decision varies. Ceteris paribus, a lower premium means a higher ECS if purchasing
the product was the correct thing to do. For this reason, that some product offerings are
better than others, we also consider the percentage of the total ECS that the individual
realizes over all decisions, compared to the total ECS that the same individual would have
realized if they had made every choice consistent with their risk preferences. We term this
Efficiency, following Plott and Smith (1978). This welfare metric effectively normalizes
across subjects for the different product offerings, since each individual faces the same set of
54 product offerings by design.

This standard logic has important implications. First, even if we assume an
individual is an EUT decision-maker, we need to know how risk averse she is to say if her
decision to take-up the product is the right one or not. The same point applies generally to
the case in which she is an RDU decision maker. Second, we need to know which type of risk
preferences best characterizes her, EUT or RDU in our analysis. It is easy to find examples
where we get the sign of the realized ECS wrong unless we know the type of decision-maker,
let alone the size of the realized ECS. Third, we see ECS numbers in dollars, reflecting the
equivalent variation in income from old-fashioned welfare economics. We can therefore
distinguish “small” welfare effects from “large” welfare effects for individuals, and compare
them over individuals. Thus we can identify which decisions are more important to target
with policy interventions.
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2.3 Welfare Consequences of Compound Risk

Simple numerical examples demonstrate the point that individual welfare can increase
or decrease with correlation between the index and the individual loss. In particular, the
type of risk preference plays a crucial role in determining the sign of the relationship
between the index correlation and welfare.

To provide concrete illustrations, assume utility follows a constant relative risk
aversion (CRRA) specification so that U(x) = x(1−r)

(1−r) , where x is the monetary outcome and
r 6= 1 is a parameter to be estimated. Thus r is the coefficient of CRRA under EUT, such
that r = 0 corresponds to risk neutrality, r < 0 to risk loving, and r > 0 to risk aversion.
Values between 0.3 and 0.7 are typical for our subjects.

Panel A in Figure 1 shows how the ECS varies for this index insurance product across
the risk parameter r, assuming the individual has EUT preferences. We assume an
endowment of $60, a loss amount of $35, and a loss probability of 0.2. When there is perfect
correlation and ρ = 1, so the outcome of the individual always matches the outcome of the
index, the ECS is larger if the individual is more risk averse. This follows from the fact that
more risk averse individuals are willing to pay more for insurance. This is a special case of
the index insurance contract, where there is no basis risk and the compound lottery
collapses into a simple indemnity contract. As correlation decreases, so the probability of
the outcome of the individual matching the index outcome decreases, the downside basis
risk causes the ECS to decrease. A sufficiently large decrease in correlation for this
insurance product results in negative ECS. This shows that the level of EUT risk
preferences of the individual, as measured by the utility parameter r, and the correlation,
can affect whether the individual’s decision to purchase insurance would result in an
expected welfare gain or loss, as stressed by Clarke (2016). The intuition is simple: for an
EUT individual with high enough risk aversion, a decrease in correlation between the index
and the individual loss is equivalent to an increase in risk, which translates in turn into
lower welfare for the individual. Rather than having an insurance product that reduces
variability of final outcomes for a fixed premium, the index insurance product increases
variability of final outcomes.

Panel B in Figure 1 shows how ECS varies as correlation decreases, but now assuming
an RDU decision-making model with a Power probability weighting function ω(p) = pγ and
the same CRRA utility function described above. This highly simplified example makes the
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point that people who care about probability weighting in an optimistic way can see their
welfare reduced by improvements in correlation between the index and the individual loss.
In this case γ 6= 1 is consistent with a deviation from the conventional EUT representation.
The probability weighting parameter γ spans our expected range of 0.7 to 1.3, and the
CRRA coefficient r is held constant at 0.6. Convexity of the probability weighting function,
with γ > 1, is said to reflect “pessimism” and generates, if one assumes a linear utility
function, a risk premium.10 The converse is true for γ < 1, and is said to reflect “optimism.”
When there is perfect correlation, ρ = 1, and the insurance purchase lottery collapses to a
two-outcome lottery, each with the same monetary outcome, since there is no chance of basis
risk. In this case the presence of optimism causes the ECS of purchasing insurance to be
lower, since the probability of no loss occurring is over-weighted, and this makes the
insurance non-purchase lottery more attractive.11 As the correlation decreases, this
optimism increases the impact of underweighting of the downside basis risk and
overweighting of the upside basis risk when purchasing insurance, which causes the expected
welfare gain of purchasing insurance to increase as correlation decreases for optimistic
individuals. Hence one can generate, under RDU, results that seem counterintuitive under
EUT: improved correlation reducing the demand for index insurance.12 The converse is true
for pessimistic individuals with γ > 1.

This added “lottery” feature of index insurance is lost when correlation increases and
approaches 1, and therefore individuals with optimistic probability weighting experience a
reduction in welfare. As the correlation ρ decreases, their optimism increases the impact of
underweighting of the downside basis risk as well as the impact of the overweighting of the
upside basis risk when purchasing insurance, which causes the expected welfare gain of
purchasing insurance. The converse is true for pessimistic individuals with γ > 1. The effect
of probability weighting is subtle, particularly for correlations less than 1, because then the
index insurance contract generates three distinct monetary outcomes, and rank-ordering
10With ω(p) < p ∀p, and the “RDU Expected Value” weighted by ω(p) instead of p, the “RDU

Expected Value” has to be less than the “EU Expected Value” weighted by p.
11Since the only two outcomes of the insurance-purchase lottery have the same monetary value when

ρ = 1, under RDU they receive the same decision weight since they have the same rank.
However, the only two outcomes of the no-purchase lottery have distinct values, with the no loss
outcome being the highest-ranked.

12Appendix A explores in more depth the subtle effects of allowing for probability weighting on the
demand for index insurance. Even within RDU, differences arise from the type of probability
weighting: globally concave or convex weighting can be quite different from locally concave and
locally convex weighting.
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Figure 1: Effect of Index Correlation, Risk Aversion, and
Probability Weighting on Expected Consumer Surplus

A. Expected Consumer Surplus Across EUT CRRA Coefficients

B. Expected Consumer Surplus Across Power Probability Weighting Parameter

Note: The horizontal axis represents the correlation between the index and the personal loss. The
vertical axis represents the ECS from insurance. Panel A presents the ECS as we vary the coefficient,
r, of CRRA under EUT. Panel B presents the ECS as we vary the probability weighting parameter,
γ, under RDU, with γ > 1 is said to reflect “pessimism” and γ < 1 is said to reflect “optimism.” In
Panel B we assume that the CRRA coefficient is r = 0.6.
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plays a critical role in evaluation of the purchase lottery.

As a matter of theoretical and policy analysis it is important to understand the
distinct possibility that higher correlation between the index and the individual loss can
decrease welfare. It should be important for those interested in providing index insurance if
there are potential buyers who perceive index insurance products as some sort of insurance
contract with an added lottery component that they value because they focus heavily on the
upside risk of the product.13 An additional point of comparison between EUT risk
preferences and RDU risk preferences can be seen from the difference in the quantitative
variability of ECS in Panel A of Figure 1 compared to Panel B. Although these specific
numerical results depend on the assumed parameter values, the qualitative results are more
general: probability weighting can significantly change the ECS from insurance, and in a
“first-order” manner compared to curvature of the utility function (e.g., see Hansen et al.
(2016)).

3 Experiment

Our experimental design has three essential tasks: one to elicit index insurance
choices under the compound risk representation of the contract (II), another task to elicit
index insurance choices under the single-stage, reduced form representation of index
insurance (AE), and a final risky lottery task in a non-insurance frame (RL).

3.1 Index Insurance with Compound Risk

For the insurance choices we are primarily interested in observing how the decisions
of subjects vary as the correlation varies across insurance choices, since a perfect correlation
corresponds to the traditional indemnity insurance product. We consider an endowment of
$60 (W ) for all choices. Table E.1 in Appendix E displays the choice settings provided to
each subject. Loss amounts (L) could be either $20 or $35. Loss probabilities (q) could be
13Alternatively, one could also emphasize this added lottery feature of the contract to help people

perceive the benefits for them of the index insurance contract. This would be the case for
individuals with optimistic probability weighting. Understanding if consumers display such risk
preferences should also be critical information for the cost-benefit analysis of policy-makers
deciding whether to invest in better technology for the index insurance product to improve the
correlation between the index and individual loss.
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either 0.1 or 0.2. Premium loadings on actuarially-fair premia (π) could be -30%, 0% or
+30%. We include negative loadings because index insurance premia are often subsidized.
Finally, the correlation (ρ) of the index event and the idiosyncratic loss event could be 1,
0.8, 0.6, 0.4, 0.2 and 0. For the loss probability of 0.1, we considered all variants of loss
amounts, correlations, and premium amounts. For the loss probability of 0.2 we considered
all variations of correlations and premium amounts for the loss amount of $35. Table E.1
also displays an implied index event probability, given the personal loss probability and
correlation.

Before subjects make their insurance purchase decisions they receive basic
instructions about the insurance. These instructions are presented in Appendix C. The
index insurance decisions are presented as shown in Figure 2.

Figure 2: Example Screen of Index Insurance Purchase Decision

There are some important components of the logic of this task and the interface. The
first is the use of the matching probability p, between the personal loss and the index loss.14

14One might have assumed that a simpler implementation would have been to specify a target
correlation of the two, and randomly generate a personal and index realization consistent with
that correlation. The logical difficulty is that one would need many such realizations in order for
the subject to “experience” the intended sample correlation and there would be some sample
standard error around the experienced average correlation, raising additional issues of compound
risk. Correlation is obviously a key actuarial parameter for this product. The method used here
allows us to induce specific values for the correlation, and indeed to vary that from choice to
choice.
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The second component of the task, and the interface, is the use of distinct colors for the
personal event (red and blue) and for the index (green and black). These colors are used to
illustrate the urns on the left, as well as to explain the payoffs on the right. To ensure
credibility of the random processes described, realizations were implemented by drawing
appropriately coloured chips from a bag.

A final component of this task is the clear display of the two possible outcomes if the
insurance is not purchased, and the four possible outcomes if the insurance is purchased.
The four outcomes translate into only three distinct payoffs, but that redundancy is, we
believe, valuable to fully convey the operation of the product.15

In the Index Insurance (II) treatment the probability of the index experiencing a
loss, and the probability of the personal outcome matching that of the index, are presented
separately to the subjects. The monetary outcomes are also presented based on the
outcomes of the index loss and personal event matching as separate events. Appendix C
displays a typical screenshot from this treatment, using an example from the instructions.

3.2 Index Insurance with Single-Stage Representation

In the Actuarially-Equivalent (AE) task, the display is literally identical to the
display for the II treatment, with the addition of “pie displays” showing the equivalent AE
lotteries implied. The instructions were the same as for the II treatment, but complemented
by extra information on the single-stage reduced form risk. The logic of the contract and
underlying risk is still explained in the same manner in the instructions for the II and AE
treatments, so the natural context remains the same as the II treatment.

All of the insurance choices came after the risk aversion task, and were presented in
random order.16 The average payoff per subject for the II and AE insurance task was
$57.88, with a standard deviation of $12.49.
15The only other experimental interface focused on index insurance that we are aware of was used in

artefactual field experiments in Peru by Carter et al. (2008). Their design and interface was
deliberately structured to mimic the field setting it was applied in, as a literacy treatment,
whereas ours is deliberately structured to be more abstract, to allow evaluation of theoretical
propositions. Each emphasis has a valid, and complementary, inferential role to play, as stressed
by Harrison and List (2004). Carter et al. (2008) do not report results of the use of their literacy
intervention.

16The insurance choices were programmed and conducted with the z-Tree software developed by
Fischbacher (2007).
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3.3 Risky Lottery Choices

For our main reference task to infer the risk preferences of individuals, we use a risky
lottery task where subjects are asked to make choices between 100 pairs of risky lotteries.
We choose this task because it is a standard task to elicit risk preferences in descriptive
contexts. In addition to its presentation of risk in a simple-risk form, we consider it to be
attractive because it allows us to structurally estimate risk preferences for both EUT and
non-EUT models, taking into account that even in these 100 choices individuals make
behavioural error that we account for.

The 100 pairs of lotteries that subjects were presented with were designed to provide
evidence of risk aversion as well as the tendency to make decisions consistently with EUT or
RDU models. The battery is based on designs from Loomes and Sugden (1998) to test the
Independence Axiom, designs from Harrison and Swarthout (2021) to evaluate Cumulative
Prospect Theory (CPT)17 models of risk preferences, designs from Harrison et al. (2015) to
test the ROCL axiom, and a series of lotteries that are actuarially-equivalent versions of
some of our index insurance choices. The typical interface used is shown in Appendix C.

Harrison et al. (2015) designed a battery to test for violations of the ROCL axiom
non-parametrically by making use of 20 lottery pairs in our risk battery. Each subject was
given 10 lottery choices between a simple lottery and a compound lottery, as well as 10
corresponding lottery choices between the same simple lottery and a simple lottery that was
actuarially-equivalent to that compound lottery. We count the number of pairs out of the 10
that each subject does not make these ROCL-consistent choices as a measure of the degree
to which each subject deviates from the ROCL axiom. 18

We also pose 10 lottery pairs that are actuarially-equivalent simple lotteries
corresponding to 10 of the index insurance choices explained below. The objective is to
present the “same” choices as the index insurance choices, but using the interface and
17Although we have risk lotteries that allow estimation of a model of CPT, we focus on the

implications of estimating risk preferences using EUT and RDU. One reason is that there is little
evidence of CPT behavior in this population, documented by Harrison and Swarthout (2021).
Another reason is that we want to focus on different issues concerning the type of risk preference:
whether one is an EUT or RDU decision-maker, and whether one obeys ROCL or not.

18This method of measuring compound risk preferences does not differentiate between
compound-loving or compound-risk aversion, and only measures if the lottery choice deviates
from ROCL or not. The compound lotteries are constructed by visually presenting two simple
lotteries, but having some “double or nothing” option for one of them: Tables E.2, E.3, and E.4
in Appendix E document these 20 lottery pairs.
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abstract framing of a risky lottery choice, and assuming away the need to employ ROCL.
The parameters for these lottery pairs are displayed in Table E.6 in Appendix E.

4 The Take-up and Welfare Results

4.1 Estimation of Risk Preferences

We start by displaying the classification of the risk preferences estimated on the RL
task of each individual in Figure B.2 in Appendix B, based on tests of the null hypothesis
that there is no probability weighting ω(p) = p and a 5% significance level for this test.
These estimates and hypothesis tests are undertaken for each subject. Just over 50% of the
subjects are classified as RDU with a Prelec (1998) probability-weighting function
ω(p) = exp(−η(− ln p)φ), defined for 0 < p ≤ 1, η > 0 and φ > 0.19 EUT is the next most
common model, reflecting the behavior of 44% of the subjects. The remaining subjects are
best characterized by RDU with a Power or an Inverse-S probability weighting function.

We classify a subject as being best characterized as having EUT or RDU risk
preferences, in order to make it clear that it is not just the level of risk aversion that
matters, but the type of risk preference that matters as well. This characterization is
operationalized by a subject needing to have RDU estimates that indicate statistically
significant evidence of probability weighting. We undertake a Wald test of the hypothesis
that the probability weighting parameters take on values that imply no probability
weighting. If we reject this null hypothesis of EUT risk preferences at the 5% significance
level, we characterize an individual as having RDU risk preferences.

However, we always use the estimated utility function from the preferred RDU
19When φ = 1 this function collapses to the Power function ω(p) = pη, and to EUT when η = φ = 1.

Many apply Proposition 1, part (B) of the Prelec (1998) function with constraint 0 < φ < 1,
which requires that the probability weighting function exhibit subproportionality (so-called
“inverse-S” weighting). Contrary to received wisdom, many individuals exhibit estimated
probability weighting functions that violate subproportionality, so we use the more general
specification from Proposition 1, part (C) of the Prelec (1998) function, only requiring φ > 0,
and letting the evidence determine if the estimated φ lies in the unit interval. This seemingly
minor point often makes a major difference empirically. In addition, one often finds applications
of the one-parameter Prelec (1998) function, on the grounds that it is “flexible” and only uses
one parameter. The additional flexibility over the Inverse-S probability weighting function is
real, but minimal compared to the full two-parameter function.
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estimates for every subject when numerically evaluating the ECS for each subject. Why do
this, if we have characterized an individual as EUT? The statistical reason is that those
subjects who are characterized as EUT by the test for “no probability weighting” still have
standard errors around the probability weighting parameters, and potentially large ones.20

And, perhaps surprisingly, these standard errors can make a substantive difference in
precisely the normative evaluations undertaken here.21 Hence there is no formal need to
differentiate EUT and RDU decision makers for these calculations, because EUT is nested
within RDU.

4.2 Insurance Purchase

In the treatment with compound risk (II) we observe that 59% of the decisions are
decisions to purchase the insurance, rather than not purchase the insurance. In the
treatment where subjects are also presented with the reduced form version of the risk (AE),
we observe an 8% reduction in the purchase rate, significant at the 1 percent level. Based on
the risk preferences we elicited from our subjects, as well as the actuarial parameters of the
insurance contracts on offer, take-up was only predicted to occur 21% of the time. This
alerts us to the fact that “excess purchase” likely generated welfare losses. To consider these
decisions more carefully we define decisions as “correct” if the subject made the choice to
purchase or not purchase the insurance product when it was predicted that they should,
based on the risk preferences we estimated for this subject. In other words, if the CE of the
ECS is positive when purchasing the insurance product, the correct decision is to purchase
it; if the CE of the ECS is negative when not purchasing the product, the correct decision is
not to purchase it.

In Figure 3 we display the overall distribution of predicted and actual insurance
choices. Out of 1153 choices predicted to be taken-up, 65% of choices (751 choices) were
correct take-up decisions and 35% of choices (402 choices) were “incorrect” non-take-up
decisions. Out of the 4301 choices where no take-up was predicted, 46% of choices (1920
choices) were correct non-take-up choices and 54% (2341 choices) were incorrect take-up
choices. If subjects were making the correct decision to purchase or not purchase, these 402
and 2341 observations would not have occurred. In other words, we infer that 2743 (=
20Indeed, larger standard errors makes it easier to not reject the null hypothesis.
21Monroe (2021) shows that they can make a difference to the analyses of full indemnity insurance

contracts by Harrison and Ng (2016), and our econometric approach follows theirs.
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402+2341) of the 5454 decisions, or just over 50%, are incorrect and generate a welfare loss,
with the majority of the incorrect decisions (85%=2341/(2341+402)) being take-up decisions
when the elicited risk preferences predicted no take-up.

Figure 3: Proportion of Actual Insurance Choices to Predicted Insurance Choices

Note: The panel on the left presents all the decisions where take-up was predicted based on the
preferences of respondents, while the panel on the right presents all the decisions where take-up was
not predicted based on the preferences of respondents. The green bars present the number of
decisions that were actually in line with predictions, i.e., take-up when take-up was predicted, and no
take-up when take-up was not predicted. The red bars present the number of decisions that were not
in line with predictions, i.e., no take-up when. take-up was predicted and take-up when no take-up
was predicted. In both panels the Fisher Exact Test 2-sided p-value of a difference in take-up is <
0.001.

Figure B.4 in Appendix B shows these decisions for the II and AE treatment
separately. There we observe that the share of the decisions where take-up is not predicted,
but actual decisions were take-up, is larger in the II treatment as compared to the AE
treatment. A simple comparison between the II and the AE treatment of the share of
incorrect take-up decisions when no take-up is predicted shows that there is a 4 percentage
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point higher likelihood of take-up in the II treatment as compared to the AE treatment
when take-up is not predicted.22

4.3 Consumer Surplus and Efficiency

The building block of our normative evaluation of welfare is the ECS gained or
foregone when an individual makes a decision to purchase or not purchase insurance. Our
treatment is between-subject, but every subject received exactly the same contracts in
actuarial terms. Hence we can exactly match subjects across treatments in terms of those
actuarial parameters, since each parameter is categorical. This allows us to use the
non-parametric treatment effects estimator, without imposing any functional form on the
outcome model or the treatment model, to see the average effect of the treatment on the
population sampled. The top panel of Figure 4 displays the distribution of ECS generated
by this treatment effect estimator. We find an average treatment effect of +$0.35 from the
AE treatment on ECS, with a one-sided p-value of 0.05.

Since we observe 56% of the decisions are to purchase the insurance contract, while
only 21% of all decisions should have been to purchase, we are alerted to poor decisions being
driven by excessive take-up. If we stratify choices by those that are worst and are below the
25th centile of ECS, we observe that 88% involved a purchase decision. Conversely, for those
choices that are best and are above the 75th centile of CS, we observe only 17% involving
purchase. These results are included in the first three columns of Table B.2 in Appendix B.

Our primary welfare measure for the individual is Efficiency defined over all 54
insurance choices. The bottom panel of Figure 4 displays the Efficiency distributions of the
II treatment and the AE treatment, without conditioning on anything other than the
treatment. Average Efficiency for the AE treatment is 49% and average Efficiency for the II
is 48%, and the distributions are statistically significantly different from each other. A
Kolmogorov-Smirnov test of equality of distributions shows that the Efficiency distribution
is significantly different with a p-value smaller than 0.01, and that the ECS distribution is
significantly different with a p-value of 0.07.
22For the AE treatment 1084/(1084+988)=52% of decisions are incorrect take-up decisions when no

take-up is predicted, while for the II treatment 1257/(1257+972)=56% of decisions are incorrect
take-up decisions when no take-up is predicted.
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Figure 4: ECS and Efficiency Distribution for the II and AE Treatments

Note: II refers to Index Insurance treatment and AE refers to Actuarial Equivalent treatment. The
number of subjects is 53 in the II treatment and 49 in the AE treatment. Each subject makes 54
decisions to purchase insurance or not. The Efficiency measure is calculated at the level of the
individual, the ECS measure at the level of the choice. The Average Treatment Effect (ATE) of the
AE treatment on ECS is calculated by exploiting the ability to exactly match the contract
specifications across treatments in a non-parametric manner. The p-values test the hypothesis that
the distributions for the II treatment are significantly different from the distributions in the AE
treatment.
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5 What Could Explain Welfare Losses?

5.1 Different Preferences Across Tasks?

An important question when using a reference task to evaluate welfare gains and
losses of decisions in a context under study is the extent to which we are confident that the
preferences in the reference task are a good prior for the normative evaluation of these
decisions. One might be concerned that the individual just applies different preferences
when making decisions over risky lotteries than when they are making insurance decisions.
To increase our confidence that the preferences in the RL task are appropriate we test the
extent to which the preferences that are elicited across tasks are different. To do so we
configure the insurance decisions in the AE and the II task into risky lotteries and pool the
data from the RL, AE, and II task. For this pooled data we then estimate the average
estimated utility function and probability weighting function over the three tasks, allowing
us to test if people apply different risk attitudes across tasks. We find that there are no
significant differences across the three tasks in terms of the average estimated utility
function, which has a risk aversion parameter of r = 0.71 shown by the red solid line in
Figure 5a.

Figure 5b shows the estimated probability weighting function for each of the three
tasks. The 45◦ navy line shows, as a reference, the probability weighting function under
EUT. The dashed green line presents the probability weighting function estimated from the
choices in the RL task and the choices in the AE task. Taking into account the statistical
imprecision of these estimates, the probability weighting function is not significantly
different between the RL and AE task, with individuals on average being slightly probability
optimistic. All these results are robust to controlling for covariates.

The fact that we do not find any significant differences between the RL and AE tasks,
despite the fact that both tasks consist of simple lotteries, where one is in a risky lottery
frame and the other in an insurance frame, provides support for an interpretation that
individuals do not apply different preferences when they make decisions over risky lotteries
or when they make insurance decisions. This increases our confidence that the risky lotteries
reference task is appropriate for normative evaluation of insurance decisions.
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Figure 5: Estimated Utility and Probability Weighting Function by Task

(a) Utility Function (b) Probability Weighting Function

Note: The red solid line in the left panel presents the average estimated utility function for the risky lottery (RL) task, the actuarially
equivalent (AE) task, and the index insurance (II) task, which is not significantly different across the tasks. The estimate risk aversion
parameter r is 0.71. The right panel presents the probability weighting function for those who are classified as EUT decision-makers by the
45◦ navy coloured line, and for those who are classified as RDU decision-makers by the dashed green line for the RL task and the AE task,
which are not significantly different, and for the II task by the dashed orange line. The average estimated probability weighting function in the
II task is significantly different from the average estimated probability weighting function in the AE task, and in the RL task.
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The estimated probability weighting function for the II task shows, however, a
completely different inverted-S shaped probability weighting function, that strongly
overweights probabilities below 0.5 and underweights probabilities above 0.5. This
significant difference in probability weighting between the II task on the one hand, and the
RL and AE tasks on the other hand, suggests that individuals pay great attention to the
best outcome of the index insurance (i.e., the upside risk) when the insurance is presented in
a compound risk manner, while paying much less attention to these extreme outcomes in the
reduced form presentation. These results provide support for an interpretation that the
specific nature of compound risk is driving welfare losses.

5.2 Violations of the ROCL axiom

Figure B.3 in Appendix B shows a histogram of the number of ROCL violations per
subject. About 20% of the subjects violate ROCL more than five times. We call these
subjects “serial ROCL killers” in the sense that they are observed to violate the ROCL
axiom more than half of the time in our set of ROCL tests.

Table B.4 in Appendix B shows that if we consider the effect of ROCL violations on
purchase decisions we observe that serial ROCL killers are significantly more likely to
purchase insurance, by about 14 percentage points compared to those who are not serial
ROCL killers. The effect appears to be substantially mitigated by the AE treatment which
causes the effect of serial ROCL killers to be 6 percentage points lower, but the effect is not
significant.

Now consider the effect of being a serial ROCL killer on the likelihood that subjects
make correct purchase or non-purchase decisions. We find that being a serial ROCL killer
significantly increases the likelihood, by 13 percentage points, that a decision where the
subject is predicted not to purchase insurance based on their risk preferences results in an
actual incorrect purchase decision.

Next we consider the role of ROCL violations on welfare. Table B.5 in Appendix B
shows that serial ROCL killers realise significantly lower welfare. The average Efficiency
that these serial ROCL killers achieve is 11 percentage points lower (p-value 0.05) than the
average Efficiency of others. In terms of ECS their average loss is -$1.19 (p-value 0.03).
There is no significant interaction effect on ECS or Efficiency of being a serial ROCL killer
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and assignment to the II or AE tasks.

However, if we take a closer look at the predicted marginal effect of the number of
ROCL violations on ECS for the II treatment and the AE treatment respectively, shown in
Figure 6, we observe that the number of ROCL violations has a significant non-linear effect
on ECS in the II task. In the AE task we control for ROCL by providing the subject, in
addition to the compound lottery, with a pie chart where we have multiplied the probabilities
for them and presented the compound risk in a single stage lottery. If the subject indeed
paid attention to the pie chart we would not expect, a priori, to see an effect of ROCL
violations on welfare. And we do not observe that effect of ROCL violations on welfare.

In general, over all decisions, EUT subjects made a decision to purchase 51% of the
time and RDU subjects made the same decision 60% of the time, and this difference is
statistically significant. But when we just look at the best decisions, EUT subjects only
made a decision to purchase 4% of the time, whereas RDU subjects made a decision to
purchase 27% of the time. These results are shows in Table B.3 in Appendix B. This points
to the importance of understanding the welfare significance of probability optimism in this
context and, in turn, viewing that optimism as normatively correct. We have assumed that
probability weighting by the individual should be respected as a normatively valid
component of their risk preferences. The reason is that a central focus of our case study of
II is the understanding that individuals have of the compound lotteries such contracts
entail. And there is evidence from Harrison et al. (2022) that subjects do not have perfect
literacy when asked about the implied contract.23

6 Conclusion

Welfare evaluation of choices based purely on directly revealed preferences will always
result in the conclusion that no decision can ever cause welfare losses. A recent literature has
taken a more sophisticated revealed preferences approach where a reference task is used to
elicit preferences that are subsequently used to normatively analyze the welfare consequences
23There are certainly settings in which one would not want to respect probability weighting as

normatively attractive. Harrison and Ross (2017, p.159) argue that “when RDU is the standard
then, in the absence of evidence-based rationalization of the agent’s probability pessimism, the
economist should expect that correction by reference to EUT would be welfare improving, ceteris
paribus.” In that case one would simply replace the inferred risk preferences for individuals that
allows RDU with preferences that constrain the risk preferences to be those implied by EUT.
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Figure 6: Predicted Marginal Effect of ROCL Violations on Expected Consumer
Surplus for the II and AE Treatment

Notes: Predicted margins with 90% confidence intervals. The panels present individual random
effects regressions on consumer surplus of the quadratic of ROCL violations, controlling for subject
characteristics and actuarial characteristics. The left panel presents the predicted marginal effect of
ROCL violations on consumer surplus for subjects that participated in Index Insurance (II) task and
the right panel presents the predicted marginal effect of ROCL violations on consumer surplus for
subjects that participated in the Actuarial Equivalent (AE) task. We created a categorical variable of
the number of ROCL violations because of the low number of observations at the lower and higher
tails of the distribution of ROCL violations. Each category now represents at least 20% of the
observations: “<3” (22.55%), “3” (21.57%), “4 or 5” (36.27%), and “>5” (19.60%). Each marker
represents the predicted marginal effect and the bar the 90% confidence interval. Subject
characteristics are subject’s age, the number of people living in the household, money spent on each
day on a card or in cash, and whether the subject is female, black, owns a business, is single, has a
full-time or part-time job, and is Christian. Actuarial variables are personal loss probability, loss
amount, fractional loading, and the correlation of index and personal loss. There are 48 subjects
who, together, made 2,592 insurance purchase decisions in the AE treatment and 53 subjects who,
together, made 2,862 insurance purchase decisions in the II treatment. Standard errors in all
regressions are clustered at the individual level.
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of decisions under study. However, how do we know if those revealed preferences in the
reference task, even if by the very same agent, are appropriate for normative application to
the choices under study? The answer is that we don’t know, since these are only ever priors
over those appropriate preferences for normative evaluation. The rejection of direct revealed
preferences as a useful measure for the welfare of decisions under study logically implies that
the appropriate preferences in the decisions under study will remain to be specified by the
researcher pr policy-maker as a prior belief. Therefore we can never establish if a reference
task for normative evaluation is correct or not, and we have to limit ourselves to discussions
about better or worse priors, such as the descriptive analysis of potential framing effects we
conducted. We maintain that the alternative that is typically used as a prior for normative
evaluation, using directly revealed preferences, is unlikely to be a stronger prior than the use
of the best descriptive models of preferences and beliefs if one want to allow for the
possibility of welfare losses, even though we recognize that these remain imperfect.

We can illustrate this point by considering the policy puzzle that index insurance
poses. Index insurance is often seen as a promise to allow large-scale risk management
instruments to be made available to poor, underserved populations. And it promises to
allow global risk management for climate change risks or pandemics, which can be
correlated to verifiable climate or health indices. And index insurance allows predictive
insurance, where the current thresholds of indices are correlated with future idiosyncratic
losses, allowing efficient ex ante mitigation (Clarke and Dercon, 2016). However, index
insurance is a complex financial product, both in terms of understanding of the product by a
potential consumer, as well as in terms of the behavioural dimensions that matter for
understanding its welfare implications. Evaluations of the product, and other financial
products for that matter, therefore require welfare evaluations that recognise that a decision
to purchase the product may be a decision that is welfare-reducing relative to the
individuals preferences and beliefs.

Our results demonstrate that there are two general behavioural impediments to index
insurance contracts providing opportunities for individual welfare improvement. The first is
the processing of the compound risk inherent in index-based contracts. Although this
behavioural impediment is significantly mitigated by information that makes the compound
risk understandable, it does not remove it entirely. The second behavioural impediment is a
propensity for some identifiable individuals to be too willing to purchase the insurance
product.
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A The Effects of Probability Weighting (NOT

FOR PUBLICATION)

When probability weighting makes decision-makers globally optimistic or pessimistic
for all probabilities, as is the case with the Power probability weighting function, the effects
are relatively straightforward. Particularly interesting complications arise, however, when
probability weighting allows for locally optimistic and locally pessimistic behavior towards
different probabilities.

Figure A.1 shows how the CS is affected if we vary the parameter of an Inverse-S
probability weighting function ω(p) = pγ/(pγ + (1− p)γ)1/γ for an RDU decision-making
model while decreasing the correlation σ. This function exhibits inverse-S probability
weighting (optimism for small p, and pessimism for large p) for γ < 1, and S-shaped
probability weighting (pessimism for small p, and optimism for large p) for γ > 1. Once
again the probability weighting parameter γ spans our expected typical range of 0.7 to 1.3,
and the CRRA coefficient r is held constant at 0.6. A smaller γ < 1 reflects an
overweighting of the probabilities of extreme outcomes, while a larger γ > 1 reflects an
underweighting of the probabilities of extreme outcomes.

Figure A.2 shows the effect of γ = 1.4 > 1 on decision weights in the case that
concerns us. When no insurance is purchased there are just two outcomes. When correlation
is anything less than 100%, the Index Insurance contract with full indemnity has three
rank-ordered monetary outcomes: the “carrot” of no loss but a payout from the index, initial
wealth minus the premium when the index matches the loss outcome (whether it is good or
bad), and the “stick” of a loss but no payout from the index. In the right panel of Figure A.2
we assume equi-probable 2-outcome lotteries or 3-outcome lotteries, to show the pure effect
of probability weighting. From Figure A.2 we see that the effect of S-shaped probability
weighting, ceteris paribus the effect from U ′′ < 0, is to make the decision maker risk averse
with respect to the implied lottery when deciding not to purchase insurance. The worst
outcome, a loss, is given greater weight, and the best outcome, no loss, is given less weight.
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Figure A.1: Consumer Surplus Across Inverse-S Probability Weighting Parameter
(r=0.6)

Figure A.2 tells a more nuanced story when it comes to the implied lottery when
deciding to purchase index insurance. The intermediate outcome, when the index matches
the loss outcome, is given greater weight because of probability weighting. The worst
outcome is given slightly smaller weight, in this case almost imperceptibly smaller. But the
best outcome, the carrot of index insurance, is given much lower weight. This is due to the
general over-weighting of extremes noted above, but highlights the asymmetric weighting of
extremes in this instance.24 Hence we have what we call a “rotten carrot” effect from
probability weighting: the lure of the good extreme outcome from basis risk is given less
weight than it should have from the actuarial probabilities alone, and is also given less
weight in a proportional sense than the curse of the bad extreme outcome from basis risk.
Both effects of probability weighting serve to make the index insurance contract less
attractive to somebody with these risk preferences, irrespective of the effects from U ′′ < 0.
It is quite possible, even with low aversion to extremes from U ′′, that the effect of
probability weighting is to make the index insurance contract less attractive than facing the
loss uninsured. And we know from Clarke (2016) that if there is also high enough aversion
to extremes from U ′′, that the index contract could already be less attractive than being
uninsured.

Figures A.3 and A.4 draw an important policy implication from these observations.
24To some extent this asymmetry is an artefact of the Inverse-S functional form, which can only have

a fixed point at 2
3 when γ > 1. In more general functional forms, which we employ, one can have

S-shaped probability weighting with fixed points below 0.5, reversing this particular asymmetry.
We only use the familiar Inverse-S function for exposition.
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Figure A.2: The Rotten Carrot Effect from S-Shaped Probability Weighting and
Implied Decision Weights

Notes: Decision weights based on equi-probable reference lotteries, with probabilities 0.5 for the
2-outcome case annd 0.33 for the 3-outcome case in light grey.
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Figure A.3: Healthy and Rotten Carrot Effects

Note: Marginal effect of the matching probability, conditional on the loss probability, on the
probability of choosing the Index Insurance contract. Simulations assuming different RDU risk
preferences, a relatively high (low) loss of $35 ($20) from a $60 endowment, and parameters of the
contrract in the experiment
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In each case we consider the marginal effect on the probability of purchasing the index
insurance contract as the correlation between the idiosyncratic loss outcome and the index
outcome goes up. Enhancing this correlation is widely viewed as desirable from the
perspective of making the index insurance contract more attractive, and considerable
research is underway to employ remote-sensing technologies to complement local indices: for
example, see Leeuw et al. (2014) and Chantarat et al. (2013). Figure A.3 confirms that such
efforts will indeed enhance the attractiveness of the product if risk preferences are
characterized by EUT. But it also shows that there are circumstances where such efforts will
reduce the attractiveness of the product for certain RDU risk preferences. Specifically,
Figure A.4 shows that the type of RDU preferences that lead to this “rotten carrot” effect
are those displayed in Figure A.2, and only when the idiosyncratic loss probability is low.

Figure A.4: The Rotten Carrot Effect with RDU Risk Preferences

Note: Marginal effect of the matching probability, conditional on the loss probability, on the
probability of choosing the Index Insurance contract. Simulations assuming different RDU risk
preferences, a relatively high (low) loss of $35 ($20) from a $60 endowment, and parameters of the
contrract in the experiment

What is the intuition for this counter-intuitive result? Building on the earlier
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explanation of the effect of S-shaped probability weighting on the three monetary outcomes
under the index insurance contract, we expect less weight on the carrot outcome, relatively
less weight on the carrot outcome than the stick outcome, and greater weight on the
intermediate outcome. When the idiosyncratic loss probability is low, the complementary
probability of no idiosyncratic loss is high, and this means that the carrot gets has greater
actuarial probability since it is one of the compound outcomes that depends on this
complementary probability. Thus the effect of probability weighting, to proportionately
reduce this actuarial probability of the carrot outcome, has more (negative) impact on the
overall evaluation of the lottery induced by purchasing the index insurance contract. When
the loss probability gets large enough, as shown most clearly in Figure 7, this
complementary probability gets smaller, hence the actuarial probability of the carrot
outcome gets smaller, and hence the rotten carrot effect does not affect the overall
evaluation of the lottery induced by purchasing the index insurance contract as much.

The bottom line is that one needs to know the level of risk aversion, the risk
premium, under both EUT and RDU, to know if the index insurance product is attractive
to purchase. But one also has to know the type of risk preference, in order to determine how
much of the given risk premium derives from U ′′ or the effect of probability weighting.
Absent these two types of information, and one cannot say a priori whether take-up of a
given index insurance product is welfare-enhancing for the individual.
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B Additional Figures and Tables (NOT FOR

PUBLICATION)

Figure B.1: Decision Tree for Index Insurance Product

Note: This figure displays the decision tree and subsequent earnings for an index insurance product
purchase assuming an endowment of $60, a potential personal loss of $39, and a premium of $11 to
purchase insurance to protect against that loss if the index matches.
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Table B.1: Covariate Means and Balance

All
(1)

II
(2)

AE
(3)

t-statistic
(4)

Female 0.56 0.53 0.59 -0.64
Age in years 21.70 22.06 21.35 0.96
African American 0.82 0.85 0.80 0.70
Business major 0.17 0.28 0.27 0.20
Not married 0.98 1.00 0.96 1.49
Number of household members 2.85 2.87 2.84 0.09
Working 0.75 0.70 0.80 -1.13
High GPA 0.13 0.15 0.10 0.73
Has insurance 0.47 0.43 0.51 -0.77
Money spent in a day in USD 16.4 16.2 16.6 -0.18
Christian 0.73 0.75 0.69 0.68
RDU (versus EUT) 0.56 0.51 0.61 -1.05
Observations 102 53 49

Note: The first column presents the means in the full sample, the second column the mean of
subjects in the II treatment, the third column the mean of subjects in the AE treatment, and the
fourth column the t-statistic of regressions of the effect of treatment status on the characteristics of
the subject. All variables are binary unless otherwise indicated. “High GPA” represents a GPA score
of 5 or 6.

Table B.2: Predictors of Purchase for the Best and Worst Decisions

(1) (2) (3) (4) (5) (6)
All Worst 25% Best 25% All Worst 25% Best 25%

Constant 0.563*** 0.882*** 0.169***
(0.026) (0.021) (0.020)

Personal Loss Probability 0.007 -0.004 -0.011
(0.013) (0.011) (0.013)

Loss Amount -0.020 -0.012 -0.009
(0.018) (0.014) (0.014)

Fractional Loading -0.007 0.187*** -0.215***
(0.016) (0.027) (0.029)

Correlation of Index and Personal Loss -0.014 -0.218*** 0.255***
(0.016) (0.029) (0.045)

Controls X X X X X X

Observations 5454 1377 1377 5454 1377 1377
Subjects 101 97 97 101 97 97

Notes: All regressions are panel regressions of Purchase at the level of decisions, with individual random effects where
we control for the subject’s characteristics and actuarial variables. Subject characteristics are subject’s age, the number
of people living in the household, money spent on each day on a card or in cash, and whether the subject is female,
black, owns a business, is single, has a full-time or part-time job, and is Christian. Actuarial variables are personal loss
probability, loss amount, fractional loading, and the correlation of index and personal loss. Standard errors (in
parentheses) are clustered at the session level. Significance levels p < 0.10∗, p < 0.05∗∗, p < 0.01∗∗∗
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Figure B.2: Classifying Subjects as EUT or RDU

Note: N=102. The left panel shows the distribution of p-values of the test that there is no
probability weighting, ω(p) = p. The red solid lines present the 1%, 5%, and 10% significance levels.
The right panel presents the classification of subjects to the EUT and RDU models. These estimates
and hypothesis tests are undertaken for each subject.
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Figure B.3: Violations of Reduction of Compound Lotteries Axiom

Note: “Violations of ROCL” measures the number of times, out of 10, that each subject changes
their binary preferences in choices over pairs of lottery choices in which the compound lottery is
replaced with the actuarially-equivalent simple lottery.
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Figure B.4: Proportion of Actual Choices to Predicted Insurance Choices

Note: The panels on the left presents all the decisions where take-up was predicted based on the
preferences of respondents, while the panels on the right presents all the decisions where take-up was
not predicted based on the preferences of respondents. The green bars present the number of
decisions that were actually in line with predictions, i.e., take-up when take-up was predicted, and no
take-up when take-up was not predicted. The red bars present the number of decisions that were not
in line with predictions, i.e., no take-up when. take-up was predicted and take-up when no take-up
was predicted. In all panels the Fisher Exact Test 2-sided p-value of a difference in take-up is < 0.001.
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Table B.3: Purchase by Type of Risk Preference

(1) (2) (3) (4) (5) (6)
EUT RDU All EUT RDU All

Best 25% Best 25% Best 25%

Constant 0.512*** 0.602*** 0.040** 0.269**
(0.036) (0.035) (0.018) (0.116)

RDU (versus EUT) 0.085* 0.233***
(0.051) (0.051)

Controls X X

Observations 2430 3024 5454 650 727 1377
Subjects 45 56 101 42 55 97

Notes: All regressions are panel regressions of Purchase at the level of decisions, with individual random effects where
we control for the subject’s characteristics and actuarial variables. Subject characteristics are subject’s age, the number
of people living in the household, money spent on each day on a card or in cash, and whether the subject is female,
black, owns a business, is single, has a full-time or part-time job, and is Christian. Actuarial variables are personal loss
probability, loss amount, fractional loading, and the correlation of index and personal loss. Standard errors (in
parentheses) are clustered at the session level. Significance levels p < 0.10∗, p < 0.05∗∗, p < 0.01∗∗∗

Table B.4: ROCL Violations and Purchase

(1) (2) (3) (4) (5) (6)
ROCL killer 0.143*** 0.143*** 0.112 0.112

(0.057) (0.052) (0.079) (0.070)
II (vs. AE) 0.018 0.018 0.001 0.001

(0.051) (0.047) (0.059) (0.053)
ROCL killer×II (vs. AE) 0.062 0.062

(0.110) (0.100)
Controls 3 3 3 3 3 3

Individual f.e.’s 3 3 3 3 3 3

No. of decisions 5454 5454 5454 5454 5454 5454
No. of subjects 101 101 101 101 101 101
Post-estimation 0.174** 0.174**
ROCL killer×II (vs. AE) (0.080) (0.075)

Notes: “ROCL killers” is coded as 1 if the subject violated ROCL in more than half of the 10 decisions that were
designed to test ROCL violation and 0 otherwise. Columns 1-3 are panel regressions of Consumer Surplus at the level
of decisions, with individual random effects where we control for the subject’s characteristics and actuarial variables.
Columns 4-6 are Beta regressions of Efficiency at the level of the individual where we contol for the subject’s
characteristics and actuarial variables. Subject characteristics are subject’s age, the number of people living in the
household, money spent on each day on a card or in cash, and whether the subject is female, black, owns a business, is
single, has a full-time or part-time job, and is Christian. Actuarial variables are personal loss probability, loss amount,
fractional loading, and the correlation of index and personal loss. Standard errors (in parentheses) are clustered at the
session level. Significance levels p < 0.10∗, p < 0.05∗∗, p < 0.01∗∗∗
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Table B.5: ROCL Violations, Consumer Surplus and Efficiency

(1) (2) (3) (4) (5) (6)
CS CS CS Eff. Eff. Eff.

ROCL killer -1.187* -1.187** -1.262* -0.109** -0.109* -0.292
(0.628) (0.561) (0.764) (0.052) (0.055) (0.274)

II (vs. AE) 0.014 0.069
(0.599) (0.208)

ROCL killer×II (vs. AE) 0.151 -0.295
(1.158) (0.447)

Controls 3 3 3 3 3 3

Individual f.e.’s 3 3 3

No. of decisions 5454 5454 5454
No. of subjects 98 98 98 98 98 98

Notes: “ROCL killers” is coded as 1 if the subject violated ROCL in more than half of the 10 decisions that were
designed to test ROCL violation and 0 otherwise. Columns 1-3 are panel regressions of Consumer Surplus at the level
of decisions, with individual random effects where we control for the subject’s characteristics and actuarial variables.
Columns 4-6 are Beta regressions of Efficiency at the level of the individual where we contol for the subject’s
characteristics and actuarial variables. Subject characteristics are subject’s age, the number of people living in the
household, money spent on each day on a card or in cash, and whether the subject is female, black, owns a business, is
single, has a full-time or part-time job, and is Christian. Actuarial variables are personal loss probability, loss amount,
fractional loading, and the correlation of index and personal loss. Standard errors (in parentheses) are clustered at the
session level. Significance levels p < 0.10∗, p < 0.05∗∗, p < 0.01∗∗∗
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C Instructions (NOT FOR PUBLICATION)

Risk Preferences Elicitation

Choices Over Risky Prospects

This is a task where you will choose between prospects with varying prizes and
chances of winning each prize. You will be presented with a series of pairs of prospects
where you will choose one of them. For each pair of prospects, you should choose the
prospect you prefer. You will actually get the chance to play one of these prospects for
earnings, and you will be paid according to the outcome of that prospect, so you should
think carefully about which prospect you prefer on each decision screen.

Here is an example of what the computer display of such a pair of prospects will look
like.
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Figure C.1

The outcome of the prospects will be determined by the draw of a random number
between 1 and 100. Each number between, and including, 1 and 100 is equally likely to
occur. In fact, you will be able to draw the number yourself using two 10-sided dice.

You might be told your cash endowment for each decision at the top of the screen. In
this example it is $35, so any earnings would be added to or subtracted from this
endowment. The endowment may change from choice to choice, so be sure to pay attention
to it. The endowment you are shown only applies for that choice.

In this example the left prospect pays twenty-five dollars ($25) if the number drawn is
between 1 and 5, pays negative five dollars ($-5) if the number is between 6 and 55, and
pays negative thirty-five dollars ($-35) if the number is between 56 and 100. The blue color
in the pie chart corresponds to 5% of the area and illustrates the chances that the number
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drawn will be between 1 and 5 and your prize will be $25. The orange area in the pie chart
corresponds to 50% of the area and illustrates the chances that the number drawn will be
between 6 and 55 and your prize will be $-5. The green area in the pie chart corresponds to
45% of the area and illustrates the chances that the number drawn will be between 56 and
100. When you select the decision screen to be played out the computer will confirm the die
rolls that correspond to the different prizes.

Now look at the pie on the right. It pays twenty-five dollars ($25) if the number
drawn is between 1 and 15, negative five dollars ($-5) if the number is between 16 and 25,
and negative thirty-five dollars ($-35) if the number is between 26 and 100. As with the
prospect on the left, the pie slices represent the fraction of the possible numbers which yield
each payoff. For example, the size of the $25 pie slice is 15% of the total pie.

Even though the screen says that you might win a negative amount, this is actually a
loss to be deducted from your endowment. So if you win $-5, your earnings would be $30 =
$35 - $5.

Each pair of prospects is shown on a separate screen on the computer. On each
screen, you should indicate which prospect you prefer to play by clicking on one of the
buttons beneath the prospects.

Some decision screens could also have a pair of prospects in which one of the
prospects will give you the chance for “Double or Nothing.” For instance, the right prospect
in this screen image pays “Double or Nothing” if the Green area is selected, which happens
if the number drawn is between 51 and 100. The right pie chart indicates that if the number
is between 1 and 50 you get $10. However, if the number is between 51 and 100 we will flip
a coin with you to determine if you get either double the amount or $0. In this example, if it
comes up Heads you get $40, otherwise you get nothing. The prizes listed underneath each
pie refer to the amounts before any “Double or Nothing” coin toss.
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Figure C.2

After you have worked through all of the pairs of prospects, please wait quietly until
further instructions. When it is time to play this task out for earnings, you will then roll
two 10-sided dice until a number comes up to determine which pair of prospects will be
played out. If there are 40 pairs we will roll the dice until a number between 1 and 40 comes
up, if there are 80 pairs we will roll until a number between 1 and 80 comes up, and so on.
Since there is a chance that any of your choices could be played out for real, you should
approach each pair of prospects as if it is the one that you will play out. Finally, you will
roll the two ten-sided dice to determine the outcome of the prospect you chose, and if
necessary we will then toss a coin to determine if you get “Double or Nothing.”

Here is an example: suppose your first roll was 81. We would then pull up the 81st
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decision that you made and look at which prospect you chose – either the left one or the
right one. Let’s say that the 81st lottery was the same as the last example, and you chose
the left prospect. If the random number from your second roll was 37, you would win $0; if
it was 93, you would get $20.

If you picked the prospect on the right and drew the number 37, you would get $10; if
it was 93, we would have to toss a coin to determine if you get “Double or Nothing.” If the
coin comes up Heads then you would get $40. However, if it comes up Tails you would get
nothing from your chosen prospect.

It is also possible that you will be given a prospect in which there is a “Double or
Nothing” option no matter what the outcome of the random number. This screen image
illustrates this possibility.

Figure C.3
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In summary, your payoff is determined by five things:

1. by your endowment, if there is one, shown at the top of the screen;

2. by which prospect you selected, the left or the right, for each of these pairs;

3. by which prospect pair is chosen to be played out in the series of pairs using the two
10-sided dice;

4. by the outcome of that prospect when you roll the two 10-sided dice; and

5. by the outcome of a coin toss if the chosen prospect outcome is of the “Double or
Nothing” type.

Which prospects you prefer is a matter of personal choice. The people next to you
may be presented with different prospects, and may have different preferences, so their
responses should not matter to you or influence your decisions. Please work silently, and
make your choices by thinking carefully about each prospect.

All payoffs are in cash, and are in addition to the $5 show-up fee that you receive just
for being here, as well as any other earnings in other tasks from the session today.

II treatment

Choices Over Insurance Prospects

In this task you will make choices about whether to insure against possible monetary
loss. In each choice you will start out with an initial amount of money and, in the event of a
loss, the loss amount will be taken from this initial stake. In each choice you will have the
option to buy insurance to protect you against the possible loss, although you are not
required to buy the insurance.

You will make 54 choices in this task. You will actually get the chance to play one of
the choices you make, and you will be paid in cash according to the outcome of that choice.
So you should think carefully about how much each insurance choice is worth to you.

Each choice has two random events: a Personal Event and an Index Event. Each
event has two possible outcomes: Good or Bad. If the Personal Event outcome is Bad, then
you will suffer a loss. Before you know the outcome of the Personal Event, you must decide
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whether to purchase insurance against this possible loss. However, the insurance only pays a
claim if the Index Event outcome is Bad.

If you do not purchase insurance, then only the outcome of the Personal Event will
decide your earnings:

If you do purchase insurance, it is important for you to understand that an insurance
claim is not paid according to whether you actually suffer a loss. Instead, an insurance claim
is paid only according to the Index Event. Both events will decide your earnings:

So there are four possible outcomes if you purchase insurance. You might suffer a loss
and receive an insurance claim payment. Or you might suffer a loss but not receive an
insurance claim payment. You might not suffer a loss and also receive no insurance claim
payment. Finally, you might receive an insurance claim payment even when you do not
suffer a loss.

Each event is determined by randomly drawing a colored chip from a bag. In general,
each draw will involve two colors, and each decision you make will involve different amounts
and mixtures of two colors. When making each decision, you will know the exact amounts
and mixtures of colored chips associated with the decision. After you have decided whether
or not to purchase insurance, the two events will be determined as follows.

First, the Personal Event will be determined with blue and red chips.

• If you draw a blue chip, then the Personal Event outcome is Good and you do not
suffer a loss.
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• If you draw a red chip, then the Personal Event outcome is Bad and you suffer a loss.

Next, if you purchased insurance, the Index Event will be determined with green and
black chips.

• If you draw a green chip, then the Index Event outcome Matches the Personal Event
outcome

• If you draw a black chip, then the Index event outcome Differs from the Personal
Event outcome

Here is an example of what your decision would look like on the computer screen.
The display on your screen will be bigger and easier to read.

Figure C.4

In this example you start out with an initial stake of $75. If the outcome of the
Personal Event is Bad you will lose $45, and if the outcome of the Personal Event is Good
you will not lose any money. If you faced the choice in this example and chose to purchase
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insurance, you would pay $5.75 from your initial stake. You would pay this $5.75 before you
drew any chips, so you would pay it regardless of the outcomes of your draws.

You will be drawing colored chips from bags to determine the outcomes of both
events. First, you will draw a chip to determine the Personal Event outcome. The image on
the left shows that there is a 10% chance that the Personal Event outcome is Bad, and a
90% chance that the Personal Event outcome is Good. This means there will be 9 blue chips
and 1 red chip in a bag, and the color of the chip you randomly draw from the bag
represents the outcome of the Personal Event. If a blue chip is drawn, the Personal Event
outcome is Good, and if a red chip is drawn the Personal Event outcome is Bad.

Next, you will draw a chip to determine the Index Event outcome. There is an 80%
chance that the Index Event outcome Matches the Personal Event outcome and a 20%
chance that the Index Event outcome Differs from the Personal Event outcome. This means
there will be 8 green chips and 2 black chips in a bag. If a green chip is drawn the Index
Event outcome Matches the Personal Event outcome, and if a black chip is drawn the Index
Event outcome Differs from the Personal Event outcome.

The possible outcomes if you choose not to purchase insurance are therefore as follows:

• If a red chip is drawn from the Personal bag your Personal Event outcome is Bad.
You will lose $45 and be left with $30.

• If a blue chip is drawn from the Personal bag your Personal Event outcome is Good.
You will lose nothing and be left with $75.

You can choose to purchase insurance, which will cost you $5.75, and if you chose to
purchase insurance you would pay this $5.75 regardless of the outcomes of your draws. The
possible outcomes if you choose to purchase insurance are therefore as follows:
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• If a red chip is drawn from the Personal bag and a green chip from the Index bag, you
will lose $45 but the insurance claim payment will cover the loss. You will keep $69.25.

• If a red chip is drawn from the Personal bag and a black chip from the Index bag, you
will lose $45 but you will not receive an insurance claim payment from insurance. You
will keep $24.25.

• If a blue chip is drawn from the Personal bag and a green chip from the Index bag,
you will not lose any money. You will keep $69.25.

• If a blue chip is drawn from the Personal bag and a black chip from the Index bag,
you will not lose any money, but you receive a claim payment from insurance. You
will keep $114.25.

You will indicate your choice to purchase, or not purchase, the insurance by clicking
on your preferred option on the computer screen.

There are 54 decisions like this one to be made, each shown on a separate screen on
the computer. Each decision might have different chances for the Personal Event outcome,
the Index Event outcome, the initial stake, or the cost of insurance, so pay attention to each
screen. After you have worked through all of the insurance decisions, please wait in your
seat and an experimenter will come to you. You will then roll two 10-sided dice to determine
which insurance decision will be played out. Since there are only 54 decisions, you will keep
rolling the dice until a number between 1 and 54 comes up. There is an equal chance that
any of your 54 choices will be selected, so you should approach each decision as if it is the
one that you will actually play out to determine your payoff. Once the decision to play out
is selected, you will draw chips from the Index bag and the Personal bag to determine the
outcome.

In summary:

• You will decide whether or not to purchase insurance in each of the 54 scenarios.

• One of your decisions will be randomly selected to be played for cash.

• You will suffer the specified monetary loss only if the Personal Event outcome is Bad.

• If you purchase insurance, it will pay a claim payment only if the Index Event
outcome is Bad. This can happen in two ways:
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1. Your Index draw Matches a bad Personal Event outcome;

2. Your Index draw Differs from a good Personal Event outcome.

Whether or not you prefer to buy the insurance is a matter of personal taste. You
may choose to buy insurance on some or all of your 54 choices, or none of the choices. The
people next to you may be presented with different choices, insurance prices, and may have
different preferences, so their responses should not matter to you. Please work silently, and
make your choices by thinking carefully about each prospect.

Your payoff from this task is in cash and is in addition to the show-up payment that
you receive just for being here, as well as any other earnings in other tasks. If you have a
question, raise your hand and someone will come over and answer it.

AE treatment

Choices Over Insurance Prospects

In this task you will make choices about whether to insure against possible monetary loss.
In each choice you will start out with an initial amount of money and, in the event of a loss,
the loss amount will be taken from this initial stake. In each choice you will have the option
to buy insurance to protect you against the possible loss, although you are not required to
buy the insurance.

You will make 54 choices in this task. You will actually get the chance to play one of
the choices you make, and you will be paid in cash according to the outcome of that choice.
So you should think carefully about how much each insurance choice is worth to you.

Each choice has two random events: a Personal Event and an Index Event. Each
event has two possible outcomes: Good or Bad. If the Personal Event outcome is Bad, then
you will suffer a loss. Before you know the outcome of the Personal Event, you must decide
whether to purchase insurance against this possible loss. However, the insurance only pays a
claim if the Index Event outcome is Bad.

If you do not purchase insurance, then only the outcome of the Personal Event will
decide your earnings:
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If you do purchase insurance, it is important for you to understand that an insurance
claim is not paid according to whether you actually suffer a loss. Instead, an insurance claim
is is paid only according to the Index Event. Both events will decide your earnings:

So there are four possible outcomes if you purchase insurance. You might suffer a loss
and receive an insurance claim payment . Or you might suffer a loss but not receive an
insurance claim payment . You might not suffer a loss and also receive no insurance claim
payment. Finally, you might receive a claim payment even when you do not suffer a loss.

Each event is determined by randomly drawing a colored chip from a bag. In general,
each draw will involve two colors, and each decision you make will involve different amounts
and mixtures of two colors. When making each decision, you will know the exact amounts
and mixtures of colored chips associated with the decision. After you have decided whether
or not to purchase insurance, the two events will be determined as follows.

First, the Personal Event will be determined with blue and red chips.

• If you draw a blue chip, then the Personal Event outcome is Good and you do not
suffer a loss.

• If you draw a red chip, then the Personal Event outcome is Bad and you suffer a loss.

Next, if you purchased insurance, the Index Event will be determined with green and
black chips.

• If you draw a green chip, then the Index Event outcome Matches the Personal Event
outcome
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• If you draw a black chip, then the Index event outcome Differs from the Personal
Event outcome

Here is an example of what your decision would look like on the computer screen.
The display on your screen will be bigger and easier to read.

Figure C.5

In this example you start out with an initial stake of $75. If the outcome of the
Personal Event is Bad you will lose $45, and if the outcome of the Personal Event is Good
you will not lose any money. If you faced the choice in this example and chose to purchase
insurance, you would pay $5.75 from your initial stake. You would pay this $5.75 before you
drew any chips, so you would pay it regardless of the outcomes of your draws.

You will be drawing colored chips from bags to determine the outcomes of both
events. First, you will draw a chip to determine the Personal Event outcome. The image on
the left shows that there is a 10% chance that the Personal Event outcome is Bad, and a
90% chance that the Personal Event outcome is Good. This means there will be 9 blue chips
and 1 red chip in a bag, and the color of the chip you randomly draw from the bag
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represents the outcome of the Personal Event. If a blue chip is drawn, the Personal Event
outcome is Good, and if a red chip is drawn the Personal Event outcome is Bad.

Next, you will draw a chip to determine the Index Event outcome. There is an 80%
chance that the Index Event outcome Matches the Personal Event outcome and a 20%
chance that the Index Event outcome Differs from the Personal Event outcome. This means
there will be 8 green chips and 2 black chips in a bag. If a green chip is drawn the Index
Event outcome Matches the Personal Event outcome, and if a black chip is drawn the Index
Event outcome Differs from the Personal Event outcome.

The possible outcomes if you choose not to purchase insurance are therefore as follows:

• If a red chip is drawn from the Personal bag your Personal Event outcome is Bad.
You will lose $45 and be left with $30.

• If a blue chip is drawn from the Personal bag your Personal Event outcome is Good.
You will lose nothing and be left with $75.

You can choose to purchase insurance, which will cost you $5.75, and if you chose to
purchase insurance you would pay this $5.75 regardless of the outcomes of your draws. The
possible outcomes if you choose to purchase insurance are therefore as follows:

• If a red chip is drawn from the Personal bag and a green chip from the Index bag, you
will lose $45 but the insurance claim payment will cover the loss. You will keep $69.25.

• If a red chip is drawn from the Personal bag and a black chip from the Index bag, you
will lose $45 but you will not receive an insurance claim payment from insurance. You
will keep $24.25.
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• If a blue chip is drawn from the Personal bag and a green chip from the Index bag,
you will not lose any money. You will keep $69.25.

• If a blue chip is drawn from the Personal bag and a black chip from the Index bag,
you will not lose any money, but you receive a claim payment from insurance. You
will keep $114.25.

You will indicate your choice to purchase, or not purchase, the insurance by clicking
on your preferred option on the computer screen.

There are 54 decisions like this one to be made, each shown on a separate screen on
the computer. Each decision might have different chances for the Personal Event outcome,
the Index Event outcome, the initial stake, or the cost of insurance, so pay attention to each
screen.

The screen that you will actually see has one additional piece of information, shown
in this display. In this case you should note that the initial stakes are now $60, that the loss
is now $35, and that the cost of the insurance is now $14.50. This shows how these values
might change from screen to screen, as mentioned earlier. The additional information is
contained in the two “pie displays” on the right hand side. These additional displays are
just another way to view the same information, and may or may not help you make your
choice to purchase insurance or not to purchase insurance.
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Figure C.6

In this example you start out with an initial stake of $60. If the outcome of the
Personal Event is Bad you will lose $35, and if the outcome of the Personal Event is Good
you will not lose any money. If you faced the choice in this example and chose to purchase
insurance, you would pay $14.50 from your initial stake. You would pay this $14.50 before
you drew any chips, so you would pay it regardless of the outcomes of your draws.

In this example there is a 20% chance that the outcome of the Personal Event is Bad,
and an 80% chance that the Personal Event outcome is Good. There is an 80% chance that
the Index Event outcome Matches the Personal Event outcome and a 20% chance that the
Index Event outcome Differs from the Personal Event outcome. Based on these
probabilities, the pie charts show the overall probabilities of the possible earnings and their
respective amounts.

The top pie chart shows the possible earnings if you choose not to purchase insurance.
Without insurance, the payouts depend only on the outcome of the Personal Event. Given
that there is a 20% chance that the Personal Event outcome is Bad and an 80% chance that
the Personal Event outcome is Good, the pie chart shows that there is a 20% chance you
earn $25 (= $60 - $35) and an 80% chance that you earn $60.
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The bottom pie chart shows the possible earnings if you choose to purchase insurance.
Since the insurance claim is only paid out according to the outcome of the Index Event,
outcomes from both the Index Event and the Personal Event will decide your earnings.
There is an 80% chance that the Index Event outcome Matches the Personal Event
outcome. Hence there is an 80% chance you will either receive a claim payment when you
suffer a loss or not receive a claim payment when you do not suffer a loss. If either of these
happen your payout will be $45.50: your initial stake of $60 less the $14.50 cost of
insurance. In the case in which you receive a claim payment when you suffer a loss the
payout of $35 completely offsets the loss of $35.

According to the bottom pie chart the chance that the Personal Event outcome is
Bad, but the Index Event outcome Differs, is 4% (= 20%× 20%). This means that there is a
4% chance that the Personal Event outcome is Bad without receiving an insurance claim
payment . In this case you will receive $10.50: your initial stake of $60 less the $14.50 cost
of insurance less the $35 loss. The chance that the Personal Event outcome is Good, and the
Index Event outcome Differs, is 16% (= 80% × 20%). This means that there is a 16%
chance that the Personal Event outcome is Good and you still receive an insurance claim
payment. In this case you will receive $80.50: your initial stake of $60 less the $14.50 cost of
insurance plus the $35 claim payment from the insurance.

After you have worked through all of the insurance decisions, please wait in your seat
and an experimenter will come to you. You will then roll two 10-sided dice to determine
which insurance decision will be played out. Since there are only 54 decisions, you will keep
rolling the dice until a number between 1 and 54 comes up. There is an equal chance that
any of your 54 choices will be selected, so you should approach each decision as if it is the
one that you will actually play out to determine your payoff. Once the decision to play out
is selected, you will draw chips from the Index bag and the Personal bag to determine the
outcome.

In summary:

• You will decide whether or not to purchase insurance in each of the 54 scenarios.

• One of your decisions will be randomly selected to be played for cash.

• You will suffer the specified monetary loss only if the Personal Event outcome is Bad.
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• If you purchase insurance, it will pay a claim payment only if the Index Event
outcome is Bad. This can happen in two ways:

1. Your Index draw Matches a bad Personal Event outcome;

2. Your Index draw Differs from a good Personal Event outcome.

Whether or not you prefer to buy the insurance is a matter of personal taste. You
may choose to buy insurance on some or all of your 54 choices, or none of the choices. The
people next to you may be presented with different choices, insurance prices, and may have
different preferences, so their responses should not matter to you. Please work silently, and
make your choices by thinking carefully about each prospect.

Your payoff from this task is in cash and is in addition to the show-up payment that
you receive just for being here, as well as any other earnings in other tasks. If you have a
question, raise your hand and someone will come over and answer it.
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D Welfare Calculations for Index Insurance (NOT

FOR PUBLICATION)

To understand the mechanics of evaluating lotteries using RDU it is useful to see
worked numerical examples. Although this is purely a pedagogic exercise, in our experience
many users of RDU are not familiar with these mechanics, and they are critical to the
correct application of these models. Even the best pedagogic source available, Wakker
(2010), leaves many worked examples as exercises, and many of the examples are correctly
contrived to make a special pedagogic point.

We first review the general case, and then explain the application to index insurance.

General Rank-Dependent Decision Weights

Assume a simple power probability weighting function ω(p) = pγ and let γ = 1.25. To
see the pure effect of probability weighting, assume U(x) = x for x ≥ 0. Start with a
two-prize lottery, then consider three-prizes and four-prizes to see the general logic. The
lotteries in our risk aversion task contain up to 4 prizes and probabilities.

In the two-prize case, let y be the smaller prize and Y be the larger prize, so
Y > y ≥ 0. Again, to see the pure effect of probability weighting, assume objective
probabilities p(y) = p(Y ) = 1

2 . The first step is to get the decision weight of the largest
prize. This uses the answer to the question, “what is the probability of getting at least Y ?”
This is obviously 1

2 , so we then calculate the decision weight using the probability weighting
function as ω(1

2) = (1
2)γ = 0.42. To keep notation for probability weights and decision

weights similar but distinct, denote the decision weight for Y as w(Y ). Then we have
w(Y ) = 0.42.

The second step for the two-prize case is to give the other, smaller prize y the residual
weight. This uses the answer to the question, “what is the probability of getting at least y?”
Since one always gets at least y, the answer is obviously 1. Since ω(1) = 1 for any of the
popular probability weighting functions, 2 we can attribute the decision weight
ω(1)−ω(1

2) = 1− 0.42 = 0.58 to the prize y. Another way to see the same thing is to directly
calculate the decision weight for the smallest prize to ensure that the decision weights sum
to 1, so that the decision weight w(y) is calculated as 1− w(Y ) = 1− 0.42 = 0.58. The
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two-prize case actually makes it harder to see the rank-dependent logic than when we
examine the three-prize or four-prize case, but can be seen in retrospect as a special case.

With these two decision weights in place, the RDU evaluation of the lottery is
0.42× U(Y ) + 0.58× U(y), or 0.42Y + 0.58y given our simplifying assumption of a linear
utility function. Inspection of this RDU evaluation, and viewing the decision weights as if
they were probabilities, shows why the RDU evaluation has to be less than the Expected
Value (EV) of the lottery using the true probabilities, since that is 0.5Y + 0.5y. The RDU
evaluation puts more weight on the worst prize, and greater weight on the better prize, so it
has to have a CE that is less than the EV (this last step is helped by the fact that U(x) = x,
of course). Hence probability weighting in this case generates a CE that is less than the EV,
and hence a risk premium.

However, the two-prize case collapses the essential logic of the RDU model. Consider
a three-prize case in which we use the same probability weighting functions and utility
functions, but have three prizes, y, Y and Y, where Y > Y > y, and
p(y) = p(Y ) = p(Y) = 1

3 .

The decision weight for Y is evaluated first, and uses the answer to the question,
“what is the probability of getting at least Y?” The answer is 1

3 , so the decision weight for Y
is then directly evaluated as w(Y ) = ω(1

3) = (1
3)γ = 0.25.

The decision weight for Y is evaluated next, and uses the answer to the more
interesting question, “what is the probability of getting at least Y?” This is
p(Y ) + p(Y) = 1

3 + 1
3 = 2

3 , so the probability weight is ω(2
3 = (2

3)γ = 0.60. But the only part
of this probability weight that is to be attributed solely to Y is the part that is not already
attributed to Y, hence the decision weight for Y is
ω(2

3)− ω13 = ω(Y )− ω(Y) = 0.60− 0.25 = 0.35. This intermediate step shows the
rank-dependent logic in the clearest fashion. One could equally talk about cumulative
probability weights, rather than just probability weights, but the logic is simple enough
when one thinks of the question being asked “psychologically” and the partial attribution to
Y that flows from it. In the two-prize case this partial attribution is skipped over.

The decision weight for y is again evaluated residually, as in the two-prize case. We
can either see this by evaluating ω(1)− ω(2

3) = 1− 0.60 = 0.40, or by evaluating
1− w(Y )− w(Y) = 1− 0.35− 0.25 = 0.40.
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The general logic may now be stated in words as follows:

• Rank the prizes from best to worst.

• Use the probability weighting function to calculate the probability of getting at least
the prize in question.

• Then assign the decision weight for the best prize directly as the weighted probability
of that prize.

• For each of the intermediate prizes in declining order, assign the decision weight using
the weighted cumulative probability for that prize less the decision weights for better
prizes (or, equivalently, the weighted cumulative probability for the immediately
better prize).

• For the worst prize the decision weight is the residual decision weight to ensure that
the decision weights sum to 1.

The key is to view the decision weights as the incremental decision weight attributable to
that prize.

Figure D.1 collects these steps for each of the examples, and adds a four prize
example. From a programming perspective, these calculations are tedious but not difficult
as long as one can assume that prizes are rank-ordered as they are evaluated. Our computer
code in Stata allows for up to four prizes, which spans most applications in laboratory or
field settings, and is of course applicable for lotteries with any number of prizes up to four.
The logic can be easily extended to more prizes.

Figure D.3 illustrates these calculations using the power probability weighting
function. The dashed line in the left panel displays the probability weighting function
ω(p) = pγ = p1.25, with the vertical axis showing underweighting of the objective
probabilities displayed on the bottom axis. The implications for decision weights are then
shown in the right panel, for the two-prize, three-prize and four-prize cases. In the right
panel the bottom axis shows prizes ranked from worst to best, so one immediately identifies
the “probability pessimism” at work with this probability weighting function. Values of
γ < 1 generate overweighting of the objective probabilities and “probability optimism,” as
one might expect.
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Figure D.4 shows the effects of using the “inverse-S” probability weighting function
ω(p) = pγ/(pγ + (1− p)γ)1/γ for γ = 0.65. This function exhibits inverse-S probability
weighting (optimism for small p, and pessimism for large p) for γ < 1, and S-shaped
probability weighting (pessimism for small p, and optimism for large p) for γ > 1.

Rank-Dependent Decision Weights for Index Insurance
Choices

Notation necessarily becomes more complex with index insurance. There are 8
possible states, depending on the permutations of binary outcomes if the individual chooses
to purchase insurance {I1, I0}, if the index reflects a loss {L1, L0}, and if the individual’s
outcome matches the outcome of the index {P1, P0}. For instance, if the individual chooses
not to purchase insurance (I0), the index reflects a loss outcome (L1), and the individual’s
outcome matches the index (P1), the individual would also experience a personal loss
(I0L1P1) and be left with $25. If the individual’s outcome does not match the index (P0),
she does not experience a loss (I0L1P0) and would keep her $60. By the same logic,
I0L0P1=$60 and I0L0P0=$25.25

If the individual chooses to purchase insurance (I1) the outcomes are slightly more
complex. If the index reflects a loss (L1), and if the individual’s outcome matches the
outcomes of the index (P1), the individual experiences a personal loss and receives a payout
(I1L1P1), hence she will keep her initial endowment less the premium ($60 - $9 = $51).
However, if the individual’s outcome does not match the index, and the index shows a loss
(I1L1P0), the individual does not experience a personal loss but still receives a payout of $35
on top of her initial endowment less premium ($60 - $9 +$35 = $86). This is the upside
basis risk. Conversely if the individual’s outcome does not match the index when the index
does not show a loss (I1L0P0), then the individual experiences a loss but receives no payout
from insurance ($60 - $9 - $35 = $16). This is the downside basis risk. There are 8 possible
states, depending on the permutations of binary outcomes of if the individual chooses to
purchase insurance {I1, I0}, if the index reflects a loss {L1, L0}, and if the individual’s
outcome matches the outcome of the index {P1, P0}.

For instance, if the individual chooses not to purchase insurance (I0), the index
25Some states may have the same final monetary outcome, but we consider them as separate states

here to avoid making assumptions to combine probabilities.
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reflects a loss outcome (L1), and the individual’s outcome matches the index (P1), the
individual would also experience a loss (I0L1P1) and be left with $5. If the individual’s
outcome does not match the index (P0), she does not experience a loss (I0L1P0) and would
keep her $20. By the same logic, I0L0P0 = $20 and I0L0P0 = $5.

The logic for the case in which the individual does purchase insurance (I1) is the
same, other than the fact that a premium is deducted for each outcome.

The essential point to take into account with this index insurance contract is that the
top two prizes should be associated with the sum of the probabilities of each outcome, and
then the bottom two prizes should be associated with the sum of the probabilities of each
outcome. Then the analyses proceeds as if there were only two prizes. Figure D.2 illustrates.
Panel A repeats the 4-prize example from Figure D.1, where all 4 prizes are distinct in
value. Panel B changes the calculations in panel B assuming instead that the top 2 prizes
are the same value, and the bottom 2 prizes are the same value. Panel C then shows an
example from the text and Figure B.1, assuming that σ = 0.7.
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Figure D.1: Tabulations of RDU Examples
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Figure D.2: Tabulations of RDU Examples Applied to Index Insurance

70



Figure D.3: RDU Risk Preferences with Power Probability Weighting: Implied
Decision Weights

Note: Decision weights based on equi-probable reference lotteries, with probabilities 0.5 for
2-outcomes, 0.33 for 3-outcomes, and 0.25 for 4-outcomes, in light grey
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Figure D.4: RDU Risk Preferences with Inverse-S Probability Weighting: Implied
Decision Weights

Note: Decision weights based on equi-probable reference lotteries, with probabilities 0.5 for 2
outcomes, 0.33 for 3-outcomes, and 0.25 for 4-outcomes, in light grey
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E Experimental Parameters (NOT FOR

PUBLICATION)

Table E.1: Index Insurance Contracts and Parameters in the Experiment
Choice Endowment ($) Personal Loss Probability Loss Amount ($) Premium Correlation Implied Index Probability

1 60 0.1 20 7 0 0.5
2 60 0.1 20 10 0 0.5
3 60 0.1 20 13 0 0.5
4 60 0.1 20 6 0.2 0.42
5 60 0.1 20 8.5 0.2 0.42
6 60 0.1 20 11 0.2 0.42
7 60 0.1 20 4.75 0.4 0.34
8 60 0.1 20 6.75 0.4 0.34
9 60 0.1 20 8.75 0.4 0.34
10 60 0.1 20 3.75 0.6 0.26
11 60 0.1 20 5.25 0.6 0.26
12 60 0.1 20 6.75 0.6 0.26
13 60 0.1 20 2.5 0.8 0.18
14 60 0.1 20 3.5 0.8 0.18
15 60 0.1 20 4.75 0.8 0.18
16 60 0.1 20 1.5 1 0.1
17 60 0.1 20 2 1 0.1
18 60 0.1 20 2.5 1 0.1
19 60 0.1 35 12.25 0 0.5
20 60 0.1 35 17.5 0 0.5
21 60 0.1 35 22.75 0 0.5
22 60 0.1 35 10.25 0.2 0.42
23 60 0.1 35 14.75 0.2 0.42
24 60 0.1 35 19 0.2 0.42
25 60 0.1 35 8.25 0.4 0.34
26 60 0.1 35 12 0.4 0.34
27 60 0.1 35 15.5 0.4 0.34
28 60 0.1 35 6.25 0.6 0.26
29 60 0.1 35 9 0.6 0.26
30 60 0.1 35 11.75 0.6 0.26
31 60 0.1 35 4.5 0.8 0.18
32 60 0.1 35 6.25 0.8 0.18
33 60 0.1 35 8.25 0.8 0.18
34 60 0.1 35 2.5 1 0.1
35 60 0.1 35 3.5 1 0.1
36 60 0.1 35 4.5 1 0.1
37 60 0.2 35 12.25 0 0.5
38 60 0.2 35 17.5 0 0.5
39 60 0.2 35 22.75 0 0.5
40 60 0.2 35 10.75 0.2 0.44
41 60 0.2 35 15.5 0.2 0.44
42 60 0.2 35 20 0.2 0.44
43 60 0.2 35 9.25 0.4 0.38
44 60 0.2 35 13.25 0.4 0.38
45 60 0.2 35 17.25 0.4 0.38
46 60 0.2 35 7.75 0.6 0.32
47 60 0.2 35 11.25 0.6 0.32
48 60 0.2 35 14.5 0.6 0.32
49 60 0.2 35 6.25 0.8 0.26
50 60 0.2 35 9 0.8 0.26
51 60 0.2 35 11.75 0.8 0.26
52 60 0.2 35 5 1 0.2
53 60 0.2 35 7 1 0.2
54 60 0.2 35 9 1 0.2
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Table E.2: Parameters for Double or Nothing Lotteries

Left Lottery Right Lottery
Lottery
ID

Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3

rdon1 $0 0.5 $10 0.5 $20 0 $0 0.5 $10 0.5 $20 0
rdon3 $0 0 $10 1 $35 0 $0 0 $5 0.5 $18 0.5
rdon5 $0 0 $10 1 $70 0 $0 0 $35 1 $70 0
rdon6 $0 0 $20 1 $35 0 $0 0 $10 0.5 $35 0.5
rdon7 $0 0 $20 0.5 $70 0.5 $0 0 $35 0.5 $70 0.5
rdon8 $0 0 $35 1 $70 0 $0 0 $35 0.5 $70 0.5
rdon9 $0 0 $20 0.5 $35 0.5 $0 0.5 $20 0 $70 0.5
rdon11 $0 0 $20 1 $70 0 $0 0 $20 0.5 $35 0.5
rdon12 $0 0 $35 0.75 $70 0.25 $0 0 $35 0.5 $70 0.5
rdon15 $0 0 $20 0.75 $70 0.25 $0 0 $35 0.5 $70 0.5

Note: Table contains the parameters used to define the compound lotteries used to test violation of the ROCL axiom. Also see the text for the
Right Lottery in Table E.3.74



Table E.3: Text for Double or Nothing Lotteries

Lottery
ID

Double or Nothing Text

rdon1 Double or Nothing if outcome 2 in right lottery
rdon3 Double or Nothing for any outcome in right lottery
rdon5 Double or Nothing for any outcome in right lottery
rdon6 Double or Nothing if outcome 2 in right lottery
rdon7 Double or Nothing if outcome 2 in right lottery
rdon8 Double or Nothing if outcome 2 in right lottery
rdon9 Double or Nothing if outcome 3 in left lottery
rdon11 Double or Nothing if outcome 3 in right lottery
rdon12 Double or Nothing if outcome 2 in right lottery
rdon15 Double or Nothing if outcome 2 in right lottery

Note: Table contains the text used to define the compound lotteries and simple lotteries used to test
violation of the ROCL axiom. Also see the parameters for the Right Lottery in Table E.2
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Table E.4: Parameters for the Actuarially-Equivalent Lotteries

Left Lottery Right Lottery
Lottery ID Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3

rae1 $0 0.5 $10 0.5 $20 0 $0 0.75 $10 0 $20 0.25
rae3 $0 0 $10 1 $35 0 $0 0.5 $10 0.25 $35 0.25
rae5 $0 0 $10 1 $70 0 $0 0.5 $10 0 $70 0.5
rae6 $0 0 $20 1 $35 0 $0 0.25 $20 0.25 $35 0.5
rae7 $0 0 $20 0.5 $70 0.5 $0 0.25 $20 0 $70 0.75
rae8 $0 0 $35 1 $70 0 $0 0.25 $35 0 $70 0.75
rae9 $0 0.25 $20 0.5 $70 0.25 $0 0.5 $20 0 $70 0.5
rae11 $0 0 $20 1 $70 0 $0 0.25 $20 0.5 $70 0.25
rae12 $0 0 $35 0.75 $70 0.25 $0 0.25 $35 0 $70 0.75
rae15 $0 0 $20 0.75 $70 0.25 $0 0.25 $20 0 $70 0.75

Note: Table contains the parameters used to define the actuarially equivalent lotteries used to test violation of the ROCL axiom.
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Table E.5 contains the parameters used to define the lotteries primarily designed to estimate
EUT and RDU models. The key insight of the Loomes and Sugden (1998) design is to vary
the “gradient” of the EUT-consistent indifference curves within a Marschak-Machina (MM)
triangle.26 The reason for this is to generate some choice patterns that are more powerful
tests of EUT for any given risk attitude. Under EUT the slope of the indifference curve
within a MM triangle is a measure of risk aversion. So there always exists some risk attitude
such that the subject is indifferent, and evidence of Common Ratio (CR) violations in that
case has virtually zero power.27 The beauty of this design is that even if the risk attitude of
the subject makes the tests of a CR violation from some sets of lottery pairs have low power,
then the tests based on other sets of lottery pairs have to have higher power for this subject.
By presenting subjects with several such sets, varying the slope of the EUT-consistent
indifference curve, one can be sure of having some tests for CR violations that have decent
power for each subject, without having to know a priori what their risk attitude is. Harrison
et al (2007) refer to this as a “complementary slack experimental design,” since low-power
tests of EUT in one set mean that there must be higher-power tests of EUT in another set.
Our battery includes 70 lottery pairs based on the Loomes and Sugden (1998) logic. Table
E.5 documents these 70 lottery pairs.

26In the MM triangle there are always one, two or three prizes in each lottery that have positive
probability of occurring. The vertical axis in each panel shows the probability attached to the
high prize of that triple, and the horizontal axis shows the probability attached to the low prize
of that triple. So when the probability of the highest and lowest prize is zero, 100% weight falls
on the middle prize. Any lotteries strictly in the interior of the MM triangle have positive weight
on all three prizes, and any lottery on the boundary of the MM triangle has zero weight on one
or two prizes.

27EUT does not, then, predict 50:50 choices, as some casually claim. It does say that the expected
utility differences will not explain behavior, and that then allows all sorts of psychological
factors to explain behavior. In effect, EUT has no prediction in this instance, and that is not the
same as predicting an even split.
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Table E.5: Battery of Lottery Tasks from Harrison and Swarthout (2021)
Task EV left EV right EV ratio Left $ 1 Left p 1 Left $ 2 Left p 2 Left $ 3 Left p 3 Right $ 1 Right p 1 Right $ 2 Right p 2 Right $ 3 Right p 3 Notes

5 $59.50 $61.25 -3% $0 0.15 $35 0 $70 0.85 $0 0 $35 0.25 $70 0.75 LS1
6 $49.00 $50.75 -3% $0 0.3 $35 0 $70 0.7 $0 0.15 $35 0.25 $70 0.6 LS2
7 $49.00 $52.50 -7% $0 0.3 $35 0 $70 0.7 $0 0 $35 0.5 $70 0.5 LS3
8 $50.75 $52.50 -3% $0 0.15 $35 0.25 $70 0.6 $0 0 $35 0.5 $70 0.5 LS4
9 $33.25 $35.00 -5% $0 0.15 $35 0.75 $70 0.1 $0 0 $35 1 $70 0 LS5
10 $28.00 $35.00 -20% $0 0.6 $35 0 $70 0.4 $0 0 $35 1 $70 0 LS6
12 $7.00 $8.75 -20% $0 0.9 $35 0 $70 0.1 $0 0.75 $35 0.25 $70 0 LS8
13 $63.00 $63.00 0% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.2 $70 0.8 LS9
15 $35.00 $35.00 0% $0 0.5 $35 0 $70 0.5 $0 0 $35 1 $70 0 LS11
16 $35.00 $35.00 0% $0 0.1 $35 0.8 $70 0.1 $0 0 $35 1 $70 0 LS12
17 $21.00 $21.00 0% $0 0.7 $35 0 $70 0.3 $0 0.5 $35 0.4 $70 0.1 LS13
18 $21.00 $21.00 0% $0 0.7 $35 0 $70 0.3 $0 0.4 $35 0.6 $70 0 LS14
19 $21.00 $21.00 0% $0 0.5 $35 0.4 $70 0.1 $0 0.4 $35 0.6 $70 0 LS15
20 $7.00 $7.00 0% $0 0.9 $35 0 $70 0.1 $0 0.8 $35 0.2 $70 0 LS16
21 $63.00 $61.25 3% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.25 $70 0.75 LS17
22 $42.00 $36.75 14% $0 0.4 $35 0 $70 0.6 $0 0.1 $35 0.75 $70 0.15 LS18
23 $42.00 $35.00 20% $0 0.4 $35 0 $70 0.6 $0 0 $35 1 $70 0 LS19
24 $36.75 $35.00 5% $0 0.1 $35 0.75 $70 0.15 $0 0 $35 1 $70 0 LS20
25 $21.00 $19.25 9% $0 0.7 $35 0 $70 0.3 $0 0.6 $35 0.25 $70 0.15 LS21
26 $21.00 $17.50 20% $0 0.7 $35 0 $70 0.3 $0 0.5 $35 0.5 $70 0 LS22
27 $19.25 $17.50 10% $0 0.6 $35 0.25 $70 0.15 $0 0.5 $35 0.5 $70 0 LS23
28 $10.50 $8.75 20% $0 0.85 $35 0 $70 0.15 $0 0.75 $35 0.25 $70 0 LS24
29 $63.00 $59.50 6% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.3 $70 0.7 LS25
30 $42.00 $35.00 20% $0 0.4 $35 0 $70 0.6 $0 0.2 $35 0.6 $70 0.2 LS26
31 $42.00 $31.50 33% $0 0.4 $35 0 $70 0.6 $0 0.1 $35 0.9 $70 0 LS27
32 $35.00 $31.50 11% $0 0.2 $35 0.6 $70 0.2 $0 0.1 $35 0.9 $70 0 LS28
33 $28.00 $24.50 14% $0 0.6 $35 0 $70 0.4 $0 0.5 $35 0.3 $70 0.2 LS29
34 $28.00 $21.00 33% $0 0.6 $35 0 $70 0.4 $0 0.4 $35 0.6 $70 0 LS30
35 $24.50 $21.00 17% $0 0.5 $35 0.3 $70 0.2 $0 0.4 $35 0.6 $70 0 LS31
36 $14.00 $10.50 33% $0 0.8 $35 0 $70 0.2 $0 0.7 $35 0.3 $70 0 LS32
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Task EV left EV right EV ratio Left $ 1 Left p 1 Left $ 2 Left p 2 Left $ 3 Left p 3 Right $ 1 Right p 1 Right $ 2 Right p 2 Right $ 3 Right p 3 Notes
37 $63.00 $56.00 13% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.4 $70 0.6 LS33
38 $52.50 $42.00 25% $0 0.25 $35 0 $70 0.75 $0 0.1 $35 0.6 $70 0.3 LS34
39 $52.50 $35.00 50% $0 0.25 $35 0 $70 0.75 $0 0 $35 1 $70 0 LS35
40 $42.00 $35.00 20% $0 0.1 $35 0.6 $70 0.3 $0 0 $35 1 $70 0 LS36
41 $28.00 $21.00 33% $0 0.5 $35 0.2 $70 0.3 $0 0.4 $35 0.6 $70 0 LS37
42 $31.50 $21.00 50% $0 0.55 $35 0 $70 0.45 $0 0.4 $35 0.6 $70 0 LS38
43 $31.50 $28.00 13% $0 0.55 $35 0 $70 0.45 $0 0.5 $35 0.2 $70 0.3 LS39
44 $21.00 $14.00 50% $0 0.7 $35 0 $70 0.3 $0 0.6 $35 0.4 $70 0 LS40
45 $63.00 $63.00 0% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.2 $70 0.8 LS9
46 $35.00 $35.00 0% $0 0.5 $35 0 $70 0.5 $0 0.1 $35 0.8 $70 0.1 LS10
47 $35.00 $35.00 0% $0 0.5 $35 0 $70 0.5 $0 0 $35 1 $70 0 LS11
48 $35.00 $35.00 0% $0 0.1 $35 0.8 $70 0.1 $0 0 $35 1 $70 0 LS12
49 $21.00 $21.00 0% $0 0.7 $35 0 $70 0.3 $0 0.5 $35 0.4 $70 0.1 LS13
50 $21.00 $21.00 0% $0 0.7 $35 0 $70 0.3 $0 0.4 $35 0.6 $70 0 LS14
51 $21.00 $21.00 0% $0 0.5 $35 0.4 $70 0.1 $0 0.4 $35 0.6 $70 0 LS15
52 $7.00 $7.00 0% $0 0.9 $35 0 $70 0.1 $0 0.8 $35 0.2 $70 0 LS16
53 $63.00 $56.00 13% $0 0.1 $35 0 $70 0.9 $0 0 $35 0.4 $70 0.6 LS33
54 $52.50 $42.00 25% $0 0.25 $35 0 $70 0.75 $0 0.1 $35 0.6 $70 0.3 LS34
55 $52.50 $35.00 50% $0 0.25 $35 0 $70 0.75 $0 0 $35 1 $70 0 LS35
56 $42.00 $35.00 20% $0 0.1 $35 0.6 $70 0.3 $0 0 $35 1 $70 0 LS36
57 $28.00 $21.00 33% $0 0.5 $35 0.2 $70 0.3 $0 0.4 $35 0.6 $70 0 LS37
58 $31.50 $21.00 50% $0 0.55 $35 0 $70 0.45 $0 0.4 $35 0.6 $70 0 LS38
59 $31.50 $28.00 13% $0 0.55 $35 0 $70 0.45 $0 0.5 $35 0.2 $70 0.3 LS39
60 $21.00 $14.00 50% $0 0.7 $35 0 $70 0.3 $0 0.6 $35 0.4 $70 0 LS40
61 $59.50 $51.80 15% $35 0.1 $21 0 $70 0.9 $35 0 $21 0.2 $70 0.8 LS9
62 $17.50 $13.30 -232% $35 0.5 $21 0 $70 0.5 $35 0.1 $21 0.8 $70 0.1 LS10
63 $17.50 $21.00 -183% $35 0.5 $21 0 $70 0.5 $35 0 $21 1 $70 0 LS11
64 $13.30 $21.00 -37% $35 0.1 $21 0.8 $70 0.1 $35 0 $21 1 $70 0 LS12
65 $3.50 $18.90 -81% $35 0.7 $21 0 $70 0.3 $35 0.5 $21 0.4 $70 0.1 LS13
66 $3.50 $26.60 -87% $35 0.7 $21 0 $70 0.3 $35 0.4 $21 0.6 $70 0 LS14
67 $18.90 $26.60 -29% $35 0.5 $21 0.4 $70 0.1 $35 0.4 $21 0.6 $70 0 LS15
68 $24.50 $32.20 -24% $35 0.9 $21 0 $70 0.1 $35 0.8 $21 0.2 $70 0 LS16
69 $59.50 $33.60 77% $35 0.1 $21 0 $70 0.9 $35 0 $21 0.4 $70 0.6 LS33
70 $43.75 $4.90 793% $35 0.25 $21 0 $70 0.75 $35 0.1 $21 0.6 $70 0.3 LS34
71 $43.75 $21.00 -308% $35 0.25 $21 0 $70 0.75 $35 0 $21 1 $70 0 LS35
72 $4.90 $21.00 -123% $35 0.1 $21 0.6 $70 0.3 $35 0 $21 1 $70 0 LS36
73 $0.70 $26.60 -97% $35 0.5 $21 0.2 $70 0.3 $35 0.4 $21 0.6 $70 0 LS37
74 $12.25 $26.60 -146% $35 0.55 $21 0 $70 0.45 $35 0.4 $21 0.6 $70 0 LS38
75 $12.25 $0.70 -1850% $35 0.55 $21 0 $70 0.45 $35 0.5 $21 0.2 $70 0.3 LS39
76 $3.50 $29.40 -88% $35 0.7 $21 0 $70 0.3 $35 0.6 $21 0.4 $70 0 LS40

Note: Table contains the parameters used to define the lotteries primarily designed to estimate EUT and RDU models. LS refers to Loomes
and Sugden (1998). The number in the first column refers to the lottery number in Harrison and Swarthout (2021), and the lottery ID in the

final column connects back to Loomes and Sugden (1998).
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Table E.6: Parameters for the Actuarially-Equivalent Index Insurance Lotteries

Left Lottery Right Lottery
ID Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 4 Prob 4 Prize 1 Prob 1 Prize 2 Prob 2 Prize 3 Prob 3 Prize 4 Prob 4

iiae2 $0 0 $0 0 $25 0.1 $60 0.9 $18.75 0.01 $53.75 0.09 $53.75 0.81 $88.75 0.09
iiae3 $0 0 $0 0 $25 0.1 $60 0.9 $16 0.02 $51 0.08 $51 0.72 $86 0.18
iiae4 $0 0 $0 0 $25 0.1 $60 0.9 $13 0.03 $48 0.07 $48 0.63 $83 0.27
iiae5 $0 0 $0 0 $53.75 0.1 $88.75 0.9 $10.25 0.04 $45.25 0.06 $45.25 0.54 $80.25 0.36
iiae6 $0 0 $0 0 $25 0.1 $60 0.9 $7.50 0.05 $42.50 0.05 $42.50 0.45 $77.50 0.45
iiae8 $0 0 $0 0 $25 0.2 $60 0.8 $16 0.02 $51 0.18 $51 0.72 $86 0.08
iiae9 $25 0.2 $60 0.8 $0 0 $0 0 $13.75 0.04 $48.75 0.16 $48.75 0.64 $83.75 0.16
iiae10 $0 0 $0 0 $25 0.2 $60 0.8 $11.75 0.06 $46.75 0.14 $46.75 0.56 $81.75 0.24
iiae11 $0 0 $0 0 $25 0.2 $60 0.8 $9.5 0.08 $44.50 0.12 $44.50 0.48 $79.5 0.32
iiae12 $0 0 $0 0 $25 0.2 $60 0.8 $7.5 0.1 $42.50 0.1 $42.50 0.4 $77.50 0.4
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