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Abstract

Risk elicitation modules have become omnipresent in laboratory and field experiment pro-

tocols. We evaluate four context-free techniques for measuring risk preference in a within-

subjects experiment: the Holt & Laury (HL) instrument (Holt and Laury, 2002), the Certainty

Equivalent (CE), the Probability Equivalent (PE) (Andreoni and Sprenger, 2011) and a new

technique, the modified Convex Risk Budget (mCRB). We compare them according their suc-

cess at 1) generating a complete set of utility parameter estimates 2) the characteristics of the

distribution of estimates they produce 3) their ‘internal’ validity in predicting choices within

our study, and 4) their ‘external’ validity in predicting reported risky behaviors outside the

lab. While we identify a number of differences in performance across techniques, perhaps our

most important finding is that the external validity of all four techniques depends critically on

adjusting them for measurement error.
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1 Introduction

Risk elicitation techniques have proliferated immensely in economic data collection. They accom-

pany lab studies, field studies and are embedded in surveys. They are used to produce outcome

variables, control variables, to estimate heterogeneous treatment effects, and to determine causal

pathways. There are a wide variety of techniques that researchers can choose from, and therefore,

research that compares them directly is needed to inform that choice. We review some of the exist-

ing studies of this nature below. In general, as summarized by Charness et al. (2013), there is little

evidence of their ability to predict risky behaviors.

One of the most common techniques is the Holt-Laury (HL) instrument from Holt and Laury

(2002), a context-free, discrete choice instrument. These types of instruments are very popular due

to their general nature and low-tech portability. In this paper, we compare the HL side-by-side,

within-subject, with three other context-free, discrete choice instruments: the classic Certainty

Equivalent (CE), the Probability Equivalent (PE) from Andreoni and Sprenger (2011), and our

own technique, the modified Convex Risk Budget (mCRB), a discretized version of a technique

introduced by Andreoni and Harbaugh (2010). The mCRB is similar in spirit to gamble-menu

approaches (Binswanger, 1980; Murnighan et al., 1988; Eckel and Grossman, 2002), but the gam-

bles are linked by an underlying linear budget over prize size and win probability. See Cox and

Harrison (2008) and Charness et al. (2013) for a broader review of risk elicitation techniques.

We evaluate these techniques using a within-subjects lab experiment. All subjects complete

six tasks from each of the four techniques, and a questionnaire on risky behaviors outside the lab.

There are four criteria by which we set out to judge the relative performance of the techniques:

1) elicitation success, 2) estimated CRRA utility parameters, 3) internal validity, and 4) external

validity. Elicitation success has to do with whether a researcher using a certain risk elicitation tech-

nique can reliably recover an estimate of the CRRA utility parameter from a subject’s choices. This

is prevented by multiple switching and endpoint choices with a lack of variance. Researchers have

ex-ante priors on what a reasonable range of the CRRA utility parameter should be, and different

techniques for eliciting that parameter should produce highly correlated estimates. Internal and ex-

ternal validity are both measures of prediction accuracy, where the first is the ability of estimated

utility parameters to predict choices within the study –both on the same and other techniques– and

1



the second is the ability of estimated utility parameters to predict risky behaviors external to the

study, measured by our questionnaire.

We find some important differences between the techniques. The CE is the only technique

for which we can estimate an individual-level CRRA utility parameter for every subject in the

sample. This is because we see very limited multiple switching and repeated endpoint choice.

The HL produces the lowest estimation rate, but it is still very high, at 91% of the sample. We

think this difference is due to better subject understanding. Reported subject confidence that they

“knew exactly what [they] were doing” is highest on the CE among those who never made a

multiple switch, and reported subject confidence is highest on the HL among those who did make

a multiple switch. In other words, even successful subjects were wary of the HL, whereas the

subjects who did not know what they were doing thought they understood the HL. We also find

that the CE produces the least small-stakes risk aversion of any of the techniques. The HL performs

the best at internal validity, whereas all the techniques fail to produce any external validity without

adjustment for measurement error. When we do adjust for measurement error, adapting a technique

suggested by Gillen et al. (2018), we find that all of the techniques do better, with the CE and PE

doing particularly well. Notably, an incentivized self-report of risk tolerance outperforms all of the

techniques without adjustment, but with adjustment, all of the techniques substantially outperform

the self-report in terms of external validity.

On the other hand, the techniques all produce estimates that are highly positively correlated

with one another. This is true even without adjustment for measurement error. An explanation for

this could be that we calibrated each option on each task from each technique based on a shared

set of CRRA utility parameters within a small range. This means that the choice variation in our

study reflects very fine variation in the underlying model, that both puts all of our techniques on

the same footing, and should lead to more precise estimates.

There is previous work that makes direct comparisons between risk preference elicitation tech-

niques. Cox and Harrison (2008) compares the HL technique to an gamble-menu task from Bin-

swanger (1980) –which bears some similarities to the mCRB– and finds consistent results across

techniques. On the other hand, Dave et al. (2010) compares the HL technique to the Eckel and

Grossman (2002) technique –which again bears some similarities to the mCRB– and finds that

the HL produces noisier choice patterns, especially for low-numeracy subjects, but has better in-
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sample fit. They find that the HL produces more risk aversion, while Reynaud and Couture (2012)

making the same comparison of techniques, find that it produces less. Charness and Viceisza

(2012) compares the the HL to the Gneezy and Potters (1997) technique (which is in the family of

gamble-menu/mCRB techniques), and finds that the simple, more contextual Gneezy and Potters

(1997) technique predicts the HL better than the reverse.1

The largest and most systematic studies of this issue are from Crosetto and Filippin (2016), and

Frey et al. (2017) and Pedroni et al. (2017) (which use the same data). In the former, the authors

elicit risk preferences using four incentivized techniques, including the HL, from 350 subjects.

They make ex-ante predictions about how much the structure of each task leads to measurement

error that handicaps the correlation across techniques. However, the substantial variation in pref-

erences estimates across tasks is larger than can be explained by measurement error alone. In

the latter studies, the authors obtain stated risk preferences, revealed risk preferences and risky

behaviors (39 measures in total) from over 1500 subjects. Seven of their measures were incen-

tivized revealed preference measures, one of which was an HL price list. Their results cast doubt

on the reliability of revealed preference techniques: the correlated poorly with one another, with

the stated risk preferences, and the risky behaviors. Within the set of revealed preference tech-

niques they study, they find a wide variance in measured risk preferences (the fraction of subjects

categorized as risk-seeking ranges from 0% to 79% across techniques), and correlations of subject

rank-orderings across techniques is often near zero.

We return to this issue now for a couple of reasons. First, the time-preference estimation lit-

erature has recently moved towards convex (Andreoni and Sprenger, 2012) or nearly-convex (An-

dreoni et al., 2015) elicitations like our mCRB that allow researcher to identify preferences based

on utility maximization conditions rather than inequality comparisons, theoretically leading to ef-

ficiency gains. Andreoni et al. (2015) show that this approach leads to improvements in predictive

validity. The Gneezy and Potters (1997) technique, and the Andreoni and Harbaugh (2010) tech-

nique both make the same innovation for risk-preference elicitations, and to date, to our knowledge

only Charness and Viceisza (2012) studies the performance of such techniques relative to others.

1Isaac and James (2000) and Harbaugh et al. (2010) also present related data. The former finds that risk preferences
from a Becker-Degroot-Marschak mechanism (BDM) are inversely correlated with risk preferences from first-price
auction data. The latter reproduces the fourfold pattern of risk attitudes (Tversky and Kahneman, 1992) when using
one CE-style procedure (a BDM), but not another (binary choice between gambles and their expected values).
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Second, previous literature comparing techniques is very focused on the HL as the only price-

list style elicitation technique. The CE is typically implemented as a Becker-Degroot-Marschak

mechanism (Becker et al., 1964), which are subject to many critiques (Cox and Harrison, 2008).

However, the CE can easily be implemented as very intuitive price list. Furthermore, Andreoni and

Sprenger (2011) develop the PE as a price list technique that avoids direct comparisons between

certain and uncertain outcomes. If subjects exhibit a certainty premium, which manifests as a

separate parameter from the classical coefficient of relative risk aversion, than the CE will be biased

towards producing too much risk aversion. By including these elicitations, and introducing the

discrete mCRB, we can survey a broader variety of techniques, while maintaining a very uniform

elicitation format.

Third, as we incorporate new techniques into these comparisons, we believe that external valid-

ity –the prediction of risky behaviors outside the lab– is the most important test for a risk elicitation

instrument (see Mata et al. (2018) for this argument and an extended discussion.) This is in op-

position to the view that context-free money risk represents an individual’s ‘true’ risk preference,

and whether behavior beyond the elicitation is a function of that ‘true’ risk preference can be de-

termined by whether it correlates with the elicitation. Instead, we take the view that when it comes

to behaviors for which all economic models posit risk preference as a first-order determinant of

utility, good experimental instruments should bear out that correlation.2

Finally, Gillen et al. (2018) show that the technique of using repeated measures of the same

variable as instruments to reduce measurement error can be easily applied to preference elicitations

in experiments. This approach has the potential to dramatically improve both the correlations of

different techniques with one another, and to improve their correlations with risky behaviors out-

side the lab. In a recent literature review, Charness et al. (2013) suggest that reliance on stylized

risk elicitations has grown faster than is justified based on attempts to validate their performance,

and that perhaps economists should look to other, more contextual measurements of risk pref-

erence. Our study can shed light on the degree to which measurement error explains this poor

performance in a carefully controlled setting. Indeed, it is the adoption of this technique and the

large gains in predictive validity it generates that sets us apart from the previous literature.

2In very heterogeneous samples, omitted variable bias that obscures that correlation could be a concern. We do not
expect that to be the case in our laboratory study with university students.

4



2 Methods

We conducted a laboratory study at UC San Diego’s EconLab with 66 undergraduate students in

four sessions. The study consisted of 24 total tasks designed to evaluate risk preference. Each

session lasted about 30 minutes. At the end of each session we randomly selected one task (and

one element from the task, if necessary) for payment. Before the study, we described the payment

scheme to subjects and showed them how we would use a random number generator to determine

payments. Average earnings were $13.61, which includes a $5 show-up fee.

The 24 tasks consist of six tasks from each of four techniques, the Holt & Laury (HL) instru-

ment,, the Certainty Equivalent (CE), the Probability Equivalent (PE), and our modified Convex

Risk Budget (mCRB). All of our instructions and task forms can be found in the online Appendix

in a usable format. We balanced the order of presentation of the tasks across subjects.

HL, CE, and PE instruments are all price lists. Each task contains ten rows of binary choices

between Option A on the left side of the page, and Option B on the right.3 On each task, one

feature of the options changes monotonically as subjects works their way down the rows of each

task, ideally producing a single switch point from Option A to Option B. Every list was designed

such that we expected subjects to begin by preferring Option A and end by preferring Option B.

Example rows of strictly dominated choices before Row 1 and after Row 10 were pre-filled in

for subjects. Figure 1, Panels A, B, and C show examples of our HL, CE and PE instruments,

respectively.

We calibrated the options so that each task on each technique features indifference within a

row at a similar set of α values, assuming the single-parameter utility function U(x) = xα. This

set of values is highly concentrated within the region we expect α to lie in: roughly 0.45 to 1.35.

We do this both to attempt to improve the precision of all the price-list techniques, and to put the

techniques on an equal footing.

The mCRB instrument is not a price list. Subjects are presented with a list of ten combina-

tions of a prize and a probability of winning that prize. The top option always features the lowest

prize and higher probability. Prize increases and probability decreases monotonically through the

list. This is a discrete approximation of the Convex Risk Budget implemented by Andreoni and

3One of our PE tasks only featured nine rows.
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Figure 1: Price List Examples
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Figure 2: Modified Convex Risk Budget (mCRB) Example

Harbaugh (2010). The advantage of the CRB procedure is that it identifies the risk preference

parameter of a one-parameter utility function with a single choice, based on the utility-maximizing

demand for prize and probability. In that regard, it is a different take on the continuous-choice risk

elicitation technique of Gneezy and Potters (1997). In the Gneezy & Potters instrument, subjects

choose a fraction of their endowment to invest in a risky asset. The revealed optimal fraction in-

vested point-identifies a risk parameter in a single-parameter function. The CRB produces simpler

first-order conditions to work with, but is less contextually relevant than the Gneezy & Potters

instrument. Specifically, individuals may have experience making investment-style decisions, and

use their experience as a guide. The CRB, as with the price list techniques, is a more abstract

representation of real-world choices.

We discretize the CRB to make it very easy to implement. Subjects simply select their preferred

option from the list, and the experimenter uses that choice as an approximation of the solution to

the continuous choice-set problem. Andreoni et al. (2015) analyze a discretization of continuous

choice time-discounting problems to a set of six options, and find no evidence of bias from dis-

cretization. An advantage of the CRB and mCRB approaches is that they eliminate the problem of

multiple switching. An example of the mCRB task is in Figure 2.

We calibrated the mCRB options to the same set of α values as with the price list techniques.

However, instead of being the values that generate indifference in each row, these α values lead to

maximized utility at each of the options within the mCRB.

7



2.1 Price List Estimation

We estimate the α parameter of the CRRA utility function U(x) = xα. While the literature uses

risk elicitation tasks to estimate a wide variety of functional forms, we restrict our attention to this

simple form to compare across methods.

We estimate α from price lists using a maximum-likelihood Logit technique. Every choice on

a list reveals an inequality in a binary comparison. The simplest case is the CE, and we present

that as an example of our estimation approach here. Option A is a gamble with outcomes $30 and

$0, where p is the probability of winning $30. Option B is the sure outcome of $B. Everything

except B is held fixed within a task, and p is varied across tasks. If Option A is revealed preferred

to Option B, we have

p · 30α > Bα . (1)

The Logit model assumes that each utility is measured with random errors, with the difference in

those errors distributed according to the logistic distribution. Therefore, the probability of choosing

Option A is

Pr(A) =
exp(p · 30α)

exp(p · 30α) + exp(Bα)
. (2)

We use this formula to construct and maximize a likelihood function for the data.

The approaches for the PE and HL are the same, except the implication of each revealed pref-

erence is different. In the case of the PE, Option A is a gamble with outcomes $30 and $10, and

Option B is a gamble with outcomes $30 and $0. p is the probability of winning $30 in Option

A, and q is the probability of winning $30 in Option B. Only q varies within a task, and p varies

across tasks. If Option A is revealed preferred to Option B, we have

p · 30α + (1− p) · 10α > q · 30α . (3)

In the case of the HL, Option A is a gamble with outcomes $A1 and $A2, and Option B is a

gamble with outcomes $B1 and $B2 (B1 > A1 > A2 > B2). p is both the probability of winning

$A1 in Option A, and also the probability of winning $B1 in Option B. Only p varies within a task,
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and the A and B values vary across tasks. If Option A is revealed preferred to Option B, we have

p · Aα1 + (1− p) · Aα2 > p ·Bα
1 + (1− p) ·Bα

2 . (4)

2.2 mCRB Estimation

Andreoni and Harbaugh (2010) develop the CRB technique to permit identification of risk prefer-

ence based on the first-order condition of the utility maximization problem

max
p,x

U(p, x) = p · xα s.t. p+Rx = M , (5)

where p is the probability of winning a prize, x is the prize itself, M is the probability of winning

a worthless prize, and R is the probability cost of increasing the prize by one unit. As this is a

Cobb-Douglas utility function, the demand for x is given by

x∗ =
α

1 + α
· M
R

. (6)

Thus, α can be estimated using the regression

x∗j = β · Mj

Rj

+ εj with α̂ =
1

1− β̂
, (7)

where j can represent individuals, tasks, or a combination of both.

We implement a “modified” CRB in which the budget set is discretized to make the elici-

tation simpler and more portable (to match the other techniques). Andreoni et al. (2015) show

that a discretized time preference elicitation estimated using the demand function of a continu-

ous maximization problem produces similar estimates as are obtained from a fully convex choice

set. However, we do adjust our estimation protocol to account for choices at the endpoints of our

mCRB tasks. This is because a choice at the endpoint reveals only an upper or lower bound on risk

preference. Therefore, we adopt a generalized Tobit maximum likelihood technique based on the
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regression in equation (7):

Pr(xj = x) =


Φ(x− β · Mj

Rj
) if x = xj

φ(x− β · Mj

Rj
) if xj < x < xj

1− Φ(x− β · Mj

Rj
) if x = xj

, (8)

where xj is the censored version of the latent x∗, and xj and xj are the (potentially task-specific)

endpoint choices on a task.

3 Results

3.1 Elicitation Success Rate

We first compare the techniques based on their elicitation success, measured in two ways. First, we

consider the problem of multiple switching within a price list as one way a task can fail. Second,

given that researcher priors about the range of reasonable α values inform the calibration of the

tasks, a task fails in a weaker sense if a subject never switches, or in the case of the mCRB, selects

an endpoint. Hereafter, we refer to this behavior as “endpoint choice” on both the price lists and

the mCRB. An endpoint choice reveals only an upper or lower bound on preferences, as opposed

to an interval. This is a conservative measure of elicitation success because across multiple tasks,

subjects may make some choices at endpoints and others in the interior of the option set, allowing

for the estimation of preferences while still respecting the censored nature of the endpoint choices.

In Table 1, we regress indicator variables for multiple switching, endpoint choice, and either of the

two on indicator variables for the CE, PE and mCRB techniques. The constant term represents the

level of the relevant measure on the HL task. We show the average marginal effects from Probit

models.

In column (1) of Table 1 we find that only 2.8% of tasks produce multiple switch behavior

in the HL. This is considerably lower than in many other implementations.4 Recall that the price

list instructions explicitly said, “Most people begin by preferring Option A and then switch to

Option B at some point, so one way to view this task is to determine the best row to switch from
4On the upper end, Jacobson and Petrie (2009) find a multiple-switch rate of 55%. A more typical rate is between five
and ten percent Holt and Laury (2002); Dave et al. (2010).
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Table 1: Multiple Switching & Endpoint Choices by Technique

Dependent Variable: Multiple Switch Endpoint Choice Multiple Switch or Endpoint

Sample: HL, CE, PE All All

(1) (2) (3)

Constant (HL Level) 0.028∗ 0.229∗∗∗ 0.250∗∗∗

(0.016) (0.042) (0.042)

CE -0.014 -0.092∗∗ -0.100∗∗

(0.015) (0.042) (0.041)

PE 0.002 -0.026 -0.024
(0.017) (0.042) (0.043)

mCRB 0.103∗∗ 0.086∗

(0.044) (0.045)

H0: CE = PE χ2(1) = 1.41 χ2(1) = 2.76∗ χ2(1) = 4.02∗∗

H0: CE = mCRB χ2(1) = 22.41∗∗∗ χ2(1) = 19.80∗∗∗

H0: PE = mCRB χ2(1) = 14.54∗∗∗ χ2(1) = 8.42∗∗∗

Clusters 66 66 66

Observations 1188 1555 1584
∗∗∗ : p < 0.01, ∗∗ : p < 0.05, ∗ : p < 0.10. Standard errors clustered by subject. Estimates are average marginal effects
from Probit models. Multiple switching is not possible on the mCRB, so it is excluded from column (1). Endpoint choice is
only defined when a subject does not multiple switch, reducing the observation count in column (2) relative to column (3).

Option A to Option B,” so this particular implementation, applied to undergraduates at a selective

university, had its intended effect. The PE features an almost identical rate of multiple switching

(p = 0.90), while the CE features less, although the difference of 1.4 percentage points is not

statistically significant (p = 0.34). By construction, there is no multiple switching in the mCRB,

so it is excluded from this model. Multiple switching is not a substantial enough problem in our

sample for more complicated tasks like the HL and PE to show a significant disadvantage relative

to the simpler CE.

Endpoint choices, on the other hand, are common. In column (2) of Table 1 we find that 23% of

tasks produce endpoint choices in the HL. As with multiple switching, the PE is does not produce

statistically different endpoint choice than the HL (p = 0.54), and the CE features nine percentage

points fewer endpoint choices than the HL (p = 0.03). The difference between the PE and CE is

marginally statistically significant (p = 0.10). We find the highest rate of endpoint choice in the

mCRB, where 33% of tasks produce an endpoint choice. This is significantly greater than the HL,

PE and CE (p = 0.02, p < 0.01, and p < 0.01, respectively). Thus, endpoint choice is a concern

in our sample, that can be mitigated in part by using the simpler CE. Column (3) combines both
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Table 2: Standardized Subject Choice Confidence by Technique

Sample: All No Multiple Switchers Multiple Switchers Only

(1) (2) (3)

Constant (HL Level) -0.014 -0.097 0.297
(0.106) (0.122) (0.199)

CE 0.188 0.338∗∗ -0.369
(0.123) (0.133) (0.264)

PE -0.110 0.101 -0.886∗∗∗

(0.129) (0.143) (0.188)

mCRB -0.031 0.159 -0.739∗∗∗

(0.121) (0.129) (0.235)

H0: CE = PE χ2(1) = 6.20∗∗ χ2(1) = 3.58∗ χ2(1) = 2.46

H0: CE = mCRB χ2(1) = 3.13∗ χ2(1) = 1.58 χ2(1) = 1.96

H0: PE = mCRB χ2(1) = 0.29 χ2(1) = 0.13 χ2(1) = 0.18

Clusters 66 52 14

Observations 263 207 56
∗∗∗ : p < 0.01, ∗∗ : p < 0.05, ∗ : p < 0.10. Standard errors clustered by subject. Non-informative choices include both
multiple switching and choices at endpoints. Confidence is reported from 1 (“I was just guessing”) to 5 (“I knew exactly what
I was doing”) at the end of each block, and standardized.

measures of failure, which slightly narrows the gap between the HL and mCRB, but the overall

patterns are driven by the endpoint choice results in column (2).

We also measure elicitation success based on subjects’ self-reports of confidence in their own

behavior in a block of tasks. Specifically, we asked them to rate their confidence from 1 to 5, where

1 is labeled “I was just guessing,” and 5 is labeled “I knew exactly what I was doing.” Average

confidence across all techniques is 3.50 (SD = 0.97). We present confidence results for the entire

sample, and then separately by subjects who never produced a non-informative response within the

relevant block, and those who did. Results are in Table 2 where we regress the confidence measure

on indicator variables for the CE, PE and mCRB techniques using a linear random effects model.

The constant term represents the level confidence on the HL task.

In addition to producing more informative choices, the CE garners higher self-reported confi-

dence. In column (1) of Table 2, we find that subjects are 0.19 (p = 0.13), 0.30 (p = 0.01), and 0.21

(p = 0.07) standard deviations more confident in their CE choices than in their HL, PE, and mCRB

choices respectively. There are no significant differences between the other techniques. When we

split the sample based on whether a subject made any multiple switches (on any technique), we
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find that this is driven by subjects who don’t multiple switch. As expected, among subjects who

commit at least one multiple switch, we see lower levels of confidence on the CE, PE, and mCRB

tasks than among subjects who never erred in this way (p = 0.27, p = 0.03, and p = 0.10, re-

spectively, testing across columns (2) and (3)). However, we actually observe higher confidence

on the HL for multiple switchers as compared to non-multiple switchers (p = 0.08, testing across

columns (2) and (3)). Whereas stated and revealed understanding of the task move together for

the CE, PE and mCRB, they are inversely correlated for the HL, suggesting a disconnect between

what subjects are optimizing and what the elicitation presumes they are. In other words, the HL is

prone to misunderstanding –rather than a lack of understanding– to a larger degree than the other

techniques.

As mentioned earlier, an endpoint choice on one of six tasks does not prevent the estimation of

time preference. Unless all six choices are at the same endpoint, or are a combination of multiple

switches and choices at one endpoint, a parameter estimate for a single-parameter utility function

can be obtained.5 When we calculate the number of in-estimable responses, remarkably, we find

that not one of our 66 subjects’ CE choices are in this category. 9.1% (6 of 66) of subjects produced

in-estimable HL choices, 7.6% (5 of 66) produced in-estimable mCRB choices, and 4.5% (3 of 66)

produced in-estimable PE choices.6

3.2 Estimates of CRRA Utility Parameter

3.2.1 Aggregate Estimates

First, we present aggregate estimates that pool all data from a single technique, except for tasks

with multiple switches. For the HL, CE and PE methods, we estimate α with the Logit maximum

likelihood technique described in Section 2.1. Because this method is applied at the choice-within-

task level, we have (excluding tasks with multiple switching) 3850 HL choices, 3900 CE choices,

and 3776 PE choices. Standard errors are clustered at the individual level. Using HL data, we

5Multiple switches do not prevent preference estimation via an agnostic maximum likelihood procedure, but many
researchers prefer to identify preferences using the midpoint of switches on price lists. Similarly, choosing one
endpoint repeatedly does not prevent preference estimation via maximum likelihood, but the estimate is simply a
product of the relevant bound and the model’s distributional assumption.

6These 14 in-estimable choices come from eleven subjects, with one subject doing so in three techniques and another
doing so on two.
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estimate αHL = 0.749, with a 95% confidence interval of (0.709, 0.789). The PE produces a very

similar estimate of αPE = 0.755, CI = (0.703, 0.806). The CE data imply less risk aversion:

αCE = 0.877, with a 95% confidence interval of (0.834, 0.919). This level difference is notable in

that the typical critique of the CE technique is that due to a certainty premium, it will recover more

risk aversion relative to a technique without certainty in the choice set.

We use a generalized Tobit maximum likelihood technique to estimate α from mCRB data, as

described in Section 2.2. This method is implemented at the task level, so there are 396 mCRB

choices. We again cluster standard errors at the individual level. The mCRB estimates similar risk

aversion to both the HL and PE: αmCRB = 0.734 with a 95% confidence interval of (0.675, 0.802).

Comparing across techniques, we can reject equality of all pairwise comparisons involving the

CE (p < 0.01 in all cases). The HL, PE and mCRB estimates are indistinguishable.7 Small stakes

risk aversion is thus a feature of all our techniques, but its degree varies. We find the least risk

aversion on the task that produces the fewest multiple switches, the least non-informative choices,

and the most subject confidence in their choices.

3.2.2 Individual-level Estimates

Each individual, i, makes choices on six tasks in each technique. We use those six choices to

estimate individual-specific utility parameters from each technique. Using the same techniques

as implemented in the previous section, we obtain 66 estimates of αiCE , 63 estimates of αiPE , 61

estimates of αimCRB, and 60 estimates of αiHL. Figure 3 shows the CDF of each distribution.

There are three notable features of Figure 3. The first is the consistent shape of the distribution

across techniques, excluding the single mCRB outlier. Second, the HL, PE, and mCRB –especially

the HL and PE– produce very similar estimates in a tight range. Third, CE distribution is clearly

shifted to the right of the others. Using Kolmogorov-Smirnov tests to asses the equality of the

distributions, we can reject the equality of the CE estimates with the HL (p = 0.01), PE (p = 0.01),

and the mCRB (p < 0.01) estimates: the CE produces less risk aversion. On the other hand, the

mCRB distribution features more risk aversion overall. We reject that the mCRB distribution is the

same as HL (p < 0.01) and can nearly do so versus the PE (p = 0.13). We cannot reject equality

of the HL and PE distributions (p = 0.23).
7H0: αHL = αPE , p = 0.75. H0: αHL = αmCRB , p = 0.61. H0: αPE = αmCRB , p = 0.50.
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Figure 3: Distribution of Individual-specific Estimates of α

In addition to producing similar distributions of individual estimates, each technique produces

estimates that are highly correlated within an individual, across techniques. In other words, both

the distribution and the location of an individual within the distribution, are similar for each tech-

nique. Table 3 shows the matrix of correlation coefficients.

While all of the correlation coefficients in Table 3 are positive and statistically significant at

the 1% level, the mCRB is notably less correlated with each of the price-list elicitations than they

are with one another. A possible explanation for this is measurement error, which we consider

closely in the following section, when we disaggregate an individual’s choices on each task within

a technique.
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Table 3: Correlation Coefficients of α̂i across Techniques

CE PE mCRB

HL 0.52∗∗∗ 0.59∗∗∗ 0.38∗∗∗

(N = 60) (N = 58) (N = 56)

CE 0.52∗∗∗ 0.47∗∗∗

(N = 63) (N = 61)

PE 0.34∗∗∗

(N = 60)
∗∗∗ : p < 0.01. Observation counts vary according to overlap in parameter estimation success
across techniques.

3.2.3 Task-level Estimates

On every task a subject completes, their choices (or choice in the case of the mCRB) identify a

small interval containing αi, provided the choice is not at an endpoint. This gives us an opportunity

to study the within-individual, within-technique consistency of responses across tasks. Further-

more, we can use our repeat measurements to reduce measurement error using instrumentation, as

suggested by Gillen et al. (2018).

In the case of the price list techniques, when an individual is observed switching, it bounds

their α parameter between the value at which the options prior to the switch are equalized, and the

value at which the options at the switch are equalized. These values range between roughly 0.45

and 1.35 for all of the techniques. An advantage of the CE and PE techniques is that there are

closed-form solutions for these α values. In the case of the CE, we have that

p · 30α = Bα ⇒ α =
ln(p)

ln(B/30)
, (9)

where p is the probability of winning $30 in the uncertain option, and A is the certain option. In

the case of the PE, we have that

p · 30α + (1− p) · 10α = q · 30α ⇒ α =
ln((1− p)/(q − p))

ln(3)
, (10)

where p is the probability of winning $30 in the uncertain option with a downside of $10, and q

is the probability of winning $30 in the uncertain option with a downside of $0. In the case of the
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HL, we have that

p · Aα1 + (1− p) · Aα2 = p ·Bα
1 + (1− p) ·Bα

2 , (11)

where A1 and A2 are the high and low outcomes of the low-variance option, respectively, B1 and

B2 are the high and low outcomes of the high-variance option, respectively, and p and q are the

probabilities of winning the high outcome in the low- and high-variance options, respectively. We

solve numerically for the α in this case. When an individual chooses the endpoint associated with

the most risk aversion (seeking), it provides an upper (lower) bound on α.

In the case of the mCRB, when an individual selects their preferred option, it bounds α between

the values at which the two adjacent choices are utility-maximizing outcomes according to

α =
Rx∗

M −Rx∗
, (12)

derived from equation (6). Again, these values range between roughly 0.45 and 1.35. When

a subjects selects an endpoint option, it provides either a lower or upper bound at the adjacent

choice.

For each technique, we take the midpoint of the interval identified by a non-endpoint choice as

the task-specific estimate of αi. In Table 4, we examine how consistent each technique’s estimate

are. In column (1), we regress the standard deviation of of these estimates on indicator variables

for technique. In column (3), we use the range of the estimates as the dependent variable instead.

Importantly, there is selection into this sample based on a subject making any non-endpoint choice

within the tasks of a technique. Based on Table 1, this means we impose stricter selection on some

techniques than others. Therefore, in columns (2) and (4), we show equivalent regression estimates

to columns (1) and (3), respectively, with the sample limited to individuals with a defined α̂ij for

all techniques, j ∈ {HL,CE, PE,mCRB}.

We find that the differences across techniques in the stability of parameter estimates across

tasks are mostly due to subjects for whom we do not obtain at least one α̂i for each technique. In

column (1), we estimate that the PE produces estimates with a higher variance than both the HL

and the mCRB (p = 0.06, and p = 0.03, respectively). However, in column (2) when we restrict

the sample to the subjects that have at least one α̂i for all techniques, the PE coefficient is smaller,

and only differs significantly from that of the CE (p = 0.05). Consistent with this pattern, in
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Table 4: Within-individual Parameter Consistency

Dependent Variable: α̂i SD α̂i Range

Sample: All ∃ α̂i
j ∀ j All ∃ α̂i

j ∀ j

(1) (2) (3) (4)

Constant (HL Level) 0.120∗∗∗ 0.120∗∗∗ 0.280∗∗∗ 0.284∗∗∗

(0.009) (0.012) (0.021) (0.028)

CE 0.012 -0.011 0.038 -0.021
(0.014) (0.019) (0.035) (0.047)

PE 0.035∗ 0.026 0.102∗∗ 0.086
(0.018) (0.023) (0.045) (0.061)

mCRB -0.004 0.002 -0.018 -0.001
(0.012) (0.017) (0.029) (0.042)

H0: CE = PE F (1, 64) = 1.69 F (1, 29) = 4.12∗ F (1, 64) = 2.22 F (1, 29) = 5.54∗∗

H0: CE = mCRB F (1, 64) = 1.83 F (1, 29) = 1.59 F (1, 64) = 3.95∗ F (1, 29) = 0.52

H0: PE = mCRB F (1, 64) = 5.20∗∗ F (1, 29) = 1.42 F (1, 64) = 9.10∗∗∗ F (1, 29) = 3.30∗

Clusters 65 30 65 30

Observations 211 120 211 120
∗∗∗ : p < 0.01, ∗∗ : p < 0.05, ∗ : p < 0.10. Standard errors clustered by subject. In columns (2) and (4) the sample is limited to subjects
for whom there exists at least one non-endpoint switch (or choice) on all four techniques. Estimates from are from OLS models.

column (3), the estimates show a larger range of parameter estimates for the PE relative ot the HL

and mCRB (p = 0.03, and p < 0.01, respectively). We also find that the mCRB produces a smaller

range than the CE (p = 0.05). When we restrict the sample in column (4), the difference between

the mCRB and CE goes away entirely, and the difference between the HL and the PE attenuates,

although the PE does produce a significantly larger parameter range than either the CE (p = 0.03)

or the mCRB (p = 0.08), even in this restricted sample. These results suggest that the PE is prone

to more noise across tasks, but also, unsurprisingly, that subjects who make all endpoint choices

(or a combination of those and multiple switches) on one technique are more likely to have noisy

switch/choice patterns on others.

The average range of parameter estimates for an individual across tasks of the same technique

is 0.31. Given that our goal is to estimate an α parameter we suspect lies between 0.5 and 1.3, this

is a lot of noise. As long as an underlying notion of risk preference influences choices across tasks,

we can use instrumental variables to separate out the variation that is common across tasks from

the task-specific noise (Gillen et al., 2018). This should lead to an improved correlation of the α

parameters across techniques.
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We implement the Obviously Related Instrumental Variables (ORIV) strategy of Gillen et al.

(2018), although some adjustments are required based on the fact that we have six, rather than

two, measurements of each αij , and missing observations due to multiple switching and endpoint

choice. The idea behind ORIV is that we can use each α̂ij,k as an instrument for the other five,

where k ∈ {1, 2, ...6} is the task number within technique j. For example, if we were running

a regression of α̂iHL on α̂iCE , we would replace the explanatory variable, α̂iCE with the stack of

the six standardized, task-specific measurements, and instrument for each with the other five. Fur-

thermore, we would replace the dependent variable, α̂iHL with the stack of the six standardized,

task-specific measurements. Overall, we would have 36 instrumented relationships between α̂iHL

and α̂iCE .

There are two challenges to overcome when implementing this strategy. First, there are many

endpoint choices in the data, which do not produce midpoint estimates. To avoid this problem, we

use the value of α that generates indifference (or maximized utility in the case of the mCRB) at the

endpoint as our estimate of αij when a subject makes an endpoint choice. Second, backing out the

correlation coefficient from the ORIV regression requires adjusting the regression coefficient by

the covariances of the repeated measurements of the explanatory and dependent variables. When

the number of repeated measurements exceeds two, these covariances are not scalars, and we run

into a dimensionality problem. To deal with this, we average the sets of six measurements down

to two measurements for both variables in the regression. While Gillen et al. (2018) notes that this

reduces the efficacy of the procedure, we do this averaging using all 31 unique partitions of the six

measurements into two groups, and average the correlation coefficient obtained from each partition

average.8 Our goal is to eliminate the dimensionality problem while still using as much information

from our six repeat measurements as possible. We use a 250-replication bootstrap over subjects

–iterating over all 31 averaging partitions each time– to produce a mean correlation coefficient and

permit hypothesis testing. In Table 5 we present the correlations of estimates across techniques

both using the ORIV procedure, and using the individual-specific estimate (as in Section 3.2.2)

from the same sample –the 45 individuals with no multiple switches, and for whom we can estimate

α̂ij for all techniques.

All ORIV correlation estimates are positive and significant at the 1% level. In most cases,

8This includes unbalanced groups of two and four, and one and five.
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Table 5: Correlation Coefficients of α̂i across Techniques with ORIV

CE PE mCRB

Model: Standard ORIV Standard ORIV Standard ORIV

(1) (2) (3) (4) (5) (6)

HL 0.66∗∗∗ 0.75∗∗∗ 0.65∗∗∗ 0.60∗∗∗ 0.44∗∗∗ 0.71∗∗∗

CE 0.55∗∗∗ 0.55∗∗∗ 0.46∗∗∗ 0.70∗∗∗

PE 0.25∗ 0.36∗∗∗

∗∗∗ : p < 0.01, ∗ : p < 0.10. To standardize the sample across models without throwing out most of the data, we
use the value of α that generates indifference (or maximized utility in the case of the mCRB) at the endpoint as our
estimate of αi

j when a subject does not switch (or chooses the endpoint in the mCRB). ORIV estimates and hypothesis
tests are based on 250-replication bootstraps of the procedure. A single iteration of the bootstrap produces an ORIV
correlation coefficient that is the average each of the 31 correlation coefficients calculated across all possible ways of
averaging our six measures of each αi

j down to two unique measures. Averaging down to two measures is necessary
to infer the correlation coefficient from the ORIV regression. The sample contains the 45 subjects that never made
a multiple switch and for which we can estimated α̂i

j for all techniques, as outlined in Section 3.2.2. The standard
model is an estimate of the correlation coefficient (exactly as in Table 3) using the individual-level estimates for only
these 45 subjects.

this procedure shows an increase in the correlation relative to using individual-level estimates.

The mCRB is no longer the clear outlier in terms of relatedness to the other techniques; instead,

the relationship between the PE and mCRB is an outlier relative to the otherwise strong pairwise

relationships. From a measurement point of view, however, it’s clear that all four of these stylized

elicitations reveal highly related across-individual variation.

3.3 Internal Validity

We take three approaches to assessing the within-study validity of our estimates. The first is a

measure of fit, where we predict choices on all tasks of a technique using the individual-level

parameter estimated from them. The second is a within-technique, across-task exercise where we

use the task-level parameter estimate to predict choice on all other tasks of that technique. Finally,

we consider an across-technique predictive validity task where we predict choices on each task of

a technique using the individual-level estimates from the other techniques.

α̂ij is the estimate of α for individual i using technique j, where j ∈ {HL,CE, PE,mCRB}.

Call cij,k individual i’s choice on task k of technique j. Our measure of in-sample fit uses α̂ij to

predict cij,k. We refer to this prediction as “Fit.” With the mCRB, we use α to predict the utility

of each of the ten options in the choice set and use the maximum as our predicted choice. With
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Table 6: Predicting Behavior in the Study: Absolute Prediction Errors

Prediction: Fit Across-within Across-between

Sample: All HL CE PE mCRB

(1) (2) (3) (4) (5) (6)

Constant (HL Level) 1.467∗∗∗ 1.474∗∗∗ 2.119∗∗∗ 1.797∗∗∗ 2.181∗∗∗

(0.057) (0.102) (0.148) (0.130) (0.160)

CE (Constant in (3)) 0.079 0.523∗∗∗ 2.618∗∗∗ 0.593∗∗∗ 0.312∗

(0.117) (0.160) (0.192) (0.144) (0.165)

PE -0.078 0.355∗∗ -0.656∗∗∗ 0.243 0.097
(0.090) (0.151) (0.193) (0.157) (0.126)

mCRB 0.017 0.567∗∗∗ -0.618∗∗∗ 0.408∗∗ 0.225
(0.128) (0.152) (0.216) (0.193) (0.170)

Clusters 66 66 66 65 66 66

Observations 1475 1452 385/367/355 354/373/361 350/384/354 360/396/378
∗∗∗ : p < 0.01, ∗∗ : p < 0.05, ∗ : p < 0.10. Observation counts depend on whether whether both the predicting α exists, and whether the choice-
to-be-predicted is non-multiple switch. In columns (3)-(6), we estimate the mean prediction errors separately for each of the three techniques. The
observation counts are for each of these mean estimations, where top-to-bottom in the table reads left-to-right in the count. Standard errors are
clustered at the individual level when these means are re-estimated simultaneously, and we present linear combinations of these means to match
typical regression output.

the price-list techniques, we use α to predict the utility of each option in each row of the list. This

generates a predicted switch point. In both cases, we define the prediction error as the absolute

value of the difference between the predicted choice row (switch point) and the observed choice

row (switch point). This measure is only defined when α̂ij exists, and cij,k is not missing due to

a multiple-switch. In column (1) of Table 6 we show regressions of the absolute prediction error

from the Fit procedure on indicator variables for each technique. We find similar performance

across techniques in average Fit performance, with an average error across all techniques of 1.47

rows. There is a substantial difference in performance at the extremes that these mean estimates

don’t show: whereas the HL, CE and PE predict 18.3%, 24.8%, and 21.6% choices with no error,

respectively, the mCRB predicts 36.6% of choices with no error (p < 0.01, comparing the mCRB

to each other task). On the other hand, the mCRB is the only technique to produce errors larger

than seven options in magnitude. Figure 4, Panel A shows the cumulative distribution of these

Fit prediction errors by technique, showcasing both the high frequency of zero error and the large

outliers from the mCRB.

We now consider a within-technique cross-validation exercise, where we use choices from each

task to predict choices on every other task within that technique. For example, if an individual
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Figure 4: Distribution of Choice Prediction Errors

switched between rows six and seven on the first task of the HL block, we use the α implied by

that switch to predict their choices on the next five tasks. α̂ij,k is the task-level estimate implied by

individual i’s choice on task k of technique j. We call cij,−k individual i’s choice on tasks other than

k for technique j. Using this estimate, we predict utility and choice cij,−k as described earlier. We

refer to this prediction as “Across-within.” When considering any particular non-multiple switch

choice, this procedure generates five predictions and up to five prediction errors (depending on how

many of the other choices on that task are not multiple switches) that we average to keep the unit of

observation fixed at individual-technique-task. Column (2) of Table 6 shows regressions of these

average absolute Across-within errors on technique indicators. We find that the CE (p < 0.01), PE

(p = 0.02) and mCRB (p < 0.01) all produce larger errors than the HL. This advantage is driven

by fewer large outliers in the HL predictions. Figure 4, Panel B shows the cumulative distribution

of these errors by technique. The techniques feature similar density over low error predictions, but

the HL, and to a lesser extent the PE, accumulate density faster over moderate error predictions,

and thus feature fewer big mistakes.
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Finally, we consider between-technique cross-validation. We use α̂ij to predict utility and

choices ci−j,k, for all tasks on all techniques other than j. Each task on each technique is thus

predicted by up to three estimates, one from each of the other techniques. We refer to this predic-

tion as “Across-between.” In order to avoid losing observations when α̂ij exists for some techniques

but not others, we separately estimate mean absolute prediction errors for each technique and then

estimate the differences in those means in a framework that matches the other regressions in this

section. This is reflected in the three separate observation counts for each prediction –one for each

predictor. Results are presented in columns (3)-(6) of Table 6 for each technique. Note that when

predicting HL choices in column (3), the CE predictions play the role of the constant term in the

regression. As with the Across-within results, the Across-between estimates favor the HL tech-

nique. HL Across-within predictions feature the smallest errors when predicting the CE (vs. PE:

p = 0.12, vs. mCRB: p = 0.04), the PE (vs. CE: p < 0.01, vs. mCRB: p = 0.018), and the

mCRB (vs. CE: p = 0.06, vs. PE: p = 0.44). When predicting HL data, the PE and mCRB both

significantly outperform the CE (p < 0.01 in both cases).

3.4 External Validity

In our questionnaire, we asked our subjects eight questions about risky behavior. Two questions

were about safety (seatbelt and bicycle helmet use), and two were about gambling (whether they

gamble and whether they prefer games of chance or skill). The others were about trusting others,

assessing future uncertainty, investing, and purchasing warranties. We also asked them to self-

report their risk tolerance on a scale from one to ten. Nearly everyone reported always wearing

their seatbelt while in the car, most subjects had not ridden a bicycle in the last twelve months,

and the vast majority had never invested in the a stock market, so we drop these question from our

analysis. We also exclude the question about games of chance, given that many subjects had never

gambled, and thus did not respond.

We report the correlations between our individual-specific estimates of α and the riskybehav-

iors in columns (1)-(4) of Table 7. We also show the correlation between the risk variables and

self-reported risk tolerance in column (6). In the last row of the table, we use self-reported risk

tolerance to predict the risky behaviors. We show both the individual-level estimates of αij (as in
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Table 7: Estimated Correlation Coefficients for Behavior outside the Lab

Outcome: Trusts others Gambles Plans ahead Buys warranties Reported tolerance

(1) (2) (3) (4) (5)

Expected sign: + + - - +

α̂i
HL 0.36∗∗∗ 0.00 -0.17 0.20 0.06

α̂i
CE 0.13 0.05 -0.17 -0.12 0.04

α̂i
PE 0.18 0.04 -0.08 0.02 0.00

α̂i
mCRB -0.14 -0.06 -0.14 -0.02 0.00

ORIV α̂i
HL 0.36∗∗∗ 0.06∗∗∗ -0.23∗∗∗ 0.23∗∗∗ 0.01

ORIV α̂i
CE 0.19∗∗∗ 0.02∗∗ -0.14∗∗∗ -0.20∗∗∗ 0.11∗∗∗

ORIV α̂i
PE 0.42∗∗∗ 0.04 -0.25∗∗∗ -0.11∗∗∗ 0.27∗∗∗

ORIV α̂i
mCRB 0.03∗∗∗ -0.05∗∗∗ -0.08∗∗∗ -0.17∗∗∗ 0.13∗∗∗

ORIV α̂ 0.16∗∗∗ 0.04∗∗∗ -0.21∗∗∗ 0.01 0.03∗∗

Reported tolerance 0.21 0.30∗∗∗ -0.14 0.01 -
∗∗∗ : p < 0.01, ∗∗ : p < 0.05. Sample sizes are determined by the properties of both the predictor and the risky behavior
variables. The individual-level estimates are defined as in Section 3.2.2: NHL = 60, NCE = 66, NPE = 63, NmCRB = 61.
The ORIV estimates are defined for all individual-techniques without a multiple switch: NHL = 62, NCE = 61, NPE = 58,
NmCRB = 66. ORIV estimates and hypothesis tests are based on 250-replication bootstraps of the procedure. A single iteration of
the bootstrap produces an ORIV correlation coefficient that is the average each of the 31 correlation coefficients calculated across all
possible ways of averaging our six measures of each αi

j down to two unique measures. Averaging down to two measures is necessary
to infer the correlation coefficient from the ORIV regression. Trust in others is measured in response to “Generally speaking, would
you say that most people can be trusted or that you can’t be too careful in dealing with people?” (65 responses). Gambling is
measured in response to “In the past 12 months, have you gambled, either at a casino or amongst friends?” (65 responses). Planning
ahead is measured in response to “If there is something unpleasant in your future, would you rather know exactly what it is and
wait for it, or not know what it is and deal with it when it arises?” (65 responses). Warranty purchasing is measured with reports of
“Yes,” “No,” and “Sometimes” in response to “When you purchase expensive electronic products, do you purchase extended warranty
policies?” among the 62 subjects that have purchased expensive electronics. Reported risk tolerance is equal to eleven minus the
response to, “On a scale of 1 to 10, how would you rate your preference for avoiding risky situations, with 10 being the greatest
preference to avoid?” (63 responses).

Section 3.2.2) and the ORIV approach to the task-level estimates (as in Section 3.2.3). We also

show results using an across-technique ORIV approach where we use our four individual-level

estimates to instrument for one another.9 Estimated coefficients that have the opposite sign of what

we expect are in red.

There are four broad takeaways from the correlation estimates. First, and most importantly,

the ORIV procedure is extremely important for linking these stylized elicitations to risky behav-

iors outside the lab. Of the twenty estimated correlations between the individual-level parameter

estimates and the risky behaviors and the self-report, only one is statistically significant at the 1%

level with the expected sign. Given the number of tests in Table 7, this could easily be spurious. Of

9As with the task-level ORIV estimates, we iterate over all seven possible unique partitions for averaging, and use a
250-replication bootstrap over subjects to produce a mean correlation coefficient and permit hypothesis testing.
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the twenty estimated correlations between the task-level ORIV parameter estimates and the risky

behaviors and the self-report, 15 are statistically significant at the 1% level with the expected sign.

Three are not significant at the 1% level, but are the expected sign, and two are statistically signif-

icant at the 1% level with an unexpected sign. There are clear, substantial returns associated with

repeat elicitations used instrumentally, rather than to estimate a single parameter. Second, within

the set of task-level ORIV estimates, the CE and PE do not show any mis-predictions, whereas the

HL and mCRB both feature statistically significant mis-predictions (on warranty purchases and

gambling, respectively). The HL additionally fails to correlate with self-reported risk tolerance.

The CE and PE both perform very well, with the exception of predicting gambling behavior. Third,

the across-technique ORIV is less successful than the best within-technique ORIV approaches. It

features one insignificant mis-prediction (warranty purchase), and an imprecise correlation with

self-reported risk tolerance. Finally, self-reported risk tolerance as a predictor does better than any

of the individual-level parameter estimates (with the possible exception of the HL), but it does

substantially worse than any of the ORIV approaches.

Considering the risky behaviors more closely, gambling stands out as being only weakly related

to elicited risk preferences, as opposed to trusting others, planning ahead and buying warranties.

Direct utility from gambling participation, which may be uncorrelated with risk preference, likely

weakens this relationship. The theoretical relationship between warranty purchase and these risk

elicitations –especially the CE– is clear, and this is borne out strongly by the CE and mCRB.

Eckel and Wilson (2004) finds only a weak relationship between trust and risk preferences. The

relationship we identify is very noisy across techniques before the adjustment for measurement

error, but consistently positive (although weak in magnitude for the mCRB) after the adjustment.

Preferring to plan ahead for something unpleasant in the future, as opposed to dealing with it when

it arises, appears closely linked to elicited risk preference.

4 Discussion

We compared the HL, CE, PE, and mCRB techniques along four broad dimensions: how often

subject choices allow the researcher to identify the parameter of interest, the estimated parameters

of interest, the internal predictive validity of the estimates, and the external predictive validity of
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the estimates. Summarizing those comparisons in order to make a recommendation to researchers

is a difficult task; there is no technique that is ‘best’ along each dimension, for some dimensions

the definition of ‘best’ is normative, and it requires ranking the dimensions in terms of importance.

However, the purpose of this work is to provide clarity to researchers in need of a risk preference

elicitation task, so we try our best to summarize our findings prescriptively:

1. Subjects best understand the CE task. This manifests in slightly less multiple switching (of

the price-lists) and the least endpoint choice. As a result, we were able to obtain an estimate

of αiCE for every subject in our sample. While multiple-switching rates in our study were

low, they are often much higher in the field. Researchers concerned about maximizing their

risk preference yield should consider the CE.

2. The CE produces less risk aversion than the other techniques. This is true on aggregate

and at the individual level, and is true across whole distribution of preferences. Researchers

concerned about risk preference estimates indicating more-than-plausible small-stakes risk

aversion Rabin (2000) should consider the CE in price-list form.

3. The PE produces more across-task variation than the other techniques. Researchers only

able to implement one task should consider avoiding the PE.

4. The HL features the best internal validity in terms of predicting other choices within the risk

preference elicitations. Researchers concerned with predicting other abstract risky choices

should consider the HL.

5. Conditional on using the ORIV procedure, the CE and PE do not make significant mis-

predictions of risky behavior outside the lab. All five of our CE predictions are statistically

significant and in the expected direction. Researchers concerned with predicting risky be-

haviors generally (as in identifying heterogeneous treatment effects, for example) should

consider the CE with repeat measurements to permit the ORIV procedure.

Of the points above, we believe that 1 and 5 should carry the most weight. These elicitations

often accompany lab or field studies, where the researchers need a control or interaction variable

for risk. As such, maintaining sample size and capturing the part of the behavior of interest due
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to general risk preference are crucial. So in the end, it may be that subject understanding, and

a close correspondence to common naturalistic risky decisions on the CE –do I take this risk or

not?– outweigh the theoretical advantages of limiting all choices to the domain of uncertainty, and

point-identifying utility maximums.10

An important caveat to these conclusions is that these techniques are more similar than they

are different. The distributions of parameter estimates they produce have similar shapes, subject

to small shifts or spreads. They are highly correlated with one another –both with and without the

ORIV procedure. With the ORIV procedure they all do fairly well predicting risky behavior outside

the lab, and without it they all fail. Partly, this could be due to the optimal conditions of our study:

our subjects were numerate undergraduates at a selective university, in a laboratory with extensive

instructions. We would expect across-technique differences in the elicitation success rates, for

example, to matter more in other settings. On the other hand, the finding of strong similarities

across tasks stands in stark contrast to the previous literature (Crosetto and Filippin, 2016; Frey

et al., 2017; Pedroni et al., 2017).

Charness et al. (2013) looks across many studies in both economics and psychology to assess

risk preference elicitation techniques. They come to the conclusion that “Given their stylized na-

ture... experiments may not be ideal for identifying levels of risk aversions, to the extent that the

estimated risk preferences and parameters may not have predictive power for behavior across do-

mains.” We find evidence consistent with this as they are typically implemented. However, when

used in an a repeat-measurement-instrument approach, as outlined by Gillen et al. (2018), we see

encouraging signs that these stylized techniques can predict risky behavior across domains. While

this procedure requires multiple elicitations and more advanced econometrics, the gains we iden-

tify in Table 7 are remarkable, and, we think, clearly worth the extra effort. Furthermore, most

implementations of these tasks already involve repeated measurements. This procedure may only

involve switching the way those measurements are used, rather than changing the collection strat-

egy. When using the measurements this way, it is valuable for there to exist a simple mapping from

the switch point or chosen point to the parameter value of interest (in this single-variable model).

The CE and mCRB both feature very simple mappings, the PE mapping is more complicated, but

10Furthermore, we do not observe evidence in support of the idea that allowing certainty into the choice set will lead
to excess risk aversion.
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still analytical, whereas the HL relationship has no analytical expression.

One critique of this line of research is that researchers using risk preferences as a control or

interaction variable in their study would be better off eliciting them in the domain in question for

their study. Some contextual risk elicitation tools already exist. Weber et al. (2002) developed

the Domain-Specific Risk-Taking (DOSPERT) scale that uses 40 questions across five domains

(financial, health, recreational, ethical, social). While not widely used in economics, it has had

some notable success in predicting risky behavior in the relevant domain (Dohmen et al., 2010).

Gneezy and Potters (1997) and Lejuez et al. (2002) developed techniques have been widely used

in economics and psychology to measure investment and visceral risk preference, respectively.

However, a relatively unexplored avenue that may be useful across domains is the application

of contextual frames to standard stylized instruments. It may be relatively simple to adjust the

Certainty Equivalent, for example, to risky health choices. I.e., “Would you prefer a treatment with

probability p of a painless recovery, that you value at $X, and probability 1 − p of a very painful

recovery that you value at $Y, or a treatment with a moderately painful recovery with certainty that

you value at $Z?” Future work is needed to determine whether such contextual framing may offer

better predictive validity without the need for repeat measurements or instrumental variables.
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PARTICIPANT ID: ___ 

 

Hello and Welcome. 

 

ELIGIBILITY FOR THIS STUDY: To be in this study, you must be a UCSD student. 

There are no other requirements. The study will be completely anonymous. We will not 

collect your name, student PID or any other identifying information. You have been 

assigned a participant number and it is on the note card in front of you. This number will 

be used throughout the study. Please inform us if you do not know or cannot read your 

participant number. 

 

EARNING MONEY: 

To begin, you will be given a $5 minimum payment. This $5 is yours. Whatever you earn 

from the study today will be added to this minimum payment. All payments will be made 

in cash at the end of the study today.  

 

In this study you will make choices between various options. These decisions will be 

made in 4 separate blocks of tasks. Each block of tasks is different, and so new 

instructions will be read at the beginning of each task block. 

 

Once all of the decision tasks have been completed, we will randomly select one decision 

as the decision that counts. Whichever option you chose on that decision will determine 

how much you earn today (in addition to your $5 minimum payment).  Since all decisions 

are equally likely to be chosen, you should treat each decision as though it will be the 

decision that counts. 

 

THE TASKS: 

Throughout the tasks, the options you must choose from involve chance. You will be 

fully informed of the chance involved for every decision. For example, OPTION A could 

be a 75 in 100 chance of receiving $10 and a 25 in 100 chance of receiving $20. This 

might be compared to OPTION B of a 50 in 100 chance of receiving $20 and a 50 in 100 



chance of receiving $6. Imagine for a moment which one you would prefer. You have 

been provided with a calculator to help you in your decisions if you find it necessary. If 

this was chosen as the decision-that-counts, and you preferred OPTION A, we would 

then randomly choose a number from 1 to 100. This will be done by throwing two ten-

sided die: one for the tens digit and one for the ones digit (0-0 will be 100). If the chosen 

number was between 1 and 75 (including 1 and 75) you would receive $10 (plus $5 

minimum payment). If the number was between 76 and 100 (including 76 and 100) you 

would receive $20 (plus the $5 minimum payment). If, instead, you preferred OPTION 

B, we would again randomly choose a number from 1 to 100. If the chosen number was 

between 1 and 50 (including 1 and 50) you’d receive $6 (plus the $5 minimum payment). 

If the number was between 51 and 100 (including 51 and 100) you’d receive $20 (plus 

the $5 minimum payment). 

 

In a moment we will begin the first task.  In addition to choosing options that determine 

your payment, we will also be asking you about how confident you are in your choices.  

These questions will not affect your payment in any way. 

 

Please wait to turn the page until you are instructed to do so.  At the end of each block, 

we will wait for everyone to finish so that we can go over the instructions for the next 

block together.  We would greatly appreciate if you do not continue past this point until 

instructed to do so, and that you do not look ahead at the next blocks and tasks. 

 

 

 

 

 

 

 



BLOCK 1 
On the following pages you will complete 6 tasks. In each task you are asked to make a 

series of decisions between two uncertain options: Option A and Option B. 

 

In each task, Option A will be fixed, while Option B will vary. For example, in Task 1 

Option A will be a 10 in 100 chance of $10 and a 90 in 100 chance of $30. This will 

remain the same for all decisions in the task. Option B will vary across decisions. Initially 

Option B will be a 9 in 100 chance of $0 and a 91 in 100 chance of $30. As you proceed, 

Option B will change. The chance of receiving $30 will increase, while the chance of 

receiving $0 will decrease.  

 

For each row, all you have to do is decide whether you prefer Option A or Option B. 

Indicate your preference by checking the corresponding box. Most people begin by 

preferring Option A and then switch to Option B, so one way to view this task is to 

determine the best row to switch from Option A to Option B. 

 
The first question from Task 1 is reproduced as an example.  

EXAMPLE 

 Option A   Option B  
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

1) 10 in 100 90 in 100 □ or 9 in 100 91 in 100 □ 
If you prefer Option A, fill in the box on the left… 

1) 10 in 100 90 in 100 ■ or 9 in 100 91 in 100 □ 
If you prefer Option A, fill in the box on the right… 

1) 10 in 100 90 in 100 □ or 9 in 100 91 in 100 ■ 
 

Remember, each decision could be the decision-that-counts. So, it is in your best interest 

to treat each decision as if it could be the one that determines your payments.  Please wait 

to turn the page until you are instructed to do so. 



TASK 1 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 10 in 100 chance of $10 and a 90 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 10 in 100 chance of 
$0 and a 90 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same chance of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 9 Option B offers you $30 for sure.   Since most 
people would prefer the sure gain of $30 to the 90 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 

 
 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 10 in 100 90 in 100 ■ or 10 in 100 90 in 100 □ 
1) 10 in 100 90 in 100 □ or 9 in 100 91 in 100 □ 
2) 10 in 100 90 in 100 □ or 8 in 100 92 in 100 □ 
3) 10 in 100 90 in 100 □ or 7 in 100 93 in 100 □ 
4) 10 in 100 90 in 100 □ or 6 in 100 94 in 100 □ 
5) 10 in 100 90 in 100 □ or 5 in 100  95 in 100 □ 
6) 10 in 100 90 in 100 □ or 4 in 100 96 in 100 □ 
7) 10 in 100 90 in 100 □ or 3 in 100 97 in 100 □ 
8) 10 in 100 90 in 100 □ or 2 in 100 98 in 100 □ 
9) 10 in 100 90 in 100 □ or 1 in 100 99 in 100 □ 
Example 10 in 100 90 in 100 □ or 0 in 100 100 in 100 ■ 
 
 
 



TASK 2 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 25 in 100 chance of $10 and a 75 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 25 in 100 chance of 
$0 and a 75 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same odds of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 13 Option B offers you $30 for sure.   Since most 
people would prefer the sure gain of $30 to the 75 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 

 

 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 25 in 100 75 in 100 ■ or 25 in 100 75 in 100 □ 
1) 25 in 100 75 in 100 □ or 19 in 100 81 in 100 □ 
2) 25 in 100 75 in 100 □ or 18  in 100 82 in 100  □ 
3) 25 in 100 75 in 100 □ or 17  in 100 83 in 100  □ 
4) 25 in 100 75 in 100 □ or 16  in 100 84 in 100  □ 
5) 25 in 100 75 in 100 □ or 15  in 100 85 in 100 □ 
6) 25 in 100 75 in 100 □ or 14  in 100 86 in 100  □ 
7) 25 in 100 75 in 100 □ or 13  in 100 87 in 100  □ 
8) 25 in 100 75 in 100 □ or 12  in 100 88 in 100  □ 
9) 25 in 100 75 in 100 □ or 11  in 100 89 in 100  □ 
10) 25 in 100 75 in 100 □ or 10  in 100 90 in 100 □ 
Example 25 in 100 75 in 100 □ or 0 in 100 100 in 100 ■ 



TASK 3 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 40 in 100 chance of $10 and a 60 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 40 in 100 chance of 
$0 and a 60 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same odds of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 10 Option B offers you $30 for sure.   Since most 
people would prefer the sure gain of $30 to the 60 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 
 
 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 40 in 100 60 in 100 ■ or 40 in 100 60 in 100 □ 
1) 40 in 100 60 in 100 □ or 31 in 100 69 in 100 □ 
2) 40 in 100 60 in 100 □ or 30 in 100 70 in 100  □ 
3) 40 in 100 60 in 100 □ or 29 in 100 71 in 100  □ 
4) 40 in 100 60 in 100 □ or 28 in 100 72 in 100  □ 
5) 40 in 100 60 in 100 □ or 26 in 100 74 in 100  □ 
6) 40 in 100 60 in 100 □ or 24 in 100 76 in 100  □ 
7) 40 in 100 60 in 100 □ or 22 in 100 78 in 100  □ 
8) 40 in 100 60 in 100 □ or 20 in 100 80 in 100  □ 
9) 40 in 100 60 in 100 □ or 18 in 100 82 in 100  □ 
10) 40 in 100 60 in 100 □ or 16 in 100 84 in 100 □ 
Example 40 in 100 60 in 100 □ or 0 in 100 100 in 100 ■ 
 



TASK 4 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 60 in 100 chance of $10 and a 40 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 60 in 100 chance of 
$0 and a 40 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same odds of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 10 Option B offers you $30 for sure.  Since most 
people would prefer the sure gain of $30 to the 40 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 
 
 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 60 in 100 40 in 100 ■ or 60 in 100 40 in 100 □ 
1) 60 in 100 40 in 100 □ or 47 in 100 53 in 100 □ 
2) 60 in 100 40 in 100 □ or 45 in 100 55 in 100 □ 
3) 60 in 100 40 in 100 □ or 43 in 100 57 in 100 □ 
4) 60 in 100 40 in 100 □ or 41 in 100 59 in 100 □ 
5) 60 in 100 40 in 100 □ or 39 in 100 61 in 100 □ 
6) 60 in 100 40 in 100 □ or 36 in 100 64 in 100 □ 
7) 60 in 100 40 in 100 □ or 33 in 100 67 in 100 □ 
8) 60 in 100 40 in 100 □ or 30 in 100 70 in 100 □ 
9) 60 in 100 40 in 100 □ or 27 in 100 73 in 100 □ 
10) 60 in 100 40 in 100 □ or 23 in 100 77 in 100 □ 
Example 60 in 100 40 in 100 □ or 0 in 100 100 in 100 ■ 
 



TASK 5 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 75 in 100 chance of $10 and a 25 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 75 in 100 chance of 
$0 and a 25 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same odds of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 10 Option offers you $30 for sure.  Since most 
people would prefer the sure gain of $30 to the 25 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 
 
 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 75 in 100 25 in 100 ■ or 75 in 100 25 in 100 □ 
1) 75 in 100 25 in 100 □ or 58 in 100 42 in 100 □ 
2) 75 in 100 25 in 100 □ or 56 in 100 44 in 100 □ 
3) 75 in 100 25 in 100 □ or 54 in 100 46 in 100 □ 
4) 75 in 100 25 in 100 □ or 52 in 100 48 in 100 □ 
5) 75 in 100 25 in 100 □ or 49 in 100 51 in 100 □ 
6) 75 in 100 25 in 100 □ or 46 in 100 54 in 100 □ 
7) 75 in 100 25 in 100 □ or 42 in 100 58 in 100 □ 
8) 75 in 100 25 in 100 □ or 38 in 100 62 in 100 □ 
9) 75 in 100 25 in 100 □ or 34 in 100 66 in 100 □ 
10) 75 in 100 25 in 100 □ or 30 in 100 70 in 100 □ 
Example 75 in 100 25 in 100 □ or 0 in 100 100 in 100 ■ 
 



TASK 6 
 

On this page you will make a series of decisions between two uncertain 
options.   Option A will be a 90 in 100 chance of $10 and a 10 in 100 chance of $30. 
Option B will vary across decisions: initially, Option B will be a 90 in 100 chance of 
$0 and a 10 in 100 chance of $30.  As you proceed down the rows, Option B will 
change.  The chance of receiving $0 will decrease, while the chance of receiving 
$30 will increase.   

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you.  Notice that prior to row 1 Options A and 

B offer you the same odds of winning $30.   Since most people would prefer the 
alternative of receiving $10 to the alternative of receiving $0, we checked Option A 
in this case.  Notice also after row 10 Option B offers you $30 for sure.  Since most 
people would prefer the sure gain of $30 to the 10 in 100 chance of $30, we checked 
Option B in this case.  Notice that one way to organize your choices is to decide at 
which row, if ever, your preference switches between Option A and Option B. 
 
 Option A or Option B 
 Chance of $10 Chance of $30   Chance of $0 Chance of $30  

Example 90 in 100 10 in 100 ■ or 90 in 100 10 in 100 □ 
1) 90 in 100 10 in 100 □ or 69 in 100 31 in 100 □ 
2) 90 in 100 10 in 100 □ or 67 in 100 33 in 100 □ 
3) 90 in 100 10 in 100 □ or 65 in 100 35 in 100 □ 
4) 90 in 100 10 in 100 □ or 62 in 100 38 in 100 □ 
5) 90 in 100 10 in 100 □ or 59 in 100 41 in 100 □ 
6) 90 in 100 10 in 100 □ or 55 in 100 45 in 100 □ 
7) 90 in 100 10 in 100 □ or 51 in 100 49 in 100 □ 
8) 90 in 100 10 in 100 □ or 46 in 100 54 in 100 □ 
9) 90 in 100 10 in 100 □ or 41 in 100 59 in 100 □ 
10) 90 in 100 10 in 100 □ or 35 in 100 65 in 100 □ 
Example 90 in 100 10 in 100 □ or 0 in 100 100 in 100 ■ 
 



You have now completed the first block of tasks.  We will wait for others to finish before 

we begin the second block.  At this point, please do not go back to change choices you 

have already made. 

 

About the decisions you made in block 1: on a scale of 1 to 5, where a 1 indicates least 

confident and a 5 indicates most confident, please rate how confident you feel about your 

choices in block 1?  Circle the number below to indicate your answer: 

 

1  2  3  4  5 

(I was just guessing)                                         (I knew exactly 

                                                                                what I was doing) 

 

 

Please wait to turn the page until you are instructed to do so. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



BLOCK 2 
On the following pages you will complete 6 tasks. In each task you are asked to make a 

decision between ten uncertain options: Option1 through Option 10. 

 

In each task, each option will offer you an amount, in dollars, and a chance of winning 

that amount.  In each task, all ten options will present you with a different combination of 

amounts and chances. Higher amounts always come with a lower chance of winning and 

lower amounts always come with a higher chance of winning.  Option 1 at the top, will 

always offer the lowest amount and the highest probability.  As you move down, towards 

Option 10, the amounts will go up, but the chances of winning will go down.  

 

For each task, all you have to do is decide which option is you prefer most. Indicate your 

preference by checking the corresponding box. 

 

Task 1 is reproduced as an example on the next page.  

 

Remember, each decision could be the decision-that-counts. So, it is in your best interest 

to treat each decision as if it could be the one that determines your payments. 

 

 
 
 
 
 
 
 
 
 
 

 



EXAMPLE 
 

 

Please wait to turn the page until you are instructed to do so. 

Options Check the one box for the Option 

you prefer most  

1. Win $11.10 with chance  83 in 100 □ 

2. Win $12.60 with chance 78 in 100 □ 

3. Win $14.10 with chance 73 in 100 □ 

4. Win $15.30 with chance 69 in 100 □ 

5. Win $16.50 with chance 65 in 100 □ 

6. Win $17.70 with chance 61 in 100 □ 

7. Win $18.60 with chance 58 in 100 □ 

8. Win $19.20 with chance 56 in 100 □ 

9. Win $19.80 with chance 54 in 100 □ 

10. Win $20.70 with chance 51 in 100 □ 

If Option 1 is your most preferred, fill in the box associated with it on the right… 

1. Win $11.10 with chance  83 in 100 ■ 
If Option 10 is your most preferred, fill in the box associated with it on the right… 

10. Win $20.70 with chance 51 in 100 ■ 
If any of the other options is your most preferred, fill in the box associated with that 

option in the column on the right. 



TASK 1 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $11.10 with chance  83 in 100 □ 

2. Win $12.60 with chance 78 in 100 □ 

3. Win $14.10 with chance 73 in 100 □ 

4. Win $15.30 with chance 69 in 100 □ 

5. Win $16.50 with chance 65 in 100 □ 

6. Win $17.70 with chance 61 in 100 □ 

7. Win $18.60 with chance 58 in 100 □ 

8. Win $19.20 with chance 56 in 100 □ 

9. Win $19.80 with chance 54 in 100 □ 

10. Win $20.70 with chance 51 in 100 □ 



TASK 2 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $11.50 with chance  49 in 100 □ 

2. Win $13.00 with chance 46 in 100 □ 

3. Win $14.50 with chance 43 in 100 □ 

4. Win $15.50 with chance 41 in 100 □ 

5. Win $16.50 with chance 39 in 100 □ 

6. Win $17.50 with chance 37 in 100 □ 

7. Win $18.50 with chance 35 in 100 □ 

8. Win $19.50 with chance 33 in 100 □ 

9. Win $20.00 with chance 32 in 100 □ 

10. Win $20.50 with chance 31 in 100 □ 



TASK 3 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $18.50 with chance  83 in 100 □ 

2. Win $21.00 with chance 78 in 100 □ 

3. Win $23.50 with chance 73 in 100 □ 

4. Win $25.50 with chance 69 in 100 □ 

5. Win $27.50 with chance 65 in 100 □ 

6. Win $29.50 with chance 61 in 100 □ 

7. Win $31.00 with chance 58 in 100 □ 

8. Win $32.00 with chance 56 in 100 □ 

9. Win $33.00 with chance 54 in 100 □ 

10. Win $34.50 with chance 51 in 100 □ 



TASK 4 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
;[‘ 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $15.00 with chance  66 in 100 □ 

2. Win $17.00 with chance 62 in 100 □ 

3. Win $19.00 with chance 58 in 100 □ 

4. Win $20.50 with chance 55 in 100 □ 

5. Win $22.00 with chance 52 in 100 □ 

6. Win $23.50 with chance 49 in 100 □ 

7. Win $24.50 with chance 47 in 100 □ 

8. Win $25.50 with chance 45 in 100 □ 

9. Win $26.50 with chance 43 in 100 □ 

10. Win $27.50 with chance 41 in 100 □ 



TASK 5 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $23.00 with chance  49 in 100 □ 

2. Win $26.00 with chance 46 in 100 □ 

3. Win $29.00 with chance 43 in 100 □ 

4. Win $31.00 with chance 41 in 100 □ 

5. Win $33.00 with chance 39 in 100 □ 

6. Win $35.00 with chance 37 in 100 □ 

7. Win $37.00 with chance 35 in 100 □ 

8. Win $39.00 with chance 33 in 100 □ 

9. Win $40.00 with chance 32 in 100 □ 

10. Win $41.00 with chance 31 in 100 □ 



TASK 6 
 

 On this page you will make a decision between ten options.  Each option 
offers you an amount you can win and a chance of winning it.  As you move from 
Option 1 at the top to Option 10 on the bottom, the amount you can win goes up but 
the chance of winning it goes down.  The higher the amount you choose, the lower 
the chance you win it.   
 

For this task, all you have to do is decide which option you prefer most. Indicate 
your preference by filling in the one box next to your most preferred option.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Options Check the one box for the Option 
you prefer most  

1. Win $15.00 with chance  33 in 100 □ 

2. Win $17.00 with chance 31 in 100 □ 

3. Win $19.00 with chance 29 in 100 □ 

4. Win $20.00 with chance 28 in 100 □ 

5. Win $22.00 with chance 26 in 100 □ 

6. Win $23.00 with chance 25 in 100 □ 

7. Win $24.00 with chance 24 in 100 □ 

8. Win $25.00 with chance 23 in 100 □ 

9. Win $26.00 with chance 22 in 100 □ 

10. Win $27.00 with chance 21 in 100 □ 



You have now completed the second block of tasks.  We will wait for others to finish 

before we begin the third block.  At this point, please do not go back to change choices 

you have already made. 

 

About the decisions you made in block 2: on a scale of 1 to 5, where a 1 indicates least 

confident and a 5 indicates most confident, please rate how confident you feel about your 

choices in block 2?  Circle the number below to indicate your answer: 

 

1  2  3  4  5 

(I was just guessing)                                         (I knew exactly 

                                                                                what I was doing) 

 

 

Please wait to turn the page until you are instructed to do so. 

 

 

 

 

 

 

 

 

 

 

 



BLOCK 3 
On the following pages you will complete 6 tasks. In each task you are asked to make a 

series of decisions between two options: Option A and Option B.  

 

In each task, Option A will be fixed, while Option B will vary. For example, in Task 1, 

Option A will be a 10 in 100 chance of $30 and a 90 in 100 chance of $0. This will 

remain the same for all decisions in the task. Option B will always be a sure amount. 

Initially, Option B will be $0 for sure. As you proceed down the rows, Option B will 

change: the sure amount will increase. 

 

For each row, all you have to do is decide whether you prefer Option A or Option B. 

Indicate your preference by filling in the corresponding box. Most people begin by 

preferring Option A and then switch to Option B at some point, so one way to view this 

task is to determine the best row to switch from Option A to Option B.   

 

The first question from Task 1 is reproduced as an example.  

EXAMPLE 

 Option A   Option B  
 Chance of $30 Chance of $0   Sure Amount  

1) 10 in 100 90 in 100 □ or $0.20 for sure □ 
If you prefer Option A, fill in the box on the left… 

1) 10 in 100 90 in 100 ■ or $0.20 for sure □ 
If you prefer Option A, fill in the box on the right… 

1) 10 in 100 90 in 100 □ or $0.20 for sure ■ 
 

Remember, each decision could be the decision-that-counts. So, it is in your best interest 

to treat each decision as if it could be the one that determines your payments.  Please wait 

to turn the page until you are instructed to do so. 

 



TASK 1 
 
On this page you will make a series of decisions between two options. Option 

A will be a 10 in 100 chance of $30 and a 90 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 10 in 100 90 in 100 ■ or $0.00 for sure □ 
1) 10 in 100 90 in 100 □ or $0.20 for sure □ 
2) 10 in 100 90 in 100 □ or $0.45 for sure □ 
3) 10 in 100 90 in 100 □ or $0.85 for sure □ 
4) 10 in 100 90 in 100 □ or $1.40 for sure □ 
5) 10 in 100 90 in 100 □ or $2.00 for sure □ 
6) 10 in 100 90 in 100 □ or $2.65 for sure □ 
7) 10 in 100 90 in 100 □ or $3.35 for sure □ 
8) 10 in 100 90 in 100 □ or $4.05 for sure □ 
9) 10 in 100 90 in 100 □ or $4.75 for sure □ 
10) 10 in 100 90 in 100 □ or $5.45 for sure □ 
Example 10 in 100 90 in 100 □ or $30.00 for sure ■ 
 

 
 



TASK 2 
 
On this page you will make a series of decisions between two options. Option 

A will be a 25 in 100 chance of $30 and a 75 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 25 in 100 75 in 100 ■ or $0.00 for sure □ 
1) 25 in 100 75 in 100 □ or $1.40 for sure □ 
2) 25 in 100 75 in 100 □ or $2.45 for sure □ 
3) 25 in 100 75 in 100 □ or $3.55 for sure □ 
4) 25 in 100 75 in 100 □ or $4.70 for sure □ 
5) 25 in 100 75 in 100 □ or $5.85 for sure □ 
6) 25 in 100 75 in 100 □ or $6.95 for sure □ 
7) 25 in 100 75 in 100 □ or $8.00 for sure □ 
8) 25 in 100 75 in 100 □ or $8.95 for sure □ 
9) 25 in 100 75 in 100 □ or $9.85 for sure □ 
10) 25 in 100 75 in 100 □ or $10.70 for sure □ 
Example 25 in 100 75 in 100 □ or $30.00 for sure ■ 
 

 

 



TASK 3 
 
On this page you will make a series of decisions between two options. Option 

A will be a 40 in 100 chance of $30 and a 60 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 40 in 100 60 in 100 ■ or $0.00 for sure □ 
1) 40 in 100 60 in 100 □ or $3.90 for sure □ 
2) 40 in 100 60 in 100 □ or $5.65 for sure □ 
3) 40 in 100 60 in 100 □ or $7.30 for sure □ 
4) 40 in 100 60 in 100 □ or $8.80 for sure □ 
5) 40 in 100 60 in 100 □ or $10.15 for sure □ 
6) 40 in 100 60 in 100 □ or $11.40 for sure □ 
7) 40 in 100 60 in 100 □ or $12.50 for sure □ 
8) 40 in 100 60 in 100 □ or $13.50 for sure □ 
9) 40 in 100 60 in 100 □ or $14.40 for sure □ 
10) 40 in 100 60 in 100 □ or $15.20 for sure □ 
Example 40 in 100 60 in 100 □ or $30.00 for sure ■ 
 

 
 



TASK 4 
 
On this page you will make a series of decisions between two options. Option 

A will be a 60 in 100 chance of $30 and a 40 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 60 in 100 40 in 100 ■ or $0.00 for sure □ 
1) 60 in 100 40 in 100 □ or $9.60 for sure □ 
2) 60 in 100 40 in 100 □ or $11.80 for sure □ 
3) 60 in 100 40 in 100 □ or $13.65 for sure □ 
4) 60 in 100 40 in 100 □ or $15.15 for sure □ 
5) 60 in 100 40 in 100 □ or $16.40 for sure □ 
6) 60 in 100 40 in 100 □ or $17.50 for sure □ 
7) 60 in 100 40 in 100 □ or $18.45 for sure □ 
8) 60 in 100 40 in 100 □ or $19.25 for sure □ 
9) 60 in 100 40 in 100 □ or $19.95 for sure □ 
10) 60 in 100 40 in 100 □ or $20.55 for sure □ 
Example 60 in 100 40 in 100 □ or $30.00 for sure ■ 
 

 
 



TASK 5 
 
On this page you will make a series of decisions between two options. Option 

A will be a 75 in 100 chance of $30 and a 25 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 75 in 100 25 in 100 ■ or $0.00 for sure □ 
1) 75 in 100 25 in 100 □ or $15.75 for sure □ 
2) 75 in 100 25 in 100 □ or $17.75 for sure □ 
3) 75 in 100 25 in 100 □ or $19.25 for sure □ 
4) 75 in 100 25 in 100 □ or $20.40 for sure □ 
5) 75 in 100 25 in 100 □ or $21.35 for sure □ 
6) 75 in 100 25 in 100 □ or $22.15 for sure □ 
7) 75 in 100 25 in 100 □ or $22.80 for sure □ 
8) 75 in 100 25 in 100 □ or $23.35 for sure □ 
9) 75 in 100 25 in 100 □ or $23.80 for sure □ 
10) 75 in 100 25 in 100 □ or $24.20 for sure □ 
Example 75 in 100 25 in 100 □ or $30.00 for sure ■ 
 

 
 



TASK 6 
 
On this page you will make a series of decisions between two options. Option 

A will be a 90 in 100 chance of $30 and a 10 in 100 chance of $0. Option B will 
vary across decisions. Initially, Option B will be $0 for sure. As you proceed down 
the rows, Option B will change: the sure amount will increase.  

 
For each row, all you have to do is decide whether you prefer Option A or 

Option B and mark your preference by filling in the appropriate square. 
 
We provide two examples for you. Before row 1, since most people would 

prefer the possibility of receiving $30 to the receiving $0 for sure, we checked 
Option A in this case.  After row 10, since most people would prefer $30 for sure to 
the possibility of $30, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 

 
 Option A or Option B 
 Chance of $30 Chance of $0   Sure Amount  

Example 90 in 100 10 in 100 ■ or $0.00 for sure □ 
1) 90 in 100 10 in 100 □ or $23.70 for sure □ 
2) 90 in 100 10 in 100 □ or $24.75 for sure □ 
3) 90 in 100 10 in 100 □ or $25.50 for sure □ 
4) 90 in 100 10 in 100 □ or $26.05 for sure  □ 
5) 90 in 100 10 in 100 □ or $26.50 for sure □ 
6) 90 in 100 10 in 100 □ or $26.85 for sure □ 
7) 90 in 100 10 in 100 □ or $27.15 for sure □ 
8) 90 in 100 10 in 100 □ or $27.40 for sure □ 
9) 90 in 100 10 in 100 □ or $27.60 for sure □ 
10) 90 in 100 10 in 100 □ or $27.75 for sure □ 
Example 90 in 100 10 in 100 □ or $30.00 for sure ■ 
 
 

 



You have now completed the third block of tasks.  We will wait for others to finish 

before we begin the fourth block.  At this point, please do not go back to change choices 

you have already made. 

 

About the decisions you made in block 3: on a scale of 1 to 5, where a 1 indicates least 

confident and a 5 indicates most confident, please rate how confident you feel about your 

choices in block 3?  Circle the number below to indicate your answer: 

 

1  2  3  4  5 

(I was just guessing)                                         (I knew exactly 

                                                                                what I was doing) 

 

 

Please wait to turn the page until you are instructed to do so. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



BLOCK 4 
On the following pages you will complete 6 tasks. In each task you are asked to make a 

series of decisions between two uncertain options: Option A and Option B. 

 

In each task, both Option A and Option B will vary. For example, in Task 1, question 1 

Option A will be a 34 in 100 chance of $15 and a 66 in 100 chance of $12 Option B will 

be a 34 in 100 chance of $28.88 and a 66 in 100 chance of $0.75. As you proceed, both 

Option A and Option B will change. For Option A, the chance of receiving $15 will 

increase and the chance of receiving $12 will decrease. For Option B, the chance of 

receiving $28.88 will increase, while the chance of receiving $0.75 will decrease.  

 

For each row, all you have to do is decide whether you prefer Option A or Option B. 

Most people begin by preferring Option A and then switch to Option B, so one way to 

view this task is to determine the best row to switch from Option A to Option B. 

 

The first question from Task 1 is reproduced as an example.  

EXAMPLE 

 Option A   Option B  
 Chance of $15 Chance of $12   Chance of $28.88 Chance of $0.75  

1) 34 in 100 66 in 100 □ or 34 in 100 66 in 100 □ 
If you prefer Option A, fill in the box on the left… 

1) 34 in 100 66 in 100 ■ or 34 in 100 66 in 100 □ 
If you prefer Option A, fill in the box on the right… 

1) 34 in 100 66 in 100 □ or 34 in 100 66 in 100 ■ 
 

Remember, each decision could be the decision-that-counts. So, it is in your best interest 

to treat each decision as if it could be the one that determines your payments.  Please wait 

to turn the page until you are instructed to do so. 

 



TASK 1 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $15 and $12. Option B involves payments 
of $28.88 and $0.75. As you proceed, both Option A and Option B will change. For 
Option A, the chance of receiving $15 will increase and the chance of receiving 
$12 will decrease. For Option B, the chance of receiving $28.88 will increase, while 
the chance of receiving $0.75 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $12 for sure and Option B offers you $0.75 for sure.   Since most people 
would prefer receiving $12 to receiving $0.75, we checked Option A in this case.  
Notice also after row 10, Option A offers you $15 for sure and Option B offers you 
$28.88 for sure.   Since most people would prefer receiving $28.88 to receiving $15, 
we checked Option B in this case.  Notice that one way to organize your choices is 
to decide at which row, if ever, your preference switches between Option A and 
Option B. 
 

 Option A or Option B 
 Chance of $15 Chance of $12   Chance of $28.88 Chance of $0.75  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 34 in 100 66 in 100 □ or 34 in 100 66 in 100 □ 
2) 37 in 100 63 in 100 □ or 37 in 100 63 in 100 □ 
3) 40 in 100 60 in 100 □ or 40 in 100 60 in 100 □ 
4) 43 in 100 57 in 100 □ or 43 in 100 57 in 100 □ 
5) 46 in 100 54 in 100 □ or 46 in 100 54 in 100 □ 
6) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
7) 54 in 100 46 in 100 □ or 54 in 100 46 in 100 □ 
8) 58 in 100 42 in 100 □ or 58 in 100 42 in 100 □ 
9) 62 in 100 38 in 100 □ or 62 in 100 38 in 100 □ 
10) 65 in 100 35 in 100 □ or 65 in 100 35 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



TASK 2 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $11.25 and $7.50. Option B involves 
payments of $20 and $2.50. As you proceed, both Option A and Option B will 
change. For Option A, the chance of receiving $11.25 will increase and the chance 
of receiving $7.50 will decrease. For Option B, the chance of receiving $20 will 
increase, while the chance of receiving $2.50 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $7.50 for sure and Option B offers you $2.50 for sure.   Since most 
people would prefer receiving $7.50 to receiving $2.50, we checked Option A in this 
case.  Notice also after row 10, Option A offers you $11.25 for sure and Option B 
offers you $20 for sure.   Since most people would prefer receiving $20 to receiving 
$11.25, we checked Option B in this case.  Notice that one way to organize your 
choices is to decide at which row, if ever, your preference switches between Option 
A and Option B. 
 

 Option A or Option B 
 Chance of $11.25 Chance of $7.50   Chance of $20 Chance of $2.50  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 28 in 100 72 in 100 □ or 28 in 100 72 in 100 □ 
2) 30 in 100 70 in 100 □ or 30 in 100 70 in 100 □ 
3) 32 in 100 68 in 100 □ or 32 in 100 68 in 100 □ 
4) 35 in 100 65 in 100 □ or 35 in 100 65 in 100 □ 
5) 38 in 100 62 in 100 □ or 38 in 100 62 in 100 □ 
6) 41 in 100 59 in 100 □ or 41 in 100 59 in 100 □ 
7) 44 in 100 56 in 100 □ or 44 in 100 56 in 100 □ 
8) 47 in 100 53 in 100 □ or 47 in 100 53 in 100 □ 
9) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
10) 53 in 100 47 in 100 □ or 53 in 100 47 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



TASK 3 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $20 and $16. Option B involves payments 
of $38.50 and $1. As you proceed, both Option A and Option B will change. For 
Option A, the chance of receiving $20 will increase and the chance of receiving 
$16 will decrease. For Option B, the chance of receiving $38.50 will increase, while 
the chance of receiving $1 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $16 for sure and Option B offers you $1 for sure.   Since most people 
would prefer receiving $16 to receiving $1, we checked Option A in this case.  
Notice also after row 10, Option A offers you $20 for sure and Option B offers you 
$38.50 for sure.  Since most people would prefer receiving $38.50 to receiving $20, 
we checked Option B in this case.  Notice that one way to organize your choices is 
to decide at which row, if ever, your preference switches between Option A and 
Option B. 
 

 Option A or Option B 
 Chance of $20 Chance of $16   Chance of $38.50 Chance of $1  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 34 in 100 66 in 100 □ or 34 in 100 66 in 100 □ 
2) 37 in 100 63 in 100 □ or 37 in 100 63 in 100 □ 
3) 40 in 100 60 in 100 □ or 40 in 100 60 in 100 □ 
4) 43 in 100 57 in 100 □ or 43 in 100 57 in 100 □ 
5) 46 in 100 54 in 100 □ or 46 in 100 54 in 100 □ 
6) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
7) 54 in 100 46 in 100 □ or 54 in 100 46 in 100 □ 
8) 58 in 100 42 in 100 □ or 58 in 100 42 in 100 □ 
9) 62 in 100 38 in 100 □ or 62 in 100 38 in 100 □ 
10) 65 in 100 35 in 100 □ or 65 in 100 35 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



TASK 4 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $16.88 and $11.25. Option B involves 
payments of $30 and $3.75. As you proceed, both Option A and Option B will 
change. For Option A, the chance of receiving $16.88 will increase and the chance 
of receiving $11.25 will decrease. For Option B, the chance of receiving $30 will 
increase, while the chance of receiving $3.75 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $11.25 for sure and Option B offers you $3.75 for sure.   Since most 
people would prefer receiving $11.25 to receiving $3.75, we checked Option A in 
this case.  Notice also after row 10, Option A offers you $16.88 for sure and Option 
B offers you $30 for sure.   Since most people would prefer receiving $30 to 
receiving $16.88, we checked Option B in this case.  Notice that one way to 
organize your choices is to decide at which row, if ever, your preference switches 
between Option A and Option B. 
 

 Option A or Option B 
 Chance of $16.88 Chance of $11.25   Chance of $30 Chance of $3.75  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 28 in 100 72 in 100 □ or 28 in 100 72 in 100 □ 
2) 30 in 100 70 in 100 □ or 30 in 100 70 in 100 □ 
3) 32 in 100 68 in 100 □ or 32 in 100 68 in 100 □ 
4) 35 in 100 65 in 100 □ or 35 in 100 65 in 100 □ 
5) 38 in 100 62 in 100 □ or 38 in 100 62 in 100 □ 
6) 41 in 100 59 in 100 □ or 41 in 100 59 in 100 □ 
7) 44 in 100 56 in 100 □ or 44 in 100 56 in 100 □ 
8) 47 in 100 53 in 100 □ or 47 in 100 53 in 100 □ 
9) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
10) 53 in 100 47 in 100 □ or 53 in 100 47 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



TASK 5 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $10 and $8. Option B involves payments of 
$19.25 and $0.50. As you proceed, both Option A and Option B will change. For 
Option A, the chance of receiving $10 will increase and the chance of receiving 
$8 will decrease. For Option B, the chance of receiving $19.25 will increase, while 
the chance of receiving $0.50 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $8 for sure and Option B offers you $0.50 for sure.   Since most people 
would prefer receiving $8 to receiving $0.50, we checked Option A in this case.  
Notice also after row 10, Option A offers you $19.25 for sure and Option B offers 
you $10 for sure.   Since most people would prefer receiving $19.25 to receiving 
$10, we checked Option B in this case.  Notice that one way to organize your 
choices is to decide at which row, if ever, your preference switches between Option 
A and Option B. 
 

 Option A or Option B 
 Chance of $10 Chance of $8   Chance of $19.25 Chance of $0.50  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 34 in 100 66 in 100 □ or 34 in 100 66 in 100 □ 
2) 37 in 100 63 in 100 □ or 37 in 100 63 in 100 □ 
3) 40 in 100 60 in 100 □ or 40 in 100 60 in 100 □ 
4) 43 in 100 57 in 100 □ or 43 in 100 57 in 100 □ 
5) 46 in 100 54 in 100 □ or 46 in 100 54 in 100 □ 
6) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
7) 54 in 100 46 in 100 □ or 54 in 100 46 in 100 □ 
8) 58 in 100 42 in 100 □ or 58 in 100 42 in 100 □ 
9) 62 in 100 38 in 100 □ or 62 in 100 38 in 100 □ 
10) 65 in 100 35 in 100 □ or 65 in 100 35 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



TASK 6 
 

On this page you will make a series of decisions between two uncertain 
options. Option A involves payments of $22.50 and $15. Option B involves 
payments of $40 and $5. As you proceed, both Option A and Option B will change. 
For Option A, the chance of receiving $22.50 will increase and the chance of 
receiving $15 will decrease. For Option B, the chance of receiving $40 will increase, 
while the chance of receiving $5 will decrease.  
 

For each row, all you have to do is decide whether you prefer Option A or 
Option B and mark your preference by filling in the appropriate square. 

 
We provide two examples for you.  Notice that prior to row 1, Option A 

offers you $15 for sure and Option B offers you $5 for sure.   Since most people 
would prefer receiving $15 to receiving $5, we checked Option A in this case.  
Notice also after row 9, Option A offers you $22.50 for sure and Option B offers 
you $40 for sure.  Since most people would prefer receiving $40 to receiving 
$22.50, we checked Option B in this case.  Notice that one way to organize your 
choices is to decide at which row, if ever, your preference switches between Option 
A and Option B. 
 

 Option A or Option B 
 Chance of $22.50 Chance of $15   Chance of $40 Chance of $5  

Example 0 in 100 100 in 100 ■ or 0 in 100 100 in 100 □ 
1) 28 in 100 72 in 100 □ or 28 in 100 72 in 100 □ 
2) 30 in 100 70 in 100 □ or 30 in 100 70 in 100 □ 
3) 32 in 100 68 in 100 □ or 32 in 100 68 in 100 □ 
4) 35 in 100 65 in 100 □ or 35 in 100 65 in 100 □ 
5) 38 in 100 62 in 100 □ or 38 in 100 62 in 100 □ 
6) 41 in 100 59 in 100 □ or 41 in 100 59 in 100 □ 
7) 44 in 100 56 in 100 □ or 44 in 100 56 in 100 □ 
8) 47 in 100 53 in 100 □ or 47 in 100 53 in 100 □ 
9) 50 in 100 50 in 100 □ or 50 in 100 50 in 100 □ 
10) 53 in 100 47 in 100 □ or 53 in 100 47 in 100 □ 
Example 100 in 100 0 in 100 □ or 100 in 100 0 in 100 ■ 



You have now completed the fourth block of tasks.  We will wait for others to finish 

before we collect your responses.  At this point, please do not go back to change choices 

you have already made. 

 

About the decisions you made in block 4: on a scale of 1 to 5, where a 1 indicates least 

confident and a 5 indicates most confident, please rate how confident you feel about your 

choices in block 4?  Circle the number below to indicate your answer: 

 

1  2  3  4  5 

(I was just guessing)                                         (I knew exactly 

                                                                                what I was doing) 

 

 

 

 

 

 


