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A Main experiment: identification and design

A.1 Identification

Distance between rules Figure A.1 tabulates, for each pair of social choice rules, the number of

preference profiles (out of the 17 we use for identification) for which their implications differ. Two

patterns stand out. First, in the vast majority of cases, different rules have different implications for

large numbers of profiles. Ignoring the diagonal, few of the entries in Panel A are less than 3, and

many are greater than 8, indicating differences on more than half of profiles. Second, three clusters of

similar rules are visible. The first and second clusters consist of the strictly convex and strictly concave

scoring rules, respectively. Because these rules are members of the single family that is indexed by a

continuous parameter s, adjacent rules tend to differ on small numbers of profiles, but more distant

scoring rules are more easily differentiated. The third cluster consists of the scoring runoff rules with

s < 1. Observe also that the Condorcet rule as well as the runoff rules, align more closely with convex

scoring rules than with concave scoring rules. Hence, a preference for compromise may push subjects

away from Condorcet extensions and runoff rules.

Excluded three-option profiles Given anonymity and neutrality, our setting of five Stakeholders

and three alternatives allows for 42 different preference profiles. The work domain in our experiment

uses the 17 profiles that provide the largest amount of discrimination between our pre-specified rules.

Table A.1 lists the remaining 25 profiles that are not included in our experiment. These omitted

profiles cannot expand the set of scoring rules, scoring runoffs, or q-majority rules we can distinguish.

In the case of scoring rules and q-majority rules, this can be shown analytically. For the case of scoring

runoff rules, we show this point using brute-force computer scripts.

Figure A.2 shows that these profiles would also provide little or no additional ability to distinguish

between our pre-specified rules.
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Figure A.1: Distance between rules on the 17 profiles used in the work domain
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Scoring, s = 0 0 5 6 6 10 10 11 11 13 13 15 15 16 16 16 7 7 7 7 10 7 12 17

Scoring, 0 < s < 1
3 5 0 2 2 6 6 7 7 9 9 11 11 12 12 13 3 4 4 4 6 4 14 17

Scoring, s = 1
3 6 2 0 2 6 6 7 7 9 9 11 11 12 12 13 5 5 5 5 7 5 13 16

Scoring, 1
3

< s < 1
2 6 2 2 0 4 4 5 5 7 7 9 9 10 10 11 5 4 4 4 6 4 14 17

Scoring, s = 1
2 10 6 6 4 0 4 5 5 7 7 9 9 10 10 11 8 7 6 7 8 6 10 15

Scoring, 1
2

< s < 3
5 10 6 6 4 4 0 1 1 3 3 5 5 6 6 7 8 7 7 6 6 7 14 17

Scoring, s = 3
5 11 7 7 5 5 1 0 1 3 3 5 5 6 6 7 9 8 8 7 7 8 14 17

Scoring, 3
5

< s < 2
3 11 7 7 5 5 1 1 0 2 2 4 4 5 5 6 9 8 8 7 7 8 14 17

Scoring, s = 2
3 13 9 9 7 7 3 3 2 0 2 4 4 5 5 6 11 10 10 9 8 10 13 17

Scoring, 2
3

< s < 3
4 13 9 9 7 7 3 3 2 2 0 2 2 3 3 4 11 10 10 9 7 10 14 17

Scoring, s = 3
4 15 11 11 9 9 5 5 4 4 2 0 2 3 3 4 13 12 12 11 8 12 15 16

Scoring, 3
4

< s < 4
5 15 11 11 9 9 5 5 4 4 2 2 0 1 1 2 13 12 12 11 7 12 15 17

Scoring, s = 4
5 16 12 12 10 10 6 6 5 5 3 3 1 0 1 2 14 13 13 12 8 13 16 17

Scoring, 4
5

< s < 1 16 12 12 10 10 6 6 5 5 3 3 1 1 0 1 14 13 13 12 8 13 16 17

Scoring, s = 1 16 13 13 11 11 7 7 6 6 4 4 2 2 1 0 15 14 14 13 9 14 16 17

Runoff, 0 ≤ s ≤ 1
4 7 3 5 5 8 8 9 9 11 11 13 13 14 14 15 0 1 2 2 6 3 15 17

Runoff, 1
4

< s < 1
2 7 4 5 4 7 7 8 8 10 10 12 12 13 13 14 1 0 1 1 5 2 15 17

Runoff, s = 1
2 7 4 5 4 6 7 8 8 10 10 12 12 13 13 14 2 1 0 1 5 1 14 16

Runoff, 1
2

< s < 1 7 4 5 4 7 6 7 7 9 9 11 11 12 12 13 2 1 1 0 4 2 15 17

Runoff, s = 1 10 6 7 6 8 6 7 7 8 7 8 7 8 8 9 6 5 5 4 0 5 15 17

Condorcet 7 4 5 4 6 7 8 8 10 10 12 12 13 13 14 3 2 1 2 5 0 14 15

Supermajority 12 14 13 14 10 14 14 14 13 14 15 15 16 16 16 15 15 14 15 15 14 0 8

Unanimity 17 17 16 17 15 17 17 17 17 17 16 17 17 17 17 17 17 16 17 17 15 8 0

Notes: This graph plots the set of 23 benevolent rules on both the horizontal and vertical axes. Each cell reports the
number of profiles (out of the 17 used in the work domain) for which a given pair of rules differ from each other. We
use the definition that two rules differ on a profile if they select a different subset of options (distance = 1); otherwise
they do not differ on that profile (distance = 0).
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Figure A.2: Distance between rules used on the 25 omitted profiles
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Scoring, s = 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 11 2 2 2 2 2 2 9 22

Scoring, 0 < s < 1
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 1
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 1
3

< s < 1
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 1
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 1
2

< s < 3
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 3
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 3
5

< s < 2
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 2
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 2
3

< s < 3
4 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 3
4 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 3
4

< s < 4
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 4
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, 4
5

< s < 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Scoring, s = 1 11 9 9 9 9 9 9 9 9 9 9 9 9 9 0 9 9 9 9 9 9 13 21

Runoff, 0 ≤ s ≤ 1
4 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Runoff, 1
4

< s < 1
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Runoff, s = 1
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Runoff, 1
2

< s < 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Runoff, s = 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Condorcet 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 0 0 0 11 22

Supermajority 9 11 11 11 11 11 11 11 11 11 11 11 11 11 13 11 11 11 11 11 11 0 18

Unanimity 22 22 22 22 22 22 22 22 22 22 22 22 22 22 21 22 22 22 22 22 22 18 0

Notes: This graph plots the set of 23 benevolent rules on both the horizontal and vertical axes. Each cell reports the
number of profiles (out of the 25 profiles omitted from the experiment) for which a given pair of rules differ from each
other. We use the definition that two rules differ on a profile if they select a different subset of options (distance = 1);
otherwise they do not differ on that profile (distance = 0).
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Table A.1: Excluded three-alternative profiles

A A A A A
B B B B B
C C C C C

A A A A A
C C B B B
B B C C C

C C A A A
A A B B B
B B C C C

B B A A A
A A B B B
C C C C C

A A A A A
C B B B B
B C C C C

A A A B B
C B B A A
B C C C C

A A A B B
B C C A A
C B B C C

C C A A A
A B B B B
B A C C C

B B A A A
A C C C B
C A B B C

B B A A A
A C C B B
C A B C C

B A A A A
C B B B C
A C C C B

B A A A A
C B B C C
A C C B B

C A A A A
B C B B B
A B C C C

C B A A A
A C B B B
B A C C C

C B A A A
A C B B C
B A C C B

B C A A A
A B C B B
C A B C C

C B B A A
A A A B B
B C C C C

C B B A A
A A A B C
B C C C B

B C A A A
A A C B B
C B B C C

B C A A A
A A B B B
C B C C C

C A A A A
A B B B B
B C C C C

C A A A A
A B B B C
B C C C B

B A A A A
A C C B B
C B B C C

B A A A A
A C B B B
C B C C C

B A A A A
A B B B B
C C C C C

Notes: Most our pre-specified rules make the same prediction about which option will be chosen for most of the profiles
in this table. Note that for the majority of these profiles, the preference rank distributions of the alternatives are
fully ordered by stochastic dominance, and the option with the lowest (least preferred) rank distribution is statewise
dominated by another option.

Distance between rules on profiles used the in political domain Figure A.3 displays the

distance between any pair of our pre-specified rules on the preference profiles we use for the political

domain. Entries of zero off the diagonal indicate that the corresponding pair of rules cannot be

separately identified using either of our methods. Moreover, using incentivized choice alone, we

cannot separately identify any rule that differs from two other rules on only a single profile and whose

choices are the union of the choices of the two other rules. This case occurs for some point-identified

scoring rules with 0 < s < 1.
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Figure A.3: Distance between rules on the 7 profiles used in the political domain
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Scoring, s = 0 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Scoring, 0 < s < 1
3 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Scoring, s = 1
3 1 1 0 1 3 3 4 4 5 5 6 6 7 7 7 1 1 1 1 3 1 5 6

Scoring, 1
3

< s < 1
2 1 1 1 0 2 2 3 3 4 4 5 5 6 6 6 1 1 1 1 3 1 6 7

Scoring, s = 1
2 3 3 3 2 0 2 3 3 4 4 5 5 6 6 6 3 3 3 3 4 3 4 6

Scoring, 1
2

< s < 3
5 3 3 3 2 2 0 1 1 2 2 3 3 4 4 4 3 3 3 3 3 3 6 7

Scoring, s = 3
5 4 4 4 3 3 1 0 1 2 2 3 3 4 4 4 4 4 4 4 4 4 6 7

Scoring, 3
5

< s < 2
3 4 4 4 3 3 1 1 0 1 1 2 2 3 3 3 4 4 4 4 4 4 6 7

Scoring, s = 2
3 5 5 5 4 4 2 2 1 0 1 2 2 3 3 3 5 5 5 5 5 5 5 7

Scoring, 2
3

< s < 3
4 5 5 5 4 4 2 2 1 1 0 1 1 2 2 2 5 5 5 5 5 5 6 7

Scoring, s = 3
4 6 6 6 5 5 3 3 2 2 1 0 1 2 2 2 6 6 6 6 5 6 6 7

Scoring, 3
4

< s < 4
5 6 6 6 5 5 3 3 2 2 1 1 0 1 1 1 6 6 6 6 4 6 6 7

Scoring, s = 4
5 7 7 7 6 6 4 4 3 3 2 2 1 0 1 1 7 7 7 7 5 7 7 7

Scoring, 4
5

< s < 1 7 7 7 6 6 4 4 3 3 2 2 1 1 0 0 7 7 7 7 5 7 7 7

Scoring, s = 1 7 7 7 6 6 4 4 3 3 2 2 1 1 0 0 7 7 7 7 5 7 7 7

Runoff, 0 ≤ s ≤ 1
4 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Runoff, 1
4

< s < 1
2 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Runoff, s = 1
2 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Runoff, 1
2

< s < 1 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Runoff, s = 1 2 2 3 3 4 3 4 4 5 5 5 4 5 5 5 2 2 2 2 0 2 6 7

Condorcet 0 0 1 1 3 3 4 4 5 5 6 6 7 7 7 0 0 0 0 2 0 6 7

Supermajority 6 6 5 6 4 6 6 6 5 6 6 6 7 7 7 6 6 6 6 6 6 0 3

Unanimity 7 7 6 7 6 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 3 0

Notes: This graph plots the set of 23 benevolent rules on both the horizontal and vertical axes. Each cell reports the
number of profiles (out of the 7 used in the political domain) for which a given pair of rules differ from each other. We
use the definition that two rules differ on a profile if they select a different subset of options (distance = 1); otherwise
they do not differ on that profile (distance = 0).
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A.2 Design details

Overview Table A.2 presents a schematic overview of the experiment.

Table A.2: Schematic overview of the experiment

Part 0: Initial instructions

Part A: Task assigment

1. Instructions concerning task assignment

2. Instructions about the interface that displays preference profiles

3. 25 task assignment decisions (intermingled)

4. 3 task assignment decisions with unavailable options (intermingled)

Part B: Donation to a political party

1. Instructions concerning the donation to a political party

2. 12 party donation decisions

Part C: Further elicitations

1. Beliefs

• 5 rounds of incentivized belief elicitation about workers’ reservation wages, followed by an
unincentivized elicitation of own reservation wages for completing each of the five tasks

• 6 rounds of incentivized belief elicitation about citizens’ political preferences, followed by
an unincentivized elicitation of own willingness to pay to trigger or prevent the donation
to each of the political parties

2. Preferences

• Risk preferences

• Altruism

3. Other characteristics

• Demographic information

• Cognitive Reflection Test

• Knowledge about social choice theory

Notes: Each stage in Part C directly follows instructions concerning that stage. Half of the subjects proceed through
the experiment in the order displayed. For the other half, Part B and Part A are interchanged. The latter subjects
receive the instructions about the interface that displays preference profiles in Part B instead of in Part A. For those
subjects, the two stages of Part C.1 are also interchanged.

6



Work tasks In the work domain, Planners decide about assignments of the following five tasks to

Stakeholders: (i) Image labeling. The worker views a sequence of 400 images and identifies each by

clicking a button. (ii) Hate speech filtering. The worker views 400 messages posted on twitter.com

and indicates whether each includes hate speech such as racist or sexist statements. (iii) Audio

transcription. The worker listens to a sequence of 400 words and, in each case, identifies the word by

clicking a button. (iv) Movie reviews classification. The worker classifies 400 movie reviews according

to whether they are positive or negative. (v) Assigning apprentices to mentors. The worker finds a

pairwise stable match between five hypothetical apprentices and five hypothetical mentors knowing

their preferences. The worker completes 20 rounds of this task. Both Planners and Stakeholders not

only read descriptions of each task, but also try each of them out before making decisions (except for

the matching task, a single round of which some subjects find time-consuming).

Alternative display formats In order to ensure our results are not an inadvertent artifact of a

particular presentation of preference information, we consider all structurally distinct ways of display-

ing preference profiles. Because a preference profile is an array of three-tuples of the form (option,

worker, rank) that indicate the preference rank a particular worker assigns to a given option, there are

three such possibilities: rows and columns can be ranks and workers (in which case options appear in

cells), ranks and options (in which case workers appear in cells), or workers and options (in which case

ranks appear in cells). We exposed the first possibility Figure 2 in the main text. Figures A.4 and

A.5 show the second and third possibilities, respectively. We provide the same tools for exploration

(hiding, highlighting, and rearranging) in all display versions. Each Planner sees one and only one

presentation format, which we select at random.

For our experiment with Swedish and US general population respondents, we only use the first

and second display version. Not only do they yield similar results in our main experiment as the third

display version, but they are also more natural to process.

7



Figure A.4: Planners’ decision interface, version 2 (individuals in cells)

Notes: Subjects can drag and drop columns, click a button to shuffle columns, hide choice options, highlight workers,
and hide workers. If a subject hides an option, only two rows are shown; the remaining rows are labeled ‘Best of 2’ and
‘Worst of 2.’ Symbols for options and colors for worker symbols are randomly drawn each round. The order of options
is randomly drawn each round.
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Figure A.5: Planners’ decision interface, version 3 (ranks in cells)

Notes: Subjects can drag and drop columns, drag and drop rows, click a button to shuffle columns, click a button to
shuffle rows, highlight preference ranks, hide choice options, and hide workers. If a subject hides an option, only two
symbols, labeled ‘best’ and ‘worst,’ are shown. The colors of the symbols labeled ‘best’ and ‘worst’ differ depending on
whether two or three options are displayed, to signify that the best (worst) option among two is not necessarily best
(worst) among three. Symbols for options and colors for worker symbols are randomly drawn each round. The orders
of workers and options are randomly drawn each round. Colors for the preference ranks are randomly drawn on the
individual level but remain constant throughout the experiment.

9



Details about decisions in the political domain There are two differences between the political

and work domain that are not mentioned in the main text. First, to prevent Planners from draw-

ing inferences about parties from preference distributions, we select the group of five citizens from a

sample that equally represents those who self-identify as politically left, right, and center. Planners

are aware of the sample’s composition. The second difference concerns the process for eliciting Stake-

holders’ preferences: citizens’ expressed preferences determine the recipient of the donation with 2.5%

probability, versus 5% probability for the analogous contingency in the work domain.

Additional elicitations Beliefs about reservation prices. In the elicitation of belies about stake-

holder reservation prices in the work domain, possible answers range from $0 to $10 in increments

of $0.50. Half of the subjects see these questions ordered by rank (first, second, third), and half see

them ordered by reverse rank (third, second, first). Before subjects answer these questions, we remind

them about the price and income level in the US and the standard wages of mTurk workers. The

instructions for these tasks explain the concept of WTP using an example for which we randomize

the elicited valuation (either $5 or $1). We assume that the Planner’s inferences about positional

money-metric utility do not vary from one profile to another, and consequently elicit these beliefs

only once.

The elicitations in the political domain are the same as for the work domain, with two exceptions.

First, Possible predictions for the WTP to trigger the donation lie in the set {>15, 15, 13, 11, 9, 7, 5,

3, 1, -1, -3, -5 ,-7, -9, -11, -13, -15, <-15}. Over the five rounds, Planners make predictions for citizens

with different first names rather than different cities of residence. Second, to increase statistical power,

Planners answer five (nearly) redundant versions of these questions, where each version specifies the

city and state where the worker lives. We use two sets of five city labels, randomly assigned, so we

can determine whether the labels are consequential.

If one of the subject’s reservation price predictions ends up determining her payment, she receives

Fr. 30 minus Fr. 3 for every dollar by which her prediction differs from the truth, which we assess

using incentivized multiple decision lists in preliminary sessions involving a separate set of workers.

Planners also indicate their own reservation price for completing each of the five tasks, but these

responses are unincentivized.

Risk preferences. On each line of a multiple decision list, subjects choose between two lotteries.

The first lottery pays Fr. 23 with probability p or Fr. 15 with probability (1 − p). The second pays

Fr. 38 with probability p or Fr. 3 with probability (1 − p). The list includes 11 binary choices with

p ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1}. In a second otherwise identical decision list, the first

lottery pays either Fr. 20 or Fr. 13, while the second pays either Fr. 34 or Fr. 5.

Altruism. Subjects complete a multiple decision list involving the following pairs of alternatives:

“Increase each of the five workers’ payoffs by $2. Decrease my own study payment by CHF X,”

or “Do not increase the group members’ payoffs. Leave my own study payment unchanged.” Each
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line employs a different value of X in the set {0, 1, 2, 3, 4, 6, 8, 10, 12, 14, 16, 18, 20}. In an other-

wise identical second list, the first option is “Increase each of the five workers’ payoffs by Fr. X

(exchanged to USD). Decrease my own study payment by Fr. 5X,” and the values of X lie in

{0.2, 0.4, 0.6, 0.8, 1, 1.2, 1.4, 1.6, 1.8, 2}. Notice that the first list implicates both efficiency and equity,

while the second implicates only equity. Subjects complete a multiple decision list involving the fol-

lowing pairs of alternatives: “Increase each of the five workers’ payoffs by $2. Decrease my own study

payment by CHF X,” or “Do not increase the group members’ payoffs. Leave my own study payment

unchanged.” Each line employs a different value of X in the set {0, 1, 2, 3, 4, 6, 8, 10, 12, 14, 16, 18, 20}.
In an otherwise identical second list, the first option is “Increase each of the five workers’ payoffs by

Fr. X (exchanged to USD). Decrease my own study payment by Fr. 5X,” and the values of X lie in

{0.2, 0.4, 0.6, 0.8, 1, 1.2, 1.4, 1.6, 1.8, 2}. Notice that the first list implicates both efficiency and equity,

while the second implicates only equity.

Demographics questions We elicit the following demographic characteristics: gender, age, field of

study and degree level they are working towards, grades in university entrance exams in mathematics

and in their first language, canton in which they completed their university entrance exam, their main

language, whether they live with their parents, their number of siblings, monthly spending, religiosity,

religion, political stance, and political party they voted for in the last election of the Swiss National

Council.

Questions about background in social choice theory Subjects report whether they have taken a

class covering pertinent topics. We illustrate a three-option, three-citizen cyclical preference profile

and ask subjects to name the paradox. We also ask subjects to name the Borda rule and Arrow’s

impossibility theorem based on verbal descriptions.

Comprehension checks Each of the two comprehension checks consists of nine questions. The

first set concerns the preference displays and the second concerns the general decision environment.

Subjects must answer all nine questions correctly to proceed. If they make a mistake, we ask them

to review the instructions and try again, but we do not tell them which question(s) they missed.

This feature prevents the subject from trying to pass the comprehension check by trial and error (the

chance of passing either of the comprehension checks by chance is less than 0.2%). The comprehension

questions appear in Appendix E.1.

11



A.3 Bayes classifier

Derivation of the Bayesian posterior Here, we derive the explicit expression for the Bayesian

posteriors, P (R, ϵ|c), that our Bayesian classifier maximizes. For each preference profile t, a social

choice rule R prescribes a subset St
R ⊆ {A,B,C} of admissible options. For each t, the subject makes

a choice ct ∈ {A,B,C}. If the individual follows rule R with error probability ϵ and behaves according

to the assumptions listed in Section III., then the probability of choosing each alternative is given by

the following expressions for X,Y, Z ∈ {A,B,C} with X, Y , and Z mutually distinct from each other.

P
(
ct = X|St

R = {X}; ϵ
)

= 1− 2

3
ϵ

P
(
ct = Y |St

R = {X}; ϵ
)

=
1

3
ϵ

P
(
ct = X|St

R = {X,Y }; ϵ
)

=
1

2
− 1

6
ϵ

P
(
ct = Z|St

R = {X,Y }; ϵ
)

=
1

3
ϵ

P
(
ct = X|St

R = {A,B,C}; ϵ
)

=
1

3

Moreover, by the assumption of conditional independence across rounds, the probability of observing

choice sequence c = (c1, . . . , cT ) from a subject who follows ruleR is given by P (c|R) =
∏T

t=1 P
(
ct|St

R

)
.

Given the assumption of uniform prior probabilities across rules and error probabilities, we derive the

prior probability of observing choice sequence c as P (c) =
∑

R
1

NR

∫ 1

0
P (c|R; ϵ)dϵ, where NR is the

total number of rules. By Bayes’ rule, the posterior associated with rule R and error probability ϵ

conditional on the sequence of choices c is thus given by

P (R, ϵ|c) = P (c|R; ϵ)µi

P (c)
. (1)

Monte Carlo Simulations We use Monte Carlo simulations to test (i) whether the Bayesian

classifier reliably detects the use of pre-specified rules, and (ii) whether noise introduces bias.

To answer the first question, we simulate a sample of 1,000 subjects. We uniformly randomly assign

each simulated subject to one of the identifiable benevolent rules in each domain. Each simulated

subject follows the assigned rule exactly and randomizes uniformly among all tied options in case of

irresoluteness. We then run the Bayesian classifier on this sample of simulated subjects, both using

all three-option profiles available in the work domain, and using the three-option profiles available in

the political domain. Figure A.6 shows the results. Focusing on the profiles available in the work

domain (Panel A), three features stand out. First, the data are generally tightly centered around the

diagonal. Second, subjects following a massively irresolute rule (supermajority and unanimity) are

frequently confused for following another rule. Yet, even in these cases, the rule generating the choices

receives non-trivial weight. Hence if the classifier assigns zero weight to these two rules, it is unlikely
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that any subject actually followed one of these rules. Third, while scoring rules with a parameter

between the boundaries of identifiable intervals are correctly classified in all cases, scoring rules with

a parameter on the interval boundaries are sometimes confused for those with a parameter just above

or just below the interval boundary. The reason is mechanical. In case of a scoring parameter on the

interval boundary (henceforth: a point-identified scoring rule), the set of chosen options is the union

of the options chosen by the neighboring interval-identified scoring rules. By assumption, subjects

uniformly randomize in case of ties. If a point-identified scoring rule is irresolute on two profiles,

and the neighboring interval-identified scoring rules are resolute on those profiles, for instance, there

is a 50% chance that the randomization over the ties happens to coincide exactly with the choices

prescribed by one of the neighboring interval-identified scoring rules. Panel B performs the same

exercise but restricts the available data to the profiles available in the political domain and the set

of rules to the rules identifiable in that domain. Qualitatively, we observe the same results as in the

work domain.

To answer the second question, we simulate 4,000 subjects who choose uniformly randomly from all

options in each round. We then run the Bayesian classifier on this sample of simulated subjects, both

using all three-option profiles available in the work domain, and using the three-option profiles available

in the political domain. Figure A.7 shows the resulting distribution of best-fitting types. Panel A

uses the profiles available in the work domain. Unsurprisingly, close to half of simulated subjects are

assigned to a malevolent rule.1 Within the set of benevolent rules, we see that the least resolute rules,

supermajority and unanimity, attract by far the largest fraction of subjects. The remaining rules all

attract similar numbers of subjects, between one and six percent. Notably, neither of the modes we

observe in our experimental data, Borda and near-antiplurality, attract a disproportionate fraction of

randomly generated subjects.

Panel B uses the set of profiles available in the political domain. We find that 43.1% of simulated

subjects are classified as malevolent. Unlike in the work domain, we do not observe that randomly

generated subjects are classified as following the unanimity rule disproportionately often. A possible

reason is that the substantially smaller number of rounds in the political domain makes it more likely

that a random vector of selections matches the other rules sufficiently well, especially given the leeway

afforded by the high estimated noise parameter.

Overall, we conclude that our classification results in Section III. are not an artifact of classifying

noisy data.

1Because our selection of profiles is not random, deviations from 50% are expected.
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Figure A.6: Bayesian classifier if rules are followed exactly
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Notes: Each of 1,000 simulated subjects is randomly uniformly assigned one identifiable benevolent rule in the respective
domain and follows the rule exactly. In case of ties, simulated subjects randomize uniformly among all tied options.
We run the Bayesian classifier on the simulated data. Fractions of subjects are indicated by the sizes of circles.
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Figure A.7: Bayesian classifier on uniformly random noise
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(44.8% classified as malevolent)

0

.05

.1

.15

.2

.25

.3

Fr
ac

tio
n 

of
 s

ub
je

ct
s

 P
lu

ra
lit

y:
 s

 =
 0

0 
< 

s 
< 

1/
3

s 
= 

1/
3

1/
3 

< 
s 

< 
1/

2

 B
or

da
: s

 =
 1

/2

1/
2 

< 
s 

< 
3/

5

3/
5 

< 
s 

< 
2/

3

s 
= 

2/
3

2/
3 

< 
s 

< 
3/

4

s 
= 

3/
4

3/
4 

< 
s 

< 
4/

5

 N
ea

r-
an

tip
l.:

 4
/5

 <
 s

 <
 1

 A
nt

ip
lu

ra
lit

y:
 s

 =
 1

R
un

of
f, 

0 
≤ 

s 
≤ 

1/
4

R
un

of
f, 

1/
4 

< 
s 

< 
1/

2

R
un

of
f, 

s 
= 

1/
2

R
un

of
f, 

1/
2 

< 
s 

< 
1

R
un

of
f, 

s 
= 

1

 C
on

do
rc

et

 S
up

er
m

aj
or

ity

 U
na

ni
m

ity

B. Political domain
(43.1% classified as malevolent)
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We run the Bayesian classifier on the simulated data. Graphs display the distribution over benevolent rules only.
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B Main experiment: supplementary results

B.1 Classification using indifference data

Next to selecting one option for each profile, Planners also indicate any alternatives they consider

equally good as the one they have selected. While this expression of indifference has no consequences

within our experiment, two considerations mitigate the usual concerns about hypothetical choices:

first, we ask Planners to report indifference that they presumably would have recognized when making

the associated consequential choice moments prior; second, misrepresenting indifference information

would not serve any other plausible objective (e.g., enhancement of social image).

While the revelation of indifference can, in some cases, be incentivized by randomizing among

the pertinent options, two considerations make this approach unsuitable for our purposes. First,

the procedure changes the nature of social alternatives by introducing lotteries over assignments,

thereby implicating workers’ preferences over lotteries. Second, the social choice rules we consider do

not specify random resolution. Adding that provision to a rule amounts to creating a non-standard

extension.

We use an appropriately adjusted version of our Bayes classifier to analyze the indifference data.

We continue to impose assumptions (i) and (iii), along with a slightly modified version of assumption

(ii): when deviating from her rule, the subject randomizes uniformly over the seven subsets of options,

rather than the three options. Under these assumptions, a rule maximizes the posterior probability

if and only if it maximizes the number of profiles for which it predicts the correct subset. We break

ties at random. Information on indifference allows us to dispense with assumption (iv). In generating

random benchmark data, we generate indifference data by designating each of the unchosen options

as equally good based on independent Bernoulli draws. We choose the Bernoulli probability to match

the average size of the best-option sets according to the actual subjects.

The average Planner expresses irresoluteness for 18% of the profiles. In comparison, the set of our

benevolent pre-specified rules produces a tie for 18.4% of the profiles, on average. Focusing only on

the Condorcet rule and the set of all scoring rules we can identify, this figure falls to 14.3%. Planners

designate all options as equally good for only 1.54% of profiles.

Figure B.1 displays the results. Unlike in the case of incentivized choices, indifference data lets us

identify all 23 benevolent rules and their malevolent counterparts, yielding a total of 46 pre-specified

rules. The results closely resemble those from our main specification (Figure 4). The perhaps most

salient difference are the less pronounced modes at the linear and most concave scoring rules, and the

slightly increased fraction of subjects assigned to the scoring rule with 1
3 < s < 1

2 . The overwhelming

majority of choices continues to be consistent with a weakly concave scoring rule. Other rules continue

to garner vanishing support.

The classifier based on indifference-data continues to achieve a good fit. Subjects’ responses match

the sets of options selected by their assigned rule for 14 of 17 profiles (83.5%). In contrast, for our
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Figure B.1: Best fitting pre-specified rules using indifference data
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Notes: The random-choice benchmark for malevolent rules exceeds the range of the graph.

random-choice benchmark, the corresponding number is 43.2%. As an alternative way of making this

comparison, one can think of an empirical fingerprint as consisting of 3 × 17 = 51 binary variables,

each of which indicates whether a given option is selected for a given profile. The average subject’s

choice coincides with the prediction of the best-fitting rule in 47 of these 51 cases (91.8%), which is

far higher than the random-choice benchmark (63.9%).

B.2 Corroboration based on four-option social choice problems

Four-option profiles provide additional opportunities to distinguish cleanly between classes of social

choice rules. Specifically, there are two four-option profiles, labeled “Condorcet-separating 1” and

“Condorcet-separating 2” in Table B.1 (numbered 18 and 19), for which the Condorcet winner is

rank-dominated. These profiles distinguish between all Condorcet extensions and the entire class of

proper scoring rules (ones that do not assign the same score to any two ranks) because the former

must select the Condorcet winner while the latter cannot select a rank-dominated option.

We randomly intermingle both of these profiles with the three-option profiles in both domain

blocks. While four-option problems are more cognitively demanding, recall that the experimental

interface allows subjects to hide options, which makes it easy to identify Condorcet winners.

As shown in the left half of Table B.2 (which pertains to the work domain), subjects choose

the Condorcet winner roughly one-fifth of the time for each of these profiles. However, only 11.6%

consistently choose the Condorcet winner for both profiles.2 In contrast, because a negligible fraction

2This frequency, while relatively small, is significantly higher than would be observed by chance if the distributions
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Table B.1: Four-alternative profiles

Label Index Profile Option selected Condorcet Plurality
by some proper (* = runoff)
scoring rule

Condorcet-separating 1 18 A A B B C B or C A {A∗,B}
B B A C D
C C C D A
D D D A B

Condorcet-separating 2 19 A A B B C B or C A {A∗,B}
B B A D D
C C C C A
D D D A B

Runoff-separating 1 22 A A B D D A or B or C {A, B, C, D} {A,D∗}
B B C A C
C C D C B
D D A B A

Runoff-separating 2 23 A A C D D A or B or C {A, B, C, D} {A,D∗}
B B B A B
C C D C C
D D A B A

Notes: We display each preference profile as a 4×5-matrix; columns correspond to workers, rows to preference ranks.
The rth row shows a worker’s rth-ranked alternative. For Condorcet-cyclical profiles, we indicate the set of options in
the top-cycle.

of subjects choose option D, roughly 80% of the individual choices are consistent with a proper scoring

rule. Moreover, for 69.5% of subjects, the pair of choices is consistent with some scoring rule in the

following class: [1, s1, s2, 0] where s1 = (2/3)γ , s2 = (1/3)γ , and γ ∈ [0,∞].

The preceding estimates likely overstate the fraction of subjects who more broadly support Con-

dorcet outcomes, because other rules can rationalize the selection of option A for profiles 18 and

19. As indicated in Table B.1, plurality rule (s1 = s2 = 0) prescribes options A and B, while the

plurality runoff rule prescribes A. Any scoring rule with s1 = s2 < 1
2 also prescribes either A or B.

One way to distinguish between Condorcet and plurality runoff on the one hand, and scoring rules

with s1 = s2 < 1
2 on the other, is to examine the indifference data. Of those who select A for both

profiles, 36.2% rate B as equally good, which suggests that more than a third of these selections

reflect a scoring rule with s1 = s2 < 1
2 . Accordingly, choices for our four-option profiles imply that

the fraction of subjects who implicitly follow some Condorcet rule in the work domain is no higher

than (1 - 0.362)·11.6% = 7.4%, which is consistent with our findings for three-option problems.

Profiles 22 and 23 in Table B.1, which we also intermingled with the three-option profiles, leverage

the principle of rank-dominance to provide clean separation between proper scoring rules and the

of choices were independent across profiles, 0.205× 0.212 = 0.043 (χ2-test, p < 0.001).
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Table B.2: Choices on class-separating profiles

Domain Work Politics

Option A B C D A B C D

Condorcet winner ✓ ✓
Optimal for some scoring rule ✓ ✓ ✓ ✓

Condorcet-separating 1 0.205 0.694 0.099 0.002 0.188 0.746 0.064 0.002
Condorcet-separating 2 0.212 0.719 0.064 0.005 0.188 0.800 0.012 0.000
Consistent Condorcet 0.116 0.111
Consistent Scoring 0.695 0.732

Option A B C D A B C D

Plurality-runoff winner ✓ ✓
Optimal for some scoring rule ✓ ✓ ✓ ✓ ✓ ✓

Runoff-separating 1 0.257 0.385 0.314 0.044 0.353 0.405 0.188 0.054
Runoff-separating 2 0.202 0.615 0.141 0.042 0.259 0.643 0.042 0.056
Consistent Runoff 0.012 0.028
Consistent Scoring 0.884 0.930

Notes: This table displays the fraction of subjects choosing each of the four options in each of the class-separating
profiles. The first 262 subjects were not presented with the profile labelled Runoff-separating 2 in the political domain.
The fraction of subjects consistently choosing in accordance with the plurality runoff rule in that domain is based on
the remaining subjects.

plurality runoff rule. As shown in the left half of Table B.2, subjects choose option D, the plurality

runoff winner, roughly 5% of the time. Only 1.2% of subjects choose D for both profiles,3 whereas

88.4% of subjects behave as if both choices reflect a single scoring rule from the family specified above.

Accordingly, only a small fraction of the Condorcet-consistent behavior for profiles 18 and 19 is likely

attributable to use of the plurality runoff rule.

Four-option profiles such as 22 and 23 also enable more nuanced distinctions among rules. For

example, they can provide a foundation for distinguishing concave scoring from a general aversion to

lowest ranks; see Appendix B.2.1.

We also note that our results for the four-option class-separating profiles in Table B.2 exhibit

strikingly little domain sensitivity; choices in the work and political domains resemble each other. It

follows that people are generally attracted to the selections of scoring rules and generally averse to

those of majoritarian criteria.

B.2.1 Last-place aversion

Does the concave aggregation we document in section III. simply represent linear aggregation with a

discount for receiving one’s least-preferred alternative (last-place aversion; formalized as using scoring

3Though small, this fraction is significantly higher than would be observed by chance if the distributions of choices
were independent across profiles, 0.044× 0.042 = 0.001848 (χ2-test, p < 0.001).
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vectors that assign score k−1
K−1 to any option ranked k ≥ 2, but score −d < 0 to the option ranked

last in the case of K alternatives), or does it reflect globally concave aggregation in the sense that

subjects’ choices are described by score vectors that are strictly concave across all ranks (for instance

by instance, by using scoring vectors that assign score
(

k−1
K−1

)γ

to the option ranked k in the case

of K alternatives)? Choices in the runoff-separating profiles of Table B.1 show that globally concave

aggregation plays a substantial role. In these profiles, the choice of option A is consistent with a

scoring rule with s ≤ 0.5 whereas the choice of B or C is consistent with s ∈ [ 12 ,
2
3 ] and s ∈ [ 23 , 1],

respectively, where s = ( 12 )
γ . Importantly, in these profiles, option B is ranked last by one individual,

and option A is ranked last by two individuals. In the three-option profiles 3 and 4, 64% of subjects

choose the option consistent with a weakly concave scoring rule. If last-place aversion explains this

choice pattern, then, in the four-option profiles 22 and 23, we should observe that at least 64% of

subjects avoid the last-place-generating options (A or B). In contrast, the fraction of subjects selecting

either option A or option B is given by 64.2% and 81.7% for the first and second runoff-separating

profiles, respectively. Hence, last-place aversion cannot be the sole reason for the choice patterns we

observe in the three-option profiles.

B.3 Response times by best-fitting rule

For each aggregation rule, Figure B.2 shows the median response times of subjects classified as best-

fitting that rule. The most popular rules are not associated with unusually short response times. This

suggests that subjects do not adopt specific rules just to save time.

Figure B.2: Median response time by classification based on incentivized data
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Notes: Spikes show 95% confidence intervals with standard errors clustered by subject.
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B.4 Effects of preference displays

Here, we study the influence of the format in which we presented preference profiles on our classification

results. Figure B.3 displays the classification to pre-specified rules separately by display format.

Graphs on the left hand side use incentivized choices only while those on the right hand side make

use of indifference statements.

In each case we see that (i) malevolent and qualified majority rules receive vanishing support,

(ii) runoff rules receive minor support, and (iii) the vast majority of subjects follow a concave scoring

rule. Differences across the graphs mainly concern the modes of Borda and near-antiplurality. Relying

on incentivized data alone, both of these rules emerge as the modal choices in each display version.

While Borda is the more pronounced mode in display versions 1 and 3, near-antiplurality is the

more pronounced mode in display version 2. This same pattern emerges to a larger extent if we

incorporate indifference data for classification. Overall we conclude that our main results are robust

to the preference display used, except that we cannot reliably distinguish whether Borda or near-

antiplurality is the more pronounced mode.
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Figure B.3: Best fitting pre-specified rules, work domain, by display

Display 1 (options in cells)

Incentivized choice only Using indifference data

0

.05

.1

.15

.2

.25

.3

Fr
ac

tio
n 

of
 s

ub
je

ct
s

 P
lu

ra
lit

y:
 s

 =
 0

0 
< 

s 
< 

1/
3

s 
= 

1/
3

1/
3 

< 
s 

< 
1/

2

 B
or

da
: s

 =
 1

/2

1/
2 

< 
s 

< 
3/

5

3/
5 

< 
s 

< 
2/

3

s 
= 

2/
3

2/
3 

< 
s 

< 
3/

4

s 
= 

3/
4

3/
4 

< 
s 

< 
4/

5

 N
ea

r-
an

tip
l.:

 4
/5

 <
 s

 ≤
 1

R
un

of
f, 

0 
≤ 

s 
≤ 

1/
4

R
un

of
f, 

1/
4 

< 
s 

< 
1/

2

R
un

of
f, 

s 
= 

1/
2

R
un

of
f, 

1/
2 

< 
s 

< 
1

R
un

of
f, 

s 
= 

1

 C
on

do
rc

et

 S
up

er
m

aj
or

ity

 U
na

ni
m

ity

An
y 

 m
al

ev
ol

en
t r

ul
e

0

.05

.1

.15

.2

.25

.3

Fr
ac

tio
n 

of
 s

ub
je

ct
s

 P
lu

ra
lit

y:
 s

 =
 0

0 
< 

s 
< 

1/
3

s 
= 

1/
3

1/
3 

< 
s 

< 
1/

2

 B
or

da
: s

 =
 1

/2

1/
2 

< 
s 

< 
3/

5

s 
= 

3/
5

3/
5 

< 
s 

< 
2/

3

s 
= 

2/
3

2/
3 

< 
s 

< 
3/

4

s 
= 

3/
4

3/
4 

< 
s 

< 
4/

5

s 
= 

4/
5

 N
ea

r-
an

tip
l.:

 4
/5

 <
 s

 <
 1

 A
nt

ip
lu

ra
lit

y:
 s

 =
 1

R
un

of
f, 

0 
≤ 

s 
≤ 

1/
4

R
un

of
f, 

1/
4 

< 
s 

< 
1/

2

R
un

of
f, 

s 
= 

1/
2

R
un

of
f, 

1/
2 

< 
s 

< 
1

R
un

of
f, 

s 
= 

1

 C
on

do
rc

et
 S

up
er

m
aj

or
ity

 U
na

ni
m

ity
An

y 
 m

al
ev

ol
en

t r
ul

e

Display 2 (stakeholders in cells)

Incentivized choice only Using indifference data
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Display 3 (ranks in cells)

Incentivized choice only Using indifference data
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Notes: Displays 1, 2, and 3 are shown in Figures 2, A.4, and A.5, respectively.
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B.5 Endogenous clusters

The k-modes algorithm we use begins by arbitrarily selecting k subjects as initial cluster centers.

Then it iterates two steps. First, each subject is assigned to the cluster for which the center matches

her choices on the largest number of preference profiles. Second, cluster centers are updated: the

new cluster center consists of the vector of modal choices for subjects assigned to that cluster. The

algorithm terminates once the cluster centers stabilize.

We search for clusters in the work domain fixing k = 1, 2, 3, 5, and 10. For k = 1, we run

the algorithm 405 times, using each subject’s choices as an initial cluster center once. For k ≥ 2,

we run the algorithm 1000 times, in each case randomly setting the initial cluster centers equal to

the choices of k randomly selected subjects (excluding those who perfectly conform to pre-specified

rules), and retaining the solution with the lowest total within-cluster distance.4 We limit the pre-

specified rules to all scoring rules, all scoring runoff rules and all Condorcet extensions, which have a

total of 298 resolute components. We exclude unanimity because the resolute components (of which

there are 23 × 314 > 38 × 106) encompass all choice patterns that are consistent with the Pareto

principle. Similarly, we exclude supermajority because it is massively irresolute, so the number of

resolute components is enormous. These exclusions are likely inconsequential given the small number

of subjects assigned to these rules in Section III., and in any case the exclusion of an empirically

important rule can only increase the fraction of subjects assigned to endogenous clusters. Other

exclusions are attributable to redundancies.

Table B.3 displays the endogenous clusters uncovered by our clustering algorithm and the fractions

of subjects assigned to each.

4We use the Hamming distance, i.e. the number of profiles on which two choice sequences differ from each other.
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Table B.3: Clustering results

Profile 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Condorcet A B A A A A A A A A A ABC ABC A A A A
Scoring

s̄ 1/3 1/3 1/2 1/2 1/2 3/5 2/3 2/3 3/4 3/4 4/5 0 1/2 - 0 0 0

s < s̄ A Aa) A A A A A A A A A -b) AC AB -a) -b) -a)

s > s̄ B B B B B B B B B B B B B AB Ac) A A

Endogenous clusters, k = 1

% subjects
4.69 B B B B B B B B A B B B B A A A A

Total: 4.69

Endogenous clusters, k = 2

% subjects
4.69 B B B B B B B B A B B B B A A A A
1.73 B B B A B B A B B A B B B B A A A

Total: 6.42

Endogenous clusters, k = 3

% subjects
4.69 B B B B B B B B A B B B B A A A A
1.73 B B B A B B A B B A B B B B A A A
0.25 B B B B C C B C C B C A B C C A B

Total: 6.67

Endogenous clusters, k = 5

% subjects
4.69 B B B B B B B B A B B B B A A A A
1.73 B B B B B B B B A B B B B B A A A
1.73 B B B A B B A B B A B B B B A A A
1.48 B B A A B B B A A A A B B B A A A
0.74 B B A B B B B A C B B B B C C A A

Total: 10.37

Endogenous clusters, k = 10

% subjects
4.69 B B B B B B B B A B B B B A A A A
1.73 B B B A B B A B B A B B B B A A A
1.48 B B A A B B B A A A A B B A A A A
1.23 B B A A B B A A A A A B B A A A A
0.99 B B B B B B A A B A A B B B A A A
0.74 B B B B B B A B A A A B C A A A A
0.74 B B B B B B B A B A B B B A A A A
0.25 B B B B C C B C C B C A B C C A B
0.25 C C C A C B A A B C C C A C C C A
0.25 B C A A A A B B A B B B B A C B A

Total: 12.35

a) For s = 0, {A,C} is selected.
b) For s = 0, {A,B} is selected.
c) For s = 1, {A,B} is selected.

Notes: This table shows the clusters that emerge endogenously (in addition to those associated with our pre-specified
rules) from application of a k-modes algorithm, along with the fractions of subjects assigned to each such cluster. For
ease of comparison, the top section of the table shows choices for selected pre-specified rules.
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B.6 Cardinal inferences

Table B.4 replicates Table 3 separately for each domain. We observe parameter estimates on s̃ that

are comparable in magnitude to those we obtain in the pooled sample. The estimates are larger in the

political domain, and only statistically significant if we use the percentile rank of s̃ as a right-hand-

side variable. Due to the smaller number of observations, a drop in statistical significance is expected.

One possible explanation for the higher estimated coefficients in the political domain compared to the

work domain is that participants possess more precise beliefs about the political domain, due to their

greater familiarity with the Swiss political landscape than with the working conditions of US-based

mTurk workers.

Table B.4: Relation between best-fitting and synthetic scoring parameters by domain

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLE Estimated scoring parameter s

Politics Work

Scoring parameter s̃
Level 0.123 0.117 0.098 0.081

(0.084) (0.085) (0.074) (0.074)
%-rank 0.072 0.065 0.049 0.039

(0.036) (0.036) (0.031) (0.032)
Risk tolerance
Level -0.915 -0.536

(0.414) (0.348)
%-rank -0.070 -0.039

(0.036) (0.031)
Altruism
Level 0.030 0.314

(0.286) (0.251)
%-rank 0.041 0.052

(0.038) (0.032)
Observations 398 398 398 398 394 394 394 394
Subjects 398 398 398 398 394 394 394 394

Notes: Parameters estimated with OLS using midpoint values of best-fit score. Regressions include all subjects with
monotonic beliefs about reservation prices. Risk tolerance is measured as the certainty equivalent of an equiprobable win
40 / win 10 lottery implied by individual-level CRRA estimates. Altruism is measured as the maximum amount of Swiss
Francs the Planner is willing to give up to increase each stakeholder’s payoff by $2. For subjects with multiple switches in
the risk preference or altruism elicitation, the corresponding variable is set to the mean value among the other subjects.
We also include two indicator variables for the presence of multiple switching points, one for each characteristic. All
regressions control for the type of preference profile presentation and for whether the political domain was displayed
before or after the work domain. Standard errors are clustered by subject.
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C Cardinal outcomes experiment

C.1 Design details

Planners complete 20 decision tasks in random order, 12 concerning rescaled versions of the Swap

treatment, and 8 concerning rescaled versions of the Addition treatment. The purpose of including

re-scaled versions while disguising similarities is to augment sample size. We randomize the order in

which options and Stakeholders are listed, which makes it difficult to spot the relationships between

the decision tasks.

As in the main experiment, we ensure that our results are not an inadvertent artifact of a particular

way of presenting outcome profiles by using all three structurally distinct versions of conveying that

information. Figures C.1, C.2, and C.3 show a screenshot of each version. Each subject is randomly

assigned to one of these display versions and completes the entire experiment in that version.

Parameters Swap treatments. The following twelve tasks make up the Swap treatments. For two

tasks, we use profiles S1 and S1′ with all amounts multiplied by a factor of two, and with ϵi = 0 for

all i. Two other tasks are identical except that the strictly positive ϵi equal 0.25. An additional group

of four tasks parallel the first four, except that we use a multiplicative factor of 2.5, and we set the

strictly positive values of ϵ1 equal to 1/5. Yet another group of four tasks parallel the first two groups,

except that we use a multiplication factor 3 and set the strictly positive values of ϵ1 equal to 1/6.

The cardinal advantage we confer on option A depends on the display format. With the format

in Figure C.1, it is ϵ1 = ϵ2 = ϵ3 throughout, whereas with the remaining two formats, ϵ1 = ϵ2 = 0

throughout.

Addition treatments. The eight tasks that make up the Addition treatments belong to four pairs.

Paired tasks are identical except that one includes option X while the other does not. One pair is

based on profile A1 with payoffs multiplied by 5 and δ = 0.4. A second pair is based on A1 with

payoffs multiplied by factor 4 and δ = 0.5. The remaining four rounds parallel the first four, except

we use profile A2 instead of A1, and set ν = 0.4 and ν = 0.5 when the scaling factor is 5 and 4,

respectively. With the display format for which no visual overlap occurs, we set ν = 0 throughout.

Implementation Subjects read all instructions on-screen in English. We reproduce these instruc-

tions in Appendix E.2. Only those who passed two comprehension checks were allowed to complete

the tasks. The first check ensures that subjects understand the payoff information displayed in the

tasks. The second ensures that they understand the consequences of selecting any given payoff vector

for the group of Stakeholders. We allow subjects who do not pass a check to revisit the instructions

and try again.
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Figure C.1: Planner’s decision interface, version 1 (axes stakeholders and payoffs)
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Figure C.2: Planner’s decision interface, version 2 (axes options and payoffs)
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Figure C.3: Planner’s decision interface, version 3 (axes individuals and options)

29



Table C.1: Choice distributions

Profile S1 S1′ S1 S1′ A1 A1 A2 A2
ϵi = 0 ϵi = 0 ϵi > 0 ϵi > 0

Option X available Yes No Yes No

Choice (pooled across displays)
A 0.300 0.712 0.755 0.901 0.812 0.780 0.597 0.504
B 0.687 0.275 0.233 0.085 0.175 0.220 0.396 0.496
C 0.013 0.013 0.012 0.014 - - - -
X - - - - 0.013 - 0.007 -

Choice (display 1)
A 0.440 0.644 0.842 0.874 0.842 0.879 0.729 0.687
B 0.547 0.335 0.142 0.114 0.139 0.121 0.266 0.313
C 0.012 0.021 0.016 0.012 - - - -
X - - - - 0.018 - 0.005 -

Choice (display 2)
A 0.293 0.673 0.750 0.910 0.855 0.795 0.565 0.458
B 0.698 0.317 0.242 0.082 0.135 0.205 0.425 0.542
C 0.008 0.010 0.008 0.008 - - - -
X - - - - 0.010 - 0.010 -

Choice (display 3)
A 0.170 0.818 0.675 0.919 0.740 0.668 0.500 0.374
B 0.813 0.174 0.313 0.060 0.250 0.332 0.495 0.626
C 0.017 0.009 0.012 0.021 - - - -
X - - - - 0.010 - 0.005 -

C.2 Supplementary results

In this section, we provide more detailed statistical analysis of the resulting choices. In particular,

we provide separate results for each display format, and we perform robustness checks for treatments

involving profiles A1 and A2.

Table C.1 shows the choice distributions for each payoff profile category, both pooled across display

formats and separately for each display format. Table C.2 performs statistical tests of treatment ef-

fects. The first column pools across display formats and includes display format fixed effects. Columns

2, 3, and 4 then show results separately for each display format. We cluster all standard errors at the

subject level.

Panel A of Table C.2 compares the choice frequency of option A for the case in which ϵi = 0 for all

i across profiles S1 and S1′. While both baseline choice probability and effect size vary substantially

across display formats, we observe large treatment effects for each of them. Panel B considers the

parallel comparison for the case in which ϵi > 0 for some i. Recall that for display format 1, we set

ϵi > 0 for all i, whereas for display formats 2 and 3 we set ϵ3 > 0 but keep ϵ1 = ϵ2 = 0. While we find
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strong positive effects for display formats 2 and 3, we find a substantially smaller effect for display

format 1. Possibly because we conferred a stronger cardinal advantage upon option A in that display

format, the baseline probability of selecting option A is higher than for the other display formats.

Panel C shows the effect of increasing ϵi separately for each display format with profile S1. Panel D

shows the corresponding regressions for profile S1′. We see strong and highly statistically significant

treatment effects for each display format and each of the two profiles.

Panels A and B of Table C.3, respectively, show the effects of removing alternative X from profiles

A1 and A2. For profile A1, we see strong and significant effects with display formats 2 and 3. For

display format 1, we observe a statistically insignificant effect with the opposite sign. Columns 5

to 8 repeat columns 1 to 4, but only include observations for which option X was not chosen. The

results are largely similar. For profile A2, we observe statistically significant effects (at the 5% level)

separately for each display format. Again, these results remain largely unchanged when we exclude

observations for which the subjects selected X.
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Table C.2: Statistical tests

A. S1 vs. S1′ when ϵi = 0 for all i

(1) (2) (3) (4)
VARIABLES Option A chosen

Display format All 1 2 3

Profile S1’ 0.412 0.204 0.380 0.648
(0.022) (0.035) (0.039) (0.031)

Constant 0.336 0.440 0.293 0.170
(0.017) (0.023) (0.023) (0.018)

Display format FE Yes
Observations 3,504 1,140 1,200 1,164
Subjects 584 190 200 194

B. S1 vs. S1′ when ϵi > 0 for some i

(1) (2) (3) (4)
VARIABLES Option A chosen

Display format All 1 2 3

Profile S1’ 0.146 0.032 0.160 0.244
(0.015) (0.022) (0.025) (0.026)

Constant 0.785 0.842 0.750 0.675
(0.017) (0.020) (0.026) (0.027)

Display format FE Yes
Observations 3,504 1,140 1,200 1,164
Subjects 584 190 200 194

C. Effect of increasing ϵi in profile S1

(1) (2) (3) (4)
VARIABLES Option A chosen

Display format All 1 2 3

Increased epsilon 0.455 0.402 0.457 0.505
(0.017) (0.027) (0.030) (0.029)

Constant 0.414 0.440 0.293 0.170
(0.019) (0.023) (0.023) (0.018)

Display format FE Yes
Observations 3,504 1,140 1,200 1,164
Subjects 584 190 200 194

D. Effect of increasing ϵi in profile S1′

(1) (2) (3) (4)
VARIABLES Option A chosen

Display format All 1 2 3

Increased epsilon 0.189 0.230 0.237 0.101
(0.013) (0.023) (0.025) (0.020)

Constant 0.664 0.644 0.673 0.818
(0.017) (0.020) (0.023) (0.020)

Display format FE Yes
Observations 3,504 1,140 1,200 1,164
Subjects 584 190 200 194
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Table C.3: Statistical tests

A. A1 by availability of option X

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES Option A chosen

Display format All 1 2 3 All 1 2 3

Option X unavailable -0.033 0.037 -0.060 -0.072 -0.043 0.021 -0.069 -0.080
(0.014) (0.024) (0.021) (0.028) (0.014) (0.023) (0.022) (0.027)

Constant 0.877 0.842 0.855 0.740 0.890 0.858 0.864 0.747
(0.019) (0.022) (0.021) (0.025) (0.018) (0.021) (0.020) (0.025)

Display format FE Yes Yes
Observations 2,336 760 800 776 2,321 753 796 772
Subjects 584 190 200 194 584 190 200 194

B. A2 by availability of option X

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES Option A chosen

Display format All 1 2 3 All 1 2 3

Option X unavailable -0.092 -0.042 -0.108 -0.126 -0.097 -0.046 -0.113 -0.129
(0.015) (0.021) (0.025) (0.029) (0.015) (0.021) (0.025) (0.028)

Constant 0.754 0.729 0.565 0.500 0.758 0.733 0.571 0.503
(0.029) (0.030) (0.032) (0.032) (0.029) (0.029) (0.032) (0.032)

Display format FE Yes Yes
Observations 2,336 760 800 776 2,328 758 796 774
Subjects 584 190 200 194 584 190 200 194
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D General population experiment

D.1 Design details and summary statistics

Instructions are abridged versions from the laboratory experiment, but include the detailed presen-

tation of the preference display. We only use versions 1 and 2 of presenting preference profiles (see

Figures 2 and A.4, respectively), since version 3 is often perceived as less intuitive.

A native speaker of Swedish at a commercial translation agency translated the survey into Swedish.

We aimed for 1000 respondents in each country. We began sampling with Dynata until no further

subjects could be recruited. We then continued sampling the same survey with Lucid until no fur-

ther subjects could be recruited (potential repeat participants were automatically filtered out by the

Qualtrics survey). We retain subjects who participated through Dynata if they correctly answered the

comprehension check about the preference display. For subjects recruited through Lucid we added a

filter such that subjects could complete the survey only if they correctly answered these comprehen-

sion check questions. Because of these requirements, which are more stringent than typical for the

subject population, we managed to obtain 711 subjects in Sweden and a comparable 805 subjects in

the US. We recruited all Stakeholders with pollfish.

We exclude subjects who failed the comprehension check. Those recruited with Lucid were ter-

minated upon failing the check. Those recruited with Dynata who failed the check could nonetheless

finish the study, but we do not include them in our analysis.

Table D.1 presents the distribution of the demographic characteristics of the general population

samples.

D.2 Corroboration based on four-option profiles

The general population experiment also includes the two four-option profiles of Table B.2 that separate

between the class of proper scoring rules and the class of Condorcet extensions.

We find that only 8.0% of U.S. subjects and 5.8% of Swedish subjects consistently choose the

Condorcet winner for both Condorcet-separating profiles (unweighted estimates). Moreover, 23.4%

(U.S.) and 14.6% (Sweden) of those subjects express indifference between options for at least one

of these profiles, which suggests that they follow plurality rule. That leaves roughly 5% to 6% of

subjects in the Condorcet category. Likewise, small minorities (3.1% of U.S. subjects and 1.7% of

Swedish subjects) choose the plurality runoff winner in both runoff-separating profiles. All of these

results closely parallel our findings for the student sample.

D.3 Robustness to survey weights

Figure D.1 replicates Figure 7 without using survey weights. Classification frequencies remain very

similar across the general population samples.
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Table D.1: Demographic characteristics of the general population samples

Variable USA Sweden

Gender
Male 0.509 0.560
Female 0.489 0.433
Non-binary 0.001 0.007
Age
18-25 0.098 0.184
26-35 0.088 0.188
36-45 0.062 0.141
46-55 0.155 0.179
56-65 0.160 0.191
66-75 0.200 0.100
76-85 0.214 0.015
>85 0.022 0.001
Race
White (non-hispanic) 0.625
Black 0.057
White (hispanic) 0.255
Other 0.063
Native Swedish 0.778
Other European background 0.124
Other 0.098
Political party preference
Republican or other right-learning party 0.477
Democrat or other left-learning party 0.523
Left Party 0.149
Social Democratic Party 0.249
Green Party 0.065
Centre Party 0.089
Moderate Party 0.239
Sweden Democrats 0.210
Education
Primary school 0.000 0.052
Some high school 0.005 0.058
High school or GED 0.145 0.266
Some college 0.194 0.159
Associate’s or Bachelor’s degree 0.419 0.412
Master’s degree 0.189 0.030
Doctoral degree 0.048 0.024
Income bracket
< USD 50k, < SEK 500k 0.420 0.779
between USD 50k and 100k or SEK 500k and 1,000k 0.349 0.208
> USD 100k, > SEK 1,000k 0.231 0.013
Marital status
Married 0.511 0.370
Widowed 0.097 0.038
Divorced 0.142 0.090
Separated 0.010 0.032
Never married 0.241 0.470

N 805.000 711.000
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Figure D.1: Classification of general population samples to pre-specified rules
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Notes: Bayes classifications based on consequential choices for the seven three-option preferences profiles indicated
with stars in Table 1. Whiskers denote 95% confidence intervals.

We also explore how the frequencies change when we weigh observations to make the U.S. sample

more representative with respect to race. (We leave the weights for the Swedish sample unchanged

since Statistics Sweden (2018) does not provide suitable data on race categories.) Using the 2018

General Social Survey (Smith et al., 2019) we generate weights for 16 population categories, defined by

(i) gender, (ii) political party preference, and (iii) race (white, hispanic, black, other). The differences

between the U.S. and Swedish samples remain small and retain their direction, though the difference

in the fraction of subjects assigned to strictly concave scoring rules now also becomes statistically

significant. This result might be fragile, as it is driven by disproportionately large weights assigned

to black participants, who represent only 5.7% of the sample.

D.4 Relation to attitudes about political representation

Here, we detail the relation between subjects’ self-reported attitudes about political representation and

our behavioral measure of aggregation preference. Next to rating, for each hypothetical political leader

described in Section VI., the extent to which that person represents the will of the citizens, subjects

also indicate their level of agreement or disagreement with each of the following two statements: “The

political system should strive for compromise solutions that everyone can live with even if the result is

nobody’s absolute favorite,” and “What the majority wants is right for a country, even if that makes

some citizens suffer.”

Table D.2 shows the relation between these attitudes and our behavioral measure. For columns 1

and 2, the dependent variable is a binary indicator of preference for the compromise candidate. For

columns 3 and 4, it is an index of preference for compromise policies constructed as follows: we assign
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Table D.2: Relation between behavioral measures of aggregation preference and attitudes about
political representation

(1) (2) (3) (4)
VARIABLES Prefers compromise Prefers compromise

candidate solutions

Mean of the dep. var. 0.801 0.687

Scoring parameter 0.085 0.081 0.096 0.078
(0.042) (0.042) (0.056) (0.056)

Demographic controls ✓ ✓
N 1411 1411 1411 1411

Notes: OLS regressions. All regressions control for sample provider and display fixed effects. Demographic controls
include nationality, gender, age, marital status, percentile rank of respondents’ education within the sample in their
respective country, indicators for being unemployed and for being part-time employed, as well as the percentile rank of
income within the sample for the respondents’ country.

values 0, 1
3 ,

2
3 , and 1 to the responses ‘strongly disagree’, ‘disagree’, ‘agree’, and ‘strongly agree’ for

the first of the two statement above, invert the scores for the second, and average responses across

them. Each column reports an OLS regression pooling over U.S. and Swedish subjects. The main

independent variable is the subject’s scoring parameter, which we compute by restricting the Bayes

classification to scoring rules and assigning interval midpoints. In all cases, we control for sample

provider and display fixed effects. While the results are not strong, they are nevertheless suggestive.

As expected, those who deploy more concave scoring rules tend to prefer greater compromise in

political processes. The relationship is statistically significant at the 5% level in column 1, at the 10%

level in columns 2 and 3, and statistically insignificant but directionally consistent in column 4.
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E Experiment instructions

E.1 Main experiment
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Subjects see each of the following statements, and complete the re-

quested action before the next statement is shown.

(i) You can drag and drop each worker to a different position. Please

give this a try by dragging a worker to a different location.

(ii) Underneath each stick figure representing the worker, you will

see a button labeled ”Hide”. If you click it, that worker’s prefer-

ences will be hidden. If you click it a second time, that worker’s

preferences will be displayed again. Please hide, then show, one

of the workers.

(iii) At the bottom of the figure, you see two rows of buttons. Buttons

in the first row allow you to highlight an assignment. If you click

the button a second time, the highlighting will be switched off.

Please give this a try.

(iv) Buttons in the second row allow you to hide an assignments. If

you click such a button a second time, the assignment will be

displayed again. Please hide, then show one of the assignments.

(v) Finally, on top of the figure, you see a button labelled “shuffle”.

That button will shuffle the order of the workers. Please click it.

(vi) Great, that’s all the features. Please click “next” to continue.
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The block of text below the button is shown only to subjects who click the button.
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The screenshot on the right displays the text that is shown only if the subject clicks the button.

23



24



Subjects proceed through an example of each of the five tasks again.
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On the same page, the subject also answers the following two questions:

• How much is this citizen willing to pay to trigger or prevent a donation of Fr. 30 to

the party she ranks in the middle (neither most nor least preferred), out of the three?

• How much is this citizen willing to pay to trigger or prevent a donation of Fr. 30 to

the party she ranks on the bottom (least preferred), out of the three?

The subject answers the same three questions for another (real) four Swiss citizens, all with

common Swiss first names. A random half of subjects see the above three questions in reverse

order, i.e. starting with the citizen’s bottom preference.
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On the same page, the subject answers the same question for each of the remaining four parties (parties

presented in random order).
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E.2 Cardinal outcomes experiment
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Here, subjects proceed through an interactive instruction that explains each screen el-
ement and asks them to manipulate it. Display version 1 proceeds through the following
steps:

• You can drag and drop each participant to a different position. Please give this a
try by dragging a participant to a different location.

• Underneath each stick figure representing the participant, you will see a button
labeled “Hide”. If you click it, that participant’s payouts will be hidden. If you
click it a second time, that participant’s payouts will be displayed again. Please
hide, then show, one of the participants

• At the top of the figure, you see two rows of buttons. Buttons in the first row
allow you to highlight a distribution. If you click the button a second time, the
highlighting will be switched off. Please give this a try.

• Buttons in the second row allow you to hide a distribution. If you click such a
button a second time, the distribution will be displayed again Please hide, then
show one of the distributions.

• Underneath the symbols representing the distributions you see a button labelled
“shuffle”. That button will shuffle the order of the participants Please click it.

• Once you have decided which distribution you would like to be carried out, select
it at the bottom of the screen. Please click on one of the distributions

• In case you think that multiple distributions are equally good, please let us know.
You do so by clicking the buttons underneath the choice buttons.

• Great, that’s all the features. Please click “next” to continue.
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(next page)

(next page)

(next page)

(The experiment then proceeds through all the rounds, elicits subjects’ risk preferences
and demographic information, and concludes)
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E.3 General population experiment
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Subjects see each of the following statements, and complete the requested action before

the next statement is shown.

(i) You can drag and drop each charity to a different position. Please give this a try

by dragging one charity to a different location.

(ii) On each bar, just above the stick figures representing the citizens, you see a button

labeled ‘hide.’ If you click it, the citizen’s preferences about that charity will be

hidden. If you click it again, they will be shown again. Please hide, then show,

citizen’s preferences about one of the charities.

(iii) If you hide one of the charities, only two charities remain. The picture then places

the citizens into the cells according to which of the two charities they find better.

The picture is still showing the same preference information by the same citizens!

To see this, please again hide, then show, one of the charities.

(iv) At the bottom of the figure, you see two rows of buttons. Buttons in the top row let

you hide and show individual citizens. Please hide, then show, one of the citizens.

(v) At the bottom of the figure, you see two rows of buttons. Buttons in the top row let

you hide and show individual citizens. Please hide, then show, one of the citizens.

(vi) Buttons in the bottom row let you highlight individual citizens. Please highlight,

then un-highlight one of the citizens.

(vii) Finally, at the top of the picture you see a button labeled ‘Shuffle charities.’ That

button will shuffle the order in which the charities are displayed. Please click it.

(viii) Great, that’s all the features. Please click “next” to continue.

6



7



8



9



10



11



E.4 Elicitation of mTurk worker Stakeholder preferences
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E.5 Elicitation of Swiss citizen Stakeholder preferences

 English translation      Original 
 

Q1. Good day! Are you a citizen 
Of Switzerland? [Yes / No] 
 
Q2. What is your general political 
attitude? [Clearly right, moderately 
right, center, moderately left 
clearly left] 
 
Q3. This study is about a donation 
of SFr. 30 to one of the five largest  
Swiss political parties (measured by 
percentage of seats in the National  
Council). Your answer, as well as the  
answer of five other study participants 
will determine which party receives 
the donation. 
 
Q4. With a one in forty chance, your  
answer will completely determine 
which party receives the donation.  
With the remaining probability, your 
answer will partly determine the  
recipient.  
 
Q5. Please indicate which party you 
would like the most to receive the  
donation, and which the least.  
(Choose “1” for “the most” and “2” 
for “the least.”) The order of parties 
below is random. The computer has 
randomly selected two parties. If 
your own answer determines the  
recipient, the party (of the two) that 
you prefer more will receive the  
donation.  

CVP logo 
here

SP logo 
here

SVP logo 
here

GPS logo here

FDP logo here
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