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Abstract

We introduce DOSE—Dynamically Optimized Sequential Experimentation—to elicit
preference parameters, and implement it in a representative survey of the U.S. pop-
ulation (N = 2,000). DOSE rapidly elicits information about individual preferences
by presenting each participant with a customized question sequence. In simulations,
DOSE produces parameter estimates that are approximately twice as accurate as those
from established elicitation methods. The improvement in accuracy is explained, in
large part, by the fact that DOSE accounts for possible participant mistakes. In the
field, DOSE is faster to administer, less susceptible to response heuristics, and more
stable over time. By reducing measurement error, DOSE identifies a stronger rela-
tionship between risk aversion and cognitive ability than other elicitation techniques.
These results demonstrate how insights from optimal experimental design can improve
measurement, and hence uncover relationships of substantive importance.
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1 Introduction

Economists have long understood the importance of tailoring information acquisition to as-
pects of the environment, including a decision-maker’s objectives and prior beliefs (Wald),
1947). Yet, experimental methods rarely use this insight when eliciting information about
the preferences of individuals. Elicitations are typically chosen using a combination of intu-
ition and precedent, rather than formal criteria. Further, most studies use a one-size-fits all
approach, with the same elicitations asked to all individuals within a sample. This approach
is convenient for experimenters, and allows straightforward comparisons across studies. How-
ever, it may lead to significant inaccuracies in the estimates of each individual’s preferences.

In this paper we introduce DOSE (Dynamically Optimized Sequential Experimentation),
and investigate, using simulations and field trials, the benefits of this approach for elicit-
ing individual-level preferences. DOSE dynamically selects questions based on a model of
preferences, a prior over the parameters of that model, and experimenter-selected criteria.
In a parameter recovery exercise, DOSE produces a roughly 50-100% improvement in ac-
curately identifying risk preferences—relative to true parameter values—than established
elicitation methods. This improvement in accuracy is due, in particular, to the fact that
DOSE selects questions dynamically—incorporating information from previous responses—
and that it accounts for the mistakes that individuals may make when answering questions.
Consequently, the procedure effectively elicits preferences even if questions are selected with
uniform priors or misspecified utility functions. We implement DOSE in a representative,
incentivized, online survey, and elicit individual-level measures of risk attitudes, attitudes
towards loss, and time discounting. Consistent with the simulation evidence, DOSE appears
to produce estimates with lower measurement error than other elicitation procedures. Re-
ducing measurement error uncovers relationships of substantive importance: DOSE identifies
greater heterogeneity in economic preferences, stronger patterns of correlations with other
individual characteristics, and higher temporal stability of preferences, than other methods.

Eliciting accurate individual-level preference measures is important both for policy and



for the study of preferences. In recent decades, economics has moved away from assuming a

representative agent, and increasingly recognized the importance of heterogeneity in decision-

making (Fagereng et al.| 2020; Bilbiie| forthcoming)). Economists are studying individual-

level behavior in a rapidly expanding range of contexts, fueled by the rise of field experiments,
the spread of lab-in-the-field techniques, and growing access to internet survey panelsﬂ Para-

metric measures of preferences, such as those produced by DOSE, can assist policymakers

in calibrating macroeconomic models (Fuster et al., 2021)), customizing behavioral interven-

tions (Andreoni et al., |2023), discovering undocumented behavioral regularities (Chapman

et al., forthcoming), testing theory (Chapman et al., 2023b)), and accounting for preference

heterogeneity in policy design (Taubinsky and Rees-Jones| 2018} |/Aguiar et al., [forthcoming)).

DOSE applies the insights of optimal experimental design to the problem of eliciting eco-
nomic preferencesEl As explained in Section , the procedure starts with a prior probability
distribution over parameter values and/or models. An initial question is selected to maximize
expected information gain, based on both the prior and an information criterion specified
by the experimenter. DOSE then uses the participant’s choice to dynamically update be-
liefs about parameter values and/or models, and selects the next question according to the
criterion. The procedure explicitly models the fact that participants may make mistakes,

allowing it to recover accurate estimates even if participants choose probabilistically.

1Recent studies have sought to identify the distribution of economic preferences in the population (for
example, von Gaudecker et al., 2011}; [Falk et al.l |2018), measure correlations between different preferences
(Chapman et al.| 2023a} [Stango and Zinman| [2023)), understand the stability of preferences over time (Meier|
land Sprenger} [2015} [Stango and Zinman| [2020; |Chapman et al. 2024a), relate economic preferences and
psychological traits (Jagelka, 2024)), examine relationships between economic preferences and other individual
characteristics (Dohmen et al., 2011; |Callen et al. [2014)), and identify heterogeneity in behavioral decision-
making (Allcott et al., 2022).

20ptimal experimental design has received greater attention in other fields, particularly in computer
science and statistics, than in economics. The idea of dynamic designs can be found as early as ;
[Chaloner and Verdinelli (1995) provide a useful review of applications in statistics. The idea of optimal
experimental design appears to originate most clearly in , who described an “economic” theory
of experimentation and applied it to the study of gravity. Optimal designs have been used in many applied
fields, including in neurophysiology (Lewi et al., 2009)), psychophysics (Kujala and Lukka), 2006; Lesmes et
2006), marketing (Toubia et al., 2004} |Abernethy et al.,[2008), and medicine (Miiller et al., 2007). A small
number of studies in economics have used optimal experimental design with static, rather than dynamic,
experiments (Aigner, |1979; El-Gamal et al., [1993} El-Gamal and Palfrey, |1996} Balietti et al., |2021)). See
2007) for a discussion of potential applications of optimal design to parameter estimation, including
the elicitation of risk preferences.




Two simulation exercises, presented in Section [3| demonstrate that DOSE is more than
twice as accurate as standard methods for eliciting risk preferences, and is particularly effec-
tive when participants make inconsistent choices. First, we use 140 choices made by each of
120 students (from Sokol-Hessner et al.[[2009| and Frydman et al. 2011) to simulate responses
to DOSE’s adaptive question orderings. We show that twenty DOSE-selected questions cap-
ture most of the information from all 140 choices. Importantly, this finding is not sensitive
to the prior used by DOSE—using an uninformative prior for question selection produces
similar results to using an “optimal” prior that reflects the underlying distribution of pa-
rameters. Second, we conduct a parameter recovery exercise with simulated participants,
comparing DOSE to two common “one-size-fits-all” elicitation methods—the multiple price
list (MPL; see|Andersen et al., 2006, for a review), and a risky project measure (Gneezy and
Potters, 1997). DOSE produces estimates of risk and loss attitudes that are at least twice
as accurate, relative to true parameter values, even if the utility function or error specifica-
tion used to select questions is misspecified. The improvement in accuracy is particularly
large when estimating multiple preference parameters, or when participants are very likely
to make mistakes. The latter is demonstrated by showing DOSE may be more than twice
as accurate as a simulated partitioning procedure, which chooses questions to successively
partition the parameter space without accounting for potential participant mistakes.

We demonstrate the value of DOSE in the field by measuring individual risk and time
preferences in a two-wave incentivized, representative study of the U.S. population (N =
2;000), described in Section . We compare the performance of DOSE to three established
elicitation methods—MPLs, a risky project, and qualitative self-assessments. DOSE elicits
three preference parameters—risk attitudes, attitudes towards losses, and time discounting—
plus a measure of choice consistency in less time than the MPL method takes to elicit a single
parameterﬂ Further, participants’ behavior does not appear to be distorted by the adaptive

or sequential nature of the DOSE procedure.

3Pre-programmed question trees used to elicit these parameters are available upon request.



DOSE appears less susceptible to response heuristics|a likely source of non-classical
measurement error|than more established elicitation methods. Complex elicitations can
lead individuals to rely on heuristics such a$ocal value respons€FVR)|choosing salient
options such as the top or bottom of lists, the minimum or maximum of continuous response
scales (for example, corners of budget lines), or round numbers, such as multiples of 10
(Schwarz and Oyserman, 2001; Barrington-Leigh, 2024). Rates of FVR in our survey are
much higher for other methods (32{60%) than for DOSE (less than 3%). Further, consistent
with the interpretation that FVR re ects perceived question complexity, the phenomenon is
more common among participants with low cognitive ability|potentially confounding esti-
mates of the relationship between cognitive ability and preferences. Moreover, the prevalence
of FVR in established methods suggests that our simulations may understate the practical
bene ts of DOSE.

In Section 5 we illustrate how reducing noise in preference elicitation can uncover ndings
that would otherwise be obscured by measurement error. A large literature has investigated
the distributions of preferences across populations, and the correlations between those pref-
erences and other variable$. DOSE facilitates this endeavor as it identi es a much more
granular distribution of preference estimates than those obtained by other elicitation meth-
ods, and is better able to disentangle di erent preference parameters, such as separating
discounting from utility curvature. Further, we observe signi cant correlations between a
range of individual characteristics and our DOSE-elicited estimates. In contrast, estimated
relationships between other elicitations and individual characteristics produces mixed re-
sults. For instance, the estimated correlation between cognitive ability and risk aversion
ranges from strongly negative (DOSE), to weakly negative (risky project or MPL elicita-
tions), to weakly positive (a qualitative self-assessment from Falk et al. 2018). However,

among (only) those participants DOSE identi es as making consistent choices, estimates

4For example, several studies have investigated the relationship between risk aversion and cognitive ability
(Dohmen et al., 2010), gender Eckel and Grossman (2008), stock market investment Guiso et al. (2018), and
education (Hryshko et al.,, 2011). See Chapman and Fisher (2025) for a broad discussion of the use of
preference elicitations.



from the MPL and risky project measures are strongly negatively correlated with cognitive
ability. This result suggests that inconsistent choice may explain mixed ndings on the
relationship between cognitive ability and risk aversion (Dohmen et al., 2018).

Noisy estimates may also explain low temporal stability of preference measures (Meier
and Sprenger, 2015; Mata et al., 2018). Our DOSE estimates of participants' risk and time
preferences are correlated 0.40{0.47 across a six-month period. In contrast, the correlations
for MPL and risky project elicitations range from 0.24{0.33, consistent with these estimates
containing more measurement error than those elicited by DOSE. Thus, DOSE answers Meier
and Sprenger's (2015, p. 286) challenge to develop, \A more precise experimental technique
for eliciting time preferences...to make further study of stability."

We conclude, in Section 6, with a discussion of uses of DOSE. Our results demonstrate
that integrating insights from optimal information acquisition can substantially improve pref-
erence elicitation, and hence assist researchers in tackling a broad range of research questions.
The DOSE procedure can easily be adjusted to investigate other preference types|such as
social preferencesjor to investigate other aspects of behaviorl|for instance, learning or be-
liefs. This, plus the fact that DOSE is fast, accurate, and simple, means that it o ers
an alternative to experimentally-validated survey modules (Falk et al., 2023) for studying
preferences in broad samples. The DOSE procedure thus provides a exible method that
expands the range of settings in which incentivized preference measures can be obtained,

and highlights the potential for the use of optimal experimental design in economics.

1.1 Related Literature

Our work contributes to two broad literatures: optimal experimental design, and the mea-
surement of economic preferences and their correlates in broad populations. We review these
large literatures only brie y. Relationships between speci c prior ndings and those in this
paper are included when we discuss those speci ¢ ndings, or in Appendix A.

The DOSE procedure has been implemented in a range of settings based on the initial



working paper version of this manuscript (Wang et al., 2010). Most signi cantly, Chapman

et al. (forthcoming) uses DOSE to investigate gain-loss attitudes in the general populatién.

It nds that only around half the U.S. population is loss averse|much lower than in the
laboratory samples used in most previous studies. It also demonstrates strong correlations
between loss aversion and several behaviors outside of the survey, including gambling, expe-
rience of losses, and stock market investment. That paper focuses primarily on a di erent
survey dataset that includes a longer DOSE sequence and other, more traditional, elicita-
tions of loss attitudes. This paper, in contrast, introduces the DOSE method, and uses it
to investigate the bene ts of the procedure relative to more established methods, in both
simulations and online surveys.

Various methods applying optimal experimental design to preference elicitation have been
proposed since the introduction of DOSE, but there have been few attempts to evaluate
their performance relative to standard, non-adaptive elicitation procedures. Cavagnaro et
al. (2010, 2013a,b), and Cavagnaro et al. (2016) apply adaptive design optimization to model
discrimination.” Toubia et al. (2013) implements a closely related method to study risk and
time preferences in a Mechanical Turk sample. Drake et al. (2022) introduce a method to
generate adaptive sequences of menus, and prove some convergence properties. These studies
focus on explaining the design of each procedure, rather than investigating whether adaptive
designs yield signi cantly better results than non-adaptive designs. This paper, in contrast,
evaluates the bene ts of DOSE relative to established elicitation methods, and demonstrates
that adaptive methods can uncover substantive ndings that would otherwise be obscured
by imprecise measurement.

Our paper also relates to the broader endeavor to understand the relationships between

5Chapman et al. (2018) analyzed the performance of the DOSE procedure and presented results regarding
loss tolerance. Based on extensive feedback, we expanded these analyses in separate manuscripts.

60ther studies have used DOSE procedure to elicit a variety of preferences in convenience samples,
including risk preferences (Clay et al., 2016, 2017), time preferences (Imai and Camerer, 2018; Mitani and
Hanaki, 2025), and preferences for autonomy (Freundt et al., 2023).

"Their implementations use many more questions than DOSE|80 in Cavagnaro et al. (2016) and 101 in
Cavagnaro et al. (2013a)|making it di cult to use in a representative survey.



economic preferences, cognitive ability, and complex preference elicitatiénSeveral stud-

ies have concluded that cognitive ability is associated with greater normative rationality
(Dohmen et al., 2010; Benjamin et al., 2013), but others have suggested that such results
may be confounded by misunderstanding and other measurement issues (Dave et al., 2010;
Andersson et al., 2016). Our results complement recent work showing that low cognitive
ability is associated with di culty understanding complex mechanisms for eliciting beliefs
(Burdea and Woon, 2022; Burfurd and Wilkening, 2022) This paper demonstrates similar
issues in widely-used \simple" elicitation techniques, and shows that they may confound

estimated relationships between cognitive ability and other individual characteristics.

2 The DOSE Procedure

This section introduces the DOSE procedure from two perspectives: rst from the point of
view of participants, then from that of the experimenter. The contrast in perspectives em-
phasizes that, compared to traditional preference elicitations, DOSE expands experimenters'
design choices while streamlining participants' experience. This naturally leads into a dis-

cussion of our speci c design choices.

2.1 The Participants' Point of View

DOSE is simple from the participants' point of view, as shown in the examples, in Figure 1,
taken from our implementation® The participant is given an explanation of the upcoming
choices, as in Figure 1la. He or she is then given a series of choices, similar to those in Figure

1b to elicit risk preferences, or Figure 1c to elicit time preferences.

8The fact that elicitation methods can a ect preference estimates has been well documented (see, for
example, Andersen et al., 2006; Crosetto and Filippin, 2016; Pedroni et al., 2017), as have problems with
inconsistent choice in MPLs (Filippin and Crosetto, 2016) and other methods (Hey et al., 2009).

9This gure includes screenshots from our actual implementation. The instructions page appearing at
the start of the DOSE module eliciting time preferences is shown in Appendix Figure F.13. For screenshots
of all the questions used in this paper, see Appendix F. Full design documents and screenshots can be found
at eriksnowberg.com/wep.



Figure 1: Examples of DOSE from a Participant's Point of View

(a) DOSE Instructions

(b) Sample DOSE Choice in Risk-Loss Module

(c) Sample DOSE Choice in Time Module

2.2 The Experimenter's Point of View

DOSE starts with a prior over a set of parameter values, then optimally|according to the
experimenter's chosen information criterion|selects questions to pinpoint a participant's
preferences. After a participant answers a question, DOSE updates beliefs using Bayes' law,
optimally selects the next question, and so on. Consequently, the procedure elicits accurate
parameter estimates with only a few questions.

The key di erence between DOSE and other common adaptive elicitation methods is that
DOSE allows for the possibility that any choice may have been a mistake. We illustrate this,
in Figure 2, by comparing DOSE with a simple partitioning method (variously described

as bisection, titration, the iterative MPL (see, for example, Andersen et al., 2006), or the



staircase method (Falk et al., 2018)).Both methods start with a uniform prior, and o er
participants a binary choice. In the rst round, all participants face the same question|

Q. for the partitioning method, or ¢ for DOSE. Beliefs are then updated depending on
the participant's answer, and the next question is picked optimally given the new beliefs.
In the partition method, parameter values that are inconsistent with a choice, under the
assumption of no mistakes, are eliminated from the posterior. DOSE, in contrast, allows
for the possibility that any choice may have been a mistake, and hence places a positive
probability on all parameter values, regardless of a participant's earlier answers.

DOSE can elicit more accurate parameter estimates than partitioning because it allows
for the possibility that participants make mistakes. Consider a participant with true param-
eter o, displayed at the bottom of Figure 2. In a partitioning method, if the participant
incorrectly choosesA in the rst question, her estimated parameter value is constrained to
be less than the median value|regardless of the number of rounds of questions. Errors early
in the procedure thus lead to considerable measurement error. DOSE, on the other hand,
places a positive probability on the true parameter value, even after an initial incorrect
choice ofa. As a result, with enough correct answers (and perhaps some more mistakes) in

future rounds, an accurate parameter estimate will still be obtained.

2.2.1 Our DOSE Procedure for Measuring Risk and Time Preferences

DOSE can be customized for particular research questions. The main objects of choice for
a researcher are the parametric speci cation(s), the prior distribution over parameters or
models, the set of choices to present to participants, the mapping from parameters to a
distribution over choiceslthat is, the structure of possible mistakes|and the information
criterion used to select questions. Here, we describe the major choices we made when im-
plementing DOSE in our online survey|full details can be found in Appendix B.2. We also
highlight aspects of other DOSE implementations, building o our initial working paper, to

demonstrate the exibility of the procedure.
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Utility Function and Priors over Parameters. We elicit risk and loss aversion using
a Prospect Theory utility function with power utility (Kahneman and Tversky, 1979). This
utility function assumes that participants value payments relative to a reference point, which
we assume is zero. The standard S-shaped utility function in Prospect Theory implies that
participants are risk averse over gains and risk loving over losses. A kink in the utility
function at the reference point of zero represents loss aversion. Formally:

8
Exi forx O

ulx; iy i) = 3 1)
: i( x)7 forx< G
in which ; parameterizes loss aversion,; parameterizes utility curvature, andx 2 R is
a monetary outcome relative to the reference point. If; > 1, then the participant is
loss averse. If ; < 1, then the participant is loss tolerant. An individual with ; < 1
demonstrates risk aversion over gains and risk love over losses. We measure a participant's
risk aversion as 1 , the coe cient of relative risk aversion over gains.
We model time preferences with quasi-hyperbolic discounting and the power utility func-

tion in (1). If tis the time from the survey date in months, utility is
u(xe; i 5 )= 0 X (2)

in which ; > 0 is a discount factor, ; captures the curvature of the utility function from
(1), and x; is a payment at timet. ; equals 1 for payment in the presentt(= 0) and|if an
individual is present-biased| ; < 1 for payment in the future.

We use a joint uniform prior over preference parameters for both question selection and
estimation. The support of the prior is chosen based on the individual estimates obtained

in Section 3.1. That section also shows this prior leads to near-optimal question selectién.

01n particular, the prior ranges are 2 [0;4:6], 2 [0:2;1:7], 2[0:2;1], 2 [0:4;1],and 2 [O;8]lwhere
is the choice consistency parameter de ned in (3).

11



DOSE provides additional exibility because the parametric model used for data selection
does not need to be used for ex post data analysis. This feature of DOSE allows researchers
to account for information obtained during the experiment (regarding, for instance, the
appropriate range of a prior), to use di erent models for di erent individuals, or to check
the robustness of their results. The simulations in this manuscript show that reanalyzing
data ex post allows accurate parameter estimates to be obtained even if the original priors
or model are misspecied. Freundt et al. (2023) demonstrate this attribute in practice
in using DOSE by identify participants' indi erence sets for a lottery. They then show
that those sets are almost unchanged under di erent parametric assumptions about utility
functions. Consequently, researchers are not overly restricted by the need to make parametric

assumptions when designing an experiment.

Mistakes and Choice Consistency. An important advantage of DOSE is that it
models the possibility that participants make mistakes. We model the mapping between
utility and choices using the logit function, which has been widely used in both economics
and psychophysics due to its connection with the random utility modéeft For any choice
between optionso; and o, with V(0,) >V (0,):

1

Probfo,] = 1+e 1(V(o) v(02)): ©

The logit function depends both on the utility di erence between option®; and o, and the
choice consistencyparameter ; 2 R*. The probability of making a mistake|that is, not

choosing an individual's value-maximizing option|is 1  Prob[o;]. This is decreasing in the
value di erence betweeno; and 0,. This decrease is more rapid when; is larger, so higher

values of this parameter represent greater consistency in choices.

1Speci cally, choice probabilities will be logit if the errors in the random utility model have an Ex-
treme Value Type | distribution. See McFadden (2001) for a broader discussion of the history of the logit
speci cation and its properties.

12



Question Set. DOSE chooses questions from a set determined by the researcher. This set
can be very large and, importantly, can include questions that ex ante seem unlikely to be
meaningful. In contrast to established methods, which require researchers to x questions
based on their priors, this allows researchers to be agnostic about the type of behaviors they
are likely to encounter, and hence be more likely to identify \surprising” outcomes. For
example, von Gaudecker et al. 2011 o ered patrticipants a xed set of 56 lotteries, none of
which included negative expected values|a reasonable design choice if uniform loss aversion
is anticipated, but one that cannot identify the unexpected pattern of loss tolerance we
document in Chapman et al. (forthcoming). The DOSE question set we use, in contrast,
contains hundreds of possible questions, including choices that can pin down even \extreme"
preferences (those that are far from the mean of the prior distribution). In particular, the
guestion set uses binary choices, as we expected this format to be relatively simple for
participants (Hey et al., 2009). Further, as we discuss in Section 4.1, these choices were
designed to make calculations relatively straightforward. However, the procedure can also
be used to select di erent question types. Imai and Camerer (2018), for example, use DOSE

to select Convex Time Budgets (Imai and Camerer, 2018).

Information Criterion. In our implementation, DOSE selects each question to maximize
the expected Kullback-Leibler (KL) divergence between the prior and possible posteriors
associated with each answer. That is, the question that is picked at each point is the one
with the highest expected information gain given current beliefs. The KL criterion has been
used widely in the optimal design literature in statistics due to its conceptual simplicity
and grounding in information theory (see Ryan et al., 2016, for a discussion and examples).
Further, this approach leads to consistent and e cient parameter estimates under weak
modeling conditions (Paninski, 2005). However, DOSE can easily be modi ed to incorporate

alternative information criteria|for example, Imai and Camerer (2018) use DOSE with the

13



EC?2 criterion in a Mechanical Turk sample?

Formally, consider a nite set of possible parameter vectorse = ( «; «; «; «) for k=
1,::;; K. Each ¢ has an associated probabilityp, of being the correct parameters. In the
rst question, these probabilities are the priors chosen by the experimenter; they are then
updated in each round according to the participant's answers. The expected Kullback-Leibler

divergence between the prior and the posterior when asking questiQn is:

!
X X : l(a; Qj)
K K a2A i« Pl (& Q)

Pk (a; Qj) (4)

wherea 2 A are the possible answers to the question, ahda; Q;) is the likelihood of answer
a given (Jin our implementation this is determined by the logit function in (3). DOSE
selects the question that maximizeKL (Q), the participant answers it, model posteriors are

updated, the questionQ; that now maximizesKL (Q) is selected, and so o

Incentive Compatibility. Adaptive designs, including DOSE, are not strictly incentive
compatible|in theory, they can be \gamed"|but this is unlikely to be important in practice.
Theoretically, a highly sophisticated individual could misrepresent their true preferences in
early questions to obtain more generous o ers in future questions. For example, participants
could misleadingly say they prefer a lottery to a sure amount in the rst question in order to
increase the magnitude of the sure amounts o ered in the future. However, there are many
practical and empirical reasons to think that gaming is rare in practice, and will not under-
mine preference elicitation. Most convincingly, Ray et al. (2012) directly test the importance
of gaming in experiments about binary risky choice. In particular, they compare a baseline

condition with a condition in which the possibility of gaming was explicitly described. Few

12The EC? acronym comes from the description \Equivalence Class Edge Cutting" Golovin and Krause
(2011), which has been favored in computer science as it has a provable worst-case \cost" bound|that is,
the number of choices needed to approximate perfect identi cation. In addition, the objective function is
adaptively submodular, which can economize on real-time computation by re-using previous computations.

3We restricted the procedure to only consider questions that had not yet been asked of that participant.
In order to improve the estimate of , the procedure can be modi ed to present a question where one option
is very likely to represent a mistake (Freundt et al., 2023).

14



participants attempted to manipulate the algorithm, and those that did so were unable to
nd an e ective method. Moreover, the distributions of best-t risky choice models did
not di er between the control and explicitly-instructed treatment. Further, if participants
were attempting to manipulate the procedure, then they should behave di erently in ear-
lier rounds (when there is an incentive to act strategically) than later rounds (when there
is not)|but they nd no evidence that this was the case. See Appendix B.1 for a more
detailed discussion.

DOSE can be adapted to be incentive compatible, although our piloting suggests that
this would be unlikely to signi cantly a ect results.* For example, the DOSE parameter
estimates can be used to project each participant's response to an unanswered question
(that determines payment)® In Wang et al. (2010) we piloted this method in a laboratory
experiment. Speci cally, half the participants were paid using this incentive-compatible
procedure, and half were paid according to a randomly-selected question (as in our online
survey). The distribution of estimates was similar across the payment methods, with no
statistically signi cant di erence in means. Alternatively, one could randomly select the
guestion chosen for payment fronall possible questions. If that question is answered in
the personalized question sequence, that answer determines payment. If not, the question
selected for payment is presented to the participant, and their response determines the payo

(as suggested in Johnson et al., 2021).

Practical Implementation Issues. The DOSE procedure can be adjusted in several ways
to assist with implementation in di erent settings. For example, our survey implementation
used a question tree that speci ed which question should follow a particular answer to a

prior question. This tree was generated in advance using simulated choices, as our online

4ncentive-compatible designs also have important drawbacks, and care would be warranted in imple-
menting them outside of the laboratory. They are complicated to explain, and there may be a trade-o
between the incentive for truthful response and the strength of incentives. The two incentive-compatible
payment procedures discussed below, for instance, lower each question's probability of in uencing the nal
payo .

15This procedure was suggested by lan Krajbich, and implemented in Krajbich et al. (2017).

15



survey provider could not do the necessary calculations in real time. We also adjusted the
procedure to mask the adaptive nature of the question sequence by imposing variation in

possible lottery prizes across question8.

3 Performance of DOSE versus Current Methods

In this section, we investigate the performance of DOSE in two sets of simulation exercises,
before examining the procedure's e ectiveness in a representative survey in the next section.
First, we simulate the DOSE question selection procedure using the choices of participants
in two laboratory experiments that used questions similar to those in our DOSE implemen-
tation. A 20-question DOSE procedure obtains parameter estimates that are, on average,
quite close to parameter estimates after 140 randomly-ordered questions. Further, using an
uninformative prior for question selection produces similar estimates as a prior that re ects
the underlying distribution of parameters. We then use simulated participants to show that,

in the presence of mistakes or inconsistency, DOSE recovers parameter estimates that are at
least twice as accurate as standard elicitations used to measure risk and loss aversion. Fur-
ther, misspeci cation of the utility function used for question selection does not signi cantly

a ect the accuracy of the estimates obtained.

3.1 Simulating DOSE with Laboratory Data

The rst simulation exercise illustrates the value of DOSE's personalized question sequence,
and investigates the sensitivity of the procedure to the choice of prior used for question

selection. We use data from 120 student participants in two prior laboratory experiments.

16See Appendix B for more details of the practicalities of survey implementation. Freundt et al. (2023)
provides a detailed discussion of adapting DOSE for use on Proli c.

"Ninety participants come from Frydman et al. (2011) and thirty from Sokol-Hessner et al. (2009). We
attempted to evaluate the performance of DOSE using Maximum Likelihood Estimation (MLE), the method
in Sokol-Hessner et al. (2009) and Frydman et al. (2011). However, as reported in Appendix C.3, we
were unable to obtain MLE estimates for a large portion of the sample. The MLE estimates that were
obtained were less accurate|relative to the estimate after 140 questions|than those obtained from Bayesian
estimation.
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Figure 3: Optimal question selection rapidly leads to accurate estimates.

Notes: Based on data from Sokol-Hessner et al. (2009) and Frydman et al. (2011). Each line shows the
inaccuracy of Bayesian estimates (with uniform initial prior) obtained after each question, starting at question
10, under di erent orders. \Optimal Prior" and \Uniform Prior" refer to DOSE question selection using
corresponding priors. \Random" orders questions randomly. To prevent a particularly extreme random
ordering from skewing our results, this line is based on an average over 100 di erent random orderings.

In each experiment, participants were given a set of 140 binary choices similar to those
used in our survey. In our simulation, we order these questions for each participant using
DOSE. After DOSE selects a question the answer the participant gave to that question is
used to update the probability distribution over parameters. DOSE then selects the next
guestion, and so on. This allows us to compare, question by question, timaccuracy|the
absolute distance from the true parameter value as a percentage of the true value|of DOSE's
estimates with those elicited by a random question ordering. As we do not have access to
true parameter values, we substitute the values one would obtain using all 140 choices.

A 20-question DOSE sequence provides a similar amount of information as about 50
randomly-ordered questions, as shown in Figure!8. The DOSE estimates of both risk
and loss aversion are consistently closer to the nal parameter estimate, indicating that the

procedure provides accurate estimates considerably faster than selecting questions at ran-

8For loss aversion, 45 randomly-ordered questions are needed to be as close to the nal estimate as 20
DOSE-selected questions. For risk aversion, 55 questions are required. Imai and Camerer (2018) reports
similar results relative to xed or random orders when using DOSE to estimate time preferences.

17



dom. After 20 questions, the DOSE estimates are almost twice as close to the nal estimate
as those under a random question ordering (12% vs. 21{22%). The DOSE estimates are
also more highly correlated with the nal estimates (see Appendix Figure C.1), an impor-
tant feature when seeking to identify correlations between preferences and other population
characteristics®®

These simulations also show that using a uniform prior is close to optimal for question
selection. We compare the performance of DOSE question selection using a uniform prior
to that using an optimal prior constructed from the distribution of the estimates after 140
guestions. To focus on the question selection impacts of the prior, we estimate the parameter
values using a uniform prior in both cases. As shown in Figure 3, the accuracy is similar
whether using the optimal or uniform prior. That is, dynamic question selection is e ective

even if an experimenter has limited knowledge of underlying preferences.

3.2 Parameter Recovery Study

A parameter recovery exercise demonstrates that DOSE produces estimates that are about
twice as accurate as traditional risk and loss aversion elicitation methods. We use an entirely
simulated dataset that allows us to both know and control the true parameters governing
(simulated) participant behavior. Drawing on the insights from the previous simulation, for
each simulated participant, we implement a 20-question DOSE sequence, selected using a
uniform prior over parameter values. The results indicate that a key feature of DOSE is the
fact that it accounts for participant mistakes. Misspeci cation of the utility function used
in question selection does not appear to be a major concern.

We evaluate the relative accuracy of DOSE and three other common risk elicitation
procedures using 10,000 simulated participants. Each participant is assigned power utility

(as in (1)) with parameter values (i, i, and ;), drawn independently from the posterior

19The average bene ts we estimate are not limited to the particular distribution of preferences we observe
in the laboratory. The DOSE estimates rapidly converge to the nal estimate for any given and we
consider in our simulations, as shown in Appendix C.
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Table 1: DOSE produces more accurate estimates than current techniques.

Spearman Rank

Average Correlation with
Inaccuracy True Value

Risk Aversion

DOSE 10 question 21% 0.66

DOSE 20 question 15% 0.79

Partition 24% 0.62

Multiple Price List 37% 0.45

Risky Project 36% 0.40
Loss Aversion

DOSE 10 question 21% 0.86

DOSE 20 question 15% 0.91

Partition 36% 0.72

Multiple Price List 36% 0.64

Notes: Inaccuracy is the absolute distance from the true parameter value as a percentage
of the true value.

distribution obtained from the 120 laboratory participants in the previous subsection. We run
10- and 20-question DOSE procedures for each simulated participant, with choices generated
probabilistically according to (3). Appendix ?? provides full details.

As a benchmark for DOSE, our simulated participants also make choices in three other
common risk elicitation methods: investment in a risky project (Gneezy and Potters, 1997),
a double MPL (Andersen et al., 2008; Andreoni et al., 2015), and the partition method
illustrated earlier in Figure 22° In the risky project, participants are given an endowment
that they can patrtially invest in a lottery which pays a 3x return with 40% probability. In
the double MPL, participants complete two MPLs, each o ering a choice between a xed
50/50 lottery and a series of ascending sure amounts. The rst MPL|which identi es

risk aversion|o ers a lottery over gains ( $0 and $10), while the second|identifying loss

20We cannot perform a similar task for the qualitative self-assessments included in our survey as they do
not produce parametric estimates. Choices are made using the same logit choice function as in (3). We
also simulate a Lottery Menu (Eckel and Grossman, 2002) elicitation procedure, and observe, if anything,
slightly worse performance compared to the risky project measure|see Appendix D.1 for details.
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aversion|o ers a lottery between a gain of $10 and a loss of10. In both cases, we de ne

a probability distribution over participants' choices by assuming that they consider options
until they choose to \switch" from one column of options to the other in the MPL, or select
an amount of points to invest in the risky project. This probability distribution is used to
calculate the expected inaccuracy of the parameter estimate for each simulated participant.
In the partition method, participants face a sequence of twenty binary choices, with each
choice selected to bisect the remaining parameter space. The rst ten questions estimate
risk aversion, and the remaining ten questions estimate loss aversion, accounting for the risk
aversion estimate. To obtain parameter estimates, we simulate responses to the question
sequence for each participant.

The estimates of risk and loss aversion from DOSE are approximately twice as accurate
as those from non-adaptive elicitation procedures, as shown in Table 1. After 20 questions,
DOSE obtains estimates that are, on average, within 15% of the true parameter value. The
average inaccuracy of the MPL and risky project procedures, in contrast, is at least 35%|
much higher than even a 10-question DOSE procedure.

DOSE also performs signi cantly better than the partition method, demonstrating the
importance of accounting for mistakes. The partition method produces more accurate es-
timates of risk aversion than either the MPL or risky project procedures due to the fact
that it also uses a personalized question sequence rather than a one-size- ts-all approach.
However, the estimates from partitioning are still over 50% less accurate than those from
a DOSE question sequence of equal length. Further, the estimates of loss aversion from
the partition method are no more accurate than the double MPL procedure|re ecting the
fact that error in the estimates of risk aversion in both procedures are compounded when
estimating loss aversion. DOSE thus appears particularly useful when estimating multiple
preference parameters.

Importantly, the improvement in accuracy from using DOSE is similar when the utility

function used in the question selection procedure is misspeci ed|see Appendix D.2. We
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Figure 4: DOSE is more accurate than other methods at all levels of choice consistency.

Notes: The gure displays estimates obtained from repeating the simulation procedure described in Ap-
pendix D 19 times, with each repetition xing  at dierent ventiles of the distribution estimated from
asking the full set of 140 questions to the 120 participants discussed in the following subsection.

run DOSE on the same 10,000 simulation subjects|each of whom has CRRA utility|but
assume a CARA utility function in the DOSE question selection procedure. Misspecifying
the utility function in this way does not lead to a loss of accuracy. Further, even without
re-estimating, the Spearman correlation between the estimated CARA parameters and the
true (CRRA) parameter values is very highjand notably higher than the correlations for
either the MPL or the risky project procedures reported in Table 1. This suggests that
assumptions over parametric form are unlikely to be critical if researchers are interested in
identifying correlations rather than the level of the risk and loss aversion estimates.

DOSE produces more accurate estimates than the other procedures, regardless of partici-
pants' level of choice consistency (), as shown in Figure 4. This gure repeats the parameter
recovery exercise described above, but assigns all simulated participants the same level of
choice consistency, . We then vary across ventiles of the population distribution. The
20-question DOSE procedure always provides the most accurate estimates, but even a short,
10-question procedure performs better than partitioning, the MPL, or the risky project, ex-

cept when 0, meaning that choice is close to random. DOSE performs particularly well
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compared to these other procedures in recovering accurate estimates for those below median
choice consistency, thus it may be particularly valuable in settings where experimenters have
limited experimental control, or among participants most likely to make mistakes.

The high accuracy of the DOSE estimates also leads to higher correlations with the
true parameter values than the other procedures (Column 2 of Table 1). Thus, DOSE is
less likely to miss associations between economic preferences and other characteristics due to
attenuation bias, as we will see in Section 5.3. The correlation between the true risk aversion
parameter and the DOSE estimate is 0.79, compared to 0.45 with the MPL estimates and
0.40 for the risky project. The DOSE procedure produces correlations above 0.85 between
estimated loss aversion and the true values, even after a 10-question sequence.

Unlike the MPL, DOSE is able to elicit loss aversion estimates even when participants'
choices violate First Order Stochastic Dominance (FOSD). As DOSE accounts for the pos-
sibility that a participant's choice is a mistake, the procedure can always recover parameter
estimates. In the double MPL, on the other hand, participants may erroneously make choices
on the second MPL (used to elicit loss aversion) that are rst-order stochastically dominated
given their choices on the rst MPL (used to elicit risk aversion). This prevents estimation
of the loss aversion parameter. In our simulation, the MPL could not recover estimates for
11% of participants, increasing to more than 36% of participants in the bottom decile of
choice consistency. The next section suggests that these issues are even more common in

real-world survey data.

4 Preference Elicitation in a Representative Survey

This section investigates the performance of DOSE relative to some traditional elicitation
methods in a multi-wave, online, incentivized, representative survey. We rst introduce the
survey data, and then demonstrate how the DOSE 20-question module rapidly identi es

considerable heterogeneity in preferences. Analysis of survey behavior suggests DOSE was
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simple to understand, and that the DOSE estimates are not signi cantly a ected by possible
survey fatigue or inattention. Moreover, participants appear much less likely to rely on
response heuristics in DOSE than in traditional elicitation methods. The next section uses

the same data to document how better measurement can uncover substantive ndings.

4.1 Data

We implement DOSE in two waves of an incentivized, online survey of the U.S. population
(N = 2;000)?' The survey collected a number of behavioral and demographic measures
from participants, who were recruited from YouGov's proprietary panel. The two waves
asked exactly the same questions of the same patrticipants, about six months apart. Unless
otherwise stated, we report results from the rst wave.

The behavioral measures in this paper were all incentivized: at the end of the survey,
two survey modules were selected at random for payment. All outcomes were expressed
in YouGov points, an internal YouGov currency used to pay panel members, which can be
converted to U.S. dollars using the approximate rate ¢§0.001 per point?> To enhance the
credibility of these incentives, we took advantage of YouGov's relationship with its panel,
and restricted the sample to those who had already been paid (in cash or prizes) for their
participation in other surveys. The average payment to participants (including the show-
up fee) was$9 (9,000 points), which is approximately three times the average for YouGov
surveys. The median completion time of the rst wave was 40 minutes. We convert points

to dollars, using the exchange rate above, when estimating parameter values.

21Ryll details of our specic DOSE implementation are provided in Appendix B. The rst wave was
conducted between March and April 2015, and the second wave between September and November 2015,
both by YouGov. The attrition rate between the two waves of 25% is lower than most online surveys, due
to YouGov's panel management and the relatively large incentives we o ered. To generate a representative
sample, YouGov randomly draws people from various Census Bureau products, matches them to members of
their panel on observable characteristics, and then provides sample weights to account for di erential response
rates across sub-populations. We use these weights throughout the paper. This procedure generates better
representative samples than traditional probability sampling methods with non-uniform response rates (Pew
Research Center, 2016, YouGov is Sample 1).

22The conversion from points to awards can only be done at speci ¢ point values, which leads to a slightly
convex payo schedule. This convexity does not appear to alter participant behavior|see Chapman et al.
(forthcoming), especially Online Appendix C.6, for a detailed discussion.
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Participants were asked two, 10-question, DOSE modules:

DOSE Risk Preference Module The rst DOSE module elicited risk and loss aversion.
Participants were given 10,000 points and o ered a sequence of ten binary choices between
a 50/50 lottery and a sure amount. We selected the lotteries and sure amounts in order to
make the choices particularly simple to understand|all lotteries contain 50% probabilities

of di erent payo s, and there is always a zero involved in the choice, making expected value
calculations relatively straightforward. Speci cally, two types of lotteries were used. The
rst had a 50% chance of O points, and a 50% chance of winning a (varying) positive amount
of points (of up to 10,000). The second had a 50% chance of winning an amount up to
10,000 points, and a 50% chance of a loss of up to 10,000 points. The second type of lottery
was always paired with a sure amount of O points. The rst four questions were restricted
to include only the rst lottery type, allowing us to obtain a precise estimate of before

moving on to estimate , and providing a standalone 4-question risk aversion measure.

DOSE Time Preference Module The second DOSE module elicited discount rates and
re ned estimates of the curvature of the utility function. Participants were o ered a sequence
of 10 binary choices between a lower amount of points at an earlier date (either the day of
the survey, or in the future) or a higher amount at a later date (up to 90 days in the future).

The maximum payo in each question was 10,000 points.

We compare DOSE to methods that vary both in terms of complexity and whether they
are incentivized|using the typology of Charness and Viceisza (2016), we include measures
that are \incentivized complex" (MPLs), \incentivized simple" (risky project), and \hypo-

thetical simple" (qualitative self-assessments).

Risk Aversion MPLs Two MPLs asked participants to choose between a xed 50/50
lottery and a series of ascending sure amounts. The row in which the participant rst chose

the sure amount identi ed a range of possible certainty equivalents for the lottery|we use
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the midpoint of this range. There were two MPLs of this type: the rst had a 50/50 lottery
over 0 and 10,000 points, the second, a 50/50 lottery over 2,000 and 8,000 points.

Risky Project (Gneezy and Potters, 1997) Participants were endowed with 2,000
points that they could keep or invest in a risky project. With 40% probability, the risky
project returned 3 times the amount invested, and with 60% probability, the investment was

lost. The percentage of the endowment a participant kept measures risk aversion.

Risk Preference Self-Assessment Participants were asked to report their willingness to
take risks on a scale of 0 to 10, using the qualitative risk self-assessment from Dohmen et
al. (2011), later incorporated in the Preference Survey Module (Falk et al., 2023) and the
Global Preference Survey (Falk et al., 2018}

Time Preference MPLs Two MPLs elicited time preferences. The rst task elicited the
current value of 6,000 points to be received in 45 days. The second elicited the amount
of points in 45 days that the participant valued the same as 6,000 points in 90 days. The
row in which a participant rst chooses to receive money today (rather than in the future)
identi es a range of possible discount factors|we use the midpoint of this range. Responses

are top-coded to have the same support as the DOSE prior.

Time Preference Self-Assessment Participants were asked to report how likely they
are to postpone tasks on a scale of 0 to 10, using a qualitative time preference question
taken from the survey in Falk et al. (2018%* We code the question so that higher means

less likely to postpone, and thus indicates a higheror

233peci cally, participants were asked, \How do you see yourself: are you a person who is generally willing
to take risks or do you try to avoid taking risks?" We slightly adapted the wording from the original
translation from German reported in Falk et al. (2023) to make the question sound more natural.

24Speci cally, participants were asked how well the statement, \I tend to postpone things even though it
would be better to get them done right away," described them as a person. As it involves only two points
in time (\right away" and \postpone"), an increase in \postponement" can be rationalized by a decrease in
either or in (2).
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Cognitive Ability The survey measured cognitive ability using a set of nine questions.
Six questions were from the International Cognitive Ability Resource (ICAR, Condon and
Revelle, 2014): three were similar to Raven's Matrices, and the other three involved rotating

a shape in space. We also administered the Cognitive Re ection Test (CRT; Frederick, 2005):
three arithmetically straightforward questions with an instinctive, but incorrect, answer. Our
cognitive ability score was the sum of correct answers to these nine questions (see Chapman

et al., forthcoming, for details).

4.2 DOSE in the Field

The DOSE procedure elicited individual-level measures of risk aversion (1), loss aversion

( ), time discounting ( ), and a measure of choice consistency)( in a survey module that
took participants an average of 3 minutes and 20 seconds to complete (including instruc-
tions).?> This was approximately one-third faster than the rst MPL module on the survey
(4 minutes and 25 seconds), which elicited only a measure of discounting.

The DOSE procedure quickly identi es considerable heterogeneity in risk preferences,
as shown in Figure 5. The gure plots the cumulative distribution functions of the DOSE
estimates of risk aversion (1 ) at various points of the DOSE sequence. At the start of
the question sequence, shown in the top-left panel, every participant is assigned the same
parameter value (speci cally, the average of the initial prior). The procedure then splits
the sample into two, based on the answer to the rst question (second panel), into four
after two questions (third panel), and so on. Strikingly, the procedure obtains a great deal
of information after just four questions|77% of the distance between the initial prior and
the nal estimates has been achieved at this point. Further, the DOSE estimates from this
4-question risk preference elicitation|elicited in just 68 seconds, on average|are correlated
with cognitive ability ( 0:10, with standard error of 003), suggesting that even a very short

sequence of optimally-selected questions isolates useful information.

25We use median response times, as there are a few extremely slow respondents.
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Figure 5: DOSE rapidly identi es heterogeneity in risk aversion.

Notes: Each panel displays the cumulative density function of participants' estimated risk aversion (1 )

in the initial prior (top-left) and after further questions from the DOSE question sequence. Initially, every
participant is assigned the mean of the initial prior. Subsequently, individual estimates are the mean of the
posterior distribution obtained after a given number of questions. \% Information Elicited" reported in the
panel is the distance between the CDF in that panel and the CDF after 20 questions, as a % of the distance
between the initial prior and the CDF after 20 questions. The distance between CDFs is calculated as the
\earth-mover's distance."

Behavior in the survey provides evidence that DOSE works e ectively in practice. The
fact that DOSE was relatively quick to complete suggests that participants did not struggle
to understand the questions o ered. Further, an individual DOSE question took 7.2 seconds
to complete on average, similar to the time taken to answer the text-based qualitative risk
measure (8.8 seconds)|consistent with binary choices being relatively simple to understand.
However, one may worry that these fast responses re ect participants failing to pay attention,
particularly after receiving a long sequence of questions. We investigate this possibility by
examining behavior within the DOSE module, comparing DOSE estimates online with those
obtained in the laboratory, and exploring possible order e ects.

Participants' behavior during the DOSE modules does not appear to be a ected by survey
fatigue, either within the DOSE module or across the survey as a whdf.At each point

of the question sequence, DOSE's prior has an alternative that it \believes" the participant

26\We present similar exhibits to those reported in this paragraph, using a di erent dataset, in Chapman
et al. (forthcoming, Figure 11 and Appendix C.5).
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is more likely to choose. We would expect participant fatigue to cause them to make more
random, and thus, \surprising” choices later in the question sequence. In fact, as we see
in Appendix Figure E.2, the proportion of surprising choices is lower later in the module.
Further, interrupting a 20-question DOSE sequence with a randomly-located page break does
not increase the level of surprise|suggesting that the sequential nature of the procedure does
not a ect participants' choices. We also see that the distribution of DOSE estimates is similar
regardless of where DOSE appeared in the survey (Appendix Figure E.1), or how quickly
participants completed the survey or the DOSE module (Appendix Figure E.3). Thus, it is
unlikely that responses are a ected by either fatigue or inattention as a participant moves
through the survey.

A comparison of the estimates obtained from di erent DOSE implementations suggests
that participants' behavior is not distorted by the online survey environment, or by learning
from repeated exposure to DOSE. DOSE produces estimates in line with previous studies
in student populations, whether implemented in the laboratory or in an online survey, as
discussed in Appendix A.1. Behavior is similar when participants are presented with multi-
ple DOSE implementations, either across the two waves of our survey (see Appendix A.1),
or within a single survey (see Chapman et al., forthcoming). Thus, while we cannot di-
rectly examine participants' understanding of the procedure, any learning during the survey
module|either due to initial confusion, or recognition that the procedure is adaptive|does

not appear to signi cantly a ect estimated parameters.

4.3 Response Heuristics in Preference Elicitations

DOSE appears less susceptible to the use of response heuristics than the other methods in
our survey. Complex elicitations can lead tdocal value responséVR)|a heuristic whereby
participants only consider salient answers such as the bottom, middle, or top of a response
scale (Gideon et al., 2017; Barrington-Leigh, 2024). Such a heuristic can create non-classical

measurement error, preclude parameter estimates being obtained due to the presence of rst-
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order stochastically dominated choices (see Section 3), and lead to very coarse distributions
of estimated preference parameters (see Section 4.2 below). These issues may lead to skewed
estimates of correlations between estimated parameters and individual characteristics. Our
survey suggests that such heuristics are widespread in established elicitations.

DOSE su ers from much less FVR than established risk elicitation methods su er, par-
ticularly among participants of low cognitive ability, as shown in the left-hand panel of
Figure 6. Following Barrington-Leigh (2024), we identify potential FVR by the degree of
\heaping" of particularly salient options|the end-point or mid-points of the MPLs, a choice
of 0, 5, or 10 in the qualitative self-assessments, or the choice to invest none, half, or all of
the endowment in the risky project question. Around one-third of responses in each of the
MPLs and in the qualitative risk question (34% and 32% respectively) are at focal values,
while in the risky project, 60% of choices were at focal points. FVR is particularly common
for participants with low cognitive ability, suggesting that established elicitations place a
high cognitive burden on participants?’

Binary choice tasks, such as those used by DOSE, appear less vulnerable to FVR. Focal
values are hard to de ne in binary choices, but, in principle, participants could focus on
only one of the two options|and hence always choose only the rst or only the second
option (equivalent to consistently choosing either the lottery or the sure amount). Only 6%
of participants chose in this way. Thus, the simplicity of binary choices likely reduces non-
classical measurement error in preference estimates. However, a nonadaptive design may
require an impractically long question sequence (Sokol-Hessner et al. (2009) use more than
140 binary choices). Selecting questions adaptively, using DOSE, mitigates this constraint.

A similar pattern of FVR in the time preference elicitations can be seen in the right-hand
panel of Figure 6. In DOSE, very few participants|5 out of 2,000|consistently chose only

the rst or only the second option in every questior?® In the time MPL, the rate of FVR

2TQualitative self-assessments may be complex due to the need to interpret questions conceptually and
project answers onto a numerical scale (Krosnick and Presser, 2010; Chapman et al., 2024b).

28|n contrast to the risk-loss module, there was no xed ordering of options in the questions of the time
preference module, meaning that we can distinguish choices based on the ordering of the options from the
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Figure 6: Choice of focal values is more common for low cognitive ability participants, but
is less evident in the DOSE module than in other elicitation methods.

Notes: Figure displays the percentage of participants making focal value choices on each elicitation method.
Focal values for each elicitation are: DOSE|always choosing the rst or always choosing the second option;
MPLJan end-point or mid-point; Risky project|investing none, half, or all of the endowment; Self-reported

risk or time|choosing 0, 5, or 10. Bars represent 90% con dence intervals.

was even higher|54% of responses|than in the risk MPLs. However, in this case, the rate

of focal value response is highest among those with the greatest cognitive ability|58% in
the top tercile, versus 51% in the bottom tercile. This di erence may re ect the fact that
higher cognitive ability people tend to be more patient, and hence more likely to pick the row
of the MPL that indicates no discounting due to a true preference, rather than a heuristic.
The pattern for self-assessed time preferences is similar to self-assessed risk attitudes|34%
of responses were at focal values. Again, there is heterogeneity by cognitive ability: 41% of

those in the bottom tercile chose a focal value, versus 25% of those in the top tercile.

4.4 Measurement Error in Survey Data versus Simulations

FVR was not accounted for in our simulations, implying that the results in Section 3 may
underestimate the accuracy gains provided by DOSE. We examine this possibility using
data from Chapman et al. (2023a), which employed a survey similar to our main dataset.

That survey included two MPLs eliciting risk aversion and an additional MPL eliciting loss

content of those options (that is, early or later payment in this case).
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aversion. We simulate these MPLs using the same procedure as in Section 3. The resulting
simulation estimates appear to exhibit less noise than the actual survey responses.

We rst assess noise using the fact that the share of variance attributable to classical
measurement error is, under some assumptions, one minus the correlation between two inde-
pendent elicitations of the same quantity (Gillen et al., 2019)° The correlation between two
simulated risk aversion MPLs (0.73) is higher than the correlation in the survey (0.64; s.e.
= .02), suggesting there is more noise in the real data. Further, a substantial portion of the
correlation in the survey data is explained by participants repeatedly making choices at the
end-points of the MPLs|choices which are consistent, but that imply extreme parameter
values that are unlikely to be accurate. Excluding such participants, the correlation between
the two MPLs falls to 0.43 in the survey data, compared to 0.61 in the simulation.

Measurement error, speci cally violations of rst-order stochastic dominance (FOSD),
is particularly concerning in the double MPL procedure, because it may bias estimates of
population parameters, as described in Section 32. The survey data indicate that, in
practice, this may be a signi cant issue|37% of responses violate FOSD, almost double the
20% rate in the simulations. Further, violations of FOSD are particularly common among
certain subgroups: the double MPL is unable to recover loss aversion estimates for 47%
of participants falling in the bottom tercile of cognitive ability, compared to only 30% of
participants in the top tercile. As high cognitive ability is associated with more loss aversion

(see Section 5.2), this pattern may upwardly bias estimates of loss aversion.

2Formally, suppose X2 and X are two MPLs eliciting the same underlying preferencex . Classical
measurement error implies thatX2 = X + 2 andXP= X + & with &; 2 iid.random variables, and

a b
= 0. Assumin a L= 5 , then
E % =0A g that \\//::[[XX]] Y/:[[xx} \\/Z{[r[;]] th
b b 2
a. a. —_ .
Corr[X3; X1 , Corr[X3; X "] = z
X

Thus, 1 Eorr[X 2; X P] estimates the fraction of X @ and X © explained by classical measurement error.

30Dj culties with estimating preference parameters due to inconsistent choice are not limited to MPL
elicitations. For instance, Booij et al. (2010) drop 40% of participants due to FOSD violations in a long
sequence of binary choices.
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The prevalence of FVR and violations of FOSD in the survey data suggest that measure-
ment error poses a serious challenge to the use of established elicitation methods in broad
populations. Violations of FOSD can lead to missing data and potential selection bias.
Response bunching means that the granularity of estimated preferences may be extremely
limited, even when using nearly-continuous scales, such as in the risky project measure.
Further, statistical models that treat responses as unobserved latent variables, with errors
centered around the latent value, cannot gracefully explain these response patterns|error
due to FVR is likely to be systematically correlated with the latent value. Moreover, ex
post corrections for classical measurement error, such as the ORIV technique (Gillen et al.,
2019), do not apply to non-classical measurement error. The evidence in the next section

suggests that these issues may obscure substantive ndings.

5 Economic Preferences with Less Noise

Obtaining highly accurate estimates of individual preferences may help researchers uncover
relationships that would otherwise be obscured by measurement error. DOSE identi es
more heterogeneity in risk and time preferences than other elicitation measures. The choice
data generated by the procedure can be used to test robustness to alternative parametric as-
sumptions, or simply examine preferences non-parametrically. Our DOSE-elicited parameter
estimates are robustly correlated with a number of individual characteristics, including cog-
nitive ability. This is in contrast to other incentivized elicitations of risk aversion, which show
patterns of much weaker correlations. This di erence is explained, in part, by the fact that
DOSE accounts for inconsistent choicelwe observe similar patterns of correlations for all
three incentivized elicitation methods when excluding participants who DOSE estimates to
have below-median choice consistency)( Finally, DOSE estimates of economic preferences

are more stable over time than estimates from traditional incentivized elicitations.
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Figure 7: DOSE identi ed more variation in risk and time preferences than other elicitation
techniques.

Notes: The left-hand panel displays the cumulative density functions for estimated risk aversion (1-) from
the 20-question DOSE procedure, from two MPL elicitations o ering a choice between a lottery and a sure
amount, and from a risky project elicitation. The middle panel displays cumulative density functions for
estimated discount factors () from the DOSE procedure with  set equal to 1, and from the two MPL
elicitations. The rst MPL (\Present vs Future") o ered a choice between payment today or in 45 days.
The second MPL (\Two Future Dates") o ered a choice between payment in 45 days or in 90 days. The
estimated parameters for all elicitations are restricted to the range of the relevant DOSE prior. The right-
hand panel displays the cumulative density function for estimates of () and ( ) from DOSE when allowing
for present bias. It was not possible to obtain meaningful estimates of from the MPLs due to the similarity
of responses across the two elicitations.

5.1 Identifying Heterogeneity in Economic Preferences

The DOSE procedure identi es greater heterogeneity in both risk aversion and time dis-
counting than other elicitation methods, as shown in Figure 7. The left-hand panel shows
that the distribution of estimated risk aversion from DOSE is less lumpy than that elicited
by either MPLs or the risky project measure. The middle panel compares the distribution of
the exponential discount factor, xing =1 for all participants, obtained from DOSE and
from two MPLs. Conceptually, DOSE improves on the MPL measures because it accounts
for variation in utility curvature. Moreover, in the MPLs, a majority of participants made
choices indicating no discounting (= 1). Further, as discussed in Section 4.3, such choices
may re ect heuristics, rather than an individual's true preferences.

DOSE is particularly e ective at uncovering heterogeneity in preferences from multi-
parameter models, as we demonstrate in the right-hand panel of Figure 7. Because the

procedure o ers participants many di erent choices, the data it generates can be used to in-
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vestigate alternative functional forms. In this gure, we present the results from re-estimating
the discount function in (2), with no longer xed. Again, we see considerable heterogeneity.
However, we could not estimate a parameter from the MPL module, due to the similarity

of response patterns across the two MPL elicitations. This nding suggests that results in
previous studies indicating no present bias when using monetary rewards could, at least in
part, be an artifact of the elicitation method|in particular, the tendency for participants to
cluster at particular values. It has been suggested that apparent present bias could re ect
payment risks rather than hyperbolic discounting (Andreoni and Sprenger, 2012). However,
in our results, the existence of present bias is determined by the elicitation type, as any
perceived payment risk is the same across all our elicitatios.

Our ndings regarding loss aversion, detailed in Chapman et al. (forthcoming), illustrate
how DOSE's exibility can aid new discoveries and enable rigorous robustness checks. The
main nding of that paper is that only around 50% of the U.S. population is loss averse|a
pattern we did not anticipate when launching our initial survey. However, because DOSE's
prior allowed for values of < 1, and the set of possible questions included many that allowed
for < 1|specically choices between $0 for sure and lotteries with negative expected
value|we were also able to identify \loss tolerant" individuals. Further, the signi cant
volume of choice data collected by DOSE allowed us to verify that this nding was not an

artifact of our assumptions.

5.2 Correlates of Economic Preferences

We observe robust correlations between all of our DOSE-elicited parameter estimates|both
risk and time preferences, as well as choice consistency|and individual characteristics and

behaviors. More cognitively able individuals tend to be less risk averse, more loss averse,

31 Andreoni and Sprenger (2012) nd limited evidence of present bias when using either a double MPL
method or Convex Time Budgets (CTBs). Participants also tend to choose potentially focal values in
CTBs|in their experiment, 70% of all choices were focal values (corner choices), and 37% of participants
chose a focal value in every choice. See Chakraborty et al. (2017) and Imai and Camerer (2018) for detailed
discussions of corner choices and other evidence of inconsistent behavior within CTBs.
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more patient, and make more consistent choices than those with lower cognitive ability.
Correlations with other characteristics largely match the patterns found in prior studies,
and are robust to allowing for potential misspeci cation of the utility or error function.

Table 2 reports correlations between our four DOSE-elicited parameter estimates and a
range of individual characteristics. For each preference parameter, we rst report univariate
correlations with each characteristic, and then report multivariate regressions that include all
characteristics simultaneously. The results for risk aversion and loss aversion reproduce nd-
ings reported in Chapman et al. forthcoming, while those for patience and choice consistency
are novel to this paper.

The correlations in Table 2 are largely consistent with extant literaturé? In our data,
more educated, higher income, and more cognitively able individuals tend to be less risk
averse, more loss averse, more patient, and make more consistent choices. Cognitive ability
is the strongest predictor of each parameter, with correlations that are robust to inclusion of
controls. Notably, in fact, cognitive ability appears to explain a large part of the relationship
between education and economic preferences.

Moreover, these results are robust to checks for misspeci cation of either the utility or
error function used to produce DOSE estimates, as detailed in Appendix E.3. The DOSE
estimates are underpinned by a clear pattern of choices: higher cognitive ability participants
are more likely to accept lotteries o ering only potential gains, less likely to accept lotteries

with potential losses, and more likely to accept later-dated payments.

32See Appendix A for a more detailed discussion of prior studies examining the correlates of economic
preferences.

33 Appendix E.4 shows that the results in Table 2 are similar when allowing for a non-monotonic relationship
between economic preferences and cognitive ability, including using categorical dummies for control variables,
and restricting the sample to those above median response time (on DOSE or the survey as a whole) or those
above median choice consistency. Appendix Table E.5 demonstrates that it is the inclusion of cognitive ability
that attenuates the coe cient related to education.
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These patterns mean that our estimates of participants' preferences|and the estimated
correlations with other individual characteristics|are very similar when re-estimating with
alternative parametric assumptions. In particular, the correlation between cognitive ability
and discounting is almost identical when allowing for present bias. The correlations between
cognitive ability and both risk and loss aversion are very similar when re-estimating the
parameter estimates assuming Constant Average Risk Aversion (CARA) utility, allowing for
di erential curvature over gains or losses, modeling choice consistency using a probit function,

or when using the Random Parameter Model suggested by Apesteguia and Ballester (2618).

5.3 Choice Consistency and Estimate Accuracy

Inconsistent choice can explain much of the mixed evidence regarding the relationship be-
tween risk aversion and cognitive ability both within our survey and in the literature (Dohmen
et al., 2018). As demonstrated by the simulations in Section 3, MPLs and other techniques
measure risk aversion with considerable error when participants make inconsistent choices.
Error attenuates, and potentially biases, any estimated relationship between these measures
and other factors. In this subsection, we show that inconsistent choice is related to attenu-
ation in our survey. In particular, DOSE identi es stronger correlations between individual
characteristics and economic preferences than established risk aversion measures. However,
for incentivized elicitation methods, the pattern of correlations are more similar when we
focus only on participants that make (more) consistent choices.

The estimated correlation between risk aversion and cognitive ability varies considerably
across elicitation methods, as shown in the right panel of Figure 8. The correlation with
the estimate from the full 20-question DOSE sequence i90:22 (s.e.=.03). In contrast, the

correlation with the MPL-based risk aversion measure is just 0:01 (.03), with the risky

34In fact, we observe a similar pattern of correlations between cognitive ability and non-parametric pref-
erence measures derived from the DOSE choice data. Cognitive ability is correlated 0.13 (s.e. = .03) with
the share of lotteries over only gains accepted by a participant, -0.21 (.03) with the share of mixed lotteries
accepted, and 0.22 (.02) with the share of later-dated payments accepted. Estimating risk aversion using the
4-question DOSE sequence we nd a correlation of 0:10 (.03) with cognitive ability, using the 10-question
risk-loss module the correlation is 0:12 (.03).
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project measure it is 0:10 (.03), and with the qualitative self-assessment it is:01 (.03).
Thus, depending on the measure, we nd a correlation ranging from strongly negative (and
statistically signi cant) to slightly positive (and insigni cant). These patterns are consistent
with the simulation ndings that DOSE obtains more accurate estimates than MPLs|and
hence correlations with DOSE estimates su er less from attenuation bias.

Further, the pattern of correlations for all three incentivized elicitation methods is similar
if we focus on participants with above-median choice consistency)[see the middle panel
of Figure 83° A number of relationships between the MPL measure and other variables|
including cognitive ability|are statistically signi cant, despite larger standard errors due
to the smaller sample. The DOSE estimates, in contrast, exhibit similar correlations when
limiting the sample to participants with below-median choice consistency|except education,
right-hand panel|while correlations with MPL estimates are near zero. Correlations with
the self-assessment question, however, have key di erences in all three panels, implying that
this measure is capturing di erent information (Chapman et al., 2024b).

We also observe di erent correlations between cognitive ability and time preferences de-
pending on the measure (see Appendix Table E.3 for details). In particular, cognitive ability
is positively correlated with both DOSE (0.18; s.e.=.03) and MPL measures (0.19; s.e.=.03)
of discounting ('), and also with the DOSE measure of present bias (0.17; s.e.=.03|see Ap-
pendix Table E.2). However, cognitive ability is negatively correlated with the qualitative
self-assessment of time preferences (-0.10; s.e.=.03), implying that individuals with higher
cognitive ability place a lower value on the future, in stark contrast with the results from
the DOSE and MPL-based measures of time preferences.

The patterns in Figure 8 demonstrate that the DOSE choice consistency parameter can

35For this analysis, we identify choice consistency using only the time preference DOSE module, which
seems to produce more informative estimates of , because the time questions included responses which
are clear \mistakes" under most parameter values|for instance, accepting substantially fewer points today
than tomorrow. The results are similar when splitting the sample using the from the entire question
sequence|see Appendix Figure E.7. For comparability to DOSE, Figure 8 uses risk aversion parameters
derived from each incentivized elicitation, as in Figure 7. The results are very similar when using non-
parametric measures|certainty equivalents from the MPLs, or the amount invested for risky project|see
Appendix Figure E.8.
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Figure 8: DOSE measure of risk aversion is more highly correlated with individual charac-
teristics before accounting for choice consistency.

Notes: Figure displays correlations between each measure of risk aversion and individual characteristics. The
left-hand panel includes all participants, the middle contains those with above median choice consistency, and
the right-hand panel contains those with below median choice consistency. The survey contained two MPL
measures of risk preference|we estimate correlation coe cients using stacked regressions and clustering
standard errors by participant. Bars represent 90% con dence intervals.

assist researchers in addressing survey noise by identifying individuals who, on that survey,
are likely making more mistakes|even outside of the DOSE module. Such information is
di cult to obtain from other readily available measures. The correlations in Figure 8 can-
not, for example, be recovered by truncating the sample based on response time rather than
consistency (Rubinstein, 2016) (see Appendix E.5). In fact, the consistency measure distin-
guishes whether fast responses re ect inattention: restricting the sample to high-consistency
participants recovers correlations even among participants with fast response times. This
pattern is particularly striking given that choice consistency was not the primary focus of
our DOSE design, and minor design tweaks could produce an even more useful estimate of
(Freundt et al., 2023). As such, the DOSE consistency parameter may provide an alternative
to directly eliciting perceived question complexity (Agranov et al., 2025).

Moreover, we cannot recover similar correlations between cognitive ability and risk aver-
sion by applying techniques to account for classical measurement error. The fact that our

survey contains duplicate MPL elicitations allows us to use the ORIV technique (Gillen et
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al., 2019). This technique produces estimates that account for measurement error that is
orthogonal between the two MPL elicitations. The estimated ORIV correlation for the MPL
risk aversion measure is 0:05 (.03), smaller than the correlation obtained using the risk
parameter from a 4-question DOSE sequence. These results suggest that other risk aversion
elicitations contain sources of non-classical measurement error|such as the use of the FVR

heuristic documented above|that DOSE avoids.

5.4 Within-person Stability of Economic Preferences

The within-person stability of the DOSE estimates of risk and time preferences is higher
than other incentivized behavioral elicitations, consistent with the fact that DOSE reduces
measurement error in parameter estimates. The correlation of DOSE estimates within-person
across survey waves was 0.40 (s.e.:64) for loss aversion (), 0.44 (.04) for risk aversion
( ), and 0.47 (.05) for discounting (), as reported in Chapman et al. (forthcoming). The
correlation of the parameter estimated with choices from just the rst four questions, 0.44,
was similar to that after 20 questions. This re ects the fact that much of the information
about that parameter was elicited in the rst four questions, as shown in Figure 5.

Established incentivized elicitation methods produce estimates with signi cantly lower
over-time stability than DOSE. The risky project measure had inter-temporal stability of 0.33
(.04), and the stability of our MPL measures was even lower|the inter-temporal correlations
of choices across two risk MPLs were 0.29 (.04) and 0.26 (.04), and in two time preference
MPLs were 0.28 (.06) and 0.20 (.06). We also nd similar magnitudes of correlations for a
broader range of risk elicitations in Chapman et al. (2024a). These ndings are consistent
with our earlier results indicating higher measurement error in MPLSs.

The over-time correlations of the DOSE estimates are also higher than those found
with established incentivized elicitation methods in previous studies (see discussion in Ap-
pendix A). Meier and Sprenger (2015) report correlations over one year of 0.36 for present bias

and 0.25 for discounting parameters among 250 low- to middle-income Americans. Stango
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and Zinman (2020) study a more representative sample using hypothetical measures, and
report rank-stability of patience (0.29) and risk aversion (0.38). Notably, the correlations of
DOSE estimates are on the high-end of prior results even when compared with studies in
more controlled laboratory environments: Frey et al. (2017) report an average correlation
of 0.46 across eight behavioral risk measures (including an MPL) among a sample of 107
adults, while Gillen et al. (2019) nd an inter-temporal correlation of 0.32 for each of two
risk MPLs, and 0.36 and 0.47 for two risky project questions in a sample of 786 Caltech stu-
dents3® This comparison suggests that DOSE obtains similarly low levels of measurement
error in an online survey as existing methods do in more controlled environments.

Our ndings suggest that limitations of established elicitation methods may, at least in
part, explain why incentivized preference measures tend to have lower over-time correlations
than self-reported measures. The self-reported measures in our survey have higher intertem-
poral stability than the incentivized elicitations|the correlation of the self-reported risk
measure is 0.58 (.04), while that of self-assessed time preferences is 0.69 (.03). This pattern
is consistent with previous ndings in the literature. Mata et al. (2018) carry out a meta-
analysis, and nd that self-reported risk measures have over-time correlations of around 0.5
over periods of up to ten years, whereas for lottery-based measures (such as those we exam-
ine) correlations are on average around 0%2.Our ndings suggest that measurement error
in established elicitation methods may lead to the underestimation of the over-time stability

of economic preferences.

36Three papers have studied stability using incentivized elicitations in small laboratory samples over
lengthy time periods. Levin et al. (2007) (N = 62) report over-time correlations of 0.29 for risk-taking
over gains, and 0.20 for di erential risk-taking between the gain and loss domain. Lennqgvist et al. (2015)
(N = 43) report a within-subject correlation of 0.21 for an MPL risk measure across a year. Kirby (2009)
(N =46) reports correlations of 0.63{0.71 for a discounting measure.

37Preuss (2021) reports a similar magnitude of over-time correlations for self-reported patience (0.50) and
impulsiveness (0.44) over a ve-year period in the German SOEP.
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6 Discussion

This paper moves experimental elicitation of preferences closer to theories of optimal in-
formation acquisition with the introduction of DOSE|Dynamically Optimized Sequential
Experimentation. Our main results are summarized in Table 3. First, DOSE elicits multiple
ne-grained estimates of preference parameters in the time it takes established elicitations
to elicit one much coarser estimate. Second, in contrast with other methods, our DOSE
implementation does not su er from signi cant rates of focal value response, suggesting that
the procedure is easy to understand, so participants do not use heuristics. Third, the DOSE
parameter estimates are more highly correlated with cognitive ability and more stable over
time than standard elicitations, in line with our simulation evidence that the latter su er
from greater measurement error. Fourth, among participants with high choice consistency,
as identi ed by DOSE, there is a strong negative correlation between higher cognitive abil-
ity and other incentivized measures of risk aversion. Together, these results suggest that
measurement issues may explain both low estimates of inter-temporal stability of economic
preferences, and mixed results about the relationship between cognitive ability and risk
aversion in the extant literature.

Our results also shed light on the most important aspects of optimal information acquisi-
tion in preference elicitation. When eliciting risk and time preferences, DOSE's improvement
in accuracy over established methods is largely driven by selecting questions dynamically|
incorporating information from previous responses|and accounting for the mistakes that
individuals may make when answering questions. These advantages are not reduced by us-
ing a naive prior or misspeci ed utility functions. Further, DOSE facilitates the use of simple
binary choices to elicit preferences, which largely eliminates the use of the FVR response

heuristic.
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Table 3: Comparison of DOSE with Other Incentivized Elicitation Methods

Risk Self-
DOSE MPL Proje)ét Assessments

Correlations w/ Demographics

Risk Aversion X 0 X 0

Loss Aversion X n.ay n.a. n.a.

Patience / Time Preference X X n.a. X
Correlations w/Cognitive Ability

Risk Aversion -0.21 0 -0.07 0

Loss Aversion 0.40 n.g. n.a. n.a.

Patience / Time Preference 0.18 0.18 n.a. -0.10
Parameter Recovery Analysis

Inaccuracy: Risk Aversion 15% 37% 36% n.a.

Correlation: Risk Aversion 0.79 0.45 0.40 n.a.

Inaccuracy: Loss Aversion 15% 36% n.a. n.a.

Correlation: Loss Aversion 0.91 0.64 n.a. n.a.
Survey Behavior

Speed 115 secs 259 secs 33 secs 12 secs

Stability: Risk Aversion 0.44 0.28 0.33 0.58

Stability: Loss Aversion 0.40 n.ay n.a. n.a.

Stability: Patience 0.47 0.24 n.a. 0.69
Evidence of Heuristics

Choice of Focal Values 3% 34% 60% 33%

Correlation w/Cognitive Ability -0.07 -0.11 -0.07 -0.17

Notes: Correlations with cognitive ability and with demographics are estimated using our survey data, with

X indicating that a pattern of statistically signi cant correlations was identi ed (Section 5.2). \Stability" is

the correlation across survey waves, conducted six months apart (Section 5.4). Parameter Recovery Analysis
(Section 3.2 and Appendix D) tests how well a procedure recovers known parameters from simulated data:
\Inaccuracy" is the average absolute percentage di erence between the estimated and true parameter
values, and \Correlation" is the correlation between the estimated and true parameter values. While most
entries of n.a. are because the elicitation type is not designed to measure the quantity of interesy,indicates

that estimates for loss aversion could not be recovered because of violations of FOSD, see Section 3.2. Speed
represents the survey time for a single survey module (for DOSE, this measures the time taken to elicit
risk and loss aversion; for the MPL, this measures the time taken to complete the time preference MPL

module, including reading instructions), or, in the case of self-reports, a single question.

Evidence of

Heuristics refers to the possible use of Focal Value Response, discussed in Section 4.3 (for the MPL and
risky project, this is measured using the risk aversion elicitation, and for DOSE and self-assessments, it is

measured using both risk and time preference elicitations).
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It is straightforward to adapt the DOSE procedure to tackle many other research ques-
tions. The procedure could be used to elicit willingness-to-pay, or alternative sets of behav-
ioral parameters, such as probability weighting functions or social preferences (Camerer et
al., 2020). Freundt et al. (2023), for example, use DOSE as part of a two-step procedure to
estimate individual preferences for choice autonomy, and use the DOSE choice consistency
parameter to identify highly consistent participants. Alternatively, slight modi cations of
the DOSE implementation used here could investigate \consistent inconsistencies” in the
choices of participants, such as the use of focal value response, and hence account for such
choices in parameter estimate¥ Future researchers interested in incentive (in)compatibility
in dynamic processes could adapt the DOSE procedure to incorporate the possibility of
strategic manipulation as a separate theory of behavior, drawing on the ideas discussed in
Section 2.2 and Appendix B.1 (see Echenique and Prasad 2019 for a theoretical discussion of
incentive-compatible learning algorithms). More generally, adaptive methods such as DOSE
can expedite the evolution of rapid elicitation procedures that capture multiple preferences
simultaneously, akin to the transition in psychology from long-form (50-100 items) to shorter-
form scales (5-10 items) that allow many characteristics to be measured simultaneously.

Critically, the accuracy, speed, and simplicity of DOSE potentially expands the range
of research settings in which incentivized preference elicitation is viable. In particular,
economists have often shied away from using incentivized measures in large samples because
of high measurement error and the prohibitive cost of implementing multiple elicitations
(Schildberg-Herisch, 2018). DOSE may be particularly valuable in eld experiments, where
it is dicult to provide participants with detailed instructions. Similarly, it may also be
easier to implement than more complex or time-consuming designs when conducting ex-
periments with low-literacy participants, children, patients with medical disorders, or even

animals. DOSE performs better than other elicitations when studying low-cognitive-ability,

38To identify the importance of focal value response, researchers could compare parameter estimates when
using question sets with and without round numbers, or test whether starting a question sequence with a
round number leads to anchoring e ects.
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low-education, and low-income participants, suggesting that it could be particularly useful

in developing countries, where current elicitation methods can be undermined by inconsis-
tent choice (Jacobson and Petrie, 2009; Charness and Viceisza, 2016), and new techniques
are especially needed (Berry et al., 2020). Indeed, our nding of widespread loss tolerance
suggests that the failure to investigate the preferences of such groups may lead important
behavioral regularities to be overlooked (see Chapman et al., forthcoming).

The ability to accurately estimate individual-level preference parameters in the eld can
contribute both to the study of preferences and the design of behavioral policy. More accu-
rate measurement of preferences opens the path for deeper understanding of how preferences
are shaped, and how they in uence individual behaviors. Individual-level preference esti-
mates could be incorporated into personalized, targeted|and hence more e ective|policy
interventions, such as customized incentivized contracts Andreoni et al. (2023) or adaptive
treatment assignment (Kasy and Sautmann, 2021). DOSE provides a exible elicitation
method that allows researchers to study such questions across a broad range of research

environments and subject pools.
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A Risk and Time Preferences in Prior Studies

In this appendix we compare our results regarding the correlates and temporal stability of
economic preferences to those from prior studies. We start by comparing the estimates of
risk and time preference in di erent samples to the prior literature, and then|building on

the main text|discuss prior studies investigating the correlates and temporal stability of
those preferences.

A.1 DOSE Estimates in Di erent Samples

Our ndings regarding the extent of risk aversion and discounting in the general population
are broadly similar to those of previous studies in representative populations; the few dif-
ferences appear to be explained by our elicitation method. Risk aversion and discounting
are widespread amongst our survey participants, but the median level of risk aversion is
lower than found in the previous literature|a di erence that may be explained by our use
of binary choice questions rather than MPLSs.

In addition to our general population survey, we also use DOSE to elicit risk and time pref-
erences from undergraduate students both online and in the laboratory, providing a clearer
comparison to the many studies investigating preferences in undergraduate populations.

Online Student Sample: We implemented a 10-question risk-loss DOSE module in an
online survey of undergraduate studentsN = 369) recruited from the University of Pitts-
burgh Experimental Laboratory (PEEL). The survey was very similar to our general popu-
lation survey. As with our representative sample: participants completed the survey through
YouGov's online portal and questions were presented with the same point value. The main
di erence between the samples is that the students received payment in cash, via Visa gift
card, rather than in YouGov points?

Laboratory Samples: We compare our student sample to a sampléN(= 439) of partic-
ipants completing DOSE modules in four previous laboratory studies. Each of these studies
implemented DOSE (based on our original working paper, Wang et al. (2010)) to estimate
risk and loss aversion using binary choices with the same structure as those in our survey.

payment was completed within two weeks of survey completion using an exchange rate of 1,000 points
=$1. The survey was completed in January 2019. The median time to complete the survey was shorter than
among our representative sample|22 minutes|partly because there were fewer tasks, and partly because
the students went through each task an average of 25% faster. The average payment w@$5.50 due to the
removal of some low-average-value tasks.
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Figure A.1: The general population is more risk tolerant and loss averse than students.

Notes: The gure displays the kernel density of each parameter, plotted using Epanechnikov kernel with band-
width chosen by rule-of-thumb estimator. \Student Sample" refers to students completing DOSE in an online
survey. \Laboratory Samples" refers to students completing DOSE in previous laboratory experiments|see

text above for details.

We take those individual choices, and then re-estimate the individual risk and loss aversion
parameters using the same procedure and priors as used for our main estimates.

Di erences in elicitation method appear to explain the lower level of risk aversion esti-
mated by DOSE than found in previous studies of representative samples. The mean and
median Coe cient of Relative Risk Aversion (1-) are 0.30 and 0.34 respectively, compared
to previous ndings ranging from approximately 0.4 (Dohmen et al., 2010) to 0.7 (Harrison
et al., 2007; Andersen et al., 2008). This pattern is consistent with laboratory studies nd-
ing lower levels of risk aversion using binary choice questions: the median coe cient using
DOSE is 0.05 in the lab and 0.17 in our student survey|similar to the value of 0.12 found
by Sokol-Hessner et al. (2009) using binary questions, but much lower than the range of
0.3{0.5 found by Holt and Laury (2002). Moreover, the median coe cients on the MPLs on
our survey (0.4 and 2.1) are more in line with previous studies.

For discounting, we estimate a median monthly discount factor § of 0.90, which is
similar to the monthly discount factor reported by Meier and Sprenger (2010), and falls in
the lowest quartile of the results of three recent laboratory studies using the Convex Time
Budget method of Andreoni and Sprenger (2012)|see Imai and Camerer (2018, Appendix
Table D1). In our student sample, we nd a slightly lower median discount factor of 0.87|
however given the di erences in payment across samples (cash versus points), it is di cult

258 participants completed DOSE at Caltech (Krajbich et al., 2017), 172 at Claremont McKenna (108
collected by Clay et al. 2017 and 64 by Clay et al. 2016), and 209 students at UCLA (this data was generously
provided to us by Alec Smith).
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to compare directly.

The results in Figure A.1 provide further evidence that DOSE is an e ective tool in
online surveys. We nd that students are both less risk averse and more loss averse than
the general population, whether DOSE is used in the laboratory or in an online survey|the
survey implementation does not appear to a ect our results. Second, the distributions are
very similar across survey waves, suggesting that participants make consistent choices over
timelit does not appear that initial confusion or attempts to \game" DOSE during the
second elicitation are a major factor in the estimates.

A.2 Correlates of Economic Preferences

The patterns of correlation between economic preferences and sociodemographic character-
istics we nd (see Table 2), largely match the literature. The relationship between cognitive
ability and patience, unlike risk aversion, is well-established in both economics and psy-
chology (for example, Shamosh and Gray, 2008; Burks et al., 2009; Dohmen et al., 2010;
Benjamin et al., 2013). Patient individuals have also been found to have higher income,
greater savings, and more education (see DellaVigna and Paserman, 2005; Urminsky and
Zauberman, 2016; Falk et al., 2018). In the laboratory most studies have documented that
women are more risk averse than men (Eckel and Grossman, 2008), as have Falk et al. (2018)
in a representative sample. There is also some evidence of a negative relationship between
risk aversion and income, although results have been mixed (see, for instance Dohmen et al.,
2010; Barsky et al., 1997). A recent meta-analysis nds, in line with our results, that age

is not related to risk aversion, but is related to time preference (Bagani et al., 2023). Also
consistent with our results, Olschewski et al. (2018) nd that greater cognitive load leads to
less consistent choice.

The most important di erence between our results and the literature is the relationship
between risk aversion and cognitive ability, where we nd a strong negative correlation,
whereas results in the previous literature are mixed between somewhat smaller negative
correlations, no correlations and, occasionally positive correlations (see Lilleholt, 2019, for a
metaanalysis). As discussed in Section 5.3, it appears this di erence is explained by the fact
DOSE accounts for inconsistent choice.

A.3 Temporal Stability of Economic Preferences

As noted in Section 5.4, the over-time correlation of the DOSE preference estimates is larger
than estimates in most previous studies, but direct comparisons are complicated by di er-
ences in the sample used. Chuang and Schechter (2015) review previous studies of stability
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of risk and/or time preferences, reporting that most studies use hypothetical methods. A few
incentivized studies report higher correlations than DOSE over much shorter periods of time
(Welbert and Riedl, 2013; Dean and Sautmann, 2014; Falk et al., 2023). Mata et al. (2018)
provide a more recent meta-analysis, and nd that over a ve-year period the stability of
lottery-based risk elicitations|both incentivized and hypotheticall|is 0.2. In another eld
study, Kirby et al. (2002) reports correlations of 0.09{0.23 over a six month period among
Bolivian Amerindians.

The variety of the methodologies, both in terms of time between elicitations, and in sam-
ple composition | for instance, it is not clear how best to compare our representative sample
to selected sub-samples such as Meier and Sprenger (2015)'s low-income Americans|mean
that we cannot identify the reasons for di erences between studies. However, in general, we
identify higher stability than most previous estimates, particularly outside the laboratory|
consistent with the DOSE estimates being less a ected by attenuation bias due to measure-
ment error.

B DOSE Procedure and Survey Implementation

This Appendix discusses the potential for strategic manipulation of DOSE, and presents
details of our survey implementation.

B.1 The Potential for Gaming DOSE and Incentive Compatibility

In this Appendix we discuss the potential issue of gaming in DOSE and other dynamic elic-
itation methods. While in principle a participant could have an incentive to game adaptive
guestion sequences, we argue, drawing on previous work, that this is unlikely to be a concern
in practice.

Let's start with a scenario which is the easiest case for gaming and hence is the worst
case from the point of view of an experimenter. A participant faces a series of simple choices
between a certain paymentsX or a 50% coin ip between 0 and$10. The value of X is
varied dynamically to pin down a certainty-equivalent amount which is equal to the gamble
value. Suppose the initial choice is between the gamble a®X=4. A person who truly
prefers$4 might strategically choose the gamble, if they think that doing so would lead the
experimenter to increase the values &X in subsequent questions to \titrate" how much
they tolerate risk. Expressing an exaggerated preference for risk, by turning dod#, could
bene t them over their entire portfolio of immediate and|hypothesized|later choices that
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are dynamically-adjusted. There is no question that the possibility of dynamic gaming
exists and could in principle undermine inference. For example, if the hypothetical subject
above keeps turning down gambles in order to get better and bette$X; coin ip) binary
choices she will earn more money, and her Bayesian posterior will put too much weight on
risk-preference.

However, in practice, gaming of this kind will be a major concern only if a number of
quite stringent conditions hold. In particular, gaming requires all of following: (1) partici-
pants believe that future test choices depend on previous responses (recall that they are not
informed of this fact in our survey); (2) participants can and do compute how to misrepre-
sent preferences in early choices to create better future choices (as evaluated by their own
preferences); and (3) the expected value of misrepresentation computed in step (2) must be
high enough to be worthwhile, ex ante. In a \rational gaming" type analysis, if they don't
believe in (1) then they won't proceed to (2). If step (3) isn't satis ed they will not make
the step (2) computation. These conditions require a high level of participant sophistica-
tion, ability to undertake complex calculations, and understanding of the DOSE algorithm.
Moreover, they require that gaming is actually bene cial, which is not necessarily the case,
as discussed further below.

Ray et al. (2012) provide direct evidence regarding steps (2) and (3) of this chain. First,
to test whether participants actually game adaptive algorithms (condition (2)) and what
happens if they try to, they compare a baseline control with an augmented-instructions
treatment in which they explicitly instructed subjects that gaming could help them. Specif-
ically, the instructions said (excerpted):

It could help you to know that an adaptive algorithm generates the choices be-
tween two lotteries that are presented to you... It is possible, mathematically,
to choose lotteries you do not like in the beginning in order to lead the adaptive
algorithm to create future lottery choices that you like better... If you think
you can guide the algorithm in this way, by choosing lotteries you don't like to
create better choice pairs in future trials, you are free to do so.

The results showed little evidence that gaming was important. The distributions of
best- t risky choice models did not di er in the control and explicitly-instructed treatment.
Further, in post-experiment debrie ngs, a majority of participants said they did not consider
gaming. This claim is supported by direct evidence of (a lack of) gaming in their data.
Speci cally, Ray et al. (2012) point out that gaming should leave two clear ngerprints.
First, response times will be longer when gaming is occurring, and drop sharply when gaming
is nished. However, the response time pro les across trials in the experimental session
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were statistically indistinguishable between control and explicitly-instructed subjects, and
followed a very regular learning-curve reduction in RT. Second, trial-by-trial parametric
classi cations should reverse from early to late trials if there is gaming. Recall our simple
example of a risk-averse subject who is truly indi erent betwee®X=$4 and a$0-10 coin
ip, but pretends to be risk-seeking in early choices in order to get future choices with higher
values of$X. Their estimated risk-aversion parameter will go sharply down over early trials,
then reverse and go sharply up. They rarely observed this type of parametric reversal in
their data (see also Appendix Figure E.2 and surrounding discussion).

To contribute evidence about step 3, Ray et al. (2012) compute the expected gain from
gaming, and nd it is relatively low. Their example is a hypothetical person in a binary risky
choice paradigm with (assumed) expected-value preferences who could perfectly compute
optimal gaming for a 10-trial sequence of choices. This hypothetical person could access the
\God screen" of how the DOSE sequence was created to pick binary choices in round t+1
based on the history of choices before t+1, and could perfectly compute how to game early
choices to maximize expected payo across all 10 trials (assuming all trials are equally likely
to be chosen for payment). Under this best-case scenario, the hypothetical optimally-gaming
agent earned 8% more. As such, participants had limited nancial incentive to engage in
gaming?

In sum, gaming is not in practice rewarding, does not seem to be widespread, and is not
evident either in response time patterns or classi cation reversals. As such, it is unlikely to
be a concern in most settings, or pose a threat to our results.

Further, if gaming is a concern in other research contexts, then it is straightforward to
implement DOSE with an incentive-compatible payment scheme. One method (Johnson et
al., 2021) is to choose large design space, and sample one binary choice from that space.
If the sampled choice was in the set of sequential choices that were actually faced, choose
what the subject already picked. If it's a new choice, then their novel choice will count for
pay. This method removes the gaming incentive, by breaking the link between the sequence
of questions asked and the likelihood a question is chosen for payment. Another method,
suggested by lan Krajbich, and implemented in Krajbich et al. (2017), is to use the sampled
choices as a way of training an algorithm|the parametric speci cation which is encoded in

3Informal theory o ers an explanation for the low benet to gaming. Speci cally, in later periods, it
does not pay to strategize since doing so makes suboptimal immediate choices. In early periods, strategizing
is immediately costly (for the same reason), but may o er bene ts in future questionsjthere is a natural
tradeo between the cost of strategizing in early periods, and possible future gains. In a sequence of ten
guestions the short-run costs are relatively large versus these future gains. While gaming could be more of
a concern in a longer DOSE sequence, this discussion also suggests an easy remedy: exclude some fraction
of earlier periods and recompute Bayesian posteriors using only later periods, or adjust the randomization
weights of choosing a single choice to resolve for pay so later choices are much more heavily weighted.
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the posterior from the last actual choice. The trained choice speci cation is then used to
make a novel choice. In this method, the subjects are essentially \training” an algorithm,
much as choices of Amazon books are training a recommender system.

B.2 DOSE in a Representative Survey

We now turn to the practical details of implementing DOSE in two waves of a large, rep-
resentative, incentivized survey of the U.S. population. The survey includes two DOSE
modules|one relating to risk and one to time preferences|as well as other behavioral elic-
itations, and cognitive and sociodemographic questions.

B.2.1 DOSE Modules

Both of the DOSE modules were comprised of ten questions selected using the procedure de-
scribed in Section 2, slightly modi ed due to the practicalities associated with implementing
the survey online. The design of YouGov's online platform precluded using DOSE to choose
guestions in real time and so, instead, simulated responses were used to map out all possible
sets of binary choices in advance. That tree was then used to route participants through the
survey. Mapping such a tree with a re ned prior was infeasible given both computational
constraints and the limitations of YouGov's interface (mapping such a tree over 20 questions
would involve over 500,000 routes through the survey). As such, questions were selected
using a coarser prior and then nal individual-level estimates were obtained by performing
the Bayesian updating procedure with a joint 100-point discretized uniform pridft.

We now describe the particular design choices|the priors, utility speci cation, and ques-
tion set|that we made for each of the two DOSE modules.

Risk Preferences: The rst DOSE module elicited risk and loss aversion. Participants
were given 10,000 points and o ered a sequence of ten binary choices between a 50:50 lottery
and a sure amount. Two types of lottery were used. The rst had a 50% chance of 0 points,
and a 50% chance of winning a (varying) positive amount of points (of up to 10,000). The
second had a 50% chance of winning an amount up to 10,000 points, and a 50% chance of a
loss of up to 10,000 points. In the latter case, the sure amount was always 0 poihts.

4The prior used for question selection included 12 mass points for and , 20 for , and 4 for . To utilize
the information about the curvature of the utility function from the risk-loss module, for the time preference
module participants were assigned to one of ten prior distributions over , based on their estimated from
the risk-loss module.

5The set of potential questions used for the risk module allowed for gains ranging between 1,000 and
10,000 points in 500 point increments, and sure amounts and losses varying ranging from 500 points to
10,000 points in 100 point increments. Questions were excluded if one choice was rst-order stochastically
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The question sequence for the risk preference module was selected using the speci cation
in Equation (1) and a prior constructed using the estimates for laboratory participants
obtained by Sokol-Hessner et al. (2009) and Frydman et al. (2011): 0.2{1.7 fqgrand 0{4.6
for . To account for the survey environment we restricted the question selection procedure
in two ways. First, to focus the procedure on obtaining a precise estimate obefore moving
onto estimates of , the rst four questions in the module were restricted to be lotteries over
gains. Second, to make it harder for participants to identify the adaptive nature (and hence
attempt to manipulate) the procedure, the maximum prize was restricted to be no more
than 7,000 points in each even numbered round.

Time Preferences:  The second DOSE module elicited discount factors and re ned the
estimates of the curvature of the utility function elicited in the risk preference module.
Participants were o ered a sequence of ten binary choices between a lower amount of points
at an earlier date (either the day of the survey, or in the future) or a higher amount at a
later date (up to 90 days in the future). The maximum payment in each question was 10,000
points.®

The time discounting questions were selected accounting for both discounting and present
bias. As with the risk module, some restrictions were placed on the question selection
procedure. The rst ve questions were restricted to the choice between payment on two
dates in the future. In addition, when considering two options in the future (that ist; > 0
and t, > 0), individuals were assumed to choose as if they have a xed value of the present
bias parameter ( =0.64, based on the estimates from Tanaka et al. (2010)).

B.2.2 Additional Measures
We also utilize survey measures of cognitive ability and more standard elicitations of risk

and time preferences.

Cognitive Ability: Cognitive ability was measured using a set of nine questions: six from
the International Cognitive Ability Resource (ICAR, Condon and Revelle, 2014) and three
from the Cognitive Re ection Test (CRT) developed by Frederick (2005).

dominated for all values of the prior distribution. Questions were also selected as if the prize amounts were
3 times the actual amounts o ered in the lottery to improve discrimination of the risk and loss aversion
parameters.

6possible payment amounts in the time module ranged from 1,000 to 10,000 points in 1,000 point incre-
ments, and possible payment days were of 0, 1, 3, 5, 7, 9, 10, 12, 16, 21, 28, 35, 42, 49, 56, 60, 70, 80, 90
days after the survey. The question set included all combinations of these payment amounts and dates in
which the early payment was less than the later payment.
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The 1Q test consisted of three questions from the ICAR matrix module and three from
the 3-D rotational module. In the matrix questions, participants were presented with a 3x3
matrix with 8 geometric designs. They then had to choose the correct design to complete the
pattern from a list of 6 possible options. In the 3-D rotational questions, participants were
shown a picture of three sides of a cube. They then had to choose which of six options (each
also showing three sides of a cube) was compatible with a rotated version of the original.

The CRT includes three arithmetically straightforward questions with an instinctive, but
incorrect, answer. The test thus measures the tendency for an individual to re ect upon a
question rather than answer instinctively.

Risk Aversion MPLs: Two MPLs asked participants to choose between a xed 50/50
lottery and a series of ascending sure amounts. The row in which the participant rst chose
the sure amount identi ed a range of possible certainty equivalents for the lottery|we use
the midpoint of this range. There were two MPLs of this type: the rst had a 50/50 lottery
over 0 and 10,000 points, the second, a 50/50 lottery over 2,000 and 8,000 points.

Time Preference MPLs: In addition to the DOSE module, the survey included two
MPLs to elicit time preferences. The rst time MPL elicited the amount of points that
the participant valued the same as 6,000 points 45 days later. The second MPL elicited
the amount of points in 45 days that the participant valued the same as 6,000 points in
90 days. We estimate monthly discount rates based on the midpoint of the row in which a
participant switched to preferring money to today over the future. The bottom row of the
MPLs allowed participants to specify they would prefer receiving 6,000 points in the future
to receiving 6,100 points today. In this case they were assigned a discount rate of 1.

"These MPLs were designed to elicit the willingness to pay (WTP) for a lottery; participants were endowed
with a xed set of points and asked how much they would exchange for the lottery. An additional two MPLs
in the survey elicited the willingness to accept (WTA) for the same lotteries; that is, participants were
endowed with the lottery and asked the amount of points that they would need to be willing to exchange
the lottery. See Chapman et al. (2023) for more details of the design of these measures, as well as extensive
discussion of the relationship between WTA, WTP, and other risk elicitations in the survey.
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C Simulations using Laboratory Choices

In this appendix we demonstrate the bene ts of DOSE's personalized question sequence using
data from 120 subjects in two prior laboratory experiment&. In each of these experiments,
participants were asked the same set of 140 binary choices over gains and losses|with each
choice having the same structure as the questions used in our survey. A 20-question DOSE
procedure obtains parameter estimates that are close to (within 15% of) parameter estimates
after 140 questions. Further, a joint uniform prior over the parameters is close to optimal
for question selection. The Bayesian procedure also requires many fewer questions to elicit
individual-speci ¢ estimates of risk and loss aversion than Maximum Likelihood Estimation.

C.1 Estimates of Risk and Loss Aversion

In our simulation, we optimally order the questions for each participant using DOSE and
compare the parameter estimates to those that would be obtained under a random question
ordering. After DOSE selects a question, we provide it with the answer the participant gave
in the experiment. The procedure then updates the probability distribution over parameters,
selects the next question, and so on. This allows us to compare, question by question, the
inaccuracyjthe absolute distance from the true parameter value as a percentage of the true
value|of DOSE's estimates with those elicited by a random question ordering. As we do
not have access to true parameter values, we substitute the values one would obtain using
the choices in all 140 questions.

A 20-question DOSE sequence provides a similar amount of information as about 50
randomly-ordered questions, as shown in the top panel of Figure C.1The DOSE esti-
mates of both risk and loss aversion are consistently closer to the nal parameter estimate,
indicating|under the assumption that the nal estimate closely approximates an individ-
ual's true parametersj|that the procedure provides accurate estimates considerably faster
than selecting questions at random. After 20 questions, the DOSE estimates are almost twice
as close to the nal estimate as those under a random question ordering (12% vs. 21{22%).

The bottom panel of Figure C.1 shows that the DOSE estimates are also more highly
correlated with the nal estimates, an important feature when seeking to identify correla-
tions between preferences and other population characteristics. After a 20-question DOSE
sequence, the correlations are higher than obtained under the random ordering for both loss
aversion (0.94 versus 0.87) and risk aversion (0.89 versus 0.70).

890 participants come from Frydman et al. (2011) and 30 from Sokol-Hessner et al. (2009).
For loss aversion, 45 randomly-ordered questions are needed to be as close to the nal estimate as 20
DOSE questions. For risk aversion, 55 questions are required.
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Figure C.1: Optimal question selection rapidly leads to accurate estimates.

Notes: Based on data from Sokol-Hessner et al. (2009) and Frydman et al. (2011). \Optimal Prior" and

\Uniform Prior" refer to DOSE question selection using corresponding priors. \Random" orders questions

randomly, averaging over 100 di erent random orderings. In the top panel, each line shows the inaccuracy
of Bayesian estimates obtained after each question (starting at question 10). The bottom panel displays
the correlation between the Bayesian estimates obtained after each question and the nal estimate. All
parameter values are estimated using a uniform initial prior.

These simulations also show that using the uniform prior is close to optimal for question
selection. We compare the performance of DOSE question selection using a uniform prior
to that using an optimal prior constructed from the distribution of the estimates after 140
guestions. To focus on the question selection impacts of the prior, we estimate the parameter
values using a uniform prior in both cases. As shown in Figure 3, both the accuracy and the
correlations are similar whether using the optimal or uniform prior.
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DOSE improves the accuracy of individual-speci ¢ estimates for the full distribution of
parameter values, as shown in Figures C.2 and C.3. These gures display the progression
towards the nal parameter estimates after asking 10, 20, 50 and 100 DOSE questions.
After just 10 questions, the estimates for both risk and loss aversion are clustered around
the 45 degree line, re ecting a high degree of correlation with the nal estimates. There
is no evidence for any of the parameters that the procedure converges faster for particular
parameter values: indicating that accuracy improvements from DOSE are not an artefact of
the particular distribution of preference parameters we observe.

Figure C.2: Correlations between nal estimates of the risk aversion parameter and the
estimates after selected rounds.

Notes: The gure is based on authors' analysis of data from Sokol-Hessner et al. (2009) and Frydman et
al. (2011). Each panel plots the DOSE estimate (using a uniform prior) of the exponent from the utility
function (1) against the Bayesian estimate after 140 questions.

C.2 Estimates of Choice Consistency

DOSE provides relatively accurate estimates of the choice consistency parameter as well as
risk and loss aversion, as shown in Figure C.4. Compared to the random ordering, the DOSE
estimates are closer to and more highly correlated with the nal parameter estimate, and
are more highly correlated with the nal estimate throughout the question sequence. Again,
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Figure C.3: Correlations between nal estimates of the loss aversion parameter and the
estimates after selected rounds.

Notes: The gure is based on authors' analysis of data from Sokol-Hessner et al. (2009) and Frydman et al.
(2011). Each panel plots the DOSE estimate (using a uniform prior) of the loss aversion parameter from the
utility function (1) against the Bayesian estimate after 140 questions.

these bene ts are similar regardless of whether we use the uniform prior or the \optimal
prior" (discussed in the previous subsection).

The choice consistency estimates take longer to converge to the nal estimate than the
other parameters, likely re ecting the fact that several similar questions must be asked to
pin down this parameter. The estimated inaccuracy, for example, after 20 questions is 63%,
much higher than the 21{22% for risk and loss aversion (but much lower than the inaccuracy
of 94% achieved with the random ordering). Similarly, Figure C.5 shows that after 50
guestions the individual-speci c estimates are not as closely clustered around the 45 degree
line. Again, however, there is no evidence that the accuracy improvements from DOSE are
limited to particular values of the choice consistency parameter.

C.3 Maximum Likelihood Estimation

We also attempted to obtain individual parameter estimates using Maximum Likelihood
Estimation (MLE), however we were frequently unable to estimate parameters for several
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Figure C.4: DOSE elicits accurate estimates for the choice consistency parameter faster than
the random ordering.

Notes: Based on data from Sokol-Hessner et al. (2009) and Frydman et al. (2011). Left (right) hand panel
shows the inaccuracy (correlation with nal estimate) of Bayesian estimates obtained after each question,
under di erent orders. \Optimal Prior" and \Uniform Prior" refer to DOSE question selection using corre-
sponding priors. \Random" orders questions randomly, averaging over 100 di erent random orderings. All
parameter values are estimated using a uniform initial prior.

participants.’® As shown in Figure C.6, when using fewer than 40 questions (using the
original order reported in the original datasets), we could not estimate parameter values
for one quarter of the sample, and we could not obtain estimates for all participants even
when using the full set of 140 questions. This failure is particularly striking given that, for
this purpose, we do not exclude any unrealistic values (such as negative parameters) and
that, in a nal attempt to obtain an estimate, we initiated the search algorithm with the

nal Bayesian estimate of each individual's parameters. As such these numbers are an over-
estimate of the proportion of participants for whom meaningful estimates could be recovered
in reality; Frydman et al. (2011) in their initial study obtained estimates for only 64 of 83
participants (7 were excluded for other reasons), whereas we report estimates for 82 out of
the 90 participants.

Further, the estimates that were obtained by MLE with a small number of questions
appear much more inaccurate than those from the Bayesian procedure, as shown by the
line plots in Figure C.6. After 140 rounds, the estimates from the dierent procedures
are, as expected, very similar: the correlation between the nal MLE and nal Bayesian

10The MLE procedure was implemented using STATA's modi ed Newton-Raphson algorithm. Similar
results were obtained using alternative algorithms. For each participant estimation was attempted three times
(each with up to 16,000 iterations), allowing for alternative initial conditions, di erent stepping procedures
in non-concave regions and relaxing convergence requirements on the gradient vector.
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Figure C.5: Correlations between nal estimates of the consistency parameter and the esti-
mates after selected rounds.

Notes: The gure is based on authors' analysis of data from Sokol-Hessner et al. (2009) and Frydman et al.
(2011). Each panel plots the DOSE estimate (using a uniform prior) of the choice consistency parameter in
(3) against the Bayesian estimate after 140 questions.

estimates was 0.85 for risk aversion, and 0.95 for loss aversion, while the median distance
between the two estimates was less than 2% (of the Bayesian estimate) for both parameters.
However, the Bayesian estimates are much closer to these nal values after many fewer
questions!! In addition, the Bayesian estimates are generally more accurate than the MLE
estimates that do exist even where no MLE estimate can be obtained at &l.Not only can

the Bayesian procedure obtain an estimate in those circumstances, those estimates contain
valuable information.

1To ensure comparability between the two sets of estimates, when calculating the distance from the nal
estimate we constrain the MLE estimates to the bounds of the prior used for the Bayesian estimates.

12The \jerky" nature of the line relating to the inaccuracy when no MLE estimate is available is explained
by the fact that|particularly after question 40|few participants do not have MLE estimates, with the
precise number varying from round to round. The large spike at round 61, for example, is explained by all
but two participants having MLE estimates available.
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Figure C.6: With a small number of questions the Bayesian procedure provides more accurate
estimates than Maximum Likelihood Estimation.

Notes: The gure is based on authors' analysis of data from Sokol-Hessner et al. (2009) and Frydman et al.
(2011). The bars refer to the proportion of participants for whom a parameter estimate could be obtained
using Maximum Likelihood Estimation. The lines plot the distance from the estimate obtained after 140

guestions after each question round using i) Maximum Likelihood Estimation, ii) Bayesian estimation (where

MLE estimates were available), and iii) Bayesian estimation (where MLE estimates were not available).

D Parameter Recovery Exercise

When participants make mistakes DOSE produces estimates that are about twice as accurate
as traditional risk and loss aversion elicitation mechanisms. We demonstrate this with a
parameter recovery exercise (or Monte Carlo simulation). This is conducted with an entirely
simulated dataset that allows us to both know and control the true parameters governing
(simulated) participant behavior. We rst provide a detailed explanation of the procedure
used to simulate DOSE and two other elicitation methods: the double MPL, and Lottery
Menu methods. To understand whether our assumptions about the level of noise in the
survey are reasonable, we then compare simulated choices to real survey data. The simulation
appears to underestimate the level of noise in the survey MPL.

The DOSE estimates are more accurate than other elicitation methods even when the
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utility function is misspeci ed. Accurate estimates can still be obtained by using the correct
utility function after the fact and, even without re-estimating the results, the DOSE estimates
are highly correlated with the true parameter values. Further, DOSE still performs well when
estimating a utility function with di erential curvature across gains and losses, despite the
absence of questions just with losses in our dataset.

D.1 Parameter Recovery Procedure

Simulation Dataset A dataset of 10,000 simulated individuals was generated as follows.
First, we estimated the 140 question DOSE procedure on the 120 participants from Sokol-
Hessner et al. (2009) and Frydman et al. (2011). We then aggregated the 120 individual
posterior distributions to form a joint probability distribution over the three parameters

, and . The 10,000 participants were then drawn from the resulting distribution. In
addition, to understand the performance of each elicitation method at di erent levels of
choice consistency, we repeated the simulation assuming each of these simulated individuals
had the same , xed at each ventile of the underlying distribution|this analysis is reported
in Figure 4.

DOSE Simulation We simulate a 20 question DOSE procedure for each individual, with
each binary choice made probabilistically according to the logit probability (3). The possible
question space included 760 questions, allowing for gainstit.25 increments up ta$10, and
losses in$0.5 increments up to$10.

Double Multiple Price List (MPL)

We calculate the expected inaccuracy for the double MPL method using two hypothetical
MPLs. MPL 1 o ers participants a choice between a xed 50:50 lottery betweefl0 and $10
and a series of xed amounts. This MPL is used to elicit the estimate of the CRRA coe cient

. MPL 2 o ers patrticipants a choice between a 50:50 lottery between a loss $f0 and a
gain of $10 and a series of xed amounts. This second MPL is used to obtain the estimate
of the loss aversion parameter. In both MPLs we enforce (in-line with the implementation
in the surveys) that individuals could only switch once, and that individuals do not choose
dominated options: the left-hand side of MPL (the lottery) is chosen in the rst row and the
right-hand side (the xed amount) is chosen in the last row.

The row in which a participant rst chooses the xed amount (the right hand side) in MPL
1 implies a range of certainty equivalents and CRRA coe cients, as shown in Table D.1.
We use the certainty equivalent at the midpoint of this range and the associated CRRA
coe cient.
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Table D.1: Hypothetical MPL 1 used to estimate

Left Hand Right Hand CRRA Estimated
Choice Choice Range

50% 0of$0, 50% of$10 $0 n.a. n.a.
50% of$0, 50% of$10 $1 < 0:30 0.23
: : 0:30< < 043 0.37

0:43< < 058 0.50

0:58< < 076 0.66

0:76< < 1:.00 1.57

1.00< < 136 1.16

1:36< < 194 1.61

: : 1.94< < 311 1.66

50% of$0, 50% of$10 $9 311< < 658 1.66
50% of$0, 50% of$10 $10 658< 1.66

Notes: \CRRA range" is the implied range of CRRA coe cients implied by the choice of each lottery. \Estimated

" is the estimated value of the CRRA coe cient associated with the choice of each lottery used in the calculation
of expected inaccuracy. Neither value is de ned in the rst row because the design does not allow the right hand
side to be selected.

Table D.2: Hypothetical MPL 2 used to estimate

Left hand Right hand
choice choice
50% of $10, 50% of$10 $10
50% of $10, 50% of$10 $9
50% of $10, 50% of$10 $9
50% of $10, 50% of$10 $10

Similarly, the row in which a participant rst chooses the xed amount (the right-hand
side) in MPL 2 implies a range of certainty equivalents, as shown in Table D.2. We use the
certainty equivalent at the midpoint of this range and use the estimated CRRA coe cient »
estimated in MPL 1 to obtain the estimated loss aversion parametef,. For comparability
with the DOSE estimates, we truncate the range of and ~to match the range of the prior
used in the DOSE procedure.

The procedure for simulating behavior on these two MPLs was as follows. For each row
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r, the probability that a simulated individual de ned by the parameter vector (, , ) rst
chooses the right hand side of the MPL in row is calculated. This probability is de ned by
the logit probability (see (3)) comparing the lottery to the xed amount o ered in row r. To
translate these binary choices into a probability distribution over the set of rows in the MPL
we assume that individuals work either sequentially down or up an MPL, each with 50%
probability. Suppose they work down the MPL. Then they rst consider the choice between
the lottery and the xed amount in the rst row in which they can choose the xed amount
(row 2 in our implementation). If they choose the xed amount, they will always prefer the
xed amount lower in the MPL.: thus this row is the \switching row". If, on the other hand,
they prefer the lottery then they will move to the next row and consider the next binary
choice. Alternatively, individuals may choose to work up the MPL by rst considering the
bottom row of the MPL, then the second-bottom, etc.

Now consider a MPL withR rows in which an individual can switch. De ne the proba-
bility that the lottery is chosen in row r by individual i asq. This probability is de ned by
; and, when losses are involved,. For simplicity we suppress the indices. De ne the
probability row r is the switching row working down the MPL aspP, and working up the
MPL as p”. Then these probabilities are given by:

lYl

P =1 ¢) g and
s=1

| W

r = (g 1) (1 )

s=r
The expected inaccuracy for any parameter is then given by:

X
EY 1= ospP +0:5f ]
r=1
where”} is the estimated parameter associated with switching in row. As discussed above,
for this is implied by the midpoint of the certainty equivalents de ned by the switching
row. For the value is de ned both by the midpoint of the certainty equivalent and the
estimated “from MPL 1.

Risky Project  In the risky project, developed by Gneezy and Potters (1997), participants
are given an endowment o$2 and o ered the chance to invest any amount they choose in
a risky project. Any money they choose not to invest they keep. With 40% probability the
project is successful and the participant receives three times the amount they invested (plus
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any money they chose not to invest). If the project fails, they lose their investment.

The procedure for the simulation was as follows. A participant starts by considering a
choice between investings0 and investing the full $2, with the probability of each choice
de ned by the logit function (3). They then compare the winner of this initial choice $0
or $2) to investing $1 (half the possible investment). If they choos&0, they invest $0. If
they choose$2, they then make sequential comparisons between lower possible investment
amounts, using increments 0$0.20. So they rst compare$2 to $1.80|if they choose $2,
then they stop and invest$2. If they choose$1.80, they compare$1.80 to $1.60 etc, and
so on in increments of$0.20. Similarly, if they choose$l they then sequentially compare
lower amounts, starting with $1 vs $0.20. The use of increments d#0.20 captures the fact
that, as we will see in the following sub section, the distribution of participants' investments
in our survey data appears discrete rather than continuous. The results are similar using
alternative increments.

This procedure produces a probability distribution for each individuali, over eleven
possible investment amountan ranging from $0 and $2 in increments of$0.20|that is,

m 2 M = f0;0:2;,0:4;0:6;0:8; 1; 1.2; 1:4; 1.6; 1:8; 2g|with the probability of investing m
given by p,,. The amount of points invested (n) de nes an estimated 4,. To ensure
comparability with the DOSE estimates, we then truncate the estimated parameters to the
range de ned by the Sokol-Hessner-Frydman distribution. The estimated inaccuracy is then
given by:

E(™  Il= Pm ] "m j
m

Lottery Menu In the lottery menu procedure, developed by Eckel and Grossman (2002),
participants are o ered a choice between multiple lotteries over gains. We calculate the
expected measurement error for the menu of six 50:50 lotteries presented in Table D.3. This
implementation is based on the menu used by Dave et al. (2010), adjusted so that the largest
prize is $10 (for comparability with the other elicitation procedures). The rst lottery is a
safe option (it has zero variance), while the subsequent lotteries increase in both expected
value and variance.

The choice of lottery implies a range of possible CRRA coe cients, as shown in the
penultimate column of Table D.3. For lotteries 2{5 we estimate the estimated CRRA coef-
cient N as the midpoint of this range. Since the midpoint is unde ned for lotteries 1 and
6, for these lotteries we use the end-point of the range. To ensure comparability with the
DOSE estimates, we then truncate the estimated parameters to the range de ned by the
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Table D.3: Choices in Simulation of Lottery Menu Procedure

Low High CRRA Estimated

Prize Prize Range
Lottery 1 4.00 4.00 < 246 0.20
Lottery 2 3.43 5.14 246< < 016 0.20
Lottery 3 2.86 6.29 0:16< < 0:29 0.20
Lottery 4 2.29 7.43 @9< < 0:50 0.40
Lottery 5 1.71 8.57 B0< < 1.00 0.75
Lottery 6 0.29 10.00 < 1.00

Notes: Lottery menu choices taken from Dave et al. (2010), adjusted so that maximum prize i$10. \CRRA
range" is the implied range of CRRA coe cients implied by the choice of each lottery. \Estimated " is the
estimated value of the CRRA coe cient associated with the choice of each lottery used in the calculation
of expected inaccuracy.

Sokol-Hessner-Frydman distribution.

The procedure for the simulation was as follows. Consider a menu over a set of lotteries
l1;15;::: 1. We de ne a probability distribution over the set of lotteries by assuming that
individuals make a series of binary choices in which they compare the set of lotteries in
order. That is, they rst compare lottery 1 with lottery 2, making a choice according to the
logit probability. They then compare the winner of that choice with lottery 3, and then the
winner of the latter choice with lottery 4. The procedure is repeated until lotteryL .

We de ne a probability distribution over the full lottery menu for each participant i as
follows. For two lotteries|; k let ¢, be the probability that i choosed when faced with a
binary choice betweern and k. This probability is de ned by the logit function (3), and as
such depends on the participant's value of and ; for simplicity we do not display these
parameters or thei index in the following. De ne the probability that lottery | is chosen
after L choices ag. Then p; = g1, and for all other|;L:

The probability distribution over the choice from the set of lotteries is therf p}; p5;:::; pho.
De ning #, as the estimated CRRA coe cient associated with a choice of lotteryl, the
expected inaccuracy is given by:
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We also implemented an alternative simulation procedure for the Lottery Menu. Under
this alternative, choice occurred according to to a multinomial logit probability distribution.
That is, for each possible choick =1;:::;6:

= EXp(EUk)
> exp(EU))

Prob(Choice= k) =

where EUy is the expected utility of lottery k.

The simulation results for the Lottery Menu procedure were similar to that for the risky
project. Using our main simulation (presented in Table 1), the average inaccuracy was 35%
(or 42% using the multinomial logit function for choice), and the correlation with the true
parameter was 0.29 (0.37). For the lowest consistency ventile (as in Figure 4) the average
inaccuracy was 41% (55%) and in the highest ventile 27% (29%).

D.2 Misspeci cation of the Utility Function

The DOSE estimates are robust to misspeci cation of the utility function. We run DOSE
on the same 10,000 simulation subjects|each of whom has CRRA utility|but assuming a
CARA utility function in the question selection procedure. We then compare the correlation
between the risk aversion and loss aversion parameters under the di erent procedures, and
demonstrate how the data collected can be re-estimated to elicit accurate CRRA utility
parameters'®

Misspecifying the utility function does not lead to a loss of accuracy, as shown in Ta-
ble D.4. For risk aversion, we can recover the same estimates by re-estimating the correct
utility function after the data collection process. For loss aversion, very similar estimates
are obtained even when the CARA function is incorrectly used.

Further, the assumptions over parametric form are unlikely to be critical if researchers
are interested in identifying correlations rather than the level of the risk and loss aversion
estimates. Even without re-estimating, the Spearman correlation between the estimated
CARA parameters and the true (CRRA) parameter values is very high|and notably higher
than the correlations for either the MPL or the risky project procedures reported in Table 1.

133peci cally we run DOSE on the simulation dataset assuming the following exponential (CARA) utility

function: (
e & forx O

iy i) = o i 5
uls i i) e 1 fory< 0 ()

where represents loss aversion and captures risk aversion.
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Table D.4. DOSE estimates are robust to utility function misspeci cation.

Average inaccuracy Correlation with true value

10 question 20 question 10 question 20 question

Risk Aversion

CRRA (Not misspeci ed) 22% 16% 0.65 0.78
CARA (Misspeci ed) n.a. n.a. 0.59 0.74
CARA re-estimated as CRRA 21% 17% 0.65 0.76

Loss Aversion

CRRA (Not misspeci ed) 22% 16% 0.85 0.90
CARA (Misspeci ed) 24% 18% 0.83 0.90
CARA re-estimated as CRRA 23% 17% 0.84 0.90

Notes: Inaccuracy is de ned as the absolute distance from the true parameter value displayed as a percent-
age of the true value. \Correlation with true value" displays the Spearman correlation coe cient between
the true parameter and the estimated parameters.

E Robustnhess Checks

This section presents extended survey results and robustness tests. In the rst subsection,
we demonstrate that our main results are robust to misspeci cation. We then examine the
DOSE choice data, and show that the ranking of individuals' preferences is very similar when
re-estimating with alternative utility or error speci cations. The third sub-section then shows
that our main conclusions are robust when using these alternative estimates. The fourth sub-
section includes additional regression results, showing that the correlation between cognitive
ability and economic preferences is robust to alternative de nitions of control variables, and
also robust to removing participants least likely to be paying attention. The nal subsection
(E.5) shows that DOSE choice consistency measure can identify inattention (Section 5.3)
even when restricting the sample to those answering quickly|a standard way of identifying
inattention in the survey.
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E.1 Additional Tests of Fatigue and Inattention

Neither survey fatigue or inattention appear to explain our results. The pattern of economic
preferences does not change according to the position of the DOSE module, suggesting that
participants did not become fatigued later in the survey. Nor do participants appear to choose
more randomly later in the DOSE module, as would be expected if they get bored of the
guestions. There is also little evidence that participants get tired and click through the survey
quickly without paying attention: there is little correlation between response time and our
three economic preference parameters. Further, we observe the same relationships between
economic preferences and individual characteristics when excluding the fastest participants.
Thus, boredom causing unusually fast choice, which then leads to our results does not seem
a plausible explanation for our conclusions.

It does not appear that survey fatigue a ected our estimate of any of the four DOSE
parameters, as shown in Figure E.1. The position of the two DOSE modules was random-
ized across participants, and could appear in the third, fourth, fth or sixth position in
the survey (the two modules always appeared together). The distribution of parameters is
similar regardless of the position in both waves of the survey. Thus it does not appear that
participants' behavior changed when they took DOSE further into the survey, suggesting
that fatigue is not a major factor in our results.

We can also look for signs of fatigue within the DOSE modaule itself by observing that if
participants start choosing randomly then the Bayesian prior will be \surprised” more often.
That is, at each point in the question selection process, DOSE's prior has an alternative that
it thinks the participant will choose. When the participant chooses an option the procedure
thinks should only be a 30% chance, we encode that as 5B0 = 20 percentage points
surprising. If, on the other hand, the participant chooses an option the procedure things is
70%, then we encode this as 5070 = 20% surprising. If participants are getting fatigued,
we would expect them to start choosing randomly, that is, make more surprising choices (on
average) later in the module.

As can be seen in Figure E.2, there is no trend of increasing surprise towards the end of
either module. Surprise is, on average, slightly lower at the end of the time preference module,
suggesting that if anything, participants are making more consistent choices towards the end
of the procedure than at the beginning. Notably, the procedure is particularly surprised
in question 4, when participants are presented with a question involving losses for the rst
time|re ecting the fact that, as we detail in depth in Chapman et al. (forthcoming), we
observe much lower levels of loss aversion in our general population sample than in prior
laboratory studies. Since our prior was based on those laboratory studies, the procedure
\expected" a much higher degree of loss aversion than was actually the case.
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While there is little evidence of survey fatigue, it is possible that some participants were
inattentive throughout the survey. We examine this possibility next by reanalyzing our
data while leaving out those who were most likely to have given up and rushed through the
survey. One might expect that bored or inattentive participants would just click through
screens quickly but, as shown in Figure E.3, our results are largely unchanged when removing
the fastest responses. In this gure, we rst look at the slowest 80% of participants, then
the slowest 60%, and so on. The distributions overlap almost entirely. The parameter
distributions are similar, suggesting that neither confusion nor inattentiveness, nor giving
up, is likely to explain many of the choices we see.

E.2 DOSE Choice Data and Model (Mis-)Speci cation

Our results are underpinned by a clear set of choices, and hence re-estimating with alternative
functional forms for utility or choice does not signi cantly a ect our results. Our estimates

of each of risk and loss aversion are highly correlated when re-estimating using CARA utility,
allowing di erential risk aversion over gains and losses, or when implementing either a probit
error speci cation or the random parameter model suggested by Apesteguia and Ballester
(2018). Consequently, as we show in the following subsection, alternative speci cations make
little di erence to correlations between these characteristics and cognitive ability.

In Table E.1 we classify participants according to their estimated parameter values|for
instance, a participant is \loss averse, risk averse" if they have both> 1 and < 1]
and examine how the frequency of lotteries accepted varies according to the expected value
(relative to a sure amount) and whether the lottery involved a loss. The pattern of behavior
is as would be expected. Loss tolerant participants nearly always choose lotteries with losses,
and risk loving participants nearly always choose lotteries over gains. Loss averse and risk
averse participants, in contrast, are much less likely to accept such lotteries.

In fact, our DOSE parameter estimates are highly correlated with non-parametric pref-
erence measures constructed from the DOSE data. The Spearman correlation between the
DOSE risk aversion parameter and the percentage of lotteries accepted o ering only poten-
tial gains is 0.92. The DOSE loss aversion parameter is correlated 0.90 with the percentage
of mixed lotteries accepted. And the DOSE patience parameter is correlated 0.84 with the
share of longer-dated payments accepted in the time preference DOSE module.

Given these facts, it is not surprising that our estimates of participants' preferences are
similar when we re-estimate the DOSE parameters with alternative parametric assumptions.
We re-estimate risk and loss aversion using rst a CARA utility function, and then a CRRA
utility function in which we allow for di erential utility curvature between gains and losses.
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Table E.1: DOSE classi cation re ects a clear pattern of choices.

% Lotteries Accepted

Lotteries with Losses Lotteries with Only Gains

EV Sure EV> Sure EV Sure EV> Sure

Classi cation by DOSE

Loss averse, risk averse 14% 46% 8% 41%
Loss averse, risk loving 2% 51% 53% 98%
Loss tolerant, risk averse 82% 99% 5% 41%
Loss tolerant, risk loving 82% 100% 7% 96%

Notes: The table displays the unweighted percentage of lotteries accepted, categorizing participants ac-
cording to their estimated DOSE parameters. \EV"=Expected Value of lottery and \Sure"= the sure
amount o ered in each lottery.

The Spearman correlation between the estimates of risk aversion (over gains) from these
speci cations and our main speci cation is 0.98 in both cases. For loss aversion it is 0.98
when assuming CARA utility, and 0.76 when allowing for di erential curvature|lower, as

we might expect given that part of behavior over losses is now captured by the additional
parameter, but still highly correlated with our main estimates. Consequently, as we will see
below, our estimated correlations with cognitive ability are very similar when using these
alternative utility functions to construct parameter estimates.

To understand whether our logit error function plays an important role in our results, we
re-estimate the DOSE parameter estimates with a probit error speci cation (Figure E.4) and
then a random parameter model (Figure E.5). As pointed out by Apesteguia and Ballester
(2018), the logit error function is potentially problematic in the estimation of risk aversion
because the relationship between the level of risk aversion and the probability of accepting
a lottery is non-monotonic|potentially creating issues for identi cation of the risk aver-
sion parameter. Those non-monotonicities do not a ect loss aversion directly because the
di erence between the utility of a lottery with a loss and a sure amount is monotonically
decreasing in loss aversion, meaning that higher loss tolerance is associated with an increas-
ing probability of accepting a lottery (for a given level of risk aversion). However, they
could impact our loss aversion estimates indirectly through the risk aversion parameter. As
such, we check whether the error speci cation we use has a major impact on estimated risk
preferences using both a probit error function and the random parameter model suggested
by Apesteguia and Ballester (2018).

First, Figure E.4 shows our results for risk and loss aversion using a probit (rather than
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logit) error function. That is, we assume that the probability that the lottery is chosen
follows a standard normal distribution over the utility di erence between the lottery and
sure amount. As we can see, the estimates are very highly correlated.

Second, we implement the RPM, by estimating risk aversion and then, in a second stage,
estimated loss aversion. We choose this two stage approach as, rst, implementing a RPM in
a two parameter model is not straightforward (Apesteguia and Ballester (2018) examine only
a one parameter model) and, second, it is only risk aversion that is directly a ected by the
non-monotonicities (as discussed in the previous paragraphs). The risk aversion parameter
is largely identi ed using questions where the lottery contains only gains. As such we used a
RPM on those questions to identify the risk aversion parameter. We then x individual-level
risk aversion parameters using the RPM estimates, and implement the logit speci cation to
estimate loss aversion using the remaining questions|those that ask participants to choose
between a lottery with both a loss and a gain and a sure amount of zero.

Our results are also similar when implementing the RPM, as shown in Figure E.5. The
main di erence is that, as shown in the left-hand panel, the RPM risk aversion estimates
are (almost) uniformly lower numerically than when using the logit speci cation|but the
estimates are extremely highly correlated (0.98) with those from the logit speci cation. These
numerical di erences in the risk aversion parameter do not, however, signi cantly impact
our loss aversion estimates, as shown in the right hand panel. The correlation with our main
estimates is again very high (0.99).

E.3 Robustness to Possible Misspeci cation

This subsection demonstrates that our ndings regarding the the relationship between eco-
nomic preferences and cognitive ability are robust to possible misspeci cation of the utility
function or the error speci cation used to obtain the DOSE parameter estimates. As dis-
cussed in the previous section, DOSE estimates are underpinned by a clear pattern of choices,
and hence alternative functional forms do not signi cantly change the ranking of individu-
als' preferences. Consequently, our ndings regarding cognitive ability are largely unchanged
when re-estimating the results using alternative parametric forms.

There are clear di erences in the pattern of choices according to level of cognitive ability.
Consistent with the correlations presented in Table 2, high cognitive ability participants
are more likely to accept lotteries o ering only gains, less likely to accept mixed lotteries
(i.e., those over both gains and losses), and more likely to accept later-dated payments. In
particular, participants in the top tercile of cognitive ability accepted 46% of lotteries over
only gains, compared to 40% for those in the middle tercile, and 46% for those in the bottom
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tercile. The share of mixed lotteries accepted was 58%, 68%, and 70% for those in the top,
middle, and bottom tercile respectively. The share of later-dated payments accepted was
78% for the top tercile, 72% for the middle tercile, and 67% for the bottom tercile.

Figure E.6 shows that the correlation between cognitive ability and each of risk and loss
aversion is similar when allowing for the alternative functional forms for utility or the error
process discussed in the previous subsection. Speci cally, the gure displays the coe cients
from estimating the regressions in Table 2 with no controls (that is, a univariate correlation)
and with the full set of controls, for both risk aversion and loss aversion. We can see that the
estimated coe cients are very similar under the di erent speci cations, both in magnitude
and statistical signi cance. The stability of these estimates are perhaps not surprising, given
the pattern of choices discussed in the previous paragraph. However, in other settings, the
ability to re-estimate results ex post, if the parametric form used for question selection turns
out to be inappropriate, may be a valuable tool for researchers.

Table E.2 replicates the regressions in Table 2 allowing for present bias. The correla-
tions between each characteristic and discounting are similar regardless of whether we allow
for present bias. Present bias is, similarly to our other preference estimates, strongly cor-
related with cognitive ability|those with higher cognitive ability are less present biased.
However, there are some di erences between discounting and present bias when examining
the relationship with other variables. In contrast to discounting, there is no evidence of a
relationship between present bias and education after controlling for cognitive ability but
there is a correlation with income. Further, age appears strongly related to discounting, but
not to present bias.

E.4 Robustness of Correlations with Economic Preferences

In this subsection we present extended versions of the correlation tables in Section 5, and
robustness tests of the relationship between cognitive ability and economic preferences. The
relationships between economic preferences and cognitive ability are robust to controlling
for other individual characteristics, including both income and education. Indeed, most of
the correlation between risk and loss aversion and education is explained by di erences in
cognitive ability.

In Table E.3 we compare the correlations when using the DOSE measure of risk aver-
sion (column 1) and time preference (column 6) with the other risk and time measures in
our survey. For risk aversion these alternative measures included two MPL modules, one
relating to Willingness-to-Pay for a lottery (which we use in Section 5.3), and one relating
to Willingness-to-Accept, as well as a risky project measure (Gneezy and Potters, 1997).
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Table E.2: Cognitive ability is strongly correlated with discounting and present bias.

No Present Bias With Present Bias

Patience () Patience () Present Bias ( )

Univariate  Multivariate  Univariate  Multivariate  Univariate  Multivariate
Correlation  Regression  Correlation  Regression  Correlation  Regression

Cognitive Ability 0.18 0.18 0.17 0.15 0.17 0.14
(0.029) (0.028) (0.030) (0.029) (0.027) (0.029)
Education 0.17 0.11 0.16 0.11 0.11 0.03
(0.037) (0.038) (0.036) (0.038) (0.032) (0.033)
Income 0.09 -0.02 0.10 -0.00 0.15 0.10
(0.036) (0.040) (0.035) (0.040) (0.039) (0.047)
Male -0.02 -0.05 -0.01 -0.04 0.05 0.01
(0.035) (0.033) (0.035) (0.032) (0.033) (0.032)
Age 0.18 0.18 0.15 0.15 0.01 0.00
(0.036) (0.036) (0.035) (0.035) (0.035) (0.035)
Married 0.09 0.03 0.08 0.03 0.05 0.00
(0.035) (0.038) (0.035) (0.038) (0.033) (0.039)
N 2,000 2,000 2,000 2,000 2,000 2,000
Notes: , , denote statistical signi cance at the 1%, 5%, and 10% level. Robust standard errors,

in parentheses, come from a standardized regression. The rst, third, and fth columns report
univariate correlations. The second, fourth, and sixth report the coe cient from a multivariate
regression.

For time preferences, as discussed in Section 2, we included two MPLs as well as the DOSE
module.

The pattern of correlations is much stronger when using the DOSE measure than either
MPL measure. As discussed in Section 5.3, the weak correlations with the MPL (WTP)
measure are consistent with attenuation bias due to higher measurement error in the MPL.
The weak pattern of correlations with the MPL (WTA) measure could also be explained
by attenuation bias or could result from the WTA measure capturing a di erent dimension
of risk preferences to the other risk measures in our survey (see Chapman et al., 2023).
The risky project measure, which may su er from less attenuation bias than the MPLs
due to its simplicity, identi es a similar pattern of correlations to the DOSE risk aversion
measure. The correlations between the risky project measure and individual characteristics
consistently have the same sign, degree of statistical signi cance and magnitude as those
with the DOSE estimates. The main exception are the correlations with cognitive ability,
where DOSE identi es much stronger correlations than the project measure.
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Figure E.1: The parameter distributions are similar regardless of the position in the survey.

Notes: Figure displays the kernel density of each parameter using an Epanechnikov kernel, according to the
position of the DOSE module in the survey. Online Appendix{31



Figure E.2: No evidence of fatigue within the DOSE module.

Notes: The gure plots the mean \surprise" of individuals' choice in each round, where surprise is calculated
using the DOSE priors before each question. Questions with losses were allowed only from round 5 onwards,
leading to considerable updating and a high level of surprise. In the time preference module, questions with
payments today were introduced only from round 6 onwards.
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Figure E.3: Distributions are similar when removing participants with short response times.

Notes: Plotted using Epanechnikov kernel, with bandwidth chosen by rule-of-thumb estimator.
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Figure E.4: Using the probit error speci cation leads to very similar parameter estimates.

Notes: The gure displays the distribution of the loss and risk aversion estimates under the logit error
speci cation used in the main estimates (x-axis) and a probit error speci cation (y-axis).

Figure E.5: Parameter estimates are similar using a random parameter model.

Notes: The left-hand panel of the gure displays the DOSE estimates of risk aversion using only lotteries
over gains under the Random Parameter Model (RPM; y-axis) and Random Utility Model (RUM; x-axis).
The right-hand panel displays estimates of loss aversion from the same two models.
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Figure E.6: Correlations between risk preferences and cognitive ability are robust to mis-
speci cation of utility function or error process.

Notes: The gure displays the correlations between cognitive ability and each of risk and loss aversion, using
preference parameters from the risk-loss DOSE module. \No controls" represents univariate correlations,
while \with controls" includes the set of control variables in Table 2. Bars represent 90% con dence intervals.
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Table E.4: Results of multivariate regressions in Table 2 are similar using categorical control

variables.
Risk Aversion (1 Loss Aversion () Patience Choice Consistency
Cognitive Ability:
Middle Tercile -0.18** -0.18** -0.02 -0.03 0.19** 0.17* 0.26*** 0.23***
(0.078) (0.078) (0.082) (0.080) (0.081) (0.080) (0.085) (0.083)
Top Tercile -0.49%%*  -0.43*** 0.36***  0.28**  0.48** 0.38*** 0.40**  0.36***
(0.071) (0.075) (0.083)  (0.084) (0.080) (0.082) (0.078)  (0.075)
Age:
36{50 0.04 0.04 -0.23** -0.24** 0.15 0.13 0.09 0.02
(0.096) (0.096) (0.106) (0.104) (0.110) (0.108)  (0.097) (0.095)
51{64 0.06 0.08 -0.32%**  -0.35***  (0.34***  (0.30*** 0.21** 0.14
(0.092) (0.093) (0.092)  (0.092) (0.098) (0.097) (0.094)  (0.094)
65+ 0.01 -0.01 -0.26***  -0.28**  0.46**  0.48*** 0.13 0.06
(0.094) (0.095) (0.095) (0.096) (0.098) (0.101) (0.100) (0.100)
Male -0.12* -0.11* 0.08 0.08 -0.11* -0.10 -0.06 -0.05
(0.062) (0.061) (0.067) (0.065) (0.066) (0.063) (0.067) (0.064)
Education:
Some College -0.09 -0.01 0.30*** 0.04
(0.075) (0.078) (0.086) (0.075)
4-year College -0.09 0.16* 0.26*** 0.13*
(0.078) (0.082) (0.084) (0.073)
Income:
2nd Quartile 0.08 -0.03 -0.14 0.06
(0.096) (0.092) (0.103) (0.094)
3rd Quartile 0.01 0.19* -0.12 -0.05
(0.095) (0.099) (0.115) (0.087)
4th Quartile -0.25** 0.22** 0.10 -0.11
(0.101) (0.108) (0.099) (0.094)
Unreported -0.06 0.34%** -0.01 -0.30**
(0.115) (0.120) (0.108) (0.120)
Married 0.03 0.07 0.07 0.18***
(0.070) (0.075) (0.078) (0.067)
N 2,000 2,000 2,000 2,000 2,000 2,000 2,000 2,000
Notes: , , denote statistical signi cance at the 1%, 5%, and 10% level. All dependent vari-

ables are standardized. Robust standard errors are displayed in parentheses.

The results are similar when including all characteristics as categorical variables, to allow
for potential non-monotonic relationships, as shown in Table E.4. Again, we see a strong
relationship between cognitive ability and each of the DOSE-elicited parameters in each
speci cation.

The results in Table 2 suggest that much of the correlation between education and both
risk and loss aversion is explained by cognitive ability. To test that it is cognitive ability, and
not one of the other controls, that weakens the association we carry out additional speci ca-
tions adding the variables one at a time|see Table E.5. For each preference parameter, we
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start by adding education and income separately, then both together and, nally, add cog-
nitive ability. It is only when cognitive ability is added that the magnitude of the coe cient
with education diminishes signi cantly|suggesting that cognitive ability jointly determines
educational outcomes and these two preferences.

Online Appendix{38



‘'sasayjualed ul pake|dsip ale siolld prepuels

Online Appendix{39

1SNqoy pazipiepuels ale sajgeltea Juspuadap |V |9A3] %0T PUe ‘4G ‘0T Byl e adued ubis [eansnels ajousp ‘¢ ¢ S3ION
000'Z 000'c 000 000 000'C 000'C 000'C 000'C 000 0007 000 000C 000 000 000C 000C N
(290°0) (690°0) (890°0) (8200) (080°0) (180°0) (520'0) (#20°0) (S520°0) (020°0) (t200) (1200
x:48T°0 xx46T°0 £x48T°0 /000 100 900 /000 100 900 €00 200 €00 pausen
(ozt0) (52T°0) (S2T°0) (801°0) (0TT'0) (TTT0) (ozt0) (22T0) (2Z2T0) (sTT°0) (9TT°0) (STTO)
x0€0" x62°0- %8270 T00- 000- 100 x2x7€°0 xx9E°0 x:x8E°0 90'0- L00- 800- pauodaiun
(¥60°0) (¥60°0) (680°0) (6600) (¥0T'0) (TOT"0) (80t°0) (20T°0) (20T°0) (tot'0) (toto) (00T 0)
TT0- 200- 200 0T0 +T0 xxlTO 220 %920 xxx9E°0 G20 xxx0€ 0" xxxLE0- ajengd dop
(280°0) (680°0) (680°0) (sTT°0) (9TT°0) (8TT°0) (660°0) (860°0) (660°0) (s60°0) (960°0) (2600
S00- €00- 200 ZT0- 0T0- 000 670 xT2°0 »xlT0 100 TOO- /100- a|nrend pig
(r60°0) (¥60°0) (60°0) (e01°0) (S0T°0) (80T°0) (z60°0) (160°0) (160°0) (960°0) (860°0) (660°0)
900 800 0TO ¥T°'0- 2T0- L00- €0°0- 200- 000 800 900 ¥0°0 a|end puz
:QWoau|
(€£00) (¥20°0) (r20°0) (¥80°0) (180°0) (080°0) (¢80°0) (180°0) (£20'0) (8200) (920°0) (£20°0)
€70 220 x4€2°0 x2492°0 £xx9€°0 #2070 £9T°0 20 xxC€'0 600" %0270 xx82°0- 909|100 reak-y
(520°0) (220°0) (080°0) (980°0) (¥80°0) (z800) (820°0) (820°0) (820°0) (52000 (920°0) (2200)
¥00 600 TT0  xx«0€°0 xxGE0 =G€'0 T00- V00 700 600~ x9T°0- x/T°0-  9b9||0D awos
-:uoneasnp3
(5200 (z80°0) (¥80°0) (5200)
xx9E°0 »x8E°0 xx82°0 xxEV°0- 8l1I8L doy
(€80°0) (080°0) (080°0) (820°0)
€20 x=LT°0 €00 810 31943 3IPPIN
gy eamubod
o) G  wn €1 D (@1 (oD (8) (2) (9) (S) (v) (€) (@ (™
Aduaisisuo) aa10yd aoualed () uoisiany sso ( T) UOISIBAY YSiY

‘Aljige aAnubod ul saduals Ip Aq paule|dxa SI sadualajald XS pue uonednpa uaamiag diysuone|al ayl JO Yon :G'3 ajqel



Tables E.6{E.8 show that we identify similar correlations when restricting the sample
to participants most likely to be paying attention|those classi ed as having high choice
consistency, or with above median response time in either the DOSE modules or the survey
as a whole.
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Figure E.7: The patterns of correlations in Figure 8 are similar using an alternative de nition
of choice consistency.

Notes: Figure repeats the analysis in Figure 8, using the choice consistency variable identi ed from the full
20-question DOSE sequence. See notes to that gure for more details.

E.5 Choice Consistency and Response Time

Figure E.7 shows that the ndings in Figure 8 are robust to using the choice consistency vari-
able identi ed from both DOSE modules, rather than simply the 10-question time preference
module. The left-hand panel is identical to Figure 8, but the middle- and right-hand panel
now split the same according to this alternative de nition of consistent choice. The patterns
are similar, but quite not as clear, consistent with the time preference module providing
more informative estimates of .

Figure E.8 shows that the ndings in Figure 8 are similar when using non-parameteric
measures of risk aversion from the MPL and risky project elicitations.

We now show that that controlling for choice consistency helps identify a pattern of
correlations even when restricting the sample to those answering very fastjland so who
might be thought to be paying little attention. In the left hand panel of Figure E.9 we
show the pattern of correlations restricting the sample to rst those answering the risk MPL
module quickly and in the right hand panel we present the correlations for those answering
the whole survey quickly (quickly being de ned as below the respective median). In both
cases we compare the correlations for all participants to those in the high consistency group.

In both panels there is more evidence of correlations after restricting the sample to high
consistency participants. The magnitude of the correlations in frequently higher, and several
emerge as statistically signi cant once only high consistency participants are considered. The
magnitude of the correlations is, in fact, similar to those in Figure 8, although the standard
errors are larger (explained by the fact the sample is half as large). The choice consistency
measure appears, then, to be distinguishing participants that answer accurately but rapidly|
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Figure E.8: The patterns of correlations in Figure 8 are similar using non-parametric mea-
sures for MPL and risky project elicitations.

Notes: Figure repeats the analysis in Figure 8, using non-parametric measures of risk aversion from the MPL
and risky project elicitations. See notes to that gure for more details.

whose responses include meaningful information|from those that answer quickly due to a

lack of care or attention.
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Figure E.9: Accounting for choice consistency leads to a clearer pattern of correlations even
among participants with low response times.

Notes: The left panel includes only participants below the median response time on the risk MPL module.
The right panel includes only participants below the median response time on the entire survey. \High
Consistency" refers to those with choice consistency above the median. The survey contained two MPL
measures of risk preference. Correlations are estimated by stacking the two and clustering standard errors
by participant.

F Screenshots

This subsection contains screenshots of all the types of questions analyzed in this paper. Full
design documents and screenshots can be found at hss.caltech.edubowberg/wep.html.

Figure F.10: DOSE Risk/Loss Aversion Instruction Screen

Online Appendix{46



Figure F.11: DOSE Risk/Loss Aversion Example Question: Gains Only

Figure F.12: DOSE Risk/Loss Aversion Example Question: Both Gains and Losses

Figure F.13: DOSE Discounting Instruction Screen
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Figure F.14: DOSE Discounting Example Question

Figure F.15: Risky Project Question
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Figure F.16: Multiple Price List to Measure Risk Aversion
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Figure F.17: Multiple Price List to Estimate Discount Rate
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Figure F.18: Multiple Price List Instruction Screen
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Figure F.19: Multiple Price List Practice Screen

Online Appendix—52



	Introduction 
	Related Literature 

	The DOSE Procedure 
	The Participants' Point of View 
	The Experimenter's Point of View 
	Our DOSE Procedure for Measuring Risk and Time Preferences


	Performance of DOSE versus Current Methods 
	Simulating DOSE with Laboratory Data 
	Parameter Recovery Study 

	Preference Elicitation in a Representative Survey 
	Data 
	DOSE in the Field 
	Response Heuristics in Preference Elicitations
	Measurement Error in Survey Data versus Simulations

	Economic Preferences with Less Noise 
	Identifying Heterogeneity in Economic Preferences
	Correlates of Economic Preferences 
	Choice Consistency and Estimate Accuracy 
	Within-person Stability of Economic Preferences 

	Discussion 
	Appendix
	 Online Appendix—Not Intended for Publication
	Risk and Time Preferences in Prior Studies 
	DOSE Estimates in Different Samples
	Correlates of Economic Preferences
	Temporal Stability of Economic Preferences

	DOSE Procedure and Survey Implementation 
	The Potential for Gaming DOSE and Incentive Compatibility 
	DOSE in a Representative Survey 
	DOSE Modules
	Additional Measures


	Simulations using Laboratory Choices 
	Estimates of Risk and Loss Aversion 
	Estimates of Choice Consistency 
	Maximum Likelihood Estimation 

	Parameter Recovery Exercise 
	Parameter Recovery Procedure 
	Misspecification of the Utility Function  

	Robustness Checks 
	Additional Tests of Fatigue and Inattention 
	DOSE Choice Data and Model (Mis-)Specification 
	Robustness to Possible Misspecification 
	Robustness of Correlations with Economic Preferences 
	Choice Consistency and Response Time 

	Screenshots 


