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A Additional design and implementation information

A.1 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.1 shows that these profiles would also provide little or no additional ability to distinguish

between our pre-specified rules.

Table A.1: Excluded three-alternative profiles.

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

A B B B B
B C C C A
C A A A 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.
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Figure A.1: Distance between rules used in the political domain.
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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 23 2 12 22

Scoring, 0 < s < 1
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Scoring, s = 1
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 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 25 0 12 22

Scoring, s = 1
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 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 25 0 12 22

Scoring, s = 3
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 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 25 0 12 22

Scoring, s = 2
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 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 25 0 12 22

Scoring, s = 3
4 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 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 25 0 12 22

Scoring, s = 4
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Scoring, 4
5
< s < 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Scoring, s = 1 11 9 9 9 9 9 9 9 9 9 9 9 9 9 0 9 9 9 16 9 16 21

Runoff, 0 ≤ s ≤ 1
3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Runoff, 1
3
< s < 1

2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Runoff, 1
2
< s < 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Runoff, s = 1 23 25 25 25 25 25 25 25 25 25 25 25 25 25 16 25 25 25 0 25 25 19

Condorcet 2 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 0 25 0 12 22

Supermajority 12 12 12 12 12 12 12 12 12 12 12 12 12 12 16 12 12 12 25 12 0 14

Unanimity 22 22 22 22 22 22 22 22 22 22 22 22 22 22 21 22 22 22 19 22 14 0

Notes: This graph plots the set of 22 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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A.2 Distance between rules on profiles used the in political domain

Figure A.2 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 pair of rules that differ from each other on only a single

profile if the set of options chosen by one rule on that profile is a subset of those chosen by the other

rule.

Figure A.2: Distance between rules 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 7 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 7 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 6 1 6 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 7 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 5 3 6 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 7 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 6 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 7 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 6 5 6 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 7 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 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 7 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 6 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 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 7 7 7

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

Runoff, 1
3
< s < 1

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

Runoff, s = 1 7 7 6 7 5 7 6 7 6 7 6 7 6 7 7 7 7 7 0 7 7 5

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

Supermajority 6 6 6 6 6 6 6 6 6 6 6 6 7 7 7 6 6 6 7 6 0 3

Unanimity 7 7 6 7 6 7 7 7 7 7 7 7 7 7 7 7 7 7 5 7 3 0

Notes: This graph plots the set of 22 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.3 Implementation details

Table A.2 shows session details. The same three research personnel led each session, checked student

IDs and citizenship, and were available for questions over zoom during the entire session.

Table A.2: Session times and participation

Date Time Number of participants
01/18/2021 13:30-15:00 17
01/19/2021 13:30-15:00 43
01/19/2021 15:30-17:00 41
01/20/2021 13:30-15:00 45
01/20/2021 15:30-17:00 31
01/21/2021 13:30-15:00 45
01/21/2021 15:30-17:00 40
01/25/2021 13:30-15:00 46
01/25/2021 15:30-17:00 44
01/26/2021 13:30-15:00 20
01/26/2021 15:30-17:00 33

4



B Bayesian Classifier

B.1 Derivation of the Bayesian posterior

Here, we derive the explicit expression for the Bayesian posteriors, P (R, ε|c), that our Bayesian classi-

fier maximizes. For each preference profile t, a social choice rule R prescribes a subset StR ⊆ {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 4.2, 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|StR = {X}; ε

)
= 1− 2

3
ε

P
(
ct = Y |StR = {X}; ε

)
=

1

3
ε

P
(
ct = X|StR = {X,Y }; ε

)
=

1

2
− 1

6
ε

P
(
ct = Z|StR = {X,Y }; ε

)
=

1

3
ε

P
(
ct = X|StR = {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|StR

)
.

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)

5



B.2 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 B.3 shows the results. Using 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

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, with the exception that the (rather irresolute) antiplurality-runoff rule is sometimes

confused with other rules.

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 B.4 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.75 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 roughly five percent.

75Because our selection of profiles is not random, deviations from 50% are expected.
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Figure B.3: Bayesian classifier if rules are followed exactly

A. Work domain
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B. Political domain
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 Borda: s = 1/2
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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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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 40.8% of simulated

subjects are classified as malevolent. Among the remainder, we observe the same tendency as in the

work domain to assign randomly generated subjects to the least resolute rules, and no tendency to

disproportionately assign subjects to Borda or near-antiplurality.

Overall, we conclude that our classification results in Section 4.2.2 are not an artifact of classifying

noisy data.
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Figure B.4: Bayesian classifier on uniformly random noise

A. Work domain
(50.4% classified as malevolent)
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B. Political domain
(40.8% classified as malevolent)
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a) The category “Consistent with 0 ≤ s < 33” includes scoring rules with 0 ≤ s < 1
3

, any Condorcet extension, and any
scoring runoff rule with s < 1.”

Notes: Each of 4,000 simulated subjects makes uniformly random choices from all three options. We run the Bayesian
classifier on the simulated data. Graphs display the distribution over benevolent rules only.
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C Supplementary results

C.1 Effects of preference displays

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

results. Figure C.5 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 C.5: Best fitting pre-specified rules, work domain, by display
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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 3, 4, and 5, respectively.
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C.2 Classifications by fit

Panel A of Figure C.6 displays the results of our classification based on incentivized choice separately

for subjects whose choices are perfectly consistent with their best-fitting rule and those whose choices

deviate on at least one preference profile from their best-fitting rule.

Figure C.6: Best fitting pre-specified rules, by perfect fit

A. Subjects with perfect fit to the assigned rule
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B. Subjects with imperfect fit to the assigned rule
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Notes: Results of the classification based on incentivized data alone. Panel A shows the subset of subjects whose choices
are a perfect fit to the best-fitting rule. Panel B shows the subset of subjects who fit the best-fitting rule imperfectly.
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C.3 Last-place aversion

Does the the concave aggregation we document in section 4.2 simply represent linear aggregation

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

scoring 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 3 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 = ( 1
2 )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.
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D General population samples: Supplementary information

D.1 Implementation details

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 3 and 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 712 subjects in Sweden and a comparable 805 subjects in

the US. We recruited all Stakeholders with pollfish.

D.2 Respondent summary statistics

Table D.3 presents the distribution of the demographic characteristics of the general population sam-

ples.
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Table D.3: 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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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 di↵erent position. Please

give this a try by dragging a worker to a di↵erent 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 o↵.

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 “shu✏e”.

That button will shu✏e 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.
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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 General population experiment

53
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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 di↵erent position. Please give this a try

by dragging one charity to a di↵erent 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 ‘Shu✏e charities.’ That

button will shu✏e the order in which the charities are displayed. Please click it.

(viii) Great, that’s all the features. Please click “next” to continue.
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E.3 Elicitation of mTurk worker Stakeholder preferences
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E.4 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.  
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