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ABSTRACT

The Allais common ratio effect is one of the most robust violations of rational decision making under risk. In this paper, we conduct a novel
test of the common ratio effect in which we elicit preferences for the common ratio choice alternatives in choice, pricing, and happiness rating
tasks. We find large shifts in preference patterns across tasks, both within and between subjects. In particular, we find that both the consistency
and distribution of responses differ systematically across tasks, with modal choices replicating the Allais preference pattern, modal happiness
ratings exhibiting consistent risk aversion, and modal prices maximizing expected value. We discuss the predictions of various cognitive ex-
planations of the common ratio effect in the context of our experiment. We find that a dual process framework provides the most complete
account of our results. Surprisingly, we also find that although the Allais pattern was the modal behavior in the choice task, none of the
158 respondents in our experiment exhibited the Allais pattern simultaneously in choice, happiness, and pricing tasks. Our results constitute
a new paradox for the leading theories of choice under risk. Copyright © 2017 John Wiley & Sons, Ltd.
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INTRODUCTION

The Allais common ratio effect (Allais, 1953) is widely
regarded as one of the most robust empirical violations of
rational decision making under risk. As the effect was intro-
duced by Allais (1953) and popularized by Kahneman and
Tversky (1979), it has been replicated in numerous studies
(e.g., Ballinger & Wilcox, 1997; Barron & Erev, 2003;
Baucells & Heukamp, 2010; Loomes & Sugden, 1998)1

and has served as a motivating example for many models
of choice under risk including prospect theory (Kahneman
& Tversky, 1979), regret theory (Loomes & Sugden, 1982),
similarity theory (Leland, 1994; Rubinstein, 1988), and
salience theory (Bordalo, Gennaioli, & Shleifer, 2012).

Despite the widespread observation of the common ratio
effect when experimental subjects provide choices between
lotteries, the effect has surprisingly not been investigated
for its robustness in other response modes such as monetary
valuation (pricing) tasks or happiness rating tasks. In this pa-
per, we test for the common ratio effect in choice, happiness
rating, and pricing tasks, motivated by the possibility that
different response modes may help us to better understand
the processes that generate the common ratio effect.

In the context of our study, alternative explanations of the
common ratio effect fall into three classes of models: (i)
procedure-invariant models (e.g., Kahneman & Tversky,
1979; Tversky & Kahneman, 1992), which predict the same
choice pattern across response modes; (ii) comparative

models (e.g., Bell, 1982; Bordalo et al., 2012; Leland,
1994; Loomes & Sugden, 1982; Rubinstein, 1988), which
predict that preferences can depend on joint versus separate
evaluation of choice alternatives, but do not provide predic-
tions for how choices might vary across response modes;
and (iii) dual process models (Mukherjee, 2010; Schneider
& Coulter, 2015), which predict that tasks that systematically
elicit different processes will produce systematically differ-
ent preferences. We distinguish among these different expla-
nations by eliciting preferences through three tasks. In
addition to the traditional joint evaluation of choices, we
examine two distinct measures of separate evaluation of al-
ternatives: pricing, which asks subjects to monetarily value
each alternative, and happiness ratings, which asks subjects
for a subjective assessment for each alternative. We find that
the dual process evaluability framework (DPEF) of
Schneider and Coulter provides the most complete account
of our results and predicts the modal preference patterns
across tasks.

We proceed by first reviewing the common ratio effect
and a number of its leading explanations. We then introduce
our experiment, present and discuss both the aggregate and
within-subject results, and conclude with a discussion of
the ability of different theories to explain our results.

THE ALLAIS COMMON RATIO EFFECT

Virtually every alternative to expected utility theory—the
standard model of rational decision making under risk—de-
veloped since prospect theory (Kahneman & Tversky,
1979) provides an explanation for the common ratio effect.
Indeed, the effect poses a minimum standard for alternative
theories of decision making. Consider the most famous ver-
sion of the effect due to Kahneman and Tversky (1979) in
which a decision maker is given two choice problems:

1But see Blavatskyy (2010), who observed that the common ratio effect re-
verses under some parameter values.
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Problem 1
Option A Receive $4000 with probability .8 (and $0 with
probability .2)

Option B Receive $3000 with certainty

Problem 2
Option A0 Receive $4000 with probability .20 (and $0
with probability .8)

Option B0 Receive $3000 with probability .25 (and $0
with probability .75)

The options in Problem 2 are obtained by mixing each op-
tion in Problem 1 with a .75 probability of receiving $0. That
is, the probability of receiving a positive sum in Problem 2 is
exactly one-fourth of the probability in Problem 1. As mixing
two lotteries with the same common lottery should not (per
expected utility theory) change a person’s preference rank-
ing, the only strict preference patterns consistent with the
rational choice theory are (A and A0) and (B and B0). Yet,
(B and A0) is a robust modal choice pattern (Allais, 1953;
Kahneman & Tversky, 1979).

A number of qualitatively different psychological expla-
nations of the common ratio effect have been advanced,
including non-linear probability weighting (Kahneman &
Tversky, 1979; Tversky & Kahneman, 1992), regret aversion
(Bell, 1982; Loomes & Sugden, 1982), reliance on similarity
judgments (Leland, 1994; Rubinstein, 1988) or salience
perceptions (Bordalo et al., 2012), and dual system models
(DSMs; Mukherjee, 2010; Schneider & Coulter, 2015). We
briefly review how each of these approaches predicts the
preferences for B and A0 in the choice task and then discuss
the predictions of each approach in the tasks in our study.
The predictions of these theories across the tasks in our
experiment are summarized in Table 1.

Under the probability weighting explanation, people sys-
tematically underweight high probabilities and overweight
low probabilities (Kahneman & Tversky, 1979).2 This ap-
proach explains the common ratio effect if (i) the 80%
chance of $4000 is underweighted such that the perceived
(distorted) probability is less than .80 and (ii) the 20% chance

of $4000 is overweighted such that the perceived probability
of .20 is closer to .25.

An emotion-based account of the common ratio effect is
given by regret theory. A decision maker may anticipate
regretting the choice of an 80% chance of $4000 if she or
he receives $0 when she or he could have obtained $3000
with certainty. However, in Problem 2, there is no certain
money left on the table, and so regret plays less of a role in
this choice.

Rubinstein (1988) and Leland (1994) offer explanations
of the common ratio effect on the basis of similarity judg-
ments. For instance, Rubinstein argues that a decision maker
essentially ignores similar attributes across alternatives and
bases her or his choices on the less similar attribute dimen-
sion. In Problem 1, the decision maker may view $3000
and $4000 to be more similar than the difference between
an 80% chance and a 100% chance of winning. The decision
maker then chooses the option that performs better on the
less similar dimension (Option B). In Problem 2, however,
the decision maker views probabilities of .20 and .25 to be
more similar than the difference between $4000 and $3000,
and so the decision maker chooses the option that performs
better on the payoff dimension (Option A0).

Related to the idea of underweighting attributes with sim-
ilar values, Bordalo et al. (2012) propose a salience-based
model of decision making in which people focus on attri-
butes with large differences in values. In Problem 1, the fact
that one option is risky and the other option is certain is sa-
lient in the mind of the decision maker, producing a choice
for the certain Option B. In Problem 2, the difference between
$4000 and $3000 is more salient than the 5% difference in
the probability of winning, producing a choice for Option A0.

A class of models that explains the common ratio effect
by a very different means is the class of dual system theories
of affect and cognition. In particular, we consider
Mukherjee’s (2010) Dual System Model (DSM) of choice
under risk, and the more recent Dual Process Evaluability
Framework (DPEF) of Schneider and Coulter (2015). In
Mukherjee’s DSM, the value of a lottery is determined by a
weighted average of the values assigned to the lottery by an
affective system and a deliberative system. Mukherjee
assumes that the affective system has a concave value func-
tion for gains and assigns a weight of 1/n to each outcome,
where n is the number of possible outcomes in the given
lottery. Mukherjee also assumes that the deliberative system
maximizes expected monetary value. If the weight on the
affective system is sufficiently high, the DSM predicts a
preference for Option B in Problem 1. In Problem 2, the
DSM predicts the choice of A0 regardless of the weight on

2More precisely, under cumulative prospect theory (Tversky & Kahneman,
1992), the probability weighting function exhibits a property called
subproportionality, in which the ratio of probability weights decreases when
both are scaled down by a common factor.

Table 1. Predictions of cognitive explanations of the common ratio effect across tasks

Explanation Choice task prediction Pricing task prediction Happiness prediction

Probability weighting BA0 BA0 BA0
Regret aversion BA0 Same pattern in pricing and happiness tasks
Similarity judgments BA0 Same pattern in pricing and happiness tasks
Salience perception BA0 Same pattern in pricing and happiness tasks
Dual system model BA0 AA0 BA0
Dual process evaluability BA0 AA0 BB0
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the affective system because the affective system is assumed
to transform these choices into a decision between a 50%
chance of $4000 (and $0 otherwise) or a 50% chance of
$3000 (and $0 otherwise). As Option A0 has a higher
expected value than B0, both the affective system and the
deliberative system are assumed to value Option A0 higher
than B0, thereby explaining the common ratio effect.

The DPEF of Schneider and Coulter (2015) integrates two
streams of literature in judgment and decision making—the
literature on evaluability theory and the literature on dual
process models. It assumes the existence of two valuation
processes that a decision maker may rely on: valuation by
feeling and valuation by calculation (Hsee & Rottenstreich,
2004). Valuation by calculation maximizes expected value,
while valuation by feeling is risk averse, consistent with
Mukherjee’s assumption that the value function of the affec-
tive system is concave. In contrast to Mukherjee, DPEF
assumes that choices are typically governed by one particular
valuation process (feeling or calculation), and that the rela-
tive dominance of these processes depends on properties of
the choice set (whether alternatives differ categorically or
incrementally) and on the response mode (whether the task
makes evaluation of the alternatives easy or difficult).
Following Hsee and Zhang (2010), Schneider and Coulter
assume that categorical differences (e.g., risk vs. no risk)
are easier to evaluate than incremental differences (e.g.,
small changes in the degree of risk). They link evaluability
theory to dual process theory by assuming that when evalua-
tion is easy, people systematically rely on valuation by
feeling, but when evaluation is difficult, risk-neutral calcula-
tion is relied on to make the decision.

For a choice task, the alternatives in Problem 1 differ
categorically in that Option A involves risk but Option B
does not. Hence, DPEF predicts that evaluation is easy and
that the choice is governed by valuation by feeling which is
risk averse, leading to the selection of the safer Option B.
However, in Problem 2, the alternatives differ incrementally
(probabilities are .20 and .25) in which case evaluation is
more difficult and DPEF predicts valuation by calculation
to dominate. As valuation by calculation maximizes expected
value, DPEF predicts the choice of the option with the higher
expected value (Option A0) in Problem 2.

Testing among the various explanations for the common
ratio effect in a standard choice task is not diagnostic because
all of these explanations make the same predictions. Our
approach is to test among the theories across response
modes. Explanations based on probability weighting are
context independent, predicting the same choices regardless
of how the problem is framed or how preferences are elicited.
Models based on regret aversion, similarity judgments, or
salience perceptions do not make clear predictions for how
individual evaluation of alternatives will differ between
pricing and rating tasks, at least not without additional ad
hoc assumptions. For instance, salience theory (Bordalo
et al., 2012) explains reversals between choice and pricing
tasks based on the presentation mode, not based on the
response mode. Bordalo et al. comment: “In our model,
choosing and pricing are the same operation” (p. 1273). In
order to explain preference reversals between choice and

pricing tasks, the authors make the assumption that if a
salience-based agent “is asked to price a lottery in isolation,
this approach suggests that he evaluates it together with the
alternative of not having the lottery, namely, having zero
for sure” (p. 1271). While Bordalo et al. (2012) do not
consider ratings, if one makes the analogous assumption that
a lottery rated in isolation is compared with having zero for
sure, then the salience-based model predicts the same prefer-
ence ranking for pricing and for rating.

The main feature of similarity theory, salience theory,
and regret theory is that they are comparative models. Thus,
it seems plausible and even natural within these frameworks
that they predict reversals between joint and separate evalu-
ations, as changing the presentation mode (joint vs.
separate) changes what is being compared (e.g., comparing
the two lotteries directly or comparing each lottery to
having $0 for sure). As in the case of the salience models,
the similarity and regret models also require additional ad
hoc assumptions not present in the basic principles of these
frameworks in order to explain differences in pricing and
rating tasks. For this reason, we indicate in Table 1 that
these approaches make the same prediction for rating and
pricing tasks under the same evaluation mode, as there is
no a priori implication in these frameworks that suggests
that preferences in these cases will differ.

Regarding the other predictions in Table 1, probability
weighting models such as prospect theory or rank-
dependent utility theory (Quiggin, 1982) make the same
prediction independent of the response mode and presenta-
tion mode and so cannot explain preference reversals
between choice and pricing tasks (Bordalo et al., 2012) or
between these tasks and rating tasks. Dual process models
seem to more clearly predict differences between pricing
and happiness ratings to the extent that these response
modes elicit different psychological processes (with pricing
being more cognitive or calculation based and happiness
ratings being more affective). The differences in prediction
between the DSM and the DPEF are not in which process
governs happiness rating or pricing but rather what behavior
is predicted by the affective process. Both dual process
models predict the calculation-based processes to maximize
expected value, but the DSM predicts affective processes to
yield the common ratio effect, whereas the DPEF predicts
affective processes to produce consistent risk aversion.
More precisely, Mukherjee’s DSM predicts a shift in behav-
ior toward expected value maximization for tasks that
systematically involve logical or calculation-based
processes. Hence, if pricing tasks involve more “calcula-
tion” than choice tasks, the DSM predicts more expected
value maximizing behavior if the alternatives are priced in
isolation, as compared with choice tasks. If the response
mode systematically elicits more affective or emotional
processing, the DSM predicts the common ratio effect to
be observed. For instance, if an emoticon or “happiness”
scale induces more affective processing than a choice task,
the DSM predicts the choice of B, in Problem 1 (as the
affective system weights Option A by .5, not by .8 in the
DSM) and the choice of A0 in Problem 2 (as the affective
system weights both options by .5).
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Under DPEF, behavior is predicted to shift toward
expected value maximization in tasks that involve more
calculation (similar to the prediction of the DSM), leading
to the preferences of A and A0 in the pricing task. However,
in tasks that elicit more feeling-based processing, DPEF
predicts consistent risk-averse behavior and thus predicts
preferences of B and B0 in the happiness task. DPEF is the
only theory considered that predicts different consistent
choices in each of the separate evaluation response modes
(as each induces a specific processing frame). A summary
of the dominant process and choice pattern predicted by
DPEF for each task is provided in Table 2.

EXPERIMENTAL DESIGN

Participants
A convenience sample of 158 undergraduate students at a
large public New England university participated in an
online survey. Participants were recruited through a daily
e-mail bulletin sent to all undergraduate students in which
they were asked to participate in a decision-making study
requiring less than 15 minutes of their time. The sample
consisted of all students who responded during a 3-week
period at the end of the Spring 2014 semester. Three partici-
pants were randomly selected to receive a $25 gift card to the
university store.

Design
The experiment involved three basic tasks for each subject:
(i) a choice task in which subjects choose between options
A and B and between options A0 and B0; (ii) a pricing task
in which subjects stated the minimum price at which they
would sell each of the four options, evaluated in isolation;
and (iii) a happiness rating task in which subjects rated each
of the four lotteries in isolation on a happiness scale by
selecting a point on a scale with endpoints of very sad and
very happy emoticons. A point is selected for each of the four
lotteries, where each point corresponds to a number
reflecting that point’s proximity to the happy emoticon
(higher numbers correspond to more positive feelings). We
can then rank the points assigned to the lotteries to observe
which lotteries made people “happier.”

One might view the fact that the choice task involved joint
evaluation of alternatives but the pricing and happiness tasks
involved separate evaluation as a confound, but we view the
choice task as a control—to confirm that we observe the stan-
dard common ratio pattern where it is usually observed. We
believe that the most interesting (and most diagnostic)

comparisons are between behavior in the pricing and happi-
ness tasks where alternatives are evaluated in isolation.

It is possible for subjects to be indifferent between two
options in a pricing task (if the options are assigned the same
price) or in a happiness task (if the options are assigned the
same rating), but not in a choice task where subjects can only
select one of the two options. We therefore employed two
variants of the choice task, one without an indifference
option and one in which subjects could express indifference
between the two options.

We also employed two variants of the happiness task—
one with a coarse rating scale and the other with a fine-
grained scale. Emoticon scales avoid words that can anchor
or bias ratings (Friedman & Amoo, 1999). The coarse-
grained scale was a 5-point scale. A 5-point emoticon scale
was also used by Shampanier, Mazar, and Ariely (2007) to
gauge subjects’ feelings about the value of free products.
However, the 5-point scale is prone to overestimating the
proportion of “indifference” responses owing to generating
a potentially large number of ties in the ratings for two
options. To reduce the number of ties, we also employed a
fine-grained scale in which participants could slide a bar with
the same endpoints of a very sad and very happy emoticon
used in the coarse scale to express their rating of each alter-
native. The bar’s location was captured using a discretization
of 2000 points. Screenshots of experimental tasks are
provided in Appendix A.

Procedure
Each participant completed a choice task, a happiness task,
and a pricing task. The order of tasks was randomized, and
filler questions were used between tasks. The filler questions
between the first pair of tasks were the three questions in the
cognitive reflection test (CRT) of Frederick (2005). The filler
question between the second pair of tasks was the “count-
the-F’s” question studied by Rubinstein (2013). Respondents
were randomly assigned either the choice task with an indif-
ference option or the choice task with no indifference option.
Respondents were also randomly assigned to either the
coarse-grained happiness task or the fine-grained happiness
task. The order in which the alternatives appeared on the
screen was also randomized in the choice task. Finally,
within each task, the order of the two problems (for the
choice task) and the order of the four alternatives (for both
the pricing and happiness tasks) were randomized. For each
task, response time was recorded to the nearest second.

In the instructions, subjects were informed, “You will be
provided with several decision making problems. Please
answer each question as honestly as possible.” For the choice
task, subjects were instructed, “Please select your preferred

Table 2. Predictions of the dual process evaluability framework across tasks

Task Valuation process Predicted choices

Happiness ratings Valuation by feeling Risk aversion (BA0)
Choice task, Problem 1 Valuation by feeling Risk aversion (B)
Choice task, Problem 2 Valuation by calculation Expected value maximization (A0)
Pricing task Valuation by calculation Expected value maximization (AA0)
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option from the two alternatives listed below.” In the happi-
ness task, subjects were instructed, “Please indicate your
feelings about the offer below by selecting a point between
the two pictures below,” where the pictures were images of
sad and happy emoticons. In the pricing task, subjects were
provided with each of the four alternatives in isolation and
instructed “Suppose you have an 80% chance of winning
$4,000” (with analogous text used for the other lotteries).
Participants were then asked to state the minimum price at
which they would sell this opportunity.

RESULTS BETWEEN SUBJECTS

The distributions of response patterns for all 158 subjects
across tasks are displayed in Table 3. Subjects are catego-
rized by the four strict preference patterns or by the number
of ties in evaluations. The distributions are strikingly differ-
ent, with the modal strict preference patterns replicating the
Allais common ratio effect in the choice task but revealing
consistent risk aversion in the happiness task and consistent
expected value maximization in the pricing task. The right-
most column in Table 3 labeled “% Consistent” shows the
percent of subjects whose responses were consistent with
the rational choice theory for each task, either (A and A0),
or (B and B0), or indifference for both pairs of options. Indif-
ference for one pair of alternatives and a strict preference
ranking for the other are technically inconsistent with the
rational choice theory. The pricing task and the coarse happi-
ness task each displayed a large number of indifferences as
shown in the “tie” columns in Table 3. If ties are counted
as indifferences, then over 40% of responses in the coarse
happiness task and over half of the responses in the pricing
task were inconsistent with expected utility theory. However,
for the coarse scale in particular, ties likely reflect insufficient
precision in measuring preferences rather than true indiffer-
ences as that scale has only five points of discretization. In
this respect, note that the large number of indifferences
observed under the coarse rating scale was not resolved
randomly under the fine-grained scale but rather shifted
almost entirely in favor of the less risky alternatives (B and
B0). This suggests that that ties in coarse happiness ratings
represent not indifference but instead differences too small
to be picked up by a 5-point scale. Remarkably, over 85%
of subjects in the fine-grained happiness task exhibited
consistent preferences, nearly twice as high a percentage as
in the choice task.

Our main result is the large shifts in subject-level prefer-
ences in the common ratio effect across tasks. Regardless
of the precise ratings and prices assigned by subjects, we
observe a very consistent shift in subject-level preferences
with modal choices replicating the Allais paradox, modal
happiness ratings producing consistent risk aversion, and
modal prices consistent with expected value maximization.
We include the precise mean and median ratings and valua-
tions for each of the four alternatives (A, B, A0, and B0) as
a general description of the data in Table 4.3 However, we
emphasize that the main sources of support for our conclu-
sions are the large and systematic shifts in subject-level
responses, not the aggregate values in Table 4.

For the data summarized in Table 4, the median valuation
for each alternative in the pricing task is equal to that alterna-
tive’s expected value. In addition, while the median
responses to both happiness tasks may suggest that respon-
dents did not see alternatives A0 and B0 as very different,

3Table 4 displays the pricing data for the 103 subjects in our experiment who
did not value the lottery more than its maximum possible outcome or less
than its worst possible outcome, consistent with the internality axiom
(Gneezy, List, & Wu, 2006), and who assigned a price greater than zero to
all four lotteries, viewing these as basic criteria for quality responses to the
open-ended pricing task. Our results are robust to including the additional
55 subjects who violated at least one of these criteria in at least one case,
and we observe qualitatively similar responses to those in Table 4 (but with
lower mean prices and larger price standard deviations) when including
them.

Table 4. Summary statistics for happiness and pricing tasks

Option A
$4000, .8

Option B
$3000, 1

Option A0
$4000, .20

Option B
$3000, .25

Happiness (coarse)
Median rating 4 5 3 3
Mean rating 4.43 4.90 3.02 3.33
Standard
deviation

0.57 0.48 1.08 0.97

Happiness (fine)
Median rating 1836 2000 1500 1515
Mean rating 1799 1956 1451 1507
Standard
deviation

158 113 270 256

Pricinga

Median price 3200 3000 800 750
Mean price 2925 3000 891 881
Standard
deviation

788 0 699 520

aMean prices and standard deviations of prices are rounded to the nearest
dollar.

Table 3. Distribution of responses

Task RA (B, B0) EV (A, A0) CR (B, A0) RCR (A, B0) One tie Two ties N % Consistent

Choice without indifference 28 7 42 2 N/A N/A 79 44.3
Choice with indifference 25 5 33 2 12 2 79 40.5
Happiness (coarse) 18 0 2 0 33 31 84 58.3
Happiness (fine) 57 2 5 2 3 5 74 86.4
Pricing 19 45 22 14 54 4 158 43.0

RA, risk aversion (B, B0); EV, expected value maximization (A, A
0
); CR, common ratio pattern (B, A

0
); RCR, reverse common ratio pattern (A, B0); N, number

of subjects assigned to each task; % Consistent, the proportion of subjects in each task who exhibited preference patterns RA, EV, or two ties.
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79% of all respondents to the fine-grained happiness scale
rated B0 higher than A0. While the preference ranking over
all four options implied by median happiness ratings is the
same as the preference ranking implied by mean happiness
ratings, there is a difference in implied preference rankings
in the pricing task. In particular, the median subject priced
option A higher than B, but the mean price assigned to A is
less than $3000. An exploratory analysis of the data sug-
gests outliers are partially responsible for this difference.
Removing the bottom 10% and top 10% of observations
from the data in Table 4 reverses this ranking with a mean
of $3018 assigned to A and $3000 assigned to B. In addi-
tion, it is still the case that pricing A higher than B and A0

higher than B0 is the modal response pattern in the pricing
task. There is also a clear shift in responses under the pric-
ing task, with 12 of 158 subjects displaying the expected
value maximizing preference ranking in the choice task, 2
of 158 subjects revealing this ranking in either of the happi-
ness tasks, and 45 subjects displaying this preference rank-
ing in the pricing task.

Distribution of strict preference patterns
We refer to a preference pattern as strict if it does not include
a tie between either pair of options. Figure 1 displays the
distribution of strict preference patterns (as a proportion of
all strict preferences) for the happiness task with the fine-
grained scale, the choice task with an indifference option,
and the monetary valuation (pricing) task. As can be seen
from Figure 1, the distribution of response patterns differs
remarkably across different tasks. The overwhelming pattern
(86.3% of all strict preferences) in the happiness task was in
favor of the risk-averse alternatives (B and B0). The modal
pattern (50.7%) in the choice task was the Allais common
ratio pattern (B and A0) observed by Kahneman and Tversky
(1979). In the pricing task, the modal response pattern (45%)
corresponded to the alternatives that maximize expected
value (A and A0).

In Figure 1, differences between choices and prices are
highly significant both for the modal preference pattern for
choices and for the modal preference pattern for prices (both

p< . 001, two-tailed Z difference in proportions test). Com-
parisons between choices and happiness ratings are also
highly significant both for the modal pattern for choices
and for the modal pattern for happiness ratings (both
p< . 001, two-tailed Z difference in proportions test). In ad-
dition, comparisons between prices and happiness ratings
are highly significant both for the modal pattern for prices
and for the modal pattern for happiness ratings (both
p< . 001, two-tailed Z difference in proportions test).

WITHIN-SUBJECT DIFFERENCES ACROSS
RESPONSE MODES

The design of the experiment enables us to also make infer-
ences within subjects across choice, pricing, and happiness
tasks. The DPEF of Schneider and Coulter (2015) predicts
that valuation by feeling predominates over happiness rating
tasks and that valuation by calculation predominates over
pricing tasks. This implies a specific pattern of response
mode reversals. Specifically, DPEF predicts risk-averse pref-
erences for the happiness tasks, expected value maximization
for the pricing tasks, and the Allais common ratio pattern for
the choice task.

Table 5 displays modal response patterns across pairs of
response modes. In each case, the modal response pattern
was the one predicted by DPEF. Table 5 also includes the
proportion of respondents exhibiting each modal response
pattern out of all preference patterns for a given pair of tasks.
In each case, the modal response pattern captured at least
35% of all preference patterns. Further, four of the six modal
response patterns involved preference reversals within
subjects.

We also briefly consider within-subject responses across
all three tasks simultaneously. This allows for 729 different
response patterns when ties are considered,4 and no one re-
sponse pattern dominated by a large margin. The modal

4There are nine response patterns (AA0; BB0; AB0; BA0; A, tie; B, tie; A0, tie;
B0, tie; tie, tie) that may be observed for each of the three tasks.

Figure 1. Distribution of strict preference patterns observed in the experiment
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response pattern, however, was the one predicted by DPEF,
with 11 subjects who replicated the Allais pattern in the
choice task, maximized expected value in the pricing task,
and exhibited consistent risk aversion in the happiness task.
In contrast, consistent risk aversion across all three tasks
was observed by only three subjects. Surprisingly, none of
the 158 respondents in our experiment displayed the Allais
preference pattern simultaneously in choice, pricing, and
happiness tasks.

Finally, as an exploratory analysis, we examined the corre-
lations within and between response modes. Both prices for
each pair of alternatives are highly correlated (correlation
coefficient between prices for A and B is .430, p < .001;
correlation between prices for A0 and B0 is .452, p < .001)
as are happiness ratings for each pair of alternatives (correla-
tion between fine happiness scale ratings for A and B is .440,
p < .001; correlation between fine happiness scale ratings for
A0 and B0 is .9408, p < .001), suggesting that people who
value one option higher value other options higher, and
similarly for happiness ratings. However, prices and happi-
ness ratings, even for the same alternative, appear uncorre-
lated (the correlation between prices and happiness ratings
for A is .077, p = .515; for B, .087, p = .464; for A0,
�0.188, p = .109; for B0, �0.010, p = .935). This result is
consistent with the idea that subjects approach the two tasks
very differently. That is, happiness is not merely a proxy for
price (or vice versa), even though responses are provided by
the same subjects for the same alternatives in the same survey.

Data from cognitive reflection questions
To examine what may account for differences between
subjects, the three common ratio tasks were separated by
filler questions including the three-question CRT (Frederick,
2005). These questions are shown in the screen shots in
Appendix A along with an additional filler question that
was used (the “Count-the-F’s” question in Rubinstein,
2013). The average score on the three-question CRT was
1.55 with a standard deviation of 1.16. As the CRT is
designed to measure a person’s natural tendency to use
intuitive versus rational processes (Frederick, 2005), we use
this measure to understand the relative importance of natural
tendencies and the prompting implied in different response
modes and its relation to the consistency of subject
responses.

For purposes of evaluation, the subjects were divided into
high and low CRT groups. Subjects with CRT scores of 0 or

1 were assigned to the low CRT group. All others, with
scores of 2 or 3, were assigned to the high CRT group.
Table 6 displays the consistency of responses both within
and across tasks for the two CRT groups. Choices are consis-
tent within a task when subjects respond either AA0, or BB0,
or a tie for both pairs of alternatives. Responses are consis-
tent across tasks, for a given pair of tasks, when the same
preference pattern was revealed in both tasks. While both
high and low CRT subjects displayed moderate to high levels
of consistency within a given task, both groups also
exhibited substantial preference reversals across response
modes. Results of this comparison show that none of the
six comparisons in Table 6 are statistically significant,
suggesting that the preference reversals are not driven by a
subject’s degree of cognitive reflection.

HOW DO WE KNOW IF THE PROCESS IS REALLY
FEELING OR CALCULATION?

We observe that the distribution of response patterns differs
systematically across tasks for the same set of alternatives
evaluated by the same subjects in the same survey. This
suggests that different decision processes are engaged across
tasks. We do not claim that our results confirm the underly-
ing processes are feeling or calculation based, but our results

Table 6. Consistency of responses for high and low cognitive
reflection subjectsa

Proportion consistent
within tasksa Choice

Happiness
(fine scale) Pricing

High CRT 0.432 0.921 0.481
Low CRT 0.416 0.806 0.377

Proportion consistent
across tasksb

Choice vs.
Pricing

Choice vs.
Happiness

Pricing vs.
Happiness

High CRT 0.185 0.395 0.053
Low CRT 0.208 0.333 0.111

The high cognitive reflection test (CRT) group includes all participants who
scored a 2 or 3 (N = 81 for Choice, Pricing, and Choice vs. Pricing; N = 38
for fine happiness, choice vs. happiness, and pricing vs. happiness) on the
CRT. The low CRT group includes all subjects who scored a 0 or 1
(N = 77 for Choice, Pricing, and Choice vs. Pricing; N = 36 for fine happi-
ness, choice vs. happiness, and pricing vs. happiness) on the CRT.
aResponses are consistent within a task if they are either AA0, or BB0, or a tie
for both pairs.
bResponses are consistent across tasks if, for a given subject and a given pair
of tasks, the same preference pattern is revealed in both tasks.

Table 5. Within-subject modal response patternsa

Response modes Choice set Modal response Proportionb N Total

Choice vs. Pricing Problem 1 B (Choice), A (Pricing) 0.411 65 158
Choice vs. Pricing Problem 2 A0 (Choice), A0 (Pricing) 0.373 59 158
Choice vs. Happiness Problem 1 B (Choice), B (Happiness) 0.810 60 74
Choice vs. Happiness Problem 2 A0 (Choice), B0 (Happiness) 0.378 28 74
Happiness vs. Pricing Problem 1 B (Happiness), A (Pricing) 0.378 28 74
Happiness vs. Pricing Problem 2 B0 (Happiness), A0 (Pricing) 0.351 26 74

aThe happiness response mode corresponds to the happiness task with the fine-grained scale.
bThis column displays the proportion of respondents exhibiting the modal response pattern (N) out of all response patterns (Total) for a given pair of tasks and a
given choice set.
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appear to be supportive of this hypothesis. In this section, we
consider two other factors that may be used to infer shifts in
feeling-based processing versus calculation-based process-
ing: expected value calculations and response time.

By simply counting the number of subjects who priced all
four lotteries at their expected values, we can observe
whether at least some respondents were unambiguously “cal-
culating” in the pricing task. In this regard, 22 respondents
priced all four lotteries at exactly their expected values, and
this was both the modal and median response patterns in
the pricing task.

A second factor that may provide some insight into the
underlying process is the response time, both within and
across tasks, because feeling-based processes generally oper-
ate more quickly than calculation-based processes. Our hy-
pothesis was that response times would be shortest for
happiness ratings and longest for the pricing task, consistent
with feeling-based processes operating in the former and
more calculation-based processes operating in the latter. Re-
sponse times were recorded to the nearest second in the on-
line survey. Table 7 displays the median and average
response times for each task. Average response times were
all between 7.5 and 10.5 seconds for rating each alternative
in the happiness task and were all between 18 and 22 seconds
for valuing each alternative in the pricing task. This is consis-
tent with the hypothesis that a common process was used in
all happiness tasks and that a common process was used in
all pricing tasks, but that different processes were used for
happiness and pricing tasks. Indeed, it is striking that the av-
erage response time for the pricing task was approximately
twice as long as the average response time for the happiness
task when evaluating each of the four alternatives. Each hap-
piness task had a distribution of response times that was sig-
nificantly faster than the corresponding pricing task
(p < .001, two-tailed Wilcoxon signed-rank test).

The choice task revealed more heterogeneity in
response times, but in a systematic way: the average
response times for respondents who chose the expected
value maximizing options were longer than for respondents
who chose the risk-averse options. In particular, average
response times were 17.65 seconds (in Choice 1) and

14.84 seconds (in Choice 2) for subjects choosing the
expected value maximizing options and were 10.81 seconds
(in Choice 1) and 11.33 seconds (in Choice 2) for subjects
choosing the risk-averse options, which are closer to the
average response times for the happiness tasks. The
response time data (to the extent that it reflects subjects’
decision-making processes) is roughly consistent with the
DPEF hypotheses about the relative dominance of feeling
versus calculation across tasks. However, mean and
median response times for the expected value maximizing
choice in Problem 2 were closer to the mean and median
response times in the happiness rating task than in the
pricing task, contrary to the prediction that this choice
involved calculation-based processes for a majority of
subjects. In addition, the standard deviations in response
times were fairly large, reflecting a large degree of hetero-
geneity in response times.

For the choice task, DPEF predicts that response times
will be shorter for Problem 1 than for Problem 2, as Problem
2 is predicted to involve more calculation-based processing.
This prediction is supported by the data with response times
in the choice task being significantly quicker for Problem 1
(p < .001, two-tailed Wilcoxon signed-rank test). In addi-
tion, DPEF also predicts that choice task response times
should not be different from the happiness response times
to Problem 1 (if both tasks involve feeling), and should not
be different from the pricing response times to Problem 2
(if both tasks involve calculation). We do not find strong
support for this prediction. While choice task response times
in Problem 1 were not significantly different from the happi-
ness response times to option A, the choice task response
times were significantly different from the happiness
response times to option B (p < .001, two-tailed Wilcoxon
signed-rank test). Moreover, the choice task response times
in Problem 2 were significantly faster than each of the pricing
response times (p < .001, two-tailed Wilcoxon signed-rank
test). These results are roughly consistent with there being
a continuum of processes ranging from more automatic to
more effortful, in which response times are faster for happi-
ness than for choice tasks, and are faster for choice tasks than
for pricing tasks.

Table 7. Response times across tasks (seconds)a,b

Task A ($4000, .8) B ($3000, 1) A0 ($4000, .2) B0 ($3000, .25)

Happiness
Median 7 6 7 7
Mean 10.42 7.53 9.57 9.92
Standard deviation 9.86 5.17 7.06 8.35

Choice
Median 17 8 10 9
Mean 17.65 10.81 14.84 11.33
Standard deviation 10.97 8.97 13.88 5.40

Pricing
Median 16 16 16 14
Mean 20.63 21.77 21.82 18.83
Standard deviation 14.23 15.76 14.93 14.42

aResponse times were recorded to the nearest second. Response times greater than 1 minute were truncated to 1 minute to reduce the influence of outliers without
skewing the results. Their inclusion does not change any of the medians by more than 1 second, but it inflates the means and standard deviations.
bThe choice response times are for the respondents who chose the corresponding option. The happiness rating and pricing response times are computed across all
respondents for each option. This table pools the response times for both happiness tasks and the response times for both choice tasks.
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Discussion
In our test of the Allais common ratio effect in choice, pric-
ing, and happiness rating tasks, we observed large and sys-
tematic shifts in subject-level preferences across tasks with
modal choices replicating the Allais paradox, modal prices
producing consistent expected value maximization, and
modal happiness ratings producing consistent risk aversion.
This distribution of response patterns (summarized in
Figure 1) presents a new paradox for theories of choice under
risk. As many normative and descriptive models of decision
making are procedure invariant, including expected utility
theory, rank-dependent utility theory, and cumulative pros-
pect theory (Tversky & Kahneman, 1992), these models pre-
dict that a given decision maker will have the same
preference ordering revealed under each of the three response
modes. As can be seen from Figure 1, the prediction of the
same preference pattern across tasks is strongly rejected.
Moreover, although the probability weighting explanation
as formalized by rank-dependent utility and cumulative pros-
pect theory is the dominant explanation of the common ratio
effect in the literature, none of our 158 subjects exhibited the
Allais pattern across all three tasks simultaneously, contrary
to the predictions of probability weighting and all other abso-
lute evaluation models.

The predictions of regret theory, similarity theory, and
salience theory do not make clear predictions for how behav-
ior may differ across individual evaluation tasks with differ-
ent response modes. In particular, these models do not
distinguish between rating and pricing tasks in terms of their
core principles. We note that one could imagine an ad hoc
salience-based explanation of the response mode differences
we observe, although this explanation has no formal connec-
tion to the salience theory of Bordalo et al. (2012). In partic-
ular, one may posit that pricing tasks make the monetary
dimension salient (similar to the scale-compatibility bias
proposed by Tversky, Slovic, & Kahneman, 1990), and that
happiness tasks make the probability dimension salient. If
the salient dimension is overweighted in a given task, this
would produce a shift toward expected value maximization
in pricing tasks and toward risk aversion in happiness tasks,
consistent with the modal responses in our experiment. But
this explanation requires another explanation for why happi-
ness tasks make probabilities salient.

One might think that Mukherjee’s (2010) DSM can
explain our observed behavior across tasks, but this is not
the case. The DSM is consistent with our finding of greater
expected value maximization in pricing tasks. This observa-
tion naturally follows if the calculation-based, deliberative
system is more influential in pricing tasks than in choice.
However, as noted in Table 1, the DSM predicts the Allais
pattern in the happiness tasks where instead we observed
consistent risk-averse behavior.

Our findings can be largely explained by the DPEF of
Schneider and Coulter (2015). DPEF predicts risk aversion
in the happiness task, expected value maximization in the
pricing task, and the Allais common ratio pattern in the
choice task. These are the modal response patterns we ob-
served, both between and within subjects. However, the evi-
dence in support of DPEF based on response times appears

mixed. The distribution of response times to the happiness
task was significantly faster than the corresponding response
times to the pricing task. In addition, the distribution of re-
sponse times to Problem 1 was significantly faster than that
of the response times to Problem 2 in the choice task, consis-
tent with DPEF. However, the mean and median response
times to the risk-averse and expected value maximizing
choices in Problem 2 did not vary widely for the choice task,
which does not provide a strong indication that different pro-
cesses were used in that task between those subjects who se-
lected A0 and B0.

Taking a broader perspective of the common ratio effect,
it is quite likely that multiple factors determine the effect.
An alternative approach to testing explanations of the
common ratio effect would be to change the “frame” of the
decision, rather than changing the response mode. Experi-
mental studies (Harless, 1992; Harman & Gonzalez, 2015;
Incekara-Hafalir & Stecher, 2012) have found that the
common ratio effect (and the related common consequence
effect) is susceptible to whether the options are presented in
an Allais-type format, or a Savage matrix (Savage, 1954).
This behavior is consistent with perceptual-based (i.e., simi-
larity and salience) explanations, but not with the other
explanations discussed here. Taking both the response mode
and framing variations of the common ratio effect into
account, it seems that none of the currently available alterna-
tives provides a complete explanation of the common ratio
effect.

One explanation that accounts for both the response mode
and frame dependencies of the common ratio effect is that
there are (at least) three qualitatively different decision-
making heuristics that a decision maker may apply to a given
task. In particular, a decision maker may choose an option
that “looks better” (e.g., if salient comparisons make one
alternative more visually appealing than the other), or choose
an option that “feels better” (e.g., selecting the option that
elicits a more positive or less aversive affective response),
or choose the option that is “calculated as better” (e.g., which
can be justified by logical reasoning or calculation). If the
“looks better” heuristic is predominantly used in the choice
task (as it permits visual comparisons between alternatives),
if the “feels better” heuristic is predominantly used in the
happiness task (as it may involve affect), and if the “calcu-
lated as better” heuristic is predominantly used in the pricing
task (as it may involve calculation), that would explain both
the response mode reversals for the common ratio effect in
our experiment and the framing reversals for the common
ratio effect observed by Harless (1992) and Harman and
Gonzalez (2015). These three heuristics do not require a
multiple-systems perspective, although they are consistent
with Kahneman’s (2003) framework, which distinguishes
between three systems: perception, intuition (“System 1”),
and reasoning (“System 2”). One could imagine that the
perceptual system recommends the alternative that “looks
better,” System 1 prefers the option that “feels better,” and
System 2 prefers the option that is justified as better through
a logical reasoning process. This is essentially a hybrid
explanation in which the similarity and salience judgments
operate in choice, but feeling and calculation operate when
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evaluating options in isolation (in which case comparison
between alternatives is more difficult). However appealing
this explanation may be, it is admittedly speculative and post
hoc. Future work is needed to elucidate the relationship
between response mode and framing effects in decision
making.
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