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Abstract

We propose the Validated Random Incentive Scheme (VRIS)—an enhance-
ment of the standard Random Incentive Scheme (RIS)—that enables internal
validation of RIS’s incentive compatibility (IC) without altering an experi-
ment’s core design. The key innovation is that researchers can observe each
subject under both RIS and single-choice incentives, enabling direct within-
person comparisons that form the basis for testing IC. We derive a set of testable
predictions from assumptions about the structure of random noise in decision
making. In an online experiment involving three risky decisions and a percep-
tion task, we use the VRIS design to compare behavior under the RIS with
that under single-choice incentives. We find that the RIS distorts the marginal
distribution of choices in two of the four decisions and the joint distributions
in five of six decision-pairs. In contrast, our novel VRIS directly measures all
four marginal distributions under single-choice incentives and enables recovery
of undistorted pairwise distributions in all but one case.
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1 Introduction

Suppose you wish to run an economics experiment where each subject makes multiple
decisions. A common approach to encourage truthful revelation of preferences across
all decisions is to use the Random Incentive Scheme (RIS), in which one decision is
randomly selected and paid for. A critical question is: how can you validate that
subject responses are not being distorted by the additional risk introduced by the
RIS, i.e, that the RIS satisfies incentive compatibility (IC)?

Running additional “single-choice” treatments – where each subject faces only
one incentivized decision, which is paid with certainty – is the standard way to test
whether the RIS satisfies incentive compatibility. These treatments let researchers
compare responses under RIS to those under single-choice incentives, providing a
benchmark for whether RIS preserves truthful revelation. But such treatments are
expensive: each new question of interest requires its own separate sample, making it
costly to validate IC across a large set of decisions.

Even more importantly, single-choice treatments only allow researchers to compare
marginal distributions – the distribution of responses to each individual question
under RIS versus single-choice incentives. Agreement in marginal distributions does
not, however, imply agreement in the correlation between questions. In other words,
even if RIS reproduces the distribution of choices for Question A and for Question
B separately, it may still distort the correlation between A and B without currently
available techniques being able to identify it. Thus, the IC of joint choices cannot be
tested, even if the IC of every single question, considered alone, cannot be rejected.

This creates a trilemma: researchers must either blindly accept the risk of incentive
distortions under RIS without validation, or add costly single-choice treatments that
only validate IC for individual questions but not for pairs, or abandon the many
merits of the RIS in favor of single-choice designs.

In this paper, we make three contributions that essentially resolve this trilemma.
First, we introduce the Validated RIS (VRIS), which allows the experimenter to ob-
serve the same subject make multiple choices under the RIS and make one of those
choices under the single-choice incentive, within the same experiment. By systemati-
cally varying, between subjects, which decision is incentivized under the single-choice
incentive, the experimenter can ensure that all relevant decisions are observed under
both the RIS and the single-choice benchmark. Comparing RIS choices to the single-
choice benchmark allows for within-subject comparisons that can validate whether
the RIS is incentive compatible. Moreover, VRIS also permits testing whether the
joint distribution of responses to a pair of questions is invariant to which of the two is
measured under single-choice incentives, thereby allowing the IC of pairs of questions
to be validated as well – this is why we call our method the Validated RIS.

Second, our conceptual framework formally establishes how every experimental
test of IC, including ours, is in fact a joint test of both incentive compatibility and
assumptions on the stochastic component of choice. We expand the framework of
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Azrieli et al. (2018) to incorporate stochastic choice, making the underlying assump-
tions in different IC tests explicit and providing a new perspective on previous IC
tests. Our exercise shows that the VRIS allows for stronger tests of IC than was
possible under previous experiments.

Third, by allowing the experimenter to observe the same subject make multiple
choices under the RIS, and make one of those choices under the single-choice incentive,
within the same experiment, the VRIS expands the information recoverable from the
experiment. For example, even when the RIS part of the VRIS fails IC on a decision
Q, and distorts the observed distribution of behavior relative to the benchmark of
single-choice behavior, the VRIS still provides a direct observation of the undistorted
behavior on Q. More importantly, we identify a simple, testable condition under
which the undistorted joint distribution over decisions Q and Q′ can be recovered via
the VRIS—even if IC failures distort the joint distribution within the RIS.

We implement the VRIS in an online experiment on Prolific with 1,003 subjects,
and compare this to a separate sample of 490 subjects who faced only standard single-
choice incentives. We find that choices made under the single-choice component of
the VRIS-data are statistically indistinguishable from those made under the much
more expensive, between-subject single-choice incentive.1 This validates the use of
VRIS as a cost-effective and information-rich alternative: researchers can use it to
test for incentive compatibility without sacrificing data quality or requiring large,
between-subject samples.

How VRIS works: Consider any experiment with two or more decisions that
uses the RIS and call this the original experiment. The VRIS version of the same
experiment consists of two parts: Part A, an exact replica of the original experiment,
and Part B, a single question repeated from Part A. We adopt the convention that
the VRIS consists of n total questions, implying that the original RIS experiment
contained n− 1 questions. Before the experiment begins, subjects are informed that
they will be paid based on either Part A or Part B decision(s), with equal probability.
They are also told that if Part A is selected for payment, one of the n − 1 decisions
will be randomly chosen to determine their earnings (i.e. they are paid via a standard
RIS).

Once Part A is completed but before Part B begins, subjects are informed which
part, A or B, will determine their payment (Figure 1). If a subject is to be paid for
Part A, then her payment is determined via RIS and disclosed before she proceeds
to Part B. The subject then responds to a single question in Part B, knowing that
response is unincentivized. Conversely, if a subject is to be paid for Part B, she is
told that her decisions in Part A will not affect her payment. Instead, the subject’s

1There is some debate in the literature as to whether stand alone single-choice data is a “better”
measure of preferences than the type of single-choice data that can be observed using the VRIS; see
Brown and Healy (2018) for a discussion. Our result suggests that, at least for our implementation
of the VRIS, this debate is not empirically relevant.
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Start

Part A: Make
(n− 1) choices
(Incentivized via
RIS if A pays)

Informed
if Part A
or B pays

Part B: One choice
repeated from A
(Unincentivized)

Part B: One choice
repeated from A

(Single-choice Incentive)

Informed that
either Part A
or Part B pays

If
A

pa
ys

If Bpays

Figure 1: Flowchart of the VRIS Experimental Design. After Part A concludes but before
Part B starts, subjects are randomly assigned to one of two branches. Subjects assigned
to the top branch are informed that they would be paid based on their Part A decisions,
and their Part B decision is unincentivized. Subjects assigned to the bottom branch are told
that their Part B decision is the only one that pays. The incentive compatibility of the
original experiment is assessed by comparing RIS responses from Part A with the single-
choice incentivized responses from Part B among subjects in the bottom branch.

response in Part B alone will determine her earnings. Knowing this, the subject then
completes Part B, which contains a single choice that is a repetition of a question
from Part A.

Even though subjects know about parts A and B, and the the payment mechanism,
they encounter decision problems one at a time and do not know in advance what
decision problems will follow. They are also not told that the decision in Part B is
identical to a decision from Part A. These features prevent subjects from anticipating
future decisions or recognizing the repetition in advance, ensuring that such factors
cannot influence their choices.

Our VRIS Experiment: In an online experiment run on Prolific with 1003 sub-
jects, we apply the VRIS to study three binary lottery choice tasks (Cer1, CIA1,
MIA1 ) and one perception task (Percep1 ). Cer1 presents a simple binary choice
between a sure payoff and a risky lottery. CIA1 mixes the two alternatives from
Cer1 with the same third lottery and offers a choice between the resulting com-
pound lotteries. MIA1 reduces both the compound lotteries from CIA1, and offers a
choice between the resulting reduced lotteries. Percep1 offers a deterministic payoff,
contingent on correctly identifying which of two visual displays contains more black
dots.
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Name Option 1 Option 2

Cer1 l1 = (1, $5) l2 = (0.2, $0; 0.8, $7)
CIA1 (0.75, l3; 0.25, l1) where

l3 = (1, $0)
(0.75, l3; 0.25, l2)

MIA1 (0.75, $0; 0.25, $5) (0.8, $0; 0.2, $7)
Percep1 $6 if left figure has more black dots

than right figure, $1 otherwise
$6 if right figure has more black
dots than left figure, $1 otherwise

Table 1: Summary of the four target questions in our VRIS experiment.

For any fixed subject, one of these four tasks is randomly chosen to be repeated
in Part B of the experiment.2 The remaining three tasks are each repeated within
Part A, and provide an experimental control for the effect of repetition on choice.
Thus, for any decision we observe repeated choices under two distinct scenarios: for
some subjects, the repetition occurs in Part B under single-choice incentives (or,
with no incentives); for everyone else, that repetition occurs within Part A under
RIS incentives. This structure allows us to control for the effects of repetition when
isolating the impact of incentives in Part A versus Part B.

Four tests of Incentive Compatibility: We define and characterize four distinct
tests of Incentive Compatibility of the RIS in Section 3, as shown in Table 2. Each
test is a joint test of the incentive compatibility of latent preferences (also called
latent IC) and an assumption on stochastic perturbations, where observed behavior
is treated as a perturbation of the underlying latent preference.

Test Assumption added to latent IC Implication(s)

Weak Stochas-
tic IC

The distribution of perturbations on ques-
tion Q is identical across Parts A and B.

(1) The distribution of choices on Q is
identical across Parts A and B.

(Q,Q′) Partial
Stochastic IC

The distribution of perturbations on Q is
identical across Parts A and B, conditional
on every possible perturbation on Q′.

(2) The joint distribution of choices over
(Q,Q′) is invariant to whetherQ is mea-
sured in Part A or B.

(Q,Q′)
Pairwise
Stochastic IC

Both (Q,Q′) and (Q′, Q) Partial Stochas-
tic IC hold.

(3) The joint distribution of choices over
(Q,Q′) is invariant to whether Q or Q′

is measured in Part A or B.

Deterministic
IC

Choices on question Q are observed with-
out any noise or perturbations.

(4) Every subject makes identical
choices on Q in Parts A and B.

Table 2: Four tests of Incentive Compatibility (IC) of the RIS.

Weak Stochastic IC is the most permissive test, requiring only that perturbations
average out equally across Parts A and B of one question. At the other extreme, De-

2Our experiment includes an additional 10 binary choice tasks, as outlined in Table 4, although
these questions are only displayed in Part A and never in Part B of the experiment.
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terministic IC assumes choices are noise-free in all questions, making it the strongest
but most restrictive test. If both Q and Q satisfy the Deterministic IC assumptions
individually, then it also follows that RIS preserves the correlation between their
choices.

Partial and Pairwise Stochastic IC lie in between: they assess whether RIS distorts
the correlation between two choices. These conditions are also central for identifying
the joint distribution of behavior across questions. Ideally, we would like to observe
the hypothetical joint distribution of (Q,Q′), where both choices were made under
single-choice incentives— we call this the target distribution. While this target distri-
bution is unobservable by definition, it serves as a natural benchmark, representing
how choices would look if each decision were made in isolation. In Section 3.3, we
show that VRIS can recover an unbiased estimate of this target distribution whenever
at least one of (Q,Q′) or (Q′, Q) satisfies Partial Stochastic IC.

Illustrative example: The usefulness of the four tests in Table 2 is best illustrated
by zooming in on a familiar pair of questions: Cer1 and MIA1. Recall that MIA1
is constructed by mixing the two lotteries from Cer1 with a common third lottery.
The Independence Axiom predicts that subjects should make the same choice in both
questions (i.e., choose the riskier option in both or choose the safer option in both).

If we look only at Part A of the VRIS—the data that would also be available in a
standard RIS—we find that 59% of subjects (95% CI: [56%, 62%]) behave consistently
across Cer1 and MIA1, suggesting they satisfy the Independence Axiom. But here’s
the catch: behavior on MIA1 differs significantly across Parts A and B. In fact, MIA1
fails Weak SIC, and the pair (MIA1, Cer1 ) fails Partial SIC. That means that the
59% estimate is biased, because it’s based on data that fails both tests of incentive
compatibility.

By contrast, we cannot reject that Cer1 satisfies Weak SIC nor that (Cer1, MIA1 )
does satisfy Partial SIC. Thus, not only is the behavior on Cer1 similar across Parts
A and B, it is also similar when conditioning for MIA1 choices. This allows us to
construct an unbiased estimate by combining Part A data from Cer1 with Part B
data from MIA1. Doing so, we find that 69% of subjects (95% CI: [61%, 77%])
make consistent choices—significantly higher than the naive Part A estimate of 59%
(p = 0.03). In Section 3.3 we provide the theoretical justification for this recovery
method, and in Section 6 we describe the algorithm that implements it in general
VRIS applications.

1.1 Road map

Section 2 discusses the prior literature on incentive compatibility in the RIS. Section 3
outlines the theory of incentive compatibility in the presence of stochastic choice,
generates testable conditions to establish IC using VRIS data, and outlines when
underlying preferences can be recovered from VRIS data. Proofs are gathered in the
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Appendix. Section 4 describes our implementation of the VRIS and Section 5 presents
the experimental results. Section 6 presents an algorithm that can be used to recover
underlying preferences using data generated by the VRIS. Section 7 discusses the
interpretation and utility of the data produced by the VRIS, and Section 8 concludes.

A reader who is primarily interested in understanding how to implement the VRIS
can focus their attention on Section 4, Section 5 and Section 6.

2 Literature review

The literature on incentive compatibility in experiments has developed along two
interconnected pathways: a theoretical pathway and an empirical pathway.

Theoretical pathway. Early theoretical work (Holt, 1986; Karni and Safra, 1987)
showed that the incentive compatibility of RIS depends critically on axiomatic as-
sumptions imposed on preferences, like the reduction of compound lotteries and the
independence axiom. For example, several common behavioral models such as rank-
dependent utility violate both independence and IC (Karni and Safra, 1987), while
models like Loomes and Sugden’s disappointment aversion can preserve IC even with-
out independence (Loomes and Sugden, 1986; Starmer and Sugden, 1991) because
they do not impose reduction. Azrieli, Chambers, and Healy (2018) unified this liter-
ature, showing that statewise monotonicity is a sufficient condition for IC – we extend
their framework to the richer case of stochastic choice.

Empirical pathway. Empirical work, evolving in parallel, typically assumes that
when a subject faces a single incentivized decision (single-choice), their choice truth-
fully reveals preferences. In this context, IC is reinterpreted as the empirical equiv-
alence between behavior under a single-choice mechanism and under the payment
mechanism under consideration. An Early contribution, Starmer and Sugden (1991),
exemplifies a classic between-subject design: different groups of subjects face different
payment mechanisms, and behavior in the single-choice treatment is compared to that
under the RIS.3 Starmer and Sugden (1991) and other studies—including Camerer
(1989), Beattie and Loomes (1997), Cubitt et al. (1998), Aoyama and Hanaki (2024),
and Baltussen et al. (2012)—find behavior consistent with IC. In contrast, Freeman
and Mayraz (2019), Harrison and Swarthout (2014), Harrison et al. (2015), Aoyama
and Hanaki (2021), and Baillon et al. (2022) find evidence against IC. Yet other pa-
pers, including Cox et al. (2015) and Freeman et al. (2019), present evidence that
supports IC for some treatments or questions but also report evidence against IC for
other treatments or questions. A common feature of this literature is its reliance on

3We refer to “single-choice” experiments as any design in which subjects face multiple decisions
but are informed ex ante that only one prespecified decision will be paid. Starmer and Sugden (1991)
call this a real-choice experiment.
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smaller sample sizes and relatively low-powered between-subject tests. We catalogue
these sample sizes in Appendix B.2.

Among these studies, the design in Camerer (1989) most closely anticipates our
approach. Subjects made thirteen binary choices and, after learning which one was
paid, were given the opportunity to revise their earlier decision. Only two of eighty
subjects chose to change their minds—a remarkably high consistency compared to a
68.4% rate observed when a question was simply repeated within the original set. This
highlights an important methodological point: presenting a subject with their previ-
ous choice and asking whether they would like to revise it (as in Camerer’s design)
encourages consistency by framing the task as self-comparison, unlike the neutral rep-
etition used in the VRIS. Recent work, including Kneeland (2015), Breig and Feldman
(2024), and Nielsen and Rehbeck (2022), explores related revision designs where sub-
jects can revise decisions before payment uncertainty is resolved, while Cheung and
Ellis (2025) use variation in payment timing to implement a between-subject analog
of the VRIS, though their design does not generate within-subject data.4

Framing and presentation effects. Brown and Healy (2018) highlight two key
factors that determine whether the RIS satisfies incentive compatibility. First, fram-
ing effects arise when the presence of additional decisions alters preferences, even
when incentives are unchanged.5 For instance, if subjects face both D1 = {x, y}
and D2 = {x+, y−}—where x+ dominates x and y− is dominated by y—the context
provided by D2 can shift how x and y are perceived. To disentangle such effects
from genuine failures of incentive compatibility, Brown and Healy (2018) propose a
“Framed Control” single-choice incentive: subjects see the full set of questions as
in the RIS but know in advance which single decision determines their payment. A
similar approach is used in the K-list treatment of Freeman and Mayraz (2019). This
approach isolates IC failures from framing effects. Second, Brown and Healy (2018)
show that choice presentation also matters. When choices are displayed as a list, the
RIS is more likely to violate IC, with behavior in the list being less risk averse (Free-
man and Mayraz, 2019), as subjects tend to treat the list as one compound decision.
Presenting each question separately prevents this and yields more reliable preference
revelation. Our VRIS design incorporates both these insights—framed control and
separated presentation—to provide a cleaner test of incentive compatibility.

4In our notation, the Cheung and Ellis (2025) design assigns one question to Part A and another
to Part B, so each question is asked only once per subject.

5Baltussen et al. (2012) present evidence of a related phenomena: carry-over effets from the
outcomes of previous tasks.
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3 Incentive Compatibility with Stochastic Choice

Let X be a finite set of prizes and L(X) be the set of all lotteries with support in
X.6 Subjects in an experiment are randomly assigned to a fixed set of questions, Q,
where each question Q ∈ Q is a menu: Q ⊂ X.

Let I = {1, 2, ..., n}. A subject’s question sequence is represented by a mapping
d : I → Q, where d(i) is the i-th question shown. The mapping may assign the same
question to multiple indices, allowing for repetitions. For the VRIS, we will use the
convention that d(n) is the decision encountered last, in Part B, and we write Di to
denote d(i) and let D represent the vector (D1, . . . , Dn).

Message: The data from each subject is called a message, which is a vector, ordered
across the choices in D. Let M = ⊗iDi be the finite set of all such messages. For
any message m ∈ M , we will use mi to refer to the choice made on the i-th decision
problem.

Preference-types: Subjects can differ in their preference-types. Each preference-
type s ∈ S is characterized by a strict preference ordering ≻s over items in X,
that is complete, transitive, and anti-symmetric. There is an unobserved probability
distribution w(·) over the subject types such that w(s) ≥ 0 and

∑
s w(s) = 1. Each

w uniquely defines a subject pool.

Latent Preference: We associate the response vector or message µs ∈ M = ⊗iDi

with subject-type s’s latent preference, if µs
i ≻s x for all x ∈ Di/µ

s
i .

Latent message: The decisions D1, .., Dn−1, Dn are incentivized through a mech-
anism φ, which maps each message to a lottery: φ : M → L(2X). For example,
the RIS maps the message m to the lottery φRIS(m) = (m1,

1
n
; . . . ;mn,

1
n
). Given

mechanism φ, the subjects choose their optimal message to maximize their utility
over the mechanism-delivered outcomes.7 Let ms,φ be the optimal message chosen by
type s given mechanism φ. Henceforth, we refer to ms,φ as the latent message. The
latent message maximizes subject utility, conditional on the mechanism, but it need
not coincide with latent preferences.8

The structure of our model, to this point, follows Azrieli et al. (2018) closely.
Azrieli et al. provide preference-based conditions under which the RIS is latent in-
centive compatible (i.e. the latent message coincides with latent preferences, see
Definition 4). Instead, we are interested in how the latent incentive compatibility of
the VRIS and RIS translates into testable restrictions on the observed data. Given

6Prizes are not restricted in their domain. For example, prizes might be monetary amounts,
lotteries, pieces of fruit, or any combination thereof.

7For RIS, this can be micro-founded by assuming that ≻s has a unique extended preference >s

over ∆(X), that mimics ≻s over degenerate lotteries. See Azrieli et al. (2018) for details.
8For a trivial example, consider a single binary choice question that is incentivized with the

mechanism that awards subjects the prize that they did not choose. The latent message reports the
least preferred item.
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that observed data is typically stochastic, rather than deterministic (see Agranov and
Ortoleva (2017) and references therein), we extend the deterministic model of Azrieli
et al. (2018) by allowing for perturbations of latent messages.

Latent vs Perturbed messages: Fix some mechanism φ. For each subject-type s ∈
S, consider the state-space (Ω = M ×M, 2Ω, P s). For each pair m, m̂ ∈M , the state
(m, m̂) is understood to be the state where the latent message is m but the analyst
observes m̂, a potentially perturbed message. There are multiple, related, feasible
interpretations of why the latent and perturbed messages might differ: perhaps the
subject was unable to understand the question and reported some randomly chosen m̂,
or perhaps the subject intended to report m but trembled and reported m̂ by mistake
instead, or perhaps the subject was (rationally, maybe) inattentive and reported m̂
despite truly preferring m in the counterfactual where she had been fully attentive.

For x, y ∈ Di, define the event Ei,x→y = {ω ∈ Ω : mi = x, m̂i = y} as the collection
of states where a subject’s latent message on question Di was x, but the trembled
message was y. In our framework, deterministic choice is the special case where the
latent message and trembled message are always identical. Formally,

Definition 1 (Deterministic Choice). P s(Ei,x→x) = 1 for all i ∈ I, for all x ∈ Di,
and all s ∈ S such that µs

Di
= x.

For the remainder of this section, we focus on the case where the payment mech-
anism is VRIS.

3.1 VRIS

This subsection develops the theoretical framework for testing incentive compatibil-
ity under the VRIS payment mechanism. Our goal is to formalize how behavioral
assumptions about preferences and perturbations translate into observable, testable
implications. We proceed in stages. First, we define the experimental data structure,
introducing the notion of a sub-dataset to capture groups of subjects who faced the
same ordered sequence of decision problems. Next, we define Latent Incentive Com-
patibility, which describes when the VRIS preserves subjects’ underlying preferences.
We then relax deterministic choice by introducing probabilistic trembles, leading to
the conditions of Equal Marginal Probability and Q′-Exchangeability, which ensure
that the marginal and joint distributions of choices remain invariant across incen-
tive regimes. Together, these concepts provide the foundation for our later tests of
stochastic incentive compatibility.

We begin by defining the basic data structure of the experiment. Each subject is
assigned an ordered set of decision problems. Many subjects share the same order,
and the data from all subjects with that order form what we call a sub-dataset.

Definition 2. Let D = {Di}i∈I denote an ordered sequence of n decision problems
drawn from the set of all questions Q. The data collected from all subjects assigned
to the same ordered sequence D constitute a sub-dataset , also denoted by D.
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The next notation allows us to describe precisely how a given question may be
repeated in the VRIS experiment, across Parts A and B, and how those repetitions
can be used to test incentive compatibility (IC).

Definition 3. For sub-dataset D, let IDn = {i : Di = Dn} be the indices for all
decision problems that are identical to its Part B decision problem (Dn).

Next, we introduce the concept of Latent Incentive Compatibility, which represents
the idealized benchmark in which subjects’ latent message coincides with her latent
preference. Since latent preference must be identical across identical decisions, in the
VRIS context, this also means that the latent message is invariant to both parts (part
A or part B) of the VRIS payment structure.

Definition 4. The VRIS mechanism is latent incentive compatible on questionQ ∈ Q
for subject-type s ∈ S if ms

i = µs
n for all i ∈ IDn , for all D with Dn = Q.

Note that we define incentive compatibility at the level of individual questions,
even though in our framework, the subject makes a choice over the set of all possible
messages. This allows incentive compatibility to hold for some decision problems but
not for others.

We can now state our first result, outlining the testable implications of incentive
compatibility for deterministic choices with any sub-dataset.

Proposition 1. Assume that φV RIS is latent incentive compatible on Q ∈ Q. If
choice is deterministic (Definition 1), then m̂s

i = m̂s
n for all i ∈ IDn with Dn = Q and

for all subjects s.

This result also provides our first testable implication: under deterministic behav-
ior, VRIS yields perfectly consistent within-subject choices across repeated questions.
Of course, such strict consistency is rarely observed in practice—choice data are in-
herently noisy. Hence, we next seek assumptions on stochastic perturbations that
preserve the same observable behavior across incentive regimes.

Our first condition, Equal Marginal Probability, requires that the likelihood of a
perturbation for a given question is stable across repetitions of that question, regard-
less of whether it appears under single-choice or RIS incentives.

Definition 5. Equal Marginal Probability (EMP): Q ∈ Q satisfies Equal Marginal
Probabilities if for all i ∈ IDn with Dn = Q, for all x, y ∈ Dn, and for all preference-
types s with ms

Dn
= x, P s(Ei,x→y) = P s(En,x→y).

To analyze how incentives might shape the correlation of choices across questions,
we extend EMP to a joint condition, Q′-Exchangeability. It requires EMP onQ to hold
conditional on every possible tremble on another question Q′, ruling out systematic
dependence between the two.

11



Definition 6. Q′-Exchangeability: Fix Q′ ̸= Q such that Dj = Q′, Dn = Q. Q
satisfies Q′-Exchangeability if for all i ∈ IDn with i ̸= n, for all x, y1, y2 ∈ Dn,
a, b ∈ Dj and for all preference-types s ∈ S with ms

Dj
= a,ms

Dn
= x

P s(Ej,a→b ∩ Ei,x→y1 ∩ En,x→y2) = P s(Ej,a→b ∩ Ei,x→y2 ∩ En,x→y1).

It is perhaps easiest to understand Q′-Exchangeability by first considering the
weaker condition

P s(Ei,x→y1 ∩ En,x→y2) = P s(Ei,x→y2 ∩ En,x→y1)

which states that the probability of observing any particular pattern of trembles across
two repeated problems, i and n, is symmetric across the repetitions. This symmetry
reflects the core intuition behind EMP (see Proposition 2), and in fact, it is equivalent
to EMP when |Dn| = 2. Q′-Exchangeability strengthens this requirement by insisting
that this symmetry holds not just in aggregate, but for every possible realization of
trembles on question j. Formally, this is captured by taking intersections with the
question-j tremble Ej,a→b on both sides. This additional conditioning rules out the
possibility that the likelihood of a perturbation in decision i is systematically influ-
enced by the perturbation that occurred in decision j, and this property is crucial to
identifying the joint distributions of behavior across multiple questions. Intuitively,
Q′-Exchangeability prevents the RIS from distorting the correlation structure of re-
sponses across questions.

Proposition 2. IfQ satisfiesQ′-Exchangeability for someQ′ ̸= Q then it also satisfies
Equal Marginal Probability.

In the next subsection we derive testable conditions that are implied by Q′-
Exchangeability and EMP. Each testable condition is a joint test of latent incentive
compatibility and the properties of the perturbations.

3.2 The testable implications of incentive compatibility

The analyst observes only trembled messages– the reported choices– while the un-
derlying latent messages and the perturbation process that maps them to observed
choices remain hidden. Given this limitation, our goal is to formulate conditions on
observable data that are implied by our assumptions on the latent stochastic pertur-
bation process and latent IC. Let ρw(m̂i = x) be the expected proportion of reports
equal to x in problem i within subject pool w, where the expectation is taken over
the distribution of perturbations. Similarly, ρw(m̂i = x, m̂j = y) is the expected
proportion of reports that equal x in problem i and y in problem j.

Our main theorem, Theorem 1, provides necessary and sufficient conditions on the
data for a given set of assumptions on the trembles and latent IC to hold. In doing
so, it offers a rigorous foundation for testing when the incentive structure distorts, or
when decision noise masks, the underlying preferences.
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Theorem 1. Assume that φV RIS is latent incentive compatible on Q ∈ Q. Then,
the following properties hold for all D with Dn = Q:

a) (Weak Stochastic IC) Q satisfies Equal Marginal Probability if and only if
ρw(m̂i = x) = ρw(m̂n = x) for all i ∈ IDn , for all x ∈ Dn, and for all sub-
ject pools w.

b) (Partial Stochastic IC) If Q satisfies Q′-Exchangeability then ρw(m̂j = a, m̂i =
x) = ρw(m̂j = a, m̂n = x) for all i ∈ IDn −{n}, for all x ∈ Dn = Q, a ∈ Dj = Q′,
and for all subject pools w. If |Dn| = 2 then the converse also holds.

c) (Pairwise Stochastic IC) Assume additionally that φV RIS is latent incentive
compatible on Q′ ̸= Q. Now consider sub-datasets D and D′ such that Dn =
D′

j′ = Q andDj = D′
n = Q′. IfQ satisfiesQ′-Exchangeability andQ′ satisfiesQ-

Exchangeability then ρwD(m̂j = a, m̂i = x) = ρwD′(m̂i′ = a, m̂j′ = x) = ρwD(m̂j =
a, m̂n = x) = ρwD′(m̂n′ = a, m̂j′ = x) for all i ∈ IDn − {n} and all i′ ∈ I ′n − {n},
for all x ∈ Dn, a ∈ Dj, and for all subject pools w. If |Dn| = |D′

n| = 2 then the
converse also holds.

Weak Stochastic IC is, perhaps, the most familiar condition. The stipulation
that ρw(m̂i = x) = ρw(m̂n = x) requires that the average behavior on question
Q is identical, irrespective of whether it shows up under RIS (in Part A) or under
single-choice incentives (Part B). This is precisely the test of incentive compatibility
that the prior literature (Section 2) has conducted using between-subject designs,
without explicitly specifying it as the joint hypothesis of latent IC and Equal Marginal
Probability.

Partial Stochastic IC presents a stronger condition, one that requires equality of
joint probability distributions: the joint distribution of questions Q,Q′ must stay
identical irrespective of if Q is observed under RIS (part A) or single-choice (part B)
incentives. When Q only has two alternatives, this is equivalent to Weak Stochastic
IC holding conditional on each possible Q′ choice. We will often write (Q,Q′) Partial
SIC to clarify that we are referring to the case where Q satisfies Q′-Exchangeability.

Any experiment that seeks to uncover the joint distribution of choices over two
questions Q,Q′ using RIS, such as in tests of the independence axiom, must inher-
ently assume that this joint distribution would remain unchanged if either one, or
both, of those decisions were made under single-choice incentives. In doing so, such
experiments implicitly assume both (Q,Q′) Partial SIC and (Q′, Q) Partial SIC. That
is, they must assume Pairwise SIC. This highlights the central importance of Pairwise
SIC in such experiments.

3.3 Recovering joint preferences

While the previous section developed testable implications of incentive compatibility,
our focus now shifts to recovery—that is, whether data observed under the VRIS can
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be used to reconstruct the counterfactual distribution of behavior that would have
been observed if incentive compatibility were satisfied. Conceptually, testing and
recovery are related but distinct: testing asks whether two observable distributions
are statistically indistinguishable, whereas recovery asks whether one can approximate
an unobservable distribution with an observable distribution. Our target distribution,
which we seek to recover, is the counterfactual joint distribution where both questions
are observed in Part B of the VRIS for all subjects. This target distribution is clearly
unobservable, but it provides a conceptual benchmark where the joint distribution of
behavior is unaffected by concerns about RIS’ incentive compatibility.

In practice, recovery problems rarely involve exact equalities. Even if incentive
compatibility cannot be rejected, stochastic perturbations and sampling noise imply
that the relevant conditions hold only approximately. Consequently, we will work
with inequalities—expressing that two distributions are close enough—rather than
exact equalities.

Target and observable joint distributions. To study how incentive structure
shapes the correlation between responses to a pair of questions, we focus on the
distribution of preferences across two questions, (Q,Q′). Define the 4× 1 vector

∆BB =


ρω(m̂QB

= 0, m̂Q′
B
= 0)

ρω(m̂QB
= 0, m̂Q′

B
= 1)

ρω(m̂QB
= 1, m̂Q′

B
= 0)

ρω(m̂QB
= 1, m̂Q′

B
= 1)


as the unobserved target distribution of preferences had both questions been measured
under Part B incentives. Define S4 = {x ∈ R4 : xi ≥ 0,

∑
xi = 1}.

The VRIS design provides the following three observable 4× 1 vectors,

∆AA =

(
ρω(m̂QA

= 0, m̂Q′
A

= 0)

.

.

.
ρω(m̂QA

= 1, m̂Q′
A

= 1)

)
, ∆AB =

(
ρω(m̂QA

= 0, m̂Q′
B

= 0)

.

.

.
ρω(m̂QA

= 1, m̂Q′
B

= 1)

)
, ∆BA =

(
ρω(m̂QB

= 0, m̂Q′
A

= 0)

.

.

.
ρω(m̂QB

= 1, m̂Q′
A

= 1)

)
∈ S4

which can be used to recover the target distribution ∆BB.

Comparison based on approximate equality. Instead of requiring equality of
two distributions, we ask whether they are close enough—in the sense that the differ-
ences between them, measured by the Total Variation Distance (TVD), are statisti-
cally or economically negligible. Formally, for X, Y, Z,W ∈ A,B, we say that ∆XY is
approximately equal to ∆ZW whenever their total variation distance (TVD) is small
enough, i.e,

TVD(∆XY ,∆ZW ) :=
1

2

∑
i,j∈{0,1}

∣∣ρω(m̂QX
= i, m̂Q′

Y
= j)− ρω(m̂QZ

= i, m̂Q′
W

= j)
∣∣ < ε

for some small ε > 0.
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Assumptions relating observed and latent behavior. We assume that the
VRIS is latent incentive compatible (Definition 4), and thus the observed joint dis-
tributions in Parts A and B can be viewed as noisy transformations of the latent
preference distribution ∆∗ ∈ S4. Formally, for X ∈ A,B there exist stochastic matri-
ces GXX describing the perturbation processes in Parts A and B such that:

∆AA = GAA∆
∗, ∆BB = GBB∆

∗.

where the 4×4 stochastic matrix GXX captures the perturbation of Q,Q′ within part
X. For example, GXX ’s (1, 4) entry is P s(EQX ,1→0 ∩ EQ′

X ,1→0).
Additionally, we shall assume in Theorem 2 that the incentives in Part A make re-

sponses weakly noisier than those in Part B. This implies that there exists a stochastic
‘garbling’ matrix G that maps B-type perturbations into A-type perturbations.

GAA = G×GBB ⇒ ∆AA = G∆BB.

In this sense, ∆AA is a Blackwell less informative signal of latent preferences than
∆BB.

Recovery: In a general experiment, the main objective of the experimenter is to
design the environment so the observable data is as close as possible to the counterfac-
tual data that would be observed if each question were fully incentivized in isolation
from every other question. Formally, instead of requiring perfect equality, we will
express the approximate equality as the Total variation distance being bounded:

TVD(G∆BB,∆BB) ≤ ε

Intuitively this approximate equality can be interpreted in a few different ways; for
example, it could mean that the two distributions are close enough so that the exper-
imenter does not care about their distance, or that their equality cannot be rejected
via statistical tests. There are two conceptually distinct cases in which this can occur.

1. Case 1 (Uniform Recovery): G is approximately equal to the identity ma-
trix, such that TVD(G∆BB,∆BB) ≤ ε for every ∆BB ∈ S4. In this case,
recovery is robust to the underlying latent preference distribution.

2. Case 2 (∆BB-dependent Recovery): The inequality holds only for some
∆BB—specifically those close to an eigenvector of G with eigenvalue 1. In this
case, recovery depends on a fortunate coincidence between the data-generating
process and the perturbation structure, and will fail generically.

Hence, in the limit as ε→ 0, uniform recovery dominates: for a generic population
(with non-atomic latent distributions), the probability that ∆BB happens to satisfy
the second case is vanishingly small.
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Uniform recovery and testable implications. The following theorem estab-
lishes how uniform recovery connects the unobservable target distribution ∆BB to
the three observable ones—∆AA, ∆AB, and ∆BA—through a set of testable condi-
tions.

Theorem 2. Let G ∈ R4×4 be a stochastic matrix such that ∆AA = G∆BB.

a) If
sup

∆BB∈S4

TVD(∆AA,∆BB) ≤ ε,

then

sup
∆BB∈S4

TVD(∆AA,∆BA) ≤ ε, (1)

sup
∆BB∈S4

TVD(∆AA,∆AB) ≤ ε. (2)

Moreover, (1)–(2) together imply

sup
∆BB∈S4

TVD(∆AA,∆BB) ≤ 2ε.

b) If
sup

∆BB∈S4

TVD(∆AA,∆BA) ≤ ε,

then
sup

∆BB∈S4

TVD(∆AB,∆BB) ≤ ε.

Theorem 2 formalizes the practical value of our stochastic IC conditions. Suppose
ε > 0 represents the researcher’s tolerance level for when two distributions are consid-
ered statistically or economically indistinguishable. Part (a) addresses the case where
the observed distribution under standard RIS incentives (∆AA) is “close enough” to
the target distribution ∆BB. While ∆BB itself is unobservable, the theorem shows
that this condition is equivalent to two testable implications: Equation 1 and Equa-
tion 2. Empirically, failing to reject these two conditions corresponds to failing to
reject (Q,Q′) Partial SIC and (Q′, Q) Partial SIC, respectively. Moreover, the result
works in both directions: if neither condition is rejected then the deviation between
∆AA and ∆BB must be bounded by at most 2ε.

Part (b) implies that whenever (Q,Q′) Partial SIC holds, the cross-incentive dis-
tribution ∆AB must approximate the counterfactual target ∆BB within the same
tolerance. Hence, even if the standard RIS distribution (∆AA) fails to replicate the
target, as long as Partial SIC holds, VRIS recovers a close empirical analogue.

We provide a simple intuition for how the proof of Theorem 2 works (see Ap-
pendix A for the full proof). Consider ∆BB at one of the vertices of the simplex, say
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at ∆BB = (1, 0, 0, 0). In Table 3, we show the implied distributions of ∆AA,∆AB,∆BA

as functions of the entries of G, which then characterizes the TVD bounds:

TVD (∆AA,∆BB) ≤ ε ⇐⇒ |G11 − 1|+ |G21|+ |G31|+ |G41| ≤ 2ε (3)

TVD (∆AB,∆BB) ≤ ε ⇐⇒ |(G11 +G21)− 1|+ |G31 +G41| ≤ 2ε (4)

TVD (∆AA,∆BA) ≤ ε ⇐⇒ 2|G31|+ 2|G41| ≤ 2ε (5)

Using 1 = G11+G21+G31+G41, because G is a stochastic matrix, it is straightforward
to verify, on the right hand sides, that (3) ⇒ (5) ⇒ (4). Hence the corresponding
total variation distances bound each other as stated in Theorem 2. A similar exercise
shows that the same chain of implications holds for the TVDs at each of the other
three vertices of the ∆BB simplex. Since the supremum of a convex operator like
TVD must be attained at one of the vertices, and since the TVD relationships hold
at all four vertices of the simplex, the proposition follows.

∆BB ∆AA ∆AB ∆BA

1 G11 G11 +G21 G11 +G31

0 G21 0 G21 +G41

0 G31 G31 +G41 0

0 G41 0 0

Table 3: A degenerate ∆BB is transformed under G into distributions over ∆AA, ∆AB,
and ∆BA.

4 The experimental design

We ran an online experiment using VRIS incentives in June 2023 with a sample of
1003 US residents recruited via Prolific. Subjects were paid $4 for completing the
experiment, plus any earnings generated from the VRIS payment mechanism. On
average, total compensation per subject was approximately $8 and the median time
to completion was 20 minutes.

Each subject made 14 distinct choices in our experimental design, listed as C1 to
C14 in Table 4. C1 to C11 were repeated, and thus subjects made a total of 25 choices.
We refer to the repeated versions as R1 to R11. In the first Part, Part A, subjects
made 24 binary choices and in the second Part, Part B, subjects made a single binary
choice, chosen randomly from one of the target questions (R1 to R4 in Table 4).
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ID (Repeat ID) Name Option 1 Option 2

C1 (R1) Cer1 l1 = (1, $5) l2 = (0.2, $0; 0.8, $7)
C2 (R2) CIA1 (0.75, l3; 0.25, l1) where

l3 = (1, $0)
(0.75, l3; 0.25, l2)

C3 (R3) MIA1 (0.75, $0; 0.25, $5) (0.8, $0; 0.2, $7)
C4 (R4) Percep1 $6 if left figure has more black dots

than right figure, $1 otherwise
$6 if right figure has more black
dots than left figure, $1 otherwise

C5 (R5) Mon1 l4 = (1, $4) (1, $5)
C6 (R6) FOSD1 (0.01, $1.25; 0.19, $4.50; 0.8, $9.75) (0.21, $1.25; 0.18, $4.50; 0.61, $9.75)
C7 (R7) PORU1 (0.8, l5; 0.2, l6) where

l5 = (0.8, $0; 0.2, $10) and
l6 = (0.2, $0; 0.8, $10)

(0.68, $0; 0.32, $10)

C8 (R8) Cer2 l7 = (1, $7) l8 = (0.2, $0; 0.8, $9)
C9 (R9) CIA2 (0.5, l9; 0.5, l7) where

l9 = (0.16, $0; 0.68, $7; 0.16, $9)
(0.5, l9; 0.5, l8)

C10 (R10) MIA2 (0.08, $0; 0.84, $7; 0.08, $9) (0.18, $0; 0.34, $7; 0.48, $9)
C11 (R11) Percep2 $6 if left figure has more black dots

than right figure, $1 otherwise
$6 if right figure has more black
dots than left figure, $1 otherwise

C12 Mon2 (1, $4) (1, $4.05)
C13 FOSD2 (0.2, l1; 0.8, l1) (0.8, l4; 0.2, l4)
C14 PORU2 (0.5, l9; 0.5, l8) (0.18, $0; 0.34, $7; 0.48, $9)

Table 4: List of all 14 choices. The first 4 choices (highlighted) were the target
questions: one of these was randomly selected, its repetition was omitted from Part
A, and instead shown in Part B. The first 11 questions were repeated and hence have
both original and repeat IDs.

4.1 Main focus: The target questions

The study focuses on the four target questions (C1 to C4), which we refer to as
Cer1, CIA1, MIA1 and Percep1. Each subject was randomly assigned to one of four
treatments. Under each treatment, the repetition of exactly one target question was
omitted from Part A and instead presented in Part B (see Figure 2).

The Percep1 question is not a lottery choice, but is a test of cognitive effort. In
this task, subjects were presented with two 10-by-10 dot matrices side-by-side, where
each dot was either black or white. Subjects were instructed to select the matrix with
the most black dots, receiving $6 for a correct answer and $1 for an incorrect one. All
subjects saw the same configuration of dots within the matrix, but the configuration
of dots was changed between C4 and its repetition R4. One set of the dot matrices
used for the Percep1 question are displayed in Figure 3.

An important feature of the Percep1 question is that preferences of all subjects
are known to the experimenter: all subjects prefer choosing the matrix with the most
black dots. In the notation of Section 3, there exists a unique preference type, s, such
that all subjects have the same preference for this question. Given this, we know that
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Start:
t ∈ {1, 2, 3, 4}

assigned
randomly

In Treatment t,
Rt appears in Part B
and {R1, .., R11} −Rt

is repeated within A

Part A choices:
{C1, .., C14}
∪{R1, .., R11}

−Rt

(14 + 11− 1) = 24 choices
presented in random order

Which part
pays?

Part B: only Rt

(Unincentivized)

Part B: only Rt

(Incentivized)

Informed about
Parts A & B

Pa
rt
A

via
RI
S

Part B

Figure 2: Flowchart of our VRIS Experimental Design. In treatment t, choice Rt is
omitted from Part A and becomes the single-choice in Part B.

Figure 3: Two dot matrices used for the Percep1 question. The left matrix contains
45 black dots, and the right contains 47 black dots.

latent IC is satisfied by construction for this question, and that IC tests involving
the Percep1 question are therefore pure tests of the perturbation function for that
question.

The remaining ten non-target questions are detailed in Table 4. Included in the
non-target questions is a second set of lotteries, Cer2, CIA2, and MIA2, which were
constructed in a similar fashion to the target lotteries. These questions are not the
focus of our current study, but can be used to construct subject-level explanatory
variables, as we demonstrate in Section 7.2, to analyze the failure of IC.

Timeline of a session: Upon entry into the experiment, subjects were randomized
into one of four treatments with each treatment being identified by the target question
that the subject was to be shown in Part B. Before Part A began, subjects were
informed that there are 2 parts, Part A and Part B, and one of those would be
randomly chosen for payment with equal chance. They also knew that Part A had
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multiple questions, and if Part A was chosen for payment, then one of the questions
from Part A would be randomly chosen to be paid.

Next, instructions for Part A were given, and subjects were tested on their under-
standing of the choice-objects and how the incentive system works. Subjects had two
attempts to correctly answer all comprehension questions, those that did not were
excluded from the study.9 A second randomization, determining which part (A or B)
was to be paid, occurred at the end of Part A for each subject.

Before Part B began, subjects were told whether Part A or Part B would pay and
that Part B had a single question. If Part A was chosen for payment, then each of the
24 questions was selected for payment with a probability of 1

24
. If Part B was chosen

for payment then the subjects were paid their choice in the single Part B question.10

Thus, before making the Part B choice, half of the subjects knew that this single-
choice was the only choice that mattered for their payment, and the remaining half
knew that this single-choice had no bearing on their payment. All payments were
completed within 72 hours of the study ending.

4.2 The robustness treatment

Consider the Part B choices made under single-choice incentives by half of our origi-
nal sample. Would their choices be different had they never completed Part A and,
instead, only faced Part B? To investigate, we ran a robustness treatment in March
2025 with a sample of 490 US residents recruited via Prolific.11 Subjects were paid
$2 for completing the experiment, plus any earnings generated from the single incen-
tivized task. On average, total compensation per subject was approximately $5.30
and the median time to complete was 10 minutes.12

The robustness treatment was designed to be as similar as possible to the original
experiment, with the only changes to the instructions being amendments to remove
references to Part A of the experiment. Each subject responded to one question,
which is randomly chosen from the four target questions.

9This complied with Prolific requirements for excluding subjects. Excluded subjects are not
included in the count of the 1003 subjects who completed the experiment.

10Contrast this with Agranov et al. (2023), who also include a Part with a single question (their
One treatment) but don’t reveal which Part will be paid until after all Parts are completed. Agranov
et al. (2023) use the single question to infer latent preferences, given an assumption of incentive
compatibility.

11We targeted a sample of 500 subjects to reflect the design of our original experiment where we
expected 500 subjects to be incentivized for Part B. After removing eight subjects who abandoned
or otherwise did not complete the experiment, and removing both records of a single subject who
completed the experiment twice, we obtained our final sample of 490.

12The completion payment was set to half of the amount of the original experiment, after piloting
established that the average time taken was half that of the original experiment. The earnings
from the incentivized task are slightly lower than in the original experiment because the four target
questions exhibited slightly lower earnings than the non-target questions.
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5 Results

This section presents the results of our experiment. We begin, in Section 5.1, by test-
ing the incentive compatibility conditions established in Theorem 1. In Section 5.2
we investigate the data from subjects who were not incentivized during Part B. We
find a surprising association: two of our target questions exhibit the same behavior
for fully incentivized and unincentivized subjects, and these are the same two ques-
tions that satisfy Weak Stochastic IC. In Section 5.3 we analyze the data from the
robustness treatment. Section 6 provides further analysis and discussion including a
demonstration that the data from the VRIS can, in some cases, be used to recover
pairwise joint distributions when the Part A RIS data fails Stochastic IC.

Throughout this section we provide both p-values and Anderson’s (2008) sharp-
ened q-values, which are constructed using the technique of Benjamini et al. (2006), to
correct for the multiple hypothesis testing problem that is introduced by considering
four target questions simultaneously. Sharpened q-values control the False Discovery
Rate (FDR) which is an alternative to using the Bonferroni correction to control for
the Family Wise Error Rate (FWER).13

Intuitively, controlling for the FWER would be appropriate if we were intent on
rejecting the RIS as a whole whenever we reject the RIS for any individual question;
in this case, a false rejection of IC for any question would be particularly problematic.
Instead, we take the position that the RIS may satisfy IC for some questions, or in
some environments, but not in others. Thus, we are interested in controlling the False
Discovery Rate, or the expected rate of false rejections of IC, to be sufficiently small.14

One implication of controlling for the FDR is that q-values are not independent across
tests, and in some cases this can cause q-values to be lower than the corresponding
p-values.15

There is also a practical reason that we provide sharpened q-values rather than
Bonferroni corrections: Readers who prefer controlling for the FWER can easily
calculate Bonferroni corrections, while the calculations for the sharpened q-values
require machine computation.

13Consider a family of hypothesis tests, and suppose that V is the number of false rejections of
the null hypotheses and T is the total number of rejections. Then the FWER is given by Pr(V > 0)
and the FDR is given by E[R] where R = V

T whenever T > 0 and R = 0 if T = 0. The FWER and
FDR are equal whenever all of the null hypothesis being considered are true, but E[R] < Pr(V > 0)
if some false hypotheses are correctly rejected. This implies that FDR corrections are less extreme
than FWER corrections, and the sharpened q-values are more powerful than FWER corrections.
The sharpened q-values presented here are only valid if the underlying p-values are not negatively
associated.

14As is standard, we use a threshold for significance of α = 0.05 throughout. We correct for the
FDR for each of our different tests of incentive compatibility independently.

15If one null hypothesis has very strong evidence against it (increasing T ), then we can be slightly
more permissive when rejecting the other hypothesis while still controlling the overall expectation
E[R].
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5.1 Tests of Incentive Compatibility

This section focuses on tests of incentive compatibility across our four target ques-
tions. For each question, Q ∈ {Cer1,CIA1,MIA1}, each subject made choices in two
of four possible scenarios:

1. The first time the question was encountered in Part A (QA)

2. The second time the question was encountered in Part A (QR, for repeat)

3. When the question was encountered and incentivized in Part B (QB)

4. When the question was encountered but unincentivized in Part B (QU).

For the Percep1 question we use a slightly different nomenclature given subjects
were shown two distinct sets of dot matrices; in this case we denote with Percep1A
the set of dot matrices that all subjects saw in Part A, and we denote the other set of
dot matrices by Percep1R, Percep1B or Percep1U when the subject saw this set in
either Part A, incentivized in Part B, or unincentivized in Part B, respectively.16 We
will often write QA = x, as shorthand for mQA

= x, to denote that the message in
QA was x. Given this, and adapting the notation from Section 3, ρ(QA = x) denotes
the expected proportion of subjects sending a message of x in QA, and ρ̂(QA = x)
denotes the sample realization observed in the experiment.

We shall use the convention that Percep1A = 1 indicates a correct response to
Percep1, and QA = 1 denotes a choice of the less risky option for the three lottery
questions. Conversely, a message of 0 indicates an incorrect response to Percep1 or
a risky response to a lottery question.

5.1.1 Testing for Deterministic IC

Deterministic Incentive Compatibility (DIC) requires thatQA = QB for every subject,
a restriction that can be refuted when subjects make different choices in Parts A versus
B. While it is tempting to claim that DIC is approximately satisfied if, for example,
99 out of 100 subjects satisfy QA = QB, there is no principled threshold for when
approximate DIC should be considered acceptable. We recommend using the testing
criterion for Stochastic IC established in Section 3 instead.

Nevertheless, Column 4 of Table 5 reports the frequency and confidence intervals
of ρ(QA = QB) for each target question. DIC is not particularly close to holding for
any of the questions.

Stochastic IC (SIC) is the natural generalization of DIC for data that has been
generated by subjects who exhibit stochastic behavior. Following Theorem 1, we
consider three key conditions: Weak SIC, Partial SIC, and Pairwise SIC.

16This notation implies that some subjects saw Percep1R before Percep1A. There were no effects
of the order in which the matrices were seen on subject decisions, but the matrices in Percep1A
appear to have been slightly easier than the other set of matrices. See Section 7.1 for details.
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5.1.2 Weak SIC

Weak SIC, as implied by Latent IC plus equiprobable trembles across all repetitions,
requires that choices are, on average, the same across repetitions of a question. There-
fore, our testable hypothesis for Weak SIC is:

ρ(QR = 1) = ρ(QA = 1) = ρ(QB = 1). (6)

which leads to three testable conditions.17 We present multiple ways to test Equa-
tion 6, and indicate our preferred option below.

The test of ρ(QR = 1) = ρ(QB = 1) only leverages between subject variation,
and we employ a z-test for equality of proportions. This is the same test that is
available to previous researchers who used a between subject design (see Section 2)
and is useful for comparing the VRIS to previous results.

There are two methods for testing ρ(QA = 1) = ρ(QB = 1). The first uses a
within-subject McNemar test, which leverages the within-subject design features of
the VRIS, but limits the sample size only to subjects who were incentivized in Part
B. Alternatively, one could run a test for the equality of proportions with partially
overlapping samples as proposed in Derrick et al. (2015), and reviewed in Derrick
and White (2022), that uses all of the data from question A.18 The z-statistic for the
overlapping samples test is given by

z =
ρ̂(QA = 1)− ρ̂(QB = 1)

σ2
A + σ2

B − 2ϕσAσB

where σQ is the standard deviation associated with question Q, and ϕ is Pearson’s
correlation coefficient in the within subject sample.

Our recommendation: We recommend the overlapping samples test for Weak
SIC. Intuitively, it can be thought of as performing a between subject test on the
full data sample and then correcting the z-statistic for the observed within-subject
correlation for subjects who saw the same question in both Parts. In Section B.1
we report simulations that confirm that this overlapping sample test outperforms
McNemar’s test, and that it is also more powerful than the between subject test
comparing question R and question B.

We present the non-overlapping sample tests in Columns 5-7 of Table 5, and
summarize the test statistics for the overlapping sample tests in Column 8. It is
immediately apparent, with all tests generating the same conclusions, that we can

17However, testing all three equalities and then rejecting the joint hypothesis if any of the three
individual hypotheses are rejected would lead to a test that rejects the null hypothesis of equality
too frequently (approximately 11% of the time at a 5% level of significance, see Appendix B.1 for a
discussion and simulations).

18To avoid confusion, the test that we are referring to as the Derrick et al. (2015) test is referred
to as z8 by Derrick et al. (2015).
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reject Weak SIC (Equation 6) for both Percep1 and MIA1, but cannot reject the
same for the other two questions.19

(1) (2) (3) (4) (5) (6) (7) (8)
ρ̂(QA = 1) ρ̂(QR = 1) ρ̂(QB = 1) ρ̂(QA = QB) R vs B A vs B A vs R Overlap test

Cer1
0.82 0.82 0.84 0.83 0.67 0.84 0.91 0.69

N = 1003 N = 742 N = 140 [0.77,0.89] (0.79) (0.84) (0.84) (0.53)

CIA1
0.73 0.74 0.69 0.75 0.22 0.72 0.65 0.29

N = 1003 N = 747 N = 122 [0.67,0.82] (0.35) (0.79) (0.79) (0.24)

MIA1
0.56 0.54 0.75 0.71 <0.001 0.01 0.35 <0.001

N = 1003 N = 747 N = 126 [0.63,0.79] (<0.01) (0.01) (0.54) (<0.01)

Percep1
0.72 0.61 0.84 0.71 <0.001 0.047 <0.001 <0.01

N = 1003 N = 773 N = 129 [0.64,0.79] (<0.01) (0.08) (<0.01) (<0.01)

Table 5: For each question, columns 1–3 present the raw frequencies in A, R, B. Col-
umn 4 reports the frequency of identical choice in A vs B, alongside its 95% confidence
interval in square brackets — this serves as a test of Deterministic IC. Columns 5–7
report results from non-overlapping samples test of Weak SIC (Equation 6): The R
vs B test is conducted between subject, using a z-test for equality of proportions. The
A vs R test and the A vs B test are conducted within subject using McNemar’s exact
test. Column 8 adds the overlapping sample tests of Equation 6, formed by testing
the full data from question A and against the data from Part B (Derrick et al., 2015).
Anderson’s (2008) sharpened q-values, that adjust p-values for multiple hypotheses
testing, are displayed in parentheses; q-values for columns 5 through 7 are calculated
independently of q-values for column 8. p, q ≥ 0.05 are noted in gray.

For the MIA1 question, the rejection of Weak SIC could be caused be a failure
of either the latent IC assumption or the Equal Marginal Probability assumption.
However, for the Percep1 question the rejection of Weak SIC must be caused by the
failure of EMP: by construction, preferences are fixed across Part A and Part B for
the Percep1 question given that subjects always prefer to select the image with the
most black dots. EMP fails, in this case, because subjects spend longer studying the
images (i.e. counting the dots) in Part B when they know that a correct decision will
earn $5 more than an incorrect decision with certainty.20

Result 1. Weak SIC is not rejected for Cer1 and CIA1, but is rejected for Percep1
and MIA1.

19The interpretation of the overlapping sample test for the three lottery questions is straightfor-
ward, given that we cannot reject that the data from the A and R questions is drawn from the same
data generating process. The interpretation is a little less clear for the Percep1 question, given that
the A and R data is distinct (and subjects saw a different set of dot matrices in R, see footnote 16).
Nevertheless, the result of the overlapping samples test is in concordance with the results found
without pooling the A and R questions.

20The median time spent on the Percep1 question was 20 seconds in Part A and 57 seconds in
Part B (p < 0.001).
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5.1.3 Partial and Pairwise SIC

(Q,Q′) Partial SIC is implied by Latent IC plus decision problem Q satisfying Q′-
Exchangeability, and requires that the joint distribution of Question Q and Question
Q′ is not altered when using the Part A response or Part B response to Question Q.
Our testable hypothesis for (Q,Q′) Partial SIC is, therefore,

ρ(QA = x,Q′
A = x′) = ρ(QB = x,Q′

A = x′) (7)

for all x, x′ ∈ {0, 1}. We present the p-values for these tests in Table 6, where each
pairwise set of questions is tested using a Fisher Exact test. Note that Partial SIC is
not symmetric across questions: we can reject (MIA1,Cer1 ) Partial SIC (p < 0.001),
but cannot reject (Cer1,MIA1 ) Partial SIC (p = 0.19).

Question Q′

Cer1 CIA1 MIA1 Percep1

Question Q

Cer1
0.72 0.19 0.85
(0.40) (0.14) (0.40)

CIA1
0.06 0.67 0.39
(0.06) (0.40) (0.28)

MIA1
< 0.01 < 0.001 < 0.01
(< 0.01) (< 0.01) (< 0.01)

Percep1
< 0.001 < 0.001 < 0.001
(< 0.01) (< 0.01) (< 0.01)

Table 6: Tests of (Q,Q′) Partial Stochastic IC, testing ρ̂(QA, Q
′
A) = ρ̂(QB, Q

′
A) using

Fisher exact tests. For the Percep1 question Percep1R is used in place of Percep1A.
Anderson’s (2008) sharpened q-values, that adjust p-values for Multiple Hypotheses
testing, are displayed in parentheses.

We cannot reject (Cer1,Q′) Partial SIC or (CIA1,Q′) Partial SIC, at the 5% level,
for any Q′. On the other hand, MIA1 and Percep1, fail to satisfy (MIA1,Q′) Partial
SIC and (Percep1,Q′) Partial SIC for all Q′.21

Pairwise Stochastic SIC, for a pair of questions Q and Q′, can be rejected if either
(Q,Q′) Partial SIC or (Q′, Q) Partial SIC is rejected. It is immediate, from Table 6,
that the only pair of questions for which we do not reject Pairwise SIC is the Cer1
and CIA1 pair.

Result 2. Partial SIC is not rejected for (Cer1,Q′) and (CIA1,Q′) for any Q′; it is
rejected for (MIA1,Q′) and (Percep1,Q′) for all Q′.

21Recall that Proposition 2 establishes that if a question satisfies Q′-Exchangeability, for any Q′,
then the question also satisfies Equal Marginal Probabilities. It is, therefore, natural that we find a
close empirical relationship between Partial SIC and Weak SIC. The two questions that fail Weak
SIC also fail Partial SIC.
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Result 3. Pairwise SIC is not rejected for (Cer1,CIA1); it is rejected for all other
pairs (Q,Q′).

5.2 Unincentivized data

The VRIS design allows for a natural test of the effects of incentives on behavior:
comparing the aggregate frequency of responses in incentivized Part B to that in
unincentivized Part B.22 Table 7 presents the results of these tests, and also includes
the data from the repetition of each question in Part A for comparison. For the Cer1
and CIA1 questions we cannot reject the null hypothesis that incentivized and un-
incentivized behavior is the same. For the MIA1 and Percep1 questions incentivized
behavior is significantly different from unincentivized behavior.23 This leads to the
following interesting observation:

Result 4. Across all four target questions: responses are indistinguishable across
single-choice and RIS choices if and only if they are indistinguishable across incen-
tivized and unincentivized choices.

An additional insight our data provide concerns how we evaluate the effect of in-
centivization itself. A standard test for evaluating the effect of incentives on behavior
is to compare unincentivized behavior to behavior incentivized by an RIS. Our find-
ings, however, reinforce the critique of Beattie and Loomes (1997): this test can yield
false inferences. For instance, applying that conventional test to the MIA1 question
would fail to reject the null that unincentivized and RIS-incentivized behaviors are
identical (R vs U, p = 0.06). Yet when we use the appropriate comparison—between
incentivized single-choice behavior and unincentivized behavior (B vs U)—we clearly
reject the null that incentives have no effect on responses (p < 0.001).

5.3 Robustness S-treatment

Besides VRIS, the other way of validating the data collected under RIS is multiple
standalone single-choice treatments with additional subjects in a between-subject
design. In these treatments, subjects never face any RIS and instead complete a single
decision and are paid for that question. We ran four such robustness treatments, one
for each of the target questions, to see if the single-choice Part B data under VRIS is
statistically different from the between-subject single-choice data (which we denote as
the S treatment). We present this data in Table 7. For all four of our target questions,
we fail to reject the null hypothesis that behavior in Part B of the original experiment

22Even in the absence of monetary incentives, subjects may still respond honestly—out of reci-
procity for the participation payment, or due to intrinsic honesty. Additionally, there is no instru-
mental reason or scope to integrate decisions across questions.

23Notably, the unincentivized behavior in MIA1 and Percep1 questions is indistinguishable from
a 50-50 split between options (p = 0.29 for MIA1 and p = 0.77 for Percep1 ).
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ρ̂(QR = 1) ρ̂(QB = 1) ρ̂(QU = 1) ρ̂(QS = 1) R vs B R vs U B vs U B vs S

Cer1
0.82 0.84 0.82 0.80 0.67 0.95 0.71 0.47

N = 742 N = 140 N = 121 N = 126 (0.61) (0.66) (0.61) (0.42)

CIA1
0.74 0.69 0.71 0.60 0.22 0.43 0.72 0.15

N = 747 N = 122 N = 134 N = 120 (0.23) (0.48) (0.61) (0.33)

MIA1
0.54 0.75 0.45 0.64 < .001 .06 < .001 .06

N = 747 N = 126 N = 130 N = 118 (< .01) (0.08) (< .01) (0.33)

Percep1
0.61 0.84 0.49 0.79 < .001 .01 < .001 .22

N = 773 N = 129 N = 101 N = 126 (< .01) (< .01) (< .01) (0.33)

Table 7: Comparison of response rates across the four incentive regimes: repeated
incentivized (R), Part B incentivized (B), Part B unincentivized (U), and single-
question incentivized (S). All tests are two-sample between-subject tests of propor-
tions. Anderson’s (2008) sharpened q-values, adjusted for multiple hypothesis testing,
are reported in parentheses with columns 6-8 being adjusted independently of column
9. Insignificant results (p ≥ 0.05) are shown in gray.

is identical to the behavior in the robustness treatments. The uncorrected p-value for
the MIA1 question is close to the standard threshold for significance (p = 0.06), but
the sharpened q-value is much further from the threshold (q = 0.33).

Result 5. For all four of our target questions, we cannot reject the null hypothesis
that behavior is the same in Part B of the VRIS and in the single-choice Robustness
treatment.

6 Estimating pairwise joint distributions

We now apply the recovery framework from Section 3.3. For two questions Q,Q′, let

∆XY =


ρ(m̂QX

= 0, m̂Q′
Y
= 0)

ρ(m̂QX
= 0, m̂Q′

Y
= 1)

ρ(m̂QX
= 1, m̂Q′

Y
= 0)

ρ(m̂QX
= 1, m̂Q′

Y
= 1)


denote the vector of joint expected choice frequencies when Q is measured in Part X
and Q′ in Part Y , and let ∆̂XY denote its empirical realization observed in the VRIS.

A common goal in experiments is to estimate the joint distribution of choices
across multiple decision problems. For two questions Q and Q′, the ideal—but unob-
servable—target is the joint distribution ∆BB, where both choices are elicited under
single-choice incentives. In practice, we only observe three distinct joint distributions
from distinct subsets of the sample: (1) ∆̂BA — from subjects who faced Q in Part B
(available only in VRIS), (2) ∆̂AB — from subjects who faced Q′ in Part B (available
only in VRIS), and (3) ∆̂AA — from the Part A responses of all subjects (available
in RIS and VRIS).
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Theorem 2 provides a blueprint for how these observables can be used to recover
the unobservable target. Informally, the theorem establishes that approximate equal-
ity between ∆AA and ∆BA (or between ∆AA and ∆AB) implies that ∆AB (or ∆BA)
approximate the target joint distribution. Formally:

∆AA ≈ ∆BA ⇒∗ ∆AB ≈ ∆BB (8)

∆AA ≈ ∆AB ⇒∗ ∆BA ≈ ∆BB (9)

∆AA ≈ ∆BB ⇐⇒ ∗

{
∆AA ≈ ∆BA,

∆AA ≈ ∆AB.
(10)

where, ≈ denotes that the total variation distance between two distributions (Sec-
tion 3.3) is smaller than some threshold ε > 0, and ⇒∗ is used to indicate that the
implication holds for sufficiently small ε. We write the latent unobservable target,
∆BB, in gray to separate it from the directly observable distributions. Only the
conditions on the left hand side of Equation 8 and Equation 9 (which are the same
equations as the right hand side of Equation 10) are testable because both quantities
involved are observable, and our recovery method builds on these testable conditions.

Algorithmic implementation. Algorithm 1 operationalizes the logic above. For
the unobservable target distribution ∆BB to be approximately recovered from observ-
able data, at least one of two necessary conditions must hold: either ∆̂AA ≈ ∆̂BA

or ∆̂AA ≈ ∆̂AB. The algorithm thus begins by testing these conditions in Steps 1.1
and 1.2. In Step 2, if exactly one of the two condition holds, the corresponding
recovery rule is applied, using ∆̂AB or ∆̂BA as the estimate, respectively. If both
conditions hold, the algorithm uses ∆̂AA as the estimate, leveraging its larger sample
size. If both conditions are rejected, the algorithm halts - reflecting that ∆BB cannot
be estimated by the VRIS data.

Intuitively, whenever ∆̂AA ≈ ∆̂BA, we can substitute Part A data for Q with
Part B data without materially changing its joint distribution with Q′. This equiva-
lence holds in the uniform recovery case (see Section 3.3), where the similarity reflects
genuine equality in behavior across incentive conditions rather than a spurious equal-
ity arising from a coincidental alignment between the data-generating process and the
perturbation structure. As ε→ 0, the probability of such spurious equality vanishes,
allowing us to focus on the uniform recovery case.

Design conditions for uniform recovery. In practical terms whether an ex-
periment achieves genuine equality in behavior across incentive conditions (uniform
recovery) depends partly on experimental implementation. Achieving this requires
creating experimental conditions such as:

(a) Designing the experimental interface and instructions to encourage subjects to
isolate decisions, i.e, treat each decision as the only decision they would face,
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(b) Offering sufficient incentives to encourage attentive responses to all decisions,
including decisions embedded within the Part A RIS,

(c) Filtering for attentive subjects through screening questions or attention checks.24

Brown and Healy (2018) highlight, for example, that subjects are more likely to
isolate decisions when each question is presented on a different page compared to
placing multiple questions on a single page.

VRIS vs RIS recovery. Our testing-based recovery approach highlights the value
of VRIS: even when one of Equation 8 or Equation 9 fails, VRIS can still recover
the ideal unobservable joint distribution of behavior. In contrast, RIS—which only
observes ∆AA— requires both Equation 8 and Equation 9 to hold, even though the
RIS data is not sufficient to test either. When both testable conditions fail, neither
RIS nor VRIS can succeed.

Next, we apply this algorithm to our target questions, and in particular to each
of the three question pairs that test canonical axioms of decision theory. For each
axiom, consistency implies identical choices across a specific pair of questions:

• Independence (IND): Implies identical choices in Cer1 vs. MIA1

• Reduction of Compound Lotteries (ROCL): Implies identical choices in CIA1
vs. MIA1

• Compound Independence (C-IND): Implies identical choices in Cer1 vs. CIA1

Table 8 summarizes the outcome of applying Algorithm 1 to each axiom test.
The first three columns list the axiom and associated question pair. The next three
columns (Algo-steps) report which of the two Step 1 tests were satisfied (i.e., where
the null of equality could not be rejected), followed by the recovery rule used in
Step 2. A ✓ indicates the null could not be rejected, and ✗ indicates rejection. The
final columns compare behavioral estimates from the original RIS data (i.e. ∆̂AA)
and the corrected VRIS data (i.e. the output of Algorithm 1).

For instance, for the Independence Axiom (Cer1 vs. MIA1 ), Step 1.2 held but 1.1
did not, so we used ∆̂BA in Step 2 to recover the joint distribution. This correction
increased the estimate of adherence with the Indpendence axiom from 59% of subjects
to 69% of subjects (p = 0.03). That is, the RIS provides a biased estimate of adher-
ence to the Independence Axiom which can be corrected using the VRIS. For ROCL
(CIA1 vs. MIA1 ), the same procedure applied, but the overall estimate changed only
marginally (0.61 to 0.63, p = 0.52). However, using RIS data, subjects who violated
ROCL exhibited a significant bias toward the safer lottery in CIA1 (p < 0.001), but

24Specifically, the benefit arises from screening for subjects who are attentive to all aspects of the
experiment, irrespective of the strength of incentives. This suggests that unincentivized attention
checks may be preferred.
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Algorithm 1 Algorithm for recovering unobservable ∆BB using three data sources.
Comments are in gray and start with “//”.

Input: Questions Q and Q′ from VRIS data (both Part A and Part B)
Initialize: δba ← null, δab ← null

Step 1: Test for Partial SIC

if H0: ∆AA = ∆AB is not rejected then //Step 1.1: Verify if ∆̂AA ≈ ∆̂AB

δba ← ∆̂BA // Implies ∆̂BA ≈ ∆BB

end if

if H0: ∆AA = ∆BA is not rejected then //Step 1.2: Verify if ∆̂AA ≈ ∆̂BA

δab ← ∆̂AB // Implies ∆̂AB ≈ ∆BB

end if

Step 2 (Recovery): Which data recovers ∆BB

if δba = null and δab = null then
Exit: Recovery impossible // No observable distribution equals ∆BB

else if δba ̸= null and δab ̸= null then
Use ∆̂AA to recover ∆BB // Use the largest feasible sample

else if δba ̸= null then
Use δba = ∆̂BA to recover ∆BB // Use data only from subjects who saw Q in part B

else if ρab ̸= null then
Use δab = ∆̂AB to recover ∆BB// Use data only from subjects who saw Q′ in part B

end if

Algorithm steps ρ̂(Q = Q′) ρ̂(Q = 1)− ρ̂(Q′ = 1)
Axiom Q Q′ 1.1 1.2 2. Recovery RIS VRIS RIS VRIS

IND Cer1 MIA1 ✗ ✓ ρ̂(QA, Q
′
B)

0.59 0.69 0.26 0.12
[0.56, 0.62] [0.61, 0.77] [0.22, 0.30] [0.02, 0.22]

ROCL CIA1 MIA1 ✗ ✓ ρ̂(QA, Q
′
B)

0.61 0.63 0.17 -0.03
[0.57, 0.64] [0.55, 0.72] [0.13, 0.21] [-0.15, 0.08]

C-IND CIA1 Cer1 ✓ ✓ ρ̂(QA, Q
′
A)

0.77 n.c. -0.09 n.c.
[0.74, 0.80] n.c. [-0.12, -0.06] n.c.

Table 8: Applying the algorithm to our data: The first three columns specify
the axiom and the pair of questions being tested. The next three columns show the
outcomes of the statistical tests corresponding to Steps 1.1 and 1.2 in Algorithm 1,
and the resulting recovery method from Step 2. A ✓ indicates that the corresponding
condition held; a ✗ indicates it did not. The next four columns show the proportion
of subjects who satisfy each axiom, measured using either raw RIS data (Part A only)
or the corrected VRIS data (combining Parts A and B via the algorithm).
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this asymmetry vanished after correcting for stochastic IC violation using the VRIS
(p = 0.66). For C-IND (Cer1 vs. CIA1 ), both questions show identical responses
across incentives, so VRIS produced no change—consistent with the theory.

7 Discussion

7.1 Framing and order effects

Brown and Healy (2018) emphasize that tests of incentive compatibility should be
conducted within a consistent frame, as preferences can be influenced by the frame
in which they are observed. Thus, to test whether the presence (or absence of) a
particular payment mechanism alters preferences, subjects should be presented with
the same set of questions, regardless of the mechanism. The VRIS design satisfies
this condition as it displays the same set of questions to all subjects, by construction.
However, there a residual concern remains: Subjects who repeat a decision in Part
B will have seen strictly more questions than those who repeated the same question
in Part A (incentivized by the RIS). Could this additional exposure influence their
choices and account for any observed differences in responses? Evidence from the
Robustness treatment (Section 5.3) already rules this out.

However, the Robustness treatment imposes additional cost and complexity, and
so may not be included in all implementations of VRIS. For this reason, we also
propose and conduct a second approach to testing for framing or order effects that
uses only data from the core VRIS design. Each subject in our implementation of
the VRIS faces ten distinct pairs of repeated questions in Part A, allowing us to test
whether responses to a given question remain consistent between its first and second
appearance.25 Failure to reject equality of responses supports the claim that exposure
to intervening questions does not meaningfully shift preferences.

For the nine preference questions that are identical across repetitions, we use a
McNemar exact test. We cannot reject the null hypothesis of equality of responses
across repetitions, at a 5% significance level, for any of the nine questions.26

The remaining two questions, Percep1 and Percep2, involve perceptual judgments
with objectively correct answers. Each displays a pair of dot matrices differing by two
dots (45 vs. 47 for Percep1 ; 55 vs. 57 for Percep2 ), with dot positions permuted across
repetitions. Using χ2 tests, we fail to reject the null hypothesis of no association

25Subjects also answer an 11th repeated question, but only one of the two appearances of this
question occurs in Part A.

26All nine questions have a FDR adjusted q-value of q = 1. The power for these within-subject
McNemar tests varies with the expected level of consistency across repetitions. If 80% of subjects
are expected to report consistent preferences across repetitions, a figure which is broadly consistent
with the data in our lottery questions then we have over 70% power to detect an odds ratio of 1.5 for
our Cer1, CIA1 and MIA1 questions (where our sample size is approximately 750 for each question)
and over 80% power for the remaining questions (where our sample size is 1003).
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between the likelihood of correct answer and order, for either question (Percep1 :
p = 0.26; Percep2 : p = 0.94).

In sum, our direct tests find no evidence of order or framing effects in the sense
of Brown and Healy (2018), using only within-subject data from the VRIS. These
findings reinforce the results from the Robustness treatment and support the internal
validity of our design.

7.2 Statewise Monotonicity and consistency across incentives

Many of the papers cited in Section 2 use the term isolation when discussing incentive
compatibility of the RIS. A subject exhibits isolation in the context of the RIS, when,
she treats each decision problem independently of the other decision problems; in
other words, the subject treats each decision in isolation.27

Within Azrieli et al. (2018, 2019)’s framework, isolation can be given a more pre-
cise interpretation. The idea that each decision within the RIS is evaluated indepen-
dently corresponds closely to the Compound Independence Axiom (CIA) introduced
by Segal (1990), or equivalently to Statewise Monotonicity (SM) axiom discussed in
Azrieli et al. (2018, 2019). When a subject’s latent preferences satisfy CIA or SM,
her utility-maximizing choice in any one decision is independent of the presence of
other decisions within the RIS - in other words, CIA or SM guarantees Latent IC. We
utilize this conceptual bridge between isolation and the testable behavioral conditions
of CIA/ SM in the subsequent discussion.

Building on this interpretation, we note that observed consistency between Parts A
and B of the experiment reflects two distinct forces. First, it depends on whether the
subject’s latent preferences satisfy Latent Incentive Compatibility—that is, whether
the utility-maximizing latent message is identical across incentive conditions. Second,
it depends on the subject’s individual-level perturbation rate: how often the observed
(possibly noisy) message coincides with the latent message. Hence, AB-consistency
is jointly determined by the structure of latent preferences (via CIA/SM) and by the
reliability with which preferences are expressed in choice data.

To empirically quantify these two mechanisms, we proceed as follows. We con-
struct an individual-level proxy for adherence to the SM/ CIA axiom using responses
to Cer2 and CIA2. The SM proxy equals one if and only if m̂Cer2A = m̂CIA2A and
m̂Cer2R = m̂CIA2R . This variable (noisily) captures whether a subject’s choices in
these structurally related questions remain stable across repetitions and incentive
conditions, as would be implied by SM.

To account for subject-level heterogeneity in perturbation rates - i.e., how noisy
each subject’s choices are for that task - we construct a task-specific consistency mea-
sure. For each question type X ∈ Cer,MIA,CIA, the task-specific indicator equals

27In contrast, a subject exhibits integration when she treats the entire RIS experiment as a single
decision problem.
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one if m̂X2A = m̂X2R . This captures within-question consistency across repetitions,
independent of Latent IC.

Finally, to ensure that our results are not merely driven by general cross-question
consistency unrelated to SM, we construct a placebo proxy by substituting MIA2 for
CIA2 : it equals one if and only if m̂Cer2A = m̂MIA2A and m̂Cer2R = m̂MIA2R . Because
SM makes no predictions about the relationship between these two questions, any
predictive power of this placebo variable would suggest confounding factors unrelated
to isolation or CIA.28

Next, we regress AB-consistency, defined as an indicator for identical responses in
one of the three questions (Cer1, CIA1, orMIA1 ) across Parts A and B (incentivized),
on the SM proxy, placebo proxy, and task-specific consistency indicator. Note that
while the dependent variable is based on Cer1, CIA1, and MIA1, the explanatory
variables rely on Cer2, CIA2, and MIA2, ensuring that our regressors and outcome
are based on distinct tasks and thus not mechanically correlated.

Table 10 reports results from a linear probability regression.29 In both specifica-
tions, the SM proxy significantly predicts consistency between Parts A and B, with
a coefficient between 11 and 14 percentage points. Subjects whose choices satisfy
SM are therefore more likely to behave consistently across incentive conditions. By
contrast, the placebo proxy has no predictive power, and the task-specific indicator
has an additional positive effect of 15 percentage points.

These findings provide direct evidence that adherence to CIA/SM—a behavioral
manifestation of isolation—predicts the degree to which individual behavior remains
stable across incentive regimes. In other words, violations of isolation appear to
stem not only from random perturbations or noise, but also from systematic depar-
tures from statewise monotonicity in subjects’ latent preferences. This link between
CIA/SM and consistency across incentives highlights how the theoretical structure of
isolation maps onto observable patterns of stochastic incentive compatibility.

As an additional placebo test we repeat the same exercise for the Percep1 question,
in Table 10. We should not expect either the SM proxy (a measure of latent IC) nor
the placebo proxy to affect AB consistency for the Percep1, given that latent IC
should be trivially satisfied for all subjects. The results in Table 10 are consistent
with this conjecture.

8 Conclusion

This paper proposed and implemented the Validated Random Incentive Scheme (VRIS)
- a practical enhancement of the standard Random Incentive Scheme (RIS) - that
allows internal validation of incentive compatibility within the same experimental

28The SM proxy and placebo proxy are discordant for approximately 30% of our sample, indicating
sufficient independent variation for estimation.

29The marginal effects calculated from a logit regression are similar to the coefficients found using
the linear probability model.
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Table 9: Linear regression: Comparison of AB Consistency Regressions Across Sam-
ples

Three Lottery Questions Percep1 question
(1) (2) (1) (2)

AB consistent AB consistent AB consistent AB consistent
Statewise Mon. Indicator 0.14∗∗ 0.11∗ -0.02 -0.06

(0.05) (0.05) (0.10) (0.10)
Placebo Indicator 0.05 0.01 0.06 0.07

(0.05) (0.05) (0.09) (0.09)
Task-Specific Consistency 0.15∗ 0.11

(0.06) (0.09)
Constant 0.63∗∗∗ 0.55∗∗∗ 0.69∗∗∗ 0.64∗∗∗

(0.04) (0.06) (0.09) (0.10)

N 388 388 129 129

Table 10: Linear probability model of AB consistency for the three lottery questions
and Percep1. Standard errors are shown in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01,
∗ p < 0.05

design. The key idea is conceptually simple but empirically powerful: by observing
each participant’s choices under both RIS and single-choice incentives, one can test
whether the RIS elicits the preferences it intends to reveal.

Our conceptual framework shows that the validity of RIS depends jointly on two
behavioral forces: latent incentive compatibility (whether latent preferences are sta-
ble across incentive regimes) and perturbation rates across incentives (how observed
choices deviate from latent preferences within and across questions). Our theory
leverages the VRIS design to define stronger tests for latent incentive compatibility
than was previously possible.

Empirically, using data from an online experiment involving three risky decisions
and a perception task, we implement our tests and find that the standard RIS sys-
tematically distorts behavior in a subset of decisions. The distortions affect not only
marginal choice frequencies in two out of four tasks, but also the joint distributions
across decision pairs. We show how the VRIS framework can be used to successfully
recover underlying joint choice distributions in such cases.

Beyond this specific implementation, the VRIS introduces a broader methodolog-
ical contribution. It offers a template for self-validating experimental designs - those
that can test their own incentive assumptions without external validation. We hope
that this approach can be applied to a wide range of experimental settings, from risk
and time preferences to strategic and social-choice environments.
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A Proofs

Proof of Proposition 1. First, note that uniqueness of preference ensures that µs
i = µs

j

for all i, j ∈ IDn and that latent incentive compatibility implies that ms∗
i = µs

i for all
i ∈ IDn and for all s.

Definition 1 implies that ms∗
i = m̂s

i for all i ∈ IDn and for all s. Therefore,
m̂s

i = ms∗
i = µs

i = µs
n = ms∗

n = m̂s
n for all i ∈ IDn and all s.

Proof of Proposition 2.

P s(Ei1,x→y) = P s(Ei1,x→y ∩ Ei2,x→y) +
∑
z ̸=y

P s(Ei1,x→y ∩ Ei2,x→z)

= P s(Ei2,x→y ∩ Ei1,x→y) +
∑
z ̸=y

P s(Ei2,x→y ∩ Ei1,x→z)

= P s(Ei2,x→y)

where we have used the fact that Q′-Exchangeability conditional on Ej,a→b for all
b implies unconditional exchangeability when moving from line 1 to line 2.

Proof of Theorem 1. For all parts of the proof, recognize that latent incentive com-
patibility and unique preferences imply that the optimal choice in both Di and Dn

with i ∈ IDn is ms∗
n = µs

n = µs
i = ms∗

i for all subjects s.
(a) For any w,

ρw(m̂i = x) =
∑

{s:ms∗
i =x}

w(s)P s(Esi,x→x) +
∑

y∈Dn−{x}

∑
{s:ms∗

i =y}

w(s)P s(Esi,y→x)

=
∑

{s:ms∗
i =x}

w(s)P s(Esn,x→x) +
∑

y∈Dn−{x}

∑
{s:ms∗

i =y}

w(s)P s(Esn,y→x)

=
∑

{s:ms∗
n =x}

w(s)P s(Esn,x→x) +
∑

y∈Dn−{x}

∑
{s:ms∗

n =y}

w(s)P s(Esn,y→x)

= ρw(m̂n = x)

To prove the opposite direction, fix any pair of alternatives x, y with x, y ∈ Dn,
and fix any preference-type s′ with µs′

i = x. Choose a subject pool w such that it
assigns weight 1 to the preference-type s′, i.e, all subjects are of type s′. Then, for
this subject pool,

P s′(Ei,x→y) = ρw(m̂i = y)

= ρw(m̂n = y)

= P s′(En,x→y)
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Any subject pool can then be constructed as a linear combination of these single-
type subject pools.

b) We prove in two steps.
Step 1: Show Q′-Exchangeability is necessary and sufficient for the following

property P

P s(Ej,a→b ∩ Ei,x→y) = P s(Ej,a→b ∩ En,x→y) , ∀i ∈ IDn − {n},∀x, y ∈ Dn

Fix any i and x, y satisfying the criteria above. Sufficiency of Q′-Exchangeability
follows from

P s(Ej,a→b ∩ Ei,x→y) = P s(Ej,a→b ∩ Ei,x→y ∩ En,x→y) +
∑
z ̸=y

P s(Ej,a→b ∩ Ei,x→y ∩ En,x→z)

= P s(Ej,a→b ∩ Ei,x→y ∩ En,x→y) +
∑
z ̸=y

P s(Ej,a→b ∩ Ei,x→z ∩ En,x→y)

= P s(Ej,a→b ∩ En,x→y)

When |Dn| = 2, necessity is also implied by the steps above.
Step 2: We now show that the property P from Step 1 is necessary and sufficient

for

ρw(m̂j = b, m̂i = y) = ρw(m̂j = b, m̂n = y),∀i ∈ IDn − {n}, ∀y ∈ Dn, b ∈ Dj,∀w

ρw(m̂j = b, m̂i = y) =
∑

w(s)P s(Esj,µs
j→b ∩ Esi,µs

n→y)

=
∑

w(s)P s(Esj,µs
j→b ∩ Esn,µs

n→y)

= ρw(m̂j = b, m̂n = y)

To prove the opposite direction, fix any pair of alternatives x, y with x, y ∈ Dn

and similarly a, b ∈ Dj, and fix any preference-type s′ with µs′
j = a, µs′

i = x. Choose a
subject pool w such that it assigns weight 1 to the preference-type s′, i.e, all subjects
are of type s′. Then, for this subject pool,

P s′(Ej,a→b ∩ Ei,x→y) = ρw(m̂j = b, m̂i = y)

= ρw(m̂j = b, m̂n = y)

= P s′(Ej,a→b ∩ En,x→y)

Any subject pool can then be constructed as a linear combination of these single
type subject pools.

c) Partial Stochastic IC immediately implies that ρωD(m̂j = a, m̂i = x) = ρωD(m̂j =
a, m̂n = x) and ρωD′(m̂i′ = a, m̂j′ = x) = ρωD′(m̂n′ = a, m̂j′ = x). Note that Di = D′

j′

and Dj = D′
i′ , so that ρωD(m̂j = a, m̂i = x) = ρωD′(m̂i′ = a, m̂j′ = x).
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Proof. Proof of Theorem 2
Step 1: From sup∆BB∈S4

TVD(∆AA,∆BB) ≤ ε to constraint on G.
We want the total variation distance between ∆AA and ∆BB to be bounded:

∀∆BB ∈ S4, TVD(∆AA,∆BB) =
1

2

4∑
i=1

|∆AAi
−∆BBi

| ≤ ε

Define the difference matrix D = G− I, where I is the identity matrix. Then:

∆AA −∆BB = (G− I)∆BB = D∆BB

and the total variation condition becomes sup∆BB∈S4
∥D∆BB∥1 ≤ 2ε. Since this

supremum over the simplex is achieved at the extreme points ej (the unit basis vec-
tors), the condition is equivalent to:

∥Dej∥1 =
4∑

i=1

|Gij − δij| ≤ 2ε for all j = 1, 2, 3, 4

That is, for each column j of the perturbation matrix, we require:

4∑
i=1

|Gij − δij| ≤ 2ε

This gives 4 linear inequalities:
|G11 − 1|+ |G21|+ |G31|+ |G41| ≤ 2ε
|G12|+ |G22 − 1|+ |G32|+ |G42| ≤ 2ε
|G13|+ |G23|+ |G33 − 1|+ |G43| ≤ 2ε
|G14|+ |G24|+ |G34|+ |G44 − 1| ≤ 2ε

(11)

Step 2: From sup∆BB∈S4
TVD(∆AB,∆BB) ≤ ε to constraint on G.

Pr(QA = 0, Q′
B = 0) =

∑
q,q′∈{0,1}

Pr(QA = 0, Q′
A = q,QB = q′, Q′

B = 0)

=
∑

q,q′∈{0,1}

Pr(QA = 0, Q′
A = q|QB = q′, Q′

B = 0)Pr(QB = q′, Q′
B = 0)

= (G11 +G21)p1 + (G13 +G23)p3

Thus,

Pr(QA = 0, Q′
B = 0)− Pr(QB = 0, Q′

B = 0) = (G11 +G21)p1 + (G13 +G23)p3 − p1.

The other three differences can be derived similarly:

Pr(QA = 0, Q′
B = 1)− Pr(QB = 0, Q′

B = 1) = (G12 +G22)p2 + (G14 +G24)p4 − p2,

Pr(QA = 1, Q′
B = 0)− Pr(QB = 1, Q′

B = 0) = (G33 +G43)p3 + (G31 +G41)p1 − p3,

Pr(QA = 1, Q′
B = 1)− Pr(QB = 1, Q′

B = 1) = (G34 +G44)p4 + (G32 +G42)p2 − p4.
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Now, the total variation distance between the joint distributions ∆AB and ∆BB is
given by:

TVD =
1

2

∑
q,q′∈{0,1}

|Pr(QA = q,Q′
B = q′)− Pr(QB = q,Q′

B = q′)| .

This is a linear function of p = (p1, p2, p3, p4), so it achieves its maximum over the
unit simplex at one of its vertices. Therefore, it suffices to evaluate the TVD at each
vertex.

This generate 4 linear inequalities:
|(G11 +G21)− 1|+ |G31 +G41| ≤ 2ε
|(G12 +G22)− 1|+ |G32 +G42| ≤ 2ε
|(G33 +G43)− 1|+ |G13 +G23| ≤ 2ε
|(G34 +G44)− 1|+ |G14 +G24| ≤ 2ε

(12)

Note that the inequalities in (11) imply those in (12), and therefore:

sup
∆BB∈S4

TVD((QA, Q
′
B), (QB, Q

′
B)) ≤ sup

∆BB∈S4

TVD((QA, Q
′
A), (QB, Q

′
B))

Step 3: From sup∆BB∈S4
TVD(∆AA,∆BA) ≤ ε to constraint on G.

As before, we start by noting

Pr(QA = 0, Q′
A = 0) = G11p1 +G12p2 +G13p3 +G14p4,

Pr(QB = 0, Q′
A = 0) = G11p1 +G31p1 +G12p2 +G32p2,

⇒ ((QA = 0, Q′
A = 0)− (QB = 0, Q′

A = 0) = G13p3 +G14p4 −G31p1 −G32p2.

Similarly

(QA = 0, Q′
A = 1)− (QB = 0, Q′

A = 1) = G23p3 +G24p4 −G41p1 −G42p2

(QA = 1, Q′
A = 0)− (QB = 1, Q′

A = 0) = G31p1 +G32p2 −G13p3 −G14p4

(QA = 1, Q′
A = 1)− (QB = 1, Q′

A = 1) = G41p1 +G42p2 −G23p3 −G24p4

At p1 = 1, all other pi = 0, the TVD become:

TVD =
1

2
(|−G31|+ |−G41|+ |G31|+ |G41|)

= |G31|+ |G41|

Overall, with the 4 vertices we get 4 linear inequalities:

|G31|+ |G41| ≤ ε, |G32|+ |G42| ≤ ε, |G13|+ |G23| ≤ ε, |G14|+ |G24| ≤ ε (13)

Note that the inequalities in (13) imply those in (12), and that (11) implies those
in (13).
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Finally, note that TVD (∆AA,∆AB) ≤ ε is characterized by

|G21|+ |G41| ≤ ε, |G12|+ |G32| ≤ ε, |G23|+ |G43| ≤ ε, |G14|+ |G34| ≤ ε

which together with the equations of (13) imply the equations of (11) and hence

sup
∆BB∈S4

TVD(∆AA,∆BB) ≤ 2ε, (14)

Remark 1. Neither sup∆BB∈S4
TVD(∆AB,∆BB) ≤ ε or sup∆BA∈S4

TVD(∆AA,∆BA) ≤
ε individually implies (14). Even sup∆BB∈S4

TVD(∆AB,∆BB) ≤ ε and sup∆BB∈S4
TVD(∆BA,∆BB) ≤

ε together do not imply (14).

Proof. Take

G1 =


0 0 0 0
1 1 0 0
0 0 1 1
0 0 0 0

 G2 =


0.85 0.05 0.05 0.05
0.05 0.85 0.05 0.05
0.05 0.05 0.85 0.05
0.05 0.05 0.05 0.85


G1 retains the same Q response between A and B perfectly, but flips the Q′ response.
It is easy to verify that sup∆BB∈S4

TVD(∆AB,∆BB) = 0, whereas sup∆BB∈S4
TVD(∆AA,∆BB) >

0.
For ε = .11 > .10 andG2, sup∆BB∈S4

TVD(∆AB,∆BB) ≤ ε and sup∆BB∈S4
TVD(∆BA,∆BB) ≤

ε hold but (14) does not.
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B Additional data and results (Supplemental Ap-

pendix starts here)

In this Appendix we present some additional data and analysis. This section begins
by presenting, in Table A1, Table A2, Table A3, and Table A4, the full data for each
of our four target questions. Section B.1 presents simulations designed to understand
the properties of various statistical tests that can be used to test for Weak and Strong
SIC.

m̂R m̂B

0 1 0 1

m̂A

0 95 40 135 0 10 11 21
(0.13) (0.05) (0.18) (0.07) (0.08) (0.15)

1 38 569 607 1 13 106 119
(0.05) (0.77) (0.82) (0.09) (0.75) (0.85)
113 609 742 23 117 140

(0.18) (0.82) (0.16) (0.84)

Table A1: Contingency tables for the Cer questions, with cell probabilities in paren-
theses.

m̂R m̂B

0 1 0 1

m̂A

0 111 89 200 0 21 14 35
(0.15) (0.12) (0.27) (0.17) (0.11) (0.29)

1 82 465 547 1 17 70 87
(0.11) (0.62) (0.73) (0.14) (0.57) (0.71)
193 554 747 38 84 122

(0.26) (0.74) (0.31) (0.68)

Table A2: Contingency tables for the CIA questions, with cell probabilities in paren-
theses.

Table A5 contains the vRIS pairwise distribution corrections for the Percep1 ques-
tion. It is difficult to place a meaningful interpretation on these numbers, given that
there is no ex-ante reason to expect any particular pattern of behavior to arise in the
joint distribution of the Percep1 question with the lottery questions. Nevertheless,
we include the results here to illustrate the effectiveness of the correction procedure.
We are not able to provide corrections for the the Percep1 and MIA1 question as we
reject both Percep1×MIA1 SIC and MIA1×Percep1 SIC.
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m̂R m̂B

0 1 0 1

m̂A

0 252 77 329 0 22 27 49
(0.34) (0.10) (0.44) (0.18) (0.21) (0.39)

1 90 328 418 1 10 67 77
(0.12) (0.44) (0.56) (0.08) (0.53) (0.61)
342 405 747 32 94 126

(0.46) (0.54) (0.25) (0.75)

Table A3: Contingency tables for the MIA questions, with cell probabilities in paren-
theses.

m̂R m̂B

0 1 0 1

m̂A

0 96 113 209 0 8 25 33
(0.12) (0.14) (0.27) (0.06) (0.19) (0.26)

1 204 360 564 1 12 84 96
(0.26) (0.47) (0.73) (0.09) (0.65) (0.74)
300 473 773 20 109 129

(0.39) (0.61) (0.16) (0.85)

Table A4: Contingency tables for the Percep questions, with cell probabilities in
parentheses.

B.1 Simulation of statistical properties

Table A6 presents the results from a series of simulations designed to illustrate the
size and power of a range of plausible tests Weak Stochastic IC.30 We consider five
different tests. The first three are simple pairwise tests of ρw(m̂A = 1) = ρw(m̂R = 1),
ρw(m̂A = 1) = ρw(m̂B = 1) and ρw(m̂R = 1) = ρw(m̂B = 1). The fourth test is a
combined test that rejects the null hypothesis if any of the three simple pairwise tests
do, and the fifth test is the test of Derrick et al. (2015) discussed in the main text.

We use four different simulated datasets, and simulate each data set 10,000 times.
Each dataset consisted of 1000 simulated subjects, with each subject having a 75%
chance of responding to questions A and B, a 12.5% chance of responding to questions
A and B, and a 12.5% chance of responding to questions A and U, reflecting the
design of our experimental implementation of the vRIS.31 To generate the data for
each question, we simulated each data set as consisting of three types of subjects with
weights w1, w2 and w3, respectively. Type 1 subjects always choose option 1, type 2

30These simulations are not exhaustive, but instead illustrate plausible scenarios for the data.
31We use the notation B to describe the Part B decision when the question is incentivized, and

U for the case where the Part B question is unincentivized. We do not use the U data in the
simulations.
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Pr(Q = Q′) Pr(Q = 1)− Pr(Q′ = 1)
Q Q’ RIS vRIS RIS vRIS

Cer1 Percep1
0.59 0.73 0.21 0.01

[0.55, 0.62] [0.65, 0.81] [0.17, 0.25] [−0.09, 0.11]

CIA1 Percep1
0.55 0.64 0.11 -0.11

[0.51, 0.58] [0.56, 0.73] [0.07, 0.16] [−0.22, 0.00]

MIA1 Percep1
0.50 n.a. -0.05 n.a.

[0.47, 0.54] n.a. [−0.10, 0.01] n.a.

Table A5: The first two columns show the proportion of subjects that either (1)
answer the perception question correctly and choose the safer option in the lottery
task or (2) answer the perception question incorrectly and choose the risky option
in the lottery task. The second two columns indicate, among subjects who do not
satisfy either (1) or (2), whether subjects are more likely to select the risky lottery
or to answer the perception question incorrectly. 95% confidence intervals are shown
in square brackets. n.a. indicates not available.

subjects always choose option 0, and type 3 subjects choose option 1 with probability
p. Type 3 subjects have their decision drawn independently across repetitions unless
stated otherwise.

The data generating process for Sim 1 is constructed to approximate the data
from the CIA questions. It is generated using w1 = 0.4, w2 = 0.1, w3 = 0.5, and
p = 0.6. Sim 1 satisfies Weak Stochastic IC. The data generating process for Sim
2 approximates the data from the Cer questions, with the data for the A and B
questions generated using w1 = 0.45, w2 = 0.05, w3 = 0.5 and p = 0.8. The data
for the R question was then generated to have the same marginal distributions, but
the action of the w3 type is correlated with their action in the A question (but
independent of the B question). Given that the marginal distributions are the same
for all questions the Sim 2 data satisfies Weak SIC.

The data generating process for Sim 3 approximates the data from the MIA ques-
tions, with the data for the A and R questions generated using w1 = 25

36
, w2 = 1

4
,

w3 =
1
18
, and p = 0.55. The data for the B question was generated by modifying this

so that type 2 subjects chose option 1 with probability p2 = 0.4 and type 3 subjects
chose option 1 with probability p3 = 0.7. The data generating process for Sim 4 uses
the same structure as Sim 3 for questions A and R, but instead modifies the data
generating process such that p3 = 0.8 for question B. Each of these last two simula-
tions violates both Weak SIC by changing the marginal distribution of behavior in
Part B.

Table A6 shows the rate of rejecting the null hypotheses at the standard signifi-
cance level of 5%, which implies that a test is Type 1 error robust if the test rejects
the null hypothesis 5% of the time when the null is true. The first thing to note from
Table A6 is that the Combined test for Weak SIC, which combines all three pairwise
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Test Data required Test type
Sim 1 Sim 2 Sim 3 Sim 4

Weak IC Weak IC Weak IC Weak IC
Satisfied Satisfied Violated Violated

A vs R Within McNemar 0.040 0.037 0.042 0.042
A vs B Within McNemar 0.030 0.027 0.909 0.742
R vs B Between Proportions 0.048 0.050 0.916 0.594

Combined Combined Joint test 0.111 0.106 0.976 0.855
Derrick et al. (2015) Combined z-test 0.047 0.049 0.969 0.730

Table A6: Simulated rate of rejecting the null hypothesis, at a 5% significance level,
for five statistical tests across four data sets, with each data set being simulated 10000
times. Sim 1 used a data set that approximates the data from the CIA questions.
Sim 2 used a data set that approximates the data from the Cer questions. Sim 3
used a data set that approximates the data from the MIA questions. Sim 4 used a
dataset with the same distribution as Sim 3 for the A and R questions, but a different
correlation structure across Parts A and B.

tests, rejects the null hypothesis too often, approximately 11% of the time, in Sim
1 and Sim 2. The two McNemar exact tests, the pairwise within subject tests, are
also not Type 1 error robust as they do not reject the null often enough in this case.
Of the remaining two tests for Weak SIC, the Derrick et al. (2015) test has a higher
power (probability of rejecting the null when the null is false) in both Sim 3 and Sim
4 than the between subject test of R vs B. Our simulations here complement the
results of the simulations contained in Derrick et al. (2015), and we agree with their
conclusion to use their test.

B.2 Sample sizes in prior experiments

Between subject binary choice statistical tests are notoriously low powered. Our
between subject tests do, however, have substantially better power than the tests for
IC in most of the previous literature. Our sample size in the Part B vs Part S tests, of
approximately 125 subjects in each treatment, allows us to detect a minimum effect
size of approximately 10 to 17 percentage points at 80% power (we can detect smaller
effect sizes in the Cer question which has more extreme data than the MIA question
which has data closer to the middle of the unit interval). The comparison of sample
sizes across studies in Table A7 ranks us as one of the highest powered studies. Many
of the previous studies have large aggregate sample sizes (often many hundreds of
subjects), but are also testing incentive compatibility across many different questions
which reduces the sample size per question. This reflects a fundamental tension
in testing for the incentive compatibility of the RIS: testing for IC across multiple
questions generates a richer and more nuanced data set, at the cost of the statistical
power of each individual test.
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Study
N per Treatment/ Comments
Question

Current Study ∼ 125 Within and between subject treatments

Brown and Healy (2018) 60

Baillon et al. (2022) 84-89 Main study

Freeman et al. (2019) 20-49 Pools similar treatments

Cox et al. (2015) 40-46

Cubitt et al. (1998) 38-62

Beattie and Loomes (1997) 50

Camerer (1989) 80 Within-subject, pooled across questions

Freeman and Mayraz (2019) 120 Similar power to current paper

Harrison and Swarthout (2014) 75 single-choice treatment

Baltussen et al. (2012) 88-97 Dynamic task

Aoyama and Hanaki (2021) 95-97

Aoyama and Hanaki (2024) ∼ 200 Within subject, two week delay

Table A7: Comparison of sample sizes in previous studies. All comparisons are
between subject unless noted.
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